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Lung cancer is uncontrolled growth of cells that occurs due to exposure to smoke, radiation and
chemicals, which causes chronic stress and associated with impaired autonomic nervous system.
Nonlinear heart rate variability (HRV) analysis has been suggested to uncover the performance status of
lung cancer subjects and distinguish them from healthy controls. The present work obtained tachogram
from recorded electrocardiogram of 104 lung cancer subjects and 30 healthy controls to extract HRV
indices. The obtained results suggested lowered HRV (altered autonomic nervous system tone) values
from Eastern Cooperative Oncology Group (ECOG) 1 to ECOGA4. Subject males had higher HRV measures
than their female counterparts. The HRV parameters decreased from ECOG PS of 1 to 4. Control females
had higher HRV measures than control males. There was no association between age and HRV measures.
Statistically, nonlinear HRV features were observed significant. ANN exhibited ECOG1 83.3%, ECOG2 50%,
ECOG3 90%, ECOG4 95% and Controls 86.7%. The prediction analysis using artificial neural network (ANN)
and support vector machine (SVM) scoring an accuracy of 93.09% and 100% with nonlinear HRV indices as
input thus has been suggested to be a tool of prognostic importance.
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Introduction

Cancer is the development of an irregular pattern of cells
resulting into abnormal tissue growth called neoplasia, which can
further be categorized into potentially malignant or malignant
cancer (Weinberg, 1996). Lung cancer arises mainly in the
epithelial lining of the bronchial tree and originates in the main
and lobar bronchi (Garland et al., 1968). Squamous Cell carcinoma,
adenocarcinoma and small cell carcinoma are different histological
types of lung cancer. Malignancy due to lung cancer is the utmost
cause of mortality amongst patients. The incidences and deaths
due to lung cancer are increasing sharply among men and women
with air pollution, smoking and tobacco consumption is the
leading factor (De Couck et al., 2013; Kim et al., 2010). Age and
gender are assumed as independent factors which may affect the
severity of illness based on several symptoms (Walsh et al., 2000).

Chronic stress has been suggested to be common in cancer
patients (Li et al., 2013) and associated with autonomic nervous
system (ANS) dysfunction (Guo et al., 2015; Walsh and Nelson,
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2002). Review of literature suggested reduced heart rate variability
(HRV) (Kim et al., 2010; Schlenker et al., 2014) in cancer subjects.
HRV has been evaluated as beat-to-beat interval derived from
electrocardiogram (ECG). HRV had previously been described as
the technique to assess the interaction among sympathetic (SNS)
and parasympathetic nervous system (PNS) (Acharya et al., 2002;
Aggarwal et al., 2014). ANS works on feedback loop mechanism to
control the physiological variables like heart rate, which exhibits
the nonlinear dynamics (Aggarwal et al., 2014; Signorini et al.,
2001). ANS tone varies instantly under cancer condition to meet
undue metabolic demand with higher SNS and lower PNS activity
(Aggarwal et al., 2014; Schlenker et al., 2014). The alteration in ANS
tone reflects pathological status of patients in critical state (Chiang
et al., 2013).

Literature review demonstrated the application of nonlinear
HRV in depicting the diseases at its early stages (Acharya et al.,
2002; De Souza et al., 2014; Mohebbi et al., 2011; Roy and Ghatak,
2013; Schlenker et al., 2014; Yeh et al., 2006; 2010). The cardiac
signals are nonlinear time series and require nonlinear analysis to
study even minor fluctuation in signal. It has suggested to be
robust method thus preferred over time and frequency domain
analysis (De Souza et al., 2014; Roy and Ghatak, 2013; Yeh et al.,
2010). Few studies have been reported in identification of cancer
using time and frequency domain analysis of HRV (De Couck et al.,
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2016; Guo et al., 2015; Kim et al., 2010; Walsh and Nelson, 2002).
However, literature on nonlinear analysis is still obscure. Review
of literature also suggested the application of artificial intelli-
gence (Al) in prognosis of different types of cancer (Cosma et al.,
2016; Utomo et al.,, 2014). However, to the best of authors’
knowledge, none of the study has utilised HRV indices as input to
machine learning. Thus, the objectives of present work were to
identify alterations in nonlinear HRV features with performance
status (PS), gender and age in lung cancer, if any and to
discriminate their clinical data with the help of artificial neural
network (ANN) and support vector machine (SVM) for design of
an automated diagnostic tool for lung cancer.

