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ABSTRACT: Panel Co-integration is one of the most popular methods to reveal and evaluate the influence and the
interactions that may exist between long-term variables; Co-integration is used in different field and enjoying
unprecedented popularity due reliability, clarity and robustness.

In this article, we conducted an investigation using very powerful mathematical model to verify if a long-term
relationship exists between Cardiorespiratory hemodynamic signals, the methodology we applied in this paper is
mainly based on four basic parts, in first part we applied unit root tests to assess the stationarity of series, the second
step is to apply the test of Co-integration model and quantify this long-term relationship. Finally we applied the
Granger causality tests to the entire panel that consists of 186 patients taken from Montreal Hospital / General MF
(Massachusetts General Hospital / Marquette Foundation) database. The results found in this study show the long-term
interaction between the Cardiorespiratory hemodynamic signals, and reveals how the understanding of these
interactions can help the doctors to understand the risks that may exist between these interactions.

The originality of this article is the number of variables incorporated in our model study. Unlike the majority of studies
that are conducted with only two variables, our study is specified by its multidimensionality. The main advantage of a
multidimensional and multivariate model is to solve a multitude of problemsthatprevent doctors to treat the patients
betterandis not the case for studies in two dimensions.

KEYWORDS: Panel Co-integration, Long-term, Panel Granger Causality,CardiorespiratoryHemodynamic signals,
Multivariate study, (MGH / MF) waveform database.

I.LINTRODUCTION

Cardiovascular diseases are the leading cause of worldwide mortality, each year more and more people die cause the
cardiovascular disease comparatively to any other causes, the number of deaths because the cardiovascular disease is
estimated at 17.3 million and represent 30% of the total global mortality[1], among these deaths, 7.3 million were
caused by coronary heart disease and 6.2 million by AVC (2008 statistics) [2].Over 80% of deaths happen in countries
with low and middle income and occur almost equally between men and women.By 2030, almost 23.3 million people
will die from cardiovascular disease (mainly heart disease and AVC), according to projections, these diseases should
remain the leading causes of death [1, 3].

However, the good fact is that 80% of premature heart attacks and AVC are avoidable. The detection of abrupt changes
of blood pressure in real time, the potential heart attack prediction and providing the doctor a comprehensive state
range of the patient are the keys of prevention. For a lighter treatment and better chances of recovery, early diagnosis is
a real boon for patients suffering of cardiovascular diseases. The benefit of early diagnosis is that we can detect and
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make decisions to mitigate the risks of cardio-vascular problems. Two effective tools enable better diagnosis being
early; the first way is to develop telemedicine applications that allow a real-time monitoring of the health status of the
patient. The second procedure that will be complementary to the first is to make a mathematical model of a set of
physiological data to help us better understand the phenomenon, assimilate and explain the temporal behavior of the
studied physiological variables.

Our study will be based on this idea, have the necessary patient data in a critical condition in real time via a mobile
smartphone. For this reason, a perfect analysis of the physiological data is necessary for us, the analysis is performed in
two dimensions, the first is the most known, consists to use the theories of information and the processing algorithms
signals to take and evaluate physiological parameters, our second aspect, called the second dimension of the
examination is to find causality in long term (Co-integration) between physiological signals, it helps doctors and health
officials to take all precautions to facilitate the choice of an appropriate intervention and decisions necessary for one
unique goal, saving people's lives.One of the main reasons behind the application of Co-integration and causality in
panel data is to obtain statistical power to improve the interpretation of results. Unfortunately, tests of Co-integration
and causality using a panel data involve several complications; first of all, the panel data usually have a large amount of
heterogeneity which makes the parameters difficult to model. Secondary, when an empirical study has alarge number of
data in two dimensions, as our study, a major challenge appears during the computer implementation.

Several methods exist in this context, beginning with the methods of causality, the first causality was proposed
andintroduced by Wiener and Granger (Nobel prize 2003) and become a fundamental theory for the analysis of
dynamic relationships between the time series, Sims has presented a slightly different specification test, considering
that if future values y,, help explain the present values of y,, then y,.is the cause ofy;,.

Il. LITERATURE REVIEW

Numerous studies in recent years have been devoted to the evaluation of causality; several applications of the latter are
omnipresent in areas ranging from the economy [4, 5], climatology [6, 7, 8], society [9], directed information theory in
networks [10], psychiatry [11], brain imaging field [12], ophthalmology [13], genetics [14] and especially the analysis
of biological systems, with a very special emphasis on the neural field [15,16,17,18,19,20,21,22,23,24,25,26], the study
of cardiac signals [27,28,29,30,31,32,33,34,35] and cardiorespiratory [33,36] interactions.In the remainder of this
article, we will look at studied panel data causality and panel Co-integration of a number of physiological signals,
derived from the MGH / MF database,the approach was then applied to three leads ECG, ART (Arterial Pressure), PAP
(pulmonary arterial pressure), CVP (Central Venous Pressure), RESP (Respiratory Impedance) and CO2, taken from
the MGH / MF (Massachusetts General Hospital / Foundation Marquette) database, These signals are ideal for
understanding causality.

Recent advances in mathematical modeling have great enthusiasm of researchers especially in analysis using panel
data. The application of Co-integration and causality allows us to ask an important question, are the blood pressure,
central venous pressure, pulmonary arterial pressure, respiration, and CO2 that outweighs the three ECG leads or the
three leads ECG to a change in the hemodynamic respiratory variables?

The goal of the paper is to propose to study the direction of causality between the signals mentioned previously and test
of Co-integration, our contribution in this article is based on the following points:

Three-dimensional analysis of the heart
Check if there is a long-term relationship between the three lead ECG and hemodynamic respiratory signals
based on the panel Co-integration.
Modelize, and even quantify the rate of convergence of this long-term relationship if it exists.
Define the direction of causality between the three lead ECG and hemodynamic respiratory signals based on
the panel Granger causality.

e Tryto understand the impact of hemodynamic respiratory signals on three leads ECG in the long-term.

The remainder of this paper is organized as follows: In Section 3, we give some definition of the variables. In Section
4, we will establish the data used and the methodology to follow. Then, in section 5 we present the test for non-
stationarity. In section 6 we present the unit root tests. In section 7, 8, 9, and 10 we put in evidence the approach of Co-
integration, the estimated long-term relationship and granger causality test respectively. Finally, we lead an analysis,
scientific discussion, conclusion and a projection of perspectives.
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I11.DEFINITIONS OF SOME VARIABLES STUDIED

ECG leads:Lead systems allow you to look at the heart from different angles. Each different angle is called a lead.
The different leads can be compared to radiographs taken from different angles.

ART: Blood pressure is the pressure of blood in the arteries, also referred to as blood pressure because this pressure is
the force exerted by the blood against the walls of arteries, tends the wall of the artery.

