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Abstract

Chronic obstructive pulmonary disease (COPD) pa-
tients exhibit depressed heart rate variability (HRV), while
comorbidities may worsen the patients’ prognosis. We in-
vestigated whether HRV analyis, clinical markers of dis-
ease severity and respiratory function, may explain the
presence of cardiac-related comorbidities. Several HRV
indices were evaluated in 46 COPD patients before a 6-
minute walk test (6MWT). Maximum heart rate (HRmax)
and walked distance (Dist) were measured during the test,
while heart rate recovery (HRR) was estimated immedi-
ately afterwards. All these features and the patient charac-
teristics were used to identify cardiac-related comorbidi-
ties (COPDco, n=11). A logistic regression classifier with
regularization was used for modeling and feature selec-
tion, while model assessment was performed by leave-one-
out cross-validation. Only 4 features were needed to ac-
curately identify comorbidities with overall performance
metrics AUC=84%, sensitivity=73% specificity=83%. The
feature subset included the ratio given by the forced expi-
ratory volume and the forced vital capacity ((FEV1/FVC),
the normalized HRR at minute 3, the Borg-scale of exer-
tional dyspnea and the normalized LF power. These fea-
tures could provide relevant information for early identifi-
cation of cardiac comorbidities in COPD patients.

1. Introduction

Chronic obstructive pulmonary disease (COPD) is usu-
ally characterized by depressed heart rate variability
(HRV), reflected through reduced vagal activity indices
compared to healthy subjects [1]. If comorbidities are also

present, they may accelerate the worsening of the patient
diagnosis and prognosis, as occurs with cardiovascular dis-
eases (CVD). This implies and increased risk of adverse
cardio-respiratory events causing increased mortality and
COPD-related hospitalisations [2], and thus a significant
increase in public health cost.

The most common CVDs reported in patients with
COPD are heart failure, peripheral vascular disease, ar-
rhythmias and coronary artery disease. The standard diag-
nosis, delineated by the Global Initiative for Chronic Ob-
structive Lung Disease (GOLD), proposed a multidimen-
sional classification score which is mainly focused on the
condition of the lungs. That is, only pulmonary variables
such as forced expiratory volume in one second (FEV1)
or arterial oxygen tension (PaO2) are considered, and the
treatment strategies usually only targets the lungs [3].

In order to improve the accuracy of the current ap-
proach, we decide to include other variables besides the
pulmonary ones in COPD patients assessment. For this
purpose, we investigated whether HRV markers, together
with clinical markers of disease severity and respiratory
function, may account for the presence of cardiac-related
comorbidities in this particular population.

2. Material and Methods

2.1. The six-minute walk test

Fifty COPD patients were recruited at Ziekenhuis Oost-
Limburg (Genk, Belgium) during their medical consulta-
tion or rehabilitation session. The patients were subjected
to a 6MWT in which they walked along a 45-m corridor
for 6 minutes. The test allows to assess the functional ex-
ercise capacity in patients presenting with respiratory dis-
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eases [4]. The electrocardiogram (ECG) signal was contin-
uously acquired 5 minutes before the test, during the entire
walk, and 5 minutes during recovery. During the initial
(resting) and final (recovery) phases, the patients were sit-
ting in a wheel-chair.

Demographic and clinical data were collected at the hos-
pital at the time of recruitment. Clinical data included the
spirometry measures, in particular, the forced vital capac-
ity (FVC) and the forced expiratory volume in one second
(FEV1). The study was approved by institutional medical
ethics committee of the Ziekenhuis Oost-Limburg (refer-
ence: 18/0047U). Patients provided written informed con-
sent prior to study inclusion.

2.2. ECG recording

ECG recordings were acquired according to Lead II of
Einthoven’s triangle using a wearable research prototype
device (imec the Netherlands, Eindhoven, the Netherlands)
using standard Ag/AgCl electrodes. The original sampling
frequency of the ECG signals was 512 Hz, but they resam-
pled using spline interpolation to 1000 Hz. The R-peaks
were determined after QRS complexes detection using a
wavelet-based method [5], followed by a visual inspection
to reject ectopic and abnormal beats. Then, the temporal
location of the R-peaks were used to generate the RR in-
tervals time-series.

