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Abstract

Background: During the course of the COVID-19 pandemic, a variety of machine learning models were developed to predict
different aspects of the disease, such as long-term causes, organ dysfunction or ICU mortality. The number of training datasets
used has increased significantly over time. However, these data now come from different waves of the pandemic, not always
addressing the same therapeutic approaches over time as well as changing outcomes between two waves. The impact of these
changes on model development has not yet been studied.

Objective: The aim of the investigation was to examine the predictive performance of several models trained with data from one
wave predicting the second wave´s data and the impact of a pooling of these data sets. Finally, a method for comparison of
different datasets for heterogeneity is introduced.

Methods: We used two datasets from wave one and two to develop several predictive models for mortality of the patients. Four
classification algorithms were used: logistic regression (LR), support vector machine (SVM), random forest classifier (RF) and
AdaBoost classifier (ADA). We also performed a mutual prediction on the data of that wave which was not used for training.
Then, we compared the performance of models when a pooled dataset from two waves was used. The populations from the
different waves were checked for heterogeneity using a convex hull analysis.

Results: 63 patients from wave one (03-06/2020) and 54 from wave two (08/2020-01/2021) were evaluated. For both waves
separately, we found models reaching sufficient accuracies up to 0.79 AUROC (95%-CI 0.76-0.81) for SVM on the first wave
and up 0.88 AUROC (95%-CI 0.86-0.89) for RF on the second wave. After the pooling of the data, the AUROC decreased
relevantly. In the mutual prediction, models trained on second wave´s data showed, when applied on first wave´s data, a good
prediction for non-survivors but an insufficient classification for survivors. The opposite situation (training: first wave, test:
second wave) revealed the inverse behaviour with models correctly classifying survivors and incorrectly predicting non-
survivors. The convex hull analysis for the first and second wave populations showed a more inhomogeneous distribution of
underlying data when compared to randomly selected sets of patients of the same size.

Conclusions: Our work demonstrates that a larger dataset is not a universal solution to all machine learning problems in clinical
settings. Rather, it shows that inhomogeneous data used to develop models can lead to serious problems. With the convex hull
analysis, we offer a solution for this problem. The outcome of such an analysis can raise concerns if the pooling of different
datasets would cause inhomogeneous patterns preventing a better predictive performance.
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The Influence of Inhomogeneous Input Data from Different Waves
on Predictive Model Development for COVID-19 ICU Patients

Abstract

Background: During the course of the COVID-19 pandemic, a variety of machine learning models
were  developed  to  predict  different  aspects  of  the  disease,  such  as  long-term  causes,  organ
dysfunction or ICU mortality. The number of training datasets used has increased significantly over
time. However, these data now come from different waves of the pandemic, not always addressing
the same therapeutic approaches over time as well as changing outcomes between two waves. The
impact of these changes on model development has not yet been studied.
Objective:  The  aim of  the  investigation  was  to  examine  the  predictive  performance  of  several
models trained with data from one wave predicting the second wave´s data and the impact of a
pooling of these data sets. Finally, a method for comparison of different datasets for heterogeneity is
introduced.
Methods: We used two datasets from wave one and two to develop several predictive models for
mortality of the patients. Four classification algorithms were used: logistic regression (LR), support
vector  machine  (SVM),  random forest  classifier  (RF)  and  AdaBoost  classifier  (ADA).  We also
performed a mutual prediction on the data of that wave which was not used for training. Then, we
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compared  the  performance  of  models  when  a  pooled  dataset  from  two  waves  was  used.  The
populations from the different waves were checked for heterogeneity using a convex hull analysis.
Results: 63 patients from wave one (03-06/2020) and 54 from wave two (08/2020-01/2021) were
evaluated.  For both waves separately, we found models reaching sufficient accuracies up to 0.79
AUROC (95%-CI 0.76-0.81) for SVM on the first wave and up 0.88 AUROC (95%-CI 0.86-0.89)
for RF on the second wave. After the pooling of the data, the AUROC decreased relevantly. In the
mutual prediction, models trained on second wave´s data showed, when applied on first wave´s data,
a  good prediction for non-survivors but  an insufficient classification for survivors.  The opposite
situation  (training:  first  wave,  test:  second  wave)  revealed  the  inverse  behaviour  with  models
correctly classifying survivors and incorrectly predicting non-survivors. The convex hull analysis for
the first and second wave populations showed a more inhomogeneous distribution of underlying data
when compared to randomly selected sets of patients of the same size.
Conclusions: Our work demonstrates that a larger dataset is not a universal solution to all machine
learning problems in clinical settings. Rather, it  shows that inhomogeneous data used to develop
models can lead to serious problems. With the convex hull analysis, we offer a solution for this
problem. The outcome of such an analysis can raise concerns if the pooling of different datasets
would cause inhomogeneous patterns preventing a better predictive performance.

