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Abstract

Background: The coronavirus disease 2019 (COVID-19) pandemic demands reliable

prognostic models for estimating the risk of long COVID. We developed and validated

a prediction model to estimate the probability of known common long COVID

symptoms at least 60 days after acute COVID-19.

Methods: The prognostic model was built based on data from a multicentre

prospective Swiss cohort study. Included were adult patients diagnosed with COVID-19

between February and December 2020 and treated as outpatients, at ward or

intensive/intermediate care unit. Perceived long-term health impairments, including

reduced exercise tolerance/reduced resilience, shortness of breath and/or t iredness

(REST), were assessed after a follow-up time between 60 and 425 days. Predictors

were selected out of twelve candidate predictors based on three reliable methods,

namely the augmented backward elimination (ABE) method, the adaptive best-subset

selection (ABESS) method and model-based recursive partitioning (MBRP) approach.

Model performance was assessed with the scaled Brier score, concordance c statistic

and calibration plot. The final prognostic model was determined based on best model

performance.

Results: In total 2799 patients were included in the analysis, of which 1588 patients

were in the derivation cohort and 1211 patients in the validation cohort. The REST

prevalence was similar between the cohorts with 21.6 % (n = 343) in the derivation

cohort and 22.1 % (n = 268) in the validation data. The same predictors were
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selected with the ABE and ABESS variable selection method. The final prognostic

model was based on the ABE and ABESS selected predictors. The corresponding

model discrimination in the validation cohort was 0.78 (95 % CI: 0.75 to 0.81),

calibration slope was 0.92 (95 % CI: 0.78 to 1.06) and calibration intercept was -0.06

(95 % CI: -0.22 to 0.09). A patient’s probability of developing REST symptoms

ŷ = exp(S)
1+exp(S) can be calculated with S = −4.947 + 0.349×

number of acute COVID-19 symptoms+ 0.339× severity of acute COVID-19 ward+

1.737× severity of acute COVID-19 intensive or intermediate care+ 0.128×

feeling of stress at home+0.013× age at presentation+0.352× female sex+0.346×

presence of at least one cardiovascular risk factor− 0.097×

responsible for childcare/family member+ 0.022× body mass index, with feeling of

stress at home ranges from 1 (no stress) to 10 (maximum stress) and responsibility for

childcare/family member ranges from 1 (no responsibility/not applicable) to 6 (full

responsibility).

Conclusion: The proposed model is reliable to identify COVID-19 infected patients at

risk for REST symptoms. Before implementing the prognostic model in daily clinical

practice, the conduct of an impact study is recommended.

Keywords: Stratified medicine; Prediction model; Long COVID

Background1

Stratified or precision medicine aims at tailoring therapies to patients by considering2

individual patients’ characteristics as for example genetics, psychosocial or biological3

factors [1, 2]. To reach the goal of precision medicine, reliable prognostic models are4

needed. Such models are already used for screening, diagnosis and prognosis [3].5

The Sequential Organ Failure Assessment (SOFA) score, for example, is a clinical6

diagnostic and prognostic model used to assess the degree of dysfunction or failure of7

six organs/organ systems in patients admitted to intensive care units [4]. The risk for8

multiple organ dysfunction or failure is assessed based on the surrogate predictors of9

organ dysfunction: platelets (coagulation dysfunction), bilirubin (liver dysfunction,),10

hypotension as well as the Glasgow Coma Score (neurological impairment), ratio11
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of arterial oxygen partial pressure (PaO2) to fractional inspired oxygen (FiO2, lung12

dysfunction), and creatinine (renal dysfunction). The Glasgow Coma Score used13

within the SOFA score is itself also a prognostic model for assessing brain trauma14

[5].15

Due to the potential usefulness of reliable prognostic models, it is not astonishing16

that the number of publications aiming at deriving prognostic models has increased17

in recent years [6]. However, several systematic reviews raise doubts about the re-18

liability of published prognostic models. High risk of bias, lack of validation and19

insufficient reporting was identified across different diseases [7, 8, 9, 10, 11, 12].20

