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Abstract: Background: Mobile health (mHealth) is gaining popularity due to its pervasiveness. Lyfas is a smartphone-
based optical biomarker instrument catering to mHealth. It captures the Pulse Rate Variability (PRV) and its associated 
digital biomarkers from the index finger capillary circulation using the principle of arterial photoplethysmography. PRV 
surrogates for the Cardiovascular Autonomic Modulation (CvAM) and provides a snapshot of psychophysiological 
homeostasis of the body. Objective: The paper investigates the roles of (a) physiological factors, e.g., Age, Duration of 
illness, Heart Rate (HR), Respiration Rate (RR), SpO2 level, and (b) popular digital biomarkers, such as SDNN, LF/
HF, RMSSD, pNN50, SD1/SD2 to evaluate the cardiac risk. The paper hypothesizes that low FEV1, which is another 
physiological factor, plays a critical role in defining such risk. Method: A total of 50 males and females each, suffering 
from Chronic Obstructive Pulmonary Disease (COPD) took the Lyfas test after appropriate ethical measures. Data, thus 
collected by Lyfas had been statistically analyzed using histogram plots and Kolmogorov-Smirnov test for normality 
check, Pearson’s Correlations (PC) to measure the strength of associations, and linear regressions to test the goodness of 
fit of the model. Results: Positive PCs are noted between (a) RMSSD and SDNN (‘very high’-females: 0.86 and males: 
0.91), (b) pNN50 and RMSSD (PC: moderate 0.46), (c) pNN50 and SDNN (PC: moderate 0.44), (d) Duration of illness 
and Age (‘high’-females: 0.71 and males: 0.77), and (e) Age and RR (‘high’-females: 0.67, males: 0.53). Negative PC is 
noted between (a) LF/HF and FEV1 (‘moderately high’-males 0.42) and (b) LF/HF and SpO2 (‘moderately high’-males 
0.30). Although the R2 values are not so encouraging (most are < 0.5), yet, the models are statistically significant (p-values 
0.0336; CI 95%). Conclusion: The paper concludes that Lyfas may be used to predict the cardiac risk in COPD patients 
based on the LF/HF values correlated to SpO2 and FEV1 levels.

Keywords: Lyfas, Pulse Rate Variability (PRV), Cardiac Autonomic Modulation (CAM), Cardiovascular Autonomic 
Modulation (CvAM), digital biomarkers, home healthcare, physiological factors, COPD

1. Introduction
Smartphone-based mobile health or mHealth is gaining popularity in today’s digital healthcare. The advantages 

lie in its (i) pervasiveness, (ii) non-invasive nature, (iii) economical, and (iv) personalized approach. The growth of 
mHealth is proportional to the steady increment of smartphone users across the globe and the reduced cost of mobile 
data and the expansion in Internet access. The in-built optical sensor, LED light, high data processing speed, and 
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higher storage capacity of the cloud stores are available by default in the phones and pose to be the key advantages 
of smartphone usage as the much-personalized healthcare tools. From the business perspective, the mHealth market 
size is $46,048 million in 2019 to $230,419 million by 2027 [1]. Signal processing algorithms, such as Fast Fourier 
Transform, Autoregressive Spectral Estimation Techniques, Wavelet transform, Lplacean transform, Curvelet transform, 
Hilbert transform, and so forth are most commonly used to retrieve medically important information from the electrical 
signals obtained from various structures, such as heart, brain, eyes, ears, etc [2]. Lyfas is a biomedical application that 
runs on smartphones with Android version 7 or more operating systems. It uses the principle of Reflection Arterial 
PhotoPlethysmography (RAPPG) in capturing the Capillary Pulse Rate Variability (CPRV) and its associated digital 
biomarkers (together called Cardiovascular digital biomarker, which deputes for the Heart Rate Variability (HRV) 
and its associated digital biomarkers [3]. It is important to note that the HRV and its associated digital biomarkers 
provide the physiological snapshot of the Cardiac Autonomic Modulation (CAM), i.e., modulation of the heart by the 
Sympathetic and Parasympathetic Nervous Systems that fall under the Autonomic Nervous System (ANS) to maintain 
the cardiac homeostasis. In addition to that, CPRV provides the snapshot of Cardiovascular Autonomic Modulation 
(CvAM), i.e., providing the snapshots of vascular health (e.g., arterial stiffness). Therefore, by evaluating the digital 
biomarkers using CPRV with Lyfas, the cardiovascular health of an individual can be assessed [4].

