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ABSTRACT Illness severity is a major determinant of neonatal mortality. In neonatal intensive care,
severity-of-illness scales, primarily relied on subjective judgment by experienced physicians, are used to
assess the mortality risk prediction and therapeutic intensity. Because cardiovascular morbidity and other
disease state may contribute to hemodynamic abnormalities, the illness severity may reflect on the state of
hemodynamic abnormalities. Several diagnostic approaches, such as laser Doppler flowmetry and orthogonal
polarization spectral, have been developed to evaluate the local information of blood flow or vascular
distribution on skin surface, but they may not efficiently evaluate the systemic circulation. In this study,
an intelligent systemic circulation monitoring system was proposed to non-invasively evaluate the blood
perfusion state and further estimate the illness severity. In the proposed system, a wireless sensing device
was designed to real-time monitor the changes of hemoglobin parameters under the altered external pressure,
and several indexes were defined from the hemodynamic response to present the blood perfusion state. The
relationship between the blood perfusion state and the illness severity was also investigated in this study.
Moreover, the technique of neural network was also applied in the classification of illness severity. The
experimental results indicate the differences between many defined blood perfusion indexes in neonates
with different illness severity were exactly significant and the mild and severe illness severity group could
also be efficiently recognized by the neural network technique. Therefore, the proposed system may contain
the potential of future clinical applications in the evaluation of illness severity or other diseases.

INDEX TERMS Illness severity, neonatal intensive care, hemodynamic abnormalities, blood perfusion,
neural network.

I. INTRODUCTION
The cardiorespiratory system undergoes the structural and
functional change from fetal to the postnatal period. Any
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immature development of organs and organ systems in
neonates may cause the irreversible damage and increase the
risk of prevalence and mortality. Therefore, it is essential to
assist the physician in identifying and predicting for early
intervention, especially in the neonatal intensive care unit.
Neonatal therapeutic intervention scoring system (NTISS)
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has been developed to assist physicians for outcome predic-
tion by evaluating the illness severe severity and fatality [1].
However, NTISS is the clinical scales based on interventions
and treatments, rather than on the true pathophysiologi-
cal measurements [2]. Hemodynamic monitoring has been
proved to be pivotal for evaluating individualized pathophys-
iology [3], and therefore, the illness severity may reflect on
the hemodynamic state.

In clinical, the capillary refill time (CRT) is the time that it
takes for the color changes and regain after pressure is applied
to cause skin blanching, and is the widely used examination
method to evaluate hemodynamic state and distal capillary
perfusion signs [4], [5], [6]. However, in clinical, the estima-
tion of CRT is usually observed subjectively by the medical
staffs, and there is still lacks of a monitoring system to objec-
tively evaluate the CRT information. Several methods, such as
laser Doppler flowmetry (LDF), magnetic resonance imaging
(MRI), and orthogonal polarization spectral (OPS) imaging,
may also be applied in the non-invasive microcirculation
evaluation. Here, laser Doppler flowmetry can provide the
blood flow estimation by measuring the doppler frequency
shift resulting from the reflected laser light changes in moving
blood cells [7], but it is extremely sensitive to movement
artifacts [8]. Based on the differences in the magnetic res-
onance signal between different human tissue components,
the MRI technique can be used to noninvasively assess the
hemodynamic changes elicited by blood flow and oxygena-
tion during the hyperemic response, and has been developed
in the applications of cerebral blood flow, ventricular function
and systemic perfusion in neonates [9]. But the sedation or
general anesthesia are commonly required to ensure immo-
bilization during imaging, and this may increase the risk of
adverse events, especially for neonates with complex congen-
ital heart disease (CHD) [10]. In the OPS imaging technique,
the linearly polarization light is used to illuminate tissue and
the cross-polarization of reflected light will enhance the con-
trast of vascular structures. The microvascular diameter and
the red blood cell velocity could be quantified and assessed
by the high contrast images of OPS without using florescent
dye [11]. Although the above approaches can provide the
local information of blood flow or vascular distribution, but
they may still not effectively evaluate the systemic hemo-
dynamic. Near-infrared spectroscopy (NIRS) is an optical
technique used to non-invasively estimate the change of the
human tissue composition, and has been widely developed
in the applications of monitoring blood perfusion and tissue
oxygenation [12], [13], [14], [15]. We also reviewed the liter-
ature review papers [16], [17], [18] on neonatal physiological
monitoring. From these literature reviews, it can be seen that
most neonatal physiological monitoring is performed using
bulky and numerous equipment, and most of them can only
monitor a single physiological parameter. There is no system
that monitors the systemic circulation and establishes indica-
tors to evaluate the severity of neonatal diseases. Based on the
NIRS technique, a novel systemic circulation monitoring sys-
tem was proposed and implemented in this study, to estimate
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the blood perfusion information and further evaluate neonatal
illness severe severity. Here, a wireless sensing device was
designed to real-time and non-invasively monitor the change
of the hemoglobin parameters under the applied pressure,
and several indexes were also defined to present the blood
perfusion state. The relationship between the defined indexes
and the illness severity was also investigated in this study.
Finally, the neural network technique was used to classify
neonates with different illness severe severity.

