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Validation of a New Method for Stroke Volume
Variation Assessment: a Comparaison with the

PiCCO Technique
Taous-Meriem Laleg-Kirati, Claire Médigue, Yves Papelier , François Cottin and Andry Van de Louw

Abstract—This paper proposes a novel, simple and minimally
invasive method for stroke volume variation assessment using
arterial blood pressure measurements. The arterial blood pres-
sure signal is reconstructed using a semi-classical signalanalysis
method allowing the computation of a parameter, called the
first systolic invariant INV S1. We show that INV S1 is linearly
related to stroke volume. To validate this approach, a statistical
comparaison betweenINV S1 and stroke volume measured with
the PiCCO technique was performed during a 15-mn recording
in 21 mechanically ventilated patients in intensive care. In 94%
of the whole recordings, a strong correlation was estimated
by cross-correlation analysis (mean coefficient=0.9) and linear
regression (mean coefficient=0.89). Once the linear relation had
been verified, a Bland-Altman test showed the very good agree-
ment between the two approaches and their interchangeability.
For the remaining 6%, INV S1 and the PiCCO stroke volume
were not correlated at all, and this discrepancy, interpreted with
the help of mean pressure, heart rate and peripheral vascular
resistances, was in favor ofINV S1.

Index Terms—Arterial blood pressure, first systolic invariant,
minimally invasive, PiCCO, semi-classical signal analysis, stroke
volume variation.

I. I NTRODUCTION

Hemodynamic monitoring is crucial for critical care patient
management. A recent international consensus conference
recommended against the routine use of static preloaded
measurements alone to predict fluid responsiveness [2], and
dynamic assessment now seems more useful. Several stud-
ies have documented the ability of respiratory stroke vol-
ume variation (SVV ) to predict the fluid responsiveness in
hemodynamically compromised patients [8]-[13]. Measuring
respiratorySVV requires a continuous monitoring of stroke
volume (SV ) which can be obtained using invasive or non-
invasive methods. Current invasive methods used have the
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disadvantage of requiring the insertion of a central venous
catheter and the calibration of the cardiac output measure with
a cold isotonic sodium chloride bolus (PiCCO technology)
[3] or a lithium chloride bolus (LiDCO technology) [9]. An
alternative method, which does not require venous catheter
insertion or calibration has been proposed (Flotrac Vigileo)
[5], but several clinical studies have pointed out its poor
agreement with reference techniques [12], [16]. Esophageal
echo-doppler is the main non-invasive method, calculating
aortic blood flow from the echo-derived aortic diameter and the
doppler-derived aortic blood velocity [11]. Nevertheless, this
technique has potential contraindications, such as esophageal
varices or esophageal surgery, and several limitations: for
instance, it measures the blood flow in the descending aorta
and not the whole cardiac output. Moreover, the precision
of the measurement depends on accurate probe positioning,
which is not always easy to obtain [4]. Thus, each of the above
methods has its own drawbacks, and there is still a need for an
easily applicable, minimally invasive, accurate and affordable
method to estimateSVV .

Due to the fact that Arterial Blood Pressure (ABP) can be
measured using minimally invasive or noninvasive methods,
the idea of estimatingSV from ABP has captured scientists
for a long time. Thus, many methods have been developed and
whose objective is to find a relation between one or several
parameters characterizing the shape of the pressure andSV
or cardiac output (CO), see for instance [7], [15], [22], [23]
and the references quoted there. These methods, which are
based on some models of systemic circulation, are called pulse
contour methods. A comparison between some of the pulse
contour methods has been proposed in [1], [26], [27], [29]. The
simplest model supposes a proportionality betweenCO and the
Mean Arterial Pressure (MAP). Other approaches, based on
windkessel models, linkSV to different lumped parameters
such as pulse pressure, the systolic and diastolic pressures
[7]. However these approaches consider the arterial system
as a lumped system which appears not sufficiently accurate.
So, other methods resulting from distributed arterial models
use the pressure area so thatSV is often supposed to be
proportional to the area under the systolic part of the pressure
curve. Corrected versions of this relation have been also
proposed [15]. However, this approach requires detecting the
end of the systole which is completely nontrivial, particularly
in peripheral ABP waveforms. Moreover, approaches taking
into account the nonlinear aspects of the arterial system have
been proposed, for example modelflow [28], but some studies
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have revealed the poor efficiency of this method in a number
of cases [24].