Chronic Obstructive Pulmonary Disease (COPD) is a heterogeneous chronic inflammatory disease of the 
respiratory system causing 3.23 million global deaths and is the third leading cause of death and over 80% of deaths 
happen in the low-and-middle-income nations [5]. It is characterized by persistent and progressive respiratory 
difficulties, especially exhalation (evident by lower FEV1 values), and excessive mucous production in the respiratory 
passage. As the condition progresses (i.e., FEV1 values diminishes), it poses a high risk of (i) right ventricular failure, 
clinically called Cor Pulmonale [6], and finally, (ii) Bi-Ventricular Failure [7], where the respiratory distress is even 
worse characterized by orthopnoea (severe respiratory distress while lying, which is relieved with sitting posture) [8], 
(iii) increased blood-tinged mucous production due to rupture of the bronchial vessels as a consequence of strenuous 
breathing, (iv) deep cyanosis due to lack of oxygen in the tissues, (v) cardiac edema leading to fluid accumulation in 
the dependent part of the body, (vi) paroxysmal nocturnal dyspnea (also known as the cardiac COPD), and finally (vii) 
respiratory muscle failure [9]. Therefore, FEV1 is a critical pathophysiological parameter to assess the cardiac risk in 
COPD patients [10]. Other important cardiovascular cascades of COPD are tachycardia due to the increased demand for 
oxygen in the body, low pulse pressure due to reduced stroke volume, and the rise in the diastolic blood pressure owing 
to generalized vasoconstriction [11].

The objective of the study is to examine how various physiological factors and digital biomarkers, captured by 
Lyfas, can explain the plausible cardiac risk of COPD in adults from its validation perspective. Hence, in this work, 
Optical biomarkers are assigned as the risk indicators, while FEV1 has been the target variable, which is a critical 
parameter to assume the risk of heart failure in COPD cases. The novelty of the study lies with the observation that the 
state of COPD can be assessed pervasively, i.e., from anywhere at any time, non-invasively, at a much lower cost, in a 
personalized manner using Lyfas.

2. Material and method
This section is divided into five parts as follows.

2.1 Ethical compliance

a. The study protocol was approved by the Vagas Institutional Ethics Committee review board (No. ECR/1181/Inst/
KA 2019, dated 30-01-2020).

b. Signed informed consents of all participants’ have been taken according to the declaration of Helsinki by the 
research team prior test.

2.2 Duration of study

This cross-sectional study had been performed from April 2021 to July 2021 in Indian cities. 
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2.3 Factors: their physiological significance and the normal Lyfas values

a) Cardiovascular digital biomarkers [12-13] are captured from the index finger’s peripheral CPRV with Lyfas by 
utilizing the principle of RAPPG. These biomarkers can be classified as follows. It is worth noting that in this study, 
only the following five biomarkers have been considered due to their domain specificity:

a. Time-domain components-
    i. SDNN (milliseconds) denotes the standard deviation of NN intervals. It refers to the grade of cardiac risk as < 

40 high risks, 40-100 moderate risks, > 100 no risks. The risk attributes to sympathetic dominance.
    ii. pNN50 (%) denotes the percent of NN intervals > 50 milliseconds. A value < 20% indicates cardiac risk due to 

sympathetic dominance.
    iii. RMSSD (milliseconds) denotes the root mean square of RR or NN interval difference. A value < 54 indicates 

health risk and refers to sympathetic dominance.
b. Frequency-domain components-
   i. LF/HF (ratio) denotes the sympathovagal balance, respectively. A value > 2 refers to cardiac risk due to 

sympathetic dominance.
c. Non-linear measure-
   i. SD1/SD2 (ratio) denotes the ratio of Poincare plot standard deviation perpendicular to the line of identity and 

denotes the sympathovagal balance. The Lyfas normal range is 1-2.5. Value > 2.5 poses to be risky for the heart owing 
to sympathetic dominance.

b) Physiological factors:
a. Age (A) in years, when the Lyfas test has been performed.
b. Duration of illness (D), in years, i.e., the period of illness before the Lyfas test has been taken.
c. Heart Rate (HR, measured in beats per minute or bpm) is the most important vital sign of the body. The normal 

range is 60-100 bpm. A value < 60 refers to bradycardia and indicates of high vagal tone, while values > 100 denote 
tachycardia and are indicative of sympathetic drive [14].