CVP: Central venous pressure (CVP) also known as: right atrial pressure (RAP) describes the pressure of blood in the
thoracic vena cava near the right atrium of the heart; it reflects the amount of blood returning to heart and the heart's
ability to pump blood into the arterial system.

PAP: Pulmonary arterial pressure measures the pressure in the pulmonary arteries, the latter carries blood from the
right side of the heart to the lungs.

IV.DATA AND METHODOLOGY
A. Data Analysis

The Massachusetts General Hospital / Marquette Foundation (MGH / MF) Waveform database is a comprehensive
collection of electronic records hemodynamic and electrocardiographic signals stable and unstable patients in intensive
care units, operating rooms and Cath labs heart. It is the result of collaboration between physicians, biomedical
engineers and nurses of the Massachusetts General Hospital, which includes three ECG leads, arterial pressure,
pulmonary arterial pressure, central venous pressure, respiratory impedance and CO2. This multi-dimensional cardiac
data collected from various parts of body can effectively imitate the signals from various on body sensor nodes.

The original dataset contains total 250 sets of cardiac signals; each containing 12 to 86 minutes in most cases are about
an hour of recording. we selected 186 people on 250 for our simulation, the latter contains all the signals mentioned
previously against by the rest do not have the typical data for our studies, These signals include cardiac events such as
premature ventricular contraction, supraventricular premature, tachycardia, bradycardia, ventricular pacing and ectopic
beat, which are all manually annotated by clinical professionals.

B. Methodology

In the analysis of the relationship in long-term of the data panel, the choice of the appropriate technique is an important
theoretical and empirical question. Co-integration is the most appropriate technique to study the long-term relationship
between our cardiorespiratory hemodynamics variables. The empirical strategy used in this paper can be divided into
four main stages. First, unit root tests in panel series are undertaken. Second, if they are integrated of the same order,
the Co-integration tests are used. Third, if the series are co-integrated, the vector of Co-integration in the long-term is
estimated using the methods (FMOLS) and (DOLYS). Finally, the Granger causality test in panel will be undertaken.

V. NO-STATIONARITY OF THE SERIES: DETECTION TESTS
A. Definition of non-stationarity

Most of the time series are non-stationary, ie the process that describes not verify at least one of the definition
conditions of a stationary process given by:

1. E(Y,) = uvt (Constant, not dependent on t).
2. VAR(Y,) = g} < coVt(constant, not dependent on t).
3. COV(Y; Yiyy) = E{(Y; — ) (Y1 — w)} = yx(Does not depend on t).

{eSeries which(g,) = 0,VAR(g,) = 02,COV(g, £r4) = O.Is a stationary series. It is also called white noise.
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VI. WHY TEST THE PANEL UNIT ROOT?

The unit root tests administered to the panel data have several advantages over those time-series. First, the number of
data used is more important because of the meeting of the individual dimension and the temporal dimension.

The Extending of the database has real interest, as it strengthens the power of unit root tests to distinguish the stationary
or non-stationary series. Several studies show that the unit root tests on panel data are more powerful than those carried
out on time series.Technical panel data may also be preferred because of their low restrictions; in fact, they capture
effects specific to each patients, heterogeneity of the direction and magnitude of the parameters through the panel. In
addition, these techniques allow the model to be selected with a high degree of flexibility by providing a relatively wide
range of different specifications, from models with constant and deterministic trend up to models with no constant and
no trend; within each model, there is the possibility of testing for common time effects.

Panel unit root tests are used to examine the degree of integration between ECG and our hemodynamic respiratory
signs. To assess the stationary properties of the used variables, this study use five different panel unit root tests
including Levin, Lin and Chu [37](herein referred to as LLC); Im, Pesaran, and Shin [38](hereinreferred to as IPS);
Maddala and Wu [39], Breitung [40] (herein referred to as BRT) and Hadri[41]. For each technique, we test for unit
roots in the panel using two types of models. The first model has a constant and a deterministic trend and the second
model has only a constant and no trend.LLC and IPS seem to be the most use tests; LLC [37] is the procedure most
commonly used. It is based on the ADF test, assumes a homogenous group.Levin et al [37] is based on the following
equation:

Yie = PiYig-1 + ZY+ Ul =1, Njt=1,...,T @

Where z;, is the deterministic component and u;,is the stationary process. z;.can be a fixed effect or time trend as well
as a constant like zero and 1. The LLC test assumes that residuals are independently and identically distributed with
mean zero and variance o2, and p;=p for all values of i. The coefficient of the lagged dependent variable is assumed to
be homogeneous in all units of the cross section of the panel. The null hypothesis can be constructed as Hy:p =1
which meansthat all series in the panel have a unit root whereas in the alternative hypothesis H;: p < 1 which means
that all series are stationary.

Im et al [38]; The IPS test is an extension of the LLC test that relaxes the homogeneous assumptions by allowing for
heterogeneity in the autoregressive coefficients for all panel members. The basic equation for the panel unit root tests
for IPS is as follows:

P
Ayir =a; + piYi-1 + z @AYt e i =12, .Nt=12..T(2)

j=1

Where y; ; stands for each variable under consideration in our model, a;is the individual fixed effect, &;, are assumed to
be independently and normally distributed random variables for all i and t with zero means and finite heterogeneous
variance o2. P is selected to make the residuals uncorrelated over time. The null hypothesis is that p; = 0 for all i
versus the alternative hypothesis that p; < O for somei=1,..,N; and p; = 0 fori = N; +1,..., N.

The IPS statistic is based on averaging individual Augmented Dickey-Fuller (ADF, hereinafter) statistics and can be
written as follows:

N

_ 1

t= Nz tir ®3)
f=)

Where t;; is the ADF t-statistic for patient i based on the patient specific ADF regression, as in Eq. (2) IPS show that
under the null hypothesis of non-stationary in panel data framework, the t statistic follows the standard normal
distribution asymptotically. The standardised statistic t;pg iS expressed as:
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Vi (T- 53X, Eltirlp; = 0)
\gzg\ilvar [tirlp; = 0]

(4)

tips =

Maddala and Wu [39] propose a non-parametric and exact test which is based on Fisher (1932) test, and combining the
P-values from individual unit root tests. This test is superior compared to the IPS test (Maddala and Wu, [39]; Maddala
et al., 1997). Its advantage is that its value does not depend on different lag lengths -in the individual ADF regressions.

Breitung [40], several studies have shown using a Monte Carlo simulation, as proposed by Breitung for unit roots in
panel test is much more powerful than the LLC and IPS tests. LLC and IPS suffer from loss of power if
individualspecific trends are included. This is due to bias correction, which also eliminates the average local alternative
sequence. Breitung suggests a test statistic that does not use a bias correction whose power is significantly higher than
the LLC or IPS tests.Hadri (2000); The Hadri-test is a residual-based Lagrange Multiplier (LM) test where the null
hypothesis is that there is no unit root in any of the series in the panel against the alternative of a unit root in the panel.