In this paper we introduce a novel technique forSVV
assessment using ABP measurements. This method is based
on the analysis of ABP with a new signal analysis method
that was recently proposed in [21], and called Semi-Classical
Signal Analysis (SCSA). The new spectral parameters pro-
vided by SCSA, eigenvalues and invariants, have already given
promising results in some other applications, as summarized
in the following.

On the one hand, we assessed their ability to discriminate
between different situations. In the first situation, nine heart
failure subjects were compared to nine healthy subjects. In
the second situation, eight highly fit triathletes were compared
before and after training. SCSA parameters always provided
more significant results than classical parameters, regarding
temporal as well as spectral parameters ([20], [21]). On the
other hand, we tested the ability of the invariants to represent
physiological parameters of great interest, particularlySVV ,
in two well-known conditions: the head-up 60 degrees tilt-test
and the handgrip-test [21]. Let us focus on the first invariants.
The first global invariant (INV1) is, by definition, the mean
value of the ABP signal, which is a standard parameter
in clinical practice. The first systolic (INVS1) and diastolic
(INVD1) invariants are less obvious. They result from the
decomposition of the pressure into its systolic and diastolic
parts. In particular,INV S1 corresponds to the integral of the
estimated systolic pressure with SCSA. Referring to the pulse
contour method stating that the area under the systolic partof
the pressure curve is proportional toSV as described above,
one can show thatINVS1 variations give information onSVV .

We study in this paper the correlation betweenINVS1 and
measuredSVV using a reference method; the PiCCO tech-
nique. The PiCCO technique uses the pulse contour method
with a calibration by a transpulmonary thermodilution and is
considered a reliable technique. In what follows, we present
the experimental protocol and recall some basic aspects of the
SCSA method. We introduceINVS1 and its relation toSVV .
Then, we present statistical results on 21 patients’ recordings.

II. M ATERIALS AND METHODS

This prospective study was conducted in the 16-bed
medical-surgical intensive care unit (ICU) of the Sud-
Francilien General Hospital (Evry, France).

A. Patients

• Inclusion criterion: all mechanically ventilated patients
whose cardiac output was continuously monitored with
a transpulmonary thermodilution catheter (PiCCO, Pul-
sion Medical Systems, Munich, Germany) were included,
except those satisfying the following excluding criteria.
PiCCO is routinely used in this unit to monitor hemody-
namically compromised patients.

• Exclusion criteria: patients presenting cardiac arrhyth-
mias or breathing spontaneously were excluded because
the SVV is not applicable for such patients.

• Protocol: all patients were sedated with midazolam and
fentanyl in dosages that were titrated to achieve full adap-
tation to the ventilator. Ventilator settings were as follows:
volume assist-control mode; tidal volume (Vt), 6ml/kg
ideal body weight; breathing rate, 20 cycles/minute; inspi-

ratory/expiratory ratio,
1
2

; andFiO2 adjusted to maintain
transcutaneous oxygen saturation in blood 94%. Positive
end-expiratory pressure (PEEP) was set at 5cm H2O
but some hypoxemic patients required an increase in
PEEP to 10 cm H2O during the data acquisition, to
improve arterial oxygenation. The increase in PEEP was
left to the discretion of the attending physician, as well
as the adaptation of vasoactive drugs dosages, adjusted
to maintain an adequate circulatory status during the
protocol.

B. Data acquisition

One-lead electrocardiogram, arterial pressure, and respira-
tory flow signals were recorded during a 15-min period using
a Biopac 100 system (Biopac systems, Goleta, CA, USA).
All data were sampled at 1000Hz and stored on a hard disk.
Cardiac output was calibrated just before the data acquisition
with a cold isotonic sodium chloride bolus of 20 ml. Then,
CO and peripheral vascular resistances (PVR) were delivered
every 30 seconds during the 15-min period.