d. Respiratory Rate (RR, which is the number of respirations per minute or rpm) is another important measure of 
the vital sign of the body. The normal range is 12-16 rpm at rest. In COPD it is 12-20 rpm, while > 25 is considered as 
an exacerbation [14].

e. Oxygen saturation or SpO2 (expressed in %) and is a measure of peripheral O2 saturation and is an important 
indicator for the necessity of O2 administration. In COPD cases the target SpO2 is 88-92%, while in healthy adults it is 
95% and above [15].

f. Body Mass Index (BMI) is a measure of the healthy state of the body and is a ratio of height and weight. It is 
an important physiological parameter for any metabolic disorder. In a normal adult, it is 18.5-24.9, BMI over 24.9 is 
considered overweight, and above 30 is obese [16].

g. Forced Expiratory Volume in one second (FEV1) is an important metric of underlying airflow obstruction. Non-
acute cases or mild COPD where FEV1 is > 80% of predicted, i.e., no obvious airflow obstruction, moderate COPD 
where FEV1 is 50-80% predicted value, i.e., moderate airflow obstruction), and < 50% indicates severe obstruction [17].

Hence, sympathetic dominance that poses risks of bi-ventricular failure with the progression of COPD needs to be 
monitored clinically. It is worth noting that, an experienced Interventional Cardiologist and a Pulmonologist have been 
consulted to conduct this study, starting from the recruitment of the patients to clinical validation of results using Lyfas. 
This study hypothesizes that in the case of COPD, the physiological signature of the sympathetic dominance can be 
captured by evaluating the digital biomarkers although ANS tries to compensate it with a parasympathetic buffer.

2.4 Recruitment of the subjects (total = 100; M = 50, F = 50)

a) Inclusion criteria
a. Adults without any history of diabetes, hypertension, thyroid disorders, chronic kidney diseases, and any other 

comorbidities.
b. Non-acute cases (mild COPD where FEV1 is > 80%) at the time of the test.
c. SpO2 > 90%, i.e., less hypoxemia ) at the time of the test.
d. Not under any medication or on occasional local beta-stimulants and corticosteroids (i.e., just for emergency 
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use).
e. No history of admission in hospital with respiratory distress or severe COPD or COVID-19 complications.
f. No history of associated Hypertension, Diabetes Mellitus, Kidney diseases, or any metabolic syndrome, which 

may affect the CvAM.

2.5 Lyfas test

1. FILLING THE PATIENT DETAILS

2. TAKING THE HRV TEST (120 seconds)

Keep the right index finger on the 
primary camera 

The PR box should be completely red
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3. TAKING THE ORTHOSTATIC TEST (60 seconds)

Keep the left index 
finger on the 

primary camera 

Remain Seated Remain Seated for 15 
seconds

Stand up for 
45 seconds

Test Completed

4. REPORT

Figure 1. procedural snapshot of the Lyfas test and the analytics

a) Duration: 5 minutes per test
b) Test-time: twice daily-7 am and 7 pm for 7 days per case. Hence there are 6 cardiovascular parameters (HR, 

SDNN, RMSSD, pNN50, LF/HF, and SD1/SD2) and 3 physiological parameters (RR, SpO2, and FEV1) measured twice 
a day for 7 days give total a total of 98 readings for each parameter. In this paper, the mean of the readings for each 
factor is considered for further analysis. Procedures (Figure 1):

a. Filling in the patient details.
b. Taking the HRV test. Lyfas does the PRV assessment, which surrogates for the HRV test.
c. Taking the orthostatic test, and finally.
d. Report generation.
Digital biomarker scores, thus captured using Lyfas, are then analyzed along with other physiological factors, such 

as (i) Duration of illness, (ii) Age of the subjects, (iii) HR, (iv) RR, (v) SpO2, (vi) FEV1, and (vii) BMI.
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2.6 Statistical analysis

a) Data distribution check (variable-wise Histogram plots), where ‘normally’ distributed data fits under a uniform 
bell-shaped or Gaussian type of curve.

