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Abstract

Causal inference is a familiar topic in biomedical research and a key concept in the study of connectivity in
various physiological systems. This work aimed to analyse the coupling between the beat to beat parameters
derived from ECG and respiration. It was the first time such an analysis was carried out in the context of
finding the differences caused by chemical’s exposure.

We used conditional Granger causality, a popular method to evaluate direct causal relationships. We have
incorporated the cardinality constraint in the optimization function of Granger causality (GC) to deal with
the high dimensionality challenge. Further, we extended the original formulation GC to evaluate the coupling
between two unequally sampled signals. Finally, end to end implementation of the machine learning prediction
model using causal features is well illustrated.

We found a consistent decrease in the average coupling strength of breathing parameters after the exposure. But
in the case of ECG interactions, no noticeable change was observed. Surprisingly we found no significant links
between the ECG and breathing parameters. The support vector machine (SVM) and random forest trained on
coupling values differentiate between healthy and exposure samples. The accuracy of trained SVM and random
forest on the independent test set were 78% and 75%, respectively.
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1 Introduction

1.1 Problem Statement

Workers employed in chemical industries, soldiers serving in war zone areas, farmers using pesticides in their
fields, and even medical practitioners treating the patients have a high risk of getting exposure to toxic chem-
icals. Early detection of the harmful chemical can help doctors to treat the victims effectively [12]. Real-time
physiological signals such as breathing, ECG and EEG can be recorded to check their overall health. The
different types of intoxication can have distinct effects on the physiological behaviour of the human body. Es-
tablishing unique profiles concerning the variety of intoxication will reduce the treatment time and make the
cure much more accurate. Further, such unique profiles can aid in developing detailed therapy or medicine to
counter the effect of intoxication.

Even though certain aspects of physiological changes can overlap between different agents and exposure routes,
each of these combinations is expected to have a unique profile, when looking at the whole of the physiological
changes combined. If such profiles can be established, these could be used to reduce the treatment delay, by pro-
viding an accurate diagnosis in an early stage of the intoxication. Smart wearable sensors provide an excellent
platform to provide real-time data on various measures of physiology, to be trained to recognize intoxication
profiles. The current project aims to establish the distinct physiological profiles concerning the type of intoxi-
cation and subsequently develop a detection model that differentiates among the different chemical exposures.

To achieve the above goal, we cannot expose humans to Fentanyl and VX chemicals for data collection. We
got the data of Guinea pigs that are exposed to previously mentioned chemicals with varying dosages. The
ultimate goal of the project is to devise a prediction model that can translate to humans without explicitly
collecting their exposure data. In the past, we used the physiological parameters that were derived from ECG,
EEG and respiration signals to develop the prediction model [61]. Although, the accuracy of the model was
more than 95%, there is no guarantee that the model will generalise well on the human dataset also. Because
human physiological signals are influenced by external factors such as motion, mental activities that are varying
a lot. We think that the model based on interaction features (or causal relationships) between the physiological
parameters might be robust to external factors and so, there is a high chance that the causal algorithm will gen-
eralise well among different subjects. This is indeed another aim of the assignment that is left for the future work.

In the past, the coupling analysis in complex cardio-respiratory and cardiovascular systems have shown inter-
esting interactions insights between healthy and diseased persons [42][38][59]. Further, we are interested to see
if the causal features are able to differentiate between the different exposure types without considering EEG,
which is already proved to be useful [61] but difficult to collect in real-time. Further, causal based approaches
will aid in transfer learning [55]. The two most important objectives of this thesis are

e Quantify the interactions between the parameters derived from physiological signals.

e Use the interactions to differentiate between the conditions.

1.2 Concept of Causality

Interactions between two signals denote how well the signals are related to each other. That is, whether the
knowledge of one signal can help in reducing the uncertainty of another signal. There are two types of interactions
or coupling measures, directional and non-directional. Directional coupling explains the strength and direction
of the relationship between the signals. Here we investigate the cause and effect. Whereas non-directional only
expresses the strength of the link between the two signals. Two popular measures for non-directional coupling
are correlation and mutual information.

The famous phase “correlation does not imply causation” indicates the inability of the correlation measure to
conclude about the cause and effect between two variables. A correlation between two variables (X and Y)
could be due to following scenarios (more possibilities are possible):

e X is causing Y
e Y is causing X

e X is causing Y and Y is causing X



e X and Y are caused by common variable Z, but X and Y do not cause each other
e X and Y are causing Z, but X and Y do not cause each other
e X is causing Z and Z is causing Y, but X and Y do not cause each other

All the above possibilities are depicted in the Figure 1. Because of several possibilities of the same correlation
value, it cannot detect the cause and effect between the two variables.
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Figure 1: "Correlation does not imply Causation". Different possible scenarios for the non-zero correlation
between X and Y. The direction of the arrow indicates the direction of causal relationship. (a) X is causing Y
(b) Y is causing X (c) Both X and Y cause each other (d) X and Y are caused by common variable Z, but X
and Y do not cause each other (e) X and Y are causing Z, but X and Y do not cause each other (f) X is causing
7 and Z is causing Y, but X and Y do not cause each other.

(c)

We can compute the correlation using parametric and non-parametric ways. Pearson correlation is a parametric
way of measuring the linear correlation between two variables. It is a ratio of the covariance matrix of two
variables (X and Y) and the product of their standard deviation. It is denoted as

(X,Y)

Pay=———" Lag=0 correlation. (1)
z0y

The covariance matrix is symmetrical, therefore the mathematical formulation of p,, and py, are the same.
This implies that, if we calculate the correlation for x — y and y — x both will be same. Another method to
calculate correlation is a spearman correlation [65]. It is a non-parametric way of measurement that ranks the
variables’ points in a monotonic fashion. That is, if two variables are monotonically related, it will be result 1
or -1 even though their relationship is not linear. Hence, it is capable of capturing non-linear trends between
the two signals. The difference between the Pearson and spearman correlation is shown in the Figure 2.
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Figure 2: Spearman and pearson correlation between X and Y [65].

Mutual information (M) is another method to calculate the non-directional coupling between two variables.
MTIxy between two variables (X,Y) can be seen as the amount of extra information needed to transmit X and
Y from one point to another if we assume X and Y are independent of each other [14]. It is denoted as

p(z,y)
MlIxy = p(z,y)log =~
zegg p(z)p(y)

(2)
where p(x,y) is the joint probability distribution between X and Y, and p(z) and p(y) are the individual
probability distributions of X and Y, respectively. The product of p(z) and p(y) denotes the amount of
information transferred assuming both the processes are independent. The M is a symmetric function therefore
no directional information can be derived from it. The probability distribution can be estimated by using
parametric or non-parametric means. If two variables are independent, then the M T = 0 (equation (3)) and on
the other hand, if they are highly correlated with each other then it is given by equation (4).

_ ) 1o P)
Mixy = m;;ey” W8 ) )

=0 , plz,y)=plx)ply)c X LY

1
MIxy = Y p(y)log @)’
zeX,yeY p

where, (4)

p(x,y) = p(x/y) * p(y) and
p(z/y) =1 € x and y highly related to each other.

Thomas Schreiber, in his work [16], introduced the time lag in the symmetric function of Mutual Information
to add the directional aspect into the equation and came up with the concept of Transfer Entropy (TE). Which
is denoted as

- k—
- - P\ | Y; T,

TE;—y = § p(l’i’l’f 7y§ )IOg ( - | * kj )
z; €X,y: €Y p(aji | T )

7 (5)



k— 1—
A L R
TEy o= Y, plynyl 2} )long_Z)- (6)

Where TE,_,, and TE,_,, denote the flow of information from variable X to variable Y, and variable Y to X,
respectively. Moreover, ;, y;, xf_ and yé_, denotes current value of X, current of value Y , past k values of x;
and past [ values of y;, respectively.

To evaluate the Transfer Entropy (TE) we have to first estimate the probability distribution functions (pdf).
We can estimate the pdf using parametric and non-parametric methods as suggested in the paper [27]. The
non-parametric method does not make any prior assumptions on the characteristics of the given data whereas
the parametric method assume some distribution of the data or fix certain properties of the model.The non-
parametric methods such as nearest neighbour and binning [27][45], become computationally expensive when we
consider more signals effect or increases the past values that is, [ and k in the equations (5) and (6) . Therefore
we have implemented parametric method of transfer entropy to calculate the interactions between the variables.
Under the gaussian assumption on the distribution of X and Y the original formulation of GC [3] and the
transfer entropy is equivalent [32].

GC is capable of detecting linear coupling between the variables. It can be extended to non-linear case by
introducing correlation integral or radial basis kernel functions [27]. The GC captures both direct and indirect
links. We have implemented conditional GC [45] that detects only direct causality by considering the effect
of all the variables available in the system. The difference between indirect and direct causalities is shown in
Figure 3, where X is causing Y, Y is causing Z, but X and Z do not cause each other. In this thesis, we worked
on the linear version of conditional GC.

(a) (b)

Figure 3: "Indirect causality vs direct causality" when X is causing Y, Y is causing Z, but X and Z do not
cause each other. (a) Indirect causality network obtained without conditional GC method (b) Direct causality
network obtained with conditional GC method.

The GC is increasingly used to examine the interactions between the signal in biomedical systems with several
applications [51]. Gopikrishna et.al., used multivariate GC in functional magnetic resonance imaging (fMRi)
data to investigate the dynamics of brain network [33]. Michal et.al., investigated the interations between the
blood pressure (BP) and RR interval with subjects in resting position, performing mental activities, tilted in
the head-up position, and performing mental arithmetics while standing, and concluded that causal interactions
varies with different physiological conditions [53]. Faes et.al., studied the linear and non-linear interactions
between the heart and brain, and between brain-brain signals during the sleep [46].

1.3 Simple Examples

We simulated three different cases of already known relationships to illustrate the difference between causal and
non-causality. The first one shows the relationship between the non-causal measure (MI and correlation) and
causal measure (GC) for two independent variables. The second one signifies the benefit of using causal measure
over non-causal in two linearly coupled variables. In the last one, we have shown that GC fails to detect the
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causality between the two non-linearly coupled signals.

1.3.1 Two independent Process

Let’s consider two independent signals (X; and X5) that are denoted as

Xl,n = Wl,n (7)
Xon=Ws, € W,Wy~N(,]1).

Where X, and X, are the current instances of the signal X and Y. Each instances are sampled randomly
from the Gaussian distribution with mean 0 and standard deviation 1. In this case, the mutual information,
correlation, GC all are approximately equal to zero.

1.3.2 Two Linearly Coupled Signals

Let’s consider two signals (X; and X5) that are denoted as

Xl,n = Wl,n (8)

X27n = 0.4*X2,n,1 +0.5*X1,n,1 +W27n € Wl,WQ NN(O, 1)
Here X5 ,, depends on its and X , past value. Therefore, there is a causal relationship from X; —Xs but no
causal relationship from Xy —X;. In this case, the mutual information and correlation (lag=0) are close to
zero. That is, they failed to detect the interaction between these two signals. Whereas, the GC from X; to X5
is significant and nonzero, and from X5 to X; is zero.

1.3.3 Two Non-Linearly Coupled Signals

Let’s consider two signals (X7 and X5) that are denoted as

Xl,n = Wl,n

9

Xom =044 Xo,1+0.5x X12,n—1 +Ws, € Wi, Wy~N(0,1). ©
Here X5 ,, depends on its and non-linearly on X ,, past value. Therefore, there is a causal relationship from X;
—Xs but no causal relationship from Xy —X;. In this case, the mutual information and correlation (lag=0)
are close to zero. That is, they failed to detect the interaction between these two signals. Also, the GC in both
the directions are zero. That is, GC failed to detect the non-linear coupling.

