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1. Introduction

Premature birth forces an immature cardiovascular system to adapt to the extra-uterine
environment. For the extremely preterm infant, born less than 28 weeks ofigestation,
this postnatal transition often causes haemodynamic instability and inadequate eerebral
perfusion (Gill, 2019). The immature myocardium may not be capable, of the required
cardiac output to maintain stable end-organ perfusion. In addition, systemic vascular
resistance may fail to ensure adequate blood flow also leading todmadequate end-organ
perfusion. As a consequence, up to 1 in 3 infants in this age group arelikely to develop
a brain injury over the first few days after birth (Stoll etsal.;"2010)4 These injuries
can lead to death or impaired neurodevelopment with potentially Jife-long disabilities
(Bolisetty et al., 2014).

Cranial ultrasounds are used diagnose brain injury inpreterm infants. This
monitoring, however, can only present a snapshotn time and therefore may miss an
evolving injury. Computer-based analysis of continuous physiological signals has the
potential to provide real-time detection of injuries at4he cotside. An important first step
to a fully automated system is a thorough,quantitative analysis of suitable physiological
signals (Van Laere et al., 2018).

Previous work has demonstrated a relation between specific physiological signals
and short-term clinical outcomey ‘imeluding brain injury. For example, distinct
quantitative characteristics of the eléetroencephalogram (EEG) (Iyer et al., 2015),
cerebral oxygenation (O’Toole, et al., 20163 Kenosi et al., 2017; O’ Toole et al., 2018;
Katheria et al., 2018), and perfusion index (Van Laere et al., 2016) demonstrate an
association with adverse outicome. “The interaction, or coupling, between different
physiological signals can proviQe further information on the complex haemodynamic
system. A recent study/examined the interaction between cerebral oxygenation and
heart rate (HR), peripheral oxygen saturation, and perfusion index (PI) (Beausoleil
et al., 2018), finding that coupling between the signals are related to brain injury
and pulmonary haemorrhages Another recent study examined the interaction between
multiple physiological signals, including cerebral activity (EEG), cerebral oxygenation,
and systemic signals,(HRj peripheral oxygen saturation, and blood pressure) (Hendrikx
et al., 2018). This study found propofol administration decreased coupling between
signals. These' studies, however, use monitoring technologies, such as near infrared
spectrogcopy and EEG, that are typically not readily available in most neonatal intensive
care units.

We aim'to examine the interaction between two readily-available physiological
signals, HR and PI, over the first day of life for a cohort of extremely preterm infants.
HR is ageommon physiological signal monitored in neonatal intensive care. PI is not
routinely displayed on a cotside monitor but can be easily recorded from the pulse
oximeter (Van Laere et al., 2016; Alderliesten et al., 2015; Hawkes et al., 2015; Kinoshita
et al., 2013; Cresi et al., 2010). The signal measures the ratio of pulsatile to non-pulsatile
components and represents a quantifiable measure of peripheral perfusion. As HR is
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an important component in cardiac output and PI a measure of end-organ perfusion,
HR-PI interaction is likely to be mediated by the cardiovascular system. Andmmature
cardiovascular system can lead to haemodynamic instability, which, it turn, can‘lead
to insufficient end-organ perfusion. We investigate HR—PI interaction as a means of
capturing this haemodynamic instability.

We relate this coupling to clinical relevant information, namely gestational age
(GA), inotropic therapy for treating hypotension, and short-term clinical outcome.
Short-term outcome is defined as early mortality before 72 hours'of life, acquired severe
intra-ventricular haemorrhage (IVH), or severe cystic periventricuﬁr leukomalacia
(O’Toole et al., 2016; Van Laere et al., 2016; O’Toole et al., 2018). We make no
assumptions about the nature of the coupling between the signalsiand therefore employ
non-stationary methods which determine the directionof influence using Granger
causality. In addition, we also develop new features t0 summarise the coupling without
compromising the nonstationarity and directionalify of the methods. These methods
are freely available as Matlab code (https://github.com/otoolej/nonstat_directional_
coupling). y

2. Materials and Methods

Before estimating the Granger causality.methods, we first extract a slowly varying
baseline from both the HR and PI signals. Removing this trend component from the
signal allows us to focus on thewoscillations of the signals around a slowly-varying mean
value but not the mean value itself.sWe refer to this higher-frequency component as the
detrend component (Van Laere et al:, 2016). We also determine coupling on a longer
time scale by using the trendsecemponents.

2.1. Patients, data acquisition, and pre-processing

HR and PI were collected from extremely preterm infants (<28 weeks GA) at the
neonatal intensive care umit of the University Hospital of Antwerp, Edegem, Belgium,
between January 132012, and December 31, 2014. Infants were excluded from the study
if they were gransferred into the unit after a postnatal age of 24 hours, had congenital
heart disease, or were considered nonviable. The study was approved by the Committee
for Medi¢al Ethies‘of the University Hospital Antwerp (reference 15/32/326) with a
waiver of informed consent. This is the same cohort of 99 infants from a previous Van
Laeretet aln(2016) study. Median GA is 26.7 weeks, with an inter-quartile range (IQR)
of 24.1 to 24.2 weeks (range: 24.1 to 27.9 weeks). Median duration for the PI signal is
24.0'hours/ (IQR: 23.0 to 24.0 hours; range: 13.8 to 24.0 hours) and median duration of
the HR signal is 23.9 hours (IQR: 23.6 to 24.0 hours; range: 13.8 to 24.0 hours).

All infants had a cranial ultrasound as soon as possible after birth with follow-up
scans daily over the first 3 days of life and weekly thereafter. Infants with a severe
IVH on the initial scan after birth were excluded from further analysis. Severe IVH
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was defined as grade 3 or 4 injury. These infants were excluded to focus on @equired
neonatal injury. Short-term clinical outcome was dichotomised as normal andradverse.
Adverse outcome was determined by patients who died within 72 hours after births.or
were diagnosed with an acquired severe IVH or severe periventricular leukomalacia on
serial scans; otherwise infants were grouped as normal (O’Toole et al.,2016; Van Laere
et al., 2016; O’ Toole et al., 2018).