b) Kolmogorov-Smirnov test (KST) is a non-parametric test for a null hypothesis as the distribution of a variable 
is normal, else an alternate hypothesis is satisfied. It has also been conducted to test the normality check, variable-wise, 
for males and females. A high KST value and low p-value refer to non-normally distributed data. Alongside, the KST, 
Skewness, and Kurtosis of each variable have also been measured to note the positive or negative deviations from the 
normal bell-shaped distribution and whether the data has a heavier tail than that of the normal probability distribution, 
respectively.

c) Descriptive statistics include the mean, maximum value, minimum value, median, and standard deviation 
calculation for each variable gives the information of data dispersion.

d) Statistical validation.
     i. Pearson’s Correlation Coefficient (PC) between any two factors is the measure of either a positive, negative, or 

non-correlation [19]. These values are expressed between-1 (most negative correlation) to + 1 (most positive correlation) 
[20]. All the above-mentioned factors are considered for the PC study. In this work, it is important to note that for any 
correlation value < 0.1 has been regarded as trivial or ‘no correlation’, 0.1-0.25 as ‘low correlation’, > 0.25-0.5 as 
‘moderate correlation’, > 0.5-0.75 as ‘high correlation’, and ≥ 0.75 as ‘very high correlation’. Such correlations are 
applicable for both the negative and positive sides. In this study, the authors have considered the inter-class correlation 
values from 1st rank i.e., the ‘very high’ correlation till ‘moderate’ correlation, whether it is positive or negative. Finally, 
the p-values of the notable PCs are estimated.

    ii. Linear regressions, factor-wise have been conducted to see how much (R2 values) one factor could predict the 
other. R2 values close to 1.0 are considered to be the high predicting capacity of a factor by the other factor.

Statistical analysis and related coding have been done using Python 3.8 preloaded with NumPy, SciPy, Scikit-
Learn, Matplotlib, Seaborn, and Pandas packages, run on Windows 10 pro OS with IntelCore processor and 8GB RAM.

3. Results
In this section, experimental results are shown. In the next section, the findings are discussed in detail. Before the 

results are shown, for an understanding of the matrix, sample ‘original’ data can be found in Tables 1 and 2, where the 
duration and the age are in years.

Table 1. Sample data of females

No. Duration Age BMI HR RR SpO2 pNN50 LF/HF SD1/SD2 RMSSD SDNN FEV1

1 5 32 33.2 128 15 92 34 2.2 0.79 87.5 58.3 78

2 23 49 30.8 115 17 92 42 0.7 1.15 55.8 44.2 67

3 8 29 28.4 104 18 93 25 1.3 0.37 78.3 50.2 68

4 7 29 28.4 115 14 95 46 1.3 1.13 71.4 49 59

5 22 59 30.4 104 15 92 89 0.6 1.22 54.7 41.3 56

6 33 55 25.6 119 16 91 10 2.3 1.09 86.6 57.2 58

7 14 38 36.2 106 18 91 31 1.4 2 46.5 41.8 56

8 12 48 28.7 114 21 90 111 1 3.64 51.8 36.9 59

9 29 54 27.8 103 18 90 50 0.8 1.19 54.5 46.5 60
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Table 2. Sample data of males

No. Duration Age BMI HR RR SpO2 pNN50 LF/HF SD1/SD2 RMSSD SDNN FEV1

1 4 41 36.7 101 16 93 33 1.6 0.9 65.7 50.2 55

2 2 30 37.5 119 15 92 31 0.8 1.09 70 59.5 78

3 5 37 32.1 108 16 94 49 1.2 4.14 63.9 46.9 68

4 7 23 41 110 17 95 17 2 1.16 40.6 31.9 56

5 12 23 36.2 112 18 96 17 0.8 1.17 44.6 46.9 81

6 14 23 35.6 124 17 97 19 0.8 1.07 56 47.9 80

7 7 25 30.5 102 14 91 92 0.9 2.05 43.8 30.9 79

8 38 65 36.2 106 20 90 12 1.9 1.55 81.1 51.8 60

9 4 41 36.7 101 16 93 33 1.6 0.9 65.7 50.2 55

a) Data distribution can be seen in the histograms plots (Figure 2).
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Figure 2. Histogram plots of all factors for a) females and b) males
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b) None of the factors have Gaussian distributions, i.e., normally distributed. Kolmogorov-Smirnov test has also 
been conducted to test the normality check variable-wise for males and females (see Table 3).

