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Abstract: Selecting features associated with patient-centered outcomes is of major relevance yet the
importance given depends on the method. We aimed to compare stepwise selection, least absolute
shrinkage and selection operator, random forest, Boruta, extreme gradient boosting and generalized
maximum entropy estimation and suggest an aggregated evaluation. We also aimed to describe
outcomes in people with chronic obstructive pulmonary disease (COPD). Data from 42 patients were
collected at baseline and at 5 months. Acute exacerbations were the aggregated most important
feature in predicting the difference in the handgrip muscle strength (dHMS) and the COVID-19
lockdown group had an increased dHMS of 3.08 kg (CI95 = [0.04, 6.11]). Pack-years achieved the
highest importance in predicting the difference in the one-minute sit-to-stand test and no clinical
change during lockdown was detected. Charlson comorbidity index was the most important feature
in predicting the difference in the COPD assessment test (dCAT) and participants with severe values
are expected to have a decreased dCAT of 6.51 points (CI95 ~ [2.52, 10.50]). Feature selection
methods yield inconsistent results, particularly extreme gradient boosting and random forest with
the remaining. Models with features ordered by median importance had a meaningful clinical
interpretation. Lockdown seem to have had a negative impact in the upper-limb muscle strength.

Keywords: feature selection; stepwise selection; LASSO; Boruta; extreme gradient boosting; random
forest; COPD

MSC: 62P10

1. Introduction

Regression models aim to describe and predict an outcome given the values of n-
dimensional vectors of p input features [1,2]. The task can be challenging especially when
p >>n [3,4]. It is possible that all of the features are associated with the outcome, but often
only a subset of the collected features can be considered [5]. As p increases, trying out every
possible subset of features can become unfeasible [5,6]. The problem of high-dimensional
feature selection (FS), defined as the process of reducing dimensionality by removing
irrelevant features and identifying the most important ones [7,8], has received tremendous
attention during the last decades. Although FS can help in obtaining models with less
correlated features, biases, and unwanted noise, studies have shown that some of them
can be 100% accurate using only non-informative features [9-11]. For instance, automatic
stepwise selection has well reported limitations, such as the sensitivity to the presence of
nuisance features and collinearity [12] which are exacerbated in the context of big data and
the intensive computing time required [5,13,14].

The definition of ‘importance” is also controversial since it may depend on subjec-
tive criteria assumed by the user whatever the technique is considered. Algorithms such
as random forest (RF) [15], Boruta [16] or extreme gradient boosting (XGB) [17] provide
measures that sort features according to their importance despite enhancing accuracy at
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the expense of interpretability [5,15]. RF is an ensemble learning technique that uses the
predictions of a set of decision trees computed in a bootstrap sample with a random subset
of features in order to produce an aggregated result. Boruta is an algorithm designed as a
wrapper that extends data by creating shuffled copies of all features and then trains a RF
classifier in order to iteratively remove features deemed highly unimportant based on a
chosen feature importance measure and a computed Z score. XGB is a computationally
efficient ensemble learning algorithm that iteratively uses decision trees as weak learners
along with regularization and a gradient descent optimization technique in order to en-
hance generalization and prevent overfitting. Penalty techniques, which force some of the
estimated coefficients to be equal or close to zero, e.g., the least absolute shrinkage and
selection operator (LASSO) method, can also perform FS [18].

A different approach supported by the information theory and info-metrics can be
used [19-21]. Normalized entropy (NE), based on the consistent and asymptotically normal
generalized maximum entropy (GME) estimator [22], measures the information content of
a particular model or feature [23] and therefore can be used for FS.

FS can be applied in multiple fields of knowledge. For instance, studies suggest
that well trained models provide clinically meaningful features with precision [24]. Also,
selecting features associated with patient-centered outcomes is extremely important because
it can lead to personalized and effective treatments for several diseases [25,26].

Chronic obstructive pulmonary disease (COPD) is a progressive, treatable and pre-
ventable respiratory disease [27]. It is the third-leading cause of death worldwide, killing
3.2 million individuals every year and accounts for a substantial individual, economic
and societal burden [28,29]. Morbidity and prevalence seem to increase with age [30,31].
Although cigarette smoking is the leading COPD environmental risk factor, sex, genetics
and comorbidities also seem to play an important role on the disease development and
progression [32]. Also, body mass index (BMI) is associated with the rate of lung function
decline where obesity seems to be protective [33,34]. External factors, such as the 2020
imposed lockdown due to the coronavirus disease 2019 (COVID-19) pandemic, may also
influence the disease trajectory. For instance, a significant reduction of acute exacerbations
of COPD (AECOPD) and COPD-related emergency department attendances during the
lockdown period was found [35-37]. Also, an improvement in symptoms, and a significant
reduction in COPD-related health care costs occurred during this period. On the other
hand, the severity of participant’s dyspnea worsened [38]. Although a significant increase
in body weight was found in the general population [39], patients with COPD tended to
lose weight during lockdown [40].

Our objectives in this work were to compare the results of different FS methods,
including the promising yet underexplored approach of normalized entropy, analyze
the correlation between results of different FS methods, illustrate how misleading their
individual interpretation can be, and suggest an aggregated evaluation for the results of FS
methods. Additionally, we also aimed to describe the effect of the COVID-19 lockdown,
sociodemographic and clinical features on the lower- and upper-limb functional status and
impact of the disease in people with stable COPD.

2. Materials and Methods

This section describes the study, in particular, participants, data collected and statistical
techniques employed.

2.1. Study Design and Participants

Data collected between January 2019 and July 2020 in GENIAL (PTDC/DTP-PIC/2284/
2014) and PRIME (PTDC/SAU-SER/28806/2017) research projects were used. Individuals
were eligible if diagnosed with COPD [27] and clinically stable over the previous month.
Individuals with other respiratory diseases, signs of cognitive impairment or presence
of a significant or unstable cardiovascular, neurological or musculoskeletal disease were
excluded. Written informed consent was first obtained from all participants.
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2.2. Data Collection

Sociodemographic, anthropometric and clinical data (e.g., Charlson comorbidity index
(CCI) [41], use of long-term oxygen therapy (LTOT) and non-invasive ventilation (NIV))
were assessed with a structured questionnaire. Lung function (forced expiratory volume in
one second (FEV;) and the ratio between FEV; and the forced vital capacity (FVC)) was
assessed with spirometry [42]. The modified British medical research council questionnaire
(mMRC) [43,44], the modified Borg scale [45—-47], the brief physical activity assessment tool
(BPAAT) [48] and the Saint George’s respiratory questionnaire (SGRQ) [49] were used.