Basic pre-processing steps are applied to both signals. To remove artéfacts in the
HR signal, we remove values of HR with a derivative greater than 60,bpm; that is, if
jh[n] h[n 1]j > 60, for HR signal h[n], then remove h[n| at sample\n. Likewise, for
the PI signal p[n], if jp[n] p[n  1]j > 2, then remove p[n}¢at sample/n and all points
within a 2-minute collar around n. These sharp spikes in PI are associated with probe
movement. Next the HR and PI signals are split into trend and detrend components
by applying a low-pass filter to calculate the trend. The low-pass filter has a cut-off of
1/43.2 mHz, a frequency with a period of approximately 12 hours, and is implemented
using a finite-impulse response filter with a Blackman~Harris window of 501 samples.
Filtering is computed in a forward and backward procesg to ensure zero-phase. The
detrend component is equal to the signal'minus the trend component.

2.2. Coupling between HR and PI trends

To assess for coupling on a long-duratien time scale, we correlate the HR and PI trend
components. We use Spearman’s correlation coefficient to assess for coupling between
the trends. Spearman’s correlation is calculated by first converting the signals, the
length-N x;[n] and X,[n], to ranks, denoted as r;[n] and r,[n]. The covariance of r;[n]
and r,[n] is divided by the pro@ct of the individual standard deviations ; and ,

_ cov(nff il

LT wi) (] Tfn) N
o so(nin] i)l (] T2

P
where F[n] = 1=N 7127201 r[n] is the mean of signal r[n].

For each imfant; we, generate a correlation coefficient and test whether this
correlation.is significant or not. We do so by generating a 95% confidence interval (CI)
using a/bootstrap procedure with 1000 iterations. If the CIs include 0, the correlation
coefficient,is considered non-significant and set to 0. As the correlation summaries the
temporal information over the 24-hour period, this coupling measure is stationary in
nature.

2.3 Lime-varying Granger causality

To estimate Granger causality between the HR and PI detrend components we use the
information partial directed coherence (iPDC) function (Takahashi et al., 2010). The
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iPDC is an improved version of partial-directed coherence, as it is invariant t0 signal
amplitudes, relates to information flow, and represents a frequency-dependentdeftect-size
measure for the magnitude of connection (Takahashi et al., 2010).

The iPDC is defined for a multivariate signal as follows. A stationary, zero-mean,

multivariate process x[n] = (X;[N] X2[N] ::: Xg[N])T, can be represented &s a multivariate
auto-regressive model (MVAR)
X
x[nj=  A[mjx[n m|+ win| (2)
m=1 e
for model order-p with w[n] = (wy[n] wo[n]:::wg[n])" adythe innovation processes

(superscript T represents the transpose operation). This stationaryaGaussian process has
covariance matrix Xy, with elements 7 . The MVAR coefficient matrices are described
as a sequence of matrices

T &l 1K
ay al’ ay
A[m] = 2',1 2',2 | 2',K 3
K1 QKo A e
for m = 1;2;:::;p. These coefficients are tramsformed to the frequency domain as
follows:
8 X >
§1 ajre B ifk =g
By K] = o (3)
% e J2 km otherwise
m=1
and used to define the iPDC from signal x;[n] to X,[n] as
B, [k
g (@)

AL PIWAIN
where b" denotes the Hezmitian transpose of b and where
bylk] =,(Bi,[k] By [k]::: By [K])"

As p is a small number, typically < 10, A[m] is zero-padded from length-p to length-M
with M >7p; to incréasing the sampling frequency in the frequency-domain iPDC ,[K].
The magnitudefof iPDC, j ,,[k]j?, represents the frequency-dependent coupling between
signals»x;[n]. and X, [n].

Although j 1,[K]j* presents a normalised effect size of the connectivity at each
discrete frequency K, it lacks information on the statistical validity of effect size. To
address this shortfall, Baccala et al. (2013) developed a closed-form expression for the
(asymptotic) statistical behaviour of the iPDC and with it a means for testing the null
hypothesis that ;,[k] = 0. With this expression we can develop a threshold at a pre-
described level of significance, for example with = 0:05, below which we assume that
the iPDC represents the zero level. This threshold is frequency-dependent and differs
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depending on coupling between | and . Full details can be found in Baccala et al.
(2013).

To incorporate non-stationary causality, we simply generate a short-time version.by
first windowing the signals and then generating the iPDC for each windewed segment:

SN Kl = (wimjx;im nR];w[m]x,[m nRJ;k) (5)

for0O m L 1, using the notation (X;y;K) to represent iPDC in (4) between signals
X and y. The short-time segments wim|x;[m nR] are generatedawith length-L window
w[n] and hop size R. The magnitude of the short-time iPDC (ST-iPDC) function,
iSi[n; kJj?, is a two-dimensional time-frequency representagion; similar in concept to
the spectrogram.

To compare the ST-iPDC with the standard cohérence function we generate a
short-time coherence Cy,[n; K] function using the same approachsin (5), as

CulmK] = (Wimlx[m  nRJ;wimjxjim  nRJ%) (6)
for0 m L 1. Coherence function [K] is gstimated as

leq[k]jQ
o B v
where Uy, [K] is cross spectral density estimate between X;[n] and X,[n] and Pyl] is the
auto spectral density. To estimate theulevel of zero coherence in [K], the Fourier-
transform shuffling method generates surrogate, uncoupled signals to estimate the null-
hypothesis distribution (that‘isy. [K] = 0)."The method is described in more detail in
O’Toole and Boylan (2017).