For implementing higher standards of prognostic models’ quality and facilitating21

reporting, the Transparent Reporting of a Multivariable Prediction Model for In-22

dividual Prognosis or Diagnosis (TRIPOD) statement and checklist was developed23

and published in 2015 [13, 14].24

The coronavirus disease 2019 (COVID-19) pandemic demands for reliable prog-25

nostic models for estimating the risk of long COVID. With the goal of precision26

medicine in mind, a reliable and prognostic model for the risk of long COVID is of27

interest. The main objective of this study was to develop and validate a prognostic28

model for the probability estimation of common long COVID symptoms between 6029

days and 425 days after acute COVID-19 infection in adult patients of a multicentre30

prospective Swiss cohort study.31

Methods32

This study was conducted and reported following the recommendations of the TRI-33

POD statement [13, 14]. The local ethics committee approved this study (BASEC34

#2020-01311).35

Study design and study population36

In total, 2799 patients of a multicentre prospective Swiss cohort study were included37

in the study. The prognostic model was developed with data from 1588 patients38
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(1395 outpatients and 193 hospitalized patients) and validated with 1211 patients39

(941 outpatients and 270 hospitalized patients). In-hospital patients from either40

ward and/or intensive/intermediate care unit (ICU/IMC) were eligible. The patients41

were at least 18 years old, diagnosed with COVID-19 (positive SARS-CoV-2 PCR42

test) at one of four Swiss hospitals, namely the University Hospital Basel, University43

Hospital Bern, University Hospital Zurich and Cantonal Hospital Baden, between44

February and December 2020. After a follow-up time between 60 and 425 days, the45

patients answered a questionnaire. The questionnaire contained questions regarding46

the patient’s characteristics (for example sex, age, body mass index), symptoms47

and severity of the acute COVID-19 infection, comorbidities, cardiovascular risk48

factors as well as questions regarding the personal situation during the COVID-1949

pandemic. The questionnaire was available in German, French, Italian and English.50

Cohort data for derivation and validation51

The data for model development and validation was separated based on geograph-52

ical reasoning. The derivation cohort, used for the model development, was formed53

by patients recruited at the University Hospital Basel. The validation cohort con-54

tained the patients from University Hospital Zurich, University Hospital Bern and55

Cantonal Hospital Baden.56

Outcome definition and follow-up57

More than 50 symptoms have been described to be potentially related to long58

COVID [15]. We defined a composite outcome, addressing three long COVID symp-59

toms, namely reduced exercise tolerance / reduced resilience, shortness of breath60

and t iredness (REST). The focus was placed on the REST symptoms, because the61

symptoms are potentially treatable/modifiable, are common [15, 16] and represent62

a significant burden on the patient. The binary REST outcome, encoded with 0 (no63

REST symptoms) and 1 (at least one of three REST symptoms), was assessed at64
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follow-up. The follow-up was defined to be at least 60 days after acute COVID-1965

infection.66

Candidate predictors67

Twelve candidate predictors including patient’s demographic information, their68

number of comorbidities, the presence of cardiovascular risk factors, the number69

of symptoms during acute COVID-19, the severity of acute COVID-19 and gender-70

related characteristics were considered for inclusion in the prognostic model. A71

detailed description of the candidate predictors and their coding is given below:72

• Patient demographics consisting of sex (1 female, 0 male), age at presentation73

and body mass index74

• Number of comorbidities, i.e. the sum of the following pre-existing diseases75

prior to COVID-19 infection. Each pre-existing disease was coded with 0 (ab-76

sent disease) or 1 (present disease, e.g., maximum 1 point for heart disease):77

– Heart disease: Heart failure, narrowing of the coronary arteries and/or78

heart attack, congenital heart disease, heart muscle inflammation (my-79

ocarditis)80

– Vascular disease: deep vein thrombosis in the leg, pulmonary embolism,81

stroke, blood clotting disorder, blood disease82

– Kidney disease83

– Diseases of the immune system including autoimmune disease84

– Lung disease: asthma, chronic obstructive pulmonary disease, pulmonary85

hypertension86

– Nervous system disease87

– Liver disease88

– Infectious disease including human immunodeficiency virus and hepatitis89

– Malignant cancer currently or within the last five years90

– Psychiatric disease91
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– Rheumatic disease92

