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The coronavirus disease 19 (Covid-19) pandemic led to challenging decisions about
allocating limited resources. Common methods for assessing the health status of
patients were not reliable enough. Prediction of clinical events has recently become
a focus of research, and several models have been developed, often requiring various
inputs. This thesis deals with the question of to what extent commonly recorded high-
frequency waveform data can be used for prediction. Two new Covid-19 datasets with
105 and 112 patients, respectively, were created using recorded data from Karolinska
Hospital. Three different model architectures were then implemented and trained, varying
hyperparameters and input features. A balanced accuracy of over 0.75 and an F1-score
of over 0.60 was achieved with all architectures, however, with high standard deviations.
The use of demographic information could improve the results significantly. The thesis
shows that predictions are generally possible, but further experiments with a larger data
set are required.

F3wsRa0c
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Pandemin till följd av Coronaviruset (Covid-19) har lett till svåra beslut gällande
fördelning av begränsade resurser, och allmänna metoder för bedömning av patienters
hälsa har inte varit tillräckligt tillförlitliga. Prognoser av kliniska händelser har nyligen fått
större fokus inom forskning och flera modeller har utvecklats, metoder som ofta kräver
olika mätvärden. Således bemöter detta arbete frågan till vilken utsträckning det är möjligt
att använda högfrekventa vågformer inom prognosberäkning. Två nya Covid-19 dataset
med 105 respektive 112 patienter var, skapades av mätdata från Karolinska Sjukhuset. Tre
olika model-arkitekturer var implementerade och tränade, med olika hyper-parametrar och
inputdata. En balanserad träffsäkerhet över 0.75 och ett F1-mått över 0.60 uppmättes med
alla modeller, dock med hög standardavvikelse. Användning av demografisk information
skulle kunna förbättra resultatet markant. Detta arbete visar att prognoser är möjliga, men
att vidare experiment med större datamängder behövs genomföras.

Mw,G3IRa0
Djupinlärning, dödlighetsprognos, tidsseriedata, vågformsdata, Covid-19
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Over the past two and a half years, coronavirus disease 19 (Covid-19) has been one of
the greatest challenges for healthcare systems across the world. In contrast to the normal
state, physicians and other health professionals had to deal with limited resources [1].
The situation was complicated by the fact that the disease was unknown, the diverse
and unspecific disease course, and only limited available treatment options [2]. This
led to difficult decisions about who should receive an intensive care unit (ICU) bed or
mechanical ventilation incorporating both ethical and practical considerations and placed
great responsibility and stress on decision makers [3, 4]. Common methods of assessing
the health status of Covid -19 patients might support the physicians in the first place,
but they were not always reliable enough for predicting long-term outcomes and are not
accurately tailored to the disease [5]. Therefore, to better assist decision makers and to
provide the right care to everyone, and effectively allocate limited resources, it is crucial
to be able to predict clinical events such as deterioration, the need for ventilation, or
mortality.

To support physicians in the decision-making process, scores using logistic regression
exist to evaluate the patients’ health state and to predict clinical events [6–10]. In
addition, machine learning and deep learning methods can be applied. Generally, artificial
intelligence has been shown to have great potential for solving the problems of today’s
world. With regard to the Sustainable Development Goals of the United Nations, it shows
that in the field of medicine, the positive effects of artificial intelligence outweigh the
negative ones [11].

Previously developed models aim to predict sepsis [12–17] or mortality [18–25]. The
models are based on conventional time-series data from electronic health records, such as
laboratory values and vital signs. Some research also focused on decision-support systems
specifically for Covid-19 patients. For example, Li et al. developed amodel to identify risk
factors and predict ICU admission and mortality [26]. The model of Ryan et al. predicts
mortality and the need for mechanical ventilation [27]. Manymoremodels were proposed,
mainly to predict mortality and to identify risk factors (see reviews [28, 29]).

In general, the prediction task can be considered as a classification of time-series data.
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A variety of deep learning model architectures have been proposed over the last couple
of years [30]. Common architectures are convolutional neural networks and recurrent
neural networks and variations and combinations of these. But also new architectures like
Transformer models show promise [31].

Although many studies yielded good results for mortality prediction, there are a
few fundamental drawbacks. Most models require several input parameters, including
extensive laboratory tests and manually measured vital signs. In a time-critical situation
such as during the Covid-19 pandemic, this can be a potential challenge. Furthermore, the
timing of the prediction and the amount of data needed are not always useful and suitable
for the situation. To customize the treatment early, it would be optimal if the prediction
could be made as quickly as possible after admission and with as minimal data as possible.

Motivated by this, the goal of this thesis is the development of deep learning methods
to predict clinical outcomes using commonly available time-series data of vital parameters.
Unlike most other models, this work utilizes continuous high-frequency monitored data
to make predictions as easy as possible. The main focus is on the feasibility of the models
with particular emphasis on clinical relevance. For this purpose, a new dataset containing
only Covid-19 patients will be used. Based on the objective of the thesis, the primary
research question is:

• Is it possible to predict mortality based on high-frequency monitoring data?

Several sub-questions emerge from the primary research question:

1. How can a clinically relevant data set be formed from a small sample of patients?

2. Whichmodel architecture is suited best in terms of balanced accuracy and F1-score?

3. What is the minimum amount of data in terms of number of features and length
needed to make a stable prediction?

The thesis is divided into five parts. In chapter 2, the methodology used to prepare
the dataset, develop the models, and evaluate the results is described. In chapter 3, the
proposed model architectures and experimental study design are explained. Following
this, the results of the dataset preparation and experiments to answer the research questions
are reported (chapter 4). The thesis ends with a discussion (chapter 5) and conclusion
(chapter 6).
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The methodology was based on an extensive literature research on similar tasks
(Appendix A). The thesis follows the general approach of an experimental research design
in machine learning as described in Kamiri and Mariga [32]: data collection and data
preprocessing (section 2.1), model training and testing (section 2.2), and model evaluation
(section 2.3). An overview of the used technical environment is given in section 2.4.

lYS /�j� Ta3U�a�jCRN
This thesis concentrates on working with data from patients with coronavirus disease 19
Covid-19. The data preparation can be divided into data collection (subsection 2.1.1),
data preparation (subsection 2.1.2), and data splitting and normalization (subsection 2.1.3).
Further, data augmentation techniques were developed (subsection 2.1.4) and the data was
labelled (subsection 2.1.5).

lYSYS /�j� +RII3,jCRN
The data has been collected prospectively from five hospital wards receiving Covid-19
positive patients at Karolinska Hospital. The data from all patients entering the wards
were automatically stored and then filtered for ICD codes U07.1 and U07.2. U07.1 is
used for patients with the diagnosis Covid-19 and a confirmed infection by a laboratory
test; U07.2 is used if the virus has not been identified but diagnosed clinically [33]. The
data was collected between March 2020 and June 2021.

The patients were continuously monitored with mainly two modalities recording
high-frequency dynamic data: electrodes providing the electrocardiogram (ECG) and
a pulse oximeter providing a photoplethysmogram (PPG). Each of these signals was
stored separately for each patient in a compressed format. Other available data from the
electronic health records (EHR) include static demographic information, e.g. sex or age at
admission, and time-varying data such as lab results or manually sampled blood pressure.
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In addition to the time-varying monitoring and demographics data, a clinical timeline
of patient admission and discharge was constructed. This included admission times,
discharge times, the times of admission to Intensive care units (ICUs), and potentially the
day of death. Figure 2.1 shows an example of a patient timeline. Based on the timestamps,
the relevant part of the data was chosen for the study. In the cases when patients were
admitted for several stays, only the data of one stay was considered. Data before the date
of admission and data on the day of death of deceased patients was excluded. Patients
who died later than three days after discharge were excluded from the study.

Figure 2.1. Exemplary timeline for a patient.

lYSYl Ta3U�a�jCRN R8 ?C<@A7a3\n3N,w /�j�
The diverse patient situations and hospitalization wards in the cohort lead the amount of
data to vary across patients. It was identified which four signals were occurring the most,
by counting for how patients the signal was stored. Patients without all four features
available were excluded. The further preparation included time-series extraction, signal
filtering, and resampling of the signals to the same frequency.

Time-series extraction was performed iteratively to select the earliest possible time
interval in which all four physiological signals were available. Different data sets were
created depending on the length of the recorded data noriginal and the maximum allowed
gap length g during which data was missing. During this step, it was also checked whether
the recorded data was actual physiological data by calculating the variance of the data. If
the variance was below a threshold, it was assumed that the signal was empty. If no time
interval with the given length was found, the patient was excluded.

The extracted raw physiological signals were filtered to remove common noise
sources. First, a high-pass filter was applied to remove baseline wanders due to
motion resulting in frequencies below 0.5 Hz [34]. Second, a 50 Hz Notch filter
was used to remove powerlines causing electromagnetic fields that lead to sinusoidal
disturbances [34]. And third, a 50 Hz low-pass filter to remove high-frequency noise
due to muscle movements and to avoid aliasing when resampling was applied [35]. The
parameters of the filters were chosen to affect the wave morphology as little as possible
while removing as much noise as possible. Figure 2.2 shows the four signals before and
after filtering. Finally, the signal was resampled at a frequency of 125 Hz.
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(a) PPG Signal

(b) ECG-ii Signal

(c) ECG-v2 Signal

(d) ECG-v5 Signal

Figure 2.2. Raw (left) and filtered (rights) signals of PPG (a) and ECG (b-d).

lYSYk /�j� bUICjjCN< �N0 MRaL�ICy�jCRN
The dataset was split on a patient basis into two subsets, Training & Validation Subset and
Testing Subset. 10% of the data was randomly chosen for the Testing Subset, whereby
the ratio between the two classes had to approximately match the ratio in the entire data
set ±10%. In addition, K-fold cross-validation with eight folds was performed during
training, splitting the subset into a Training Subset and a Validation Subset.

Eventually, the data was normalized. The Testing Subset was normalized using the
mean and standard deviation of the entire Training & Validation Subset. The training and
validation data was normalized for every fold using just the data from the Training Subset,
thus, excluding the validation data.

lYSY: /�j� �n<L3Nj�jCRN
Since only a small data set was used, data augmentation was used to train the models
with slightly different time series in each epoch. Two data augmentation techniques were
developed as shown in Figure 2.3. With the first technique, the signal was randomly
cropped on both ends. With the second technique, the signal was additionally split into
several pieces resulting in multiple sequences for each patient.
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Figure 2.3. Schematic representation of data augmentation techniques. Top: Orginal signal with
length noriginal. Middle: Randomly cropping beginning and end of signal resulting in a signal
length of ncrop < noriginal. Bottom: Randomly cropping beginning and end of signal and split
signal in k parts of length nsplit = ncrop/k.

lYSY9 H�$3ICN<
The model aims to solve a classification task of whether the patient died from Covid-19
or not. Therefore, binary labels were used. Patients who died before or within three days
of discharge are labeled as diseased (positive class), while the rest was labeled as survived
(negative class). The temporal aspect is not considered, which means that only the final
result of the stay is considered and not how long the period is between the prediction and
the event.

lYl KR03I /3q3IRUL3Nj
As mentioned above, the thesis followed an experimental research design. The model
architectures were chosen based on the literature review for models solving similar tasks.
In this work, only deep learning methods were considered. Deep learning methods have
recently becoming very popular because of the large amounts of data when working
with medical data, including time-series data from sensors and health records [36]. The
used input data consists of several high-frequency time-series data and static features.
Conventional machine learning methods require manual extraction of features from time
series data, whereas deep learning methods automatically create the features that best fit
the data and the task best [37]. This is beneficial both in terms of better use of the data and
by the fact that the data can be used directly, without an additional step of pre-processing.