Materials and methods
Subjects and biosignal acquisition

A total of 104 lung cancer subjects and 30 healthy controls
have participated in this study. The patient consent was signed
before their demographics and clinical measures and history was
recorded with the help of expert clinicians. Lead II electrocardio-
gram was recorded for 5min for each subject with standard
electrode placements in supine position from 11 a.m. to 12 at
24 °C at controlled breathing rate. The signal was recorded with
the help of MP45 bioamplifier (Biopac System Inc., USA). The
duration of recording has been opted as suggested by Voss et al.
(2015). The recorded signal was band pass filtered with cut-off
frequency of 0.5 to 35 Hz and digitized at 200 samples per second.
Ag/AgCl disposable electrodes were used for surface recording
using SS2LA lead that connects to the amplifier. The ECG
recording was performed in accordance with the ethical stand-
ards of Declaration of Helsinki and a written consent has been
obtained from the patients and volunteers. The tachogram was
derived from the recorded ECG using Acknowledge 4.0 (Biopac
Systems Inc, USA) with R-wave threshold level set to 0.5 and
interpolated with cubic-spline resampling frequency of 8
samples/s (Aggarwal et al., 2012; Shukla and Aggarwal, 2017).
The cases were composed of lung cancer stages as follows Stage I1
2.73%, Stage Il 15.45%, Stage IV 81.82%. Histopathologically,
adenocarcinoma comprised 42.73%, Squamous cell carcinoma
(SCC) 30.91%, small cell lung cancer (SCLC) 12.73%, poorly
differentiated carcinoma 13.64%. There were 59 males and 51
females. The oxygen saturation of most of the patients was
approximately an average of 95%. The average left ventricular
ejection fraction (LVEF) was 55%. The segregation was done on the
basis of gender and age. The age group evaluated was 0 to 40, 41 to
64 and more than or equal to 65 years. Cardiac disorder, diabetes,
hypertensive and mental illness patients were excluded from the
study. The obtained tachogram was used to evaluate nonlinear
parameters of HRV at different PS scales using Kubios HRV 2.0
(University of Kuopio, Finland). The details of HRV analysis have
been discussed earlier, which is also used for this study
(Tarvainen et al., 2014).

Eastern cooperative oncology group performance status scale

Two PS scales are routinely used in oncology: Karnofsky (KPS)
and Eastern Cooperative Oncology Group (ECOG). The KPS ranges
from O to 100 to define 11 different PS levels from dead (0) to fully
normal functioning (100) with increment of 10. ECOG ranges from
0 (fully ambulatory without symptoms) to 5 (dead) with six levels
(Lilenbaum et al., 2008). Level 0-4 refers to normal day-to-day
activity, exhibits symptoms, difficulty in day-to-day activities with
less than 50% bedridden, bedridden (more than 50%) and
completely bedridden, respectively (Sorensen et al., 1993).

Feature extraction for nonlinear HRV analysis

The parameters of nonlinear HRV measurement such as
Poincare plot (PP), approximate (ApEn) and sample entropy
(SampEn), detrended fluctuation analysis (DFA), correlation
dimension (CD), and recurrence plot (RP) have been investigated.