• Cardiovascular risk factors including diabetes, high blood pressure, increased93

cholesterol and/or family history, coded with 1 (at least one condition present)94

or 0 (no condition present)95

• Candidate predictors related to acute COVID-19 infection:96

– Absolute number of symptoms including fever, shortness of breath,97

coughing, loss of smell, loss of sense of taste, gastro-intestinal problems,98

physical weakness, tiredness, headache and other symptoms. I don’t re-99

member was counted as one symptom.100

– Severity categorized in outpatients, hospitalized patients to normal ward101

and/or intensive or intermediate care unit (ICU/IMC), coded with 1102

outpatients, 2 normal ward and 3 ICU/IMC.103

• Gender-related candidate predictors:104

– Responsibility for childcare/family member on a numeric rating scale105

from 1 (no responsibility or not applicable/low risk) to 6 (full responsi-106

bility/high risk).107

– Being the main responsible person for the household as factor candidate108

predictor with 1 (no/low risk), 2 (the partners contribute to roughly109

equal shares) and 3 (yes or I live alone/high risk).110

– Feeling of stress at home measured on a numeric rating scale ranging111

from 1 (no stress/low risk) to 10 (maximum stress/high risk).112

With the exception of the severity of acute COVID-19 infection and age at presen-113

tation, the candidate predictors were obtained by questionnaire at follow-up. The114

severity of acute COVID-19 infection as well as the patient’s age at first presentation115

was ascertained based on the patient file.116
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Sample size117

The minimum sample size for developing and validating a prognostic model was118

calculated following the recommendations of Riley et al. [17, 18]. For the prediction119

of the REST outcome, with a prevalence of approximately 22 % in the derivation120

cohort, an estimated variance explained by the prognostic model of 15 %, an as-121

sumed shrinkage factor of 0.932 and twelve candidate predictors (10 variables), 1006122

patients are required. This corresponds to approximately 222 events and an event123

per predictor parameter ratio equal to 18 in the derivation cohort. For validation,124

a sample size of 988 patients is required. A calibration slope of 1, a corresponding125

95 % confidence interval width of 0.35 and a calibration intercept of 0 was assumed.126

The parameters Iα = 0.140, Iα,β = -0.154 and Iβ = 0.297 (for explanations refer-127

ence is made to [18]) were calculated based on the linear predictors, based on the128

prediction model from the derivation cohort.129

Missing data130

Very few missing values in the candidate predictors were observed (max 1.6 % in131

the variable responsibility for childcare/family member). They were replaced with a132

non-parametric iterative imputation method using a random forest algorithm [19].133

In brief, the missing values from all candidate predictors are replaced temporarily.134

The iterative imputation methods starts with the candidate predictor xs containing135

the smallest proportion of missing values. A random forest with the non-missing136

values of xs as dependent variable and all candidate predictors as independent vari-137

ables is built. Based on the random forest, the missing values of xs are imputed.138

The iterative imputation continues with the next candidate predictor or stops if a139

stopping criterion is reached. The true imputation error is estimated with the out-140

of-bag error rates, which include the normalized root mean squared error (NRMSE)141

for continuous candidate predictors and the proportion of falsely classified (PFC)142

for categorical candidate predictors. NRMSE and PFC take values from 0 (good143
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performance) to 1 (bad performance). The iterative imputation method was per-144

formed on the derivation, validation and total cohort with the R package MissForest145

[20]. Missingness at random was assumed.146

Statistical analysis methods147

Candidate predictors were summarized with descriptive statistics, with median and148

interquartile range (IQR) for continuous candidate predictors and counts and per-149

centage for categorical candidate predictors by cohort. The standardized mean dif-150

ference (SMD) between the derivation and validation cohort was calculated. A SMD151

greater than 0.1 was considered as unbalanced.152

The prognostic model was developed by I) selecting relevant predictors by apply-153

ing three reliable methods and II) estimating the parameters at the selected relevant154

predictors. Based on the validation cohort, the III) three models were geographically155

validated, the IV) the final prognostic model was determined. A detailed description156

of the four steps is given in the following.157

I) Selecting relevant predictors158

A global logistic regression model was fitted with the REST outcome as dependent159

variable and all candidate predictors as independent variables. Interactions between160

age and number of comorbidities, age and body mass index, age and responsibil-161

ity for childcare/family member, sex and presence of at least one cardiovascular162

risk factor, as well as body mass index and number of comorbidities were included163

in case of evidence for an interaction (p-value ≤ 0.05). Interactions were prese-164

lected based on clinical reasoning. The assumptions of the logistic regression model165

were checked with leverage plots and Tukey-Anscombe plots. Nonlinear relation-166

ships between individual continuous candidate predictors and the REST outcome167

were investigated visually by fitting a generalized additive model [21]. The gen-168

eralized additive model was fitted with the REST outcome as dependent variable169

and all candidate predictors as independent variables, with smooth functions for170



