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Abstract— The development of automated individualized drug
dosage regimens, namely in general anaesthesia environment,
has been a subject of interest in the last decades. The use of
continuous intravenous drug administration aims at, accurately,
maintaining the system at a desired target effect concentration
level. Different methods have been proposed for the design of
individualized dosage regimens. In this study individual drug
dose design is achieved through the characterization of transient
initial response induced by a bolus administration of drug.
This approach is based on the statistical analysis of the data
using Walsh-Fourier spectral analysis which provides information
about patient dynamics, allowing the on-line drug dose design
using multiple linear least squares and quantile regression
technics. The proposed methodology is illustrated in the case
where the effect measured on the patient corresponds to the
neuromuscular blockade (NMB) level and the drug to the muscle
relaxant atracurium.

I. INTRODUCTION

The spread of automated technologies in clinical practice in
almost every biomedical eld leads to the search of robust and
reliable automation methods. In particular, the development
of automated individualized drug dosage regimens, namely in
general anaesthesia environment, has been a subject of interest
in the last decades.

The use of continuous intravenous drug administration aims
at, accurately, maintaining the system at a desired target effect
concentration level. Different methods have been proposed
for the design of individualized dosage regimens depending
on the characteristics of the clinical problem to be solved
[Lago(1992)], [Bayard et al.(1994)].

Target Controlled Infusion (TCI) strategies,
[Schraag(2001)], have been proposed to provide improved
convenience and control during intravenous anaesthesia and
are nowadays widely accepted. TCI is a feedforward control
strategy that relies on the application of PK/PD population
models to design the dose pro le. Under the assumption that
a reliable PK/PD population model is available to describe
the patient characteristics, TCI devices calculate the drug
dose to be administered such that a target level on the PD
effect concentration will be reached.

Furthermore, these open-loop control devices do not com-
pensate for mismatch between model and the patient dynamics,
since they rely on a mean model approach for de ning the

individual dose regimen. Therefore, they are not completely
adequate for drug administration, [Ting et al.(2004)].

A drug dosage regimen usually comprises a transient and
a steady state phase. The transient phase corresponds to the
induction of the desired effect usually by the administration
of a initial bolus dose. It is reasonable to assume that the
response of the patient to the bolus carries valuable infor-
mation ([Silva et al(2002)]; [Silva et al(2005)]) that should
be accounted both for the characterization of the individual
behavior and for the design of so-called maintenance dose
pro le.

The major contribution of this study consists on the individ-
ual drug dose design through the characterization of transient
initial response induced by a bolus administration of drug.
This approach is based on the statistical analysis of the data
using Walsh-Fourier spectral analysis. This method provides
information about patient dynamics allowing the on-line drug
dose design using multiple linear least squares and quantile
regression technics.

The proposed methodology is illustrated in the case where
the effect measured on the patient corresponds to the neuro-
muscular blockade (NMB) level and the drug to the muscle
relaxant atracurium.

This paper is organized as follows: Section II presents a
brief review in general TCI strategy; a description of the
NMB model; an introduction to the the statistical methods
and a description of the proposed methodology. Section III
the results obtained by the application of the methodology to
the NMB case study. Some comments and future work are
presented in Section IV.

II. INDIVIDUALIZED TCI STRATEGY

The goal of the proposed methodology is to improve the
commonly accepted TCI strategy. To that end, a statistical
analysis of the patients response to the initial bolus response
is carried out by Walsh-Fourier analysis, identifying average
periods. Then, the neuro-muscular blockade level at those
periods are used as predictor variables for the individual
drug dose, uss, in multiple linear least squares and quantile
regression models.
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Fig. 1. Block diagram for neuromuscular blockade model using atracurium.

A. Target Controlled Infusion

TCI allows for a controlled infusion in such a manner as to
attempt to achieve a user-de ned drug concentration in a body
compartment or tissue of interes,t [Absalom et al(2007)]. To
accomplish that, the time course of infusion rates are predicted
by validated PK population models. The PD behaviour of the
drug in each patient is assessed by the anaesthetist from the
patient’s overall external physiological state and is then used
to set the desired target concentration. Throughout the surgery,
using a TCI system, the anaesthetist re-adjusts the target
concentration as required on clinical grounds and based on his
clinical experience and individual requirements of the patient.
Hence, the feedforward TCI open-loop system is closed by the
clinician.

B. NeuroMuscular Blockade

The dynamic response of NMB for several muscle relaxants
may be modelled by a Wiener structure: a linear part followed
by a non-linear static dynamic one. For atracurium the result-
ing block diagram [Weatherley et al(1983)] is shown in Fig.
1.