PP estimates the similarity of successive RR intervals by fitting an
ellipse to obtain graphical plot. Each RR interval is plotted as a point.
The point lying on the line of identity have equal RR interval.
However, points above or below the line represent high or low RR
interval, respectively. The standard deviation of points perpendicular
and along the line is discussed as short termvariability (SD;)and long
term variability (SD-), respectively. Entropy (ApEn and SampEn) has
been used to study the signal complexity, which represents
randomness of heart activity. Larger the value higher will be
irregularity and smaller value suggest more regular signal. Shannon
Entropy (ShanEn) in similar lines quantified the persistence of short
binary symbols (length N 5) measured in 10 min intervals. DFA
prevents wrong detection of long range correlations and eliminates
constant or linear trends from the time series. It correlates to
identify the similarity in non-stationary signal. The fluctuation («)
is root-mean square of detrended time series, measured at different
length. The short (1) and long (at,) fluctuation were calculated at
4 <n<16and 16 < n < 64 detrended time series segment, respec-
tively. CD value quantitatively measured the obtained line patterns
from plotting of HR with delayed HR. Point fixes to a point for steady
HR otherwise different line patterns will be observed. The slope of
line pattern saturates at finite value with increased embedding
value. The value of 10 was found suitable for estimating the
embedding dimension from phase space plot. RP signifies short line
segments parallel to the main diagonal line that represents the time
for which two points were close to each other with length of
diagonals. RP analysis considers ‘lengths of the diagonal lines’. The
maximum diagonal length is known as Li,ax. The tangential motion
of the trajectory also forms diagonal lengths that have been
removed with a Ly, threshold of 2. Lyean is the mean diagonal line
length. The value of embedding dimension, embedding lag and
Euclidean distance were fixed to 10, 1 and ,/mSD (standard
deviation of RR time series). The most important quantitative
measure of RP is the recurrence rate (REC) defined as the ratio of
ones to zeros in the RP matrix. Determinism (DET) is the ratio of
vertical lines which is formed by the recurrence points to the total
recurrence points (Marwan et al., 2002; Tarvainen et al., 2014).

Classification

Artificial neural network (ANN)

A three-layered feed-forward backpropagation ANN has been
used to classify different PS of lung cancer (ECOG1-4 and controls)
based on features extracted from nonlinear HRV analysis. The
neurons in each layer are interconnected with associated weights.
The weight of each neuron modifies with the output of first layer
neurons before the next processing takes place. The sigmoidal
function was used in this network. The architecture of network was
optimized with 9:4:5, where, the inputs selected were the values of
CD, SD;, SD,, SD1/SD», a4, &2, Linax, SampEn and ApEn indices.

The network was tested with varied learning rate from 0.01 to
0.9 and hidden layer nodes from 1 to 500 and optimized with
learning rate parameter of 0.4 and hidden layer nodes of 4. The
inbuilt Matlab function (Lavenberg-Marquardt algorithm) has
been used to implement the network. The network was trained for
one thousand iterations. The supervised network has suggested to
be advantageous with effective training and better system
behaviour (Aggarwal et al., 2007; Sinha et al., 2007a, 2007b;
Shukla and Aggarwal, 2017).
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Support vector machine (SVM)

SVM was implemented with radial basis function (RBF) using
windows. SVM has been utilised for data classification, which is
simpler to use than ANN. A hyperplane divides a pattern into two
classes. A nonlinear SVM maps input vectors into a high
dimensional space z={s(x), where equation of the hyperplane is
given as F(x)=w. {s(x)+bias. The margin that separates the
hyperplane and the data is maximized denoted by ﬁ where, w is

weight. RBF kernel is given by

Kx) = £(5llx =) M

This includes Gaussian RBF kernel vectors near boundary are
called support vectors. X’ is the centre and o is variance (Amari and
Wu, 1999).

()]

147
Statistical analysis

Student’s t-test and analysis of variance (ANOVA) was executed
to compare different ECOG PS among different nonlinear HRV
parameters and on the basis of gender using R 3.0.1 (R Foundation
for Statistical Computing, Vienna, Austria) at significance of
P <0.05 and P < 0.0001. All the data for nonlinear HRV parameters
of lung cancer were shown as mean + standard error (SE).

Results

In present work, indices of nonlinear HRV analysis were
observed for different ECOG scale for lung cancer.