Upper and lower-limb functional status were assessed with the handgrip muscle
strength (HMS) [50] and one-minute sit-to-stand test (1minSTS) [51,52]. Minimal clinically
important differences (MCID) of 5.0 kg [53] and three repetitions [54] were considered. The
COPD assessment test (CAT) evaluated the disease impact of the disease [55,56] and an
MCID of two-points was considered [57].

Data were collected cross-sectionally at baseline and assessments with the 1minSTS,
HMS and CAT were repeated after five months (post).

2.3. Statistical Analysis

Data were split in two groups; participants with baseline date between the 1 February
2019 and the 15 March 2019 were classified as pre-lockdown and participants with baseline
date between the 1 February 2020 and the 15 March 2020 were classified as lockdown.

Variables were summarized accordingly. Shapiro-Wilk test was used to assess the
assumption of normality. Welch ¢-tests and Mann-Whitney-Wilcoxon tests were used to
compare characteristics between groups. Cohen’s d effect size, phi coefficient and Cramer’s
V were calculated to assess association between variables. Chi-squared tests with simulated
p-values for small cell sizes were used to compare proportions of baseline characteristics
between groups.

The difference (d) between baseline and post values of the HMS, 1minSTS and CAT
was determined and modelled by applying seven algorithms on numeric standardized
data: (i) LASSO; (ii) Akaike’s information criterion (AIC) [58] based automatic stepwise
selection (stepAIC); (iii) Bayesian information criterion (BIC) [59] based automatic stepwise
selection (stepBIC), (iv) normalized entropy; (v) RE; (vi) Boruta; (vii) XGB.

A preliminary tunning of RF parameters was performed with a grid of values for the
number of features to consider at each split point (mtry) and the minimum number of
observations in a terminal node (nodesize). The pair of values that produced the lowest
out-of-bag (OOB) error [60,61] was used in 1000 trees. Feature importance was determined
based on how much the accuracy decreased when the feature was excluded, given in
percentage of the mean squared error (MSE).

For the Boruta algorithm, variables were classified as confirmed important, uncon-
firmed and confirmed unimportant according with shadow features [16].

XGB models were trained in a 4-fold cross-validation process with 750 iterations using
the values of a grid containing combinations of the learning rate (eta) = 0.010, 0.015, 0.020,
0.025, the subsampling = 0.4, 0.5, 0.6, the minimum child weight = 1, 2, 3 and the maximum
depth of a tree =5, 8, 10, 11, 12, 14, 17. A gbtree booster and an objective of reg:squarederror
were used [62]. The iteration with the lowest root MSE (RMSE) was considered. Feature
importance was defined by the fractional contribution of each feature to the model based
on the total gain of this feature’s splits [62].

The penalty parameter A used in LASSO was the one that produced the lowest 5-fold
cross-validation MSE from a grid of 15,000 log values ranging from —7 to —1.

Automatic stepwise selection consisted of a backward elimination process from an
ordinary least squares (OLS) linear model (LM) with all features in order to obtain the
lowest AIC/BIC [63].

In the NE procedure [23,64], the definition of supports for the GME estimator was
done according to [65], that is, the limits of each support are established by the absolute
maximum values of the ridge estimates [66]. Has recently emerged an interest with this
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approach, mainly because (1) it is simple to perform, (2) it allows the use of non-sample
information, (3) it is free of asymptotic requirements, (4) it involves a shrinkage rule
that reduces mean squared error, (5) it allows to account for model misspecifications and
model uncertainty, and (6) it can be implemented for well- and ill-posed models, including
ill-conditioned models and small sample sizes (micronumerosity).

Features were ordered by their median importance. In case of ties, the interquartile
range was used. Kendall’s rank coefficient of correlation (t) was determined to measure
the association between FS methods [67,68].

OLS LMs were applied to non-standardized data with an increasing number of or-
dered by median importance features. The model kept was the one with the best perfor-
mance score calculated by normalizing AIC, BIC, coefficient of multiple determination
(R?), adjusted R%, RMSE and residual standard deviation (Sigma) and taking the three
times repeated 5-fold cross-validation mean value for each model [69]. Assumptions were
assessed by visual inspection of residuals. The assumption of homogeneity of variances
was further validated with the Breusch-Pagan test. Estimated marginal means (predicted
values) for specific model features were computed [70].

For the sake of simplicity, a significance level of 0.05 was considered, so that when
p < 0.05 the corresponding null hypothesis is rejected.

Statistical analyses were performed using R packages JWileymisc [71], randomForest-
SRC [72], randomForest [73], Boruta [74], xgboost [62], glmnet [75] and MASS [76], perfor-
mance [77], sjPlot [78] and ggeffects [70] in RStudio Version 2023.12.1+402 [79] running R
version 4.3.3 [80].

3. Results
3.1. Descriptive Analysis

A total of 42 participants with COPD were included, 24 (57.1%) of whom belonging
to the pre-lockdown group. Participants mean age was 66.3, with standard deviation of
7.8 years, most were men (81.0%), former smokers (85.7%) and presented 3 to 4 comor-
bidities (64.3%) (Table 1). No statistically significant differences between participants’
characteristics of the pre-lockdown and the lockdown groups were found.

In the pre-lockdown group the difference of —1.95 kg between baseline and post HMS
was statistically significant (t(36) ~ —2.24, p ~ 0.036) (Figure 1).
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Figure 1. Distribution of participants” outcomes in the pre-lockdown (1 = 22; 23; 24) and lockdown
(n = 16; 16; 18) groups: (a) handgrip muscle strength (HMS); (b) number of repetitions in the one-
minute sit-to-stand test (1minSTS); (c) points in the COPD assessment test (CAT). Note: p values (p)
from Welch t-tests and Mann-Whitney-Wilcoxon tests.
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Table 1. Descriptive statistics of participants’ characteristics at baseline (1 = 42).

