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Abstract— Intracranial Pressure measurements are of
great importance for the diagnosis, monitoring and
treatment of many vascular brain disturbances. The
standard measurement of Intracranial Pressure is per-
formed invasively by perforation of the cranial scalp in
the presence of a severe injury. Measuring Intracranial
Pressure in a noninvasive way is relevant for a large
number of pathologies where the invasive procedure
represents a high risk. The method proposed in this
study uses the Arterial Blood Pressure and the Cerebral
Blood Flow Velocity —which may be obtained by non-
invasive methods— to continuously estimate Intracranial
Pressure. The results show that it is possible to estimate
Intracranial Pressure using a non-linear Support Vector
Machine with a correlation coefficient of 0.74 and a
maximum deviation below 2 mmHg, which is compara-
ble with (invasive) direct measurement instruments.
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L. INTRODUCTION

Currently the only established method for measuring In-
traCranial Pressure (ICP) is a direct measurement procedure
that gains access to the intracranial space. Although this is
an invasive procedure, it is the established protocol for
managing patients with severe head injury in intensive care
units. The various risks involved in this kind of measure-
ment contrast with the demonstrated benefits that can be
obtained in the handling of patients with brain damage.
Avoiding such a risky measurement would be a great ad-
vance in the treatment of these cases.

Moreover, there is a large variety of other situations in
which a non-invasive measurement or monitoring of the
ICP is very important, such as the management of patients
with coagulopathy, liver failure and liver transplant, as well
as in the treatment in other units that require the manage-
ment of patients with pre-eclampsia, hydrocephalus and
others, who would benefit from a non-invasive measure-
ment.

Several attempts to evaluate ICP non-invasively have
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been examined, and one that has had much attention is the
use of Transcranial Doppler Ultrasound (TCD), which
measures Cerebral Blood Flow Velocity (CBFV).

At present there have been several attempts to evaluate
ICP non-invasively (nICP). The first papers of Aaslied et al.
[1] and the variations of Czosnyka et al. [2] and Belfortet al.
[3] show a simplified method for getting nICP, based on
average values (components of the first harmonic and/or
diastolic values) of Arterial Blood Pressure (ABP) and
CBFV. On the other hand, there are some mathematical
models [4-6] based on electro-mechanical analogies, that
allow examining the relation that exists between ABP,
CBFV and ICP.

The works of Schmidt et al. [7-9] was the first to attempt
a black-box type of model to predict the nICP. They used
linear prediction over time methods to estimate ICP as a
function of ABP and CBFV. These models have shown
good results in different scenarios, both normal and clinical
conditions. The serious drawback that they have is that their
predictions are for a particular patient or subject, so it is not
possible to predict the ICP of a subject who has not under-
gone an invasive procedure in the past.

The work of Hu et al. [10] presents a Data Mining meth-
od that uses a database of patients characterized by different
signals obtained non-invasively, which are represented by
Auto Regressive models with eXogenous inputs (ARX).
These models use linear mapping that allows estimating the
nICP values of unknown patients who are not part of the
original database. The results show that they improve the
results of the conventional indices [1-3].

All the methods described above use linear models to
predict the ICP. The work of Shieh et al. [11] shows a non-
linear approach to the problem and uses Artificial Neural
Networks (ANN) to estimate the nICP. They used a set of
only six patients; three for training and three for evaluating,
using multivariate models to estimate an indication of the
Cerebral Blood Flow using a non-invasive regional oxygen-
ation monitor (rSO,) by means of near infrared spectrosco-
py. The temporal resolution of this device is very reduced
and the system achieves a sampling rate of 0.25 Hz. The
results show that evaluating the worst case exceeds 2.5
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times, which is unacceptable for clinical ICP prediction.

Another non-linear approach is that presented by Xu et al.
[12], which uses Support Vector Machines (SVM) and
Kernel Spectral Regression (KSR). By means of the leave-
one-out strategy and using signals from 23 patients, the
authors got an Absolute Mean Error (AME) of 6 mm Hg in
the prediction of the ICP. Although the results obtained by
means of non-linear approaches are better than those pre-
sented by Schmidt using linear methods, the set of patients
used is different, so the methods are not directly compara-
ble.

Finally, it is of interest to consider the review of invasive
and non-invasive methods presented by Raboel et al. [13].
In relation to non-invasive methods it shows several types
such as the TCD, measurement at the tympanic membrane,
measurement of the diameter of the optic nerve, magnetic
resonance, and tomography. The methods that use TCD
shown there, which are based mainly on the calculation of
the pulsatility index, can achieve deviations of 4.2 mm Hg,
when the ICP is limited to low magnitudes.

We used directly the signals of CBFV (obtained by TCD)
and ABP as inputs of a dynamic model that uses SVMs with
external recurrences (ARX) to estimate the nICP.

1. MATERIALS AND METHODS

A. Subjects and measurements

The CBFV, ABP and ICP signals were obtained from 36
patients who suffered severe head injury, admitted in the
Adult Intensive Care Unit, Queen’s Medical Centre, Not-
tingham, England (work approved by the institution's ethics
committee). Multiple recordings were made of each patient.
Attempts were made to get a continuous recording with an
approximate duration of 10 minutes, during periods of phys-
iological stability. The CBFV signal was measured using a
Scimed Transcranial Doppler with a 2 Mhz ultrasonic
transducer, attached with elastic bands to the head of the
patients and making measurements of the Middle Cerebral
Artery. The ABP was measured with an intravascular cathe-
ter in the Middle Radial Artery (Baxter PX-600F). The ICP
was measured with a subdural transducer (Codman
MicroSensor). To get the maximum signal frequency of the
CBFYV the fast Fourier transform was used, with a temporal
resolution of 5 ms. The ABP and ICP signals were digitized
and sampled at 200 samples per second.