1.4 Contribution

The major contribution of this work is to use conditional GC to investigate the causal relationships between
the ECG and respiration derived parameters. Even though the GC is actively used in the medical and financial
domains, it is the first time that the causal connectivity within and between, ECG and respiration derived
parameters systems are investigated to find differences caused by chemicals’ exposure. Further, we have used
the GC to evaluate the coupling between two unequally sampled signals with the cardinality constraint to
accommodate more variables without the explicit need for a large sample size.

1.5 Overview
This report is divided into 7 main chapters:

e Chapter 1 discusses the problem at hand, the concept of causality with simple examples, and the contri-
bution of this assignment.

e Chapter 2 describes the formulation of conditional GC in detail for both equal and unequal sampled
variables. It explains the methods to decide the model order and ways to carry out coupling significance
tests. Latter, we simulate simple examples to show the causal study in practice.

e Chapter 3 presents a description of the data, preprocessing methods and strategy to put everything into
practice.

11



e Chapter 4 showcases the pipeline of developing the prediction model based on causal features.
e Chapter 5 presents the result of this work. It contains the interaction insights and classification results.

e Chapter 6 summarizes the main conclusion of this thesis. The limitations and possible future work are
also thoroughly discussed.

Figure 4 briefly shows the steps with the methods involved in the thesis.

T . Causal Hypothesis Interaction Prediction
ala Freprocessing Inferences tests LUELEE Models
Medel Selection
+ Baseline filtering + Conditional - F-test * Graph + Feature
« Outlier Detection Granger - Surrogate Density Transformation
+ Missing Values Causality Analysis - Feature Selection
Interpolation * Hyperparameter
= Stationarity analysis Tuning

Figure 4: Sequence of steps followed in this assignment.
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2 Granger Causality: Algorithms and Simulations

In this chapter, the mathematical formulation of Granger Causality and other key concepts are discussed that
are necessary to evaluate direct causality. In section 2.1, equal and unequal sampled GC are explained along
with the model order selection techniques and least angle regression algorithm. In section 2.2, F-test and
surrogate analysis are defined for detecting false causalities statistically. In section 2.3, three simulations are
illustrated to showcase the applicability of the concepts to already known cases.

2.1 Granger Causality estimation
2.1.1 Mathematical Formulation

GC causal influence based on prediction via multi vector auto-regression (MVAR). According to the definition
of GC in [32], the conditional GC for the system consists of three variables (X, Y and Z), it is said that “Y
G-causes X7 if, in an appropriate statistical sense, Y assists in predicting the future of X beyond the degree to
which X and Z already predict X future. In this thesis we have adopted the notation from the research paper
by Montalto et.al [45].

Let’s consider a system described by the set of three variables (X, Y and Z). We are interested in evaluating
the information flow in the system from source variable X to the destination variable Y. The GC assumes the
variables to be stationary in nature. That is, the variables should have constant variance over time, should
have constant autocorrelation structure over time, have no trend and, no periodic fluctuations. Accordingly we
assumes X,Y and Z as the stationary variables. Moreover, we denote

Xf;_ = [anh an% ceey Xn*k+1]
Y"i_ = [Yn—la Yn—27 ey Yn—l+1] (10)
Zrii = [Zn—h Zn—2; ey Z’rb—j-‘rl]7

where Xk~ V!~ ZJ= are the vector variables representing the past of the variable X, Y and Z with k, [ and
J as the past values ( or time lags), respectively. Furthermore, X,,,Y,,, Z, represent the present value of X, Y
and Z, respectively.

Further, we introduce full and reduced vector as V() and V(") respectively for evaluating the information flow
from source variable X to the destination variable Y. V(%) contains the past information of X, Y and Z, and
V(") contains the past information of Y and Z as

Vi = XY )T

ViD= i 2T (“)

Then, an unrestricted regression of Y,, on the full vector and a restricted regression on Y,, on the reduced vector
are performed as

Y, = AWy 4 e (12)
Vo= ADVO er sy

where A®) and A" are vectors of linear regression coefficients. The terms €nyxz and e; y 5 are scalar white
noises with variance oy y, and oy, ,, respectively. The subscript in o signifies variables whose past information
are taken in the equation and additionally the first subscript in ¢ signifies the target variable. Then the GC
value from X to Y is given by
O_u
GCxy =log YXZ, (13)
o
YZ

Similarly, the information flow in the system from source variable Y to the destination variable Z is given by

13



O.u
GCYZ = log #
Ozx

The notation of all the possible interactions is shown in Figure 5.

GC,,

V4

Figure 5: Interactions notations between the three variables system.

In the next section we extend the above formulation of GC to estimate causality between two unequal sampled

signals.

2.1.2 Calculation Granger Causality in unequal sampled signals

The variables derived from ECG and respiration signal are unequally spaced with respect to the time. For the

evaluation of interactions between the ECG and respiration system, the old GC mathematical formulation

will

not work. That is, previously discussed mathematical formulation is only correct when all the variables of the
system are evenly sampled. But still, we can have the same notion of GC. That is, how well a past occurrences
certain variable (say X) assists in predicting future instances of another variable (say Y') beyond the degree to

which the past occurrences of Y already predicts Y future.

Let’s consider two sampling function hx and hy of two different variable X (a) and Y (¢), respectively. Where

X is sampled at lower rate then Y, see Figure 6 for an example.

a) Impulse Function (hy)
ssssess associated with X(a) variab

& a; a; 2 35 3 az ag a,

le

* Where a,= last sampled point

b) Impulse Function (hy)
ssssnnse associated with Y(t) variable
» Where t,_ = last sample point
t5 tE t? tS tQ

4 t 1 t, o t by, tm

Time

v

Figure 6: Sampling impulse response of variable X and Y’

Moreover, X(a) and Y(t) at any instant a; and ¢; can be sampled by using a sampling function denoted as

14



X(a;) =X(a)xhx(a—a;), €hx(a—a;)=1,a; €ay,az,..ay

=0, a; & ay,aq, ...a,

Y(ti) = Y(t) * hy(t — ti), € hy(t - tz) =1 ; ti S tl,tQ, tm
=0, t; & t1,to,..tm.

We are interested in evaluating the information flow in the system from source variable X to the destination
variable Y. We denote

Xg]_ = [Xlljfu Xaj—Z PR Xaj7p+1]
V=Y, i Yy

i -1 (17)
Aj—pt1 < AQj—p < ..o <aj—2 <aj-1 < t;,

i—20 i7p+1:|

with X L’{J‘, Yt’; ~ as the vector variables representing the past p past values of the variable X and Y, respectively.
Furthermore, Y;, represents current value of Y.

Further we introduce, full and reduced vector as V() and V(") respectively for evaluating the information flow
from source variable X to the destination variable Y. V(%) contains the past information of X and Y, and V(")
contains the past information of Y only as

Vi = Xemyi)” (18)
v =y

Then, an unrestricted regression of Y;, on the full vector and a restricted regression on Y;, on the reduced vector
are performed as follows:

Y, = AWy €nyX

Y, = AV per (19)

where A and A" are vectors of linear regression coefficients. The terms ei'yx and e}y are scalar white
noises with variance oy, and oy, respectively. The subscript in o signifies variables whose past information
are taken in the equation and additionally the first subscript in o signifies the target variable. Then the GC

value from X to Y is given by

GCXY = log (7}/770)( (20)
Oy

Similarly we define below set of equations to evaluate the information flow in the system from source variable
Y to the destination variable X.

ng_ = [Xaj—la Xa]-,2, ceny X
YT =Y

i i—17

ajfp+1]
Yii—27 3) }/vti—p+1:|
ti—p—i—l < ti_p < ... <tio <ti—1 < aj.

(21)

As compared to the previous case, this time p recent past samples of Y are considered whose occurrence time
is lesser than current X instance. Similarly, we defined full and reduced as V() and V()| respectively. Where,
V(®) contains the past information of Y and X, and V(") contains the past information of X only as

15



Vi = Xy

v = (x27, (22)

Then, an unrestricted regression of X,; on the full vector and a restricted regression on X,, on the reduced
vector are performed as follows:

KXo, = AWy @ €n xy  unrestricted regression

(23)
KXo, = ANy 4 en x  restricted regression .
Granger Causality value from Y to X is given by
Iy x
GCyx = log — (24)
o

X

Before evaluating GC, we need to estimate the past lag values or model order for both restricted and unrestricted
equations. Model order estimation techniques are discussed in the next section. The statistical significance of
the GC estimated through the autoregression technique is discussed in section 2.2.

2.1.3 Model Order Selection

The estimation of GC requires the number of time-lags or past values of the variable. In our three variables
system, k, [, j represent this. We have used uniform embedding. That is, the number of past values of all
variables is considered the same. We defined model order (p) as equal to the past values considered for each
of the variables in GC equations. Small model order could lead to the problem of curse of dimensionality [1]
and large model order could lead to the problem of underfitting [58]. One way is to increase the model order
until the fitting error is minimized. The major problem with this approach is that the error is a monotonically
non-increasing function of the model order p. This issue can be overcome by integrating a penalty function
that increases with the model order. Two popular criteria: the Akaike information criterion (AIC) [6] and the
Bayesian information criterion (BIC)[4], are suggested that effectively penalizes the objective function as the
model order increases. The formulation of AIC and BIC are denoted as

AIC(p) =2p —2log(L)

BIC(p) = log(n)p — 2log(L) , (25)

where p, L and n are model order, error(loss) and the number of training samples, respectively. Given the set
of models with different model orders, the preferred model is the one with the minimum AIC and BIC values.
For short data sequences, none of the above criteria tends to work particularly well [5]. Therefore, these criteria
are only be used as "indicators" or initial guesses of the model order. The Figure 7 shows AIC and BIC plots
that are evaluated of a ECG link in healthy phase for two random subjects. According to the figure, the past
lag value equal to 5 satisfies both the cases.
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Figure 7: AIC and BIC are calculated with respect to the model orders for a ECG link in healthy phase for two
random subjects. The model order equal to 5 seems to satisfy both the subjects.

2.1.4 Solving Regression Equation

To evaluate Granger causalities, we have to estimate A and A(") coefficients of unrestricted and restricted
regression equations, respectively (refer the equation (23)). That is, we need to solve two regression equations
for each of the interactions.

Let us consider a regression equation as

Y, =A%V, +e,, (26)

where Y, is the present value of Y, A is a row vector of representing regression coefficients, V,, is a column
vector containing past p instances of m different variables each and e,, is a white noise with variance o. V,, for
three variables case (X,Y,Z) is denoted as

Vo = [XE- Y Z07]T (27)

We could estimate A vector by solving the objective function (28) using least-square estimation technique [34].

n=N
minimize L(A) = (1/2N) > ||V, — A« V, |3 , A€ R (28)

n=1

The dimension of the regression equation (26) or the length of vector A increases as we incorporate more
variables into the equation (26) for fixed p. Without enough samples, the modelling will suffer the problem of
curse of dimensionality [1].

To solve the regression equation (26) with relatively smaller sample size, we introduced the L-1 norm or sparsity
regularization in the objective function (28) as follows,

n=N
minimize L(A) = (1/2N) Z 1Y, — Ax V|3 +al|AllL , A € R™P*L (29)
n=1
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where « is the regularization term that signifies the importance of I-1 norm. The larger the value of «, the
simple the model will be.

To solve the objective function (29) Least Angle regression(LARS) is used. Least Angle Regression is an
algorithm that effectively solves high dimensional regression models (i.e model with lot of features) [20]. LARS
is similar to forward stepwise regression. At each iteration LARS choose the feature which is most correlated to
the target variable. There may be a case when more than one features are equally correlated. In such scenario,
LARS averages the same correlated features and advances in a direction in between the directions corresponding
to each of the same correlated features. LARS bounces in the space in the most optimally calculated direction
without overfitting the model.