Characteristics All (n=42) Pre-Lockdown (1 = 24) Lockdown (n = 18) Tests
SEX XZ =~ 0.12, p =~ 1.000, ¢ ~ 0.05
FEMALE 8(19.0) 5 (20.8) 3(167)
MALE 34 (81.0) 19 (79.2) 15 (83.3)
AGE, YEARS 66.29 (7.83) 67.00 (7.97) 65.33 (7.75) t(40) &~ 0.68, p ~ 0.501, d ~ 0.21
BODY MASS INDEX, KG/M? 27.87 (5.24) 26.97 (5.71) 29.08 (4.42) t(40) ~ —1.30, p ~ 0.199, d ~ 0.41
SMOKING STATUS X2 ~2.64,p~ 0434,V =025
NEVER 3(7.1) 2(8.3) 1(5.6)
FORMER 36 (85.7) 19 (79.2) 17 (94.4)
CURRENT 3(7.1) 3 (12.5) 0(0.0)
SMOKING NO. OF
YEARS, YEARS 36.86 (15.40) 35.25(15.91) 39.00 (14.86) t(40) ~ —0.78, p ~ 0.442, d ~ 0.24
PACK-YEARS 63.03 (53.35) 64.12 (62.09) 61.57 (40.54) t(40) ~ 0.15, p ~ 0.880, d ~ 0.05
CCI x2 =~ 0.18, p ~ 1.000, V ~ 0.07
MILD (1-2) 9 (21.4) 5 (20.8) 4(222)
MODERATE (3-4) 27 (64.3) 16 (66.7) 11 (61.1)
SEVERE (>=5) 6 (14.3) 3 (12.5) 3(16.7)
LTOT X2 ~ 0.15, p ~ 1.000, ¢ ~ 0.06
NO 36 (85.7) 21 (87.5) 15 (83.3)
YES 6 (14.3) 3(12.5) 3(16.7)
NIV X2~ 0.27,p~ 0.721, ¢ ~ 0.08
NO 32 (76.2) 19 (79.2) 13 (72.2)
YES 10 (23.8) 5 (20.8) 5 (27.8)
AECOPD X2 ~3.64,p~0.189,V~ 0.29
0 33 (78.6) 19 (79.2) 14 (77.8)
1 3(7.1) 3 (12.5) 0(0.0)
2 OR MORE 6 (14.3) 2(8.3) 4(222)
RESP. EMERGENCIES X2 ~ 0.00, p ~ 1.000, ¢ < 0.01
NO 35 (83.3) 20 (83.3) 15 (83.3)
YES 7 (16.7) 4(16.7) 3(16.7)
RESP. HOSPITALIZATIONS X2 ~ 0.12, p ~ 1.000, ¢ ~ 0.05
NO 39 (92.9) 22 (91.7) 17 (94.4)
YES 3(7.1) 2 (8.3) 1(5.6)
FEV, % predicted 62.33 (23.31) 56.93 (24.25) 69.53 (20.48) t(40) ~ —1.78, p ~ 0.083, d ~ 0.55
FEV1/FVC, % 53.92 (12.06) 51.28 (12.91) 57.44 (10.13) £(40) ~ —1.67, p ~ 0102, d ~ 0.52
MMRGC, points 1.26 (1.06) 1.42 (1.14) 1.06 (0.94) t(40) ~ 1.09, p ~ 0.280, d ~ 0.34
BORG DYSPNOEA, points 0.80 (1.15) 0.60 (1.17) 1.06 (1.11) t(40) ~ —1.26, p ~ 0.213,d ~ 0.39
BORG FATIGUE, points 1.10 (1.44) 1.00 (1.44) 1.22 (1.48) £(40) ~ —0.49, p ~ 0.627, d ~ 0.15
BPAAT MODERATE, points 1.55 (1.56) 1.71 (1.55) 1.33 (1.61) t(40) ~ 0.76, p ~ 0.449,d ~ 0.24
BPAAT VIGOROUS, points 0.14 (0.68) 0.25 (0.90) 0.00 (0.00) £(40) ~ 1.18, p ~ 0.245, d ~ 0.37
SGRQ, points 32.79 (18.57) 36.64 (20.24) 27.66 (15.14) t(40) ~ 158, p ~ 0.122, d ~ 0.49
HMS, KG, med [Q1, Q3] *
BASELINE  35.5[29.3,42.0] 34.0 [28.3, 41.5] 37.5[30.8, 42.0] W = 163.0,p ~ 0.711
POST 38.0 [30.3, 44.8] 36.0 [26.5, 45.8] 39.0 [31.5, 42.5] W~ 167.5,p ~ 0.813
IMINSTS, no. rep., med [Q1, Q3] *
BASELINE 28.0 [23.0, 32.0] 29.0 [25.5, 32.0] 24.5[22.8, 30.3] W = 2255, p ~ 0241
POST  29.0[24.0,35.0] 30.0 [25.5, 35.5] 27.5[23.5,32.0] W~ 2195, p~ 0317
CAT, points, med [Q1, Q3]
BASELINE 9.0 [5.3,11.0] 9.0 [5.0, 14.0] 8.51[6.3,10.0] W = 225, p ~ 0.828
post 6.5[4.0,12.5] 6.0[2.8,13.3] 7.0 [4.0,10.8] W = 201.5, p ~ 0.721

Note: Data presented as mean (standard deviation), count (percentage) or otherwise stated. Abbreviations:
1minSTS, one-minute sit-to-stand test; AECOPD, acute exacerbation of COPD; BPAAT, brief physical activity
assessment tool; CAT, COPD assessment test; CCI, Charlson comorbidity index; COPD, chronic obstructive
pulmonary disease; FEV, forced expiratory volume in 1's; FVC, forced vital capacity; HMS, handgrip muscle
strength; LTOT, long-term oxygen therapy; mMRC, modified medical council dyspnoea scale; no., number; NIV,
non-invasive ventilation; SGRQ, St. George’s respiratory questionnaire; rep., repetitions; Resp., respiratory; med,
median; Q, quartile; t, welch t-test statistics; p, p-value; d, Cohen’s d; W, Mann-Whitney-Wilcoxon statistics; X2,
Chi-squared statistics. * n =38 (22/16); * n =39 (23/16).