The linear PK part (Block 1 in Fig. 1) relates the drug infu-
sion rate u(t) [μg kg−1 min−1] with the plasma concentration
Cp(t) [μg ml−1], where
Θ̂PK={ai [kg ml−1], λi [min−1]}i=1,2 are patient dependent
parameters.

The PD part has two linear blocks (Block 2 in Fig. 1)
relating Cp(t) and the effect concentration Ce(t)[μg ml−1],
and a non-linear static Hill relationship (Block 3 in Fig. 1)
between Ce(t) and the blockade level r(t) [%],

r(t) = fNL(Θ̂PD, Ce(t)) =
100Cγ

50

Cγ
50 + Cγ

e (t)
(1)

where Θ̂PD = {λ [min−1], C50 [μg ml−1], γ (dimensionless),
τ [min−1]} are also patient-dependent.

At the beginning of a surgery, in the induction phase,
it is usual to administrate a bolus of atracurium (typ-
ically 500μg kg−1), that may be described by uδ =
500δ(t)μg kg−1(where δ is the continuous time Dirac delta
function).

Taking into account this parameterization and in order to
cover a wide range of behaviours, a bank of nonlinear dy-
namic models M={Mi(Θi

PK , Θi
PD)i=1,...,500} was generated

using the probabilistic model discussed in [Lago et al(1998)]
assuming a multidimensional log-normal distribution for the
eight PK/PD parameters and used throughout this study. Fig.
2 shows the NMB response and for each model in M subject
to the initial Bolus.
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Fig. 2. Impulse response to bolus administration: neuromuscular blockade
level for each of the 500 models in M.

For each of these patient models, the constant infusion dose
uss that should be given in order to drive the limiting value
of NMB level to a pre xed reference (r∗), is obtained from
the corresponding parameterization {ΘPK , ΘPD} :

limt→∞r(t) = r∗ ⇒ u(t) = ussH(t − t0)
uss = fNL(Θ̂PD, Θ̂PK , r∗) = C50

((100/r∗)−1)1/γ

(a1/λ1)+(a2/λ2)

(2)

where H is the Heaviside step function.
The reference level considered in this study id r∗ = 10%.

However, for 24 models in bank M, a valued of uss smaller
than 4 was obtained form (2). Since these small values are
not realistic from a clinical point of view, the 24 models are
discarded. Thus, a bank of 476 models is used in this study.

C. Bolus response Walsh-Fourier spectral analysis

Walsh-Fourier spectral analysis is a procedure used to
analyse and characterize time series, especially when sharp
discontinuities and changes of level occur in the data. The
procedure is similar to the well known Fourier analysis, used
to characterize periodic variation in a continuous signal.

The Walsh-Fourier analysis is based on the Walsh
functions[Beauchamp(1975)], [Harmuth(1977)], [Kohn(1980)]
which form a complete, ordered and orthonormed set of
rectangular waves taking the values -1 and 1.

In general, one uses the Walsh or sequency order, which is
comparable to the frequency order of the trigonometric func-
tions. The sequency-ordered Walsh functions are denoted by
W (n, t), with t ∈ [0, 1[ and n = 1, 2, . . . . The n argument is
designeted by sequency and represents the number of switches
signs (zero-crossings) in the unit interval. [Harmuth(1977)]
de nes the term sequency (hereinafter represented by H-
sequency) as one half the average number of zero crossings or
sign changes that a function makes per unit time and de nes
the average period of oscillation (multiplicative inverse of H-
sequency) as twice average separation, in time, between sign
switches.

Let x(0), . . . , x(N − 1) be N observations of a stochastic
process {X(n)}. An estimator of the spectral density function
(spectrum) of Walsh-Fourier is the Walsh periodogram of the
data (which is the square of the Walsh-Fourier transform of
the data) [Morettin(1981)], [Robinson(1972)], [Stoffer(1987)],
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Fig. 3. Walsh periogram of neuro-muscular blockade.

[Stoffer(1991)]

IW (λj) =

[
1√
N

N−1∑
n=0

x(n)W (n, λj)

]2

, (3)

where λj is a sequency of the form λj = j/N, 1 ≤ j ≤ N−1.
One can plot IW (λj) versus λj to inspect for peaks. In the
sequency domain, a peak indicates ”a switch each λj time
points”. The Walsh periodogram given in 3 is modi ed to
obtain the Walsh-Harmuth periodogram, by setting

IH(λj) = IW ((2j − 1)/N) + IW (2j/N), (4)

with j = 1, 2, . . . , (N − 2)/2, where λj is the H-sequency.
Considering that during surgical intervention a

patient attains different levels of neuro-muscular
blockade,[Silva et al(2002)], [Silva et al(2005)], performed
WFA in both simulated and clinical neuro muscular blockade
data. Those authors found that the periodograms of the
data present peaks corresponding to average periods of 2.7,
7.7, 10.7 and 14.3 minutes (aproximately) which provide
individualized information on the patient’s responses to the
administration of a bolus of atracurium.