Keywords:  COVID-19;  machine  learning;  model  development;  predictive  models;  mortality
prediction; convex hull analysis; intensive care; mechanical ventilation

Introduction

The COVID-19 pandemic resulted in nearly overwhelmed medical systems in several countries. In
this unclear situation, there was strong need for help to allocate the scarce health care resources
appropriately, especially in the field of acute critical care. 

In view of these needs and of previous encouraging implementations of artificial intelligence (AI)
[1],  many researchers  developed COVID related  prediction models  or  scores,  which focused on
different aspects of disease progression, like mortality or admission to an Intensive Care Unit (ICU).
However, the growing number of models in that field was also met with opposition. Although almost
all published models reported a high predictive performance, Wynants et al. pointed out that many of
them showed some serious weaknesses, like unclear or high risks of bias, high risk of overfitting or
simply an insufficient reporting [2]. 

Attempts to apply models developed in a single hospital onto patients from another hospital have
already  revealed  their  limitations  [3].  How  the  performance  of  such  models  is  affected  by  the
temporal separation of the integrated population during a pandemic, e.g. when models developed
during the first wave of COVID 19 are applied onto patients from following waves, even within one
hospital, remains unclear. The second important question is whether it is generally legit to pool the
data from the different waves of disease to develop predictive models. In newest publications, the
models integrate several tens of thousands of patients pooled from the whole period of the pandemic
[4].  This  rather  ignores  the  dynamical  changes  in  therapy  and  subsequently  in  the  outcome  of
patients. Due to the growing evidence and expertise of physicians in the therapy of the disease, the
ratio of hospitalized patients who were admitted to the ICU and who required mechanical ventilation
(MV) decreased [5, 6]. Latest analyses show a decreasing mortality of COVID 19 patients over the
time [7-9]. These changes give the waves their respective properties.
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Data-driven  models,  such  as  machine  learning  methods,  aim  to  represent  systems  solely  from
available measurement data. However, a critical issue of such models is their limited extrapolability.
Unless strong assumptions are posed on the learned function, data-driven models, not depending on
the output to be predicted, can only be valid in regions where they have sufficiently dense coverage
of training data points, which is referred to as the validity domain [10]. This can be approximated by
the convex hull spanned by the data, which represents an upper bound of the validity domain for any
machine learning application. 
Hence,  one possible  approach to  examine different  populations  for homogeneity with respect  to
predictive performance of  machine  learning models  is  to  perform a  convex hull  analysis  of  the
available data to be used for training and prediction, respectively [11, 12]. 

Convex hull of a set of data points is defined as the smallest polytope with dimensionality equal to
the number of attributes containing the points in such way that every straight line connecting a pair
of points lies inside the polytope [13, 14]. As the intersection of the convex hulls of training and test
set is an upper bound for the generalization of any machine learning base model not depending on
the outcome to be predicted. In the case of learning from different populations, the intersection of the
convex hulls can serve as a measure for sufficient similarity of heterogeneous populations enabling
the  reliability  of  generalization  of  machine  learning  models.  Hence,  although  machine  learning
models, trained on a data set A, may be predictive on a data set B even outside the intersection of the
convex hulls A and B, predictivity cannot be assessed from data of A alone.