Table 3. Results of Kolmogorov-Smirnov tests

DURATION AGE BMI HR RR SpO2 pNN50 LF/HF SD1/
SD2 RMSSD SDNN FEV1

Male

KST: 
0.0657; 

p: 0.1165; 
Skewness: 

1.6011; Kur-
tosis: 3.2235 

KST: 
0.14; p: 

0.25; 
Skew-
ness: 
0.444 
Kurto-

sis:-0.396

KST: 
0.33; p: 

0.09; 
Skew-
ness: 
4.194 
Kur-
tosis: 

27.106

KST: 
0.476; 

p: 0.67; 
Skew-
ness: 
1.894 
Kur-
tosis: 
9.396

KST: 
0.776; 

p: 0.07; 
Skew-
ness: 
2.894 
Kur-
tosis: 
3.396

KST: 
0.476; 

p: 0.17; 
Skew-
ness: 
2.894 
Kur-
tosis: 

12.396

KST: 
0.706; p: 

0.347; 
Skew-
ness: 
1.094 
Kurto-
sis: 2.6

KST: 
0.506; p: 

0.317; 
Skew-
ness: 
1.094 
Kur-
tosis: 
1.396

KST: 
0.576; p: 

0.323; 
Skew-
ness: 
1.604 
Kur-
tosis: 
2.326

KST: 
0.176; 

p: 0.27; 
Skew-
ness: 
1.19 
Kur-
tosis: 
1.396

KST: 
0.176; 

p: 0.13; 
Skew-
ness: 
1.094 
Kur-
tosis: 
5.396

KST: 
0.976; 

p: 0.33; 
Skew-
ness: 
1.94 

Kurto-
sis: 5.91

Fe-
male

KST: 0.145; 
p: 0.215; 

Skewness: 
1.611; Kur-
tosis: 3.105 

KST: 
0.214; p: 

0.205; 
Skew-
ness: 
0.644 
Kurto-

sis:-0.596

KST: 
0.23; p: 

0.07; 
Skew-
ness: 
4.894 
Kur-
tosis: 

29.396

KST: 
0.376; 

p: 0.37; 
Skew-
ness: 
1.894 
Kur-
tosis: 
9.396

KST: 
0.376; p: 

0.217; 
Skew-
ness: 
2.094 
Kur-
tosis: 

7.2396

KST: 
0.76; p: 

0.12; 
Skew-

ness: 2.4 
Kur-
tosis: 

10.396

KST: 
0.686; p: 

0.357; 
Skew-
ness: 
1.294 
Kur-
tosis: 
2.234

KST: 
0.459; 

p: 0.117; 
Skew-
ness: 
1.994 
Kur-
tosis: 
1.996

KST: 
0.766; p: 

0.223; 
Skew-
ness: 
1.204 
Kur-
tosis: 
3.326

KST: 
0.876; 

p: 0.87; 
Skew-
ness: 
1.39 
Kur-
tosis: 
2.096

KST: 
0.179; p: 

0.103; 
Skew-
ness: 
1.994 
Kurto-

sis: 4.96

KST: 
0.887 

p: 0.38; 
Skew-
ness: 
1.991 
Kur-
tosis: 
5.881

From the above table, it is evident that the variable ‘duration of illness’ is not much far from that which is normally 
distributed in males. The data shows a positive skewness and the Kurtosis value > 3 signifies that the data has a heavier 
tail than that of the normal probability distribution. a p-value of each variable is > 0.05 for both the males and females, 
corroborating the fact that the variables are not normally distributed.

c) Descriptive statistics (Tables 4 and 5), where cells containing abnormal values are marked by magenta color as 
the ready reckoner.

Table 4. Descriptive statistics of all the factors for females

  count mean std min 25% 50% 75% max

DURATION 50 11.02 9.18 1 2.25 9 17.75 33

AGE 50 43.34 13.07 24 32 44.5 52 78

BMI 50 31.92 8.86 23.8 28 30.45 32.97 86.1

HR 50 111.84 10.29 101 103 108.5 116.5 138

RR 50 18.26 3.74 12 15 17.5 21 25

SpO2 50 92.32 2.16 90 91 92 93.75 97

pNN50 50 38.96 28.72 9 20 33 41.75 116

LF/HF 50 1.224 0.4 0.6 0.925 1.2 1.47 2.3

SD1/SD2 50 2.74 4.34 0.37 1.0125 1.475 2.9 29.81

RMSSD 50 61.43 17.47 25.7 47.5 60 73.65 97.4

SDNN 50 46.64 8.42 24.9 41.425 48.85 53.07 58.3

FEV1 50 71.34 9.21 56 62.5 73 80 82
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Table 5. Descriptive statistics of all the factors for males