VII. CO-INTEGRATION APPROACH

The concept of Co-integration can be defined as a systematic co-movement between two or more variables in the long-
term. According to Engle and Granger [4], if X and Y are both non-stationary, one would expect that a linear
combination of X and Y would be a random walk. However, the two variables may have the property that a particular
combination of them Z = X — bY is stationary. If such a property holds true, we say thatX andY are Co-integrated.

A. Panel Co-integration

It is now recognized in the scientific literature that the best methods for testing unit roots and Co-integration is to use
methods based on a panel. These methods greatly increase the power of the tests and often involve a two-steps
procedure. The first step is to test the panel unit root; the second is the panel Co-integration tests.For the 186 patients in
our empirical study, heterogeneity may arise due to differences in sex, age of patients and many other things. To ensure
wide applicability of any panel Co-integrationtest, it is important to take into account as much as possible heterogeneity
between the different group members.Pedroni [42, 43, 44]developed a method based on panel Co-integration residues
that can take into account the heterogeneity in individual effects, the slope coefficients and individual linear trends
between patients. Pedroni[44], considers the following type of regression:

Yie = @; + 6it + B;Zj; + €;:(5)

For a time series panel of observables y;. and Z;.for membersi = 1,...,N over time periodst = 1, ... T. the variablesy;;
and X;, are assumed to be integrated of order one, denoted 1(1). The parametersa;and &; allow for the possibility of
individual effects and individual linear trends, respectively. The slope coefficients {3; are also permitted to vary by
individual, so in general the Co-integrating vectors may be heterogeneous across members of the panel.

Pedroni[43], proposes seven statistics to test for the null hypothesis of no Co-integration in heterogeneous panels.
These tests comprise of two types. The first type is the panel Co-integration tests (within-dimension). The within
dimension tests consist of four statistics, namely, panelv — Statistics, panelp — Statistics, panelPP — Statistic, and
panelADF — Statistic. These statistics pool the autoregressive coefficients across different members for the unit root
tests on the estimated residuals, and the last three test statistics are based on the “between” dimension (called ‘group’
hereafter). These tests aregroupp — Statistics, groupPP — Statistic, and groupADF — Statistic. These statistics are
based on the averages of the individual autoregressive coefficients associated with the unit root tests of the residuals for
each patient in the panel. Both kinds of tests focus on the null hypothesis of no Co-integration.

However, the distinction comes from the specification of the alternative hypothesis. For the tests based on “Within”, the
alternative hypothesis is p; = p <1 for alli, while concerning the last three test statistics that are based on the
“Between” dimension, the alternative hypothesis is p; < 1 for all i.The finite sample distribution for the seven statistics
has been tabulated by Pedroni[42, 43, 44]through Monte Carlo simulations. The calculated statistic tests must be
smaller than the tabulated critical value to reject the null hypothesis of the absence of Co-integration.All seven tests are
conducted on the estimated residuals from a model based on the regression in (5). Following, Pedroni[43],
heterogeneous panel and heterogeneous group mean panel Co-integration statistics are calculated as follows:
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Panel v — Statistics
N T -1
b e) (6.2)
=1

t=1

3
Z, = T2N5<

1

Panel p — Statistics

Panel PP — Statistic

N T N T
Zy= <3§,T z z Eﬁ? éiz,t—1> z z Aﬁ? (Bit—1A8i — ii) (6.¢)

Panel ADF — Statistic

N T N T
zi = (sz Dl é;%_1> D) LA 6.0)

Group p — Statistics

-1 7

Z, = TN_%i(i &-1) Z(éi,t—lA &~ 1) (6.e)
t=1

i=1 t=1

GroupPP — Statistic

(8188 — X)) (6.7)

=1 t=1 t=1
GroupADF — Statistic
N T _% T
Zi=Ni)y <Z 52 é:@) > 8i1108,(6.9)
i=1 \M=1 t=1

Where, &, is the estimated residual from (5) and Eﬁ% is the estimated long-run covariance matrix for A &; . The other
terms are properly defined in Pedroni[43]with the appropriate lag length determined by the Newey-West method.

VIII. ESTIMATING THE LONG RUN COINTEGRATION RELATIONSHIP IN A PANEL CONTEXT

After confirmation of the existence of a Co-integration relationship between the series, must be followed by the
estimation of the long-term relationship. There are different estimators available to estimate a vector Co-integration
panel data, including with and between groups such as OLS estimates, fully modified OLS (FMOLS) estimators and
estimators dynamic OLS (DOLS).In the Co-integrated panels, using the technique of ordinary least squares (OLS) to
estimate the long-term equation leads to biased parameter estimates unless the regressors are strictlyexogenous, so that,
the OLS estimators cannot generally be used for valid inference.

IX. THE FULLY MODIFIED OLS (FMOLS) AND DYNAMIC OLS (DOLS) ESTIMATORS

Pedroni [45] proposes fully modified ordinary least squares (FMOLS) while Kao and Chiang [46] and Mark and Sul
[47] recommend the dynamic ordinary least squares (DOLS) as alternative methods of panel co-integration.

FMOLS is a non-parametric approach, which takes into account the endogeneity, serial correlation and cross-sectional
heterogeneity, and will propose both between dimension and within-dimension estimations. Specifically, the between-
dimension estimations are more applicable to small sample.

In order to obtain an unbiased estimator of the long-run parameters and to achieve the endogeneity correction, DOLS
estimator uses parametric adjustment to the errors by including the past and the future values of the differenced 1 (1)
regressors.
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Both FMOLS and DOLS provide consistent estimates of standard errors that can be used for inference. According to
Kao and Chiang (2000), FMOLS and DOLS estimators have normal limiting properties. The DOLS and FMOLS
estimations are given by the following equation:

k;

Yit = a; + BiECit + z YiAEC—k + e 1 =12, ,Nt=12,..,T(7)
k=—k;

Where y; represents ECG, EC;.represents all other signals and y;, and EC;, are cointegrated with slopes §3;, which may
or may not be homogeneous across i.