Nonlinear HRV features
The obtained results suggested the lower HRV and decrease in

RR interval with increase in cancer severity from ECOG1 to ECOG4.
CD (Fig. 1) and PP (SD4, SD, and SD;/SD,) (Figs. 2-3) values were
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Fig. 1. Correlation dimension (CD) analysis with progression in lung cancer.
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Fig. 2. Short term variability (SD;) and long term variability (SD,) analysis of Poincare plot.
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Fig. 3. Represents the ratio of parasympathetic to sympathetic activity ratio using Poincare plot (PP) analysis.

observed to reduce with ECOG 1 to 4. However, an exception was
observed in ECOG1 of CD and SD¢/SD; ratio analysis with reduced
value than ECOG2 and ECOG3, respectively. Further, RP L.« (Fig. 4)
and entropy (ApEn and SampEn) (Fig. 5) value rises with disease
progression suggested low HRV or slow variation in peak to peak
interval with more rhythmic heart beats under diseased condition.
Exception was found in ECOG1 PS of entropy that showed higher
value than ECOG3 values. The oy and «, of DFA analysis increases
with disease progression (Fig. 6). Where, o; and o, represents the
parasympathetic and sympathetic tone, respectively. However, in
oy, exception was observed at ECOG3 with lesser than ECOG2
value. The o, value revealed to be higher than o, in ECOG3 and
ECOG4 case. However, lower values were also observed in ECOG1
and ECOG2 cases where oy was higher than a;. This higher value of
a5 indicates slower RR interval variation with higher degree of
smoothness. Overall, results suggest higher SNS tone that increases
with disease severity from ECOG1 to ECOG4 due to withdrawal of
vagal tone. The graphical results obtained from Kubios HRV for PP
and DFA analysis for different ECOG scale along with control group
has been represented in Fig. 7-11 respectively. Control males have
lower values of PP descriptors (SDy, SD5), SD1/SD;, ShanEn, Liean,

SampEn, REC and DET than control females whereas it is vice-versa
in ApEn, L.« and CD. Subject males have higher values of SD4, SD,,
SampEn, REC and CD than their female counterparts. All the values
of non-linear measures based on gender are given in Table 1. The
relationship between age and all HRV measures could not be
established because there was no uniformity in pattern. But, in all
age groups of more than or equal to 65 years, 41 to 64 years and 0 to
40 years, the values of SDy, SD», Lean, REC, DET, ShanEn and CD
decreased in ECOG4 from ECOGS3. All the values on the basis of age
is given in Table 2.

Statistical analysis

Students’ two-tailed t-test was conducted on non-linear
measures of HRV at statistical significance of 0.05 and termed
significant. Few non-linear domain measures were also tested and
found significant at 0.0001 and was termed as highly significant.
Statistically, CD was observed to be significant between ECOG3 and
ECOG4 (p =1.43e-04). Further, control group & ECOG1, Control &
ECOG3 and Control & ECOG4 were highly significant. SD; was
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Fig. 4. Recurrence plot analysis for L,.x parameter with severity of disease.
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Poincare Plot Detrended Fluctuations (DFA)
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Fig. 8. (a) Poincare plot and (b) DFA for ECOG3 lung cancer.
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Fig. 9. (a) Poincare plot and (b) DFA for ECOG2 lung cancer.
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Fig. 10. (a) Poincare plot and (b) DFA for ECOG1 lung cancer.

significant between Control & ECOG3 (p =0.04365) and ECOG2 & ECOG2 & ECOG3 (p=0.03307), ECOG1 & ECOG2 (p=0.003214),
ECOG3 (p =8.99e-03). SD; shows significance between ECOG2 & ECOG1 & ECOG3 (p = 1.63e-04), ECOG2 & ECOG4 (p = 2.42e-04) and
ECOG3 (p=0.02432), ECOG2 & ECOG4 (p=4.64E-04), ECOG1 & Control & ECOG4 (p =3.66e-04) was significant whereas between
ECOG3 (p=0.001071) and ECOG1 & ECOG4 (p = 1.83e-04). In SD,, Control & ECOG3, ECOG1 & ECOG4 and ECOG3 & ECOG4 was found
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Fig. 11. (a) Poincare plot and (b) DFA for controls.