2.4. Implementation of ST=IPDC

The following describes the implementation used to compute ST-iPDC and associated
features for the HR and PI'deétrend components. First, we segment the components
into 3-hour epochssusing a, rectangle window w[n| with a hop size [R in (5)] of 5%.
Second, we remove the linear trend from all epochs to ensure there is no mean offset
before estimating the MVAR. Third, we estimate the MVAR coefficients A[m| and
covariance mgatrix 3, in (2). Model order for the MVAR, p in (2), is estimated using
the log of Akaike’s final prediction error (Neumaier and Schneider, 2001), searching up
to a maximum order of 10. To test if the MVAR is an appropriate fit to the HR and PI
epochs, we test the assumption that the residuals, w[n] in (2), are uncorrelated using the
Li-MeLeod Pertmanteau statistic (Schneider and Neumaier, 2001). If we find significant
cotrelations (P < 0:05), then the current epoch is excluded from the analysis.

Fourth, we estimate the iPDC in (4) removing coherence values at K if below the
threshold. This statistical threshold is estimated from the asymptotic statistics of the
iPDC (Baccala et al., 2013). Although N = 180 is small in our case, these methods
are robust to violations of the asymptotic assumptions (Baccala et al., 2013). Fifth, we
iterate this process for all epochs to generate the ST-iPDC in (5) at time points n.
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For the coherence function in (7) we use Welch spectral estimates with a Hamming
window of length 71 samples with 75% overlap. The null distribution is generated
using 500 iterations of the random-phase surrogate signals with the cut-off.for non=zero
coherence set to P < 0:01 (O’Toole and Boylan, 2017).

2.5. Nonstationary features of the ST-iPDC

To make use of the time-varying frequency content of the coupling, we first estimate
the predominate frequency coupling at each time instance and them-eharacterise this
temporal trajectory by summarising with a number of quantitative features. First, the
nonstationary (time-varying) frequency is computed by estimating thie'median frequency
at each time step by selecting ;,[n] that satisfies the following relation:

ok X

jSlq[n; k]jz = 5 jSlq[n; k]jZ (8)

k=0 k=0
As this relation may not be exact we interpolate the cumulative distribution on the
left-hand side with piece-wise cubic interpolation when estimating f,[n]. Thus the
2D jS;,[n; k]j? is compressed into the 1D ingtantanesus frequency (IF) f,[n]. Second,
to extract characteristics of this temporal trajeetory, we estimate features on f;,[n],
namely the standard deviation of figz[n] and the Hjorth parameters. As f;,[n] is not
zero-mean, we use the original definitien for the 3 Hjorth parameters (Hjorth, 1970),
defining activity, mobility, and complexity as follows:

M 1 I.:;N 1 f'2 S‘PW !
dl - i f2[n], d2 = —N n=0 [n], d3 — i 7\72011:' [n] (9)
N o d A NP

where f [n] represents the d?rivative of £[n] and f[n] represents the derivative of f[n],
assuming that F[n] is length/N. We drop the sub-script I; q notation here for simplicity.
We use an finite-impulse response filter of length-N=4 to compute the derivatives f[n]
and f[n] The linear-phasefilter is defined using a least-squares method to approach
the ideal response jH [k[j'= k for frequencies from 0 to 0:45F,, where f is the sampling
frequency, andstailing to zero for 0:45F, to 0:5F,. The standard deviation of f[n] is
defined as

de= ©_—— " fn fn~ (10)

n=0
where f[n] represents the mean-value of f[n]. Thus fd;;dy;ds; dsg represents our
nonstationary feature set, estimated on each fj,[n] instantaneous frequency extracted
from ST-PDC jS;,[n; k]j2. And lastly, to include a summative measure of coupling, we

sumpover time and frequency for the 2D (N M) ST-iPDC
B aad .

ds = NM iSig[; Klj (11)

k=0 n=0
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Although this feature set captures the nonstationary characteristics of the 2 ST-
iPDCs, it does not capture how the relative coupling between HR ¥ PI and#l ¥ HR
changes over time. To address this, we propose the following. First we, estimatesthe
time-marginal of the ST-iPDC, as

1 X i
= ISy [kl (12)
k=0
and then generate a plot of the trajectory ( 12[n]; 21[N]) for n =0;13:::; N 1. From

this plot, bounded within [0; 1], we estimate three featuresy thedfractal dimension,
magnitude of the centroid, and angle of the centroid. To estimate the fractal dimension,
we extend the method proposed by Higuchi (1990) from a time-seriesto a 2D plane curve.
The Higuchi method computes curve length, using the Euclidean distance between

points, at different scales k = 1;2;:::;kmax. Thus, for eurve(X[n]; y[n]), we estimate

the average length between points as

bN ¢

1
L(K) = ——— 4
( ) k2b¥c =1

PRmTi Xm0 DN Mk ymsa DR (13)

at different starting points m = 1;2;:::;k, including the scaling factor 1=k? (Higuchi,
1990). Typically, L,,(k) is averaged (mean) over all m to generate L(k) and a line
is fitted to points (logF1=Kg;logfL(k)g)a. The slope of this line produces the fractal
dimension, D. We make 2 changes here to increase statistical robustness. First, we
take the median of L,,(K) overam instead of the mean value. Second, we estimate D as
the median of scale-dependent fractal dimension D[K]. This function D[k] captures the
sensitivity of D to differentisealewalues and is calculated as the derivative of  logfL(K)g
over the derivative of logfkg (Higuichi, 1990), which simplifies to

BIK] logFla(k)=L(k 1)g;

logfk=(k 1)g

using the first-order difference method. An example of the method for three curves with

for k = 2;3;: 11 Kmax

increasing levels of disorder are presented in Figure 1. For our application, we replace
(x[n];y[n]) in(13) with™( 12[n]; 21[n]) and denote the fractal dimension measure as dg.
In initial testing with the physiological data, we found that dg tends to overestimate the
fractal dimensionssTo ensure that the estimates are bounded within [1;2], we follow a
procedure proposed by Higuchi (1990) that integrates the signal before calculating the
fractal dlBensmn For our plane curve, we integrate over one dimension by substituting
nln] = €., 12fi] for 12[n] before calculating (13).
Next,swe estimate the centroid of the Cart;esmn coordinates as
L 7
c= — nj; — n

N 120Ny . 21
and then transform to polar coordinates to calculate the magnitude, d; = = ¢ + 2,
and angle dg = cos '(cy=d7).