3.2. Handgrip Muscle Strength
3.2.1. Feature Importance

BORG fatigue score (4.9%) was considered the most important feature followed by
AECOPD (4.0%) using the RF approach with an OOB error of 0.942 (Figures Ala and A2a).
Boruta algorithm found the same two most important features but AECOPD (5.7) was con-
firmed important, while BORG fatigue score (5.0) was classified as unconfirmed
(Figure A3a). FEV% predicted (0.16) was considered the most important feature by
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the XGB algorithm (Table A1; Figure A4a). AECOPD was again the most important fea-
ture using LASSO with A ~ 1.45 (Figure A5a,b). The AIC and BIC algorithm removed
the same 13 features starting with CCIL. With decreasing order of importance AECOPD,
respiratory hospitalizations, FEV1% predicted, age, BPAAT moderate score, sex, group and
NIV were kept. AECOPD was the most important feature with a normalized entropy of
0.886 (Figure A6a) and was also the median most important feature (Figure 2a).
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Figure 2. (a) Handgrip muscle strength (HMS) feature’s importance according to LASSO, AIC
based stepwise automatic selection (StepAIC), BIC based stepwise automatic selection (StepBIC),
normalized entropy (Entropy), random forest (RF), extreme gradient boosting (XGB) and Boruta
algorithms in people with chronic obstructive pulmonary disease (COPD) (n = 38). The dark green to
white gradient represent the decreasing of the features” importance. (b) Kendall’s rank coefficient of
correlation. The dark green to dark red gradient represent the decreasing of the value of Kendall’s
rank coefficient of correlation, with white corresponding to zero. Abbreviations: AECOPD, acute
exacerbation of COPD; BPAAT, brief physical activity assessment tool; BMI, body mass index; CCI,
Charlson comorbidity index; FEV1, forced expiratory volume in 1's; FVC, forced vital capacity; LTOT,
long-term oxygen therapy; mMRC, modified medical council dyspnoea scale; NIV, non-invasive
ventilation; SGRQ, St. George’s respiratory questionnaire.

The stepwise methods agreed perfectly (T = 1), and the pairwise correlation between
both stepwise methods and LASSO was high (1 ~ 0.676) as it was between the entropy
approach and LASSO (7 ~ 0.638) (Figure 2b).

3.2.2. Linear Model

The LM generated with 8 features achieved the highest performance score (0.623)
(Table 2). The residual analysis is available in Figure A7.

Under certain circumstances, participants with two or more AECOPD tend to improve
their upper-limb strength more than the other participants. For instance, they are expected
to have, on average, a decreased dHMS by 11.12 kg when compared with participants with
no AECOPD (CI95 ~ [6.36, 15.87]; CI95 is the 95% Confidence Interval), ceteris paribus
(everything else remains constant). Participants with respiratory hospitalizations tend to
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have, on average, an increased dHMS by 7.32 kg (CI95 =~ [0.88, 13.76]), ceteris paribus.
Every year added to a participant’s age results, on average, in an increase of 0.26 kg
(CI95 ~ [0.03, 0.49]) in the dHMS, ceteris paribus. Finally, belonging to the lockdown
group resulted, on average, in an increased dHMS by 3.08 kg (CI95 =~ [0.04, 6.11]), ceteris
paribus (Table 2).

Table 2. Linear model’s coefficients and p-values for the handgrip muscle strength difference in
people with chronic obstructive pulmonary disease using cumulatively the features ordered by
median importance (1 = 38).

1 Feat 2 Feat 3 Feat 4 Feat 5 Feat 6 Feat 7 Feat 8 Feat

(Intercept) —0.87 2.14 —7.58 —-3.93 —5.71 —4.02 —5.17 —7.45

AECOPD [1] —2.63 —2.07 —0.65 —0.21 —-3.89 -3.25 —1.33 —1.41

AECOPD [>1] —5.73 * —6.68 ** —6.85 ** —7.30 ** —9.85 *** —10.08 *** —10.97 *** —11.12 ***

FEV1% predicted —0.05 —0.05 —0.06 —0.04 —0.05 —0.08 * —0.10 **

Age 0.15 0.13 0.14 0.13 0.16 0.26 *
BPAAT Moderate —1.05* —1.10* —1.06 * —1.04* —0.91*

Hospitalizations [Yes] 7.21* 6.98 * 6.69 7.32 %

NIV [Yes] —2.07 —2.74 —3.07

Group [Lockdown] 2.63 3.08 *

Sex [Male] —4.04

AIC 30.695 35.682 37.754 37.569 41.071 42.336 43.857 41.049

BIC 30.773 35.760 37.832 37.648 41.149 42.414 43.926 41.127

R? 0.215 0.212 0.160 0.210 0.313 0.279 0.256 0.417

R? adjusted 0.076 0.069 0.008 0.067 0.193 0.146 0.120 0.312

RMSE 4.860 4.934 5.005 4.631 4.257 4.827 4.827 4.091

Sigma 1.667 2.248 2.490 2.387 2.863 3.467 3.428 2.906

Performance score 0.599 0.400 0.245 0.392 0.463 0.234 0.159 0.623

Abbreviations: AECOPD, acute exacerbation of COPD; BPAAT, brief physical activity assessment tool; COPD,
chronic obstructive pulmonary disease; feat, features; FEV, forced expiratory volume in 1 s; NIV, non-invasive
ventilation; * p < 0.05; ** p < 0.01, ** p < 0.001.

Participants without hospitalizations and with two or more AECOPD tended to
recover above the MCID. Generally, participants with respiratory hospitalizations in the
previous year, with less than two AECOPD and caught in the lockdown tend to worsen
above the MCID (Figure 3).