C. Signal analysis

Signal processing was performed using the Scilab and
Matlab environments at the French National institute for
Research in Computer Science and Control (INRIA-Sisyphe
team).

1) A Semi-Classical Signal Analysis method: In this
section, we introduce the SCSA technique and some results
of its application to ABP analysis. We also show the relation
betweenINV S1 andSVV .

a) The SCSA principle: Let y : t 7−→ y(t) be a real valued
function representing the signal to be analyzed such that:

y ∈ L1
1(R), y(t) ≥ 0, ∀t ∈ R,

∂ my
∂xm ∈ L1(R), m = 1,2, (1)

with,

L1
1(R) = {V |

∫ +∞

−∞
|V (t)|(1+ |t|)dt < ∞}. (2)

The main idea in the SCSA consists in interpreting the sig-
nal y as a multiplication operator,φ → y.φ , on some function
space. Then, instead of the standard Fourier Transform, we use
the spectrum of a regularized version of this operator, known
as the Schrdinger operator inL2(R), for the analysis ofy:

H(h;y) = −h2 d2

dt2 − y, (3)

for a small h > 0. The SCSA method is better suited to
the analysis of some pulse shaped signals than the Fourier
Transform [21].
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In this approach, the signal is a potential of the Schrdinger
operatorH(h;y). We are interested in the spectral problem of
this operator which is given by:

−h2 d2ψ
dt2 − yψ = λ ψ , t ∈ R, (4)

where λ , λ ∈ R and ψ , ψ ∈ H2(R) 1 are respectively the
eigenvalues ofH(h;y) and the associated eigenfunctions. Un-
der equation (1), the spectrum ofH(h;y) consists of:

• a continuous spectrumλ ≥ 0,
• a discrete spectrum composed of negative eigenvalues.

There is a non-zero, finite numberNh of negative
eigenvalues of the operatorH(h;y). We put λ = −κ2

nh
with κnh > 0 and κ1h > κ2h > · · · > κnh, n = 1, · · · ,Nh.
Let ψnh, n = 1, · · · ,Nh be the associatedL2-normalized
eigenfunctions [21].

The SCSA technique consists in reconstructing the signal
y with the discrete spectrum ofH(h;y) using the following
formula:

yh(t) = 4h
Nh

∑
n=1

κnhψ2
nh(t), t ∈ R. (5)

Here, the parameterh plays an important role. Ash de-
creases, the approximation of the signal improves. However, as
h decreases, the number of negative eigenvaluesNh increases
and hence the time required to perform the computation
increases. So, in practice, what we are looking for is a value
of h that provides a sufficiently small estimation error with
a reduced number of negative eigenvalues. We summarize
the main steps for reconstructing a signal with the SCSA as
follows [21]:

1) Interpret the signal to be analyzedy as a potential of the
Schrdinger operatorH(h;y) (3) ;

2) compute the negative eigenvalues and the associatedL2-
normalized eigenfunctions ofH(h;y) ;

3) computeyh according to equation (5) ;
4) look for a value ofh to obtain a good approximation

with a small number of negative eigenvalues.

b) ABP analysis with the SCSA: Now, we introduce
some results on the application of the SCSA to ABP analysis.
We denote byP the ABP signal and̂P its estimation with the
SCSA such that:

P̂(t) = 4h
Nh

∑
n=1

κnhψ2
nh(t), (6)

where−κ2
nh, n = 1, · · · ,Nh are theNh negative eigenvalues

of the Schrödinger operatorH(h;P) and ψnh the associated
L2−normalized eigenfunctions.