The model development phase was divided into two parts. First, experiments for
finding a suitable model architecture and training hyperparameters were performed. In
the second part, the input data was varied.
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Every hyperparameter configuration was run five times to reduce arbitrary deviation. The
model performances were evaluated using different metrics based on the confusion matrix
(Figure 2.4):

• Sensitivity (SEN):Measures ability to predict mortality.
• Specificity (SPE):Measures how good survival is predicted.
• Balanced Accuracy (BACC): Average of sensitivity and specificity.
• Precision (PRE):Measures how accurate the mortality predictions are.
• F1 Score: Harmonic mean of sensitivity and precision:

F1 =
2 · SEN · PRE

SEN + PRE

The metrics were calculated on the testing, validation, and testing data for each fold
individually. To compare the models mean and standard deviation were calculated over all
folds and runs. Additionally, an ensemble was built using all models of one run. Ensemble
predictions were made using majority voting. The same metrics as above were used and
averaged over all runs of one configuration. Due to the high imbalance between the two
classes, the balanced accuracy is used instead of the regular accuracy and was the main
measure to compare models in this work.

Figure 2.4. Confusion matrix and Evaluation metrics that are used in this report.

In order to evaluate and assess the performance of a model, it is first compared with
other in this work developed models to find the optimal configuration. Since the focus
of the work is on the general feasibility of the method and to see if such a model trains
at all, this was the priority during the evaluation. In addition, the results were compared
with other work to see how similar models performed. A baseline model based on human
expertise was not used due to feasibility and time constraints.
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Data preparation, model development, and evaluation were performed in Python 3.7 [38].
PyTorch was used to implement the deep learning models [39]. Most tasks were carried
out on an HP laptop with a 16 GB Intel core. For model training, a Computation Server
with 80 CPU cores and 4 Tesla v100-SXM2-16GB GPUs was available but had to be
shared with other projects. For training and testing the models, a test environment with a
Singularity container was created [40].
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This chapters contains an overview of the chosen model architectures (section 3.1),
training hyperparameters (section 3.2) and experiments (section 3.3).

kYS KR03I �a,@Cj3,jna3c
Three deep learning architectures were selected based on similar work for processing
physiological time-series data. The architectures were initially implemented as specified
in the literature and then adapted to the given dataset and task. In the following, similar
parts of the model architectures are described only once. Exemplary model summaries for
each architectures can be found in Appendix B.

kYSYS p�NCII� +MM
The first model is a Vanilla convolutional neural network (CNN). The design is based
on the work of Zhao et al. who introduced a methodology for CNNs for time-series
classification [41]. The model architecture is shown in Figure 3.1.

Input: The input consists of dynamic and static features. The dynamic features are
represented as an input vector of size n× c, with signal length n and number of channels
c. The static features are represented as an input vector of size 1×s, with number of static
features s.

Convolutional Modules: Convolution operations are performed on the dynamic features.
Every convolutional module consists of one convolutional layer followed by batch
normalization (BN), a rectified linear activation function (ReLu), and a pooling layer.
The convolutional layer can vary in filter numbers m and filter size l. Max-pooling is
used and the pooling size p can vary. The depth of the model d determines how many
convolutional modules are stacked in series.
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Feature and Classification Layer: After the last convolutional layer, the output vector
is flattened to a 1D-feature map and concatenated with static features. The final binary
classification is performed using a fully connected layer followed by a soft-max layer.

Figure 3.1. Vanilla CNN architecture.

kYSYl +MM BN,3UjCRN
The second model is based on the CNN Inception model for time series from Ismail Fawaz
et al. [42]. Instead of applying several convolutions in series, they are applied in parallel
and combined with a bottleneck layer. Figure 3.2 shows the architecture.

Input: As before, the input includes dynamic features, with signal length n and number
of channels c0, and s static features of length 1.

Inception Modules: Instead of convolutional modules, this architecture consists of
inception modules to process the dynamic features. First, a bottleneck layer adapts the size
of the input channels ci to size cb. Usually, it is cb < ci as the goal of the bottleneck layer
is to reduce the number of parameters of the model. Three convolutions are performed on
the output of the bottleneck layer with length l1, l2 and l3, respectively. Additionally, max
pooling with a pooling length of 3 is performed on the input of the module, followed by a
convolutional layer with length 1. The output channels of all four convolutions are of size
m, resulting in an overall output size of the module of 4m × n. Last, BN and ReLu are
applied. The depth of the model d determines how many inception modules are stacked
in series. Moreover, every third module is connected by a residual connection.
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Global average pooling and classification: The binary classification is performed using
a fully-connected layer. Unlike the Vanilla CNN, the output of the last inception module
undergoes a global average pooling before the classification layer. This results in an input
size for the fully-connected layer of 4m × 1. The fully-connected layer is followed by a
soft-max layer to calculate the probability for both classes.

Figure 3.2. CNN Inception architecture.

kYSYk +MMAHbiK
The third proposed model combines a CNN with a recurrent neural network (RNN),
more specifically, a long short-term memory architecture (LSTM). The input and the
convolutional layer are equivalent to the Vanilla CNN (subsection 3.1.1). After that, an
LSTM and a classification layer are connected. Figure 3.3 depicts the architecture.

LSTM Layer: The output of the CNN is combined with the static features by extending
the static features to the same length i as the CNN output. This results in i input vectors
x1, x2, ..., xi. The LSTM consists of n nodes and h hidden layers. The LSTM is of the
kind ”many to one” and, thus, produces one output y of size 1× n.

Classification Layer: The final binary classification is performed using a fully connected
layer and a soft-max layer.
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Figure 3.3. CNN-LSTM architecture.

kYl ia�CNCN< ?wU3aU�a�L3j3ac
The training hyperparameters include fixed parameters and three varying parameters:
initial learning rate (iLR), step scheduler, and L1 Regularization.

kYlYS H3�aNCN< `�j3
All models were trained with an Adam optimizer [43]. In addition to the automatic
adaption of the iLR through the Adam optimizer, the upper limit for the learning rate
(LR) is given by a step scheduler (Figure 3.4). The upper limit of the LR is decreased by
γ after a specified number of epochs e = 100.

Figure 3.4. Step scheduler for learning rate. The upper limit of the learning rate is reduced every
e epochs by a factor γ, starting from a given initial learnign rate (iLR).



2uU3aCL3Nj�I /3cC<N & Sk

kYlYl ia�CNCN< HRcc
The loss was calculated using Binary Cross Entropy (BCE) depending on labels y,
predictions ŷ and weights wy. Weights are used to account for unbalance between
classes. Additionally, L1 regularization (Lasso Regression) was added to the loss. The L1
regularization term is calculated by summing up the absolute value of all model weights
wp,i with i = 1, 2, ..., P and P is the number of model parameters, and multiplying it with
λ to control the regularization. The loss was therefore calculated as:

loss = BCE(y, ŷ, wy) + λ
P∑

i=1

|wp,i|

kYlYk 7Cu30 ia�CNCN< ?wU3aU�a�L3j3ac
Early stopping was used. The training stopped when the validation loss decreased for 15
epochs. This means that a minimum validation loss was reached and no lower loss was
reached within 15 epochs; it does not mean that the loss increased 15 times in series. All
models were trained for a maximum of 1000 epochs. The batch size was set to 15 patients.

kYk 2uU3aCL3Njc
The experiments were divided into two parts, a hyperparameters study (subsection 3.3.1)
and a input data study (subsection 3.3.2).

kYkYS ?wU3aU�a�L3j3a bjn0w
All model architectures were developed with regard to model hyperparameters and
training hyperparameters. It should be noted that this work focused on feasibility and
not on identifying the optimal configuration. First, a random search was performed to
find a good parameter range before a grid search was used for a more detailed evaluation.
All experiments were performed with all signals available for the study population.

Experiment 1: Model Hyperparameters
For the Vanilla CNN, the hyperparameters include depth d, filter sizes li, number of filter
per convolutional layermi, pooling sizes pi and depth, resulting in 54 configurations (see
Table 3.1). All models were trained with an iLR of 0.0005, no scheduler (γ = 1) and no
L1 regularization (λ = 0).
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Table 3.1. Variation of model hyperparameters for Vanilla CNN Experiment 1.

Feature Variable Variations

Depth d 3, 4

Number of Filters mi, i = 1, 2, ..., d 2, 5, 8

Filter Size li, i = 1, 2, ..., d 5, 10, 15

Pooling Size pi, i = 1, 2, ..., d 5, 7, 10

For the CNN Inception, 36 configurations were tested adapting the depth d, number of
filters m, bottleneck size cb and filter sizes l (Table 3.2). The training hyperparameters
were set to an iLR of 0.0005, γ = 1 and λ = 0.

Table 3.2. Variation of model hyperparameters for CNN Inception Experiment 1.

Feature Variable Variations

Depth d 1, 3

Number of Filters m 2, 5, 10

Bottleneck Size cb 1, 3

Filter Size l = [l1, l2, l3] [100, 50, 25], [20, 10, 5], [40, 20, 10]

For the CNN-LSTMmodel, six model hyperparameters were varied, four for the CNN and
two for the LSTM resulting in 48 different configurations (Table 3.3). For the training an
iLR of 0.0002, γ = 0.85, and λ = 0 was used.

Table 3.3. Variation of model hyperparameters for CNN-LSTM Experiment 1.

Feature Variable Variations

Depth d 2, 3

Number of Filters mi, i = 1, 2, ..., d 2, 5

Filter Size li, i = 1, 2, ..., d 5, 10, 15

Pooling Size pi, i = 1, 2, ..., d 5, 10

LSTM Features [n, h] [5, 1], [8, 2]

Experiment 2: Training Hyperparameters
In the second experiment three training hyperparameters were varied. The model
hyperparameters were set to the best performing configuration from the first experiment.
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In addition to the hyperparameter testing, two experiments were performed to assess the
influence of the input data on the model. First, the number of dynamic and static signals
was varied instead of using all signals as in the experiments before. This experiment was
performed with the Vanilla CNN. The model hyperparameters were set to d = 4,mi = 2,
li = 15 and pi = 10 and training hyperparameters to iLR = 0.0005, γ = 1, andλ = 0.001.
The architecture was trained with nine combinations of dynamic input features, each once
with and once without static features.

Second, the models were trained with different datasets and data augmentation
techniques. This experiment was performed both with the Vanilla CNN and CNN-LSTM.
The model hyperparameters were varied and the training hyperparameters were set to
iLR = 0.0005, γ = 1, and λ = 0.001.
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This chapter covers the results to answer the research questions. Section 4.1 presents
the results of the extraction of the study population and an analysis of the datasets. The
results of the hyperparameter study and the input data study are provided in section 4.2
and section 4.3, respectively.

:YS bjn0w TRUnI�jCRN
Data from 7,955 patients with Covid-19 from Karolinska Hospital was available from
the 2nd of March 2020 to the 1st of June 2021. From this, the study population was
derived stepwise (Figure 4.1). Of those with Covid-19 as the main diagnosis (U07.1 or
U07.2), high-frequency monitored data of 245 patients was recorded and stored, however,
the number of features recorded varied (Table 4.1). Out of 55 signals, the most commonly
recorded signals were ECG signals (II, v2, v5) as well as PPG (plet). As those four features
give enough physiological information, they have been selected for the rest of the study.
Static values included in the study are age at admission and sex.