Without respiratory hospitalizations With respiratory hospitalizations

‘ Pre-lockdown l Lockdown | [ Pre-lockdown ‘ ‘ Lockdown ‘

Y
o o

(Baseline - Post)
3

HMS, Kg difference

-20

Age

Figure 3. Predicted difference between baseline and post values in the handgrip muscle strength
(HMS) of people with chronic obstructive pulmonary disease (COPD). Abbreviations: AECOPD,
number of acute exacerbations of COPD. Note: predictions were made for male participants with-
out non-invasive ventilation, with a brief physical activity assessment tool score of 0 and 70%
of the predicted forced expiratory volume in 1 s. Dashed lines represent the minimal clinically
important difference.
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3.3. One-Minute Sit-to-Stand Test
3.3.1. Feature Importance

Pack-years (12.7%) had the highest importance value in the tunned RF algorithm
(Figures Alb and A2b). Boruta algorithm found two confirmed important features, pack-
years (7.2) and SGRQ (4.8), while sex (3.4) was classified as unconfirmed (Figure A3b). At
61 testing iterations (Table A1) the XGB algorithm also considered pack-years (0.24) the
most important feature (Figure A4b).

LASSO with a penalty parameter of A ~ 1.34 minimized the MSE and selected BORG
Dyspnoea, sex and pack-years (Figure A5c,d). The AIC algorithm kept sex, BORG Dysp-
noea, pack-years, SGRQ, mMRC, smoking status and FEV; /FVC. Using BIC, BORG Dysp-
noea and pack-years remained. Sex had the lowest normalized entropy (0.955) followed
by pack-years (0.968) (Figure A6b). Pack-years achieved the highest median importance
position (Figure 4a).

1minSTS

Entropy

Boruta

XGB 0.029 0.135

5 >
15 10.40° 13 (11 15 (81 11
(1112 12 17 15 )l 17 12|
20 14 [10) 14 11 14
-21 21 60 14 [l 16 14

20 18 18 15 16 16 14 16 StepBIC | 0.362  0.019
16 16 16 16 13 11 12 16

19 17 17 20 17 17 [40] 17
18 15 15 19 20 [} 18 18

17 13 13 18 18 21 19 18

RF 0.068

StepAIC 0.381 0.039

21 19 19 21 12l 15 19

QoL LaEc

NIm X3

Waoos X563 LASSO 0.097
< OO C 0=

& hW

N—"

(b)

Figure 4. (a) One-minute sit-to-stand (IminSTS) feature’s importance according to LASSO, AIC
based stepwise automatic selection (StepAIC), BIC based stepwise automatic selection (StepBIC),
normalized entropy (Entropy), random forest (RF), extreme gradient boosting (XGB) and Boruta
algorithms in people with chronic obstructive pulmonary disease (COPD) (n = 39). The dark green to
white gradient represent the decreasing of the features” importance. (b) Kendall’s rank coefficient of
correlation. The dark green to dark red gradient represent the decreasing of the value of Kendall’s
rank coefficient of correlation, with white corresponding to zero. Abbreviations: AECOPD, acute
exacerbation of COPD; BPAAT, brief physical activity assessment tool; BMI, body mass index; CCI,
Charlson comorbidity index; FEV1, forced expiratory volume in 1's; FVC, forced vital capacity; LTOT,
long-term oxygen therapy; mMRC, modified medical council dyspnoea scale; NIV, non-invasive
ventilation; SGRQ, St. George’s respiratory questionnaire.

A high positive correlation was found between both stepwise methods (t ~ 0.943),
and between Boruta and RF (1 ~ 0.800). XGB returned correlation values approximately
equal to zero with all other FS methods. The correlation between the entropy approach and
LASSO was again high (t ~ 0.714) (Figure 4b).
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3.3.2. Linear Model
The LM using the feature with highest median importance (residual analysis
in Figure A8) had the highest performance score (0.951) (Table 3).

Table 3. Linear model’s coefficients for the difference in the number of repetitions of the one-minute
sit-to-stand test in people with chronic obstructive pulmonary disease using cumulatively the features

ordered by median importance (1 = 39).

1 Feat 2 Feat 3 Feat 4 Feat 5 Feat 6 Feat 7 Feat 8 Feat
(Intercept) —2.75* —4.82 ** —5.24 ** —6.02 ** —4.67 —10.11 -9.79 —10.90
Pack-years 0.03 * 0.03 0.02 0.02 0.02 0.02 0.02 0.02
Sex [Male] - 3.17 2.79 294 2.56 3.45 3.35 3.62
BORG Dyspnoea - - 1.26 * 1.09 1.10 1.09 1.02 0.51
SGRQ - - - 0.03 0.02 0.04 0.04 0.03
Smoking status [Former] - - - - —-0.76 —0.29 —0.57 —0.49
Smoking status [Actual] - - - - —4.64 -3.99 —4.15 —4.26
FEV1/FVC - - - - - 0.07 0.07 0.09
Hospitalizations [Yes] - - - - - - 1.84 241
BORG Fatigue - - - - - - - 0.56
AIC 27.227 32.500 37.007 39.504 43.710 40.896 42.837 40.827
BIC 27.376 32.649 37.156 39.641 43.837 41.032 42964 40.976
R? 0.465 0.273 0.236 0.149 0.211 0.231 0.235 0.060
R? adjusted 0.376 0.147 0.099 —0.002 0.068 0.101 0.093 —0.105
RMSE 4.378 4.254 4.463 4.201 5.171 4.280 4.641 4918
Sigma 1.423 1.770 2.107 2.480 3.458 2.726 3.626 2.694
Performance score 0.951 0.678 0.720 0.388 0.135 0.399 0.237 0.166

1minSTS, no. of repetitions difference

5.0

S
o

(Baseline - Post)
o
o

Ny
o

-5.0

Abbreviations: FEV, forced expiratory volume in 1 s; FVC, forced vital capacity; SGRQ, St. George’s respiratory
questionnaire; * p < 0.05; ** p < 0.01.

Participants with higher tobacco load tend to have their number of 1minSTS repetitions
reduced over the lockdown period. On average, an increase of approximately 28.8 unit in
pack-years tends to increase d1minSTS by 1 repetition (CI95 ~ [0.07, 1.93]). Participants do
not tend to recover nor reduce their number of repetitions above the MCID (Figure 5).