Deforth et al. Page 9 of 22

the continuous or ordinal candidate predictors age, body mass index, responsibility171

for childcare/family member and feeling of stress at home. Collinearity may reduce172

the accuracy of the estimated coefficients [3], and for this reason linear relationships173

between continuous candidate predictors were assessed by calculating Pearson’s cor-174

relation r and the variance inflation factor (VIF) [22]. Values of |r| ≥ 0.7 and/or175

VIF ≥ 5 were considered as problematic. Variable selection was performed based176

on three reliable methods, including augmented backward elimination (ABE) [23],177

adaptive best-subset selection (ABESS) [24] and model-based recursive partitioning178

(MBRP) [25]. In the following, each method is described.179

ABE combines the backward elimination method with the change-in-estimate cri-180

terion. A detailed description of the method is given by Dunkler et al. [23]. In brief,181

ABE starts with the global logistic model. More important predictors can be prede-182

fined as ’passive’ candidate predictors, less important predictors as ’active’ candi-183

date predictors. ABE will only be performed on active candidate predictors or candi-184

date predictors of unknown importance. Backward elimination can be based on the185

significance level α, Akaike’s information criterion (AIC), or Bayesian information186

criterion (BIC). Candidate predictors not selected with backward elimination, will187

be evaluated further with the change-in-estimate criterion. The change-in-estimate188

evaluates the change in the coefficient of a passive candidate predictor by removing189

an active candidate predictor repeatedly. By applying backward elimination only, an190

important predictor might falsely be excluded. The additional change-in-estimate191

criterion in the ABE method minimizes this risk. Backward elimination was con-192

ducted based on AIC and with the threshold of the relative change-in-estimate193

criterion set equal to 0.05 [23] by using the R package abe. Candidate predictors194

were neither specified as ’passive only’ nor ’active only’ variables.195

ABESS The algorithm selects a few relevant predictors out of a set of candidate196

predictors, so that the corresponding prognostic model has the highest prediction197
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accuracy [24]. For this, the algorithm builds an initial first set S1, consisting of198

candidate predictors that are most correlated with the outcome. With the remaining199

candidate predictors, a second set S2 is built. Less important candidate predictors200

from S1 are replaced iteratively with relevant candidate predictors from S2 until201

the loss function, a measurement for the discrepancy between prediction and actual202

outcome, is optimized. The most suitable model sparsity level is determined by203

a data-driven procedure using the specialized information criterion developed for204

ABESS. The algorithm for the best-subset selection problem is implemented in R205

with the package abess and the function abess.206

MBRP The MBRP algorithm builds a decision tree [25]. In brief, the algorithm207

starts by first fitting a logistic regression model to the full derivation cohort. Model208

parameter instabilities are assessed. In case of instabilities in candidate predictor209

estimates, the derivation cohort will be split into two child nodes at the highest210

instability. The split point that locally optimizes the negative log-likelihood is de-211

termined and one logistic regression model per node is fitted. The procedure is212

repeated in each child node until there is no further evidence for parameter insta-213

bility. The MBRP algorithm can handle nonlinear relationships and interactions214

between candidate predictors. In R, the MBRP algorithm is implemented in the215

function glmtree of the package partykit216

II) Estimation of parameters217

The logistic regression model MABE and MABESS was fitted containing all selected218

predictors found with the ABE and ABESS selection method, respectively, as in-219

dependent variables, and the REST outcome as dependent variable. Non-linear220

and non-additive (interaction) effects were investigated [23]. The logistic regression221

model MMBRP containing the selected predictors found with the MBRP approach222

as independent variables and the REST outcome as dependent variable was fitted223

during the MBRP approach.224
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III) Model validation225