highly significant. SD;/SD, between Control & ECOG1 (p = 0.01708),
Control & ECOG2 (p =3.33e-04) and ECOG1 & ECOG4 (p =0.01085)
was observed significant while, ECOG2 & ECOG4 was highly
significant. Ly.x was found not significant. SampEn between
Control & ECOG2 (p=0.05673), ECOG4 & ECOG3 (p=1.85e-3),
ECOG4 & ECOG1 (p=1.03e-02), ECOG4 & ECOG2 (p=1.17e-02),
Control & ECOG1 (p=3.23e-02) and Control & ECOG3 (p=3.78e-
04) was observed to be significant. o; between Control & ECOG1
(p=0.03064), Control & ECOG2 (p=0.01058), Control & ECOG4
(p=5.23e-04) and Control & ECOG3 (p =0.0149) were significant.
o, was significant between ECOG3 & ECOG4 (p = 0.005535), ECOG1
& ECOG3 (p =8.53e-04), Control & ECOG2 (p =2.76e-02), Control &
ECOG4 (p=2.27e-03) and ECOG2 & ECOG4 (p = 1.15e-03). However,
high significance was observed between ECOG1 & ECOG4 and
Control & ECOG1.

ANOVA test revealed significance of SD; (p=4.82E-07,
F=9.9406), SD, (p=73E-09, F=12.9), o5 (p=0.02089,
F=3.0047), o, (p=4.41e-06, F=8.4733), ApEn (p=7.78e-11,
F=16.309), SampEn (p =2.48e-08, F=12.079) and CD (p=1.87e-
15, F=25.56).

Based on gender, in males SD; (p=0.00195, F=4.797), SD,
(p=0.000357, F=6.0455), SD{/SD, (p=0.01968, F=3.1661), DET
(p=0.04581, F=2.5807) and o, (p=0.0002108, F=6.444) were
significant. ApEn, SampEn and CD were highly significant. In
females, ShanEn (p=0.02168, F=3.0212), o, (p=0.001428,
F=5183), ApEn (p=0.001246, F=5.2882) and SampEn
(p=0.003713, F=4.4507) was significant. CD was highly significant
between control male and other male subjects. CD also found to be
highly significant between female subjects and ECOG3 and 4 PS of
male group. SampEn observed to be significant between male and
female subjects. SD; and SD,/SD;, was found significant between
male and females of ECOG3 PS. The correlation between within
ECOG PS states based on gender is given in Table 3.

Classification accuracy

The ANN was optimized for different learning rate and hidden
layer nodes. The observed results suggested 0.4 learning rate to be
best with accuracy of 88.8% and overall accuracy of 93.09% were
obtained at 04 hidden layer nodes (Tables 4 and 5). ANN exhibited
ECOG1 83.3%, ECOG2 50%, ECOG3 90%, ECOG4 95% and Controls
86.7%. The confusion matrix is given in Fig. 12 which states that
1 subject in ECOG1, 4 in ECOG2, 3 in ECOG3, 3 in ECOG4 and 4 in
Controls have been misclassified. Moreover, with SVM, 100%
accuracy has been observed. The accuracy observed with training

data set was 97.4% and 97.9% for Regression and Confusion matrix,
respectively. Further, 84.6% and 60% was obtained with test data
set for Regression and Confusion matrix, respectively. The overall
accuracy was 93.09% and 88.8% was found for Regression and
Confusion matrix, respectively. Thus, with Regression analysis
higher accuracy was achieved.

Discussion

The obtained results for different nonlinear HRV indices
indicates reduced HRV with severity of lung cancer. Due to
decrease in complexity pattern, HRV is reduced in lung cancer
patients. The increase in sympathetic activity and decrease in
parasympathetic activity as lung cancer progresses from ECOG1 to
ECOG4 scale has been suggested from current findings. The
reduced HRV signifies stress level that is common with cancer
patients (Walsh and Nelson, 2002 ). However, fatigue may occur for
those who fail to recover from stress-related metabolic demands.
There exists an active role of ANS in cancer related fatigue (Thayer
and Sternberg, 2006).