For  this  study,  we  analyzed  the  mutual  predictivity  of  machine  learning  models  developed  for
COVID-19 patients requiring ICU treatment including MV, who form the most severely affected
group of patients.  The aim of this  investigation was firstly to examine how mortality prediction
models developed on the data of one wave of the pandemic would perform on patients of another
wave. Secondly, we explored the influence of pooling two datasets from different pandemic waves
and its impact on predictive performance. Finally, we performed a convex hull analysis to examine
the included populations for homogeneity and to reveal the influence of the different population
structure onto the developed prediction models.

Methods

Ethics approval and Data sources

This analysis was approved by the local ethical review board (EK 091/20; Ethics Committee, Faculty
of Medicine, RWTH Aachen, Aachen, Germany). The Ethics Committee waived the need to obtain
Informed consent for the collection,  analysis  and publication of the retrospectively obtained and
depersonalized  data.  All  methods  were  carried  out  in  accordance  with  relevant  guidelines  and
regulations. 

Data were retrieved from an electronic patient data recording system (medico//s, Siemens, Germany)
and from an online patient  data  documentary system (IntelliSpace Critical  Care and Anesthesia,
ICCA Rev. F.01.01.001, Philips Electronics,  Netherlands). The study cohort included severely ill
patients  with  confirmed  COVID-19,  who were  admitted  to  the  ICUs  at  the  University  hospital
RWTH Aachen and required MV throughout their ICU stay. For each patient, demographic, clinical
and outcome data were available. All evaluated parameters were used in daily clinical routine and no
additional data were collected. Data consisted from static data, like biometrics and ICD-10 codes and
dynamic  data  including  all  types  of  clinical  data,  e.g.  vital  signs,  MV parameters,  laboratory
parameters  and  medication.  Invasive  MV  was  defined  by  evidence  of  positive-end-expiratory
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pressure (PEEP) and end-inspiratory pressure (P EI). Timepoint of ICU admission was defined by the
first available heart rate measurement. 

Data preparation and cleaning

An experienced ICU physician (S.F.) reviewed and cross-checked the data before the main analysis.
The mean values of every routinely charted ICU parameter collected over the first day of ICU stay
were  extracted  as  potential  predictor  variables,  later  on  also  referred  to  as  features.  The  total
Sequential  organ  failure  assessment  (SOFA)  score  was  calculated  as  described  before  [15] and
included as a potential predictor variable, along with SOFA scores for subsystems and variables used
for the calculation of these. The SOFA subscore for central nervous system was excluded, since there
are no clear standards for its application in sedated MV patients [16]. Variables with values missing
in  more  than  20  %  of  patients  as  well  as  features  with  a  correlation  coefficient  between
measurements greater than 0.95 were omitted from the analysis.

Prediction Model Development

Four  different  common  classification  algorithms  were  used  as  candidate  classifiers:  logistic
regression  (LR),  support  vector  machine  (SVM),  random  forest  classifier  (RF)  and  AdaBoost
classifier (ADA). Death in the ICU was chosen as primary endpoint.

Due to the small sample size of the cohorts under consideration, a splitting of data into development
and validation  sets  for  the  model  development  and tuning of  hyperparameters  was not  feasible.
Therefore, a nested cross-validation (CV) strategy was used for the model development. Under this
method,  choice  of  features  in  the  model  (complexity)  and  hyperparameters  was  performed  as
follows: after a nested CV procedure, an ensemble of best-performing models and their performances
was available for construction of a consensus model. Features found in the majority of best models,
defined the final complexity of the model. Subsequently, we defined hyperparameters of the model
with a fixed complexity using the CV on the entire dataset. Lastly, the hyperparameters found during
this final search were used to configure a final model,  which was then fit  on the entire dataset.
Overall procedure was performed for four algorithms mentioned above, each providing a final model
with fixed complexity and hyperparameters.

Statistical Analysis

The performance of the developed models was assessed using the area under the receiver-operator
characteristic curve (AUROC), with 95 % confidence intervals calculated by repeated nested-CV
procedure  (20  times).  Statistical  analysis  was  performed  with  scikit-learn  library  for  Python3
programming language [17, 18]. For the pairwise comparison of two sets a two-tailed Student's t-test
with a significance level of  =0.05 was used.