Table 4.1. Availability of high-frequency signals that were recorded for more than 35% of all
patients with available high-frequency data. The number of patients and the ratio are presented.

Signal Main Object All Survived Died

plet [-] Blood Volume Change 241 98% 195 98% 46 98%
II [mV] Heart Activity 225 92% 178 90% 47 100%
v2 [mV] Heart Activity 225 92% 178 90% 47 100%
v5 [mV] Heart Activity 225 92% 178 90% 47 100%
III [mV] Heart Activity 196 80% 152 77% 44 93%
bv1 [mV] Heart Activity 192 78% 151 76% 41 87%
avr [mV] Heart Activity 116 47% 96 48% 20 42%
art [mmhg] Blood Pressure 92 38% 68 34% 24 51%

Note: plet: photoplethysmogram; art: arterial blood pressure
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Figure 4.1. Flow chart for defining study population and reasons for excluding patients.

84 subjects were removed because they either did not have all features recorded,
timestamps were not aligning, no data was available in the first week after admission,
or the patient died more than three days after hospital discharge. The exclusion was based
only on the timestamps provided and not on the data itself.

From the basic study population of 161 subjects, two datasets were formed (Table 4.2).
Dataset 1 (DS1) includes k1 = 112 patients with an extracted time-series length noriginal of
10minutes, 83 patients survived while 29 patients deceased. Dataset 2 (DS2) includes k2 =
105 patients with noriginal of 60 minutes, 77 patient survived and 28 patients died. For DS1,
one augmentation technique was used where the signal was randomly cropped, so that
ninput = ncrop = 70, 000 data points. For DS2, two augmentation techniques were applied.
First, the data was cropped resulting in ninput = ncrop = 400,000 data points. Second, the
dataset was cropped and split, so that ninput = nsplit = 70,000 data points resulting in 6
times more samples in one batch for training the model.
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Table 4.2. Overview of datasets.

Classes Criteria Augmentation Subsets*

Dataset ki ki,surv ki,died noriginal g Technique ninput strain sval stest
[min] [min] [dp]

DS1 112 83 29 10 0.5 C 70,000 87/88 12/13 11

DS2 105 77 28 60 1 C 400,000 82/83 11/12 12
C&S 70,000 492/498 66/72 72

Note: DS: dataset; min: minutes; dp: data points; C: cropped; S: split.
* Sizes of subsets differ between the folds

The extra few patients in DS2 barely change the demographics of the study populations
(Figure 4.2). The median age at admission of DS1 is 60 years, although the average age
at admission was significantly lower for the survivors (75 years compared to 58 years).
The median age at admission for DS2 is 62 years (59 years for surviving patients and 73
years for deceased patients). The percentage of women in DS1 was 33.02%, in DS2 it was
30.19%. It should be noted that for both datasets the age of females in the survivor group
is higher than that of male survivors and, conversely, it is lower in the deceased female
patients.

(a) Dataset 1 (b) Dataset 2

Figure 4.2. Age of patients depending on outcome and sex (f = female, m = male).

:Yl ?wU3aU�a�L3j3a bjn0w
This section presents the model hyperparameter and training hyperparameter experiments
for all three model architectures. For this part ”DS1 Cropped” was used. A more detailed
analysis of the performance of the model hyperparameters and results of all configurations
can be found in Appendix C.
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Experiment 1: Model Hyperparameters
Figure 4.3 shows the loss and BACC for all subsets for each configuration averaged over
all runs and folds. The training loss increases for middle-sized models which seem to
overfit. Large models on the other hand (> 60,000 model parameters) are not able to train.
This can be observed by the loss functions (Figure 4.4). Often the model begins to overfit
and the training is stopped quite early, for other configurations the loss remains constant
for all epochs. The loss functions of the smaller configuration are all constantly decreasing
until they are stopped.

(a) Loss (b) Balanced Accuracies

Figure 4.3. (a) Mean loss of Vanilla CNN Experiment 1. The loss is averaged over all runs and
folds of one configuration. (b) Mean balanced accuracies of training, validation, and testing subset
of Vanilla CNNExperiment 1. The results are averaged over all runs and folds of one configuration.

Figure 4.4. Loss curves for small and large configuration in Vanilla CNN Experiment 1. The loss
for each epoch is averaged over all runs and folds of the configuration that have not been stopped.
The mean and standard deviation are shown. A vertical grey line shows when the training for one
fold was stopped.
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Large models have a higher BACC for validation and testing subsets when comparing
the average (Figure 4.3b). However, the results of the ensembles show that the more
complex models have a lower BACC and a lower F1-score since just the survivor class is
predicted (Figure 4.5). The best performing configuration yields a mean ensemble BACC
of 0.701 and a F1-score of 0.538 (Table 4.3). Note that the spread of the results is very
high and many configurations achieve a BACC below 0.5 and a very low F1-score.

Figure 4.5. Vanilla CNN Experiment 1 ensemble evaluation. The graph shows the mean of each
configuration over all runs.

Table 4.3. Vanilla CNN Experiment 1 best performing configurations based on ensemble balanced
accuracy. The average and standard deviation of the six best configuration are listed.

Hyperparameters Evaluation

Model Param. d m l p Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

350 4 2 15 10 0.675 (0.118) 0.400 (0.181) 0.95 (0.068) 0.800 (0.274) 0.527 (0.206)
438 4 2 15 7 0.658 (0.116) 0.500 (0.212) 0.817 (0.215) 0.607 (0.274) 0.510 (0.185)
538 3 2 15 10 0.659 (0.117) 0.567 (0.279) 0.752 (0.106) 0.431 (0.134) 0.477 (0.173)
570 4 2 5 5 0.701 (0.177) 0.633 (0.375) 0.769 (0.191) 0.525 (0.181) 0.538 (0.237)
1086 3 5 5 10 0.668 (0.115) 0.450 (0.162) 0.886 (0.079) 0.600 (0.253) 0.508 (0.194)
2116 4 5 10 5 0.655 (0.148) 0.517 (0.291) 0.793 (0.130) 0.467 (0.315) 0.417 (0.148)

Experiment 2: Training Hyperparameters
The model hyperparameters were set to d = 4, mi = 2, li = 5 and pi = 5. As before,
all configurations exhibit high variance and no clear trend can be identified (Figure 4.6).
However, some configuration are able to yield a high BACC and a high F1-score Table 4.4.
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Figure 4.6. Vanilla CNN Experiment 2 ensemble balanced accuracies. The figure shows the mean
and standard deviation over all runs for each configuration.

Table 4.4. Vanilla CNN Experiment 2 best performing configurations based on ensemble balanced
accuracy. The average and standard deviation of the six best configuration are listed.

Hyperparameters Evaluation

LR γ λ Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

0.0001 0.85 0.00001 0.801 (0.115) 0.667 (0.312) 0.936 (0.098) 0.853 (0.202) 0.677 (0.114)
0.0001 0.85 0.0005 0.694 (0.052) 0.767 (0.273) 0.622 (0.205) 0.445 (0.135) 0.522 (0.120)
0.0003 0.85 0.001 0.709 (0.220) 0.650 (0.487) 0.768 (0.128) 0.363 (0.267) 0.443 (0.321)
0.0005 0.70 0.0005 0.701 (0.090) 0.583 (0.186) 0.819 (0.097) 0.547 (0.117) 0.548 (0.139)
0.0005 0.85 0.0 0.705 (0.212) 0.583 (0.373) 0.826 (0.140) 0.480 (0.398) 0.517 (0.384)
0.0005 1.00 0.001 0.748 (0.173) 0.700 (0.298) 0.796 (0.292) 0.611 (0.369) 0.599 (0.290)

:YlYl +MM BN,3UjCRN
Experiment 1: Model Hyperparameters
Similar to the Vanilla CNN, more complex models have a decreasing training loss and
increasing validation loss, a sign that that the models overfit (Figure 4.7a). This is also
indicated by the higher mean training BACC for more complex models (Figure 4.7b).

(a) Loss (b) Balanced Accuracies

Figure 4.7. (a) Mean loss of CNN Inception Experiment 1. The loss is averaged over all runs
and folds of one configuration. (b) Mean balanced accuracies of training, validation, and testing
subset of CNN Inception Experiment 1. The results are averaged over all runs and folds of one
configuration.
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For the ensembles, the specificity is very high for most models, while the sensitivity
stays below 0.6 in most cases (Figure 4.8). The precision is very low overall and never
reaches more than 0.746. Several models achieve a BACC over 0.7 and an F1-score over
0.5, but even for the best models, the precision is below 0.5. The best performance is
achieved by a middle sized configurations with 985 model parameters (Table 4.5).

Figure 4.8. CNN Inception Experiment 1 ensemble evaluation. The graph shows the mean of each
configuration over all runs.

Table 4.5. CNN Inception Experiment 1 best performing configurations based on ensemble
balanced accuracy. The average and standard deviation of the six best configuration are listed.

Hyperparameters Evaluation

Model Param. cb m l d Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

400 1 2 100,50,25 1 0.713 (0.037) 0.767 (0.224) 0.660 (0.173) 0.399 (0.098) 0.507 (0.079)
460 1 5 40,20,10 1 0.722 (0.162) 0.733 (0.279) 0.711 (0.127) 0.466 (0.183) 0.563 (0.205)
643 3 5 20,10,5 1 0.707 (0.159) 0.600 (0.253) 0.813 (0.083) 0.450 (0.201) 0.507 (0.214)
985 1 5 100,50,25 1 0.909 (0.089) 0.950 (0.112) 0.868 (0.066) 0.670 (0.053) 0.785 (0.071)
1075 1 5 20,10,5 3 0.721 (0.091) 0.550 (0.298) 0.893 (0.123) 0.747 (0.256) 0.542 (0.099)
1108 3 2 100,50,25 1 0.738 (0.143) 0.767 (0.325) 0.709 (0.184) 0.469 (0.150) 0.560 (0.192)

When studying the different hyperparameters, it can be observed that especially the
depth affects the results, with the configurations with d = 1 performing considerably
better. Also, a lower number of filters m leads to better results. For the filter size l and
the bottleneck size cb, no clear tendency can be detected; instead, the results depend more
on the combination of the hyperparameters.

Experiment 2: Training Hyperparameters
The model hyerparameters were set to m = 5, cb = 1, l = [100, 50, 25] and d = 1.
First of all, it must be emphasized that the results of the previous experiment with the
same configuration are not reproduced. Nevertheless, similar configurations of training
parameters yield good results (Table 4.6). A closer look at the hyperparameters shows
that especially the iLR influences the result, neither a lower nor a higher iLR leads to an
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improvement (Figure 4.9). For the other two hyperparameters, no clear tendency can be
seen.

Table 4.6. CNN Inception Experiment 2 best performing configurations based on ensemble
balanced accuracy. The average and standard deviation of the six best configuration are listed.