LARS works as follows as [19]

All coefficients of feature vector is set to zero.

The feature is selected that is most correlated to residual.(Residual is the difference between the observed
value and the predicted value)

The coefficient corresponding to selected feature is updated from 0 in the direction that is most correlated
with residual

Previous step is stopped as soon as another feature has equal or higher correlation with residual than the
selected feature.

In case of equal correlation, update both the features in the direction defined by their joint least square
coefficient of the current residual, until some other feature has as much correlation with the current
residual.

Continue until reduction of residual is no more significant or until all the features are in the model.

The level sets of norm-1 and norm-2 are shown in Figure 8 for two-variable case.

Figure 8: Level sets of norm-1 and norm-2 for two-variable case

In Figure 8, the blue point in the lower left is the zero model or the simplest model. The blue point upper right
is the model that minimizes the L-2 norm or most accurate model. As « increases, the estimated model from
the objective function (29) will move closer to the lower left blue point. We want to find the best alpha such
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that the intersection between the two-level set is closer to the upper blue point. To achieve this, we use 5- fold
cross-validation to estimate the best alpha.

In Figure 8, the LARS algorithm will start at the lower left point and will move vertically up till the third
norm-1 level set. Because at the third level set, there is a tangential intersection between the norm-1 and
norm-2 level set. That is another variable now become also highly correlated with the residual. Hence, now the
weights will get updated in the direction of 45 degrees to the upper blue point.

2.2 Statistical analysis

The statistical significance of the coupling values is assessed by F-tests and surrogate analysis, both the ap-
proaches are discussed in subsequent chapters. Checking the significance is necessary to discard false causalities.

2.2.1 F test

The statistical significance of the GC estimated by regression equations is checked by a parametric F-test for the
null hypothesis [3]. Here null hypothesis represents no significant direct causal link between the two variables.
We evaluate whether the GC value between the two variables is significant or a random guess.

Let’s consider set of the GC equations as

H1: Unrestricted Model Y, = Ay 4 €n Y X7

(30)

HO: Restricted Model Y;, = AM V() 4 enyZ
Where HO is the null hypothesis which is significant when there is no causal effect from X to Y. Otherwise, H1
equation will be significant. The null hypothesis is significant when the estimated errors of H1 (e €nyX ») and
HO (e nyY ) are comparable.Here we need to test against the null hypothesis. We use F-test to properly assess
the sugmﬁcance of the errors difference between the restricted and unrestricted of the equations.

We define the residual sum of square error(RSS) as

N
RSSyr = (et
b (31)
Z % and
N
RSSp = Z
(32)

i

where RSSyr and RSSg are the residual sum of square errors for unrestricted and restricted models, respec-
tively. The Y“ and YT are the predicted value of Y,, for unrestricted and restricted models, respectively. Finally,
N is the total number of samples.

In this case F test statistics is defined as

RSSRp—RSSup
_ P
Fovalue = RSSo— (33)
N—mp

where m is the total number of variables in the system and p is the number of past values considered for each of
the variables F' value is the ratio of two chi square distribution with degree of freedom p and N —mp, respectively.
Here we assumes that the residual error has Gaussian distribution. The GC is considered statistically significant
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if the F value is greater than the F' critical, calculated from the Fisher distribution with (p, N — mp) degrees
of freedom at the significance level a = 0.05.

Another way to understand the link between the F value and GC is by analyzing the size of denominator
and numerator of equation (33). For the link to be significant, the numerator and denominator of equation
(33) should be large and small, respectively. That is, the difference between the RSSg and RSSy should
be large, and at the same time, RSSy should be small. In such a case, the restricted model performs worse
than the unrestricted model. Therefore adding a variable into the system will improve the prediction accuracy,
(unrestricted model) that implies a significant information flow from past values of the added variable to the
target variable.

2.2.2 Surrogate Analysis

Surrogate analysis technique can also be used to check the statistical significance of the GC [17]. Surrogate
analysis statistically evaluates the importance of using non-linear approaches to model the data. It is also used
for checking the significance of synchronization or linear and non-linear coupling between two signals.

In surrogate analysis, we generate the data from the original data that have the same and different properties.
Different properties are the properties that we want to test against. It is highlighted in the null hypothesis. The
null hypothesis is what we want to reject using discriminating statistics. The null hypothesis is tested using
generated surrogate data. Some examples of the null hypothesis

e No coupling between the signals
e Signal is explained well by linear model
e There is no synchronization between the signals

If the value of the discriminating statistic of the surrogate data is significantly different from the original data,
then we reject the null hypothesis. Some examples of discriminating statistic

e Average residual error: Used for checking between linear and non-linear model
e GC value : Used for checking Coupling
e Correlation values: Used for checking random signal

Let’s consider a signal X modeled as

X, = —0.5562 % X,,_1 — 0.9% % X, + wy, (34)

wx ~ N(O, 1)

Where current value of X depends on its previous two values. Here our aim is to prove that variable is not
random. The auto- correlation of random variable is close to zero for lag greater than 0. The auto-correlation
sequence of random signal does not change after its random shuffling. Hence we can use lag-1 correlation value
for discriminating analysis.

In the Figure 9, the distribution of the surrogate of X does not change but the lag-1 correlation has changed.
Therefore we concluded that the signal X is not random and, we reject the null hypothesis.
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Figure 9: The correlation and distribution of the surrogate of X generated by random shuffling The top row
shows the autocorrelation and distribution of the original signal (X), generated by equation (34). The bottom
row shows the autocorrelation and distribution of the randomly shuffled of X. The distributions of the original
signal X and surrogate are the same. There is a significant change in the lag-1 correlation between the original
signal and its surrogate therefore X is not a random signal.

A brief overview of the null hypothesis, discriminating statistics and type of surrogate is depicted in Figure 10
that are useful in current and future work.

Test Non- Linearity Coupling

Goal Confirm nonlinearity Confirm Coupling

Null Hypothesis Process is Linear No coupling

Destroy by making Non Linear Dynamics Coupling relations

Surrogates

Discriminating Statistics Residual error Granger Causal (GC)

If null hypothesis is not Process is Linear There is no coupling btw

rejected signals

If null hypothesis is Process is not linear (with Signals cannot be

rejected some probability) considered having no
coupling (with some
probability)

Figure 10: Comparison of key elements of surrogate analysis between Non-Linearity and Coupling

Different Types of Surrogates There are basically five types of surrogates that are used to test for linear
and non-linear couplings
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e Random Shuffling: It is primarily the shuffled replica of the signal. It destroys the auto-correlation
sequence and keeps the amplitude distribution the same. It is used for testing the randomness of the
signal and the coupling between the two signals. For testing coupling, the surrogate of the driver or the
target series is taken.

e Time delay surrogates or shift testing or circular shifting: The signal is time-shifted with wrapping. The
surrogate signal has a different phase that is decreased or increased by the same amount. The correlation,
periodogram and amplitude distribution of the signal remain the same [29][45]. The time delay surrogates
method test the significance of phase synchronization and coupling between the two signals.

e Random phase or Fourier Surrogate: It randomizes the Fourier phase of the signal but keeps the magnitude
of its Fourier transforms the same. It results in a different phase and different amplitude distribution but
preserves the correlation and periodogram. Fourier Surrogate is applied to the driver or target signal to
test the significance of phase synchronization and coupling between the two signals [28].

e Amplitude Adjusted Fourier Transform ( AAFT): Random Phase surrogates usually have a gaussian
distribution. That is, often not true for real data. It may lead to false rejections based on just amplitude
distribution. Therefore we need to have same amplitude distribution to avoid false rejections [17][28]. The
phase correlations in the signal indicate non-linearity. The AFFT surrogates ensure approximately the
same amplitude distribution as the original signal with phase. The magnitude of the Fourier transform,
periodogram and correlation of the original signal remains the same with the surrogate. AFFT method
tests the significance of non-linearity in the signal and the coupling significance between the two signals
[54]. In one of the previous research, causal relationships between the brain waves powers of rats was
tested using conditional mutual information and AAFT. Then it was used to differentiate between the
shallow and deep anesthesia [37]. In this work, we have used AAFT for the surrogate analysis.

e Iterative Amplitude Adjusted Fourier Transform ( IAAFT): IAAFT better preserves the power spectrum
and amplitude distribution as compared to AAFT. TAAFT is used to tests for non-linearity and coupling
[54]. Maiwald et al.,2008 [31] provide a detailed explanation of the algorithm to generate AAFT and
TAAFT surrogates. They also compared the performance of AAFT and IAFFT and found out that
AAFT performs well than TAFFT.

Test Design: One-sided rank order test is used to test the significance of the coupling between the two signals
as described by Schreiber et al., [17] and by James Theiler [10]. First, we choose an acceptable probability of
occurring false-positive (a). According to the general concern o = 0.05 is generally acceptable. Then we evaluate
the number of surrogates (M) required for the test that is given by

K
M==_1, (35)

(%

Where K controls the sensitivity of the test. That is, more surrogates will increase the discrimination power
between the true signal and the surrogate signal. For the higher value of K, we need to generate more surrogates
resulting in more computational requirements. In this work we used K=5 or M = 99 with a =0.05. For the
coupling to be significant, the evaluated GC of the true signal should be higher than the evaluated GCs of
at least 95 surrogates. Otherwise, we cannot reject the null hypothesis and, we conclude that no significant
coupling is there between the signals.

Simulation: Let’s consider two signal X and Y that are generated as

X, =0.95 % vV2X,,_1 — 0.9025 * X,,_o + wx,
Y, =0.6% X,_o+0.25%xvV2xY,,_1 +wy,

wWx, Wy NN(O, 1).

Above equation is depicted in Figure 11 in directed graph form with edge label representing the affecting variable
strength.

22



Figure 11: The depiction of equation (36) in directed graph.

We used the random shuffling, Amplitude Adjusted Fourier Transform (AAFT) and Random phase surrogates
to test the significance of the evaluated Granger causality (GC). In each case we compared the original signal
GC with the 99 generated surrogates for both side of the link (that is Y — X and X — V). The results are
shown in figure-12. Where first row and second row represents coupling from X — Y and Y — X, respectively.
The orange dot represent the GC of the original signal. In the case of the first row ( Y — X ), coupling is
not significant because the GC of the original signal is lesser than the most GCs of the surrogates. Whereas,
in the second row (X — Y), the evaluated GC of the true signal is higher than the evaluated GCs of atleast
95 surrogates. Therefore for the second row we can reject the null hypothesis and conclude that, there is a
significant link from X — Y.
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Figure 12: The granger causalities for 99 surrogates are evaluated that are generated by using three different
methods. Top row (a,b,c) represent the link ¥ — X and bottom row (d,e,f) represent the link X — Y. The
link X — Y is significant according to all three methods because the red dot( true signal granger causality) is
higher than all its surrogates counterparts. While in the case of the link Y — X this is not the case.

2.3 Simulation Results

We simulated three different cases of already known coupling to illustrate the applicability of the above concepts.
The first one shows the relationship between GC value and coupling strength. The second one signifies the benefit
of using cardinality constraint in the objective function over the one without it. In the last one, we have shown
that there is no need to resample the unequal sample signals while evaluating GC.

2.3.1 Three Variable Case

Let’s consider three process X, Y and Z that are created as

X, =—0.5562% X, 1 —0.9%% X, o+ wx
Y, =12944 %Y, 1 —0.82 %Y, o4+ Cso% Z,_1 +C % Xp_1 + wy (37)
Zn=1599%Z, 1 —0.8> % Z,_ g+ Cozx Yo+ (1 = C) % X,,_2 +w3z.
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wx,wy,wz ~ N(0, 1)

Above equation is depicted in Figure 13 in directed graph form with edge label representing the affecting variable
strength.