Page 8 of 24
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4 D=1.0 D=1.5 D=2.0
5
6
7
8
9
10
11
12
12 Figure 1. Fractal dimension (FD) estimate for 3 di erent\plane curves. Left:
15 linear curve (I[n]; I[n]) with non-uni{grm sampling. Middle: coloured Gaussian noise
16 (cx[n]; cy[n]), generated by c[n] = ”m:O w[m], where w[n]<s white Gaussian noise.
17 Right: white uniform noise (wx[n]; wy[n]). For all signals, N = 50:
18
19
20 Table 1. Nonstationary coupling parameters c[n}.and d[n] for the 4 length-N simulated
21 signals
22 ;

S |
- ignals
;‘5‘ Parameter 1 2 4 3 4
26 c[n] 0 0:2H(n N=2) s[n]H (s[n]) 0
27 d[n] 2a[n]s[n] 0:8[1 "Hmy, N=2)]""j8[n]jjH ( $§[n]) a[n]
;g Unit step function H(n) =1 for n* 0 andyH (n) = 0 for H(n) for n < 0;
30 Sinusoidal signals s[n] =0:5sin(2 nN5=N) and $§[n] = 0:5sin(2 n5=N + =2);
31 Damped exponential a[n] =g, ""(N=L5),
32
33
34 2.6. Numerical Fxamples
35
36 To validate our methods we\ provide numerical examples with different coupling
37 scenarios. We use the followin@nd—order MVAR model
38
39 x[n] = 0:6x[nd 1] £0:91x[n 2] +c[nly[n 1] +wy[n] (14a)
40
41 y[n] =1:58x[n 1] 0:96x[n 2] +d[n)x[n 1] + ws[n] (140)
jé forn=0;1;:::;N 1'with zero-mean white Gaussian noise as the innovation process
44 w|n|. Parameters ¢[n] and d[n] set the time-varying coupling between X[n] and y[n]. We
45 generate 4 different examples, with c[n] and d[n] functions defined in Table 1. Examples
j? 1-3 use the MVAR modelin (14a, 14b); example 4 uses a time-varying definition of X[n],
22 X[n'=2cos(2 f[n])x[n 1] 0:91x[n 2] + w;[n] (15)
50 with timesvarying frequency f[n] = 0:15 + 0:2sin(2 Nn0:5=N) and y[n] defined in (14b).
g ; To/validate the IF estimate approach in (8), we generate multiple (1000) realisations of
53 example signal 4 and use (8) to calculate the IF of the coupling.
54
gg 2.7 Association with outcome
g ; We relate all features of coupling, fdy; dy;:::; dgg generated from the detrend component
59 and t; in (1) from trend component, to three clinical variables of interest: short-term
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clinical outcome, GA of the infant, and inotrope use. Inotrope support is classified ag.a
binary variable: yes or no if inotropes are administered within the first 24 hours.

use Spearman’s correlation, defined in (1), with 95% confidence intervals (€Is) generated
with 1000 iterations of a bootstrap process. For consistency, we alsofuse Spearman’s
correlation as an effect-size measure for outcome and inotrope-support variables. As
outcome is of primary interest, we consider GA and inotropes as potential ¢onfounders.
Van Laere et al. (2016) showed that both variables significantly™(P-< 0:05) differ for
outcome groups. Therefore, if we find either variable is significantly associated with a
particular feature, and this feature is also significantly associated with outcome, then
we control for this potential confounder using multiple linear regression.

Independent features with sufficient potential are combined to detect outcome. We
use a support vector machine with a linear kernel, training and testing over a leave-one-
baby out cross-validation procedure. Regularisation parameter C is selected over the
parameter is scaled for 2 classes (normal and adversé outco’me) in proportion to number
of infants in each class. Features are converted to Z-scores before training and testing,
with testing using the mean and standard deviations estimated during training. Again,
we consider GA and inotropes as potential confounders with the support vector model.
Area under the receiver operator characteristic and Matthews correlation coefficient are
used to evaluate performance of trained model.

All methods, including the numerical examples in Section 2.6, are available as
Matlab computer code: https: /f/github.com/otoolej/nonstat_directional_coupling.

3. Results N

3.1. Proof-of-concept examples

Figure 2 presents the time-frequency ST-iPDC plots for 1 realisation of the 4 coupling
examples for X[n] and y[n| in (14a, 14b) and (15). Also included in this figure is the
spectral distribations for X[n] and y[n| and time-varying coupling parameters c¢[n| and
d[n] detaileddn Table 12" We can see in Figure 2 that when c[n] = 0 then jS,.[n; k]j> 0
for all k, for all 4 examples; and likewise, when d[n] = 0 then jS,,[n;k]j*> 0 for
all k. Thus thexST-iPDC is able track the nonstationary coupling. Example signals
1-3 in [Figure 2(a)-2(c)] show the time-varying coupling produced by the amplitude
modulation, parameters c[n] and d[n] but at a constant frequency. Example 4, in
Figure 2(d); shows both amplitude- and frequency-modulation coupling as the ST-iPDC
for X»8 y highlights the frequency-varying coupling produced by (15).

Figure 3(a) illustrates the IF estimates extracted from the ST-iPDC (x ¥ y) with
frequency-varying coupling in Figure 2(d). This figure highlights the relative accuracy
of the IF estimates, which uses the median frequency approach in (8), for this signal

type.