Hyperparameters Evaluation

LR γ λ Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

0.0005 0.70 0.0 0.861 (0.123) 0.950 (0.112) 0.773 (0.171) 0.650 (0.253) 0.751 (0.201)
0.0005 0.70 0.0001 0.786 (0.130) 0.800 (0.209) 0.773 (0.097) 0.537 (0.153) 0.638 (0.164)
0.0005 0.85 0.0001 0.778 (0.168) 0.767 (0.325) 0.789 (0.083) 0.467 (0.139) 0.573 (0.198)
0.0005 1.00 0.0001 0.776 (0.093) 0.767 (0.224) 0.786 (0.063) 0.513 (0.096) 0.590 (0.043)
0.0005 1.00 0.0005 0.792 (0.176) 0.850 (0.224) 0.734 (0.164) 0.560 (0.288) 0.660 (0.259)
0.0010 0.85 0.0 0.826 (0.138) 0.833 (0.236) 0.819 (0.167) 0.669 (0.225) 0.720 (0.197)

Figure 4.9. CNN Inception Experiment 2 ensemble balanced accuracies. The figure shows the
mean and standard deviation over all runs for each configuration

:YlYk +MMAHbiK
Experiment 1: Model Hyperparameters
The CNN-LSTM was trained on 48 different configurations with less than 2200 model
parameters, thus with less complex configurations than the two architectures before. The
training loss decreases for more complex models, and the validation loss on the other hand
is constant (Figure 4.10a).

For all configurations, it can be noted that sometimes no training was possible and
the loss stays constant for all epochs. For more complex models there is a trend to
overfit so that the training is already stopped after a few epochs (Figure 4.11). This is
also reflected in the higher average BACC on the training subset (Figure 4.10b). For the
smallest configuration on the other hand the loss decreases just slightly over time. Looking
at the loss functions of the best-performing configuration, it is noticeable that it is quite
possible to reduce the loss, although the mean is still high because the training is often
stopped early.
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(a) Loss (b) Balanced Accuracy

Figure 4.10. (a) Mean loss of CNN-LSTM Experiment 1. The loss is averaged over all runs and
folds of one configuration. (b) Mean balanced accuracies of training, validation, and testing subset
of CNN-LSTMExperiment 1. The results are averaged over all runs and folds of one configuration.

Figure 4.11. Loss curves for small (left), best (middle) and large (right) configuration in CNN-
LSTM Experiment 1. The loss for each epoch is averaged over all runs and folds of the
configuration that have not been stopped. The mean and standard deviation are shown. A vertical
grey line shows when the training for one fold was stopped.The model configurations for pi = 10
are shown.

These effects balance each other out when examining the ensemble evaluation. Most
configurations yield an average ensemble BACC over 0.5, however, the sensitivity and
precision is very low (Figure 4.12). This results in a very low F1-Score for most
configurations. Overall, the best results are yield with a smaller depth d = 2, higher
pooling size pi = 10 and higher filter sizes li = 10/15. When comparing the two LSTM
options, the smaller configuration with n = 5 and h = 1 performs better. The best-
performing configuration achieves a BACC of 0.762 and a F1-Score of 0.642 (Table 4.7)
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Figure 4.12. CNN-LSTM Experiment 1 ensemble evaluation. The graph shows the mean of each
configuration over all runs.

Table 4.7. CNN-LSTM Experiment 1 best performing configurations based on ensemble balanced
accuracy. The average and standard deviation of the six best configuration are listed.

Hyperparameters Evaluation

Model Param. d mi li pi [n, h] Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

360 2 2 10 10 5,1 0.690 (0.195) 0.600 (0.548) 0.780 (0.268) 0.250 (0.276) 0.340 (0.344)
484 3 2 15 5 5,1 0.676 (0.181) 0.417 (0.449) 0.935 (0.093) 0.450 (0.447) 0.383 (0.361)
987 2 5 15 10 5,1 0.762 (0.173) 0.650 (0.379) 0.875 (0.153) 0.764 (0.234) 0.642 (0.274)
987 2 5 15 5 5,1 0.672 (0.155) 0.483 (0.393) 0.861 (0.127) 0.507 (0.370) 0.45 (0.298)
1110 2 2 5 10 8,2 0.650 (0.163) 0.400 (0.285) 0.900 (0.137) 0.567 (0.435) 0.462 (0.333)
1170 2 2 10 10 8,2 0.717 (0.122) 0.500 (0.289) 0.933 (0.061) 0.600 (0.365) 0.533 (0.298)

Experiment 2: Training Hyperparameters
Next, the training hyerparameters are compared using the model hyperparameters d =
2,mi = 5, li = 15, pi = 10 and LSTM Features [5, 1]. As shown in Figure 4.13, the
BACC is never much higher than 0.7. As before, the iLR affects the results, performing
best at 0.0005. In addition, L1 regularization has a positive impact on the result. However,
since the sensitivity is never higher than 0.55, the F1-score for the best configurations is
also only about 0.5 (Table 4.8).

Figure 4.13. CNN-LSTM Experiment 2 ensemble balanced accuracies. The figure shows the
mean and standard deviation over all runs for each configuration
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Table 4.8. CNN-LSTM Experiment 2 best performing configurations based on ensemble balanced
accuracy. The average and standard deviation of the six best configuration are listed.

Hyperparameters Evaluation

LR γ λ Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

0.0001 1.00 0.0005 0.705 (0.23) 0.550 (0.447) 0.861 (0.062) 0.483 (0.291) 0.498 (0.352)
0.0002 0.85 0.0001 0.717 (0.145) 0.500 (0.373) 0.933 (0.099) 0.653 (0.409) 0.517 (0.303)
0.0005 0.85 0.0005 0.668 (0.178) 0.400 (0.365) 0.936 (0.059) 0.467 (0.447) 0.427 (0.393)
0.0005 0.85 0.001 0.701 (0.179) 0.467 (0.361) 0.936 (0.098) 0.600 (0.435) 0.493 (0.325)
0.0005 1.00 0.0005 0.702 (0.202) 0.467 (0.361) 0.938 (0.057) 0.600 (0.418) 0.513 (0.366)
0.0005 1.00 0.001 0.717 (0.126) 0.433 (0.253) 1.000 (0.000) 0.800 (0.447) 0.560 (0.318)

Note: Param.: Parameters; LR: Initial Learning Rate; γ: Step Scheduler Parameter; λ: L1 Regularization Parameter;
Bal.: Balanced.

:YlY: +RLU�aCcRN
For all three model architectures, similar observations are made. Throughout all
experiments, the variation of the results is very high and the results are just limited
reproducible. The model hyperparameters have a higher impact than the training
hyperparameters, just the iLR influences the ability to train. In particular, models with
more than 2000 parameters do not provide sufficient results. For most configurations the
specificity is much higher than the sensitivity, meaning that all models tend to predict
the negative class. Moreover, the precision is very low which leads to a low F1-Score.
Overall, the CNN Inception achieves the best results (Table 4.9). Both the BACC and
the F1-score are higher than for the other two architectures. The best configurations of
the CNN Inception and the CNN-LSTM have almost the same number, while the Vanilla
CNN has just half the number of model parameters. Noticeably, the standard deviation
for the CNN-LSTM is slightly higher than for the other two models.

Table 4.9. Comparison of best performing configurations based on ensemble balanced accuracy.
The average and standard deviation of the two best configuration for every model architecture and
experiment are listed.

Model Evaluation

Architecture Exp Parameters Bal. Accuracy Sensitivity Specificity Precision F1-Score

Vanilla CNN Exp 1 350 0.675 (0.118) 0.400 (0.181) 0.950 (0.068) 0.800 (0.274) 0.527 (0.206)
Vanilla CNN Exp 1 570 0.701 (0.177) 0.633 (0.375) 0.769 (0.191) 0.525 (0.181) 0.538 (0.237)
Vanilla CNN Exp 2 570 0.801 (0.115) 0.667 (0.312) 0.936 (0.098) 0.853 (0.202) 0.677 (0.114)
Vanilla CNN Exp 2 570 0.748 (0.173) 0.700 (0.298) 0.796 (0.292) 0.611 (0.369) 0.599 (0.290)

CNN Incep. Exp 1 985 0.909 (0.089) 0.950 (0.112) 0.868 (0.066) 0.670 (0.053) 0.785 (0.071)
CNN Incep. Exp 1 1075 0.721 (0.091) 0.550 (0.298) 0.893 (0.123) 0.747 (0.256) 0.542 (0.099)
CNN Incep. Exp 2 985 0.861 (0.123) 0.950 (0.112) 0.773 (0.171) 0.650 (0.253) 0.751 (0.201)
CNN Incep. Exp 2 985 0.826 (0.138) 0.833 (0.236) 0.819 (0.167) 0.669 (0.225) 0.720 (0.197)

CNN-LSTM Exp 1 987 0.762 (0.173) 0.650 (0.379) 0.875 (0.153) 0.764 (0.234) 0.642 (0.274)
CNN-LSTM Exp 1 1170 0.717 (0.122) 0.500 (0.289) 0.933 (0.061) 0.600 (0.365) 0.533 (0.298)
CNN-LSTM Exp 2 987 0.717 (0.145) 0.500 (0.373) 0.933 (0.099) 0.653 (0.409) 0.517 (0.303)
CNN-LSTM Exp 2 987 0.717 (0.126) 0.433 (0.253) 1.000 (0.000) 0.800 (0.447) 0.560 (0.318)

Note: Exp: Experiment; Param.: Parameters; Bal. Balanced.
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This part covers the results of the experiments with varying input data to answer the
minimum amount of data in terms of number of signals and length is, that is required
for a prediction.

:YkYS BNUnj 73�jna3c
To begin with, an average BACC over 0.5 is achieved with all input signals (Figure 4.14).
The best performance without static features is archived when using all dynamic features,
but the differences are very small especially when considering the standard deviation.
However, not every combination of signals leads to improvement, as can be seen from the
combination of the three ECG signals without static features.

The models without static features outperform their counter models in almost all cases.
It is notable that especially with a reduced number of dynamic features, the static features
make a considerable difference. The best results using just one signal in combination with
that static features were achieved with the PPG signal (plet). Again, the combination of
dynamic signals does not lead to an improvement in all cases.

Figure 4.14. Vanilla CNN variation of input signals. The figure shows the mean and standard
deviation of the ensemble balanced accuracy for all runs of one configuration.

:YkYl /�j�c3j
Additionally to the number of features, the input data can be varied regarding the
signal length ninput and the augmentation technique. For the Vanilla CNN, the model
performances of ”DS1 Cropped” and ”DS2 Cropped+Splitted” evolves similarly for
different configurations (Figure 4.15). Using more samples by splitting the signal slightly
improves the results in most cases. The best three results with both datasets are obtained
by the same configurations (Table 4.10). ”DS2 Cropped” performs not considerably
different from those with shorter input lengths. However, it is notable that the specificity
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is increased while the sensitivity is decreased. Also, a good average precision is yielded,
but with a very high standard deviation which is also reflected in the F1-Score.

Figure 4.15. Vanilla CNN comparison of datasets and augmentation techniques. The graph shows
the mean ensemble balanced accuracy and F1-Score over all runs of one configuration.

Table 4.10. Evaluation of Vanilla CNN for different datasets and augmentation techniques. For
each dataset and augmentation technique, the best three configurations are listed. The mean and
standard deviation over all runs of the same configuration are presented.