50 100 150
Pack years

Figure 5. Predicted difference between baseline and post number of repetitions in the one-minute
sit-to-stand test (1minSTS) of people with chronic obstructive pulmonary disease (COPD). Dashed
lines represent the minimal clinically important difference.

3.4. COPD Assessment Test
3.4.1. Feature Importance

RF considered CCI (7.5%) the most important feature when mtry and nodesize were
set at 2 and 13, respectively (Figures Alc and A2c). Boruta algorithm also confirmed as
important CCI (6.5) and classified smoking no. of years (3.5) as unconfirmed (Figure A3c).
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The lowest RMSE for the XGB algorithm was obtained for a learning rate eta of 0.020 and
was achieved at 52 testing iterations (Table A1). Smoking no. of years (0.16) was considered
the most important feature by XGB followed by SGRQ (0.13), pack-years (0.11) and age
(0.10) (Figure A4c). CCI and existence of respiratory emergencies were selected by the
BIC algorithm and LASSO with A ~ 1.26 (Figure Abe,f). The AIC algorithm removed
18 features and kept CCI, AECOPD and SGRQ. CCI had the lowest normalized entropy
(0.922) followed by the SGRQ (0.932) (Figure A6c). CCI had a median rank of 1 (Figure 6a).

CAT
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BPAAT Vigorous-
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Figure 6. (a) COPD assessment test (CAT) feature’s importance according to LASSO, AIC based
stepwise automatic selection (StepAIC), BIC based stepwise automatic selection (StepBIC), normalized
entropy (Entropy), random forest (RF), extreme gradient boosting (XGB) and Boruta algorithms in
people with chronic obstructive pulmonary disease (COPD) (1 = 42). The dark green to white gradient
represent the decreasing of the features” importance. (b) Kendall’s rank coefficient of correlation. The
dark green to dark red gradient represent the decreasing of the value of Kendall’s rank coefficient of
correlation, with white corresponding to zero. Abbreviations: AECOPD, acute exacerbation of COPD;
BPAAT, brief physical activity assessment tool; BMI, body mass index; CCI, Charlson comorbidity
index; FEV1, forced expiratory volume in 1s; FVC, forced vital capacity; LTOT, long-term oxygen
therapy; mMRC, modified medical council dyspnoea scale; NIV, non-invasive ventilation; SGRQ, St.
George’s respiratory questionnaire.

The pairwise correlation between both stepwise methods and LASSO was high, as it
was between Boruta and RF (t ~ 0.724). The highest correlation with the entropy approach
was obtained with LASSO (7 =~ 0.657) (Figure 6b).

3.4.2. Linear Model

The highest performance score (0.859) was achieved by the LM with 4 features (Table 4,
residual analysis in Figure A9).

Generally speaking, participants with severe CCI seem to have worsened their CAT
score at the end of lockdown period. Specifically, participants with severe CCI are expected
to have, on average, a decreased dCAT by 6.51 points when compared with participants
with mild CCI (CI95 ~ [2.52, 10.50]), ceteris paribus. Those who have experienced one
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AECOPD in the previous year are expected to have, on average, an increased dCAT by
4.97 points when compared with participants with no AECOPD (CI95 =~ [0.09, 9.84]) and if at
the same time, they have a mild CCI score they tend to recover above the MCID (Figure 7).

Table 4. Linear model’s coefficients for the difference in the COPD assessment test score in people
with chronic obstructive pulmonary disease using cumulatively the features ordered by median

importance (1 = 42).

1 Feat 2 Feat 3 Feat 4 Feat 5 Feat 6 Feat 7 Feat 8 Feat
(Intercept) 2.33 3.82 5.45 4.37 3.93 3.94 4.09 4.98
CCI [Moderate] -1.07 —-1.25 —1.56 —0.95 —0.88 —0.89 —0.86 —0.55
CCI [Severe] —6.33 ** —6.45 ** —6.42 ** —6.51 ** —6.43 ** —6.43 ** —6.24 ** —5.97 **
FEV;% predicted - —0.02 —0.03 —0.02 —0.03 —0.03 -0.03 —0.04
SGRQ - - —0.03 —0.04 —0.03 —0.03 —0.04 —0.05
AECOPD [1] - - - 497 * 4.37 4.36 4.66 4.95
AECOPD [>1] - - - 2.44 0.88 0.89 0.50 1.03
Emergencies [Yes] - - - - 2.26 2.26 2.19 1.40
Group [Lockdown] - - - - - —0.01 —0.14 0.07
BORG Fatigue - - - - - - 0.45 0.53
LTOT [Yes] - - - - - - - -2.17
AIC 30.454 34.830 37.183 33.561 42.205 41.932 43.540 46.093
BIC 30.834 35.210 37.563 33.941 42.585 42.311 43.920 46.473
R? 0.152 0.332 0.149 0.408 0.353 0.260 0.215 0.217
R? adjusted 0.020 0.229 0.015 0.318 0.252 0.143 0.092 0.094
RMSE 4.060 4.288 4.104 4.221 4.194 4417 4.393 4.577
Sigma 1.822 2.100 1.830 2.269 2.804 2.769 2.673 3.455
Performance score 0.671 0.707 0.508 0.836 0.534 0.352 0.278 0.087

Abbreviations: AECOPD, acute exacerbation of COPD; COPD, chronic obstructive pulmonary disease; CCI,
Charlson comorbidity index; feat, features; FEVy, forced expiratory volume in 1 s; LTOT, long—term oxygen
therapy; SGRQ, St. George’s respiratory questionnaire; * p < 0.05; ** p < 0.01.

o
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CCl

Figure 7. Predicted difference between baseline and post COPD assessment test (CAT) score of
people with chronic obstructive pulmonary disease (COPD). Abbreviations: AECOPD, number of
acute exacerbations of COPD; CCI, Charlson comorbidity index. Dashed lines represent the minimal

clinically important difference.