Here we investigate the relationship between the relaxation
level at the average periods given by the WFA and the steady-
state infusion level uss.

D. Quantile Regression

Quantile regression, [Koenker et al(1978)], was developed
as an extension to the linear model for estimating rates of
change not only in the conditional mean but also in all parts
of the distribution of the response variable. Given a linear
model relating a response variable Y to a predictor variable
X , Y = f(X, β) = βX the ordinary least squares (OLS)
estimation of the conditional mean of the response variable Y
conditional on X , E(Y |X), is obtained by minimizing the a
sum of squared residuals,∑

i

(yi − f(X, β))2.

Similarly, the quantile of the response Y conditional on X can
be obtained by minimizing a sum of asymmetrically weighted
residuals, ∑

i

ρτ (yi − f(X, β)),

Quantile 0.25
%error

M Predictors Mean Min Max
1 v1 v2 v7 v8 7 0 27
5 v5 v6 v7 v8 7 0 27
9 v1 v6 v7 v8 7 0 27
13 v1 v2 v8 8 0 29
17 v2 v5 v8 8 0 29
21 v3 v5 v6 v7 v8 7 0 26
25 v5 v8 8 0 43
28 v1 v5 13.5 0 48

TABLE I

PREDICTORS AND CORRESPONDING MAPE FOR THE QUANTILE 0.25

REGRESSIONS. M DESIGNATES THE MODEL NUMBER.

where ρτ is the tilted absolute value function for quantile τ,
[Koenker et al(2001)]. Thus, to estimate the conditional me-
dian set τ = 1/2 and then ρ1/2 is the absolute value function.
The minimization problem can be solved very ef ciently by
linear programming methods.

Quantile regression provides a more complete picture of
the data than a single mean regression and can be particularly
informative concerning the behaviour of the tail of the data
distribution. Furthermore, quantile regression overcomes OLS
axiom of homoscedasticity and is more robust to outliers
which can distort OLS results signi cantly.

III. RESULTS

A. Regression models for the dose

In this section, the values of the bolus response at the Walsh-
Fourier periods (WFA) are used as predictor variables for the
dose uss. Quantile regression models, 0.25, 0.50 and 0.75
quantiles, are constructed. For comparison purposes linear re-
gression models estimated by generalized least squares (GLS)
method are also obtained. The predictor variables considered
are:

v1 v2 v3 v4
r(2.7) r(7.7) r(10.7) r(14.3)

v5 v6 v7 v8√
r(2.7)

√
r(7.7)

√
r(10.7)

√
r(14.3)

where r(t) represents the level of neuro-muscular blockade
observed at time t. The regression models obtained, after
performing the usual diagnostic and residual checks, are sum-
marized in tables I to IV. Boxplots for the erros for the quantile
0.25 regression is represented in Fig. 4 as an illutration. Note
that, apart from model 28, all the regression models contain√

r(14.3) as a predictor variable. The comparison between
the several regression models is based on the mean absolute
percentual error, |ûss − uss|/uss (MAPE), which varies from
5.6% to 9.3%. Moreover, considering that during surgery a
variation of the NMB level between 5% and 15% is clinically
admissible, the number of predicted doses ûss outside this
interval is computed para each regression model. Quantile
0.25 regression models present the highest rate (12%) of
predicted values outside the [5%, 15%] range while quantile
0.75 regression model presents the lowest rate (5%).
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Quantile 0.50
% error

M Predictors Mean Min Max
2 v1 v2 v7 v8 6 0 23
6 v5 v6 v7 v8 6 0 31
10 v1 v6 v7 v8 6 0 36
14 v1 v2 v8 7 0 24
18 v2 v5 v8 7 0 25
22 v3 v5 v6 v7 v8 6 0 24
26 v5 v8 7 0 57

TABLE II

PREDICTORS AND CORRESPONDING MAPE FOR THE QUANTILE 0.50

REGRESSIONS. M DESIGNATES THE MODEL NUMBER.