The ABP signal was estimated for several values of the
parameterh and henceNh. Fig.1 illustrates measured and
estimated pressures for one beat of an ABP signal and the
estimated error withNh = 9. Signals measured at the aorta
(invasively) and at the finger (non invasively) respectively were

1H2(R) denotes the Sobolev space of order 2

considered. We point out that 5 to 9 negative eigenvalues are
sufficient for a good estimation of an ABP beat [17], [19].
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Fig. 1. Estimation of the pressure at the aorta and the finger level with the
SCSA andNχ = 9. On the left, the estimated and measured pressures. On the
right, the relative error

One application of the SCSA to ABP signals consists in
decomposing the signal into its systolic and diastolic parts.
This application was inspired by a reduced model of ABP
based on solitons solutions of a Korteweg-de Vries (KdV)
equation2 proposed in [10], [18]. As described in [17], [21],
the idea consists in decomposing (6) into two partial sums: the
first one, composed of theNs (Ns = 1,2,3 in general) largest
κnh and the second composed of the remaining components.
Then, the first partial sum represents rapid phenomena that
predominate during the systolic phase and the second one
describes slow phenomena of the diastolic phase. We denote
by P̂s and P̂d the systolic pressure and the diastolic pressure
respectively estimated with the SCSA. Then we have:

P̂s(t) = 4h
Ns

∑
n=1

κnhψ2
nh(t), (7)

P̂d(t) = 4h
Nh

∑
n=Ns+1

κnhψ2
nh(t). (8)

Fig.2 shows measured pressure and estimated systolic and
diastolic pressures respectively. We notice thatP̂s and P̂d are
respectively localized during the systole and the diastole.

c) SCSA parameters: As seen previously, the SCSA
technique provides a new description of the ABP signal with
some spectral parameters which are the negative eigenvalues

2Solitons are solutions of some non-linear partial derivative equations like
the KdV equation
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Fig. 2. (a) Estimated systolic pressure, (b) Estimated diastolic pressure

and the so called invariants3. The latter consist in some
momentums of theκnh, n = 1, · · · ,Nh. So we define the first
two global invariants by:

INV1 = 4h
Nh

∑
n=1

κnh, INV2 =
16
3

h
Nh

∑
n=1

κ3
nh. (9)

Systolic (INVS1,2) and diastolic (INVD1,2) invariants are
deduced from the decomposition of the pressure into its
systolic and diastolic parts and are then given by:

INVS1 = 4h
Ns

∑
n=1

κnh, (10)

INV S2 =
16
3

h
Ns

∑
n=1

κ3
nh, (11)

INVD1 = 4h
Nh

∑
n=Ns+1

κnh, (12)

INVD2 =
16
3

h
Nh

∑
n=Ns+1

κ3
nh. (13)

d) INVS1 for SVV estimation: We will see here how
INVS1 is related toSV . For this purpose, we recall one
approach of the pulse contour methods that supposes propor-
tionality betweenSV and the area under the systolic part of
the pressure curve as described in the introduction. We denote
this area byPsa (see fig.3). So we have:

SVPC = kPsa, (14)

where k is a positive real andSVPC is the stroke volume
estimated with the pulse contour method.

Referring to (7) and (10), and remembering thatψnh are
L2-normalized, we have:

INV S1 =

∫ +∞

−∞
P̂s(t)dt. (15)

So,INV S1 refers to the area under the systolic curveP̂s. Thus,
one can remark that bothPsa and INV S1 describe the area
under the systolic pressure but they may not be equal because
the detection of the end systole in the two cases is not the
same (see fig.2.a and fig.3). Indeed, whilePsa is computed by

3We call these parameters invariants because they are related to the
Korteweg-de Vries invariants in time
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Fig. 3. Area under the systolic part of the pressure curve used to estimate
SV

detecting the dicrotic notch which is completely non trivial in
peripheral ABP waves,INV S1 results from a nonlinear model
of ABP based on solitons that considers the propagation of
the pulse wave [10], [18] as was described in section II.C.1.b.
We can write the following relation between the two areas:

INVS1 = Psa + b, (16)

whereb ∈ R represents the difference between the two areas.
Then, we get:

INV S1 = aSVPC + b. (17)

with a =
1
k

. Hence,INV S1 andSVPC are linearly related.