Following from Eq. (7), let & = i;; AEC;;  be a stationary vector consisting of the estimated residuals from the co-
integrating regression and differences in signals data. Also let, Q;; = limT - ©E[T 1L, &)L, &]be the long-
run covariance for this vector process which can be decomposed into Q; = Qf + F +T';  where Qf is the
contemporaneous covariance and Tis a weighted sum of autocovariances. Group means fuIIy modiﬁed ordinary least

square (FMOLS) estimators are given as:
N

T “lrT
Bowe = N‘lz[Z(ECu—E_Cr)Z] [Z(Ecu—E_ci)y:t—m ®

1
Wherey; = (i — Vi) — 211 AEClt And9; = +I,y; + Q(2)11 Am (F221 + Q221)

Between dimension estimator is Bemp=N"22N, Birmi Where Beemi 1S conventional FMOLS estimator applied
toipatients of the panel.  t-statistics are  calculated astge = N-05 YN where

o =1 tBEFM.i
BCMF = (Bermi — Bo)[Q11; Xi-1 (ECye — EC)?1°°
We construct the group-mean panel dynamic ordinary least square (DOLYS) estimator as

Bemr =N7* z [z thzlt] [z Zityit] 9)

Where Z, is a2(K+ 1)1 a vector of regressors Z;EC;, — EC;,, AECi;_x AEC,x and Vi =yi — 9;.Between

dimension DOLS estimator can be con-structed as Bgyr = N7 XN, BcpiWhere Bep ;is conventional DOLS estimator
applied to ipatients of the panel. t-statistics are

. N-05 .
tBEMD =N Z tBCD.i (10)

. i=1
Where tg. = (Btpi— Bo)[6:2 X, (EC;, — EC;)?]%° and the long-run variance of the residuals from the DOLS

regression
T 2
07 = limp_oE [T (Z uit> (11)

t=1

X. PANEL GRANGER CAUSALITY

Panel Co-integration method tests whether the existence or absences of long-run relationship between cardiorespiratory
hemodynamic signals for the 186 patients. It doesn't indicate the direction of causality. When Co-integration exists
among the variables, the causal relationship should be modeled within a dynamic error correction model Engle and
Granger [4]. The main purpose of our study is to establish the causal linkages between cardiorespiratory hemodynamic
signals, the Granger causality tests will be based on the following regressions:

| ARTye | | @iarT| P |‘9211P 922ip  O23ip  D2aip  Vasip Dasip H ART;_p I BarTi I 2|
| CVP, | _ |aicvp | Z 1931;: 932ip  O33ip O3sip O3sip agip|| CVPi—p Bevi | €3t
1-L 1-—1L i 32iP 33iP 34iP 35iP 36iP it ileer .+ 12
( )I PAP; | a;pap < 1( ) V41ip Vazip Vazip Oasip Ousip  asip ” PAP,_p Bpapi | t—1 IS | ( )
RESP, h; RESP lﬂsup 9s2ip Issip Usaip Ussip ﬂsap“ RESP,_p J Bresp ‘J [EStJ
02 1coz Y61ip 62ip Dezip  Jesip  Jesip Desipd LCO2i — P Beozi 6t

Xit] aix] [‘91119 12ip O1zip Vuaip  Visip 19161?] Xit-p ] [Bxi] rslt]
I
I
|+

X can take ECG Three Leads, in other words X= {ECG Lead 1, ECG Lead 2 or ECG Lead 3} are as previously defined,
ECT,_, is the error-correction term,p denotes the lag length and (1 — L)is the first difference operator and ECT,_,
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stands for the lagged error correction term derived from the long-run cointegration relationship. An error correction
model enables one to distinguish between the long-run and short run Granger causality. The short term dynamics are
captured by the individual coefficients of the lagged terms. Statistical significance of the coefficients of each
explanatory variable are used to test for the short run Granger causality while the significance of the coefficients of
ECT,_,gives informationabout long-run causality. It is also desirable to test whether the two source of causation are
jointly significant.

XI. EMPIRICAL RESULT

Before beginning our results, we must clarify some details and signs:

'I:BCorresponds to the causal direction between three ECG leads to (ART, CVP, PAP, RESP, and CO2).
@=sa=x)0Nds to the causal direction between (ART, CVP, PAP, RESP, and CO2) to three ECG leads.

*: Indicates statistical significance at 1%.

A Value above the sign s , is the value of

F-statistic, which is considered a measure of the correlation between the variables studied.

A value above the sign <====which is in brackets, corresponds to the value of the probability of causation.
(X EX) : (x exponential x).

MGH Number: corresponds to a given patient.

[x: long-term coefficient.

A. Panel unit root tests

To investigate the stationarity of the used series, we used the unit root tests on panel data (Levin Lin and Chu[37], IM
Pesaran and Shin[38],Breitung, Maddala and Wu[39]). The results of these tests are presented in the TAB |

Null: Null: NO
Unit Root Unit Root
Levin, Lin Im, Pesaran MW-ADF MW-PP Fisher Heteroscedastic
Methods and Breitung t-stat And Shin Fisher Chi-square Hadri Z-stat consistent Z-stat
Chu (LLC) (IPS) W-stat Chi-square
Variables
ECG1 12.4478 -28.4826 -187.290 28890.0 27747.6 176.146 192.404
(1.0000) (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)*
ECG 2 -58.8768 -44.6482 -255.852 38443.1 24279.0 181.815 131.642
(0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)*
ECG 3 -0.72163 -34.1592 -262.221 40570.8 244235 166.571 148.879
(0.2353) (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)
ART -29.2508 -11.5720 -131.165 18304.3 9555.60 8.17865* 8.14917*
(0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000) (0.0000)
Level CVP 2.77551 -3.14799 -115.065 15288.9 14252.3 370.432 1457.72
(0.9972) (0.0008)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)*
PAP 4.76406 -5.27230 -145.712 19006.7 13352.0 345.136 799.665
(1.0000) (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)*
RESP_IMP -22.4540 -31.8073 -72.9855 7440.10 5275.31 60.5534 93.9812
(0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)*
CO2 -15.9551 -18.4740 -148.417 15977.0 8348.22 152.061 299.573
(0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)* (0.0000)*
AECG1 1944.82 -13.7880 -499.918 48738.2 24045.8 -10.5433 -13.8230
(1.0000) (0.0000)* (0.0000)* (0.0000)* (0.0000)* (1.0000) (1.0000)
459.068 -54.3651 -516.276 48990.7 31206.4 -20.4687 -14.1867
AECG2 (1.0000) (0.0000)* (0.0000)*  (0.0000)* (0.0000)* (1.0000) (1.0000)
A ECG 3 542.805 -41.3332 -482.546 48990.7 30604.8 -20.5044 -15.9242
(1.0000) (0.0000)* (0.0000)* (0.0000)* (0.0000)* (1.0000) (1.0000)
] A ART 455.965 -28.2642 -488.820 47579.2 32980.9 -16.4671 -0.75484
First (1.0000) (0.0000)* (0.0000)* (0.0000)* (0.0000)* (1.0000) (0.7748)
difference 1458.30 -0.68700 -361.356 37815.2 13406.7 2.24131 -2.41285
Acvp (1.0000) (0.2460) (0.0000)* (0.0000)* (0.0000)* (0.0125) (0.9921)
A PAP 913.961 -4.32952 -455.204 43393.5 15867.7 -6.82929 -1.96903
(1.0000) (0.0000)* (0.0000)* (0.0000)* (0.0000)* (1.0000) (0.9755)
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ARESP IMP 1542.42 -16.5830 244,023 31706.0 7423.42 -17.3418 -8.68555
- (1.0000) (0.0000)* (0.0000)*  (0.0000)* (0.0000)* (1.0000) (1.0000)