The model performance of MABE, MABESS and MMBRP was assessed by evaluating226

the overall performance, the relative performance (discrimination) and the absolute227

performance (calibration) in the validation cohort.228

Overall performance The overall performance was assessed with the scaled Brier229

score. The Brier score can be calculated with Brier = 1
N

∑N

i = 1(yi − ŷi)
2, with230

the number of patients N , actual outcome y and predicted probability ŷ for each231

patient i [3]. A perfect prognostic model has a Brier score of 0 %. Since the Brier232

score depends on the prevalence of the outcome, the interpretation of the Brier233

score can be simplified by scaling the Brier score from 0 (non-informative model) to234

100 % (perfect model): Brierscaled = 1− Brier
Briermax

, with Briermax = 1
N

∑N

i = 1 yi ×235

(1− 1
N

∑N

i = 1 ŷi).236

Relative performance The model discrimination is the model’s ability to differen-237

tiate between the patients with and without the outcome [3]. Model discrimination238

was summarized with the concordance c statistic and its corresponding 95 % confi-239

dence interval, calculated with a bootstrap resampling approach. Due to the binary240

outcome, the c statistic is equal to the area under the receiver operating character-241

istic (ROC) curve (AUC), a summary statistic of the ROC curve. The ROC curve242

contains the sensitivity on the y-axis and 1 - specificity on the x-axis. A perfect243

prognostic model has an AUC of 1, a non-informative prognostic model has an244

AUC of 0.5.245

Absolute performance The agreement between the actual outcome y based on a246

suitable binning and the predicted probability ŷ is shown with a calibration plot247

[3]. A calibration slope smaller than 1 is an indicator for overfitting, or in other248

words, the predicted probabilities are higher than the observed outcome rates. In249
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R, the function val.prob.ci.2 of the package CalibrationCurves was used to plot the250

calibration plots and calculate the calibration intercept, calibration slope and AUC.251

IV) Final prognostic model252

The final prognostic model was defined by the model with the best model perfor-253

mance regarding calibration intercept, calibration slope and AUC. The final prog-254

nostic model was also fitted to the total cohort (derivation and validation cohort).255

Software256

The statistical analysis was conducted with the statistical software R, version 4.0.4257

[26]. A dynamic reporting approach with a fully scripted analysis was chosen. The258

following R base packages (base, datasets, graphics, grDevices, grid, methods, par-259

allel, splines, stats, stats4, utils) and other packages (abe 3.0.1, abess 0.4.0, bestglm260

0.37.3, Cairo 1.5.12.2, CalibrationCurves 0.1.2, colorspace 2.0.2, doParallel 1.0.16,261

dplyr 1.0.7, foreach 1.5.2, Formula 1.2.4, ggplot2 3.3.5, Hmisc 4.6.0, iterators 1.0.13,262

itertools 0.1.3, lattice 0.20.41, leaps 3.1, libcoin 1.0.9, magrittr 2.0.2, mgcv 1.8.38,263

missForest 1.4, mvtnorm 1.1.3, nlme 3.1.152, partykit 1.2.15, randomForest 4.6.14,264

readxl 1.3.1, regclass 1.6, rms 6.2.0, rpart 4.1.15, skimr 2.1.3, SparseM 1.81, survival265

3.2.13, tableone 0.12.0, VGAM 1.1.6, VIM 6.1.0, xtable 1.8.4) were used.266

Results267

The characteristics of the patients in this study were given in Table 1. In total, 2799268

patients participated in the study. 1588 patients were included in the derivation co-269

hort and 1211 patients in the validation cohort. Fifty-four percent of the patients270

had male sex. Missing values occurred rarely, specifically in the candidate predic-271

tors body mass index (0.3 %), presence of at least one cardiovascular risk factor272

(0.4 %), responsibility for childcare/family members (1.6 %), main responsibility273

for household (0.9 %) and perceived stress level at home (0.7 %). The following274

candidate predictors had a SMD between derivation and calibration cohort greater275
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than 0.1: Sex (SMD = 0.105), age at presentation (SMD = 0.122), the severity of276

acute COVID-19 (SMD = 0.316) and responsibility for childcare/family member277

(SMD = 0.160). In the derivation cohort, the median age was higher than within278

the patients of the validation cohort, whereas the IQR was similar. The proportion279

of women participating was higher than in the validation cohort. In the validation280

cohort, more patients were admitted to the ward or the ICU/IMC and less patients281

seemed to be responsible for childcare/family members. Overall, the median follow-282

up time was 168 days (IQR ranging from 143 to 255), 162 days (146 to 282) in283

the derivation cohort and 176 days (127 to 225) in the validation cohort. In total,284