2) Resulting time series used to compare INVS1 to PiCCO
stroke volume: On top of INVS1, two vascular time series
were analyzed: the heart rate (HR) was computed from
the pulse interval (PI), which is the distance between two
systolic occurrences;MAP was calculated from the systolic
and diastolic values. All data were resampled at 4 Hz, by
the interpolation of a third order spline function to obtain
equidistant data and to guarantee their synchronization. They
were then averaged over 15 seconds and delivered every 30
seconds, like the PiCCO protocol. PiCCO cardiac output was
divided byHR to give a stroke volume (SVPiCCO). According to
the relation betweenINV S1 andSV , INVS1 was subsequently
calledSVSCSA when it was estimated with the linear equation
(17): SVSCSA = aSVPiCCO +b. Thus, in addition to theSVPiCCO

andSVSCSA, temporal relations withHR, MAP andPVR time
series were analyzed to help interpretSV behavior in case of
a divergence betweenSVPiCCO andSVSCSA.

D. Statistical analysis

1) Cross-correlation analysis.

The cross-correlation analyzes the temporal similarity
between two time series by estimating the correlation
between one time series at time t and the other at
time t ± x lags (in samples) [25]. A cross-correlation
was performed betweenSVPiCCO and INV S1 time
series averaged every 30 seconds. Cross-correlation
coefficients were computed using the Matlab xcorr
function (The MathWorks, Inc) after subtracting
the means from the time series. Cross-correlation
coefficients were computed for all lags(−30;+30),



5

each lag corresponding to a 30-second interval. The
correlation coefficients of the unlagged data stand at
the midpoint (lag 0). A 5% level of probability for
the correlation coefficients was considered significant
(Bravais-Pearson table). An average estimate of the
correlation over all the subjects was allowed after
homogeneity tests (non significant z-test and Jarque-
Bera test) [14]. The individual correlation coefficients
were averaged for each lag.

2) Linear regression.

According to the proportional relation betweenSVPiCCO

and INVS1 (equation (17)), a linear regression analysis
was applied, using SigmaStat. This analysis provides
the PearsonR coefficient, which measures the degree
of linear correlation between the two estimates, and the
parameters of the linear equation (17),a and b. So,
they allow an estimation of the stroke volumeSVSCSA

using (17). This transformation is required before using
the Bland-Altman test.

3) Bland-Altman method.

Unlike the first two approaches which are not affected
by differences in units or the nature of results, the Bland-
Altman method analyzes the agreement between two
estimates of the same variable [6]. Thus, we usedSVSCSA

instead ofINVS1, and moreover,SVSCSA variations to
compare them toSVPiCCO variations (∆ := SVVPiCCO −
SVVSCSA with SVVPiCCO = SVPiCCO(n)− SVPiCCO(n−1)
and SVVSCSA = SVSCSA(n)− SVSCSA(n− 1)). The mean
difference betweenSVVPiCCO andSVVSCSA (mean∆) is
plotted against the average of the two volume variations.
Mean∆ which represents the bias between the two meth-
ods, and the 95% confidence interval ([CIin f ∆ CIsup∆])
gives the variation of the values of one method compared
to the other.

III. R ESULTS

A. Patients

The 21 patients recordings were analyzed over 900 seconds,
representing about 30 averaged values, except one recording,
analyzable only for the first 16 averaged values. In order to
illustrate the main results, we choose the first three subjects
in Table I, representing various conditions: subject one was
submitted to PEEP changes (fig.8), subject two was submitted
to noradrenaline dose changes (fig.9), subject three had no
change in ventilatory parameters nor in drugs (fig.10).