A CO2 1660.49 -21.8927 -375.826 42652.1 21289.4 -14.0289 -3.49778
(1.0000) (0.0000)* (0.0000)*  (0.0000)* (0.0000)* (1.0000) (0.9998)

TABLE I.Panel unit root result for cardiorespiratory hemodynamic signals

The table summarizes the results of tests (LLC), (IPS), (BRT), (MW) and Hadri test applied to the variables of the
model. (LLC) Tests and especially the Hadri test show that the series are non-stationary in level; other tests indicate
that all series are stationary in level. This contradiction in the results leads us to the test in first differences, to ensure
the integration of variable order. Passing the first differences, we find that all series are stationary, even for Hadri test.
We conclude that they are integrated of order one | {(1)}.

Set apart the (LLC) test, which indicates that the series are non-stationary in first differences; this can be partly
explained by the low statistical power of this test providing the other unit root tests used as the Hadri test. We can
nevertheless emphasize the efficiency and power of unit root tests in panel, as in the first series are stationary
differentiation whatsoeverfor the model with trend and constant, constant or neither constant nor trend. This proves that
the panel tests are more powerful compared to unit root tests in time series.

B. Panel Co-integration results

We have seen that all variables are integrated order onel, Based on these test results panel unit root, we proceed to Co-
integration test panel and that by relying on Pedronitests[43, 44, 45].TAB II, IlI, IV shows the outcomes of
Pedroni's[43]Co-integration tests between the cardiorespiratory hemodynamic signals. We use four within group tests
and three between-group tests to check whether the panel data are Co-integrated. The columns labeled within-dimension
contain the computed value of the statistics based on estimators that pool the autoregressive coefficient across different
patients for the unit root tests on the estimated residuals. The columns labeled between-dimension report the computed
value of the statistics based on estimators that average individually calculated coefficients for each patients,the results
are as follows:

Methods Within dimension Between dimension
(panel statistics) (individuals statistics)
Tests Statistique Prob Tests Statistique Prob

LOGPIB LOGELEC

Pedroni (1999) Panel v-statistic 69.19013 0.0000 Group p-statistic -5591.268 0.0000
Panel rho-statistic -8672.167 0.0000 Group pp-statistic -351.4859 0.0000
Panel PP-statistic -602.5878 0.0000 Group ADF-statistic -348.1382 0.0000
Panel ADF-statistic -186.8195 0.0000

Pedroni (2004)(Weighted Panel v-statistic 33.48845 0.0000

statistic)
Panel rho-statistic -4405.941 0.0000
Panel PP-statistic -424.4667 0.0000
Panel ADF-statistic -202.7119 0.0000

TABLE Il.Pedroni Residual co-intgration for “ECG 1” test result

Methods Within dimension Between dimension
(panel statistics) (individuals statistics)
Tests Statistique Prob Tests Statistique Prob
LOGPIB LOGELEC
Pedroni (1999) Panel v-statistic 55.21736 0.0000 Group p-statistic -263.9111 0.0000
Panel rho-statistic -188.6854 0.0000 Group pp-statistic -83.67155 0.0000
Panel PP-statistic -71.95658 0.0000 Group ADF-statistic -339.9897 0.0000
Panel ADF-statistic -172.3291 0.0000
Pedroni (2004)(Weighted Panel v-statistic 23.56756 0.0000
statistic)
Panel rho-statistic -253.1904 0.0000
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Panel PP-statistic -86.51492 0.0000
Panel ADF-statistic -248.0303 0.0000

TABLE Il1.PedroniResidual co-integration for “ECG 2” test result

Methods Within dimension Between dimension
(panel statistics) (individuals statistics)
Tests Statistique Prob Tests Statistique Prob

LOGPIB LOGELEC

Pedroni (1999) Panel v-statistic 50.73377 0.0000 Group p-statistic -512.1304 0.0000
Panel rho-statistic -781.5241 0.0000 Group pp-statistic -101.8669 0.0000
Panel PP-statistic -165.2944 0.0000 Group ADF-statistic -315.2784 0.0000
Panel ADF-statistic -181.1601 0.0000

Pedroni (2004)(Weighted Panel v-statistic 17.28101 0.0000

statistic)
Panel rho-statistic -287.3267 0.0000
Panel PP-statistic -92.75331 0.0000
Panel ADF-statistic -276.9094 0.0000

TABLE IV.PedroniResidual co-integration for “ECG 3” test result

The tables summarize the results of seven PedroniCo-integration statistical. The results show that there is a
long-term relationship between the variables in the models studied; this relationship is characterized by a
statistically significant and exceptional strength, as all statistical probabilities are equal to 0. So we can say with
certainty that there can be noambiguity about the existence of a long-term relationship. Co-integration of
variables depends on the value of the probability associated with each statistics. And the seven tables of the
three statistical seven probability values are below 1%. These are all integrand intra-individual tests; all this
proves that there is a relationship of co-integration between the variables in the model Estimators give different
results. It is important to note that the DOLS method has the disadvantage of reducing theSince our sample size
is important, especially in the temporal dimension, the DOLS estimation can give acceptablenumber ofdegrees of
freedom by including leads and lags in the studied variables, which leads to less reliable estimates.