21.8 % (n = 611 patients) reported REST symptoms. The REST prevalence was285

similar between the cohorts, with 21.6 % (n = 343) in the derivation cohort and286

22.1 % (n = 268) in the validation data.287

The largest Pearson’s correlation coefficient (r = 0.34) was calculated between the288

candidate predictors age at presentation and number of comorbidities. All Pearson’s289

correlation coefficients were shown for the derivation cohort in the supplementary290

materials. The highest VIF value was found for age (VIF = 1.48). The final global291

logistic regression model, including all candidate predictors, was fitted without in-292

teractions, because no evidence for an interaction between age and body mass index,293

age and number of comorbidities, age and responsibility for childcare/family mem-294

ber, sex and presence of at least one cardiovascular risk factor, as well as body mass295

index and number of comorbidities was found. Furthermore, there was no evidence296

for non-linear relationships following graphical display (supplementary materials).297

According to ABE and ABESS methods, the same predictors were selected, specif-298

ically the number of acute COVID-19 symptoms, severity of the acute COVID-19,299

feeling of stress at home, age at presentation, sex, presence of at least one car-300

diovascular risk factor, responsibility for childcare/family member, and body mass301

index. The following five candidate predictors were selected with the MBRP ap-302
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proach (Figure 1): Number of acute COVID-19 symptoms, severity of the acute303

COVID-19, feeling of stress at home, age and presence of at least one cardiovascu-304

lar risk factor. The first partitioning variable was the number of acute COVID-19305

symptoms. According to the generalized linear model, patients with more than nine306

symptoms had on average approximately an 80 % risk for REST symptoms. Hav-307

ing equal or less than nine symptoms and being an outpatient reduced the risk on308

average to approximately 28 %.309

The Brier score and scaled Brier score of MABE, MABESS was 0.14 and310

20.90 %, respectively. In contrast, MMBRP had a Brier score and scaled Brier311

score of 0.15 and 14.83 %, respectively. In the validation cohort, the c statis-312

tic was 0.78 (95 % CI: 0.75 to 0.81) for MABE and MABESS and 0.74 (95 %313

CI: 0.70 to 0.77) for MMBRP. The calibration plots were shown in Figure 2.314

The final prognostic model (Table 2) was based on the ABE and ABESS selec-315

tion method because model performance (calibration slope and c-statistic) was316

better. The prediction of the REST outcome can be calculated with the for-317

mula S = −4.947 + 0.349 × number of acute COVID-19 symptoms + 0.339 ×318

severity of acute COVID-19 ward+1.737×severity of acute COVID-19 intensive or intermediate care+319

0.128× feeling of stress at home+0.013×age at presentation+0.352× female sex+320

0.346×presence of at least one cardiovascular risk factor−0.097×responsible for childcare/family member+321

0.022×body mass index, with feeling of stress at home ranges from 1 (no stress) to322

10 (maximum stress) and responsibility for childcare/family member ranges from323

1 (no responsibility/not applicable) to 6 (full responsibility). A patient’s predicted324

probability ŷ for REST symptoms can be calculated with ŷ = exp(S)
1+exp(S) . For com-325

parison purposes, the coefficients were re-estimated on the total cohort (derivation326

and validation), and the coefficients are given in the supplementary material.327
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Discussion328

In this study, a prognostic model to estimate the probability of common REST329

symptoms in COVID-19 patients was developed and validated. According to an330

umbrella review, the prevalence of long COVID in adults ranges from 2.3 % to 53.0 %331

[15]. Long COVID can have serious consequences on daily living, employment, social332

functioning, mental health and quality of life for months after the acute COVID-333

19 infection [15]. An early detection of high risk patients directly after the acute334

COVID-19 would allow to support patients at an early stage. Interventions such as335

tailored exercise training, breathing exercise and psychological support could have336

a positive effect on the further course of the disease and reduce the socio-economic337

burden of long COVID.338

Predictors were selected and estimated based on three reliable methods, namely339