Figure 13: The depiction of equation-37 in directed graph.

The equation (37) is simulated with different values of C, varied from 0 to 1 in steps of 0.01, keeping the
Ca3 = 0.1 and C33 = 0.5 constant. As at each C value the Granger causality between X to Y ( GCxy) and X
to Z (GXxz)is calculated and plotted in figure-14.
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Figure 14: The coupling constant C is varied from 0 to 1 in steps of 0.01. With the increase in C, the GC value
of the X — Y increases while the GC value X — Z decreases in accordance to the equation-(37).

According to the figure-14, as coupling constant C increases, the GCxY also increases and GCx Z decreases
because X to Z is affected by (1-C) coupling constant. The simulation shows that the Granger Causality value
is higher for strongly related signals.
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2.3.2 Eleven Variable Case

Let’s consider eleven processes from X; to X1 that are created as (following set of equations are taken from
the work by Montalto et.al., [45] )

X1 =0.95V2X1 1 —0.9025X ] ,, 2+ w1y

X2,n = 0~5X1,n72 + 0'5\/§X4,n71 + W2.n
XS,n = 70.3X17n_3 + 0.4X3,n_2w37n

Xy = 05X 0 +0.25vV2X 1 +0.25V2X5 1 4 wap
X5 = —0.25vV2X4 1+ 0.25vV2X5 1 + w5 p,

Xo.n = 05229 + 0.25V2X5 1 + We

X7 =05X7, 1+ X1n3+Wrn

Xgn =0.5Xg -1+ 0.6523 3 + ws p

Xom = 0.5Xgn_1 + 0.4X3,_3 + wo. p

Xiom = 0.5X10n-1 +0.4Xg 34 0.5X7,_1 + wiom

X11,n = Wi1,n

Wi ~N(0,1) i€1,2,3, .11

)

Where w; 5, is random independent IID process which is Gaussian distributed. Note that X;; is a IID process
independent of other variable.

Above equations is depicted in Figure 15 in directed graph.

X, oX,,
Figure 15: The depiction of equation-38 in directed graph.

The GC between the variables of equation (38) are calculated without and with sparsity constraint for the
different number of samples and are shown in Figure 16 and Figure 17, respectively.
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Figure 16: Significant links are evaluated for the different number of samples without sparsity constraint. The
upper left graph shows the true coupling. With the decrease in the number of samples, the number of false
causalities increases.

The Figure 16 have a lot of false causalities as the number of samples decreases from 700 to 300 samples. This
shows that the loss function without sparsity constraint suffers from the curse of dimensionality problem.
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Figure 17: Significant links are evaluated for the different number of samples with a sparsity constraint. No
false causalities are detected when we reduced the sample size from 700 to 300 samples. The algorithm with
the sparsity constraint for parameter estimation is beneficial over the one without the sparsity constraint.
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The Figure 17 as compared to the Figure 16 shows no false causalities when the number of samples is reduced
from 700 to 300 samples. This clearly shows that adding the sparsity constraint can effectively evaluate the
high dimensional model with relatively smaller sample size.

2.3.3 Equal and Unequal Sampled Granger Causality

In this section, we compared the Granger causalities values evaluated through two different methods ( even and
uneven) of the unevenly sampled signal.

Lets consider two signal X and Y that are sampled at any instant a; and t;, respectively as

Xoi=X(a)xhx(a—a;), €hx(a—a;)=1,a;€a,az,..a,

:0 I Q; ¢ a17a27~-~an

Yie =Y () xhy(t—ti), €hy(t—ti)=1,t €ty,tz,..tm (40)
=0 s t; € t17t27 b

Where h; and h, is the sampling impulse function of X and Y signal, respectively. Moreover, a,, and t,, is the
last sample time instance of X and Y respectively. Both the impulse function for few samples are shown in the
part (a) of the Figure 18.

Both the signals are constructed as follows

Xai = WX,a;
Yi, = 13395 Y, , — 09025 Y, , +0.1%Y;, | +C % Xa , +wyy, (41)

Ai—o < Qi—1 < t]’.

Where X,, and Y;; is the value of the signal X and Y at the time instance a; and t; respectively.And wx 4, and
wy,; are random independent IID processes that are Gaussian distributed. Finally, C is the coupling constant
that is linearly varied from 0 to 1 in the steps of 0.01 to increase the coupling strength from X to Y. The few
samples of both the signal is shown in the (b) part of the Figure 18. The high frequent signal Y is downsampled
to X frequency by computing the average of Y instances between the two X instances. The few samples of
original signal X and downsampled signal Y are shown in the (¢) part of the Figure 18.
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Figure 18: The impulse sampling function of hx and hy (a), original signal X and Y (b), and down sampled

signal Y (c) are depicted in the figure.

The method explained in section 3.7 and section 3.2 is used to calculate the Granger Causality from X — Y for
the unequal sampled case (part b of Figure 18) and equal sampled case (part c of Figure 18) respectively. The
Granger causality values for both the cases are calculated for different values of C that are linearly varied from
0 to 1 in the steps of 0.01. The solid red and solid blue line represents GC for the original and down-sampled
signal respectively in the Figure 19. The experiment is repeated 100 times and the variations between the 25th
and 75th percentile are depicted in the same Figure 19.
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Figure 19: The Granger Causality of X — Y evaluated by two different methods is plotted for different values
of coupling strength C.

The GC calculated on downsampled signal is overestimating initially, while the GC value in the case of the
original signal starts with zero. Both approaches can capture the trend. That is, as the coupling strength
increases, the GC value from X — Y also increases. We used the uneven Granger Causality method to find the
coupling between the respiration and ECG parameters because it is more fundamental and takes no assumptions.
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3 Methodology of Evaluating Coupling in Real Data

In this chapter, we discuss how the methods of chapter 2 are applied in the real dataset. In section 3.1 given
dataset is discussed. In section 3.2 and section 3.3, necessary preprocessing steps are applied to remove the
outliers missing values and baseline wandering . In section 3.4, whole pipeline of calculating GC value from the
given dataset is presented.

3.1 Dataset

We have four types of datasets obtained from guinea pigs. The first and second dataset was obtained in animals
intravenously and subcutaneous exposed to fentanyl, respectively. The dose was variable across animals and
ranged from 0.4 to 32mg/kg. The third and fourth dataset was obtained in animals percutaneously exposed to
VX. The dose was set at 1 mg/kg and 2mg/kg in third ad fourth dataset, respectively. Overview of the dataset
is shown in table-1 where negative control represents the number of animals with Omg/kg dosage.

Table 1: Different types of exposure with total number of animals

‘ Type of Dataset Total Number of animals ‘ Negative Control ‘ Dosage

| |
‘ Fentanyl intravenous exposure ‘ 26 ‘ 6 ‘ 0 — 16 mg/kg ‘
| Fentanyl subcutaneous exposure | 45 | 6| 0-32mg/kg |
‘ VX Percutaan classificatie ‘ 32 ‘ 0 ‘ 1lmg/kg ‘
‘ VX Percutaneous RSDL ‘ 32 ‘ 0 ‘ 2mg/kg ‘

The brief description of each of the ECG derived parameters are given below and its pictorial representation is
shown in Figure 20.

e RR Interval (RR_I) : The time difference in milliseconds from one R peak to the next R peak.
e ST Elevation(ST _FE) : The height of ST segment in millivolts from the iso electric line [49].
e QRS duration : The time interval of QRS wave in milliseconds, from Q wave to the S wave.

e R wave height (R_h) : The height of R wave in millivolts from the iso-electric level.

RR Interval (RR_I)

R wave
Height
(R_h)

___ Iso Electric
Level

Qg Qs

J

QRS
Duration

Figure 20: Different features of ECG signal considered in this thesis [57].

The brief description of each of the respiration derived parameters are given below and its pictorial representation
is shown in Figure 21,

e Inspiration Time (IT) : The time difference in milliseconds from the start of the inspiration to the end
of inspiration. Or the total time of inhalation. The start point of the inspiration cycle is where the
respiration signal crosses the baseline with a positive slope. Similarly, the endpoint of the inspiration
cycle is where the respiration signal crosses the baseline with a negative slope.

e Expiration Time (IT) : The time interval in milliseconds from the end of the inspiration to the end of
expiration.Or the total time of exhalation. The endpoint of the expiration cycle is where the respiration
signal crosses the baseline with a positive slope.
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e Peak Inspiration Flow (PIF): The highest rate of inhalation in the particular cycle of inspiration. It is the
highest point from the baseline. The baseline is defined as the line formed by connecting the start point
of the inspiration and the start point of the expiration.

e Peak Expiration Flow (PIF): The highest rate of exhalation in the particular cycle of expiration. It is the
lowest point measured from the baseline.

e Total Volume (TV) : It is an area between the inspiration curve and the baseline. Or the total volume of
air inhaled in one complete cycle of breathing.

Baseline

Figure 21: Different features of breathing signal [43]

Fentanyl exposure causes dose-dependent depression in respiration signal [47], an overdose of it causes brady-
cardia and loss of consciousness/ coma [25]. Therefore, after the exposure heart rate, PIF, PEF and MV are
expected to decrease. For few animals, PIF and heart rate deviation from healthy baseline after the exposure
to the VX chemical are shown in Figure 22. According to the figure, after the exposure there is more drop in
the PIF (breathing parameter) than the heart rate (an ECG parameter).

Breathing - PIF ECG - Heart Rate

Deviation from Healthy baseline
L
-

Deviation from Healthy baseline
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Figure 22: (a) PIF and (b) heart rate deviation from healthy baseline after the exposure to the VX chemical.

Different animals’ signal are encoded with different colours. After the exposure there is more drop in the PIF (
a breathing parameter) than the heart rate (an ECG parameter).

Vx chemical is a type of organophosphates whose exposure causes bradycardia [11], failure of respiration system
[7] and its prolonged exposure can cause ataxia |[8]. Therefore, after the exposure heart rate, PIF, PEF and
MYV are expected to decrease. Whereas in EEG, the power of the low-frequency component might increase after
prolonged exposure. In this thesis we worked on ECG and breathing parameters.

3.2 Prepossessing

The missing values are imputed using spline interpolation [66][13]. After imputing the missing values, the outlier
detection is performed using moving median absolute deviation method [41][67] . Outliers are characterized as
points more than three times MAD from the median over the windows of 300 samples. The MAD is denoted as

31



MAD = ¢ * median(||A — median(A)||1)

-1
n V2 % erfcinv(3/2
erfein (3/2) (42)
fe(z) — 2% [Tet dt
erfe(x) = — s
erfcinv(y) = inverse(er fc(x)) , where y = erfe(x)

Detected outlier points are imputed using spline interpolation. Finally, the baseline correction is done using
an 8-level maximal overlap discrete wavelet transform(MODWT) with a symlet wavelet with four vanishing
moments [64][63]. We did the baseline correction to make the signal approximately stationary over the shorter
windows. A detailed explanation is in the method section. The decomposition of each level of the transformation
will result in 8 detail signals and one approximation signal (or baseline). The approximation signal is subtracted
from the original signal to evaluate the baseline-corrected signal (or transformed signal). The Figure 23 shows
the baseline line correction using MODWT-8 of the PIF signal of one of the animals. The increase in the levels
will create a smoother baseline that fails to detect the actual trends. The decrease in the levels can cause the
removal of useful information in the form of sharp transactions. Zitong Zhang et.al, discussed the benefit of
using MODWT over DWT (Discrete wavelet transform) with the proper choice of wavelet [52].
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Figure 23: Baseline correction of the original signal (blue line) using Wavelet transform.