  count mean std min 25% 50% 75% max

DURATION 50 9.84 7.48 2 5 7.5 13 38

AGE 50 33.94 10.75 19 25 31 39 65

BMI 50 38.22 19.24 28.7 32.32 35.3 37.57 166.7

HR 50 110.78 8.61 101 104 109 116 142

RR 50 17.36 2.78 12 15 17 19.75 25

SpO2 50 93.44 2.32 90 91.25 93.5 95 97

pNN50 50 42.76 32.46 4 18.25 31.5 56.75 134

LF/HF 50 1.152 0.34 0.7 0.9 1.05 1.4 2

SD1/SD2 50 2.265 2.17 0.71 1.005 1.305 2.4875 12.24

RMSSD 50 54.9 14.84 21.4 44 55.25 67 82.1

SDNN 50 44.86 10.1 19.4 38.25 46.9 51.75 63.3

FEV1 50 69.54 8.48 51 62.25 69.5 77 82

d) PC of all factors can be found in Table 6 (females) and Table 7 (males).

Table 6. Factor-wise PC results for females

DURATION AGE BMI HR RR SpO2 pNN50 LF/HF SD1/SD2 RMSSD SDNN FEV1

DURATION 1.00 0.71 0.07 -0.03 0.61 -0.07 -0.10 -0.04 0.03 0.20 0.21 -0.76

AGE 0.71 1.00 0.02 -0.04 0.67 0.00 -0.14 -0.03 0.10 0.25 0.17 -0.54

BMI 0.07 0.02 1.00 -0.28 0.18 0.05 -0.05 -0.08 0.16 -0.06 0.06 -0.12

HR -0.03 -0.04 -0.28 1.00 -0.08 -0.03 0.00 0.07 -0.06 -0.05 -0.07 0.17

RR 0.61 0.67 0.18 -0.08 1.00 -0.02 -0.21 -0.08 0.34 0.10 0.06 -0.49

SpO2 -0.07 0.00 0.05 -0.03 -0.02 1.00 -0.06 -0.06 0.05 0.04 0.09 0.04

pNN50 -0.10 -0.14 -0.05 0.00 -0.21 -0.06 1.00 -0.14 -0.10 -0.13 -0.05 -0.03

LF/HF -0.04 -0.03 -0.08 0.07 -0.08 -0.06 -0.14 1.00 0.09 0.49 0.44 0.08

SD1/SD2 0.03 0.10 0.16 -0.06 0.34 0.05 -0.10 0.09 1.00 -0.03 -0.08 -0.11

RMSSD 0.20 0.25 -0.06 -0.05 0.10 0.04 -0.13 0.49 -0.03 1.00 0.86 -0.07

SDNN 0.21 0.17 0.06 -0.07 0.06 0.09 -0.05 0.44 -0.08 0.86 1.00 -0.11

FEV1 -0.76 -0.54 -0.12 0.17 -0.49 0.04 -0.03 0.08 -0.11 -0.07 -0.11 1.00
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Table 7. Factor-wise PC results for males

