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Introduction:

Linearmodels (LMs) aim to predict outcomes given p features [1]. The followingmeasure can be used
toquantify thefit: (i)mean squared error (MSE); (ii) coefficient of determination (R2); (iii) adjustedR2; (iv)
Akaike’s information criterion (AIC) [2]; (v)Bayesian information criterion (BIC) [3].

Criteria to choose the most appropriate methods to select features in datasets are unclear [4–6]. One
approach is the automatic stepwise selectionwhich removes one feature at a time.Another is the

LeastAbsolute Shrinkage and Selection Operator (LASSO) which adds a penalty term λ that reduces
themagnitude of coefficients [7].

Information theoryprovidescriteria for settingupprobabilitydistributionson thebasisofpartialknow-
ledge [8].Normalized entropy [9]measures the information content of a particularmodel or feature. Itwas
defined based on the consistent and asymptotically normal generalizedmaximum entropy estimator [10].
Featureswith normalized entropy approximately equal to one should be excluded from themodel.

Chronic obstructive pulmonary disease (COPD) is a progressive, treatable andpreventable respiratory
disease [11]. The 2020 imposed lockdown due to theCoronavirusDisease 2019 (COVID-19) pandemic is
likely to have influenced the daily life of peoplewithCOPD.

We aimed to compare feature selection (FS) methods and describe the effect of the COVID-19 lock-
down, sociodemographic and clinical features on the impact of the disease on peoplewithCOPD.

Methods:

Sociodemographic, anthropometric and clinical data fromstable peoplewithCOPDrecruited inGEN-
IAL(PTDC/DTP-PIC/2284/2014) andPRIME (PTDC/SAU-SER/28806/2017) projectswere used.

TheCOPDassessment test (CAT)wasperformedat baseline and5month after (post) andevaluated the
disease impact [12], [13].Theminimal clinically important difference (MCID) is 2 points [14].

Change ofCATscore (dCAT)was considered the outcome.
FS was performed in numeric data standardized by subtracting the mean and dividing by the standard

deviation: (i) theλused inLASSOwas the one that produced the lowest 5-fold cross-validationMSE from
a grid of 15000 values; (ii) theAIC/BIC based stepwise automatic selection consisted of a backward elim-
ination of terms from a LM with all features in order to obtain the lowestAIC/BIC [15]; (iii) normalized
entropy procedurewith optimization of the support [10].

Ordinary least squares (OLS)LMs andfitmeasureswere appliedwith the features selected.ALMwith
the features selected by the entropy algorithm that returned the highest leave-one-out crossvalidation R2

(LOOCVR2)was computedwith non-standardized data.Anα=0.05was considered.

Results:

Atotal of 42 participants withmean age 66.3 years (sd 7.8), 3 to 4 comorbidities (64.3%) and amedian
CATscore of 9.0 ([Q1,Q3]=[5.3,11.0])were included, 24 (57.1%) ofwhom in the prelockdowngroup.No
significant differences were found between groups (Table S1) nor median CAT scores at different assess-
ments (Figure 1).

TheMSEwasminimizedwithλ=1.26andselectedCCIandrespiratoryemergencies (FigureS1,Table1).
The AIC algorithm removed 18 features. With decreasing order of importance CCI, AECOPD and

SGRQwere kept.UsingBIC,CCI and respiratory emergencies remained. (Table 1).
CCI had the lowest normalized entropy (0.901) followed by the SGRQ (0.929). Respiratory emergen-

cies, pack-years andBMI registered a value under 0.95. (Table 1, Figure S2).

mailto:jorgecabral@ua.pt
https://proa.ua.pt/index.php/jshd/$$$call$$$/api/file/file-api/download-library-file?libraryFileId=244&submissionId=29107
https://creativecommons.org/licenses/by/4.0/
https://proa.ua.pt/index.php/jshd
https://proa.ua.pt/index.php/jshd


J. Stat. Health Decis. 2022;4(1):85-88 | https://doi.org/10.34624/jshd.v4i1.29107 86

EXTENDED ABSTRACTModelling the impact of COPD – comparison of feature selection methods

The LM using the features selected by LASSO and the BIC method was the same and had the lowest
AIC and highest and LOOCVR2 (0.12). The LM generated by theAICmethod and the entropy algorithm
with 3 features achieved the highest R2 (0.27). No significant differences between models were found
(Table 2).

TheLMwith 3 features from the entropy algorithm shows that participantswith severeCCI are expec-
ted to have a decreased dCAT by 6.47 point when compared with participants with mild CCI
(CI95=[2.49,10.45]). Participants with respiratory emergencies tend to have an increased dCAT by 3.22
points. If at the same time, theyhave amild ormoderateCCI score they tended to recover above theMCID.
Thosewithout emergencies butwith a severeCCI are expected toworsen above theMCID (Figure 2).

Table 1 - Feature’s importance according to LASSO, AIC based stepwise automatic selection (StepAIC), BIC based
stepwise automatic selection (StepBIC) and entropy estimation algorithms.