Convex hull analysis

The intersection of the convex hulls of the first and second wave COVID-19 patients across different
attribute spaces with various dimensions was evaluated. The results of the two waves were compared
to those of two populations with the same sizes as the first and second wave population, but that
were randomly selected from the pooled data. The two distributions of convex hull intersections were
compared using a Student´s t-test with a significance level of  =0.05. Additionally, the convex hull
intersection  between  the  first  and  second  wave  populations  for  the  fixed  attribute  spaces
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(complexity) used in the developed consensus models was analyzed.

Results

Characteristics of the development cohorts

For model development, we used three cohorts of patients: patients of the first and the second wave
of the pandemic and a pooled cohort, which comprised patients of both waves.
Patient data were collected between March and end of June 2020 for the first wave and between end
of August 2020 and beginning of January 2021 for the second wave. The initial cohorts included 65
and 55 MV patients,  correspondingly.  After  exclusion of patients  with ICU stay shorter than 24
hours, who did not contribute a relevant amount of data points, the cohorts resulted in 63 patients and
54 patients, respectively. 
The key characteristics of the different populations are given in Table 1. While the analyzed groups
showed  only  slight  differences  in  age,  gender  distribution  and  mortality  rate,  the  duration  of
treatment on the ICU was nearly halved from first to second wave. Also some other clinical features
of wave two cohort, like a lower PEEP, P EI, paCO2 and SOFA Score, indicated a decreasing severity
of disease in ICU patients of this cohort. A full list of clinical features is available in Table S1 in the
Multimedia appendix.

Table 1: Biometrics and clinical data for the three analyzed patient cohorts 
Wave 1 Wave 2 Pooled

n (%) or median (IQR)
No. 63 (100) 54 (100) 117 (100)
Age (years) 62 (12) 60.5 (14.7) 62 (13)
Male gender 42 (67) 39 (72.2) 81 (69.2)
Mortality 27 (42.9) 30 (55.6) 57 (48.7)
Length of ICU stay (days) 27.0 (34.5) 13.6 (22.4) 20.5 (28.7)
Length of MV (days) 23.6 (30.6) 13.3 (22.3) 17.7 (26.6)

Predictive performance of the single consensus models

For each method and for every cohort, a consensus model with fixed complexity was found using the
nested CV procedure. Thus, this procedure resulted in four models each for the first wave data, the
second wave data and the pooled cohort. Performances of all models are listed in Table S2 in the
Multimedia appendix. The number of features in the models ranged from 2 to 11 (see Table S3 and
S4 in the Multimedia appendix). For wave one and wave two separately, we found models reaching
intermediate to good accuracies: up to 0.79 mean AUROC for the SVM on the first wave and up 0.88
mean AUROC for the RF on the second wave. 
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Figure 1: Performance of developed models with fixed complexity. Performance is depicted using
AUROC in the nested CV procedure. From left to right: four boxplots show performances of the
models developed and tested with data from the first wave only, the second wave only and the pooled
data from both waves,  respectively.  (1:  first  wave data,  2: second wave data,  both: pooled data,
SVM: support vector machine, LR: logistic regression, RF: random forest, ADA: AdaBoost.) Boxes
indicating the IQR and the median, the whiskers indicating the 1.5x IQR and the dots indicating
outliers.

The SVM with radial basis function kernel achieved the best performance in terms of AUROC for
first wave and the pooled cohort (see Figure 1). LR and RF performed on a similar level, but clearly
inferior to the SVM. In the second wave cohort, the SVM and RF performed on a similar level, but
the SVM showed a much higher Interquartile ratio (IQR), indicating a higher variation of results.
Differences in predictive performance between the first and the second wave in terms of AUROC
range from 0.07 (the SVM classifier)  to 0.23 (ADA). Generally,  ADA always performed poorer
relatively to other models. 

Performance of models on pooled data (Figure 1, marked with ”both”) significantly dropped (See
Table S5 in Multimedia appendix) when being compared to single cohorts (Figure 1, marked with
”1” and “2”) with exceptions for ADA, which failed in the first cohort. The overall drop in AUROC
ranged from 0.07 (SVM) to 0.15 (RF) when comparing models developed on pooled data to those
developed on the wave two. For the wave one the insignificant changes were observed for the LR
(+0.01) and the SVM (-0.003). The increase was observed for the ADA (+0.11) and decrease for the
RF (-0.02).