DURATION AGE BMI HR RR SpO2 pNN50 LF/HF SD1/SD2 RMSSD SDNN FEV1

DURATION 1.00 0.65 -0.08 -0.06 0.77 -0.10 0.04 0.02 -0.12 0.11 0.01 0.23

AGE 0.65 1.00 0.12 -0.19 0.53 -0.11 0.11 0.00 0.05 0.22 0.10 -0.10

BMI -0.08 0.12 1.00 -0.15 -0.08 -0.12 -0.13 -0.03 0.19 -0.10 -0.06 -0.14

HR -0.06 -0.19 -0.15 1.00 0.01 0.13 -0.04 -0.03 -0.21 0.16 0.23 0.17

RR 0.77 0.53 -0.08 0.01 1.00 -0.04 -0.08 -0.15 -0.08 -0.04 -0.09 0.33

SpO2 -0.10 -0.11 -0.12 0.13 -0.04 1.00 0.00 -0.30 -0.09 -0.02 0.03 0.07

pNN50 0.04 0.11 -0.13 -0.04 -0.08 0.00 1.00 -0.13 0.24 0.46 0.44 0.00

LF/HF 0.02 0.00 -0.03 -0.03 -0.15 -0.30 -0.13 1.00 0.03 0.11 -0.03 -0.42

SD1/SD2 -0.12 0.05 0.19 -0.21 -0.08 -0.09 0.24 0.03 1.00 0.23 0.13 0.06

RMSSD 0.11 0.22 -0.10 0.16 -0.04 -0.02 0.46 0.11 0.23 1.00 0.91 0.05

SDNN 0.01 0.10 -0.06 0.23 -0.09 0.03 0.44 -0.03 0.13 0.91 1.00 0.07

FEV1 0.23 -0.10 -0.14 0.17 0.33 0.07 0.00 -0.42 0.06 0.05 0.07 1.00

f) Linear regression plots for females and males are visible in Figures 3 and 4, respectively.
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Figure 3. Regression plots of females
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Figure 4. Regression plots of males

4. Discussions
This section discusses the findings of the experiments one by one.
The distributions of data (Box plots, Figures 2a and 2b, and Table 3) are non-normal for all the attributes, as none 

of these could fit in a bell-shaped curve. Clinical data are usually non-normal due to the psychophysiological differences 
among the individuals [21].

Table 8. The overview of the PC results for the sample

No Gender Factor-1 Factor-2 PC PC grade p Interpretation Cardiac risk

1

F

D A 0.71 High + ve

< 0.05

COPD progresses

High

2 D RR 0.61 High + ve COPD ↑

3 D FEV1 -0.76 Very high - ve COPD ↑

4 A RR 0.67 High + ve COPD ↑

5 A FEV1 -0.54 High - ve COPD ↑

6 RR FEV1 -0.49 Moderate - ve COPD ↑

7

M

D RR 0.77 Very high + ve COPD ↑

8 A RR 0.53 High + ve COPD ↑

9 LF/HF SpO2 -0.30 Moderate - ve COPD ↑

10 LF/HF FEV1 -0.42 Moderate-ve COPD ↑

11 RMSSD SDNN 0.91 Very high + v e Directly correlated. If low 
values, high risk

12 pNN50 SDNN 0.44 Moderate + ve Directly correlated. If low 
values, high risk

13 pNN50 RMSSD 0.46 Moderate + ve Directly correlated. If low 
values, high risk

Descriptive statistics (Tables 4 and 5) provide the skeleton of a dataset. From mean, median (50th Quartile), 
and standard deviation, data concentration, and its dispersions can be well-noted in a sample. In this study, both the 
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sexes are obese (mean BMI > 30), have tachycardia (mean HR > 100), both indicate higher cardiovascular risk [22]
[23], respectively. Interestingly, in females, the mean SD1/SD2 > 2.5, indicating higher cardiovascular risks [24]. It is 
important to note that as the age progress over 12 years, females have higher HR than males, which is also evident from 
the Lyfas HR values (mean 111.84 bpm in females and 110.78 bpm in males) [14].

PC results of females (F) and males (M) can be seen in Table 8. Negative PC scores are italicized.
The R2 values of the predictions are found to be lower than 0.5 in this work. It is important to mention here that the 

low value does not mean that the model is poor [25]. Such lower values may occur due to unexplainable variations of 
the factors, when captured, which could be due to the variations in the CvAM that varies from one individual to another 
individual, according to the authors. However, from the p-values (< 0.0336), it is evident that the model is statistically 
significant.

It is important to mention that PC show weaker correlations between each of the digital cardiovascular biomarkers 
and FEV1, except for the LF/HF. The reason for the weak correlation could be because the ‘parasympathetic 
compensatory mechanism’ is good in most cases as the body attempts to adapt to the pathophysiological changes of 
COPD over a certain period of the disease.