4. Discussion

The main purpose of this study was to compare different common feature selection
methods, including a rarely used one which is based on the normalized entropy, analyze the
correlation between results of different FS methods and suggest an aggregated evaluation
for the results, since the individual interpretation of FS methods can result in unreliable
inferences [81,82]. Excessive number of features in health data is commonplace and FS
is essential to simplify the prediction model’s learning process [81,83], so we also aimed
to assess the relevance and clinical importance of the features selected when modelling
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meaningful outcomes for people with COPD. Our study suggests that different FS methods
attribute different importance to the same features. This finding seems to reinforce the
uncertainty and heterogeneity associated to the selection of meaningful features also
pointing out that there is no one-size-fits-all approach [6,84]. Different methodologies such
as filter methods (e.g., association measures or test, information gain), wrapper methods
(stepwise linear models, Boruta) or embedded methods (penalized regression models,
extreme gradient boosting, random forest) are founded in different principles and have
different theoretical structures. Therefore, the importance given to the same feature varies
between them [84].

For instance, pack-years was considered the most important feature for predicting
the difference in the number of repetitions of the IminSTS and it was on the top 3 most
important features for all FS methods. Yet, the number of AECOPD in the previous year,
considered the most important feature for predicting dHMS, was the most important
feature for five FS methods but XGB placed it at the 14th position. All but XGB considered
CCI as the most important feature for predicting the dCAT, which ranked it at 6th position.
For this outcome, AECOPD was on the top 3 of the most important features for LASSO and
stepwise algorithms and studies found a significant association between the change in CAT
scores and the risk of exacerbations [85]. If we only had considered the importance given by
XGB, RF or Boruta this feature would not have been included in the final model. Also, the
smoking number of years was considered the 1st or 2nd most important feature for RF, XGB
and Boruta while the other four methods placed it between the 14th and the 20th position. In
fact, XGB seems to be the FS method least associated with the remaining, although studies
suggest that it produces models with improved accuracy, reduced misjudgment and great
clinical significance [86,87]. For instance, although both are based on decision trees, RF
and XGB may have produced different results given their different theoretical structure
(aggregated solution vs. sequential solution). As expected, the automatic stepwise selection
approaches produced similar results [88]. Studies found that Boruta could outperform
either automatic selection or RF algorithms [89]. Our results showed a high correlation
between the ranks of features produced by Boruta and RF algorithms. NE is consistently
associated with LASSO.

Despite the existence of some COPD outcomes’ prediction models, to our knowledge,
none was obtained with data from individuals with COPD that were subjected to pul-
monary rehabilitation before and immediately after the COVID-19 lockdown. The models
obtained by our method suggest that the overall upper-limb muscle strength increase seems
to be statistically smaller or the decrease tends to be statistically higher in the COVID-19
lockdown group. Having a higher comorbidity index seems to lead to a higher decline in
the wellbeing of participants after five months. Nevertheless, participants with a lower
index associated with respiratory emergencies perceive a recovery of their wellbeing af-
ter the same period of time. Aging and being hospitalized by respiratory causes have a
negative effect on the evolution of the overall upper-limb muscle strength while a higher
physical activity benefits its course. The study suggests that the follow-up performed by
professionals, mainly by telephone, is an important strategy in order to prevent negative
impact in the overall upper-limb muscle strength of patients with COPD, which is why it is
advised when in-person monitoring is not available.

The strengths of our study include the comparison of different FS methods, one of
them less commonly used although quite promising, and corresponding outcomes, which
are interpreted by an aggregation procedure. Also, the use of real data gives the possibility
to try to justify the relevance of selected features. Besides possible confounding factors that
may occur [84], the study has some potential limitations: (1) real data with higher dimension
of features and simulated data with different ratios between number of observations and
number of features should be explored to assess the stability of the techniques, since there
is evidence that they perform inconsistently [90]; (2) the pre-post design could be biased
by seasonal trends; (3) mMRC and CAT were delivered face-to-face in the pre-lockdown
period but telephonically during the lockdown. Yet, these are well known tools to both
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participants and professionals; (4) the NE approach should be improved, considering, for
instance, the generalized cross entropy estimator and the transformation group procedure
usually adopted to construct priors in other contexts of maximum entropy estimation [20].

5. Conclusions

Feature selection methods can provide quite different results and should be used
with caution. It is advisable not to be restrained to the use of only one method since the
conclusions might be biased. Given previous clinical information, our linear models with
features ordered by their median importance had a meaningful clinical interpretation. The
generalization of the proposed median aggregation (an intuitive idea from robust statistics)
to other contexts needs further scientific support through simulation studies. This study
also showed that the restrictions to circulation, the social distancing and isolation resulting
from COVID-19 pandemic seem to have had a negative impact in the overall upper-limb
muscle strength of patients with COPD.
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Figure A1l. Random forest’s out-of-bag (OOB) error for different values of number of features
to consider at each split point (mtry) and minimum number of observations in a terminal node
(nodesize). The parameters resulting in lowest OOB error are indicated with an x: (a) HMS, handgrip
muscle strength; (b) IminSTS, one-minute sit-to-stand test; (c¢) CAT, COPD assessment test.
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Figure A2. Feature importance given by the random forest algorithm for the difference in the
outcomes in people with chronic obstructive pulmonary disease (COPD) (n = 38; 39; 42); (a) handgrip
muscle strength (HMS); (b) one-minute sit-to-stand test (I1minSTS); (¢) COPD assessment test (CAT).
Abbreviations: AECOPD, acute exacerbation of COPD; BPAAT, brief physical activity assessment
tool; BMI, body mass index; CCI, Charlson comorbidity index; COPD, chronic obstructive pulmonary
disease; FEV1, forced expiratory volume in 1 s; FVC, forced vital capacity; LTOT, long-term oxygen
therapy; MSE, mean squared error; mMRC, modified medical council dyspnoea scale; NIV, non-
invasive ventilation; no., number; SGRQ, St. George’s respiratory questionnaire.
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Figure A3. Feature importance given by the Boruta algorithm for the difference in the outcomes in
people with chronic obstructive pulmonary disease (COPD) (n = 38; 39; 42); (a) handgrip muscle
strength (HMS); (b) one-minute sit-to-stand test (1minSTS); (¢) COPD assessment test (CAT). Dark
grey corresponds to the confirmed important features, light grey corresponds to the unconfirmed
features and white corresponds to confirmed unimportant features. Abbreviations: AECOPD, acute
exacerbation of COPD; BPAAT, brief physical activity assessment tool; BMI, body mass index; CCI,
Charlson comorbidity index; COPD, chronic obstructive pulmonary disease; FEV, forced expiratory
volume in 1 s; FVC, forced vital capacity; LTOT, long-term oxygen therapy; mMRC, modified
medical council dyspnoea scale; NIV, non-invasive ventilation; no., number; SGRQ, St. George’s