After fixing the complexity of the developed model (features), adding data from the other cohort and
checking new nested-CV results, we observed a significant decrease in the AUROC (see Tables S6.1
and S6.2  in the Multimedia appendix for detailed information on performance of the models and
Table 7 for the comparison of performance).  The comparisons between the  performances of the
models, which were developed and tested using the first and second wave cohort only and those
developed and tested on pooled data are shown in the Figure 2. Models developed on both waves
show similar behaviour. The drop in the performance for the first wave ranges from 0.02 for the LR
to 0.1 for the SVM, with an only exception for first wave ADA. For the second wave performance
decrease spans from 0.09 for the ADA to 0.15 for the RF.
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Figure 2. Influence of a pooled test set. Comparison of performance (AUROC) of models, which
were  developed  on  the  first  (Figure  2a)  and  second  (Figure  2b)  wave  cohort.  After  model
development on a single cohort, the model complexity was fixed. Evaluation was carried out on the
data of  the first  or  second wave only and on pooled data.  The use of a pooled set  results  in  a
significant reduction in performances for all four methods, except of the ADA, which failed in the
first  wave. (1:  first  wave data,  2:  second wave data,  both:  pooled data from both waves,  SVM:
support  vector  machine,  LR:  logistic  regression,  RF:  random  forest,  ADA:  AdaBoost.)  Box
indicating the IQR and the median, the whiskers indicating the 1.5x IQR and the dots indicating
outliers. 

Testing of models developed within one cohort on the data of the other
cohort

Models trained on second wave´s data showed, when applied on first wave´s data, a good prediction
for  non-survivors  but  an  insufficient  classification  for  survivors.  The  opposite  cross-prediction
(training set: first wave, testing set: second wave) showed the inverse behaviour correctly classifying
survivors and incorrectly predicting non-survivors. Thus, using a “specialized” model, i.e. developed
and trained on patients of the one wave, it was not possible to make sufficient predictions on the

Fig. 2a: Wave 1 vs. pooled data

Fig. 2b: Wave 2 vs. pooled data
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other wave patients and vice versa.

Figure 3.  Confusion matrices for cross-prediction. Confusion matrices outlining the results  of
predicting survival in the second wave cohort with a LR model developed on the first wave cohort
(Figure 3a) and in the first wave cohort with a LR model developed on the second wave cohort
(Figure 3b). The number inside the cell denotes the ratio of the class that was predicted in relation to
the number of instances of an actual class according to the labels on the axes. Numbers are mapped
onto colors using a colormap ranging from light blue to dark blue. A darker blue on diagonal cells
(true positives and true negatives) and a lighter blue on non-diagonal cells (false positives and false
negatives) are considered as better result. (LR: logistic regression.)

Convex hull analysis

We evaluated the intersection of the convex hulls of the first and second wave COVID-19 patients
across different attribute spaces in various dimensions in comparison to that of randomly selected
patient sets of the same size from the pooled data. We defined the intersection as  the ratio of the
second wave data points inside the convex hull of the first wave data points. Figure 4 illustrates the
intersection range of convex hulls  of  two waves  for  200 randomly chosen attribute  spaces  with
dimensions between 2 and 8. Lower intersection of the convex hulls for the first and second wave
populations signals more inhomogeneous distribution when compared to the randomly selected sets
of patients. The null hypothesis stating that the mean intersection of convex hulls of two waves is
identical to the mean intersection of two sets of randomly selected patients is strongly rejected by the
outcome of the t-test, see Table S8 in the Multimedia appendix.

Fig. 3a Fig. 3b
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Figure 4. Convex hull analysis of populations separated regarding the two waves and a random
pattern population. Box plots show the ratio of the second wave data points inside the convex hull
of the first wave data points for 200 different feature spaces with dimensions between 2 to 8. Similar
boxplots are depicted for randomly selected patient sets of the same size (63 and 54) from the pooled
data.  Box indicating the IQR and the median, the whiskers indicating the 1.5x IQR and the dots
indicating outliers. 