The cascading interplay of the factors can be seen in Figure 5.
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Figure 5. Cardiac risk monitoring of COPD using Lyfas

In the above Figure, it is evident that the RMSSD and SDNN have a ‘very high’ inter-class positive correlation 
as high values of both refer to the parasympathetic balance of the body. Increased Age (A) and Duration of COPD (D) 
as progress, gradually the illness worsens irrespective of the treatment the patient receives [26], which is evident by 
lowered FEV1 scores [27]. However, low positive correlations between D-RMSSD and D-SDNN could be the fact that 
the body attempts to adapt to the pathophysiological changes for a certain period irrespective of the speed of worsening 
of the illness. In chronic hypoxia, parasympathetic overdrive has been noted to reduce the HR at a high altitude is one 
good example to support the fact [28]. Moderate negative correlations between LF/HF-FEV1 and LF’HF-SpO2 is an 
interesting finding, which signifies the fact that FEV1 and O2 saturation physiologically modulates the sympathovagal 
balance. A high sympathetic drive produces hypoxia and hence reduces FEV1 and vice versa, which means LF/HF 
behaves as a confounding variable that influences both the independent variable SpO2 (p-value 0.0333) and dependent 
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variable FEV1 (p-value 0.0021) in males. It potentially corroborates the fact that digital biomarkers relate to clinical 
indicators, measured with a dedicated biomedical instrument, called Lyfas. An ever-increasing O2 demand in the body 
can also be assessed through the lower SpO2%. As a result, HR and RR are increased, and for that, a higher sympathetic 
drive is needed. As mentioned earlier, that, the signature of high sympathetic drive in mind-body homeostasis to meet 
up the increasing O2 demand of the body can be captured efficiently from the peripheral pulse of index fingers using 
Lyfas and its heuristics-based analytics can evaluate such sympathetic overdrive by examining the relevant HRV-
correlates, such as SDNN, RMSSD, LF/HF, pNN50, and SD1/SD2. In this study, SDNN, RMSSD, pNN50, and LF/
HF are found to be statistically significant (p-values SDNN-RMSSD: 1.34E-19; RMSSD-pNN50: 0.000898; SDNN-
pNN50: 0.001264; LF’HF-RMSSD: 0.00012; LF/HF-SDNN: 0.00010; Lf/HF-pNN50: 0.0000912 ) in determining the 
impending cardiac risk in COPD patients using Lyfas.

5. Conclusions
The study concludes that,
• Lyfas is not a hypersensitive device to assess the mind-body homeostasis by measuring the optical biomarkers 

that surrogate for the CvAM. Therefore, it is clinically reliable.
• Naturally, the clinical data may not be normally distributed due to the inherent physiological variations of the 

individuals irrespective of age and gender, although it is important to test to choose the correct statistical methods for 
further analysis.

• Lyfas captures the cardiovascular digital biomarkers referring to the sympathovagal balance, such as low 
(SDNN, pNN50, RMSSD), and high (LF/HF) those are statistically significant in monitoring the imminent cardiac risk 
in COPD cases. LF/HF is a confounding variable, when increased, SpO2 and FEV1 decrease indicating the potential 
cardiopulmonary risk in the patient.

• Lyfas can be a useful instrument as the patients can take the tests at home from their smartphones and share the 
report with their doctors with the help of mobile data or wifi for further medical guidance. The effectiveness of Lyfas 
would be the most advantageous if used under the guidance of a medical doctor who is either a pulmonologist, or a 
specialist in internal medicine, or a cardiologist, or an anesthesiologist. Another advantage of Lyfas is that the doctor 
can also monitor the patients seamlessly sitting away from them. Such a ubiquitous property of Lyfas may reduce the 
chance of acute hospitalization and death.

• The frequency of Lyfas testing depends on the severity of the illness. Based on the observations, authors 
recommend that Lyfas can be tested monthly once for mild to moderate grades of cases (SpO2 88-92%, RR less than 
20 per minute, FEV1 50-80%), and weekly in moderate to severe grades of COPDs alongside other physiological 
parameters, such as SpO2 (below 88%), RR (above 20 per minute), and FEV1 (equal to or below 50%) or at a timely 
interval as per the advice of the medical doctors. LF/HF greater than 2 poses a suspected cardiac risk and values greater 
than or equal to 2.5 confirm the cardiac risk by Lyfas. It could be useful for the therapeutic and prognostic assessment of 
any COPD case pervasively, especially for the elderly population who can not travel to the hospital with low FEV1 and 
SpO2.

• High LF/HF, low RMSSD, low SDNN, low pNN50, and high SD1/SD2 are reliable biomarkers of the cardiac risk 
in place of SpO2 and FEV1.

• The pervasive, non-invasive, analytics-enabled, personalized monitoring of cardiac risk by Lyfas would always 
be an advantage as a smartphone-based home-healthcare biomarker instrument under the expert guidance of medical 
doctors.
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