Page 10 of 24
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39 Figure 2. Nonstationary coupling for the short-time information partial directered
40 coherence (ST-IPDC) for 4 test signals (a, b, ¢, and d for signals 1, 2, 3, and 4,
41 respectively). Each,sub-plot contains the coupling parameters c[n] and d[n] (top) from
fé Table 1, the ST-iPDC (middle) for signals x[n] and y[n], and the auto-spectra for both
sighals (bottom).
44
45
46 . . . . .
47 Figures' 3(b) and 3(e¢) shows the trajectory of the time-marginal of the ST-iPDC
48 plotted @s planeneurves for signals 2 and 3 [Figures 2(b) and 2(c)]. These 2 curves
49 capture the differences in time-varying coupling between the 2 signals: for signal 3, the
50 . . . .
51 predominant.e¢oupling is from X ¥ y for the first half of the signal and then fromy ¥ X
52 for the second half, in keeping with the coupling function ¢[n] and d[n] for this example
53 (see Tabled); in contrast, the direction of the coupling for signal 3 cycles between X 1y
54 .. . . .
55 and y ¥ X, again in keeping with the defined coupling parameters.
56
57
58
59
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Figure 3. Time-varying coupling between test signals. (a): estima&es of instantaneous
frequency (IF) coupling for x ¥ y in example 4 in Figure 2(d)« Temporal evolution of
the directional coupling in (b) and (c) for examples Figure 2(b) and Figure 2(c).

3.2. Physiological signals

From the cohort of 99 infants, 14 (14.1%) were classified into the adverse outcome
group: 6 infants with severe IVH, 3 infants withgperiventricular leukomalacia, and 5
infants died within the first 3 days (Van Laere et/ al.52016). Fifteen (15.2%) of the
infants were administered inotropes within the fizst 24 hours Van Laere et al. (2016).
Inotrope administration is not associated with GA (P'= 0:122, Mann—Whitney U-test).
Further details on this cohort is available i\ VanyLaere et al. (2016).

After artefact removal, the médian_percentage of missing data for the PI signal
is 0.0% (IQR: 0.0 to 0.2%; range 0.0t0. 0.9%) and 0.1% (IQR: 0.0 to 0.3%; range 0.0
to 7.7%) for the HR signal. (For the analysis we classified artefact as missing data.)
Duration of HR-PI recordings is'mot associated with GA (r = 0:04, 95% CI: -0.24
to 0.15; P = 0:724). Figure 4 shows the associations between the HR and PI signals
and the 3 clinical variables. HR decreases with GA (r = 0:27, 95% CIL: -0.45 to -
0.08; P = 0:007) and Pl/is significantly lower for those infants with adverse outcome
comparative to those infants'with normal outcome (P = 0:002).

Q) 180 - 180 - - b)12 - 19 -
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L ] *%
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Figure 4. Distribution of the physiological signals in relation to gestational age,
inotrope administration, and clinical outcome. Perfusion index in (a) and heart rate
in (b) averaged over the 24 hour period. Statistical signi cance:  for P < 0:01 from
Mann{Whitney U -tests.
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3.2.1. Analysis of trends Coupling for the HR and PI trend components, plotted in
Figure 5(a), is non-zero (P < 0:05) for most infants (89/99), with a median value
of t; = 0:12 (95% Cls: -0.69 to 0.82); where t; is Spearman’s correlation defined-in
(1). Figure 5(b) shows the significant association between the 3 clinical,variables and
the coupling measure t;. Adverse clinical outcome is associated with a decrease in
coupling of the trend components: correlation r = 0:23 with 95% @I'of -0:4.1 to -0.03
(P = 0:026). Increasing GA is associated with increasing coupling (r = 0:23, 95%
CIL: 0.03 to 0.42; P = 0:022). And lastly, inotrope administration is associated with a
decrease in coupling (r = 0:35, 95% CI: -0.51 to -0.15; P < 0:001)- =

(@ 20 -
(b) r=0.23 (P=0.02) < (C)
— 19 - 14 Hxk 1 *
E . B
8150
= 05 ]
<
100 2
IS 1 01
3 L
=
_ 27 %*0.5 .05
= 8
1 ~\
-1 A 214 ]
0 T ! T ! . . ; . inotropes: | outcome:
0 6 12 18 24 24 25 26 27 28 =O=no | [=O=normal
time (hours) gestational age (weeks) =O=yes | |=C—adverse

Figure 5. Trend components forsheart rate (HR) and perfusion index (PI1) in (a)
for all infants (n = 99). Thick lines represent the median value. Coupling between
HR and PI trends»and its relation,to gestational age in (b), and inotrope use and
clinical outcome in (¢)2,Coupling is measured by Spearman’s correlation. Statistical
signi cance in (c): £/ for P.<,0:05 and for P < 0:001 from Mann{Whitney U-tests.

As both GA and inétropesiaré significantly correlated with t;, and therefore
potential confounders, we fit/ multiple linear regression model including GA, inotrope
use, and outcome “as independent variables with the coupling measure t; as the
dependent variable.  Wentransform t; and GA as they negatively skewed using the
following expression

y.= log,, fmax(x) +1 Xg (16)

which transforms X to anvapproximately Gaussian distributed variable y. Estimates of
the coefficients in Table 2 show that when controlling for GA and inotrope use, outcome
is no longer a significant variable in relation to t;, the coupling measure between HR
and PI trends.