3.3 Signal Segmentation

The GC assumes the signal to be stationary. For computing the interactions correctly we need to segment our
signals into stationary segments and the signals that we have received is non-stationary. But we can bifurcate
it into series of successive, same length segments, each with stationary signals properties. Here we aimed to
find the stationary segments by combining the smaller segments of fixed length which have same second order
statistics.

For comparison, we considered two windows of a fixed length of 50 samples each. We call one reference window
and the other one sliding window. The estimate of the signal statistics is obtained from the reference window
and compared to the statistics of the sliding test window by a comparing dissimilarity value calculated as

50

Dissimilarity = Z(TR(]C) —rr(k))?, (43)
k=0
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where rg (k) and rr(k) denotes the correlation values at k lag value of reference and sliding windows, respectively.

Other way is to make reference window dynamic size as long as no prominent change is detected and then
compare its properties to the sliding window. Both methods are summarized in Figure 24. We have used the
first method of fixed reference window and sliding test window. Both of the methods of stationary segmentation
are explained by Rangayyan [48].
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Figure 24: Two different approaches are shown in the figure a) Fixed reference window and b) Growing reference
window [48]

We calculated successive dissimilarity (dissimilarity value current window is compared to the previous window)
for all the animals and for each feature separately. Whenever there is a sharp transition, it suggests that the
current segment and the previous segment have different second order characteristics. The threshold is decided
with respect to the stationary Gaussian process whose dissimilarity is also calculated in the same way. Successive
dissimilarity of one animal is plotted in Figure 25 and Figure 26, separately for ECG and breathing parameters,
respectively.
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Figure 25: The successive dissimilarity of ECG parameters is plotted. Each number on X-axis denotes the
segment of 50 samples each. The thick line is the dissimilarity of the stationary Gaussian process.
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Figure 26: The successive dissimilarity of Breathing parameters is plotted. Each number on X-axis denotes the
segment of 50 samples each. The thick line is the dissimilarity of the stationary Gaussian process.

We visualized the above plots for all other animals and concluded that the window size of 600 samples is the
best choice to evaluate GC for both ECG and breathing cases.
3.4 Experiment Design

In this section we explained how exactly we used previously discussed methods to calculated the GC of the
given dataset. In this work we calculated the three types of interactions as follows

e Within ECG parameters
e Within Respiration parameters

e Between Respiration and ECG parameters
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The original formulation of GC (section 2.2.1) is used to determine the direct causality in the above first two
cases, while we used unequal sampled GC (section 2.1.2) for the last case. First, we imputed the missing
values and outliers before doing baseline correction, as described in section 3.2. Then, for the first two cases,
we bifurcated the signal into overlapping windows of size 600 samples with 80% overlap. In each window, we
evaluated the GC and tested its significance using F tests and surrogate analysis as discussed in the section
2.1.1 and 2.2, respectively. We stacked the obtained GC values vertically in a single matrix to get a Granger
causality matrix for each animal. The steps after prepossessing is described in Figure 27. For simplicity, we
have depicted the non-overlapping windows in the figure.
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Figure 27: The steps involved after prepossessing to get GC matrix. Let’s consider the three variables system
(X,Y, and Z) and the signal associated with each variable are already prepossessed and baseline corrected. (a)
We first bifurcated the set of signals into overlapping windows of size 600 samples with 80% overlap. We have
depicted the non-overlapping windows for simplicity. (b) For each window separately, we evaluated the GC and
tested its significance using F' tests and surrogate analysis. We vertically stacked the obtained GC values in a
matrix to get a Granger causality matrix for each animal. Where the first row signifies the interactions of the
first window. And z; ; is the GC value of j link calculated in the i*" window (c) We have represented the 4"
window interactions in the form of a directed graph.

For calculating the causality between ECG and respiration parameters, we bifurcated the ECG signal into
overlapping windows of size 2000 samples with 80% overlap and considered the respective respiration signal
window. We used the unevenly sampled GC method as discussed in section 2.2. to evaluate causalities. Finally,
we utilised F-tests and surrogate analysis for significance testing.
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4 Classification of Granger Causality for exposure detection

In this chapter, interactions features obtained from Chapter 3 are used to develop a prediction model that
differentiates between healthy and exposure state and between VX and Fentanyl class of chemicals. The flow
chart in Figure 28 depicts modelling steps that we have incorporated.

Subject Standardization

Train — Test Stratified
Split

Features Transformation

Model Selection

Hyper Parameter Tuning-1

Feature Selection

Hyper Parameter Tuning-2

Final Training on whole
dataset

Figure 28: Steps followed for modelling.

4.1 Train Test Stratified Splitting

Train test splitting is the procedure to split the dataset into train and test sets. We used the train set to train
the model and used the test set to estimate the performance of the trained model. We excluded the test set
during the training phase and used it only during the final evaluation of the model.

While splitting, we ensured that the proportion of animals of VX and Fentanyl in both training and testing
sets are similar. The Figure 29 shows the number of animals that we have considered for training and testing
sets for both ECG parameters and breathing parameters, separately. The proportions of number of animals
belonging to each type of chemicals are approximately 0.2 for the test set, and 0.8 for the training set.
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Breathing Parameters

VX Chemical 38 =(31+7)
Fentanyl Chemical 46 10 35 =(28+7)
95 21 73 = (59 + 14)

ECG Parameters

VX Chemical =(32+38)
Fentanyl Chemical 55 11 44 = (36 + 8)
106 22 84 = (68 + 16)

Figure 29: Test -Train -Validation Stratified Split for both ECG parameters and breathing parameters. The
red bolded numbers in the table show the number of validation of animals. The proportion of the number of
test, train and validation animals is approximately equal in each cases.

For proper evaluation of the model during the training phase, we used the five-fold cross-validation evaluation
method. The train set is further splitted into train and validation sets in a stratified fashion on the type of

chemicals. In Figure 29, the red font number represents the number of validation animals considered for each
cases.
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Figure 30: Dataset splitting into train and test sets. We used five-fold cross-validation to evaluate the model
performance in the training phase. At each fold, the number of animals is the same and but the animals are
different. We used the test set only at the final evaluation of the final model.

For assessing the performance of a model with a definite set of parameters, the training set is splitted into five
folds ( Figure 30). Such that the size of all the folds are the same but have different animals. At each iteration
of the cross-validation, one fold is used for testing and the remaining folds are used for training. For example, in
the first iteration (CV-1) fold-1 is used for testing and fold-2,3,4,5 are used for training. The accuracy obtained
during this iteration is denoted as Aj.

The performance of the model during the training phase is given by the mean (A) and the standard deviation



(04) of cross-validation accuracies, that are denoted as

k=
A= Zk:? A;
> (44)
(A; — A)?
A=V T o

where, A; is the accuracy of the model at the i*” cross-validation iteration.

4.2 Features Scaling

The GC values evaluated for each animal need to be made on the same scale to get the classification model better
generalizable among different animals. To achieve this, we used the Standardization scaling (SD) technique.
SD centred the feature values around the mean with a unit standard deviation, resulting in zero mean and
distribution of unit standard deviation. SD does not have a bounding range, so it is robust to outliers or links
that have unusual coupling strength.

The formulation of SD is given as

X = , (45)

where f is the mean of the feature values(X), o is the standard deviation of the feature values(X) and X' is
the new scaled feature.

In our case, we standardized each animal separately with their respective healthy part of the evaluated GC mean
and standard deviation. Such that the healthy region of all animals have the same mean and unit variance. At
the same time, it ensures significant differences between the healthy and exposure regions.

Let’s consider two GC matrices X and Y ( Figure 31). Where X is a healthy GC matrix and Y is an exposed
GC matrix. Each GC matrix has p columns that denote the p number of links. The rows represent different
windows. Heathy GC matrix and exposed GC matrix have n and m total windows, respectively.

Links Links
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Healthy GC Matrix Exposed GC Matrix

(X) (¥)

Figure 31: Notation of evaluated GC Matrix and Healthy (X) and Exposure (Y) region of a animal. Where rows
and columns represent windows and links, respectively. The healthy GC matrix have p links and n windows,
similarly the exposed GC matrix have p links and m windows.

Furthermore, 21, #2, 23, ...., £, represent the mean value of 1st link, 2nd Link, 3rd Link and so on, respectively
of matrix X (see equation (46)). Similarly ou,, 0z, Ougy -eee- , 0¢, represent the standard deviation of 1st link,
2nd Link, 3rd Link and so on, respectively of matrix X (see equation (47)).
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Then we applied the standardization equation -(45) to each of the entries of matrix X and Y to get new
transformed matrix X and Y as

T, = ,kel,2,3,...p
b T, (48)
i€1,2,3, ...m,
and
yo= LT e 93
’ Oy, (49)

1€1,2,3,...m .
Where o:; . and y; . are the entries of the transformed matrix X " and Y/, respectively.

4.3 Principal Component Analysis

Principle Component Analysis (PCA) [44] is an unsupervised learning technique for extracting hidden structures
from high dimensional datasets. We have 12 and 20 interactions features from ECG and breathing derived
parameters, respectively. To properly train the classification model on fewer subjects, we need to make the
features much more informative. So, we intend to find the common subspace on which the GC features of the
healthy region of all the animals have the highest variance.

Suppose we have a data Matrix X™*P, where n is the total number of entries and p is the number of features.
Then the covariance matrix of X is given by

XTx X
e — 2 12 , where X is already centered , (50)
n

Furthermore, the eigenvalue and eigenvector of covarinace matrix X are related as

YPP =Usx AxUT | (51)

Where U and A are the eigenvector and eigenvalue matrices of X, respectively. The eigenvector corresponding
to the largest eigenvector is called the first principal component, this component corresponds to the direction
with the most variance. We get p eigenvectors corresponding to each of p eigenvalues after solving the equation
(51). The data matrix (X) can be transformed into a more informative matrix by projecting it into the subspace
of eigenvectors. The new data matrix X is denoted as

X=XxU (52)

Apart from transformation, another main use case of PCA is to reduce the dimension of the dataset. Ian Jolliffe
Analysis [22] suggested multiple methods to achieve feature reduction using PCA in his paper. We have used
the Scree test [2] or elbow method to visualize the importance of eigenvalues.
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As described above, we are interested in finding the common subspace concerning the healthy region by consid-
ering all the subjects. So we created a new data matrix by stacking the healthy part of computed GC matrices
of all the subjects into one single large matrix, denoted as

XIUP
XIQP
anp
Xhealthy = Xlrmp (53)
1

nkp
XP

Where X;*” denotes the ky, subject healthy GC matrix with nj entries and p links. Then we calculated the
covariance matrix ( Xpeaithy) of Xneaithy Dy using the equation (50). We computed the eigenvector( Upeaithy
) and eigenvalues ( Apeaitny) of covariance matrix by satisfying the equation (51). We plotted the eigen values
of ( AEcG  heaithy) and (Apreathing  heaithy) i decreasing order in Figure 32 for checking the importance of
eigenvalues or for any scope of dimesionality reduction.
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Figure 32: Plot of eigenvalues or singular values in decreasing order for healthy breathing interactions
(Abreathing healthy) (2) and healthy ECG interactions (AgcG  healthy) (D) separately. No significant elbow
is there in both plots.

From the above plot, we could not locate the elbow in both the cases, the point where the plot turns from a steep
to a flat line. Therefore, we regarded all principal components as important. We used computed eigenvector
(Uheaithy) to project the exposure part of the subjects into a healthy subspace. Though we have not achieved
the dimensional reduction through PCA, we have projected (or transformed) our feature to a more informative
subspace, that will aid in better performance of the model.

4.4 Model Selection

Model selection is a process of selecting the machine learning model from the collection of possible models
based on the training set. We trained nine different classification algorithms, each with the default scikit-learn
parameters [39] and evaluated each of them using the cross-validation technique.