B. Cross-correlation analysis

Table I, column three, shows the coefficients of cross-
correlation in decreasing order. The amount of well correlated
measures represents 94% of the all recordings. Because of an
obvious divergence betweenSVPiCCO and INVS1 (coefficients
< 0.1), Subject 21 and the third part of Subject 17 were
discarded from the table. Thus, they represent only 6% of

TABLE I
CROSS-CORRELATION AND LINEAR REGRESSION COEFFICIENTS BETWEEN

SVPiCCO AND INV S1

Subject Number of Cross Linear
values correlation regression

1 30 0.99 0.98
2 30 0.97 0.97
3 30 0.97 0.97
4 30 0.96 0.96
5 30 0.96 0.96
6 30 0.95 0.95
7 30 0.95 0.95
8 30 0.93 0.94
9 30 0.91 0.91
10 30 0.91 0.89
11 30 0.90 0.89
12 30 0.90 0.90
13 30 0.86 0.85
14 30 0.85 0.77
15 30 0.85 0.86
16 30 0.85 0.85
17 21 0.84 0.87
18 30 0.82 0.83
19 16 0.82 0.82
20 30 0.77 0.77

The subjects (col. 1) are listed in the decreasing order of cross-
correlation coefficients. Col. 2 indicates the number of measurements
delivered every 30-second per subject, according to the PiCCO
protocol and representing a 900 seconds analysis. Col. 3 and4 stand
for coefficients of cross-correlation (mean: 0.90±0.01 at lag 0) and
linear regression (mean: 0.89±0.01). Subject 21 and the last third
of Subject 17, whoseINV S1 and SVPiCCO were not correlated at
all (coefficient< 0.1), were discarded from the table. The last part
of Subject 19 was discarded before analysis because of a PiCCO
dysfunction.

discrepancy among all the recordings. Fig.4 and fig.5 respec-
tively represent the time series ofHR, MAP, PVR, INVS1 and
SVPiCCO for subjects 21 and 17.

Fig.6 represents the cross-correlation coefficients of the
20 remaining subjects (dashed lines). As homogeneity was
verified, averaged values were also plotted (− • −). The
vertical axis depicts the correlation coefficients. The horizontal
axis depicts the lag, in number of 30-second averaged values
of one time series on another. The correlation coefficients
of the unlagged data are plotted at horizontal midpoint (lag
0). The two symmetrical continuous lines represent critical
r values for a level 5 of probability (Bravais-Pearson table).
The greatest correlation stands at lag 0 for all the remaining
subjects (mean correlation= 0.90; sem = 0.01; p = 0.00001).
This result shows an excellent temporal similarity betweenthe
successive measures, indicating that they change in the same
way over time.

C. Linear regression

Table I, column four, shows theR coefficients of linear
regression. Cross-correlation andR coefficients are strongly
correlated (0.95 at Spearman rank order correlation test).
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TABLE II
BLAND -ALTMAN TEST RESULTS

Subject Min∆ CIin f ∆ Max∆ CIsup∆
1 -.0056 -.0074 .0048 .0077
2 -.0026 -.0037 .0034 .0039
3 -.0030 -.0036 .0022 .0037
4 -.0043 -.0057 .0043 .0056
5 -.0034 -.0039 .0044 .0040
6 -.0048 -.0052 .0045 .0053
7 -.0059 -.0072 .0043 .0072
8 .0005 -.0009 .0009 .0009
9 -.0037 -.0051 .0046 .0050
10 -.0047 -.0055 .0042 .0057
11 -.0073 -.0114 .0095 .0115
12 -.0070 -.0096 .0068 .0096
13 -.0044 -.0072 .0078 .0079
14 -.0018 -.0031 .0023 .0032
15 -.0029 -.0053 .0060∗ .0054
16 -.0022 -.0026 .0026∗ .0030
17 -.0033 -.0041 .0024 .0046
18 -.0081 -.0100 .0079 .0094
19 -.0016 -.0045 .0035 .0046
20 -.0054 -.0080 .0079 .0080

∆ = SVVPiCCO − SVVSCSA with SVVPiCCO = SVPiCCO(n) −
SVPiCCO(n − 1) and SVVSCSA = SVSCSA(n) − SVSCSA(n − 1).
Min(∆) and max(∆) stand for the minimal and maximal values
of ∆ respectively.CI is 95% confidence interval of the agreement
limits of ∆; [CIin f ∆ CIsup∆]. ⋆ means that all the values are inside
[CIin f δ CIsup∆] except 1 value greater thanCIsup∆ for two subjects.