ABE, ABESS and MBRP. The same predictors were selected with the ABE340

and ABESS method. In this study, a geographic validation instead of a stan-341

dard cross-validation was chosen because a geographic validation is more mean-342

ingful [3]. The model performance (in regard of c statistic and calibration slope)343

of MABE = MABESS was better compared to MMBRP. The calibration slope for344

MABESS =MABE indicated slight overfitting. In particular, higher probabilities were345

overestimated. The MBRP approach allows physicians to determine a patient’s risk346

for long COVID by following a decision tree and may for this reason be easier to347

implement in clinical practice. The decision tree contained nine subtrees for pre-348

dicting the REST outcome. Patients within a subtree had the same risk for REST349

symptoms, resulting in nine different predicted probabilities.350

To the best of the authors’ knowledge, two prognostic models for the prognosis351

of long COVID were published so far [27, 28]. In the first published prognostic352

model [27], the probability for long COVID lasting for at least 28 days was cal-353

culated with the predictors number of acute COVID-19 symptoms, age and sex354
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based on self-reported data of 2149 patients from Sweden, United Kingdom and355

the United States of America. The second published prognostic model [28] included356

age, number of acute COVID-19 symptoms, history of asthma bronchiale, the an-357

tibodies total Immunoglobulin (Ig) M, IgG3 and the interaction between IgM and358

IgG3. The model was developed based on 134 patients (85 patients with the long359

COVID outcome) from four Swiss hospitals in and around Zurich. Model validation360

was performed with data of 389 patients (212 patients with long COVID). In the361

derivation cohort, 53.9 % patients with a mild COVID-19 course and 82.2 % pa-362

tients with a severe COVID-19 course suffered from long COVID. In the validation363

cohort, 54.7 % patients reported long COVID. Long COVID was defined similarly364

in both publications. The prognostic models for the prognosis of long COVID men-365

tioned above could not be validated with our data due to different long COVID366

symptoms and follow-up time and because immunoglobulins such as IgM and IgG3367

were not assessed in our cohort.368

Our study has several strengths. These include the large number of patients, and369

relevant candidate predictors. Additionally, the geographic validation can be con-370

sidered as an external validation of the model. Further, the percentage of missing371

data was low. The limitations of the study were the following: patients with a wide372

variety of disease severity (from outpatient to ICU/IMC) were included. Further-373

more, there was heterogeneity in the follow-up time, which might have reduced374

the performance of the prognostic model. However, the median follow-up time was375

similar in derivation and validation cohort.376

Our study has implication for future research in the sense that the prognostic377

model developed and validated in this study should be validated in new patients378

(e.g. from different settings, different COVID-19 mutations, and other countries).379

Before implementing the developed and validated prognostic model for estimating380

the risk of REST symptoms in daily clinical practice, it is advisable to evaluate381
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the model impact. This might be done with a randomized “impact study” [29]. The382

aim of the impact study would be to investigate if the application of the prognostic383

model is leading to better patient outcomes by earlier detection or reduction of384

REST symptoms.385

Conclusions386

The proposed model is reliable to identify COVID-19 infected patients at high risk387

for REST symptoms. Before implementing the prognostic model in daily clinical388

practice, the conduction of an impact study is recommended.389
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MBRP.png

Figure 1 Results of the the model-based recursive partitioning (MBRP) approach.

CalibrationPlot.png

Figure 2 Calibration plots for the logistic regression models MABE = MABESS (rigth side) and

MMBRP (left side).
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Figure 3 Histogram, smooth function and Pearson’s correlation coefficients for continuous
candidate predictors.
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Figure 4 Partial plots for continuous candidate predictors of the global logistic generalized

additive model. The y-axis contains the REST outcome on the log-odds scale (ln
(
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1−ŷ

)

), with the

patient’s predicted probability ŷ of developing REST symptoms.
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Table 1 Study participants characteristics, stratified by data cohort.