We also analyzed the convex hull coverage across the first and second wave populations for the fixed
attribute spaces (complexity) used in the developed consensus models. As depicted in the Figures 5a
and 5b, convex hull coverages of the first and second wave populations lie below the convex hull
coverage distributions for 200 randomly sampled populations from the pooled data with the same
sizes as the first and second wave populations. 
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Figure  5.  Comparison  of  convex  hull  coverage  for fixed  attribute  spaces  of  the  consensus

models. The convex hull coverage across the first and second wave populations in comparison with
the convex hull coverage of 200 randomly sampled cohorts of patients with the same sizes as the first
and the second wave cohorts. The results are depicted for fixed attribute spaces of the consensus
models. a. The ratio of the second wave data points inside the first wave convex hull. b. The ratio of
the first wave data points inside the second wave convex hull. The size of patient cohorts are too
small for any convex hull coverage in higher dimensions than 9D. Box indicating the IQR and the
median, the whiskers indicating the 1.5x IQR and the dots indicating outliers. 

Discussion

Model development and performance

For an early phase of the pandemic, we developed a row of models for the prediction of mortality in
ventilated  ICU  patients  suffering  from  COVID  19.  Our  models  contained  a  small  number  of
parameters (4-5 features), which were already known as predictive from earlier publications. Among
the four machine learning methods assessed, the conventional LR model is  a standard statistical
method, which has been heavily used by critical care professionals and provides easily interpretable
results. SVM in contrast to logistic regression, is a non-linear technique allowing to capture higher
order  interactions  between parameters,  and therefore  to  model  complex patient  physiology.  This
allows to enhance both prediction and explanatory power [19]. Decision tree classifier (DT) allows
physicians to estimate an outcome for a patient based on a usually small number of decisions made
one after another, is therefore interpretable, and possesses a high potential to be applied on bedside.
However, it is prone to overfitting, as it relies on a particular cut-off value of parameters. In our
work, we did not use single DT but rather state-of-the art ensemble methods relying on boosting and
bagging techniques, ADA and RF correspondingly. RF comprises an ensemble of decision trees and
is intended to reduce generalization errors of single trees. ADA relies on an ensemble of trees, where
each subsequent tree tends to focus on harder-to-classify examples [20]. We decided against the use
of any types of artificial neural networks (ANNs) in our analysis for several reasons: Firstly, a small
sample  size  reduces  capabilities  of  neural  networks  and  secondly,  ANNs  are  hard  to  interpret
hampering clinical use.

The models reached intermediate to good accuracies with AUROC between 0.58 and 0.82. During
the second wave, when the number of patients strongly increased, we tried to add the datasets of the
new patients  to  existing  models  and expected  an  even better  performance.  But  surprisingly,  the
opposite was the case. The addition of the second wave´s patients resulted in relevant decrease of the
predictive performance, reducing it to the range from 0.62 to 0.7.  Despite almost doubling of the

Fig. 5a Fig. 5b
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cohort size, the performance of the models did not increase and even dropped when compared to
models developed in a single cohort. Nevertheless, if the patients of the second wave were analysed
isolated, it was again possible to produce models with a much better performance than in the first
wave,  ranging  between  0.84  and  0.86.  However,  these  models  to  large  extent  used  different
parameters  than  the  preceding  models.  Thus,  using  such  a  “specialized”  model,  e.g.  trained  on
patients of the first wave it is not possible to make sufficient predictions on second wave patients and
vice versa. 

Model development on heterogeneous cohorts

The performance of a selected model is determined by its ability to separate classes on the given
data. However, if different classifiers perform poorly on one cohort and better on the other cohort, it
reflects how homogeneous the underlying data is, especially regarding differences between survivors
and non-survivors. In other words, performance of models indirectly reflects information content in
the data. If we compare the performance of all models on the first wave data with the performance on
the second wave, we saw that on average all models performed better on the second wave data. 