The nine different classification algorithms that are considered are:
e Random Forest [1§]
e Support Vector Machine [15]
— Radial Basis Kernel (RBF)
— Polynomial Kernel

— Linear Kernel
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K Neighbours Classifier [9]
Decision Tree [40]
Naive Bayes [21]

e Linear Discriminant Analysis [50]

e Logistic Regression [50]

For each of the above algorithms, we evaluated the model performance on the mean and standard deviation
of cross-validations accuracies for two-way classification (Figure 33) and three-way classification (Figure 34)
problem. Where the two-way classification model differentiates the samples between healthy and exposure.
And, three-way classification discriminates between healthy, VX and Fentanyl.

_ Breathing Parameters | ECG Parameters

Random Forest

Support Vector Machine (“RBF”)
Support Vector Machine (“Linear”)
Support Vector Machine (“Poly”)

K Neighbors Classifier

Decision Tree

77.56% +/- 3.37%
79.21% +/- 2.94%
65.67% +/- 3.98%
70.12%+/-2.68%

72.41 % +/- 3.76%
68.36% +/- 2.21%

64.27% +/- 1.97%
65.36% +/- 2.77%
59.88% +/- 2.54%
61.76% +/- 3.06%
60.63% +/- 1.81%
57.49% +/- 0.81%

66.88% +/- 2%
65 % +/- 3.91%
64.85% +/- 4.01%

62.22% +/- 1.81 %
59.02% +/- 1.63%
58.58% +/- 1.37%

Naive Bayes
Linear Discriminant Analysis

Logistic Regression

Figure 33: The table shows the mean and standard deviation cross-validation accuracies for different classi-
fication algorithms for the model that differentiate between healthy and exposure. The Random Forest and
SVM("RBF") perform best on the training datasets. In all cases, the model based on breathing interactions
performs better than the model based on ECG interactions.
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_ Breathing Parameters | ECG Parameters

Random Forest 70.30% +/-5.12 % 60.71% +/- 1.43%
Support Vector Machine (“RBF”) 72.06% +/- 4.43% 60.61% +/- 1.64%
Support Vector Machine (“Linear”) 65.36 % +/-4.46 % 58.16% +/- 2.59%
Support Vector Machine (“Poly”) 66.97% +/- 3.53% 58.38% +/- 1.91%
K Neighbours Classifier 65.88% +/- 2.86 % 56.38 +/- 1.4%
Decision Tree 58.77% +/- 3.95% 50.79 +/- 0.9%
Naive Bayes 61.96% +/- 3.82% 57.63 +/- 1.83%
Linear Discriminant Analysis 63.86% +/- 4.46% 58.58% +/- 1.6%
Logistic Regression 65.69% +/- 3.81% 58.52% +/-1.67%

Figure 34: The table shows the mean and standard deviation cross-validation accuracies for different classifi-
cation algorithms for the model that differentiate between healthy, VX and Fentanyl. The Random Forest and
SVM("RBF") perform best on the training datasets. In all cases, the model based on breathing interactions
performs better than the model based on ECG interactions.

According to the table in the Figure 33 and Figure 34, the Random Forest and SVM("RBF") performed the
best on the training datasets. In all cases, the model based on breathing interactions performs better than the
model based on ECG interactions. Moreover, in both models the SVM ("RBF") performs better than random
forest.

Therefore, we have used the Random forest and support vector machine with radial basis function classifier to
classify between normal and exposure using GC as a feature vector.

4.5 Feature Selection

We have used wrapper based methods for feature selection. In wrapper methods, we use a subset of features
to train a model. Then we compare the outcome of the current model to the previous one. If the difference is
significant, then we decide to add or remove the feature. The procedure of the method is summarized pictorially
in the Figure 35.

Selecting the Best Subset

.4

Set of all —p Generate a — Learning e Performance

Features Subset Algorithm

 —

Figure 35: Wrapper Method for Feature selection

Some common technique of wrapper methods are:

e Forward Selection: It is an iterative method in which we start with no features in the model. In every
successive iteration, we keep on adding the feature that results in a maximum increase in accuracy.
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e Backward Elimination: It is an iterative method in which we start with all the features in the model.
In every successive iteration, we keep on removing the feature that results in a maximum increase in
accuracy. We continue this until no further improvement is observed by removing the features. Backward
selection tends to choose a higher dimensional model as compared to the forward selection model.

e Recursive Feature elimination: It is a greedy algorithm where we check the model performance for every
possible combination of the feature set. This method will result in an optimal solution but it is very
computationally expensive.

In this work, we have used the forward selection method to shortlist the features. The feature selection algorithm
was implemented for two different models (random forest and SVM), separately for ECG based features set
and breathing based features set. We used a five-fold cross-validation method to access the performance of the
model and selected the one with the lowest complexity among the best performing models in each case.

The different scenarios are summarized for the 2 way classification model ( refer Figure 36) :
e Support Vector Machine

— ECG parameters: 11 principal components are selected out of 12. They are 1, 12, 7, 5,9, 6, 4, 3,
10, 11 and 8 PCs, respectively. ( part (c) of Figure 36 )

— Breathing parameters: 19 principal components are selected out of 20. They are 1, 11, 10, 6, 20, 12,
3,17,4,15,9,5,2,7, 14, 8, 18, 19 and 13 PCs, respectively. ( part (d) of Figure 36 )

e Random Forest Classifier

— ECG parameters: 8 principal components are selected out of 12. They are 1, 4, 3, 12, 5,7 ,10 and
11 PCs, respectively. ( part (a) of Figure 36 )

— Breathing parameters: 13 principal components are selected out of 20. They are 3, 1, 4 , 5, 14, 11,
16, 12, 15, 9, 19, 20 and 18 PCs, respectively. ( part (b) of Figure 36 )

ECG Interactions Breathing Interactions

d @ o
52z

Random Forest

3
P

65.0

Mean Cross Validation Accuracy (%)
B
n

Mean Cross Validation Accuracy (%)
g
n

8
=

}

T T T T T T T + T T

1 3 5 7 9 n 1 3 5 7 9 u 13 15 17 19
Number of Features Number of Features

(a) (b)
L 1 ——— 0 - X il
3 i =
= i < :
=] : E??S i
g H g
g H 3 |
2 I g 75.0 !
<6 H < i
H =
] H 2 725 i
Support Vector B i ] H
_ 2 e H 3 700 |
Machine E : 2 i
] i 8 :
g i g i
Y : [ ]
] H 3 '
2 ! = i
H 1
4 T

1 3 H 7 3 S 7 9 1 B 15 U
Number of Features Number of Features

(c) (d)

=1
-
w
=
B

Figure 36: Forward feature selection (FS) results for 2 way classification model are shown. The row index
represents the type of model use and the column index indicates the type of features. In each plot, the y axis
is the mean cross validation accuracy (MCVA) and x axis is the number of features used. a) Result of FS of
random forest trained on ECG based interactions b) Result of F'S of random forest trained on respiration based
interactions ¢) Result of FS of SVM trained on ECG based interactions b) Result of FS of SVM trained on
respiration based interactions
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The different scenarios are summarized for the 3 way classification model (refer Figure 37):

e Support Vector Machine

— ECG parameters: 11 principal components are selected out of 12. They are 0, 4, 11, 1, 10, 6, 5, 2, 3,
9, 8, and 7 PCs, respectively. ( part (c) of Figure 37 )

— Breathing parameters:19 principal components are selected out of 20. They are 20, 3, 1, 9, 11, 5 |
12, 13, 10, 2, 17, 6, 4, 14, 19, 16, 18, 8, 7 PCs, respectively. ( part (d) of Figure 37 )

e Random Forest Classifier

— ECG parameters: 8 principal components are selected out of 12. They are 1, 5, 12, 3, 10, 4, 11 and
7 PCs, respectively. ( part (a) of Figure 37 )

— Breathing parameters: 12 principal components are selected out of 20. They are 3, 1, 20, 8, 11, 12,
16, 2, 9, 4, 17 and 5 PCs, respectively. ( part (b) of Figure 37 )
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Figure 37: Forward feature selection (F'S) results for 3 way classification model are shown. The row index
represents the type of model use and the column index indicates the type of features. In each plot, the y axis
is the mean cross validation accuracy (MCVA) and x axis is the number of features used. a) Result of FS of
random forest trained on ECG based interactions b) Result of FS of random forest trained on respiration based

interactions ¢) Result of FS of SVM trained on ECG based interactions b) Result of FS of SVM trained on
respiration based interactions

The feature forward selection of random forest resulted in a simpler model than one with SVM in all of the
above cases. Further, the SVM considers almost the whole of the subspace as important for the classification.
After the feature selection, we again did the hyperparameter tuning with the reduced set of features.

4.6 Implemented Models
4.6.1 Random Forest
Hyper Parameters Random Forest have several parameters, some important ones are

e Criterion : The function that measures the quality of a split. Ginni impurity and entropy impurity
are the two measures. Most of the time, the choice of criterion does not make a big difference. Ginni
impurity tends to be faster than entropy impurity. In general, Ginni impurity isolates the most occurring
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instances in its branch while the entropy impurity tends to generate a more balanced tree. Because of the
computational reason we used Ginni impurity.

e max depth : It controls the maximum depth of the tree. Reducing the max depth will regularize the
model and thus reduce the risk of overfitting.

e minimum samples leaf : It expresses the minimum number of samples required at a leaf node. If the
available samples are below the specified minimum samples leaf, then the splitting of that leaf won’t
happen. Increasing the minimum samples leaf will regularize the model and thus reduce the risk of
overfitting.

e maximum leaf node : It indicates the maximum leaf nodes in a tree. Reducing the maximum leaf node
will regularize the model and thus reduce the risk of overfitting.

e maximum features: It is a number of features to consider when searching for the best split. By default,
the model searches for all the features that can result in overfitting.

e bootstrap : It controls whether to use whole sample set to train each tree or use random sampling with
replacement.

e number of trees: In general, each individual tree has a higher bias, after including more trees in bagging
fashion the bias and variance will reduce. But including more trees into model can over fit the training
data.

Hyper Parameters Tuning: In this section, we devise a plan to optimally search for the best set parameters
that result in the best model. In this work, we implemented two times hyperparameter tuning, one before and
after the feature forward selection. At each time, we evaluated a different combination of parameters and, the
set of parameters with the highest cross-validation accuracy is selected. The final set of tune hyper parameters
for each case is shown in the Figure 38.

_ Exposure Vs Heathy Healthy vs VX vs Fentanyl
oametes | brewbing | fc | Bewnng | G
100 100 100 100

Number of Trees

Min Samples Split 20 2 2 2

Min Samples Leaf 2 1 1 1

Max Features 4 3 3 3

Max Depth 60 Until all leaves are pure Until all leaves are pure Until all leaves are pure
Bootstrap True True True True

Figure 38: The sets of tuned hyperparameters of random forests after the feature forward selection for each
case.

4.6.2 Support Vector Machine

Hyper Parameters: Support vector machine with radial basis function have two major hyper parameters
that are

e gamma : It is a scaling factor in the radial basis function. As gamma increases, the influence of an instance
on other instances reduces or the effect of an instance become much more localized. A higher value of
gamma results in sharp or irregular decision boundaries. Conversely, a smaller gamma results in more
influence of an instance to other instances creating a much smoother or regular decision boundary. So
gamma acts like a regularization hyperparameter, where higher value tends to overfit the training data
and lower values can create underfit model.

e C : The main goal of the SVM classifier is to have a well balanced flexible margin with fewer instances
violations. The C interplays between the soft and hard margin classification. Where strict hard margin
classifier does not allow any instances to be at the wrong side of the decision boundary. Conversely, the
soft margin classifier allows for fewer wrong classifications. The model with a large C tends to be a hard
margin classifier. Therefore if the model is overfitting, then we should regularize the model by reducing

C.