2.3. Feature extraction

2.3.1. HRV analysis

We evaluated conventional HRV indices including tem-
poral and spectral markers from RR time-series corre-
sponding to the initial 5-min resting segments. The tem-
poral HRV indices included the standard deviation of nor-
mal RR intervals (SDNN), the percentage of successive
RR intervals differing more than 50 ms (pNN50) and the
root mean square of successive RR interval differences
(RMSSD). In the case of the spectral indices, the RR time-
series were uniformly sampled via spline interpolation at
4 Hz before their calculation. When estimating the spec-
tral density of the RR series, the Welch’s periodogram was
applied using a Hanning window. The calculated indices
reflect the power of the components in the low-frequency
(LF: 0.04–0.15 Hz) and high-frequency (HF: 0.15 - 0.40
Hz) bands of HRV analysis. These frequency bands are
normally associated with the sympathetic and vagal activ-
ity modulated by the autonomic control. Both indices were
also normalized by the total power, defined as the sum of
the LF and HF power, thus obtaining the LFno and HFno

markers. The ratio LF/HF completed the spectral analysis.

2.3.2. HRR markers

The autonomic control response during the post-walk
recovery was assessed through the evaluation of the heart
rate (HR) dynamic immediately after the 6MWT. Based on
[6], we fitted on the HR time-series a biexponential equa-
tion and from the resulting signal, the heart rate recovery
(HRR) marker were computed at specific time points. In
particular, we computed the heart rate decay (i.e, the differ-
ence between the maximum and actual heart rate values) at
the first, second and third minute of recovery, denoted here
as HRR1, HRR2 and HRR3 respectively. Moreover, nor-
malized HRR measures (in %) were obtained, by dividing
them with the HR achieved at the end of walk (HRmax).

2.4. Modeling

Once all features were extracted from the different
phases, the next step consisted of finding the best feature
subset needed to identify comorbidities. To do this, we ap-
plied a selected prediction algorithm (logistic regression)
with LASSO regularization [7]. This approach allows to
penalize large model coefficients using the λ hyperparam-
eter, that controls the regularization strength. Besides, the
value of λ also serve to identify the most predictive fea-
tures, and it can be selected based on prediction errors and
k-fold cross-validation. This strategy has allowed to obtain
sparse models while reducing overfitting.

The final feature subset selected by LASSO was entered
in an ordinary logistic regression (OLS) model to obtain
debiased LASSO coefficients. The resulting multivari-
ate models were finally assessed by leave-one-out cross-
validation (LOOCV). Both sensitivity (Se) and specificity
(Sp) metrics were reported together with the area under the
curve (AUC) of the generated ROCs. Models with only
respiratory function parameters and in combination with
cardiac markers were tested for comparison purpose.

2.5. Statistical analysis
Results were expressed in mean ± standard deviation

(SD). Univariate statistical analysis was performed for in-
dividual parameters to find possible correlation with the
presence of comorbidities. The Wilcoxon–Mann–Whitney
test non-parametric test was applied for statistical compar-
ison between patient groups. The level of significance was
set to 0.05 for all the analysis. Data were processed and
analyzed using custom MATLAB routines.

3. Results

3.1. Study population

Fifty COPD patients were recruited, 38 males and 12
females, and four patients were excluded due to the low
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signal-to-noise ratio of the ECG signals. The study popu-
lation description is shown in Table 1.

Table 1. Demographic and anthropometric data for the
study population.

n = 46
Male (Female) 34 (12)
Age [yr] 65.00 (60.00 - 69.00)
Height [cm] 169.50 (164.00 - 178.00)
BMI [kg/m2] 24.85 (22.27 - 29.04)
Smoker: Current 9 (19.57 %)

Former 37 (80.43 %)
FVC % pred 86.45 (72.20 - 110.90)
FEV1 % pred 52.15 (42.80 - 68.60)
Cardiac comorbidity 11 (23.91 %)
Data are presented as median (1st - 3rd quartile). BMI:
body mass index; FVC: forced vital capacity; FEV1: forced
expiratory volume in one second.