3.2.2._Nonstationary and directional coupling The MVAR model in (2) fits the HR
and PT'detrend components in most cases: a median of 8.6% (95th centile range: 0%
to 22:1%) epochs per recording were excluded from analysis because the residuals, w|n|
in (2), were significantly correlated (P < 0:05). Analysis of the ST-iPDC showed weak
but significant coupling in both directions, as illustrated in Figure 6. The coupling from
HR ¥ PI, with median coherence values of 0.022 (IQR: 0.012 to 0.030), is greater than
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(@) 100

HR (detrend)

()

Table 2. Linear regression coe cients with t; (correlation between HR and PI trend
component) as the dependent variable.

estimate (95% ClI) P -value

intercept 0.18 (0.14 to0 0.22) <0.001
outcome? 0.019 (-0.047 to 0.084)  0.576
inotropes® 0.092 (0.029 to 0.16) 0.005
GAY 0.097 (-0.015 to 0.208)  0.090

Y Gestational age (GA) transformed using equation (16) to betterfapproximate a
Gaussian distribution (as is dependent variable t;).

z Reference value is normal outcome.

X Reference value is absence of inotropes.
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0.015), with P < 0:001; see boxplot in Figure 6.
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Figure 6. “Total coherence for the detrend components of heart rate (HR) and
perfusion index (P1) signals. A: detrend components for all infants (n = 99); thick lines
represent the median value. B: short-time information partial directed coherence (ST-
iPDC) averaged over all infants. C: total coherence, estimating by summing ST-iPDC
over the time{frequency plane, is larger for direction HR ¥ Pl compared to Pl ¥ HR;
dots: median values, thick lines: inter-quartile range, thin lines: 95th centile range. D:
in uence of gestational age (GA), clinical outcome, and inotrope use on total coherence;
Spearman’s correlation (x-axis) is used as an e ect size. Binary variables outcome and
inotropes are coded as 1 for adverse clinical outcome and inotrope administration.
Statistical signi cance: for P < 0:05, for P < 0:01, and for P < 0:001 from
Mann{Whitney U-tests.

HR coupling values, with median coherence values of 0.010 (IQR: 0.006 to

|ST-iPDC|? (dB)
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If we compare the total coherence, estimated by summing ST-iPDC acress time
and frequency, for the 3 clinical variables of interest, we find that total cohérence for
HR ¥ PI significantly increases with GA (r = 0:26, with 95% CIs ‘of 0.05 to 0:42;
P = 0:011) and that total coherence for PI ¥ HR is significantly greater for those
infants administered inotropes (r = 0:27, with 95% CIs of 0.06 to 0.465P.= 0:007). All
correlation values for total coherence are plotted in Figure 6(d).

The results for IF features, fdi;ds;ds;dsg from (9)—(11), are presented in
Figure7(a). None of the IF features are significant for the HR* ¥ PL coupling. But
for the PI ¥ HR coupling, 3/4 IF features are significant for clifiical. outcome. For
infants with adverse outcome, there is an increase in the standard dewiation of the IF
(r = 0:26, 95% CI: 0.09 to 0.41; P = 0:012) and mobility of the IE (r = 0:27, 95% CI:
0.08 to 0.43; P = 0:009), and a decrease in IF complexityn(r =/ 0:20, 95% CI: -0.35
to -0.03; P = 0:049). The features fdg; d7; dsg that gepresent the temporal trajectory
of coherence between HR ¥ PI and PI ¥ HR are presented in Figure 7(b). Inotrope
administration is associated with an increase indfragtal dimension (r = 0:27, 95% CI:
0.01 to 0.44; P = 0:008) and angle of the centroid (F =’O:28, 95% CI: 0.07 to 0.47;
P = 0:005) feature. GA is negatively associated with fractal dimension: decreasing
fractal dimension with increasing GA (r =, “0:20, 95% CI: -0.41 to 0.01; P = 0:049).

In comparison to the Granger causality measures, we find no significant association
between the 3 clinical variables and‘metries,of the short-time coherence function Cy,[n; K|
from (6)—(7). Details are provided in Seetion Appendix A (Supplementary Material).

3.2.3. Detection of outcome The 4 features of nonstationary coupling fdy;d,; d3; dsQ
for PI®HR from Figure 7(a) are combined in the linear support vector machine to
detect short-term clinical .outeeme. <Mean PI, from Figure 4(b), is also included in
this model. Table 3 presents detection performance for the individual features and
the cross-validationstesting results for the trained model. The most common value for
regularisation parameter,.C was 0:1, selected 74/99 times in the nested 5-fold iterations.
The trained model was mot significantly associated with GA (r = 0:08, 95% CI: -0.26
to 0.13; P = 0:476) or inotrope support (r = 0:17, 95% CI:-0.02 to 0.35; P = 0:078).
Because inotrope suppert is close to significance, with P < 0:1, we test as a potential
confounder. Wednclude inotrope support and clinical outcome as independent variables
in a linearsregression model with output of the trained support vector machine as
the dependent gariable. Clinical outcome retains significant: regression coefficient for
outcome is, 1.06 (95% CI of 0.49 to 1.63; P < 0:001).

4. Discussion

Thisis the first study to explore coupling between HR and PI in extremely preterm
infants over the first 24 hours of life. We find weak but significant coupling in both
the HR ¥ PI and PI®HR directions [Figure 2(b)]. Although HR ¥ PI coupling is
significantly stronger than PI¥ HR coupling [Figure 2(c)], nonstationary features of
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Figure 7. Non-stationary measures of coupling and association with clinical outcome,
inotrope use, and‘gestational age (GA). A: 4 features of coupling are estimated from
the time-varying coherence function: standard deviation of the instantaneous frequency
(IF) from the short-time iPDC and the 3 Hjorth parameters of the IF, namely activity,
mobility, and complexity. Top row for features of the coupling with heart rate (HR)
in uencing perfusion®index/(P1), and bottom row for P1 in uencing HR. B: 3 features
that summarise the trajectory of the time-marginal time-varying coherence function,
namely. fractal dimension (FD), the magnitude of the centroid, and the angle of
the centroid. Binary variables outcome and inotropes are coded as 1 for adverse
clinical-outcome and inotrope administration. Dots represent Spearman’s correlation
coe [ cient with 95% con dence intervals (bars), used here as an e ect size measure.
Signi, cance: | for P < 0:05, for P < 0:01, and for P < 0:001 from Mann{
Whitney, U-tests.