45



Hyper Parameters Tuning In this section, we devise a plan to optimally search for the best set of parameters
for SVM. In this work, we implemented two times hyperparameter tuning. One before and after the feature
forward selection. At each time, we evaluate a different combination of parameters and, the set of parameters
with the highest cross-validation accuracy is selected. The following strategy is employed for the hyperparameter
tuning of the hyperparameters of the support vector machine with radial basis function.

The different combinations of C and gamma are taken as follows
e C € [107%,10] with the step size of 10
e gamma € [107%,105] with the step size of 10

If the optimal parameter set lie at the boundary then the maximum or minimum range is increased or decreased
respectively. An example of grid search is shown in Figure 39, in the form of heat map for one of the above
case.

Walidation Accuracy

=80
— 7D
o
Li 7]
60
]

20 10 00 10 20 30 40
logipGamma

log1oC
3020 10 00 10 20 30 40 50

Figure 39: Grid Search of optimal parameters of C and gamma.(Breathing parameters)

The final set of tune hyper parameters for each case is shown in Figure 40.

_ Exposure Vs Heathy Healthy vs VX vs Fentanyl
Parameters | bembing | fc | bewheg | EG |
C 1 10 1 1

Gamma 0.01 0.1 0.01 0.001

Figure 40: The sets of tuned hyperparameters of SVM after the feature forward selection for each case.
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5 Result

In this chapter, we analysed the causality result of chapter 3 and tested the train model performance on the
independent test set. In section 5.1, we used weighted graph density to analyse the strength of the coupling
before and after the exposure. In section 5.2, we first defined the evaluation metrics and then discussed the
model performance on an independent test set.

5.1 Interactions Analysis

In this section, we investigated how the strength of the interactions changes after the exposure to VX or Fentanyl
chemicals.

5.1.1 Weighted Graph Density

We can express each row of the GC matrix as a directed graph (see for an example Figure 41) . Therefore,
number of graph metrics could be used to get the key insights into how the interactions between the parameters
are changing [35] and how it alters certain graph properties. Directed graphs mostly have an unsymmetrical
matrix that results in complex eigenvalues [60]. Therefore most of the undirected graph metrics [35][23] can’t
be used in directed GC network for investigation. In this work, we used weighted graph density to measure the
cumulative strength of a GC network.

Let’s consider a Granger Causality (GC) Matrix for three parameter case (p1,p2,ps) as denoted in Figure 41.
Where each row represents a window in which GC values are evaluted and columns denote different links. For
example the first column of the matrix denotes the link from p; to ps and similarly, last column of the matrix
denotes the link from py to ps. Each cell of the matrix () expresses GC value that is calculated for k" link
in the i*" window.

Links X;3
X11 X12 X13 X1a X15 X16

G \Nindows
x
=
x
N
x
w
x
=)
x
(2]
x
o

Directed Graph
Representation of the
ith Window

xnl an xn3 xn4 xn4 xn4

Granger Causality Matrix
(X)

Figure 41: Representation of a Granger Causality matrix row into directed graph.

Each i*" window of the GC matrix can be represented as a directed weighted graph as shown in the above
figure. Moreover, we evaluated weighted graph density (GD;) of a directed graph at a i'"* window as

p
o, = Thea v
p

, p € total number of links (54)
The high GD; value implies well strongly connected graph. That is, there are a lot of strong interactions
between the parameters. Furthermore, we calculated the average graph density (GD) for the same condition
(that is healthy or exposure) as

» GD;
GD = iz G0 , n € total number of windows. (55)
n
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A matrix with a significantly higher GD value has stronger links as against the matrix with a lower GD value.

5.1.2 Interactions Insights

In this work we calculated the three types of interactions as follows

Between ECG parameters
Between Respiration parameters

Between Respiration and ECG parameters

In general, most animals have the following links common in their healthy part of interactions between ECG
parameters. (Summarized in Figure 42)

There is a bidirectional GC link between ST elevation and RR interval

ST-elevation granger causes the height of the R wave, but in converse the number of significant links is
comparatively less.

There is a bidirectional GC link between RR interval and R wave height.

QRS duration sparsely connects with other parameters.

Figure 42: Significant links within ECG parameters are summarized in the graph. Where R_h: R wave height
, ST E : ST segment elevation, RR_I: RR interval and QRS : QRS complex duration

Furthermore, most animals have the following similar properties common in their healthy part of interactions
between respiration parameters. (Summarized in Figure 43)

There are fewer significant links between the Peak expiratory flow and peak inspiratory flow.
There are fewer significant links between the total volume and peak inspiratory flow.
There is a bidirectional Granger causality link between the durations inspiration and expiration.

Expiration duration granger causes the Peak expiratory flow, but in the reverse direction the number of
significant links is comparatively less.

Peak expiratory flow granger causes the total volume but in the reverse direction number of significant
links is comparatively less.

Expiration duration granger causes the total volume. In opposite way, the number of significant links is
comparatively less.

Inspiration time is sparsely affects peak inspiratory, expiratory flow and total volumne.

Inspiration time is affected majorly by past peak expiratory flow as compared to past peak inspiratory
flow.

There are very less significant links between expiration time and peak inspiratory flow.
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Figure 43: Significant links within breathing parameters are summarized in the graph. Where PIF: Peak
Inspiratory flow, PEF: Peak expiratory flow, TV: Total Volume , ET: Expiration time, IT: Inspiration time and
TV: Total volume

Moreover, no significant links were found out between the ECG and breathing parameters. This could be be-
cause, before calculating Granger relationships, we did the baseline correction to make the signal approximately
stationary. Baseline correction removes the trend in the signal. These discarded trends might be because of
interactions between ECG and breathing parameters.

Above step won’t hamper the calculation of GCs if we analyse the signal over the short windows (around
600 samples). We have considered the 2000 samples size window of ECG while calculating the interactions
between ECG and breathing parameters. If we reduce the window size of ECG, then the corresponding number
of respiration samples will become less and this subsequently could cause the non-stationary problem while
evaluating GCs. Therefore, we should employ such methods that can effectively investigate the interactions
between two non-stationary signals.

The Figure 44 compares the box plot of mean weighted interaction graph density of breathing parameters (top
row) and ECG parameters (bottom row) between healthy and exposed regions. Further, the left and the right
columns plots illustrate the box plots of Fentanyl and VX chemicals, respectively. Where the top and bottom
marks of each box plot indicate 75th and 25th percentile, respectively, and the middle edge represents the
median value of the mean graph density. Finally, the whiskers in each box plot indicate extreme points that
are not considered as outliers, and the outliers are indicated by star sign [62].
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Figure 44: Comparison of Box plots of mean graph density(MGD). a) MGD of breathing interactions of Fentanyl
b) MGD of breathing interactions of VX ¢) MGD of ECG interactions of Fentanyl d) MGD of ECG interactions
of VX. There is a significant drop of MGD of breathing interactions as compared to ECG interactions after the
exposure. The decrease is more prominent in the case of the Fentanyl chemical than the VX chemical.

According to the Figure 44, there is a significant drop in the mean graph density of breathing interactions
after the exposure as compared to the mean graph density of ECG interactions. Further, the decrease is more
significant in the case of the Fentanyl chemical than the VX chemical. This depicts that the granger causalities
could be good features to differentiate between healthy and exposure.

Intravenous and subcutaneous are two different types of exposure of fentanyl chemical class, with varying
dosages. The Figure 45, compares the distribution of mean graph density of breathing interactions between the
low and high dosages of Fentanyl intravenous exposure (top row), and between the low and high dosages of
Fentanyl subcutaneous exposure (bottom row).
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Figure 45: Comparison of Box plots of mean graph density(MGD). a) MGD of breathing interactions of Fen-
tanyl Intravenous low dosage exposure b) MGD of breathing interactions of Fentanyl Intravenous high dosage
exposure ¢) MGD of breathing interactions of Fentanyl Subcutaneous low dosage exposure d) MGD of breathing
interactions of Fentanyl Subcutaneous high dosage exposure. For both intravenous and subcutaneous types of
exposure, a higher dosage has more drops than the lower dosage quantity.

According to the Figure 45, there is a slightly more drop in the mean graph density of breathing interactions
after the exposure for high dosage, for both types of Fentanyl exposure.

Further, the Figure 46, compares the distribution of mean graph density of ECG interactions between the low
and high dosage of Fentanyl intravenous exposure (top row), and between the low and high dosage of Fentanyl
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0.040

0.035

0.030

0.025

0.020

0.015

0.010

0.005

0.000

0.025

0.020

0.015

0010

0.005

0.000




0.06

0.06

005 0.05

004 0.04

003 0.03

002 0.02
001 0.01 &l

0.00

0.00 T - T T
Healthy Exposed Healthy (b) Exposed
(a)
0.06 0.06
0.05 0.05 kN
*
0.04 * 0.04
0.03 0.03
*
0.02 %l 0.02 ;
0.01 0.01 4
0.00 T T 0.00 T T
Healthy Exposed Healthy Exposed
(c) (d)

Figure 46: Comparison of Box plots of mean graph density(MGD). a) MGD of ECG interactions of Fentanyl
Intravenous low dosage exposure b) MGD of ECG interactions of Fentanyl Intravenous high dosage exposure
¢) MGD of ECG interactions of Fentanyl Subcutaneous low dosage exposure d) MGD of ECG interactions of
Fentanyl Subcutaneous high dosage exposure. For both intravenous(top row) and subcutaneous(bottom row)
types of exposure, there is a slight increase in the strength of ECG interactions.

According to the Figure 46, there is a slight increase in the mean graph density of ECG interactions after the
exposure fo both high and low dosages, for both types of Fentanyl exposure.

5.2 Classification Results
5.2.1 Evaluation Metrics

We used a confusion matrix to evaluate the performance of the classification models. A confusion matrix is an
P % P matrix, where p is the number of classes. The matrix compares the true target labels with those of the
predicted labels by the model. This metric is useful when the classes are unbalanced. According to the problem
need, we could calculate the F-1 score, recall, precision, and accuracy from the confusion matrix [36]. In this
project, we used the confusion matrix of size 2 x 2 and 3 * 3.

Lets consider 2*2 confusion matrix as shown in Figure 47. Where
e TO : It denotes all the data that belong to class-0 and are predicted as class-0
e TI : It denotes all the data that belong to class-1 and are predicted as class-1
e FO : It denotes all the data that belong to class-1 and are predicted as class-0
e F1: It denotes all the data that belong to class-0 and are predicted as class-1
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Figure 47: Confusion Matrix with two classes.

The four evaluation metrics that are used to accesses the model performance are accuracy, recall, precision and
F-1 score. That are,

e Accuracy is the proportion of all the correctly classified instances of the whole dataset (equation (56)).

e Recall quantifies how well a model can classify a particular class correctly of all the available instances of
that class. We calculated recall with respect to class-1 (equation (57)).

e Precision evaluates how many predicted particular class is a true class. We calculate precision with respect
to class-1 (equation (58)).

We calculated the accuracy, recall and precision as

T0+T1

A =
Y = 0+ T1+ FO+ F1 (56)
T1
="
Reca TI1 7O’ and (57)
Precision — —1 fivel (58)
recision = T]_ n F]_’ respectively.

We considered class-0 and class-1 as healthy and exposed instances, respectively.