Features LASSO StepAIC StepBIC Entropy (NE) Mean Importance

CCI 1 1 1 1 (0.901) 1
SGRQ 4 3 4 2 (0.929) 3.25
Respiratory emergencies 2 11 2 3 (0.941) 4.5
AECOPD 3 2 3 13 (0.990) 5.25
FEV1 % predicted 5 4 5 9 (0.974) 5.75
Group 7 6 7 16 (0.996) 9
mMRC 11 9 10 8 (0.972) 9.5
Respiratory hospitalizations 6 13 13 6 (0.963) 9.5
FEV1/FVC 12 5 6 18 (0.997) 10.25
BORG Fatigue 9 7 8 19 (0.997) 10.75
LTOT 8 8 9 20 (0.999) 11.25
Sex 10 10 11 15 (0.995) 11.5
Age 14 12 12 12 (0.987) 12.5
NIV 13 15 15 7 (0.965) 12.5
Body mass index 19 16 16 5 (0.944) 14
Pack years 17 20 20 4 (0.943) 15.25
Smoking no. of years 18 14 14 17 (0.997) 15.75
BPAAT Moderate 21 17 17 10 (0.981) 16.25
Smoking status 15 21 21 11 (0.987) 17
BORG Dyspnoea 16 19 19 14 (0.993) 17
BPAAT Vigorous 20 18 18 21 (1.000) 19.25

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 second; 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; NE, normalized entropy. Green indicates that features were selected.

Table 2 - Linear model’s coefficients and p values for the COPD assessment test score difference using 135 as predictors the features selected
by LASSO, AIC based stepwise automatic selection (StepAIC), BIC 136 based stepwise automatic selection (StepBIC) and entropy estimation
algorithms (n=42).

LASSO StepAIC StepBIC Entropy 1
feature

Entropy 2
features

Entropy 3
features

Entropy 4
features

Entropy 5
features

Beta p Beta p Beta p Beta p Beta p Beta p Beta p Beta p

AECOPD - - 0.32 0.035 - - - - - - - - - - - -
CCI -0.42 0.003 -0.45 0.002 -0.42 0.003 -0.41 0.006 -0.41 0.007 -0.43 0.003 -0.43 0.004 -0.43 0.007
BMI - - - - - - - - - - - - - - 0.01 0.941
Pack Years 0.00 0.978 0.00 0.987
Emergencies 0.29 0.038 0.29 0.038 - - 0.30 0.035 0.30 0.038 0.30 0.041
SGQR -0.23 0.120 - - - - -0.12 0.398 -0.13 0.339 -0.13 0.376 -0.13 0.381

R2 0.254 0.271 0.254 0.167 0.182 0.271 0.271 0.271
adjusted R2 0.216 0.215 0.216 0.147 0.141 0.215 0.194 0.173
LOOCV R2 0.124 0.082 0.124 0.073 0.040 0.091 0.063 0.033
AIC 111.892 112.889 111.892 114.490 115.730 112.894 114.893 116.887
AICc 112.524 113.970 112.524 114.798 116.362 113.975 116.560 119.287
BIC 117.105 119.839 117.105 117.966 120.943 119.845 123.581 127.313
log-L -52.946 -52.444 -52.946 -55.245 -54.865 -52.447 -52.447 -52.443

Abbreviations: AECOPD, acute exacerbation of COPD; BMI, body mass index; CCI, Charlson comorbidity index; COPD, chronic obstructive pulmonary disease;
SGRQ, St. George’s respiratory questionnaire; p, p value; log-L, log-likelihood; LOOCV, leave-one-out cross-validation.
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Discussion:

In regression models with many features where does not exist relationships between features and
dependent variable, some features can be considered relevant by significance tests [16]. Elimination
algorithms can overestimate the effect size of features and should not be used if p> n [17,18]. OLSmay be
biased [19]and lead tounstable solutionsbecause theycannotdealwith limited information, small samples
and collinearity. Normalized entropy estimation is appealing because it imposes no structure on data [10].
Nevertheless, theLMobtainedwith 3 features selected by the entropy approachwas at least notworse than
the remaining.

Ourmodel suggests that lockdown had no influence in COPD impact but thosewith comorbidities but
no emergencies tended to recover poorly from the pandemic.

Ethics committee and informed consent:
Five independent Ethics Committees (Centro Hospitalar do Médio Ave ref. 09/2016 and 10/2018; Unidade Local de Saúde de
Matosinhos ref. 10/CES/JAS17/02/2017 and73/CE/JAS12/10/2018;CentroHospitalarBaixoVouga ref. 777638 and086892;Hos-
pital Distrital da Figueira da Foz ref. 1807/2017 and 27/05/2019; Administração Regional de Saúde do Centro ref. 64/2016 and
85/2018) approved the study.Written informedconsentwasobtained fromall participantsbeforedata collection.Dataprotectionwas
ensured by theNationalCommittee forData Protection (no. 7295/2016) and followed theGeneralData ProtectionRegulation.

Figure 1 - Distribution of the participants’ COPD assessment test (CAT) score: (A) score difference according to the
group; (B) scores in the different assessments according to the group. p, p value for the Wilcoxon rank sum test (A)
or Wilcoxon signed rank test (B).
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Figure 2 – Predicted difference between baseline and post COPD assessment test score according to 147 

the Charlson comorbidity index (CCI), the existence of respiratory emergencies in the previous year 148 

and the St. George respiratory questionnaire’ score. Dashed line represents the minimal clinically 149 

important difference. 150 
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Figure 2 - Predicted difference between baseline and post COPD assessment test score according to the Charlson
comorbidity index (CCI), the existence of respiratory emergencies in the previous year and the St. George respiratory
questionnaire’ score. Dashed line represents the minimal clinically important difference.
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