C. The FMOLS and DOLS estimations

In this step, we estimate the long-term relationships using FMOLS methods and DOLS estimators proposed by
Pedroni [45], Kao and Chiang [46]and Mark and Sul [47]. These results FMOLS and DOLS test results are
presented in the following table:

Dépendent FMOLS DOLS
Variable
ECG1
Independent Variables Independent Variables

Variables  ART PAP CVP RESP CO2 ART PAP CVP RESP CO2
[-0.6E-05 [0.001016 [0.000566 [-0.00516 [7.98E-05 [-0.00012 [0.000950 [0.000496 [-0.00444  [0.000201

S 3206055 17.70624 1103433  -2.110036 0039990 -4.027065 1653884  9.695464  -1830082  0.100691
(0.0013)*  (0.0000)*  (0.0000)*  (0.0349)  (0.9681)  (0.0001)*  (0.0000)*  (0.0000)*  (0.0672)  (0.9198)
[00704 [-0.02484 [o0.019325 [-0.66894 [1567996 [-0.11785 [-0.00058 [0.054412 [-0.40316 [0.339580
Beleen 7284033 2475751 2333831  -2497008  3.859577  -6.838887 -0.082283  4.474825 -1049699 0536244

(0.0000)*  (0.0133) (0.0196) (0.0125)  (0.0001)*  (0.0000)*  (0.9742)  (0.0000)*  (0.2939) (0.5918)

TABLE V. FMOLS AND DOLS LONG-RUN FOR ECG 1
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Dépendent FMOLS DOLS
Variable
ECG 2
Independent Variables Independent Variables

Variables  ART PAP CVP RESP CO2 ART PAP CVP RESP CO2

[0.000620 [0.000551 [0.000149 [-0.01873 [-0.00243 [0.000605 [0.000497 [7.6E-05 [-0.01828  [-0.00246

S 2027830 1370295 4141831 -10.90717 -1737896  29.04300 1296078 2236932 -1128750  -1848341
(0.0000)*  (0.0000)*  (0.0000)  (0.0000)*  (0.0822)  (0.0000)*  (0.0000)*  (0.0253)  (0.0000)*  (0.0646)
[-0.03677 [-0.03693 [-0.08963 [0.252080 [0.395186 [-0.07579 [-0.04604 [-0.1036 [1.314791 [1.803556
B
e -1532015 1607492 -3433341 1658449 1805124 -1790505 -1.895954 -3.32072  6.248118 5397343
(01253)  (0.1079)  (0.0006)*  (0.0972)  (0.0711)  (0.0734)  (0.0580)  (0.0009)*  (0.0000)*  (0.0000)*
TABLE VI. FMOLS AND DOLS LONG-RUN FOR ECG 2
Dépendent FMOLS DOLS
Variable
ECG 3

Independent Variables Independent Variables
Variables  ART PAP CVP RESP CO2 ART PAP CVP RESP CO2
[0.000637 [0.000150 [0.000364 [-0.00188 [-0.01787 [0.000599 [7.10E-05 [0.000287 [-0.00187  [-0.01839

R 3046935 3782564  10.25381 -1109068 -12.93843  20.16318 1822872  8.293247  -1140663  -13.55010
(0.0000)*  (0.0002)*  (0.0000)  (0.2674)  (0.0000)*  (0.0000)*  (0.0683)  (0.0000)*  (0.2540)  (0.0000)*
[0.020096 [0.057728  [0.06423 [-0.98488 [-2.07963 [0.027824 [0.100742 [0.117533 [-2.16805 [-4.75549
B 1247277 3382016 5086200 -5.009932 -1088475 0677230 5481170 7498727 -8.638446  -16.20207

(0.2123) (0.0007)* (0.0000)* (0.0000)* (0.0000)* (0.4983) (0.0000)* (0.0000)* (0.0000)* (0.0000)*

TABLE VII. FMOLS AND DOLS LONG-RUN FOR ECG 3

As mentioned above, we used two techniques for obtaining estimates of parameters of the long-term
relationship between the three leads ECG and hemodynamic respiratory signals, the TAB V, VI and VII presents
the results FMOLS and DOLS. The coefficients of hemodynamic respiratory signals and the three leads ECG1,
ECG2 and ECGS3, are generally statistically significant at 1% in both within and between. Being the coefficients
can be interpreted as elasticity. Overall, the results of this study show that there isastrong long-term
relationship between the three leads ECG and hemodynamic respiratory signals. The results for ECG1 ECG2 and
ECG3 suggest that an increase of 1% of PAP increases ECG’s, respectively, 0.001016 % 0.000551 % 0.000150 %
in the Within dimension based on the method FMOLS, these results highlight the involvement of hemodynamic
signals to three ECG leads. These resultssuggest that a 1% increase in CVP increases ECG1 and ECG3,
respectively, 0.054412 % 0.117533 % in the between dimension based on the DOLS method. It should be noted
that the coefficients as (ART, RESP, and CO2) are negative, in this case must take its results with the greatest
caution.

D. Panel Granger causality results

Having established that the three leadsECG is Co-integrated in the long-term with hemodynamic respiratory
signals, this step is done to objectively examine the causal relationship between these variables, the following
table summarize all the results of causality, the optimal structure of delays was established using the Akaike and
Schwarz information criteria.
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Lags ART CVvP PAP RESP  CO2

46
56.2561* 30151*  118.567*  7.6858*  0.82267
_——m T T T

ECG  (0oo0)  (00000) (00000) (5E-49)  (0.7984)

<

16.7803*  39.797*  20.417*  13.8728*  7.09313*
) = =)

ECG
(2E-132)  (00000)  (2E-167) (3E-105) (7 E-44)

20.3208*  61.2560*  46.8816*  44.6187*  7.69566*
= =m_> =_> =_ >

E%:G (GE-166)  (00000)  (00000)  (0000) (4 E-49)

TABLE VIIl.PanelGranger causality test results

The table shows that there is a cause and effect way, except in the case ECG1 with CO2, or where there's no
causality, summary Granger causality runs from three ECG leads to hemodynamic respiratory signals for
different individuals and vice versa. In other words, the assumption of feedback (bidirectional relationship
between three lead ECG and hemodynamic signals in which the causality works in both directions) is confirmed
for these individuals. Therefore, any impact from the hemodynamic respiratory signals will affect the three ECG
leads and vice versa.

XI1. DISCUSSIONS AND CONCLUSIONS

In order to check the long-term convergence between our studied signals, we applied the Co-integration method.
The results show that there is actually a convergence of these signals. In this article, we focus on the technical
and non-medical aspects in the fact that we belong to the telemedicine fields, however we will give some
scientific explanations to clarify this convergence. First, pulmonary hypertension in the long-term, it causes right
ventricular failure. Second, blood hypertension induced left ventricular hypertrophy that will cause at long-term
a heart failure. Finally, a sufficient supply of oxygen to the heart, weak and overloaded will cause at long-term
coronary heart disease.

Our hypotheses are based and validated by the Granger causality and Co-integration panel in long-run, the
mathematically search result obtained by this method could confirm the cardiorespiratory hemodynamic
anatomy, the knowledge and the quantitative understanding of these interactions are critical in monitoring
people at risk situations (awakening from anesthesia, age-related pathologies, followed pregnant women, ...), so
for our future telemedicine applications, is a real progress towards the perfect analysis of signals received in real
time and in long-term. Based on these results, we will draw in advance and with the inclusion of all the
interdependencies with these specific degrees protocols enable an excellent Intervention.

CONFLICT OF INTEREST

An earlier version of this paper was presented at the WCCAIS 2014 IEEE Conference, Hammamet, Tunisia,
January 17-19, 2014. Our paperentitled“Causal relationships between cardiorespiratory hemodynamics signals:
Test analysis using panel Co-integration” was selected by the Conference as one of its top papers; we will
present now our extended version.