Similarly for three class confusion matrix ( Figure 48) we calculated accuracy, precision and recall as denoted
in equations (59), (60) and (61), respectively. For example, 2F0 denotes all the data that belong to class-2 and
are falsely predicted as class-0 and similarly, OF1 denotes all the data that belong to class-0 and are falsely

predicted as class-1.
. M Predicted Label
onfusion Matrix
o0 [ o1 | oz
[ Classo [ OF1 OF2

True
e | Class1 T 1 1F2
| Class2 [T 2F1 P

Figure 48: Confusion Matrix with three classes.

We calculated the accuracy, recall and precision for three class confusion matrix as

TO+T1+172

A = 59
COUTAY = 0+ 11 + 12 + 1F0 + 2F0 + 0F1 + 2F1 + 0F2 + 172’ (59)
T1
Precision (Classl) =
T2+ 0F1 + 2F0 0

Precision (Class2) = T2+ 0F2 L 1F2’ and
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T1

T T2+ 1F0+ 1F2

T2
Recall (Class2) = T2 1 2F0 1 2F1 respectively.

Recall (Classl)
(61)

We considered class-0, class-1 and class-3 as healthy instances, instances that are exposed via VX and instances
that are exposed via Fentanyl, respectively.

5.3 Classification Results

We worked on two types of model
e Type-1: Model that differentiate between healthy and exposure samples

e Type-2: Model that differentiate between healthy samples, samples that are exposed by VX and samples
that are exposed by Fentanyl.

We trained the above two models separately on interactions features set from ECG parameters and breathing
parameters, and tested both the models on their independent test set. We did not train our model on the
feature set considering the interaction between ECG and breathing because there were no significant interaction
between them.

Moreover, for each type of model, we evaluated sample by sample performance and animal by animal perfor-
mance. Where animal by animal performance is evaluated by grouping the predicted samples and then according
to maximum occurrence the animal by animal performance is evaluated.

The classification results of 2 way classification model (sample by sample) is shown in Figure 49. Where

e Vx (Recall) : Indicates the percentage of the exposure samples due to VX chemical that were detected
correctly.

e Fentanyl (Recall) : Indicates the percentage of the exposure samples due to Fentanyl chemical that were
detected correctly.

e VX (Recall) Healthy : Indicates the percentage of the healthy samples in VX chemical class that were
detected correctly as healthy.

e Fentanyl (Recall) Healthy : Indicates the percentage of the healthy samples in Fentanyl chemical class
that were detected correctly as healthy.

Breathing Parameters ECG Parameters

Rendomores|  svM__ | vandomForest|__svm__|
| Accuracy  [EVEWE 78.04 66.89 65.15
67.54 67.33 56.07 45.15
80.91 86.14 79.41 87.17
F-1 Score 73.62 75.69 65.73 59.45
VX (Recall) 57.51 57.34 40.25 26.27
Fentanyl (Recall) 81.19 80.95 71.08 62.97
VX(Recall) Healthy 86.29 91.87 77.31 90.81
Fentanyl (Recall) 81.69 87.14 83.52 91.69

Healthy

Figure 49: The results of the 2 way classification model trained with SVM and random forest on breathing
and ECG based parameters. The model based on breathing interactions is performing better than the ECG
interactions. SVM trained on breathing interactions performs better than random forest. Whereas, random
forest trained on ECG interactions performs better than the SVM.

According to the confusion matrix in Figure 49. The breathing interactions are more informative than ECG
interactions in differentiating between the chemicals. The performance of SVM ( radial basis function) is better
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than the random forest classifier. Further, the model is doing well in classifying Fentanyl exposure samples than
the VX exposure samples because the Fentanyl (recall) is higher than VX (recall). Moreover, for the healthy
region, the model performed equally well for both types of chemicals because VX(recall) healthy and Fentanyl
( recall) healthy are approximately equal.

The classification results of 2 way classification model (animal by animal) is shown in Figure 50. Where

e VX(Recall) is proportional to the correctly classified VX exposed animals from the total of VX exposed
animals.

e Fentanyl(Recall) is proportional to the correctly classified VX exposed animals from the total of VX
exposed animals.

Breathing Parameters ECG Parameters
[ Rondomrorest] VM| Randomorext| _svm__
85.71(18/21)  85.71(18/21) 50 (11/22) 45.45(10/22)
VX (Recall) 72.72 (8/11) 72.72 (8/11) 9.09 (1/11) 9.09 (1/11)

TGN 00 (10/20)  100(10/10) 9090 (10/11)  81.81(9/11)

Figure 50: The results of the 2 way classification model (animal by animal) trained with SVM and random forest
by using breathing and ECG based parameters, separately. Model-based on breathing interactions performs
better than the one with ECG interactions.

The model is able to classify healthy animals with 100% accuracy into healthy set. Whereas it correctly detected
18 out of 21 animals as exposure. The model is able to detect all the animals of fentanyl class but wrongly
classified 3 animals of VX class as healthy. The confusion matrix of one case is shown in Figure 51. Since we
have considered zero healthy instances therefore we omitted the precision and F-1 score from above figure.

SVM Breathing Parameter Predicted Label
Only Exposure part is taken Healthy m
0 0

BT seo e

Figure 51: Confusion matrix of one of the above case.

The classification results of model 3 way classification model (sample by sample) are shown in Figure 52.

Breathing Parameters ECG Parameters

I [ R ey C
65.55 71.69 57.87 56.36

34.61 38.11 11.68 0.7

65.34 82.57 54.86 68

45.25 69.04 19.26 1.4

Recall (Fentanyl) 49.76 69.04 59.12 49.49
Precision (Fentanyl) Wy&:5) 75.52 68.22 71.22
F-1 Score (Fentanyl) EyZ:5) 72.13 63.33 58.4

Figure 52: Results of 3 way classification model trained with SVM and random forest by using breathing or
ECG based parameters.

In 3 way model we considered healthy, VX and Fentanyl as class 0 , class 1 and class 2, respectively. According
to the above Figure, The breathing interactions are more informative than ECG interactions in differentiating
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between the chemicals. The performance of SVM ( radial basis function) is better than the random forest clas-
sifier. Further, the model is doing well in classifying Fentanyl exposure samples than the VX exposure samples
because the Fentanyl (recall) and F1 score, is higher than VX (recall) and F1 score, respectively. Moreover, for
the healthy region, the model performing equally well for both types of chemicals because VX(recall) healthy
and Fentanyl (recall) healthy are approximately equal.

The classification results of 3 way classification model (animal by animal) are shown in Figure 53.

Breathing Parameters ECG Parameters
I o N o L
R TR 522
Recall (VX) 1/11 2/11 0/11 0/11

Precision(VX) - - - o

Recall (Fentanyl) 5/10 9/10 3/11 5/11
Precision (Fentanyl) & - - 5

Figure 53: The results of 3 way classification model trained with SVM and random forest on breathing and ECG
based parameters. The model based on breathing interactions is performing better than the ECG interactions.
SVM trained on breathing interactions performs better than random forest. Whereas, random forest trained
on ECG interactions performs better than the SVM.

The SVM model with breathing parameters is able to classify healthy animals with 100% accuracy into healthy
set. Whereas, it detected chemical correctly of 12 out of 21 animals. The model is able to detect 9 out of 10
animals of fentanyl class but only detects 2 out of 11 of VX class. The confusion matrix of SVM model is shown

in Figure 54. Since we have considered zero healthy instances therefore we omitted the precision and F-1 score
from above figure.

The confusion matrix of one case is shown in figure-54.

Predicted Label

Fentanyl 4 5 0

True Label

Figure 54: Confusion matrix of one of the above case
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6 Conclusion

6.1 Future Work

The immediate future work of this thesis would be of testing the algorithm on human datasets and mapping
the results with those of Guinea pigs. This project concluded with a decent accuracy of 78% and 71% for model
type-1 and type-2 respectively on the independent test set of Guinea pigs. But still, the performance of the
model can be improved further.

First, we used principal component analysis (PCA) for feature transformation. The major drawback of PCA
is that it is biased towards the animal that has highly variant Granger causality values. We intended to have
a common subspace that maximizes the variance among the features almost equally for all the animals. To
achieve this, we can use the technique of tensor decomposition [24]. We used PCA only on healthy samples
because the nature of exposure samples are different due to the difference in injected dosage quantity. Linear
discriminate analysis (LDA) and Quadratic discriminate analysis (QDA) [30] are supervised ways of features
transformation. We can use LDA or QDA to find the subspace to get the highest variation between healthy
and exposure samples for a better projection.

Secondly, the EEG power bands have proven to be useful in differentiating between the VX and Fentanyl [61].
In this thesis, we have not considered the EEG power bands because of their synchronization issue. Adding the
EEG features into the coupling analysis can further enhance the classification accuracy and provide insightful
learning of how the EEG power bands interact with ECG and breathing parameters.

Besides classification, we also concluded that we did not find any noticeable interactions between the ECG
and breathing parameters. Here, we use the conditional Granger causality method to evaluate the interactions.
In the future, we can investigate the heuristic method of granger causality between two parameters without
considering the effect of others. Later, we can employ some source localization techniques on the interaction
graph to find the prominent nodes that connect two networks, that is ECG and breathing interaction networks.

Before calculating Granger relationships, we did the baseline correction to make the signal approximately
stationary. Baseline correction removes the trend in the signal. The discarded trends might be because of
interactions between ECG and breathing parameters. Therefore in future, we should employ methods that can
effectively investigate the interactions between two non-stationary signals.

Further, the proposed algorithm cannot detect the non-linear interactions between the signals. To overcome
this, we can either introduce the radial basis kernel [26] in regression equations or solve the equations using the
LSTMs [56]. Further, we can use different methods like the nearest neighbour [45] to calculate the non-linear
couplings between the signals.

Based on the initial research, we figured out that the non-linear classification models (random forest and SVM
with radial basis kernel) are performing well. So, implementing multi-layers perceptron (deep learning model)
seems a promising choice for future work.

Finally, to get a whole new perspective on interactions between the physiological signals, we can work on raw
signals of EEG, ECG and respiration signals. Here we can sample the respiration signal at the onset of R peak
occurrence and simultaneously calculate the EEG power band values for the corresponding segments. Such an
approach will cause the development of a more robust and adaptable classification algorithm from scratch.
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6.2 Conclusion

The causal algorithm investigates the direction and strength of a variable to another variable of a system.
We implemented a conditional granger causality that considers the effect of all the variables in the system
while evaluating the coupling between any other two variables. We worked with the parameters of ECG and
respiration signals. And explored how the interactions within the ECG parameters, respiration parameters, and
between ECG and breathing change from healthy to exposure state.

The curse of dimensionality is one of the major problems of high dimensional conditional granger causality. We
introduced the cardinality constraint in the loss function and showed that the new optimized algorithm can
detect all the links with a small sample size. To avoid false causalities, we used F-test and surrogate analysis.

After evaluating the coupling values, we did some exploratory analysis on them. We found out that there is a
significant drop in mean graph density of breathing interactions after the exposure, and the decrease was more
significant in the Fentanyl’s class of chemical. But, in the case of the mean graph density of ECG interactions,
we observed no noticeable change. Furthermore, no significant links are found to be there between the ECG
and breathing parameters.

Then, we develop two types of classification models (exposure vs healthy and healthy vs VX vs Fentanyl). We
first standardized the coupling values separately for each of the animals with respect to their healthy coupling
values. After standardization, we transformed the features to a new rotated space that accounts for most
variations in the healthy casualties’ values. Based on the initial research, we figured out that the non-linear
classification models (random forest and SVM with radial basis kernel) performed well. We then implemented
features forward selection and hyper-parameter tuning using a cross-validation approach.

We tested the final optimized model on an independent test set. The SVM model with breathing parameters
achieved the highest accuracy in both types of models. Further, the performance of the model is much bet-
ter for the fentanyl chemical than the VX chemical. Finally, we highlighted some drawbacks in the current
implementation and unanswered questions that pave the way for future work.
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