Il. METHODS

A. DESIGN AND IMPLEMENTATION OF SYSTEMIC
CIRCULATION MONITORING SYSTEM

The proposed intelligent systemic circulation monitoring sys-
tem, as shown in Fig. 1, mainly contains a wireless sensing
device and a smart platform. The wireless sensing device was
designed to acquire and transmit the changes of hemoglobin
parameters and the applied pressure under capillary refill test,
to the smart platform wirelessly. The smart platform was
designed to estimate the blood perfusion state of the newborn
baby and further evaluate the illness severity. Here, several
defined blood perfusion indexes would be extracted from the
change of these hemoglobin parameters, and then would be
inputted into the model of neural network to evaluate the state
of neonatal illness severe severity.

Estimation of D)

hemoglobin parameters /B
2 [
v
Smart platform

Extraction of blood
perfusion indexes

¢ Wireless sensing device

Neural network /

classifier

v

Estimation of neonatal
illness severe severity

I
1
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] Wireless signal :
— 1
| acquisition module /

_____________________

\

FIGURE 1. Schematic diagram of the proposed intelligent systemic
circulation monitoring system.

The wireless sensing device contained a sensing probe and
a wireless signal acquisition module, and its block diagram
and photograph are shown in Fig. 2 (a) and Fig. 2 (b) respec-
tively. The sensing probe, combining an optical sensor with
a force sensor, was positioned on the bottom of the foot. The
optical sensor contains a tri-wavelengths light-emitting diode
(LED; SMT 640/700/910, Epitex, Tokyo, Japan) and a pho-
todiode (PD; PD15-22/TR8, Everlight Electronics, Taipei,
Taiwan), and they were used as the light source and light
detector respectively. The distance between the light source
and light detector was set to 10 mm. The force sensor
(Flexiforce A301-1, Tekscan, Boston, MA, USA), that is a
round flexible force sensing resistor, was used to detect the
applied force on the skin. The wireless signal acquisition
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module mainly consists of a microprocessor, a LED driver
circuit, a photodiode amplifier circuit, a force sensing circuit,
and a wireless communication circuit. The LED driver circuit
was designed to control the LED turning on/ off via the
microprocessor commands. When the LED was turned on to
provide the light illumination on the human tissue, the light
reflected from the human tissue would be received by the
photodiode, and then would be converted into the electrical
voltage signal and amplified by the photodiode amplifier
circuit. In addition, the force sensor would detect the applied
force externally on the skin surface of the foot sole, and
then the force sensing circuit would convert the applied force
signal into the voltage signal. Finally, these collected phys-
iological signals would be digitized and sent to the wireless
communication circuit by the microprocessor, to transmit to
the smart platform wirelessly.

(@) Wireless signal acquisition module

Microprocessor [ ] LED
driver circuit
Analog-to- e
d 416 rer N OIC <
digital converter Force Toree
L sensing circu
¢ ensing circuit sensor
, - PD amplifier [¢
Wireless LED

circuit PR
communication CIECHL :

circuit

(b)

FIGURE 2. (a) Block diagram and (b) photograph of designed wireless
sensing device.

B. ESTIMATION OF HEMOGLOBIN PARAMETERS
In the near-infrared wavelength (about 650 nm ~ 950 nm), the
light can provide the better penetrating depth for most human
tissue components due to the relatively smaller absorbing
and scattering properties. Because the transparency charac-
teristic of the human tissue, the estimation of the major
absorbers in the near-infrared light, such as oxy-hemoglobin
(HbO3) and deoxy-hemoglobin (Hb) [19] become possible.
According to the distinctive absorbing and scattering proper-
ties, the hemoglobin concentration changes in human tissue
can be simply estimated from the attenuation changes of
dual or more wavelength near-infrared light. The modified
Beer—Lambert law (MBLL) is the widely used algorithm to
account the absorbing effect on light attenuation [20], [21].
The change of the optical density attenuation corre-
sponding to the concentration change of the absorbing
chromophore in the medium or human tissue components

127470

can be defined as the ratio of the light intensity after
penetrating through the medium to the incident light inten-
sity [22]. Therefore, in the irradiation of near-infrared light
with human tissue, the change of the optical density atten-
uation AOD(A) corresponding to the wavelength A, caused
by the hemoglobin concentration changes of A [HbO»] and
A[HD], can be simply obtained as following [23].