respiratory questionnaire.
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Figure A4. Feature importance given by the extreme gradient boosting algorithm for the difference
in the outcomes in people with chronic obstructive pulmonary disease (COPD) (n = 38; 39; 42);
(a) handgrip muscle strength (HMS); (b) one-minute sit-to-stand test (IminSTS); (c) COPD assessment
test (CAT). Abbreviations: AECOPD, acute exacerbation of COPD; BPAAT, brief physical activity
assessment tool; BMI, body mass index; CCI, Charlson comorbidity index; COPD, chronic obstructive
pulmonary disease; FEV, forced expiratory volume in 1 s; FVC, forced vital capacity; LTOT, long-term
oxygen therapy; mMRC, modified medical council dyspnoea scale; NIV, non-invasive ventilation;
no., number; SGRQ, St. George’s respiratory questionnaire.
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Figure A5. LASSO'’s distribution of the 5-folds cross-validation mean squared error for the difference
in the (a) handgrip muscle strength, (c) one-minute sit-to-stand test and (e) COPD assessment test
values. Coefficients as a function of the natural logarithm of the penalty parameter A for the difference
in the (b) handgrip muscle strength, (d) one-minute sit-to-stand test and (f) COPD assessment test
values. The minimum value of log(A) is indicated by a vertical dotted line. Abbreviations: AECOPD,
acute exacerbation of COPD; BPAAT, brief physical activity assessment tool; CCI, Charlson comorbid-
ity index; COPD, chronic obstructive pulmonary disease; FEVy, forced expiratory volume in 1 s; FVC,
forced vital capacity; LTOT, long-term oxygen therapy; mMRC, modified medical council dyspnoea
scale; NIV, non-invasive ventilation; no., number; SGRQ, St. George’s respiratory questionnaire.
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Figure A6. Feature importance given by the normalized entropy algorithm for: (a) the difference
in the handgrip muscle strength (HMS); (b) the one-minute sit-to-stand test (1minSTS); (c) COPD
assessment test (CAT) (1 = 38; 39; 42). Abbreviations: AECOPD, acute exacerbation of COPD; BPAAT,
brief physical activity assessment tool; BMI, body mass index; CCI, Charlson comorbidity index;
COPD, chronic obstructive pulmonary disease; FEV1, forced expiratory volume in 1 s; FVC, forced
vital capacity; LTOT, long-term oxygen therapy; mMRC, modified medical council dyspnoea scale;
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Figure A7. Residual analysis for the linear model using as dependent variable the difference in
the handgrip muscle strength (dHMS) and the 8 most important features in people with chronic

obstructive pulmonary disease (1 =

38). Abbreviations: p, p-value for the Breusch-Pagan test.
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number of repetitions in the one-minute sit-to-stand test (d1minSTS) and the most important feature
in people with chronic obstructive pulmonary disease (n = 39). Abbreviations: p, p-value for the
Breusch-Pagan test.
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Table A1. Results from the hyperparameters tunning for the extreme gradient boosting algorithm for
the difference in the handgrip muscle strength, the one-minute sit-to-stand test and the COPD assess-
ment test values in people with chronic obstructive pulmonary disease (COPD) (1 = 38; 39; 42). Note:
Only the 10 lowest minimum RMSE values in the test set are presented for each outcome measure.

Train Set Test Set
Maximum Minimum Subsample
eta Tree Depth Child Weight Ratio Iteration Minimum Iteration Minimum
Number RMSE Number RMSE
0.025 5 1 04 750 0.042563 105 1.017910
0.025 8 1 0.4 750 0.041492 211 1.020147
0.025 10 1 04 750 0.041492 211 1.020147
0.025 11 1 04 750 0.041492 211 1.020147
0.025 12 1 0.4 750 0.041492 211 1.020147
HMS 025 14 1 0.4 750 0.041492 211 1.020147
0.025 17 1 04 750 0.041492 211 1.020147
0.015 5 1 0.4 750 0.126912 219 1.025573
0.015 8 1 04 750 0.126209 219 1.025935
0.015 10 1 04 750 0.126221 219 1.025935
0.020 5 3 0.6 750 0.067614 61 1.004571
0.020 8 3 0.6 750 0.067625 61 1.004571
0.020 10 3 0.6 750 0.067625 61 1.004571
0.020 11 3 0.6 750 0.067625 61 1.004571
. 0.020 12 3 0.6 750 0.067625 61 1.004571
1minSTS 5 1p0 14 3 0.6 750 0.067625 61 1.004571
0.020 17 3 0.6 750 0.067625 61 1.004571
0.010 8 2 0.6 750 0.131015 135 1.011578
0.010 10 2 0.6 750 0.131015 135 1.011578
0.010 11 2 0.6 750 0.131015 135 1.011578
0.020 5 3 0.6 750 0.124623 52 1.015119
0.020 8 3 0.6 750 0.124178 52 1.015119
0.020 10 3 0.6 750 0.124178 52 1.015119
0.020 11 3 0.6 750 0.124178 52 1.015119
0.020 12 3 0.6 750 0.124178 52 1.015119
CAT 0.020 14 3 0.6 750 0.124178 52 1.015119
0.020 17 3 0.6 750 0.124178 52 1.015119
0.025 5 3 0.6 750 0.085357 29 1.015720
0.025 8 3 0.6 750 0.085024 29 1.015720
0.025 10 3 0.6 750 0.085024 29 1.015720
Abbreviations: 1minSTS, one-minute sit-to-stand test; CAT, COPD assessment test; eta, learning rate; HMS,
handgrip muscle strength; RMSE, root mean squared error.
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