CD and PP (SD;, SD, and SD{/SD,) analysis revealed reduced
values with disease severity. However, ECOG1 of CD and SD,/SD,
deviate with lower value than ECOG2 and ECOG3. Further, SD,
value was more as compared to SD;. The lower CD was also
observed in cardiomyopathy and stressed subjects than normal
subjects (Carvajal et al., 2005; Schubert et al., 2009; Skinner et al.,
1993) and less varied RR interval (Acharya et al., 2006). Past
research work has also suggested lower reflexive control of heart
beat interval with advance heart diseases and CD to be better
predictor of risk in ventricular fibrillation (Skinner et al., 1993).
Further, in contradiction, Fojt and Holcik (1998) reported higher CD
value under pathology as compared to normal condition. The
obtained decrease in SD;, SD, and SD,/SD, with the progression of
lung cancer have been supported with published findings that
suggested lower HRV with reduction in SD; and SD, values in
polycystic ovarian syndrome (Saranya et al., 2015). Further,
decrease in SD{/SD, with low HRV was also reported (Fojt and
Holcik, 1998). Thus, present results are in accordance with
published literature. Further, the decreased SD; value indicates
withdrawal of PNS activity, whereas SD, is a global activity
indicator (Liu et al., 2010).

The rise in values of RP Ly,,x and entropy (ApEn and SampEn)
suggested reduced vagal tone with enhanced SNS activity with
severity of lung cancer. Observed findings agreed with published
results that suggested increase in Ly.x value under diabetic and
vasovagal syncope condition with low HRV or impaired ANS
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Table 4
Effects of learning rate on effectiveness of 9:100:5 network (no. of itera-
tions = 1000). The Maximum accuracy is highlighted in bold.

Learning rate % Accuracy

0.01 79.74
0.02 85.36
0.04 84.17
0.06 85.24
0.08 84.05
0.1 70.05
0.2 69.83
04 88.80
0.6 85.15
0.8 79.52
0.9 80.67
Table 5

Effects of number of hidden layer nodes on performance of ANN (testing results).
The Maximum accuracy is highlighted in bold.

Hidden layer % Accuracy
1 80.12
4 93.09
8 83.47
10 86.87
50 79.92
100 85.79
150 76.10
200 84.06
250 78.40
300 89.35
350 82.46
400 70.40
450 70.96
500 83.60

(Schlenker et al., 2014). Further, work of Mohebbi et al. (2011)
revealed rise in Ly,ax and Shannon entropy values in paroxysmal
atrial fibrillation as compared to control. L.« has already been
suggested to be inversely proportional to Largest Lyapunov
exponent (LLE) in chaotic system (Schumacher, 2004). Further,
Acharya et al. (2006) reported decreased LLE value for slow varying
signals. Thus, it can be interpreted that L;,,x value increases for
slowly varied signals. Literature review also suggested increase in
ApEn under major depressive and panic disorder (Baumert et al.,
2009). Further, the increase in entropy has also been discussed in
syncopic subjects (Schlenker et al., 2014). The pattern of
complexity gets lowered in depressed and schizophrenic patients
in measuring ApEn and LLE in comparison with healthy controls
indicating decreased cardiac vagal function and increased sympa-
thetic activity (Bar et al., 2008; Yeragani et al., 2002). However,
exception was observed in ECOG1 PS of entropy that showed larger
value than ECOG3 values.

The value of a; and «ay rises with the progression of disease
from ECOG1 to ECOG4. However, an exception ECOG3 of oy was
observed with lesser than ECOG2 value. Where, o; and oy
represents the parasympathetic and sympathetic tone, respective-
ly. The results suggested significant increase in SNS activity with
higher ECOG PS state. The a;, value also revealed to be higher than
aq in ECOG3 and ECOG4 case. However, lower values were also
observed in ECOG1 and ECOG2 cases where a7 was higher than a,.
The slower RR variation can be suggested with larger o, value in
higher ECOG state (highly critical) as compared to lower ECOG
state (less critical). In support, literature demonstrated higher o,
values than o in individuals with cardiac anomalies (Roy and
Ghatak, 2013) and suggested to be better indices of the
physiological condition than o4 (Yeh et al, 2010). «, indicates