AOD(L) = —loglg () = (¢} - A[HDO]
I; (QL) HbO,

+ & - ALHD])-L - B(A) (1)

Here, I,(A) and I;(A) represent the penetrating light
intensity and the incident light intensity, and 81’}1},02 and 8%”)
are the extinction coefficients of HbO, and Hb respectively.
The parameter L denotes the separation between the light
source and the photodetector, and B(A) is the correcting factor
for the photon progression pathway in human tissue [24].
From the above equation, the concentration changes of HbO»
and Hb can then be estimated by the multi-wavelength optical
density attenuations, as shown in followings [22], [25].

1
AHPON =5 A) T
o N AOD ()’1) M AOD (1’2)
(E”b Bn " “Bay ) ¥
1 1
A[Hb] = ——— -~
det(A) L
(. 20D (A2) _a  AOD (A1)
HbO, B()Lz) HbO, B(A])

3)

where det(A) is the determinant of a 2 x 2 matrix

1 1

A= 8th02 “Hb | n this study, 700 nm and 910 nm

€HbO, €HbO,

wavelength lights were used because the absorption spectral

coinciding point of HbO; and Hb is at about 800 nm. Finally,

the changes of total hemoglobin (HbT) concentration and

tissue oxygen saturation (S¢0;) can then be estimated from
the concentration changes of HbO, and Hb.

A [HbT] = A [HbO>] +A[HD] 4
A [St0,] = A [HbO,] 100% (5)
2T A[HbOX ] +A[HB)

C. EXTRACTION OF BLOOD PERFUSION INDEXES

In order to present the blood perfusion state, several indexes
were defined from the change of the hemoglobin parameters
(HbT and StO>) under capillary refilling test, and they are
illustrated in Fig. 3. The definition of Index I and VI is the
initial HbT and StO, before applying the external pressure
respectively, used to evaluate the baseline of blood circulation
state. The definition of Index II and VII is the averaged HbT
and StO; during the applied external pressure respectively.
The definition of Index III and VIII is the averaged HbT and
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StO, after releasing the applied pressure, used to evaluate the
blood perfusion state. The definition of Index IV is the time
amount of the HbT spent in reaching the highest level after
pressure release, used to evaluate the capillary refilling time.
The Index V is the difference of the capillary refilling time
after the first pressure release and repeated pressure release.

A —— Hemoglobin parameter 4
— Applied pressure

1
Vm ax

Vl

min

Change of applied pressure (a.u.)

] | |
| M | |

15t pressure

Change of hemoglobin parameter (a.u)

Time (s)

2nd pressure 3td pressure

Viin - Min hemoglobin parameter after applying n-th pressure
Vax - Max hemoglobin parameter after releasing n-th pressure
T, : Amount of time from HbT}};,, to HbTj

min

Index I = Average of 2s HbT before 1% pressure
Index II = Average of 2s HbT before H bT,}”-n
Index IIT = Average of 2s HbT before HbTh o
Index IV=T,

Index V = Difference between T; and T3

Index VI = Average of 2s StO,before 1% pressure
Index VII = Average of 2s StO,before S t0271m.n

Index VIII = Average of 2s StO,before S t0271n ax

FIGURE 3. Illustration for defined indexes related to blood perfusion
state.

D. NEURAL NETWORK CLASSIFIER FOR ESTIMATING
NEONATAL ILLNESS SEVERE SEVERITY

In order to evaluate different illness severities from the blood
perfusion state, the technique of radial basis function neural
network (RBFNN) was used as a classifier in this study.
RBFNN contains the advantages of simpler network struc-
ture, fast learning processing, and an excellent nonlinear
approximation capability [26], and has been widely applied in
many medical applications [27], [28], [29]. Its basic structure
is a three-layer feedforward network (Ny input neurons, N|
hidden neurons, and one output neuron), as shown in Fig. 4.
In this study, several indexes related to blood perfusion state
and the hemoglobin concentration measured by the blood test,
were used as the input of RBFNN. Here, the output of the j-th
hidden neuron can be calculated by the Gaussian activation
function [30],

e () ¢;?
®; (n) :exp(_—’), j=1,2,....,Ny (6)

202
where x (n) = [x1 (n), x2 (), x3 (n) , ..., X, (n)]T denotes
the input vector at the n-th trial, o is the deviation of all

input vectors, and ¢; is the center vector of the j-th hidden
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neuron that can be viewed as the representative features
extracted from the training data set via the unsupervised
learning mode (k-mean clustering algorithm) [31]. The used
Gaussian activation function can provide the nonlinear trans-
form to evaluate the similarity between the center vector and
the input vector, and can effectively enhance the nonlinear
approximation capability of RBFNN [32]. Finally, the output
of RBFNN is the linear combination of the outputs of all
hidden neurons, and it can be expressed by

RBFNN output = % (n) - W (7

where ® (n) = [®(n),®2(n), ..., Px, ()] is the outputs
of all hidden neurons, and W = [wy, w2, w3, ...,WNl]T
is the weight vector between all hidden neurons and the
output neuron. In this study, the normalized least mean square
(NLMS) algorithm [33] was used to adjust the weight vec-
tor. According to Neonatal Therapeutic Intervention Scoring
System (NTISS) the neonates with different illness severities
were classified into two groups: the mild illness severity
group (NTISS < 15) and the severe illness severity group
(NTISS > 15). During the supervised learning processing,
the desired output of RBFNN for the mild and severe illness
groups were defined as 1 or O respectively.