The poor performance in wave one comes along with the strikingly higher ICU length of stay, which
was  nearly  doubled  when  compared to  the  second wave.  It  is  obvious  that  the  first  wave data
represents the first  confrontation of physicians  with a completely new disease.  Thus,  knowledge
about the disease but also about beneficial therapy strategies was lacking in the first months of the
pandemic and needed to be acquired first. These points might have led to longer ICU stays with a
higher rate of undesirable events like a secondary pneumonia or sepsis. Although the reasons for
these findings are still  not fully clear,  the sheer duration of ICU treatment might cause a higher
inhomogeneity in the first wave cohort. Additionally, other clinical features, like a lower SOFA score
or lower required ventilator pressures, could indicate a slightly lower severity in the second wave.

Taken  together,  the  different  cohort  characteristics  but  also  the  observed  relevant  differences  in
predictive  performance suggest  that  the  resulting  pooled  population  is  structurally  strongly
inhomogeneous. Therefore, while merging the cohorts of two wave the methods struggle to find a
separative  hyperplane,  resulting  in  a  mediocre  performance.  The  finding that  models  developed
within different cohorts would use mostly different parameters also supports the conclusion that data
of the two waves could be considered as different populations. From a medical point of view, this is
absolutely not surprising taking therapeutic improvements and subsequently a decreasing mortality
of COVID-19 patients into account [5, 6, 8]. 

Usually one  can contrast “internal” model performance on structurally similar, previously unseen
data gathered from the same hospital used for model training with “external” model performance on
new, previously unseen data from different hospital systems. It  has been addressed that machine
learning models may perform worse in external cohorts due to several reasons, among which are
different protocols, confounding variables or heterogeneous populations [3, 21-23]. In our study, the
risk of confounding due to different protocols or data acquisition systems was significantly reduced
by the fact that data for both cohorts were obtained from the same hospital. Therefore, this again
confirms that datasets from different waves of disease represent strongly heterogeneous populations.

The fact that performance of models on pooled data did not increase and even significantly dropped
(see Table S4 in Multimedia appendix) confirms that pooling data should be performed with large
precaution, even given that analysis is restricted to the same hospital. 
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Cross-prediction

When we carried out a cross-prediction, surprisingly the models trained on wave one data showed a
good  accuracy  for  prediction  of  survival  while  the  models  trained  on  wave  two  predicted  the
opposite,  i.e.  the non-survival  more precisely.  At first  glance,  this  finding appears contradictory.
However, it must be remembered that the wave 2 patients had lower severity in terms of SOFA score
and other clinical parameters. We can conclude that both survivors and non-survivors of the first
wave were more severely ill than in the second wave. Therefore, when we apply models developed
within the first wave onto the second wave, a majority of patients look like survivors for the model.
The opposite holds for application of second wave models - then,  patients of the first  wave are
similar to non-survivors of the second wave.

Convex hull analysis

The points mentioned so far give a clear indication that it is reasonable to consider populations of
different waves as independent entities. This evidence can be fully confirmed by the Convex hull
analysis,  which  demonstrates  a  significant  difference  between  populations.  The  insufficient
intersection of the convex hulls between the first and second wave populations could be considered
the primary cause of the observed decrease in the AUROC of the developed consensus models for a
population after adding data from the other population.

Future perspectives

It can be assumed that the COVID situation will remain an extremely dynamic one. While first and
second waves already showed quite different properties, it is highly likely that even more relevant
factors will enter the field, what might change the situation in the future. These are on the one hand
mutants of the virus which spread in several parts of the world and exhibit clinical features different
from the wild-type [24]. Moreover, the vaccination of the general public proceeds and will lead to
changes of the biometric parameters of ICU patients and thus to outcome changes of former highly
endangered populations like elderly citizens  [25, 26]. As long as the vaccination programs are not
completed, it can be expected that the population requiring ICU treatment will shift towards younger,
unvaccinated patients. These relevant changes might on the one side reduce the applicability of the
models developed on data of earlier cases. On the other side, it makes datasets from a potential next
wave even less usable for a pooled population than before.

Limitations

Our study has limitations that need to be considered. Firstly, the sample size of our study was small
and  secondly,  data  derived  from a  single  centre.  The  second  drawback,  however,  turns  into  an
advantage in light of a purpose of our study - to compare how predictive models would perform in
temporarily  disjoint  populations.  The monocentric  character  of  our  study also  ensured  that  data
acquisition and processing were conducted in a similar fashion. Further validation studies including a
larger database also with data from multiple hospitals would be very desirable.