Quantile 0.75
% error

M Predictors Mean Min Max
3 v1 v2 v7 v8 8 0 29
7 v5 v6 v7 v8 7 0 37
11 v1 v6 v7 v8 7 0 35
15 v8 9 0 30
19 v5 v8 9 0 64
23 v1 v2 v3 v4 v5 v6 v7 v8 7 0 28

TABLE III

PREDICTORS AND CORRESPONDING MAPE FOR THE QUANTILE 0.75

REGRESSIONS. M DESIGNATES THE MODEL NUMBER.

GLS
% error

M Predictors Mean Min Max
4 v1 v2 v7 v8 6 0 23
8 v5 v6 v7 v8 6 0 23
12 v1 v6 v7 v8 6 0 23
16 v1 v2 v8 9 0 62
20 v2 v5 v8 7 0 24
24 v1 v2 v3 v4 v5 v6 v7 v8 6 0 23
27 v5 v8 7 0 55

TABLE IV

PREDICTORS AND CORRESPONDING MAPE FOR THE GLS REGRESSIONS.

M DESIGNATES THE MODEL NUMBER.
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Fig. 4. Boxplots of |ûss−uss|/uss for the quantile 0.25 regression models.
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Fig. 5. Boxplots of |ûss−uss|/uss for the quantile 0.50 regression models.
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Fig. 6. Boxplots of |ûss−uss|/uss for the quantile 0.75 regression models.

This results indicate that the regression models may be used
to predict online the dose uss.

B. Aplication to clinical data

In this section, the analysis proposed above is applied to data
collected during 17 cirurgical interventions. The data consists
of the mean infusion dose given to each patient during the
surgery, the starting time of infusion and the NMB observed
in 20s intervals. For each patient, the WFA was performed
and regression models estimated. The results obtained with the
best regression model are presented in table V and the errors
uss − ûss are sumarized in Fig. 8. The NMB of pacients 12
to 17 present null values at times 7.7, 10.7 and 14.3, leading
to an increase in the error.

The dose usually administered is the mean dose obtained
from a population which is 5.78 μg/kg/min if we consider
the bank of models M as the population. Figure 8 represents
boxplots of the errors commited using that mean dosage
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Fig. 7. Boxplots of |ûss − uss|/uss for the GLS regression models.
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Infusion
Pacient time uss ûss error % Model

1 123 9.3 9.80 5% 24 (GLS)
2 110 6.2 6.22 0% 13 (q(0.25))
3 128 4.8 4.91 2% 4 (GLS)
4 118 9.4 10.32 10% 1 (q(0.25))
5 173 5.2 5.03 4% 3 (q(0.75))
6 340 7.5 6.90 8% 7 (q(0.75))
7 114 4.5 4.52 1% 3 (q(0.75))
8 86 6.9 6.82 1% 15 (q(0.75))
9 344 4.2 4.00 4% 4 (GLS)
10 295 4.0 3.98 0% 25 (q(0.25))
11 356 5.8 5.78 0% 4 (GLS)
12 192 5.1 5.29 4% 28 (q(0.25))
13 201 5.4 5.34 1% 28 (q(0.25))
14 233 5.0 5.26 5% 28 (q(0.25))
15 222 6.3 5.42 14% 28 (q(0.25))
16 249 4.7 5.53 18% 28 (q(0.25))
17 224 6.5 5.56 14% 28 (q(0.25))

TABLE V

MEAN uss OBSERVED DURING SURGERY AND uss ESTIMATED BY

REGRESSION MODEL FOR 17 PATIENTS.

Individual dosage Mean dosage
2
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1

2

3

e
rr
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r

Fig. 8. uss − ûss- individual dosage and uss − 5.78 - mean dosage.

uss − 5.78 and the individualized dosage obtained from the
regression models, uss− ûss, where uss is the observed mean
drug dosage for the 17 pacients. Notoriously, the methodology
proposed in this study leads to a more acurate drug dose
regimen and an improved TCI.

IV. FINAL REMARKS

The clinical data used to illustrate the study was not col-
lected to validate the methodology proposed here and therefore
these results are merely preliminar. One question that was
raised in this study and will be addressed in later work,
regards the problem of choosing the best regression model
for predicting the drug dose for a given patient. As far as this
study goes there are several regression models that predict an
individualized drug dose.
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line controller autocalibration based on parameter predictors: a case study.
Advances in Simulation, Systems Theory and Systems Engineering, Editors
Nikos E. Mastorakis, Vitaly V. Kluev, Djuro Koruga, WSEAS Press, pages
261–266, 2002.

[Silva et al(2005)] M.E. Silva, T. Mendonça, I. Silva and H. Magalhães.
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