Indexes extracted from HbT and St0, &
Hemoglobin concentration

K-means
clustering
algorithm [

NLMS
algorithm

RBFNN output

Desired signal

FIGURE 4. Architecture of radial basis function neural network.

E. EXPERIMENTAL DESIGN

In order to investigate the relationship between the blood
perfusion state and the illness severity in neonates, the par-
ticipating neonates were classified into two groups: the mild
illness severity group (41 males and 21 females) and the
severe illness severity group (11 males and 9 females). The
averaged postnatal age of all neonates is 2.87 &+ 2.14 days,
and the information of these neonates are summarized in
Table 1. In this experiment, the proposed sensing probe was
placed on the bottom of the neonate foot. The healthcare
worker would first apply a pressure on the sensing probe for
5 s, and then relaxed for 10 s. The above procedure would
be repeated 3 times and each participating neonate would be
measured for 6 times within one hour. This experiment has
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been approved by the approval from the institutional review
board of Kaohsiung Medical University Chung-Ho Memorial
Hospital (IRB No. KMUHIRB-SV(I)-20200004), and the
parents of all participated neonates have signed the informed
consent form. The t-test was used to estimate the statistical
significance, and the significance was defined as p < 0.05.

Moreover, the whole flowchart of signal processing is illus-
trated in Fig. 5. The change of hemoglobin parameters would
first be estimated from multi-wavelength optical density
attenuations, and then the defined indexes would be obtained.
Next, the significant indexes would be selected as the input
of classifier via several feature selection methods, including
t-test, Kruskal-Wallis test, Relief, entropy-based information
gain, entropy-based information gain ratio, entropy-based
symmetrical uncertainty, one rule algorithm, and ranking
based on mutual information. Finally, the optimal classifier
would be determined from the performance of different clas-
sifiers, including decision tree (DT), K-nearest neighbors
(KNN), logistic regression (LR), random forest (RF), support
vector machine (SVM), and RBFNN.

Multi-wavelength optical density attenuations

|Estimation of hemoglobin parameters |

v

| Extraction of blood perfusion indexes |

| Selection of significant indexes |
v

| Selection of optimal classifier |

M

Estimation of neonatal illness severe severity

FIGURE 5. Whole flowchart of signal processing used in proposed
system.

TABLE 1. Demographic data of measured neonates in different groups.
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FIGURE 6. Experimental results of Index I-VIII corresponding to different
groups (* p < 0.05, ** p <0.01, *** p < 0.001).

Group I\S/[eliirliltl;ess Szxéireeriltgness TABLE 2. Experiment results of index I-VIII in different groups.
Total No. 62 20 — -
Mild illness Severe illness
. . p-value
Male No. 41 11 severity group severity group
Index I 0.665 +0.026 0.649 +0.039 0.0002
Female No. 21 9 Index II 0.620 + 0.026 0.607 = 0.041 0.0036
Postnatal age Index I1I 0.657 £ 0.027 0.640 + 0.040 0.0001
(days) 2.66 £2.07 3.50+2.28 Index IV 6.700 = 2.208 5.805 £ 2.010 0.0002
Gestational age 3498 30.60 Index V -0.144 £ 1.781 -0.219 £ 1.726 0.3596
(week) ) ) Index VI 52.113 £ 1.111 51.962 £ 0.871 0.0887
Birth body weight 2349.52 1540.10 Index VII 51.643 +1.218 51.505 +0.893 0.1185
(gm) i . Index VIII 51919+ 1.075 51.721 +0.842 0.0335
NTISS <15 >15

Ill. EXPERIMENTAL RESULTS

A. NEONATAL BLOOD PERFUSION INDEXES
CORRESPONDING TO DIFFERENT GROUPS

In this section, the blood perfusion indexes corresponding
to different groups was first investigated. The experiment of
results of Index I - VIII corresponding to different groups
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are shown in Fig. 6 and Table 2. From the experimental
results, the Index I - III values of HbT concentration of the
mild illness severity group were significantly higher than the
severe illness severity group. The Index IV values of capillary
refilling time of the mild illness severity group were signifi-
cantly higher than the severe illness severity group. Here, the
Index VIII values of StO, concentration of the mild illness
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FIGURE 7. Hemoglobin concentration measured in blood corresponding
to different groups (* p < 0.05, ** p < 0.01, *** p < 0.001).

severity group were also significantly higher than the severe
illness severity group. Fig. 7 shows the hemoglobin concen-
tration measured by the blood test corresponding to different
groups. The experimental result showed a significant differ-
ence between the hemoglobin concentrations in the blood for
the mild illness severity group (17.189 £ 10.949) and the
severe illness severity group (14.722 £ 2.215, p = 0.0001).