3.2. Univariate and multivariate analysis

Univarite analysis: Patients with comorbidities were
compared to those who did not present any cardiac dis-
ease at the moment of measurement. Figure 1 displays
the box-plots of some features being significantly differ-
ent among groups. Respiratory function parameters like
the FEV1/FVC was significantly different (61.2±11.6%)
in the COPDco group compared to COPDnco patients
(45.2±12.3%), p = 0.001, while for BSdispnea, the values
were 2.4±1.7 and 4.3±2.2, p = 0.007, respectively. Re-
garding cardiac-related parameters, the normalized HRR
evaluated at minute 3, HRR3, was significantly faster
in COPDco patients, with 23.7±5.9% vs 16.8±7.4%,
p=0.005. The remaining features did not reach significant
differences between groups. However, all variables were
included in the initial feature space used for identifying
cardiac comorbitidies.

Multivariate analysis: Although a few variables reached
significant differences among groups, all features were
entered into the feature selection process performed by
LASSO. The final selected λ allowed to retain only
4 highly predictive features, including the FEV1FVC,
HRR3no, BSdyspnea and LFno, ordered by importance.
This resulted in the best model with the highest classifi-
cation performance while keeping model simplicity. Table
2 summarize the different model statistics.

From table 2, it can be observed that only two param-
eters (FEV1/FVC and HRR3) were significant (p <0.05)
in the multivariate model. The positive sign of the coef-
ficients and ORs≥1 suggest these parameters as signifi-
cant factors linked to cardiac comorbidities in this popula-
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Figure 1. Boxplots of relevant parameters HRR3no,
BSdyspnea and FEV1/FVC comparing COPDco (red) and
COPDnco (blue) patients. Numeric values represent mean
± SD, median (in yellow) and 1st and 3rd interquartile.
Patients groups are represented by blue numbers.

Table 2. Model obtained for comorbidities detection.

Feature coeff SE OR (95% CI) p
Intercept -4.178 2.65 0.02 (0.00 - 2.80) 0.115
FEV1/FVC 0.099 0.04 1.10 (1.02 - 1.19) 0.013
HRR3 15.768 7.07 7e6 (6.70 - 7e12) 0.025
BSdyspnea -0.776 0.41 0.46 (0.21 - 1.03) 0.057
LFno -0.056 0.03 0.95 (0.89 -1.00) 0.056
SE: standard error, OR: odd ratio, CI: confidence interval.

tion. Contrarily, although BSdyspnea and LFno presented
less significance coefficients, their changes would indicate
a lower chance of having comorbidities.

Figure 2 (left column) shows the performance metrics
obtained for the model in table 2, based on the receiver op-
erating characteristic (ROC) curve. As expected, the AUC,
Se and Sp values obtained for the training data is clearly
superior to those obtained by LOOCV (right column), us-
ing the same feature set. Nevertheless, the latter provides a
suitable model performance with respect to new observed
data not seen during training.
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Figure 2. ROC curves obtained for the model tested on
the training data (left) and by LOOCV (right). The corre-
sponding confusion matrix are displayed at the bottom.

4. Discussion and conclusions

In this study we investigated a set of clinical parame-
ters of respiratory functional capacity and cardiac-related
markers evaluated in COPD patients. In particular, cardiac
parameters, mostly related to HRV analysis, were included
to better identify comorbidities in this population.

We first investigated the evaluated markers through uni-
variate analysis to find those ones that better discrimi-
nate the presence of cardiac comorbidities. Two markers
associated with lung functional capacity (BSdyspnea and
FEV1/FVC) and another with the heart rate dynamic dur-
ing recovery (HRR3no), were the most important to dif-
ferentiate among the analyzed groups. From the multi-
variate analysis performed using the LASSO regulariza-
tion, four predictive features including the three mentioned
above, entered into the final selected model. In this case,
the HRR3no and FEV1/FVC remained most significant,
and the model achieved an overall performance metrics of
AUC=84%, Se=73%, Sp=83%. These two markers were
suggested to be the most relevant factors associated with
comorbidities of cardiac origin in COPD patients.

Our results highlight the importance of considering dif-
ferent factors for a more complete assessment of COPD
patients. Many of these patients may present comorbidi-
ties, and those of cardiac origin may worsen the patient
prognosis and accelerate disease progression. Increased
HR recovery after the 6MWT appears to be linked to car-
diac comorbidities, although its presence has been associ-
ated with a better lung function and lower survival [8].
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