PI ¥ HR.coupling show an association with clinical outcome that is independent of GA

and inotrope administration. Causality is an important component of our analysis as

we untangle the interaction between these 2 physiological signals. For example, we

find that HR ¥ PI coupling increases with maturation and PI ® HR coupling increases

withiinotrope administration [Figure 6(d)]. Coherence, without a measure of causality,

shows no association with any of the 3 clinical variables (Figure Al). We also find

that the ultra-slow oscillations of HR and PI, signals with periods >12 hours, are

correlated [Figure 5(b)] and that this association changes with inotropic therapy. Those

infants receiving inotropes will tend to have a negative HR-PI correlation compared
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Table 3. Detection performance of individual features and cross-validation testing
results for the combination of all features using a support vector machine{(SVM).

Feature/method MCC AUC Sensitivity Speci city PPV NPV

(%) (%) (%) (%)
Mean PI 0.339 0.766 74.1 71.4 94.0 “31.2
IF SDY 0.317 0.710 71.4 71.8 294 938
IF activityY 0.021 0.586 50.0 52.9 149 865
IF mobilityY 0.339 0.720 71.4 74.1 31.2, 940
IF complexityY  0.121 0.663 60.0 57.1 8955 19.0
SVM 0.518 0.866 85.7 81.2 42,9 /4 97.2

YNonstationary features of instantaneous frequency (IF) estimated from PI ¥ HR
coupling.

Key: MCC, Matthews correlation coe cient;/AUC; area under the receiver operator
characteristic; PPV, positive predictive value; NPV, negative predicative value; IF,
instantaneous frequency; SD, standard deviation.

L
to those not receiving the therapy who, tend tof have a positive HR-PI correlation
[Figure 5(b)]. Combining features of nonstationary coeupling with mean PI in a machine
learning algorithm provides detection of adverseésoutcome with a sensitivity of 85.7%
and specificity of 81.2%.

Accounting for the nonstationaritynof these long-duration (24 hours) physiological
signals is a key component imour approach., We extended the iPDC to include time-
varying coherence by applying a short-time windowing approach. This approach assumes
that the signals are stationary within the window duration, an untested assumption for
our data. There are alternative& to the short-time appoach, for example by developing
a time-varying MVAR modelfor_ partial-directed coherence functions (Pagnotta and
Plomp, 2018). We use, this,8hort time approach for 2 reasons. First, the time-varying
parameters are morg difficult to fit than stationary MVAR models, and in practice
we have found this'te,be a.challenge in other applications (Omidvarnia et al., 2011,
2014).
accurate time-frequency/coherence distributions (Omidvarnia et al., 2011). In other

And second, the time-varying MVAR models do not always produce more

areas of signal processing, the short-time approach is the most common approach for
the analysis ef nonstationary signals: for example the spectrogram is a tried-and-trusted
time—frequency .analysis tool very much still in use today. In addition, the numerical
examples, in Figure 2 validate our approach, as the expected time—frequency patterns
arefevident for all test signals.

Another important aspect of our analysis is the feature set. Although many coupling
methodssare nonstationary they fail to extract features of the time—frequency coupling
(Pagnotta and Plomp, 2018; Beausoleil et al., 2018; Placek et al., 2017; Formaggio
ét al., 2014; Schiecke et al., 2016; Omidvarnia et al., 2014; Chang and Glover, 2010).
For example, nonstationary coupling is often used as a visual identification tool to locate
regions of interest in the time—frequency plane and then average over this region (Piper
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et al., 2014; Formaggio et al., 2014; Omidvarnia et al., 2014). Summing acrgss time
and frequency will generate a metric of coupling that ignores the time and drequency
trajectories, and is unable to distinguish between 2 very different modes, of coupling:
for example, between the 2 test signals in Figures 2(b) and 2(c). We preposera feature
set that quantifies the nonstationary characteristics of coupling and is $herefore able to
distinguish between fundamentally different modes of time—frequeney €oupling. The 4
IF features [Figure 7(a)] characterise the temporal trajectory of the frequency-dependent
coupling. The 3 features of the time-marginals [Figure 7(b)] characterises the temporal
trajectory of the direction-dependent coupling. With this proposed feature set we can
uncover and quantify the time-varying relation between thessignals./For example, it
is clear from the numerical examples in Figure 2 that only nonstationary features can
distinguish between the time-varying coupling in the different examples, as shown in
Figure 3.

In addition to developing methods to quantify nonstationary and directional
coupling between HR and PI, we also trained a machine-learning model to detect clinical
outcome. The model uses features of nonstationary/P1 ¥ HR coupling and mean PI over
the 24 hours; we include mean PI as it wassignificantly associated with outcome but not
with inotrope support or GA. Detection performance, assessed by Matthews correlation
coefficient, for the individual features ranged from,0.02 to 0.34 (Table 3). Combining
these features in the support vector machine incereased the correlation coefficient to 0.52.
We developed the model to highlight the potential of coupling features as biomarkers
of adverse outcome. Future work could include a more extensive feature set including
other characteristics of HR and«PI, trained and tested on a large data set.