B. NEONATAL BLOOD PERFUSION INDEXES
CORRESPONDING TO DIFFERENT GROUPS

From the above experimental results, the difference between
the Index I - IV, Index VIII and the hemoglobin concentration
(Hb) in blood for different groups were significant. Therefore,
in this study, the above self-defined Indexes and hemoglobin
concentration in blood were used as the input of RBFNN
to classify the illness severity. Here, a total 61 participants
(48 mild illness severity cases and 13 severe illness severity
cases) were randomly selected for training, and 21 partic-
ipants (14 mild illness severity cases and 7 severe illness
severity cases) were used for blind test. In order to optimize
the classification performance of RBFNN, the threshold was
set from O to 1, and the number of the hidden neurons was
set to 16, 32, and 64. In addition to the hyperparameter test of
the RBFNN classifier, we also perform hyperparameter tests
for other common DT, KNN, LR, RF, and SVM classifiers,
and all use the above 61 participants for hyperparameters
finding. Tables 3 to 8 show the performance of each classifier
in different hyperparameter ranges and combinations.

In order to evaluate the classification performance, sev-
eral indicators for binary classification have to be defined.
Here, true-positive (TP) and true-negative (TN) are correctly
identify the mild illness severity group and the severe illness
severity group respectively. False-positive (FP) means that
the mild illness severity group is incorrectly identified as
the severe illness severity group. False-negative (FN) is the
severe illness severity group is incorrectly identified as the
mild illness severity group. In this study, the classification
performance was determined by the value of F-measure and
accuracy, and they are defined as followings.

Sensitivit TP )
ensitivity = ———
YZ TP EN
.. P
Precision = ——— O]
TP + FP
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TN

Specifcity = —— 10
Py = N T Fp (10)
TP + TN
Accuracy = (11
TP +1TN + FP + FN
F — measure — 2 - sensitivity - precision (12)

sensitivity + precision

The optimal hyperparameter combination of each model
can be obtained from the above hyperparameter experi-
ments, the results are shown in Table 9. The overall average
performance can be seen that SVM and RBFNN have bet-
ter performance, but they also have different advantages.
Although all performance indicators of RBFNN are almost
above the average, the low specificity still affects the AUC
of the model, resulting in a low AUC. Although RBFNN
still has some shortcomings, it is more energy-saving and
time-saving than SVM, and the overall F-measure is also
higher than SVM. Finally, we still choose RBFNN as the
classifier of the proposed system. The results indicated that
the RBFNN with 64 hidden neurons and threshold value
of 0.6 could provide the better performance (F-measure =
92.36%, sensitivity = 95.04%, precision = 89.84%, speci-
ficity = 62.86%, and accuracy = 87.82%). For the blind test,
the hidden neuron number and the given threshold were set
to 64 and 0.6 respectively, and its classification performance
was also good (F-measure = 90.27%, sensitivity = 90.27%,
precision = 90.27%, specificity = 61.11%, and accuracy =
84.44%). The confusion matrix of the blind test is shown
in Fig. 8.

RBFNN

True Label

-30

-20

Predict Label

FIGURE 8. Confusion matrix of blind test result using RBFNN classifier.

In addition to the RBFNN classifier, we have selected five
other common classifiers, including DT, KNN, LR, RF, and
SVM classifiers, to test whether there will be better classi-
fication performance than RBFNN. We use indicators such
as accuracy, sensitivity, precision, specificity, F-measure, and
area under curve (AUC) to evaluate classifier performance.
The comparison of classification performance of these six
classifiers is shown in Table 10. After comparison, we take
F -measure as the main comprehensive consideration, and we
finally choose RBFNN as the classifier of this system.

Fig. 9 shows the RBFNN outputs for prediction illness
severity in different groups. The mild illness severity group
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TABLE 3. Performance comparison of DT classifier in different hyperparameter ranges and combinations.