The mean coefficient, equal to 0.89 shows a great degree of
linearity between the two methods. Fig.7 shows the plots of
linear regression for the first three subjects.

D. Bland-Altman method

Fig.7 shows the Bland-Altman plots for the first three
subjects. Differences in the two meanSVV (SVVPiCCO −
SVVSCSA) are plotted against the mean of the twoSVV

(
SVVPiCCO + SVVSCSA

2
). Continuous lines respectively stand

for the mean of differences∆ between the two results, and
the 95% confidence interval. Each dot stands for the difference
betweenSVV measured by the two methods. In the three cases,
mean∆ is equal to 0 and all values are within the two 95%
confidence intervals. Table II gives results for all the subjects.
When comparingmin(∆) to CIin f ∆ (columns 1 and 2) and
max(∆) to CIsup (columns 3 and 4), one can see that all values
are inside[CIin f CIsup] except one value greater thanCIsup∆
in two subjects (∗). These global results allow us to conclude
that a good proximity exists between the two methods with the
same order of dispersion and that they are interchangeable.

IV. D ISCUSSION

A new method for a simple and minimally invasiveSVV
estimation from ABP measurements has been validated in
this study. The ABP signal is reconstructed with a semi-
classical signal analysis method SCSA which enables the

Fig. 4. Cardiovascular time series of subject 21, submittedto ventilatory
and pharmacological changes. The lack of correlation between INV S1 and
SVPiCCO (cross-correlation coefficient=0.039) is in favor ofINV S1. Before
increasing PEEP, nothing happens,HR, MAP, PVR are stable, thus noSV
change can be expected. Nevertheless,SVPiCCO decreases then increases while
INV S1 remains quite stable. During increasing adrenaline, increasing PVR
is accompanied, as expected, by increasingMAP and decreasingHR. An
increase inSV is also expected, which is done byINV S1 while SVPiCCO
remains quite stable.

decomposition of the signal into its systolic and diastolicparts.
Some spectral parameters, that give relevant physiological
information, are then computed and especially the first systolic
invariantINVS1, given by the area under the estimated systolic
pressure curve. Thus, we have shown thatINV S1 yields
reliableSVV assessment.

So, in order to validate this approach, we comparedINV S1

estimated from ABP measurements withSV measured with
a reference method: the PiCCO technique. Three statistical
methods were applied for this validation: cross-correlation
analysis, linear regression and the Bland-Altman test. Among
the 315 minutes duration of all the 21 recordings, 94 %
presented a very high correlation betweenINVS1 andSVPiCCO.
The mean coefficient was equal to 0.9 for cross-correlation,
and equal to 0.89 for linear regression. The remaining 6%
without correlation, concerned two subjects: all of subject 21
and the last third of subject 17. This discrepancy, interpreted
with the help of the synchronizedHR, MAP, PVR time series,
can be explained by the following remarks:

• For subject 21 (fig.4), before increasing PEEP, nothing
happens,HR, MAP, PVR are stable, thus noSV change
can be expected. Nevertheless,SVPiCCO decreases then
increases whileINVS1 remains quite stable. During in-
creasing adrenaline, increasingPVR is accompanied, as
expected, by increasingMAP and decreasingHR. An
increase inSV is also expected, which is done byINV S1

while SVPiCCO remains quite stable.
• For the last third of subject 17 (fig.5, B), decreasing

noradrenaline is naturally accompanied by decreasing
PVR and MAP and increasingHR. A decrease inSV
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Fig. 7. Linear regression plots (at the top) and Bland-Altman plots (at the bottom) for the three first subjects. The coefficient of correlation is greater than
.95 for each of them, meaning a strong linear relation. All the differences inSVVPiCCO andSVVSCSA are included in the 95 % confidence interval for each of
them, meaning a good agreement between the two methods.