Model Evaluation
Dataset Param. Bal. Accuracy Sensitivity Specificity Precision F1-Score

DS1 C 150 0.836 (0.101) 0.833 (0.236) 0.839 (0.105) 0.633 (0.217) 0.674 (0.081)
DS1 C 350 0.768 (0.079) 0.650 (0.137) 0.886 (0.186) 0.850 (0.224) 0.708 (0.099)
DS1 C 1541 0.661 (0.053) 0.500 (0.167) 0.821 (0.066) 0.533 (0.075) 0.503 (0.094)
DS2 C 382 0.709 (0.194) 0.517 (0.303) 0.902 (0.097) 0.667 (0.408) 0.579 (0.342)
DS2 C 1014 0.743 (0.114) 0.533 (0.274) 0.953 (0.065) 0.850 (0.224) 0.605 (0.158)
DS2 C 1318 0.727 (0.174) 0.483 (0.393) 0.971 (0.064) 0.760 (0.434) 0.549 (0.359)
DS2 C&S 150 0.625 (0.194) 0.406 (0.274) 0.845 (0.215) 0.678 (0.409) 0.460 (0.267)
DS2 C&S 350 0.784 (0.095) 0.700 (0.183) 0.868 (0.087) 0.664 (0.215) 0.666 (0.157)
DS2 C&S 1541 0.716 (0.196) 0.625 (0.315) 0.807 (0.124) 0.579 (0.270) 0.597 (0.286)

Note: DS1: Dataset 1; DS2: Dataset 2; C: Cropped; S: Splitted
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For the CNN-LSTM, the ”DS2 Cropped+Splitted” performs worse for both trained
configurations (Figure 4.16). In particular, for the more complex LSTM, the model is
not able to train and predict just one class, resulting in a F1-Score of 0.0 (Table 4.11).
The ”DS2 Cropped” on the other hand improves the results. In particular, the standard
deviation of both the BACC and the F1-score decreased compared to ”DS1 Cropped”,
indicating a more stable prediction. This is even more notable considering that the effect
for the Vanilla CNN is the opposite.

Figure 4.16. CNN-LSTM comparison of datasets and augmentation techniques. The graph shows
the mean and standard deviation of the ensemble balanced accuracy and F1-Score over all runs of
one configuration.

Table 4.11. Evaluation of CNN-LSTM for different datasets and augmentation techniques. The
mean and standard deviation over all runs of the same configuration are presented.

Model Evaluation
LSTM Dataset Bal. Accuracy Sensitivity Specificity Precision F1-Score

5,1 DS1 C 0.719 (0.161) 0.517 (0.303) 0.921 (0.072) 0.683 (0.41) 0.577 (0.327)
5,1 DS1 C+S 0.608 (0.153) 0.333 (0.252) 0.883 (0.064) 0.458 (0.360) 0.381 (0.288)
5,1 DS2 C 0.703 (0.052) 0.450 (0.112) 0.956 (0.061) 0.800 (0.274) 0.547 (0.117)
8,2 DS1 C 0.621 (0.217) 0.267 (0.435) 0.975 (0.056) 0.300 (0.447) 0.280 (0.438)
8,2 DS1 C+S 0.500 (0.000) 0.000 (0.000) 1.000 (0.000) 0.000 (0.000) 0.000 (0.000)
8,2 DS2 C 0.623 (0.105) 0.300 (0.240) 0.946 (0.074) 0.633 (0.415) 0.380 (0.247)

Note: DS1: Dataset 1; DS2: Dataset 2; C: Cropped; S: Splitted
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This chapter discusses the methodology for the data processing (section 5.1), the
model development and performance (section 5.2), and comparison to previous results
(section 5.3) and ends with other limitations (section 5.5) and future work (section 5.6).

9YS /�j� TaR,3ccCN< �N0 bjn0w TRUnI�jCRN
The Covid-19 pandemic was an exceptional situation that led to a unique study population
but led also to compromises due to problems during the data recording. Through the
possibility of prospectively collecting the data, high-frequency data was used which is
usually not stored due to capacity reasons. The data was collected from patients with the
same disease in a short period, a unique situation that leads to a more uniform dataset.
Previous studies had to account for comorbidities instead as they have a high impact on
the vital parameters [26, 44, 45]. However, although high-frequency data was recorded for
over 200 patients, signals were missing and the recordings include long gaps and empty
signals. This needs to be expected in clinical everyday life, but it reduces the size of the
dataset drastically. Additionally, patients had to be excluded due to unclear time stamps.
It was also difficult to interpret whether the patient was treated in an ICU, as wards were
used as ICUs during the pandemic. Hence, the ICU timestamps could not be considered.

Overall, the final study population was very small, other Covid-19 datasets range from
181 to over 6,000 patients [26, 44–46]. It should be considered that not only the number
of samples is relevant, but also the relation to the size of the input data and the model.
In this work, the proposed models are very large, so it needs many independent inputs
to develop a generalized model. The small population size influenced the ability to train
as can be seen in the loss curves and the results. Consequently, individual patients had a
high influence on the outcome. Cross validation was used to try to counteract overfitting,
but it was not achieved in all cases. In particular, the tendency for the validation loss to
be lower than the training loss indicates that randomization plays a large role in cross-
validation. Due to the random distribution of the subsets, validation and test subset might
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not be representative, resulting in an early terminated training due to a high validation
loss. This in turn has a major impact on average performance and ensemble performance.
It should be observed that some models perform very well while others do not train at all.
This could be prevented by using a larger study population.

Additionally to the population size, other factors during the data processingmight have
influenced the results. Criteria had to be chosen when selecting thresholds for the study
population and extracting the time series data, such as the length of gaps or the criteria
to exclude patients. Further, it should be critically noted that the first available data was
extracted without taking into consideration the admission and discharge time. This is
relevant as some patients were already treated before they were monitored. Other studies
tried to avoid this problem by using data depending on the time to death, which makes
it easier to develop the model and classify the results [25, 47]. However, the question of
clinical relevance must be raised here, since it is no longer possible to intervene when the
prediction is made.

Another aspect that should be discussed is the time period that lays between the
prediction and the event. In this work, the first available data was used to make a
prediction about the discharge of the entire stay. However, the lengths of stay differ
between the patients, therefore, sometimes the prediction was very close to the event
and sometimes it was very long time period. During this time the patient’s condition
can change significantly and a later prediction might results in a different outcome. The
output also does not include a time at which the patient will die, which is problematic
when it comes to adjust the treatment.

Last, the filtering of the time-series data could be improved instead of applying simple
linear filters. Although they work well in most cases, filtering methods such as the wavelet
transform could avoid information loss [48].

9Yl KR03I /3q3IRUL3Nj �N0 T3a8RaL�N,3
Three model architectures were selected and compared. While they were based on models
developed for time-series data, they had to be adapted to high-frequency data. The main
difficulty was selecting appropriate model hyperparameters for the long input sequences
while training with a small study population. The focus of the thesis was on the feasibility
of the models and not to find the perfect model. Therefore, a simplified grid search was
used to find a good model. Instead, a more thorough random search should be used to
be able to find better hyperparameters. Additionally, more runs are required to ensure
reproducibility of results, reduce the high variance of the results, and to able to make a
more stable conclusion.

The Vanilla CNN required a high pooling size to keep the model complexity
manageable to avoid too many parameters for the fully connected layer. However, the
architecture used as a basis was tested only for input lengths of 60 to 427 and works
therefore with much smaller pooling sizes [41]. If the signal is heavily pooled early,
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information may be lost. Likewise, the CNN Inception model was developed for sequence
lengths of a maximum of 1024 data points [42]. Due to a much longer input length and a
lowmodel complexity, the applied global average pooling has amuch larger impact, which
could cause a loss of important information. The CNN-LSTM tries to avoid extensive
pooling and instead considers the time dimension. This works especially well for longer
sequences as shown with the results for DS2, where the standard deviation could be
reduced significantly.

Overall, it was observed that the models tend to predict the majority class. The
datasets were highly unbalanced, having more patients of the survival class. To counteract
this, class weights were included in the loss function. However, as the results show,
other methods should be used to further reduce the influence of imbalance. This is
important as imbalance can be the reason for biases and poor generalization [49]. A proven
method to tackle imbalance is oversampling, where minority class samples are used more
often during training; other methods include undersampling or adjusting the classification
threshold [50].

Finally, the influence of the static variables on the result should be considered. The
input data study showed that using the static variables improves the results significantly.
As the demographic analysis pointed out, there are significant differences between the
two classes. The question remains open, how well a model would perform which has
only these two variables and whether the time-series data necessarily improves the result.
Additionally, the experiment showed that the combination of dynamic factors does not
always lead to an improvement in the results. This could be due to the correlation of the
ECGvalues, although this was not investigated further due to the large standard deviations.

9Yk +RLU�aCcRN sCj@ Ta3qCRnc `3cnIjc
The results are similar to the previous findings (Table 5.1). Although the results are not
reproducible in all cases, it was possible to achieve balanced accuracies of more than 0.7
for several configurations. The model of Zhu et al. yields significantly better results,
however, just the AUC is given as metrics which makes it difficult to compare [44].
Villegas et al. reports a high accuracy and F1-score and has a low variance of the results,
confirming the previous assumption that the use of RNNs is highly suitable for the problem
since they take into consideration the temporal component [46]. Themodels of Li et al. and
Cheng et al. on the other hand have similar F1-scores and also a higher spread of results
[26, 45]. However, the models developed in this thesis all work with a much smaller
dataset and a lower number of input parameters, but instead with waveform data.
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Table 5.1. Comparison of presented results with previous studies applying deep learning methods
to Covid-19 populations to predict mortality.

Reference Size of Study
Population

Input
Parameters

Model ACC AUC F1-Score

Li [26] 1,108 DG, CM, VS,
lab, symptoms

DNN 0.853 0.844 0.616

Zhu [44] 181 DG, CM, VS,
lab, symptoms

DNN - 0.968 -

Villegas [46] 6,087 DG, VS, lab,
medication

Ensemble
of RNNs

0.901 0.845* 0.844

Cheng [45] 654 DG, CM, VS,
lab, X-rays

DNN,
LTBN

0.732 0.727 0.707

3.1.1 105 DG, VS CNN - 0.701**
0.801**

0.538 (Exp1)
0.677 (Exp2)

3.1.2 105 DG, VS CNN Inc - 0.909**
0.861**

0.785 (Exp1)
0.751 (Exp2)

3.1.3 105 DG, VS CNN-
LSTM

- 0.762**
0.717**

0.642 (Exp1)
0.560 (Exp2)

Note: ACC: Accuracy; AUC: Area under the curve; DG: Demographics; CM: Comobrbitidies; VS: Vital Signs; lab: Laboratory
Test Values; DNN: Deep Neural Network; RNN: Recurrent; Neural Network; LTBN: Longitunal transformer-based network. Exp1:
Experiment 1 comparing model hyperparameters; Exp2: Experiment 2 comparing training hyperparameters.
* AUC was calculated from the reported sensitivity and specificity and thus is equal to the balanced accuracy.
** AUC was not calculated based on the predictions and thus is equal to the balanced accuracy.

Although the comparison shows that the models developed here are similar to previous
models, the question remains to what extent this can improve everyday clinical practice.
In particular, how much better those prediction models are than the current assessments of
the physicians or prediction scores based on logistic regression that are commonly used to
assess the outcome of patients in the ICU. To assess this, it would be necessary to define a
baseline based on human expertise, with physicians labeling patients without the help of
deep learning models.

9Y: 2uUI�CN�$CICjw
Explainability of deep learning methods is crucial when it comes to working with medical
data to make the physicians and patients understand the outcome. However, in this work,
no explanation is provided along with the results, making the model unusable for clinical
use at this time. One question is what such an explanation might look like with the input
data used. A widely used explainability method is SHapley Additive exPlanation (SHAP),
which points to specific features that are relevant, but this is not as easy when working
with waveform data [51]. Instead, an explainability method could point out at what time
the time-series change creating a temporal attention map [52]. For instance, Xu et al.
developed an attention mechanism for waveform data incorporating external expertise
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that indicates which feature influences the outcome most and at which time [53]. This
could allow the physician to look at specific sequences to better understand the reasons
for the outcome, rather than basing a treatment on a simple prediction.