Hyperparameter Performance
meegiﬂd v::‘il;;t criterion | Accuracy  Precision  Sensitivity  Specificity F-measure AUC
15 81.11 52.94 50 88.89 51.42 0.6944
12 0.25:1.5 gini 81.11 52.94 50 88.89 51.42 0.6944
9 78.89 47.36 50 86.11 48.64 0.6806
0.2:1 76.67 41.18 38.89 86.11 40.00 0.625
15 0.2:1.5 gini 82.22 56.25 50 90.27 52.94 0.7014
0.22:1.5 81.11 52.94 50 88.89 51.42 0.6944
0.24:1.5 83.33 60 50 91.67 54.55 0.7083
15 0.24:1.5 entropy 74.44 40 55.56 79.17 46.51 0.6736

TABLE 4. Performance comparison of KNN classifier in different hyperparameter ranges and combinations.

Hyperparameter Performance
n_neighbors weights p | Accuracy  Precision  Sensitivity  Specificity F-measure AUC

1 82.22 58.33 38.89 93.06 46.67 0.6597
5 uniform 2 80.00 50.00 33.33 91.67 40.00 0.625

3 81.11 54.55 33.33 93.06 41.38 0.6319
5 distance 1 82.22 58.33 38.89 93.06 46.67 0.6597
3 82.22 58.33 38.89 93.06 46.67 0.6597
7 . 83.33 66.67 33.33 95.83 44.44 0.6458
9 uniform 11 667 87.50 38.89 98.61 53.85 0.6875
11 87.78 88.89 44.44 98.61 59.26 0.7153

TABLE 5. Performance comparison of LR classifier in different hyperparameter ranges and combinations.

Hyperparameter Performance
C  class weight n jobs | Accuracy Precision  Sensitivity  Specificity F-measure AUC
1 80.00 50.00 61.11 84.72 55.00 0.7292
0.9 0.3:1.2 2 80.00 50.00 61.11 84.72 55.00 0.7292
3 80.00 50.00 61.11 84.72 55.00 0.7292
0.7 80.00 50.00 61.11 84.72 55.00 0.7292
0.9 0.3:1.2 1 80.00 50.00 61.11 84.72 55.00 0.7292
1 81.11 52.38 61.11 86.11 56.41 0.7361
0.3:1.0 82.22 57.14 44.44 91.67 50.00 0.6806
1 0.3:1.4 1 73.33 40.63 72.22 73.61 52.00 0.7292
0.3:1.6 68.89 37.50 83.33 65.28 51.72 0.7431

TABLE 6. Performance comparison of RF classifier in different hyperparameter ranges and combinations.

Hyperparameter Performance
criterion  max leaf nodes  class weight | Accuracy Precision  Sensitivity  Specificity F-measure AUC
gini none 0.25:2 87.78 88.89 44.44 98.61 59.26 0.7153
entropy o 81.11 53.33 44.44 90.28 48.48 0.6736
2 55.56 28.85 83.33 48.61 42.86 0.6597
gini 5 0.25:2 78.89 48.28 77.78 79.17 59.57 0.7847
9 o 84.44 60.00 66.67 88.89 63.16 0.7778
13 84.44 62.50 55.56 91.67 58.82 0.7361
gini none 0.25:1.5 83.33 61.54 44.44 93.06 51.61 0.6875
0.25:3 88.89 100.00 44.44 100.00 61.54 0.7222

TABLE 7. Performance comparison of SVM classifier in different hyperparameter ranges and combinations.

Hyperparameter Performance

kernel class weight coef0 | Accuracy Precision Sensitivity Specificity F-measure  AUC
poly . 85.56 60.87 77.78 87.50 68.29 0.8264
i 0232005 gsse 4412 83.33 73.61 57.69 07847
0.27:1.2 90.00 73.68 77.78 93.06 75.68 0.8542

poly 0.29:1.3 0.05 92.22 82.35 77.78 95.83 80.00 0.8681
0.30:1.2 93.33 87.50 77.78 97.22 82.35 0.875

0.03 84.44 58.33 77.78 86.11 66.67 0.8194

poly 0.25:1.2 0.04 85.56 60.87 77.78 87.50 68.29 0.8264
0.06 85.56 60.87 77.78 87.50 68.29 0.8264

(0.9335 £ 0.2356) was significantly higher than the severe p = 0.0012). The interventional treatment group was higher
illness severity group (0.5644 £ 0.2774, p = 0.0000) than the severe illness severity group (p = 0.0130). Here, the
and the interventional treatment group (0.7628 £ 0.3039, interventional therapy of the treatment group was evaluated
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TABLE 8. Performance comparison of RBFNN classifier in different hyperparameter ranges and combinations.