Fig. 5. Cardiovascular time series for subject 17, submitted to ventilatory and
pharmacological changes.INV S1 andSVPiCCO are strongly correlated (cross-
correlation coefficient= 0.84) during period A, and they are divergent during
period B. Decreasing noradrenaline is naturally accompanied by decreasing
PVR andMAP and increasingHR. A decrease inSV is also expected, which
is done byINV S1 while SVPiCCO strongly increases.

is also expected, which is done byINVS1 while SVPiCCO

strongly increases.

The divergence betweenINVS1 andSVPiCCO is in favor of
INVS1 for these two subjects.

On the 94% recordings with well correlatedINVS1 and

Fig. 6. Cross-correlation between the 30-second averagedSVPiCCO andINV S1
values in 20 subjects Each line (dashed) stands for a subject; the strong line
(−•−) represents the average of the 20 subjects; continuous lines represent
critical r values for a 5% level of probability (Bravais-Pearson table). The
vertical axis depicts the correlation coefficients. The horizontal axis depicts
the lag, in number of 30-second measures, of one time series on another. The
correlation coefficients of the unlagged data are shown at horizontal midpoint
(lag 0). All time series are exactly synchronized, with a mean correlation
coefficient equal to 0.9 at lag 0 (p=0.00001).

SVPiCCO, the Bland-Altman test showed a very good agree-
ment between the two approaches and demonstrated their
interchangeability. It is worth noticing that this agreement is
obtained in unstable hemodynamic and/or noisy conditions
which prove the robustness of the SCSA method. Several great
ventilatory or pharmacological changes are illustrated infig.8,
fig.9 and fig.10 but also by the non averaged time series in
fig.11. A noisy condition is illustrated by subject 3 on the
right. Despite a rawPI (top right) disturbed by extra-systoles
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Fig. 8. Cardiovascular time series of subject 1, submitted to Positive End
Expiratory Pressure changes. A: decreasing PEEP; B: increasing PEEP; C:
decreasing PEEP; D: increasing PEEP.INV S1 and SVPiCCO are strongly
correlated (cross-correlation coefficient= 0.99).

Fig. 9. Cardiovascular time series of subject 2, submitted to a vasoactive
drug. A: increasing noradrenaline; B: decreasing noradrenaline. INV S1 and
SVPiCCO are strongly correlated (cross-correlation coefficient= 0.97).

and artefacts,INVS1 (bottom right) is well estimated.
Therefore, this study shows that SCSA is a reliable method

for SVV assessment and more suitable in the two cases of
divergence. The good agreement between the two approaches
could be explained by the fact that the main idea in the
SCSA technique is quite similar to the PiCCO and consists
in using the area under the systolic part of the pressure
curve. However, the detection of the end systole with the
SCSA is different from the pulse contour approach. Indeed,
while the pulse contour approach uses an algorithm to detect
the dicrotic notch, the SCSA uses an ABP model based
on solitons that takes into account nonlinear phenomena, as
described in section II.C.1.b. This difference could explain
the greater reliability of SCSA when discrepancies between
the two approaches appear. Moreover, this explanation agrees
with the observation of the raw ABP signal for subject 17: its
shape is very different between the first and last part of the
recording.

Finally, unlike the PiCCO technique which needs periodic

Fig. 10. Cardiovascular time series of subject 3, without any change in
ventilatory or pharmacological condition.INV S1 and SVPiCCO are strongly
correlated (cross-correlation coefficient= 0.97).

Fig. 11. Pulse interval (PI), Systolic Blood Pressure (SBP) and INV S1 time
series for the three first subjects with a strong correlationbetweenSVPiCCO
and INV S1. The INV S1 is precisely estimated despite unstable hemodynamic
conditions (subjects 2 and 3) and noisy conditions such as extra-systoles and
artefacts (subject 3).

calibration by a thermodilution technique, SCSA is easier to
use, requiring less equipments, only for ABP measurements.
It is much less invasive and could be totally noninvasive if we
used a FINOMETER device, for instance. This latter point,
already experimented in our previous studies [21], should be
a new perspective for a simple non-invasiveSVV assessment.
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