9Y9 Qj@3a HCLCj�jCRNc
In addition to the limited amount of data and missing data, the work encountered other
limitations. Although the data were collected prospectively, it was not possible to
influence which data were collected. Next, just the data of one hospital was taken into
consideration. In addition, the dataset may be biased because it is not clear for what
reasons high-frequency data was recorded, considering that it was only available for a
very small number of patients. Lastly, the number of experiments and runs was limited
by computational capacity.

9Yf 7njna3 rRaG
Future work should be performed based on the presented results. First, the current model
architectures can be improved by a more thorough hyperparameter search using a random
approach, carrying out more runs, or pre-train the model with a convolutional auto-
encoder. Next, the experiments should be repeated with a larger study population by either
collecting more data or combining it with a publicly available dataset such as the MIMIC
waveform database [54]. In the latter case, transfer learning could be used, where models
are pre-trained with the disease-unspecific dataset and then trained with a smaller dataset
for only one disease, such as Covid-19. Third, the interaction of static and dynamic factors
should be studied in more detail. Low-frequency time-series data from EHR, which was
used in other studies, can also be considered. This could increase the flexibility of the
model if a signal is not available. Furthermore, the models developed use dynamic input
signal, but only one output is produced. Instead, the model should be extended to allow
for dynamic prediction, e.g. provide the mortality probability on an hourly/daily basis.
Finally, explainability should be increased by inserting attention layers or by using other
architectures such as Transformer models [31].
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The present thesis addressed the question of whether high-frequency monitoring data can
be used to predict mortality for Covid-19 patients. The results are promising and show
that it is indeed possible to make predictions. However, the experiments have mainly
been concerned with general feasibility, so it is not possible to say how well the models
can provide correct predictions. Therefore, further experiments must be performed until
the model can be used for clinical application.

The major drawback of the thesis is the small size of the dataset. The first sub-question
was how a clinically relevant data set can be formed from a small sample of patients. This
work presented techniques to create different datasets based on the length of extracted
data and augmentation techniques. Nevertheless, the high variance of the results shows
that training a deep learning model with a low number of patients remains challenging.
Therefore, a larger dataset is needed or the possibility of pre-training should be explored.

The second sub-question, which model architecture is suited best, can not be fully
answered. None of the three model architectures introduced has consistently better results
than the others. The highest balanced accuracies and F1-Scores were yielded with the
CNN Inception. However, all three model architectures should be further tested with more
data so that a truly conclusive evaluation can be made.

Last, it was investigated how much data is required to make a stable prediction. Not
all high-frequency signals were required for a good prediction indicating that a model can
be built based on a limited number of features. However, it was significant that adding
static demographic features improved the prediction. Moreover, the use of a longer time
interval could reduce the variance of the results, at least for the CNN-LSTM. The question
of exactly how many features and what length is needed, cannot be answered due to the
large deviation of the results. To conclude, not necessarily more data per patient is needed,
but this has to be evaluated with a larger study population.
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This chapter presents relevant background information and state of the art for the
application of machine learning on continuous time series data in the clinical context.
More specifically, the thesis deals with the development of a clinical decision support
system for predicting mortality in patients with coronavirus disease 19 (Covid-19).

Section A.1 contains background information about clinical data and clinical decision
support systems. Section A.2 provides basic knowledge of physiological monitoring.
After that, relevant machine learning and deep learning methods to analyse time series
are reviewed in section A.3. Last, prediction methods for Covid-19 mortality as well as
other related studies are presented in section A.4.

�YS +ICNC,�I /�j�
Clinical data is the basis for hospital decision-making, and its amount and quality are
growing quickly [55]. This section briefly summarizes types and sources of clinical data
(section A.1.1) and the idea of clinical decision support systems (section A.1.2).

�YSYS /�j� iwU3c �N0 bRna,3c
Clinical data can have a variety of shapes and sources. In general, there can be
distinguished between static data (e.g. gender, birth) and dynamic data that consists of
multiple records and can change over time (e.g. laboratory (lab) results, vital signs) [21].
Due to the diverse nature, clinical data is saved in different ways. One type is tabular data
that presents data in a column-row format. A specific type is time-series data in which
columns represent data at different time stamps. Other data types are natural language in
free text format (e.g. notes or reports), images or videos [55].

Clinical data can be obtained from different data sources. The most important sources
are Electronic Medical Records (EMRs), an electronic version of patient information.
The term EMR is often interchangeable used with Electronic Health Record (EHR) [55].
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EMRs contain a variety of data, including lab values, medical images, but also physicians’
notes and data obtained from other systems, such as scheduling systems. Other medical
information systems that can be used as data sources are laboratory information systems,
systems for radiology, and information from external care [55]. Another important source
of clinical data are bedside monitors, which record high-resolution signals with a higher
frequency than sequential data in EMR [22].

�YSYl +ICNC,�I /3,CcCRN bnUURaj bwcj3Lc
Currently, decisions in the hospital are often based on experience and knowledge of the
physician and less on data-driven approaches [55]. Clinical Decision Support Systems
(CDSSs) can be used to support physicians in their decision making [56]. CDSSs can have
several application areas, including clinical management, diagnostics support, and patient
decision support [56]. However, a lot of potential of the amounts of stored data is still
unused [55]. High-quality CDSS could improve patient care and decreases costs [57]. But
there are many challenges in developing such systems. First, lack of enough high-quality
data to develop and validate systems [57]. Second, ethical and legal issues [57]. And third,
skepticism of the physicians towards systems that don’t explain results properly [56].

�Yl T@wcCRIR<C,�I KRNCjRaCN<
A big amount of clinical data is gathered from physiological monitoring. Physiological
monitoring is used to control the health status of the patient to prevent patient deterioration
at an early stage and thus to avoid death. This section gives a brief overview of vital signs
(section A.2.1), continuously monitored data (section A.2.2) and patient deterioration
(section A.2.3).

�YlYS pCj�I bC<Nc
Vital signs such as heart rate (HR), blood pressure (BP), respiratory rate (RR), peripheral
oxygen saturation (SpO2), and temperature are used to measure and assess a patient’s
physiological state [58, 59]. Based on an analysis of vital signs, the treatment strategy can
be defined and adapted to abnormalities indicating risks [60].

The HR is defined as the number of cardiac cycles per minute [61]. A cardiac
cycle consists of a systolic phase (contraction of the heart muscle) and a diastolic phase
(relaxation). An arterial pulse can be felt during the systolic phase, thus, the pulse rate
corresponds to the HR. The second vital sign is BP. A distinction must be made between
systolic BP (SBP) and diastolic BP (DBP). SBP is higher and describes the pressure during
the contraction of the heart. Furthermore, it can be distinguished between arterial and
venous blood pressure. Most commonly the mean arterial pressure (MAP) is used as
a clinical feature. BP varies between people and can be influenced by several factors,
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such as age, genes, or lifestyle [60]. Next, the RR is defined as the number of breaths
per minute. Both a higher rate (tachypnea) and a lower rate (bradypnea) may have
pathological causes [58]. To detect abnormalities, the RR is assessed in combination
with the respiratory depth and pattern [58, 60]. The fourth vital sign is SpO2 which is
typically measured by pulse oximeters [62]. The measurement of SpO2 can be affected by
various physiological (e.g. poor perfusion), pathophysiological (e.g. carbon monoxide
poisoning), and external factors (e.g. movement, venous pulsations) [62]. The last
frequently used vital sign is temperature, which can be influenced by several internal and
external factors such as diurnal and menstrual variations, physical fitness, or age [58].

�YlYl +RNjCNnRnc T@wcCRIR<C,�I KRNCjRaCN<
The nursing staff is responsible to check the vital signs manually every few hours [63].
However, a continuous monitoring is required in critical situations, e.g. on the intensive
care units (ICUs), to detect abnormalities as early as possible [64]. This can be done using
the electrocardiogram (section A.2.2.1) and the photoplethysmogram (section A.2.2.2).

A.2.2.1 Electrocardiogram

The electrocardiogram (ECG) is the most frequently continuously recorded signal and
provides essential information about the heart condition. A standard ECG consists of
12 leads, but also just three or five leads can be used [59]. One lead measures the
potential difference between two electrodes that are attached to the upper body of the
patient (Figure A.1a). The potential differences are caused by electric fields generated
during the contraction movement of the heart muscle. Depending on the position of the
electrodes a different part of the heart is recorded.

An ECGwave displays the measured potential over time and consists of several waves
and intervals displaying different phases during the cardiac cycle (Figure A.2). The most
dominant wave is the ”QRS complex”, which results from the contraction of the heart
ventricles. From the ECG wave, different features can be derived. To obtain the HR, the
distance between two R-waves is measured (R-R-interval). Another often-used measure
is the heart rate variability which is the variation of the R-R-intervals [65].

To display the cardiac activity in detail, several leads are needed. The leads are divided
into the limb leads (I, II, III, aVR, aVL, aVF), that represent different vertical views
through the heart, and chest leads (V1-V6), for horizontal views (Figure A.1b) [65]. The
leads record different parts of the heart [66]:

• II, III, aVF: Inferior heart surface
• V2-V4: Anterior heart surface
• I, aVL, V5, V6: Lateral heart surface
• V1, aVR: Right atrium, cavity of the left ventricle
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The wave morphology varies depending on the lead. For example, the amplitude of the
QRS complex is greater the closer the electrode is placed to the heart. Different ECG
wave parts and leads can provide evidence of pathologic findings in different parts of the
heart [59]. However, measurements may vary depending on the individuum, electrode
type, and placement [59].

(a) (b)

Figure A.1. (a) Electrode Placements for a standard 12-lead ECG. Four electrodes are placed on
the limbs (RA: right arm; LA: left arm; RL: right leg; LL: left leg), which give the limb leads (I,
II, III, aVR, aVL, aVF). Six electrodes are placed on the chest (V1-V6). Adapted from [67]. (b)
Lead perspectives. The limb leads lay on a vertical plane while the chest leads lay on a horizontal
plane. Adapted from [66].

Figure A.2. ECG wave morphology. One cardiac cycle includes the P wave, the QRS complex
and the T wave. Adapted from [68]

.

A.2.2.2 Photoplethysmogram

Another continuously monitored physiological signal is the photoplethysmogram (PPG),
an optical measurement technique to measure the blood volume in the periphery. Due
to changes in blood volume during the cardiac cycle, a different amount of light is
absorbed by the tissue, from which a pulse waveform can be derived (Figure A.3).
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Wave morphology can change depending on the individual, measurement location, and
attachment [69].

Figure A.3. PPG wave morphology. Adapted from [70].

The PPG is influenced by cardiovascular and respiratory activity and therefore
provides inferences about various vital signs, although the complete explanation of the
wave origin has not yet been fully understood [71]. The heart systole leads to an increased
amount of blood value and thus a rising of the PPG wave, while the heart diastole leads
to a declining PPG wave [59]. The pulse can thus be directly derived from the signal.
Additionally, respiration influences the PPG waveform in rate, amplitude, and width [72].
The SpO2 calculation is possible due to the use of the optical measurement method [59].
Last, deriving BP from the PPG signal is possible but not trivial. Recent studies have
shown that non-linear models based on PPG alone or in combination with an ECG signal
can provide information about the BP [71].