REFERENCES

[1] A. Alwan, “Rapport sur la situation mondiale des maladies non transmissibles”, OMS, Geneva, Suisse, 2010-2011.

[2] Shanthi. Mendis, Pekka. Puska and Bo. Norrving, “Global atlas on cardiovascular disease prevention and control”, Geneva: WHO, 2011.

[3] Mathers CD and Loncar D, “Projections of global mortality and burden of disease from 2002 to 2030”, PLoS Med 2006, 3(11), e442.

[4] Granger, C. W.J, “Investigating causal relations by econometric and cross-spectral methods”, Econometrica, pp. 424-438, 1969.

[5] Yongmiao Hong, Yanhui Liu and Shouyang Wang, “Granger causality in risk and detection of extreme risk spillover between financial
markets”, Journal of Econometrics, Vol. 150, No. 2, pp. 271-287, June 2009.

10.15662/ijareeie.2014.0311091
Copyright to IJAREEIE WWW.ijareeie.com 13481



6]
[’

(8]
[9]

[10]
[11]
[12]

[13]

[14]

[15]
[16]

[17]
[18]
[19]

[20]

[21]

[22]
[23]

[24]

[25]
[26]
[27]
[28]
[29]
[30]
[31]

[32]

[33]
[34]
[35]
[36]
[37]

[38]
[39]

ISSN (Print) : 2320 - 3765
ISSN (Online): 2278 — 8875

Electronics and Instrumentation Engineering
(An ISO 3297: 2007 Certified Organization)
Vol. 3, Issue 11, November 2014

Mokhov, I. 1., and D. A. Smirnov, “El Nino-Southern Oscillation drives North Atlantic Oscillation as revealed with nonlinear techniques
fromclimatic indices”, Geophys, 2006.

U. Triacca, “Is Granger causality analysis appropriate to investigate the relationships between atmospheric concentration of carbon dioxide and
global surface air temperature?”, Theor. Appl. Climatol. 81, pp.133-135, 2005.

C. Diks and M. Mudelsee, “Redundancies in the Earth’s climatological time series”, Phys. Lett. A 275, pp. 407-414, 2000.

Ming-Chi. Chen and K. Patel, “House Price Dynamics and Granger Causality: An Analysis of Taipei New Dwelling Market”, JOURNAL of
the ASIAN REAL ESTATE SOCIETY, Vol. 1, pp. 101 — 126, 1998.

Pierre-Olivier Amblard and Olivier J. J. Michel, “On directed information theory and Granger causality graphs”, J ComputNeurosci, pp. 7-16,
2011.

CarolinLigges, M. Ungureanu, M. Ligges and H. Witte, “Understanding the time variant connectivity of the language network in developmental
dyslexia: new insights using Granger causality”, J Neural Transm, pp. 529-543, 2010.

Xiang Li, Kaiming Li, Lei Guo, Chulwoo Lim and Tianming Liu, “Fiber-Centered Granger Causality Analysis”, Medical Image Computing
and Computer-Assisted Intervention — MICCAI 2011, Lecture Notes in Computer Science Vol. 6892, pp. 251-259, 2011.

YeldaAlkan, Tara L. Alvarez, SurilGohel, Paul A. Taylor and Bharat B. Biswal, “Functional Connectivity in Vergence and Saccade Eye
Movement Tasks Assessed using Granger Causality Analysis”, 33rd Annual International Conference of the IEEE EMBS, Boston,
Massachusetts USA, August 30 — September 3, pp.8114-8117, 2011.

Zhu. J, Chen. Y, Leonardson. A.S, Wang. K, Lamb, J.R, Emilsson, V., Schadt and E.E., “Characterizing dynamic changes in the human blood
transcriptional network”, PLoSComput. Biol. 6, 1000671, 2010.

Pereda, E., R. Q. Quiroga and J. Bhattacharya, “Nonlinear multivariate analysis of neurophysiological signals”, ProgNeurobiol, pp. 1-37, 2005.
Yifan Zhao, Steve A. Billings, Hua-Liang Wei and Ptolemaios G. Sarrigiannis, “A parametric method to measure time-varying linear and
nonlinear causality with Applications to EEG data”, IEEE, pp. 1-7, 2013.

Florin E, Gross J, Pfeifer J, Fink GR and Timmermann L, “Reliability of multivariate causality measures for neural data”, J Neurosci Methods,
pp. 344-358, 2011.

Winfried Schlee, Vera Leirer, Iris-TatjanaKolassa, Nathan Weisz and Thomas Elbert, “Age-related changes in neural functional connectivity
and its behavioral relevance”, BMC Neuroscience, pp. 2-11, 2012.

ArianeSchad, JakobNawrath, Michael Jachan, Kathrin Henschel, Linda Spindeler, Jens Timmer, and Bjorn Schelter, “Approaches to the
Detection of Direct Directed Interactions in Neuronal Networks”, Springer Series in Computational Neuroscience, Vol.2, pp. 43-64, 2009.

C. Yang, R. Le BouquinJeannés, G. Faucon, and F. Wendling, “Detecting causal interdependence in simulated neural signals based on pairwise
and multivariate analysis”, 32nd Annual International Conference of the IEEE EMBS, Buenos Aires, Argentina, August 31 - September 4, pp.
162-169, 2010.

Laura Astolfi, HovagimBakardjian, FeboCincotti, Donatella Mattia, Maria GraziaMarciani, Fabrizio, De VicoFallani, Alfredo Colosimo,
Serenella, Salinari, FumikazuMiwakeichi, Yoko Yamaguchi, Pablo Martinez, AndrzejCichocki, Andrea Tocci, Fabio Babiloni, “Estimate of
Causality Between Independent Cortical Spatial Patterns During Movement Volition in Spinal Cord Injured Patients”, Brain Topogr, Springer,
pp. 107-123, 2007.

GuiomarNiso, Ricardo Brufia, Ernesto Pereda, Ricardo Gutiérrez, Ricardo Bajo, Fernando Maesti and Francisco del-Pozo, “HERMES:
Towards an Integrated Toolbox to Characterize Functional and Effective Brain Connectivity”, Neuroinform, Springer, 2013.

Olivier David, Isabelle Guillemain, Sandrine Saillet, SebastienReyt, Colin Deransart, ChristophSegebarth and Antoine Depaulis, “Identifying
Neural Drivers with Functional MRI: An Electrophysiological Validation”, PLoS Biology, Vol. 6, pp. 2683-2697, 2008.