To calculate the mean values of the ABP, the ICP and the
CBFV, each cardiac cycle was identified and the operation
was performed on each one, then applying a third degree
polynomial interpolation to get continuous signals sampled
every 5 Hz. Finally, the signals were re-sampled at 1.67 Hz
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and normalized in amplitude between the values -1 and 1, to
be entered in the models.

B. The Models

The algorithm that is used in this work is the v-SVM,
presented in Scholkopf et al. [14] and created originally by
Valpnik [15].

In the models with SVM the present and past CBFV v(?)
and ABP p(#) samples are used as inputs, as well as the
external feedbacks of the delayed outputs of the ICP i(t).
This is an ARX model, which can have linear (ARX) char-
acteristics for a linear kernel as well as non-linear (NARX)
for an RBF (Radial Basis Function) kernel.

The training of the ARX and NARX models is done es-
timating one-step-ahead (OSA), i.e.:

i(t)=f(i(t=1),..i(t—n )v(t—1),.v(t—n,), o
p(t=1),...p(t=n,))
while the prediction is made based on the estimated values:

i(t)=f(i(t=1),...i(t=n )v(t—1),...v(t—n,), )
p(t=1).p(t=n,)
The linear models wuse the linear kernel

tionK (¥,¥) = X -y, while the non-linear models use the
Gaussian kernel function (RBF)

N wilatll|
k(x,,y;)=exp( 267 )-

C. Application of the models

What is important for an SVM training is the choice of
the parameters. In the case of a non-linear regression the
hyper-parameters to be adjusted are: v, which is the support
vector proportion; C, the degree of adjustment to the train-
ing data; and o; the problem's non-linearity. When external
recurrences are used to estimate the dynamic systems, then
the input delays must also be entered: n,, n,, as well as
those of the output (ARX models) n;, where the latter would
correspond to the model’s order or complexity.

In general, this parameter search is very time demanding
because it has to evaluate all the combinations of these six
parameters. To avoid this great disadvantage of the SVMs,
it is possible to use some heuristic that allows reducing the
computational costs. In this paper use is made of
Vasconcelos' genetic algorithm [16] to limit the range of the
values of the parameters of the SVMs.

Each of the subjects is characterized by 10 min of sig-
nals, of which 2.5 min of 15 subjects (chosen randomly) are
used for training and 7.5 min of the remaining subjects for
evaluating.
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D. Evaluation of the results

The statistical comparison to analyze the performance
among the models is made using the correlation coefficient
() in the model evaluation stage. Furthermore, hypothesis
tests were made, specifically Wilcoxon's contrast for paired
samples, with which the correlations of the models are
compared. A probability p<0.05 is considered to be a sig-
nificant difference between the models.

To get an evaluation in absolute terms of the predicted
variable (using the maximum and minimum values of the
normalization), it is possible to get the value of the models'
predicted ICP in mm Hg, and then perform the difference
and get the Absolute Mean Error, in terms of mm Hg when
comparing with the real signal.

1. RESuLTs

A. Pre-processing

The 36 patients were analyzed to find 10 min of continu-
ous physiological stability, for each of the three signals.
Only 30 patients were selected that fulfilled these condi-
tions.

Good results were obtained in the pre-processing of the
signals. First a median filter is applied, a Butterworth order
8 filter, followed by the detection of every heartbeat to
average the signal. Finally, an interpolation is made to get a
uniform sampling until a sampling interval of 0.6 s is
reached. The three signals for a typical patient are shown in
Figure 1.
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Fig 1: Signals after pre-processing to be entered in the models.
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B. Results of parameter selection

Vasconcelos’ algorithm [16] receives the previous popu-
lation as input, and the result of the evaluation of the fitness
function (mean of the coefficient of correlation) with a
percentage of elitism of 10% and a mutation probability of
0.02. As a stopping criterion, a correlation equal to or better
than 0.75 is required.

The size of the population is 30 subjects (chromosomes)
and 100 populations (iterations) will be generated. These
values were selected due to the time taken to calculate the
fitness function (approximately 2 h), a time that is used
mainly to train the v-SVR models. The parameters obtained
for each model are shown in Tablel.

C. Learning

The data are presented by entering the 2.5 min ABP and
CBFV signals at the input and the presented ICP signal at
the output, for each of the 15 training patients (37.5 min).

The prediction is made by entering only the ABP and
CBFV signals over the7.5 min intervals of each of the other
15 test patients, getting the predicted ICP signal (making a
total prediction of 1 h and 52.5 min).

The average correlations between the predicted signal
and the real test patients are shown in Table 1 for the linear
and non-linear models. It is important to note that in spite of
the small correlation difference between these two models,
those differences are statistically significant.

Tablel. Parameters and correlation in validation set for the linear and
non-linear models.

Model n, n, n C v o Correlation
Linear 3 1 4 32768 0.8 - 0.72 £ 0.18F
Non-linear 9 9 2 32 0.1 16 0.74 £0.187

1 Wilcoxon test for correlation of validation (p=0.022)

Figure 2 shows the prediction of the ICP signal for one of
the patients of the validation set.

1v. CONCLUSIONS

The results show that with correlations of 0.74 it is pos-
sible to predict the nICP and that the non-linear models
represent a significant improvement with respect to the
linear models.
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Fig 2: ICP signals predicted by the non-linear model (dotted line), and
real signal (solid line) for a characteristic subject.

When the Absolute Mean Error is calculated, values of
less than 2 mm Hg are obtained. This shows that it is possi-
ble to use this estimation in clinical applications, because
the error would be comparable to the errors obtained by
means of the currently used invasive measurement instru-
ments [13]. However, it is still necessary to carry out more
experiments to confirm these good clinical results, evaluat-
ing more patients with different degrees of ICP.
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