It is not surprising to find that the predominant causality is from HR ¥ PI, and
not PI ¥ HR. As the cell strusture of the myocardium of a preterm infant is in an
embryological state of development (Anderson, 1996) it affects the ability to increase
its stroke volume inythe presence of changing loading conditions at birth (Poon et al.,
2019; Eriksen et al.,2014). As such, organ blood flow (reflected in PI) is substantially
influenced by changes in HRiand vascular tone (Winberg and Ergander, 1992; De Waal
et al., 2017). The cardiovascular tone is controlled by the autonomous nervous system
(Mulkey and dii"Plessisy«2018) that allows for the redistribution of blood flow to vital
organs by affecting cardiae output or peripheral vascular tone. This complex process is
mediated. by activating adrenergic/cholinergic receptors (A/C-R) present on the heart
and the peripheral vessels. In prematurity it is unclear whether these receptors are
functionally matured (Patural et al., 2008) which could explain our finding that the
HR ¥ PI relation strengthens with gestational age [Figure 6(d)]. Prematurity could also
be reflected in a maturational A/C-R imbalance (Hunt, 2006) which could explain the
more surprising significant coupling between PI ¥ HR [Figures 6(b) and 6(c)]. The effect
of inetropic medication on the circulation is exerted in a dose-dependent activation of
the A/C-R. The effect of blood pressure augmentation therapy, mainly known from
adult physiology, could therefore be different in preterm infants than anticipated (Eiby
et al., 2016) and reflected in the finding that PI ¥ HR coupling increases with inotrope
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administration [Figure 6(d)]. But we lack certainty as we are speculating aboutha
complex biomedical system based on data recorded from limited peripheralélocations
from immature newborns during extra-uterine adaptation.

Similarly it is also difficult to relate the nonstationary features of time-varying
coupling to a physiological process. The feature set was designedéto capture the
nonstationary and directional characteristics of the coupling. We find that features of
the IF for PI ¥ HR coupling are associated with outcome. The complex nature of these
features may preclude a direct link to the underlying physiolegy, other than stating
that the differences in the temporal pathway in cardiovascular physiology likely indicate
haemodynamic instability and hence the association with adverse outcome. None of
the 3 direction-dependent features were associated with outcomeypbut we do find that
inotrope administration increases the level of disorder, as measured by fractal dimension,
between the direction-dependent causality of HR ¥ PI and, PI®HR [Figure 7(b)]. In
contrast, this level of disorder decreases with matutation [again Figure 7(b)].

The ST-iPDC function evaluates time-varying Granger causality. This stationary
iPDC function estimates a normalised effect-siza medsureof coherence that is amplitude-
invariant, unlike other directed coherengé functions (Takahashi et al., 2010). We also
implement the closed-form statistical approach to remove non-significant coherence
values from the ST-iPDC (Baccala et al.; 2013)» There are, however, many other
methods to test for causality (Hassan andsWendling, 2018; Greenblatt et al., 2012). For
example, wavelet coherence functions gemerate time—scale representations of coherence
(Beausoleil et al., 2018; Pipernet al., 2014). Wavelets provide poor representations
of the time—frequency plane (Beashash and Ouelha, 2018) and singularities, from the
normalisation process, make imterpretation difficult (Beausoleil et al., 2018; Chang and
Glover, 2010). Our ST-iPDGrfunction, in contrast, does not produce singularities and
has good time-frequency|resolution, as shown in Figure 2. Coherence methods specific
to signal types are alsosavailable. For example, Omidvarnia et al. (2014) developed non-
stationary coherence methods to specifically avoid the volume conduction problem in
EEG. Volume conduction isnot applicable to our signals however. The most significant
limitation of ourrapproach here is that we assess for linear coupling only, and do not
test for nonlinear coupling. We leave this analysis for future work.Another limitation is
that we examine/this‘coupling only on day 1, in keeping with our previous study on PI
(Van Laere-et al., 2016). As pathologies such as IVH are likely to develop over the first
few days of life duture studies should include this extended time frame to map temporal
evolutionary pathways of the HR-PI coupling and its association with adverse outcome.

5. ‘Conclusions

This. is the first study to examine the interaction between HR and PI in a large
¢ohort (N = 99) of extremely preterm infants. We develop features which quantify
time-varying and direction-varying interactions, necessary for characterising coupling
in complex biological systems. Our results present new findings on the interaction
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between these physiological signals during postnatal adaptation and identify potential
biomarkers of adverse outcome, including brain injury. This is significanthas these
features are objective markers extracted from existing monitoring technologies commen
to many neonatal intensive care units. Early detection of injury during,the postnatal
transition could improve critical care and therefore long-term clinical éutcome for this
group of vulnerable infants.
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Appendix A. Nonstationary features of non-directed coherence

Figure Al shows the grand-average of Cy[n;K] over all babies [Figure 1(a)}, and
association between total coherence (Cy[n; K] summed over time and frequency) with
the 3 clinical variables.
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Figure Al. Coherence between the heart rate and perfusion index. (a): grand-
average of the short-time coherence (ST-COH) fuhction for all infants (n = 99).
(b): in uence of the clinical outcome, inotrope therapy, and gestational age (GA)
on the coherence (total coherence summed over time and frequency); dots represent
Spearman’s correlation coe cient with 95% con dence intervals (bars), used here as
an e ect size measure. Binary variables outcome and inotropes are coded as 1 for
adverse clinical outcome and inotrepe administration. None of the variables in (b) are
statistical signi cant (Mann{Whitney U tests, P > 0:05).

Figure A2 shows the relation between the IF features, fdi; do; ds; dsg in (9)—(10),
and the 3 clinical variables. The IF is‘estimated from the short-time coherence function
in (6)- (7). We found no statistical association among the features and the 3 clinical
variables (P > 0:05).
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Figure A2. Non-stationary measures of coupling and association with clinical
outcome, inotrope use, and gestational age (GA). The 4 features of coupling
are estimated from the short-time coherence function: standard deviation of the
instantaneous frequency (IF) from the coherence function and the 3 Hjorth parameters
of the IF, namely activity, mobility, and complexity. Dots represent Spearman’s
correlation coe cient with 95% con dence intervals (bars), used here as an e ect size
measure. Binary variables outcome and inotropes are coded as 1 for adverse clinical
outcome and inotrope administration. None of the variables are statistically signi cant
(Mann{Whitney U tests, P > 0:05).