�YlYk T�jC3Nj /3j3aCRa�jCRN
Abnormal vital signs can indicate clinical deterioration in real-time and can therefore help
to detect cardiac, respiratory, shock, and sepsis [73, 74]. If patient deterioration stays
undetected or is detected too late, it can lead to death [73]. In this context, it is particularly
important to consider sepsis and septic shock. Sepsis is a life-threatening syndrome that
is caused by an infection and coupled with a dysregulated patient response and organ
dysfunction [8]. Septic shock is a form of sepsis in which acute abnormalities of the
circulation and cellular metabolism lead to an even higher risk of death [8]. With the help
of the Sequential Organ Failure Assessment (SOFA) score, which is taking into account
respiration, coagulation, liver, cardiovascular, nervous, and renal values, the risk of sepsis-
related mortality can be assessed.
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�Yk K�,@CN3 H3�aNCN< 8Ra +ICNC,�I /�j�
This section briefly presents common machine learning (section A.3.1) and deep learning
approaches (section A.3.2) used to process clinical data. Thereafter, explainability for
algorithms in healthcare is addressed (section A.3.3).

�YkYS K�,@CN3 H3�aNCN< �UUaR�,@3c
A subfield of artificial intelligence is machine learning (ML). AMLmodel is used to make
a prediction, which can be a numeric value (regression) or a category (classification),
given specific input data. By minimizing the difference between the true values and
the predictions, model weights are trained [75]. A common method for a regression
problem is linear regression, where the prediction is simply made using a linear function
for given input parameters. Instead of a linear function a logistic function can be used
to make a binary classification, which is called logistic regression (LoR). Another non-
linear classification is made using support vector machines (SVM). Non-linear decision
boundaries between classes are trained by using kernel functions [75]. A different method
for classification is a decision tree (DTs). The prediction of DTs are often combined in
ensembles named random forest (RF) to avoid overfiting [75]. Optionally, boosting can be
used to train an RF, for example with XGBoost (Extreme Gradient Boosting) [76]. Last,
to process sequential data Hidden Hidden-Markov Models (HMM) can be used.

�YkYl /33U H3�aNCN< �UUaR�,@3c
Deep Learning (DL) is a subcategory of ML that deals with the application of artificial
neural networks (ANN) to solve complex problems where other methods fail [77].
Figure A.4 shows the basic structure of an ANN which is based on biological neural
networks and consist of an input layer, a hidden layer and an output layer [75]. If several
hidden layers are trained the model is referred to as a deep neural network (DNN) [75].

(a) (b)

Figure A.4. Basic architectures of an Artificial Neural Network and a Deep Neural Network [78].
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One category of neural networks are convolutional neural networks (CNN). CNNs
were developed to process grid-like topologies like time-series data (1D) and images (2D).
FigureA.5 shows an exemplary architecture of a CNN. By applying convolutions, pooling,
and activation functions, the model is able to create abstract features and use those for a
classification [77].

Figure A.5. Example of a convolutional neural network architecture for time-series data. The
input is time-series data, convolution and pooling steps are applied before computing an output by
a fully connected layer. [78], adapted from [79].

Another model category are recurrent neural networks (RNN) that are developed
for sequential data (Figure A.6). The models are able to make predictions for every
time step taking into account previous predictions. To be able to consider long-term
dependencies, more complex architectures were developed such as the long short-term
memory architecture (LSTM) and gated recurrent unit (GRU) [77].

Figure A.6. Comparison of RNN, LSTM and GRU cell architectures. Adapted from [80].

�YkYk 2uUI�CN�$CICjw R8 �I<RaCj@Lc
Loftus ID et al. presents six desirable characteristics for clinical algorithms: explainable,
dynamic, precise, autonomous, fair, and reproducible [81]. In particular, explainability is
relevant, as physicians and patients want to understand why a decision is made. The main
problemwithML and DL approaches is their black-box character, which makes them very
difficult to understand [81]. Several explainability methods have been developed in the
past. One widely used method is SHapley Additive exPlanation (SHAP) which provides
a score for the importance of each input feature [51].
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�Y: Ta30C,jCRN KR03Ic
This section presents relevant prediction models for healthcare. Population, type of data,
used method, and aim of the models differ a lot. The primary focus is on relevant literature
for mortality prediction. First, traditional scoring systems are reviewed (section A.4.1).
Afterwards, more advanced mortality prediction models are presented using Covid-19
data (section A.4.2) and other datasets (section A.4.3). Lastly, related studies about other
prediction models are summarized (section A.4.4).

�Y:YS ;3N3a�I Ta30C,jCRN b,Ra3c
Predictions scores can be used to asses the health of a patient when entering the ICU [6].
Mainly generic scores are applied to either predict an outcome based on the assessment
or to evaluate the severity of organ dysfunction, but also disease-specific scores exist [7].
Three score systems became popular over the last years to predict mortality for a patient
when entering the ICU: the Simplified Acute Physiology Score (SAPS), the Acute
Physiology and Chronic Health Evaluation (APACHE), and the Mortality Probability
Model (MPM) [6]. A different number of variables are used, including demographics
and physiological variables. Eventually, LoR is used to predict the outcome. Another
common score is the alreadymentioned SOFA score, an organ-specific score for indicating
sepsis-related mortality (see section A.2.3) [8]. Several other early warning systems have
been developed that require a manual calculation based on thresholds for measured vital
signs [9]. A common example is the National Early Warning Score that requires six
physiological parameters to provide a warning score for clinical deterioration [10]. Even
though the scores are widely used, they lack accuracy on individual patient level [21, 24].
The result is only reliable if the patient has similar characteristics to the population used
for the development of the scores [7].

�Y:Yl Ta30C,jCRN KR03Ic 8Ra +RqC0ASO
Covid-19 is caused by the severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) [82]. Since the beginning of the Covid-19 outbreak, several factors have been
associated with a severe outbreak and increased mortality [83]. Demographic factors that
increase the risk are in particularly higher age but also male gender [84]. Other factors
are comorbidities (e.g. hypertension, diabetes, or cardiovascular diseases) and results of
laboratory tests [85]. Patient risk assessment became important because of the large impact
on healthcare systems and in terms of utilization of resources. [85].

To improve general prediction scores and be able to provide patient-specific care,
several ML and DLmodels were developed to predict mortality for Covid-19 patients [28,
29]. The models use demographics, vital signs, comorbidities, medication, laboratory
values, and imaging (X-ray, CT) [29]. Table A.1 summarizes relevant studies using DL
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approaches. Li et al. aimed to identify key features to predict ICU admission and in-
hospital mortality [26]. Dynamic features were aggregated to a single value. To choose
relevant clinical variables, a RF algorithm is applied. The top predictors for mortality
include age, SpO2 and lab values and comorbidities. A DNN with five fully connected
dense layers has been used to predict ICU admission and mortality, respectively.The
same researchers published a similar study using a smaller study population and different
DNN architecture for feature selection and classification [44]. Five key predictors were
identified, the oxygen index, and four lab values. Villegas et al. uses an ensemble of RNNs
to predict mortality for two datasets [46]. The model uses both static and dynamic data,
with the dynamic data aggregated to one variable per day. The model uses LSTMs and
GRUs and an attention layer was added for better interpretability. Another model has
been developed by Cheng et al. using EMR data together with longitudinal X-rays [45].
All continuous EMR values (vital signs, lab values) are binarized. The clinical data is then
processed by an ANN with three fully connected layers, while the X-ray images are fed
into a longitudinal transformer-based network. The final prediction is made by a weighted
sum of both models using a fully connected layer. Important features identified are age,
comorbidities, and lab values, confirming the results from the other studies.

Table A.1. Comparison of relevant studies applying deep learning methods to Covid-19
populations to predict mortality. Adapted from [78].

Author Aim Size of Study
Population

Input
Parameters

Model Results

Li [26] Identify top
predictors,
predict ICU
admission and in-
hospital mortality

1,108 DG, CM, VS,
lab, symptoms

DNN Mortality:
AUC: 0.844
ACC: 0.853

Zhu [44] Identify top
predictors,
predict mortality

181 DG, CM, VS,
lab, symptoms

DNN AUC: 0.968

Villegas
[46]

Mortality
prediction

6,087 DG, VS, lab,
medication

Ensemble
of RNNs

Dataset 1:
ACC: 0.890
Dataset 2:
ACC: 0.901

Cheng
[45]

Predict in-hospital
mortality of ICU
patients

654 DG, CM, VS,
lab, X-rays

DNN,
LTBN

Clinical Data:
AUC: 0.653
ACC: 0.657
With X-Ray:
AUC: 0.727
ACC: 0.732

Note: DG: Demographics; CM: Comobrbitidies; VS: Vital Signs; lab: Laboratory Test Values; DNN:
Deep Neural Network; RNN: Recurrent Neural Network; LTBN: Longitunal transformer-based network;
AUC: Area under the curve; ACC: Accuracy.
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Other studies applied ML approaches other than DL. Ryan et al. predicts mortality
and the need for mechanical ventilation using time series data [27]. Used features include
age, HR, RR, SpO2, temperature, BP, and lab values. Some of the features were directly
generated from monitored raw data. Measurements were averaged and discretized into
one-hour intervals. A XGBoost model was used to predict mortality 12, 24, 48, and
72 hours before death resulting in AUC of 0.91, 0.90, 0.86, and 0.87, respectively. A
similar study has been conducted by Parchure et al. [86]. Several features including
demographics (age, sex), vital signs, respiratory patterns, ECG-derived variables (P wave
axis, PR interval, QRS duration) were used to predict death within 20 to 84 hours from
the time of prediction. The last three observations before the prediction window started
were used as input for an RF algorithm. The model achieved an AUC of 0.86.

Many other studies exist that differ in terms of input features and algorithms. Yan et al.
identified relevant indicators of blood samples using XGBoost models [87]. Karthikeyan
et al. also uses blood samples to identify key features and to predict mortality using a
neural network [88]. Yadaw et al. developed a predictionmodel using just three commonly
available clinical features: age, oxygen saturation, and type of patient encounter using
an XGBoost model [89]. Wu et al. developed a prediction model based on CT images,
laboratory and clinical features such as age and temperature using LoR [90]. Furthermore,
Sánchez-Montañés et al. identifies age, gender, oxygen saturation, and HR, among others,
as relevant factors for predicting mortality using survival analysis, RF, and LoR [91].

Some studies focus specifically on prediction close to admission. Burdick et al.
developed a XGBoost model using vital signs measured in the first two hours of hospital
admission [92]. Compared to other studies the aim was to predict the need for mechanical
ventilation within the next 24 hours to provide short-term care. Likewise, Bolourani
et al. was able to improve respiratory failure prediction within the first two days of
admissions compared to traditionally used score systems [93]. Two XGBoost based
models were developed using several features including vital signs, laboratory values,
and demographics.

�Y:Yk KRaj�ICjw Ta30C,jCRN KR03Ic
The above presented studies for Covid-19 populations use mainly demographics and
laboratory values; features from waveform data are just rarely included. Several models
using dynamic features have been developed for non-Covid-19 populations and can be
classified as non-temporal (aggregation of dynamic features) or continuous prediction
models (Table A.2).

In non-temporal models dynamic features are aggregated. For example, Todd et al.
processes pulse and MAP waveforms of the first 24 hours after admission [18]. Five
features are calculated (average, standard deviation, skewness, kurtosis, and proportion
of turning points) and used together with static features (SAPS, age, comorbidity) for a
LoR classification. Similarly, Sadeghi, Banerjee, and Romine calculates the HR from
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ECG waveforms and extracts quantitative features [19]. Twelve statistical signal-based
features from the first hour of ICU admission are used. Of the eight models applied,
DT and RF give the best results. Kock and Marques predicts mortality based on static
features (APACHE II score, diagnosis, age, gender, clinical profile) and a one-minute
PPG signal [20]. Features are extracted from the PPG signal and its first two derivatives,
and the median values over the entire interval are calculated. Using LoR and ANNs, it
was shown that the PPG features improve the result of the model significantly. Morid,
Sheng, and Abdelrahman on the other hand does not aggregate dynamic features over the
entire time interval but computes one feature for every 2-hours-interval of 48 hours of
time-series data, that are then fed into a k-nearest neighbour classifier [21].