the collapse of nonlinear processes in regulation of cardiovascular
system resulting in highly correlated fractal dynamics (De Souza
et al., 2014). Literature suggested that age does not have any effect
on HRV time-domain measures (Shukla and Aggarwal, 2017). In
present study, it has been found that higher number of subjects
were in the category of more than or equal to 65 years of age and no
correlation was established between HRV and age. Also, varied age
groups existed in each category of ECOG PS Scale. However, gender
has been suggested to affect HRV indices with higher values of
SDNN, RMSSD, Mean RR and RR TI in controls than subjects. Few
studies mentioned that age and gender does not show any
significant variation in HRV indices. Also, healthy subjects have
higher HRV than the cancer patients. HRV reduces with increasing
age (Gribbin et al., 1971).

The obtained results for ANN and SVM suggested the accuracy
of 93.09% and 100% in predicting and classifying the lung cancer
stage based on nonlinear HRV indices. The application of soft
computing tools (ANN and SVM) for prediction analysis during
complex decision-making can provide estimates of severity of
disease status in patients. Literature review revealed application of
ANN and SVM in prognosis of prostate and breast cancer (Cosma
et al,, 2016; Utomo et al., 2014). However, to the best author
knowledge, none of the study has utilised HRV indices as input to
machine learning. The accuracy may vary with other techniques of
Al for offline and real-time applications. The real-time testing is yet
to be done and part of our future work.

The decrease in complexity pattern with reduced HRV was
observed in lung cancer. Further, the enhanced sympathetic tone
with withdrawal of PNS activity has been suggested as the PS
progresses from ECOG1 to ECOGA4. In accordance to the obtained
results, literature revealed lower HRV with suppressed PNS
function and decreased survival rate among patients of various
types and stages of cancer. However, the work was performed on
time domain cancer HRV analysis (De Couck and Gidron, 2013; Guo
et al, 2015; Kim et al., 2010; Shukla and Aggarwal, 2017). The
observed findings having prognostic role as the modulation in
vagal activity are of importance to researchers and clinicians.
Implementation of Al on obtained nonlinear HRV indices can be
more predictive in diagnosis of PS of lung cancer. However, the role
of expert clinicians cannot be neglected for higher level diagnosis.
Further, vagus nerve modulates the PNS activity in response to
internal or external stressors including cancer (Walsh and Nelson,
2002) with enhanced SNS and suppressed PNS activity mediates
the metastasis of cancer (Aggarwal et al., 2014). The ANS
dysfunction activates or inhibits the vascular endothelial growth
factor (VEGF) via release of norepinephrine, dopamine and
bradykinin. With the advancement of cancer, norepinephrine
level also increased, which induces VEGF expression that leads to
angiogenesis (Walsh and Nelson, 2002). Thus, appropriate
diagnosis of PS for appropriate treatment is highly required to
reduce the mortality rate among cancer patients. With present
findings, HRV can be one of such tools to be effective in prognosis.

Conclusion

HRV analysis has proven to be significant in several cardiac
anomalies cases and of psychological origin. The HRV measures
were influenced by gender but not by age in lung cancer subjects.
The sympathetic activity was higher in males as compared to
females in lung cancer which was vice-versa in healthy controls.
The obtained nonlinear HRV results suggested lower HRV due to
enhanced sympathetic and reduced parasympathetic activity with
disease progression. Current work also suggested the role of HRV in
prognosis of performance status of lung cancer with overall
accuracy of 93.09% and 100% required to reduce the mortality rate
and enhanced recovery. ANN could diagnose ECOG 4 very
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Fig. 12. The confusion matrix for 9:4:5 ANN architecture.

efficiently. In parallel, the proposed automated system may
provide aid to expert clinicians for better and diagnosis of
performance status of disease based on HRV features. Different
patient’s condition may exhibit variation in data. Thus, more varied
number of cancer cases are required in future to optimize the
system. However, expert clinician advice cannot be ignored.
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