Derivation cohort Geographic

validation cohort

SMD Missing

Values

(%)

n 1588 1211

Female sex (%) 765 (48.2) 520 (42.9) 0.105 0.0

Age at presentation in years (median

[IQR])

44.00 [30.00, 56.00] 38.00 [29.00, 56.00] 0.122 0.0

Body mass index in kg/m2 (median

[IQR])

24.65 [22.27, 28.05] 24.22 [21.77, 27.34] 0.098 0.3

Number of comorbidities (median [IQR]) 0.00 [0.00, 1.00] 0.00 [0.00, 1.00] 0.020 0.0

Presence of at least one cardiovascular

risk factor (%)

489 (30.9) 361 (29.9) 0.023 0.4

Number of acute COVID-19 symptoms

(median [IQR])

5.00 [3.00, 6.00] 5.00 [3.00, 6.00] 0.041 0.0

Severity of acute COVID-19 (%) 0.316 0.0

Outpatients 1395 (87.8) 941 (77.7)

Ward 147 (9.3) 151 (12.5)

ICU/IMC 46 (2.9) 119 (9.8)

Responsibility for childcare/family mem-

ber (median [IQR])

1.00 [1.00, 4.00] 1.00 [1.00, 3.00] 0.160 1.6

Main responsibility for household (%) 0.026 0.9

No 368 (23.4) 294 (24.5)

Partners contributed

approximately equally

533 (33.9) 398 (33.1)

Yes or live alone 672 (42.7) 509 (42.4)

Feeling of stress at home (1 no, 10 max)

(median [IQR])

3.00 [2.00, 5.00] 3.00 [2.00, 5.00] 0.084 0.7

Study site 0.0

University Hospital Basel 1588 (100.0) 0 (0.0)

University Hospital Zurich 0 (0.0) 897 (74.1)

University Hospital Bern 0 (0.0) 36 (3.0)

Cantonal Hospital Baden 0 (0.0) 278 (23.0)

Legend: Intensive or intermediate care (ICU/IMC); interquartile range (IQR);

standardized mean difference (SMD) between derivation and validation cohort.
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Table 2 Logistic regression model based on the ABE and ABESS variable selection, calculated on the
derivation cohort.

Estimate OR 95 % CI OR

(Intercept) -4.95

Number of acute COVID-19 symptoms 0.35 1.42 from 1.33 to 1.51

Severity of acute COVID-19 Ward 0.34 1.40 from 0.90 to 2.20

Severity of acute COVID-19 ICU/IMC 1.74 5.69 from 2.86 to 11.32

Feeling of stress at home 0.13 1.14 from 1.07 to 1.21

Age at presentation [years] 0.01 1.01 from 1.00 to 1.02

Female sex 0.35 1.42 from 1.08 to 1.87

Presence of at least one cardiovascular risk factor 0.35 1.41 from 1.05 to 1.91

Responsibility for childcare/family member -0.10 0.91 from 0.84 to 0.98

Body mass index [kg/m2] 0.02 1.02 from 0.99 to 1.05

Legend: Confidence interval (CI); odds ratio (OR). Feeling of stress at home ranges

from 1 (no stress) to 10 (maximum stress) and responsibility for childcare/family

member ranges from 1 (no responsibility/not applicable) to 6 (full responsibility).

Table 3 Logistic regression model based on the ABE and ABESS variable selection, calculated on the
total cohort.

Estimate OR 95 % CI OR

(Intercept) -4.98

Number of acute COVID-19 symptoms 0.34 1.40 from 1.34 to 1.47

Severity of acute COVID-19 Ward 0.46 1.58 from 1.15 to 2.17

Severity of acute COVID-19 ICU/IMC 1.38 3.96 from 2.69 to 5.84

Feeling of stress at home 0.11 1.12 from 1.07 to 1.18

Age at presentation [years] 0.01 1.01 from 1.00 to 1.02

Female sex 0.35 1.42 from 1.15 to 1.75

Presence of at least one cardiovascular risk factor 0.45 1.57 from 1.25 to 1.98

Responsibility for childcare/family member -0.11 0.89 from 0.84 to 0.95

Body mass index [kg/m2] 0.03 1.03 from 1.01 to 1.05

Legend: Confidence interval (CI); odds ratio (OR). Feeling of stress at home ranges

from 1 (no stress) to 10 (maximum stress) and responsibility for childcare/family

member ranges from 1 (no responsibility/not applicable) to 6 (full responsibility).



Figures

Figure 1

Results of the the model-based recursive partitioning (MBRP) approach.

Figure 2

Calibration plots for the logistic regression models MABE = MABESS (rigth side) and MMBRP (left side).
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