Hyperparameter Performance
hidden threshold | Accuracy Precision Sensitivity — Specificity =~ F-measure =~ AUC
neurons
0.3 82.05 81.21 100 20 89.63 0.6
16 0.4 83.65 82.59 100 27.14 90.47 0.6357
0.5 83.97 83.57 98.76 32.86 90.53 0.6581
0.6 82.69 83.81 96.28 35.71 89.62 0.66
0.3 82.37 81.69 99.59 22.86 89.76 0.6122
3 0.4 84.62 84.64 97.93 38.57 90.80 0.6825
0.5 84.29 86.42 94.63 48.57 90.34 0.716
0.6 83.65 90.99 87.60 70 89.26 0.788
0.3 84.93 80.94 100 32.86 89.46 0.6643
64 0.4 87.18 83.16 100 42.86 90.81 0.7143
0.5 88.78 85.97 98.76 54.29 91.92 0.7652
0.6 87.82 89.84 95.04 62.86 92.36 0.7895
TABLE 9. Optimal hyperparameter combination of each classifier.
Classifier Hyperparameter
DT max_depth=15 / class_weight=0.24:1.5 / criterion= gini
KNN n_neighbors=11/ weights=uniform / p=1
LR C=1/class_weight=0.3:1/n_jobs=1
RF criterion=gini / max_leaf nodes=none / class_weight=0.25:1.5
SVM kernel=poly / class_weight=0.3:1.2 / coef0=0.05
RBFNN Layers=64 / threshold=0.6

TABLE 10. Comparison of classification performance of six classifiers.

Classifier Accuracy Sensitivity Precision Specificity  F-measure AUC
DT 81.11% 50.00% 52.94% 88.89% 51.43% 0.69
KNN 82.22% 38.89% 58.33% 93.06% 46.67% 0.66
LR 80.00% 61.11% 50.00% 84.72% 55.00% 0.73
RF 87.78% 44.44% 88.89% 98.61% 59.26% 0.72
SVM 85.56% 77.78% 60.87% 87.50% 68.29% 0.83
RBFNN 84.44% 90.27% 90.27% 61.11% 90.27% 0.76
p=0.0012%* volume due to the lower vessel density or fewer hemoglobin
r 1 . . . . .
L3 p = 0.0000* concentration in the tissue of the infant under some dis-
- 1ok ease states [34], [35]. In this study, some neonates in the
= severe illness severity group have patent ductus arteriosus
2 097 (PDA), which leads to blood flowing from aorta to pulmonary
£ 06 f artery resulting in a relative loss of systemic blood flow
@ . o
| and pulmonary overloading [36]. Therefore, it might cause
) the relatively lower Index II value of HbT after applying

0 . . )
Mild illness Severe illness Interventional
severity severity treatment
group group group

FIGURE 9. RBFNN outputs for prediction illness severity in different
groups (* p < 0.05, ** p < 0.01, *** p < 0.001).

by the physician according to his/her clinical scenario and
physician experience, and these infants have been treated with
dopamine.

IV. DISCUSSIONS

From the experimental results, it indicates that the severe
illness severity exactly reflected on several self-defined
indexes. For the severe illness severity group, the lower
Index I value of HbT might directly reflect the lower blood

VOLUME 11, 2023

pressure on the skin surface of the neonates with severe illness
severity. The result of the Index III value of HbT, related to
the capillary refill state after releasing the external pressure,
was also lower in the severe illness severity group. Besides
the influence of the difference between vessel densities of
the mild and severe illness severity group, it might also be
affected by the decrease of cardiac output and the systemic
hypoperfusion. The Index IV was related to the amount of
time spent by capillary refilling to the highest level after pres-
sure release. For the mild illness severity group, the higher
Index IV value of HbT might be resulted from its higher
HbT level. Therefore, the capillary refill time in mild illness
severity group was relatively longer than the severe illness
severity group. Index VI — VIII were related to the changes
of St0, at blood perfusion state caused by various pressure
levels respectively. From the results of Index VI and VII, the
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TABLE 11. Comparison between proposed system and other systems.

LDF [37] OPS imaging [39] MRI [42] Proposed system
Measurement Doppler frequency Polarization light Nuclear magnetic Near-infrared
technique shift technology resonance spectroscopy
Wavelength of 780 nm 548 nm - 700,910 nm
light source
Han.dheld No Yes No Yes
device
Parameters Blood flow velocity 2-D images 3-D images Hemoglobin
parameters
Classifier - - - RBFNN
Estimation of Estimation of the Assessment of Estimation of
Applications microcirculatory blood sublineual microcirculation microvascular dysfunction peripheral blood
flow velocity g in organs perfusion
Visualization of Visualization of vascular Non-invasive
. . . . structure and distribution, measurement, and real
Advantages Higher time resolution microvascular structure . . R
and distribution excellent soft-tissue time estimation of blood
contrast in organs perfusion, and NTISS
Influence of motion Influence of motion Requirement of sedation Lack of detail blood
YION artifacts, and lower . . or anesthesia for neonates, .
Limitations artifacts, and time- vessel spatial

spatial resolution and
reproducibility

consuming analysis

and expensive and

. information
nonportable equipment

differences between mild and severe illness severity group
were insignificant, and this may be due to that the effect
of vascular occlusion state caused by the short-term applied
pressure on the oxygen consumption was still unobvious.
However, the Index VIII related to the capillary refill state
after the pressure release, for the severe illness severity group
was relatively lower, and this may be due to the poorer
fresh blood perfusion ability in the severe illness severity
group.