Paolo Zanatta, Gianna Maria Toffolo, Elisa Sartori, Anna Bet, FabrizioBaldanzi, NiveditaAgarwal, Eugene Golanov, “The human brain
pacemaker: Synchronized infra-slow neurovascular coupling in patients undergoing non-pulsatile cardiopulmonary bypass”, Neurolmage,
Elsevier, pp. 10-19, 2013.

Ge, T., Kendrick, K and Feng, J, “A novel extended granger causal model approach demonstrates brain hemispheric differences during face
recognition learning”, PLoSComput. Biol. 5, €1000570. 2009.

Ge, T, Feng, J, Grabenhorst, F, Rolls and E, “Componential Granger causality and its application to identifying the source and mechanisms of
the top-down biased activation that controls attention to affective vs sensory processing”, Neuroimage 59, pp. 1846-1858, 2012.

M. Palu s, A. Stefanovska, Phys. Rev. E 67 055201R, 2003.

P.F. Verdes Phys. Rev. E 72(2) 026222, 2005.

Faes, L, A. Porta, R. Cucino, S. Cerutti, R. Antolini, and G. Nollo, “Causal transfer function analysis to describe closed loop interactions
between cardiovascular and cardiorespiratory variability signals”, Biol. Cybern. 90, pp. 390-399, 2004.

Faes. L, L. Widesott, M. Del Greco, R. Antolini and G.Nollo, “Causal cross-spectral analysis of heart rate and blood pressure variability for
describing the impairment of the cardiovascular control in neurally mediated syncope”, IEEE Trans. Biomed. Eng. 53, pp. 65-73, 2006.

Nollo G, Faes L, Porta A, Antolini R, Ravelli F, “Exploring directionality in spontaneous heart period and systolic pressure variability
interactions in humans: implications in the evaluation of baroreflex gain”, Am J Physiol Heart CircPhysiol 288, pp. 1777-1785, 2005.

Nollo, G., L. Faes, A. Porta, B. Pellegrini, F. Ravelli, M. Del Greco, M. Disertori, and R. Antolini, “Evidence of unbalanced regulatory
mechanism of heart rate and systolic pressure after acute myocardial infarction”, Am. J. Physiol. Heart Circ. Physiol. 283, pp. 1200-1207,
2002.

Pereda, E., D. M. de La Cruz, L. De Vera, and J. J. Gonzalez, “Comparing generalized and phase synchronization in cardiovascular and
cardiorespiratory signals”, IEEE Trans. Biomed. Eng. 52: pp. 578-583, 2005.

GiandomenicoNollo, MichelaMasé,WalterMattei, Roberta Cucino, Luca Faes, “Assessment of a prototype equipment for cuffless measurement
of systolic and diastolic arterial blood pressure”, Journal of Electrocardiology 01/2011, 44(2). DOI:10.1016/j.jelectrocard, 2010.

Faes. L, Nollo. G, Porta. A, “Information based detection of nonlinear Granger causality in multivariate processes via a non-uniform embedding
technique”, Phys. Rev. E 83,051112, 2011.

Rosenblum, M. G, L. Cimponeriu, A. Bezerianos, A. Patzak, and R. Mrowka, “ldentification of coupling direction: application to
cardiorespiratory interaction”, Phys. Rev. E 65:041909, 2002.

Levin. A, Lin. CFand Lin. ChuJ, “Unit root tests in panel data: asymptotic and finite-sample properties”, J Econometrics 108, pp. 1-24, 2002.
Im. KS, Pesaran. MH and Shin. Y, “Testing for unit roots in heterogeneous panels”, J Econometrics 115, pp. 53-74, 2003.

Maddala. G.S and Wu. S, “A comparative study of unit root tests with panel data and a new simple test”, Oxford Bulletin of Economics and
Statistics Special Issue, pp. 631-652, 1999.

10.15662/ijareeie.2014.0311091

Copyright to IJAREEIE WWW.ijareeie.com 13482



ISSN (Print) : 2320 - 3765
ISSN (Online): 2278 — 8875

International Journal of Advanced Research in Electrical,
Electronics and Instrumentation Engineering
(An 1SO 3297: 2007 Certified Organization)
Vol. 3, Issue 11, November 2014

[40] Breitung. J, “The local power of some unit root tests for panel data”, Advances in Econometrics 15, pp. 161-177, 2000.

[41] Hadri. K, “Testing for stationarity in heterogeneous panel application”, Econometric Journal 3, pp. 148-161, 2000.

[42] Pedroni, P, “Panel cointegration, asymptotic and finite sample properties of pooled time series tests, with an application to the PPP hypothesis:
new results”, Economics Working Paper, Indiana University, 1997.

[43] Pedroni. P, “Critical values for Co-integration tests in heterogeneous panels with multiple regressors”, Oxford Bulletin of Economics and
Statistics 61, pp. 653-678, 1999.

[44] Pedroni. P, “Panel Co-integration: asymptotic and finite sample properties of fooled time series tests with an application to the PPP hypothesis”,
Econometric Theory 20, pp. 597-625, 2004.

[45] Pedroni. P, “Purchasing power parity tests in Co-integrated panels”, Rev. Econ. Stat. 3 (A), 121, 2001.

[46] Kao. C, Chiang. M.-H, “On the estimation and inference of a Co-integrated regression in panel data”, In: Baltagi, B.H. (Ed.), Advances in
Econometrics: Nonstationary Panels. Panel Co-integration and Dynamic Panels, 15, pp. 179-222, 2000.

[47] Mark. N.C, Sul. D, “Co-integration vector estimation by panel DOLS and long-run money demand”, NBER Technical Working Papers 0287,
National Bureau of Economic Research, Inc, 2002.

BIOGRAPHY

S. Ghoualireceived his Master degree in Mobile Networks and Services from the University ofTlemcen (Algeria) in
2012.Member of STIC laboratory (Phd researcher) in the same university, his research interests to develop telemedicine
application on smartphone for monitoring people at risk situations

M. Fehamreceived the Dr. Eng. degree in Optical and Microwave Communications from the University of Limoges (France) in
1987, and his PhD in Science from the University of Tlemcen (Algeria) in 1996. Since 1987, he has been an Assistant Professor
and Professor of Microwave, Communication Engineering and Telecommunication Networks. He has served on the Scientific
Council and other committees of the Electronics and Telecommunication Departments of the University of Tlemcen. His
research interest now is mobile networks and services

Y, Z. Ghouali received his B.E. and M.E. degrees in Quantitative Methods to Aid Decision Making from the University of
Tlemcen, Algeria, in 2010 and 2012 respectively. He joined the POLDEVA Laboratory of research in 2012 as a PhD researcher.
His research work includes the design and development of mathematical models, schematization energy and medical
phenomena using mathematical relationships

10.15662/ijareeie.2014.0311091
Copyright to IJAREEIE WWW.ijareeie.com 13483