Conclusions

The  development  of  COVID-19 related  decision  support  systems is  hampered  by the  lack  of  a
sufficient amount of the especially protected health-related data in many countries. In a more general
perspective, our work can serve as a warning and a reminder not to believe that a larger dataset is the
solution to all machine learning problems. Rather, it shows that inhomogeneous data used to develop
models can lead to serious problems. With the convex hull analysis, we offer a solution for this
problem. The outcome of such an analysis can raise concerns if the pooling of different datasets
would cause inhomogeneous patterns. If a check for homogeneity is added to the data preparation
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step  before  a  model  development,  the  generated  models  might  exhibit  a  significantly  better
performance.
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ADA (Boost) Adaptive boosting
AI Artificial Intelligence
COVID 19 Coronavirus Disease 2019
DT Decision tree
ICU Intensive care unit
LR Logistic regression
MV Mechanical ventilation
paCO2 Arterial partial pressure of CO2

PEEP Positive end-expiratory pressure 
P EI End-inspiratory pressure
RF Random forest
SOFA Sequential organ failure assessment
SVM Support vector machine
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Performance of developed models with fixed complexity. Performance is depicted using AUROC in the nested CV procedure.
From left to right: four boxplots show performances of the models developed and tested with data from the first wave only, the
second wave only and the pooled data from both waves, respectively. (1: first wave data, 2: second wave data, both: pooled
data, SVM: support vector machine, LR: logistic regression, RF: random forest, ADA: AdaBoost.) Boxes indicating the IQR
and the median, the whiskers indicating the 1.5x IQR and the dots indicating outliers.
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Influence of a pooled test set. Comparison of performance (AUROC) of models, which were developed on the first (A) and
second (B) wave cohort. After model development on a single cohort, the model complexity was fixed. Evaluation was carried
out on the data of the first or second wave only and on pooled data. The use of a pooled set results in a significant reduction in
performances for all four methods, except of the ADA, which failed in the first wave. (1: first wave data, 2: second wave data,
both: pooled data from both waves, SVM: support vector machine, LR: logistic regression, RF: random forest, ADA:
AdaBoost.) Box indicating the IQR and the median, the whiskers indicating the 1.5x IQR and the dots indicating outliers.
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Confusion matrices for cross-prediction. Confusion matrices outlining the results of predicting survival in the second wave
cohort with a LR model developed on the first wave cohort (A) and in the first wave cohort with a LR model developed on the
second wave cohort (B). The number inside the cell denotes the ratio of the class that was predicted in relation to the number of
instances of an actual class according to the labels on the axes. Numbers are mapped onto colors using a colormap ranging from
light blue to dark blue. A darker blue on diagonal cells (true positives and true negatives) and a lighter blue on non-diagonal
cells (false positives and false negatives) are considered as better result. (LR: logistic regression).
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Convex hull analysis of populations separated regarding the two waves and a random pattern population. Box plots show the
ratio of the second wave data points inside the convex hull of the first wave data points for 200 different feature spaces with
dimensions between 2 to 8. Similar boxplots are depicted for randomly selected patient sets of the same size (63 and 54) from
the pooled data. Box indicating the IQR and the median, the whiskers indicating the 1.5x IQR and the dots indicating outliers.
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Comparison of convex hull coverage for fixed attribute spaces of the consensus models. The convex hull coverage across the
first and second wave populations in comparison with the convex hull coverage of 200 randomly sampled cohorts of patients
with the same sizes as the first and the second wave cohorts. The results are depicted for fixed attribute spaces of the consensus
models. A. The ratio of the second wave data points inside the first wave convex hull. B. The ratio of the first wave data points
inside the second wave convex hull. The size of patient cohorts are too small for any convex hull coverage in higher dimensions
than 9D. Box indicating the IQR and the median, the whiskers indicating the 1.5x IQR and the dots indicating outliers.
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Additional information about the development of prediction models and additional tables.
URL: http://asset.jmir.pub/assets/d58430e832e60164b9616ab006dc0109.docx
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