Regarding to choose the classifier, the performance dif-
ferences of each classifier shown in Table 10 are obvious,
which may be caused by the different characteristics of each
classifier. Classifiers such as DT/RF/ANN/LR use linear
algorithms to distinguish mild from severe. This method may
cause data that is too close to the midline to be classified into
the wrong area by the classifier. And because the data of mild
and severe are based on NTISS<=15 and >15. Therefore,
when the amount of data in this study is insufficient and KNN
is used as the classifier, data with NTISS around 15 may be
easily misjudged. SVM maps data into a high-dimensional
feature space and uses hyperplanes to classify the data. The
RBFNN used in this study also uses a nonlinear algorithm to
randomly focus on several feature points and calculate the
information content. In this study, It is not easy to collect
newborns with systemic circulatory disorders, especially crit-
ically ill newborns. Although the data is still insufficient, the
AUC:s after simply running various classifiers are all greater
than 0.5, which means that the data extracted in this study still
has predictive value.

Several approaches, related to estimate the blood cir-
culation in clinical, have been proposed in the previous
studies, and the comparison between these approaches and
the proposed system is summarized in Table 11. LDF is a
high-temporal-resolution technique for estimation of micro-
circulatory blood flow velocity. But, LDF cannot provide the
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deeper tissue blood perfusion assessment due to the poor spa-
tial resolution, limited to the volume of 1 mm3 and the pen-
etration depth of about 1 mm. The large spatial information
variability also results in the poor reproducibility [37], [38].
The OPS imaging can be utilized for high-resolution imaging
of microvasculature and visualization of vessel structure and
distribution [39]. But this approach suffers from the longer
scanning duration, and the offline post-image processing is
also time-consuming [40]. Additionally, high blood velocity
cannot be measured since the OPS results are susceptibility
to pressure and movement artifacts, which will induce image
blurring and suboptimal imaging of the capillaries [41]. MRI
can provide the visualization of vascular structure and excel-
lent soft-tissue contrast in organs [42]. However, it requires
the high magnetic field to operate, and moreover, the pro-
longed acquisition time leads to motion artifacts to cause
a detrimental impact on image quality. The requirement of
the expensive cost and the experienced operator also lim-
its the clinical applicability [43], [44]. Although the above
approaches can provide the information of blood flow rate
and vascular distribution in the local tissue, but they cannot
estimate the systemic circulation directly and further evaluate
neonatal illness severe severity. Based on the NIRS technique,
the proposed system could non-invasively access the change
of hemoglobin parameters under the repeated pressure to
estimate the state of blood perfusion. Moreover, by combin-
ing with the neural network technique, the mild and severe
NTISS could also be successfully recognized. Furthermore,
the proposed system contains the advantages of lower cost,
easy operation, and non-invasive and real-time measurement.
Despite the lack of precise blood vessel spatial information,
the proposed system may provide the great potential in the
clinical application of evaluating the systemic circulation and
the effectiveness of interventional therapy for neonates in the
future.
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V. CONCLUSION

An intelligent systemic circulation monitoring system was
successfully designed and implemented in this study. Based
on the NIRS technique, the proposed system real-time and
non-invasively accessed the changes of HbT and StO2 simul-
taneously under applied and released pressure, and several
indexes related to the blood perfusion were further calculated
from the change of hemodynamic response. The prelimi-
nary experimental results in a clinical setting indicated these
defined indexes exactly contained the significant relation-
ship between the mild and severe illness severity groups.
For the severe illness severity group, the total hemoglobin
concentration in the tissue under the applied pressure and
tissue oxygen saturation after releasing the pressure were
significantly lower, which were more likely to reflect low
blood volume and systemic hypoperfusion. But the capillary
refill time after releasing the external pressure in the mild
severe severity group was relatively longer. Furthermore, by
utilizing the neural network as classifier, the proposed system
could successfully distinguish different groups from these
defined indexes. The proposed system contains the advan-
tages of non-invasive and real-time measurement, simple
operation and lower cost. Therefore, the proposed system
contains the potential of supplementary diagnostic tool for the
future clinical application, assisting physicians to indirectly
monitor the effects of treatment on the neonatal systemic cir-
culation, and further predict mild and severe illness severity.
Moreover, in the future, it also could combine with ECG
measurement, and the heart rate and its variability might be
useful and could serve as a comprehensive setup.
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