In contrast, temporal models make a continuous prediction. Ghanvatkar and Rajan,
for instance, develops a multi-time scale RNN model to process time-series data with two
different frequencies [22]. A first RNN receives statistical features (mean and standard
deviation) of an ECG-II signal every second and outputs a hidden representation ever
hour. A second RNN combines this output with other, more sparsely available data such
as medications, demographics, and lab values. Hourly mortality predictions are made for
the first 25 hours of available clinical data. Thorsen-Meyer et al. combines static features
(demographics and diagnosis) with dynamic lab values and monitoring data [23]. For
every one-hour interval, the maximum, minimum, and median of the continuous features
are calculated. The LSTM-based model predicts the probability of the 90-day mortality
hourly. The results are better for later predictions. Age and median HR were identified as
the most important factors for mortality using SHAP. Likewise, Awad et al. aims to predict
mortality early after admission using static features (age, gender, height, ICU type, initial
weight) and 36 time-series from the first 48 hours after admission, that were aggregated
hourly [24]. Using three different ML methods (RF, Bayesian Network, PART), it was
shown that good predictions were possible after six hours after admission. On the contrary,
Gupta, Liu, and Crick uses three dynamic features, BP, RR, and GlasgowComa Scale [25].
The mean of two-hour intervals are processed by a two-state HMM. Again, the results get
better closer to discharge.

�Y:Y: Qj@3a a3I3q�Nj cjn0C3c
Several similar studies were published to predict sepsis instead of mortality [12]. As with
mortality prediction, most studies process static features or aggregated dynamic features
and thus make non-continuous predictions. Scherpf et al. applies an RNN to vital signs to
predict sepsis onset [13]. Vital sign signals are aggregated to 1-hour intervals and several
hours of observation are given into the model as input. Moss et al. computes features
from ECG waves and combines them with vital signs and other clinical information to
predict a risk score every 15 minutes with LoR [14]. Ghosh et al. presents a model using
coupled HMM to process different lengths of physiological signals [15]. 60- to 90-minute
recordings of MAP, HR, and RR are used to predict future time series, based on which
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the sepsis risk score is eventually determined. More studies applying RNNs and LSTMs
for non-continuous predictions have been made (e.g. [16, 17]). However, in all presented
studies features are calculated from the waveform beforehand instead of using the raw
signal as input, so that the model can learn the features by itself.

Another field where automatic feature learning was studied is ECG-based feature
extraction, disease detection, and sleep staging [79, 94]. They are usually based on CNNs
or RNNs [94]. For example, He et al. classifies arrhythmias using a LSTM-based model,
that automatically extracts features and classifies them [95]. Or Li et al., for instance,
applies DNN, HMM, and SVM to detect apnea from ECG waveforms [96].

Table A.2. Comparison of relevant studies for mortality prediction using time-series data [78].

Author Input
Parameters

Processing of time-series data Model Results

Non-temporal Models

Todd [18] EMR data,
Pulse wave,
MAP wave

Five calculated features of 24 hours of
waveform data.

LoR ACC:
EMR: 0.914
EMR+pulse: 0.916
EMR+MAP: 0.919

Sadeghi [19] ECG wave Twelve calculated features from one
hour of waveform data.

i.a. DT, RF,
SVM, LoR

AUC DT: 0.93

Kock [20] EMR data,
PPG wave

Median values of calculated features
from a one-minute PPG waveform sig-
nals and its derivatives.

LoR, ANN AUC LoR: 0.847
AUC ANN: 0.895

Morid [21] EMR data Average of a two-hour interval of 48
hours of time-series data.

k-NN Precision: 0.65
F-Measure: 0.66

Temporal Models

Ghanvatkar
[22]

EMR data,
ECG wave

RNN processes mean and standard de-
viation of ECG signal with a frequency
1 Hz. A second RNN combines the
output with lower frequency data with a
frequency 0.02 Hz

RNN AUC: 0.7094

Thorsen-Meyer
[23]

EMR data Calculation of minimum, maximum,
and median for one-hour intervals.

LSTM At Admission:
AUC DS1: 0.73
AUC DS2: 0.75
After 72h:
AUC DS1: 0.85
AUC DS2: 0.82

Awad [24] EMR data One variable is aggregated for every
one-hour interval.

RF, BN,
PART

AUC RF: 0.82

Gupta [25] EMR data Aggregation of time-series data in two-
hour intervals.

HMM AUC: 0.87

Note: EMR: Electronic Medical Record; MAP: Mean Arterial Pressure; ECG: Electrocardiography; PPG: Photoplethysmography;
LoR: Logistic Regression; DT: Decision Tree; RF: Random Forrest; SVM: Support Vector Machine; ANN: Artificial Neural
Network; k-NN: k-nearest neighbours; RNN: Recurrent Neural Network; LSTM: Long short-termmemory; BN: Bayesian Network;
HMM: Hidden Markov Model; ACC: Accuracy; AUC: Area under the curve.
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This appendix chapter includes model summaries of one example of each architecture.
The summaries were created in Python using torchinfo for PyTorch. The input for all
models is given as a matrix, which looks for instance like this:

input =

⎛

⎜⎜⎜⎜⎜⎜⎝

t0 t1 t2 t3 · · · tn
ii −0.32 −0.37 −0.42 −0.54 · · · −1, 81
v2 −0.14 −0.21 −0.25 −0.29 · · · 0.12
v5 0.25 0.13 0.04 −0.04 · · · −0.15
plet 0.10 0.13 0.14 0.14 · · · −0.00
sex 1.15 1.15 1.15 1.15 · · · 1.15
age 0.62 0.62 0.62 0.62 · · · 0.62

⎞

⎟⎟⎟⎟⎟⎟⎠

Note that the first four displayed features are dynamic (ii, v2, v5, plet) and the last two
are static (sex, age). Furthermore, all features are normalized, which results in negative
and unnatural values.
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Figure B.1. Model summary for a Vanilla CNN with d = 3, mi = 5, li = 10 and pi = 7 for 4
dynamic input features of length 70000 and 2 static features with a batch size of 1.

Figure B.2. Model summary for a CNN Inception withm = 5, cb = 3, l = [20, 10, 5] and d = 1
for 4 dynamic input features of length 70000 and 2 static features with a batch size of 1.
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Figure B.3. Model summary for a CNN-LSTM with d = 3,mi = 5, li = 10, pi = 7 and LSTM
Features [5, 1] for 4 dynamic input features of length 70000 and 2 static features with a batch size
of 1.
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This appendix chapter includes additional results to the results of the experiments reported
in section 4.2. A detailed analysis of the model hyperparameters and the results of all
configurations for both experiments for each model architecture are given in section C.1,
section C.2 and section C.3, respectively.

+YS p�NCII� +MM
For model hyperparameter study, four different hyperparameters were varied: depth d,
number of filters m, filter size l and pooling size p. Figure C.1 shows the ensemble
balanced accuracies for each configuration depending on the model hyperaparameters.
The results of all configurations including standard deviations are listed in Table C.1.
The result of all configurations of Vanilla CNN Experiment 2, variation of training
hyperparameters, can be seen in Table C.2.
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Figure C.1. Comparison of different model parameters from experiment 1 for Vanilla CNN using
the balanced accuracies of the ensembles. For every configuration the mean and standard deviation
was calculated over all runs and folds. For better visualization, the standard deviation is just shown
in the first plot.



�UU3N0Cu +- �00CjCRN�I `3cnIjc & fl

Table C.1. Vanilla CNN Experiment 1 results for ensembles. The average and standard deviation
for every configuration is listed, the highest result is marked.

Hyperparameters Evaluation

Model Parameters d m l p Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

150 4 2 5 10 0.537 (0.216) 0.267 (0.435) 0.807 (0.138) 0.28 (0.438) 0.214 (0.295)
238 4 2 5 7 0.612 (0.181) 0.4 (0.435) 0.823 (0.164) 0.36 (0.41) 0.314 (0.288)
250 4 2 10 10 0.615 (0.167) 0.35 (0.418) 0.88 (0.179) 0.34 (0.422) 0.27 (0.283)
338 4 2 10 7 0.567 (0.157) 0.367 (0.217) 0.767 (0.19) 0.38 (0.39) 0.34 (0.254)
350 4 2 15 10 0.675 (0.118) 0.4 (0.181) 0.95 (0.068) 0.8 (0.274) 0.527 (0.206)
378 3 2 5 10 0.648 (0.156) 0.4 (0.253) 0.895 (0.101) 0.6 (0.435) 0.454 (0.294)
438 4 2 15 7 0.658 (0.116) 0.5 (0.212) 0.817 (0.215) 0.607 (0.274) 0.51 (0.185)
458 3 2 10 10 0.532 (0.205) 0.25 (0.433) 0.815 (0.07) 0.233 (0.325) 0.227 (0.352)
538 3 2 15 10 0.659 (0.117) 0.567 (0.279) 0.752 (0.106) 0.431 (0.134) 0.477 (0.173)
570 4 2 5 5 0.701 (0.177) 0.633 (0.375) 0.769 (0.191) 0.525 (0.181) 0.538 (0.237)
591 4 5 5 10 0.571 (0.107) 0.217 (0.217) 0.925 (0.068) 0.433 (0.435) 0.281 (0.271)
670 4 2 10 5 0.499 (0.116) 0.233 (0.224) 0.764 (0.146) 0.217 (0.217) 0.224 (0.219)
770 4 2 15 5 0.616 (0.088) 0.467 (0.315) 0.766 (0.228) 0.483 (0.303) 0.384 (0.081)
811 4 5 5 7 0.572 (0.151) 0.4 (0.379) 0.745 (0.222) 0.275 (0.311) 0.317 (0.325)
914 3 2 5 7 0.465 (0.158) 0.1 (0.224) 0.83 (0.264) 0.1 (0.224) 0.1 (0.224)
994 3 2 10 7 0.606 (0.176) 0.533 (0.274) 0.679 (0.178) 0.36 (0.138) 0.427 (0.186)
1066 4 5 10 10 0.578 (0.16) 0.4 (0.365) 0.756 (0.145) 0.28 (0.284) 0.322 (0.305)
1074 3 2 15 7 0.558 (0.112) 0.35 (0.224) 0.765 (0.127) 0.25 (0.177) 0.283 (0.183)
1086 3 5 5 10 0.668 (0.115) 0.45 (0.162) 0.886 (0.079) 0.6 (0.253) 0.508 (0.194)
1286 4 5 10 7 0.528 (0.127) 0.167 (0.236) 0.89 (0.114) 0.267 (0.435) 0.18 (0.249)
1302 4 8 5 10 0.6 (0.216) 0.367 (0.28) 0.833 (0.189) 0.55 (0.447) 0.409 (0.313)
1436 3 5 10 10 0.559 (0.175) 0.367 (0.247) 0.751 (0.18) 0.4 (0.365) 0.373 (0.285)
1541 4 5 15 10 0.649 (0.093) 0.533 (0.139) 0.764 (0.152) 0.487 (0.307) 0.471 (0.16)
1641 4 5 5 5 0.601 (0.225) 0.433 (0.435) 0.769 (0.191) 0.317 (0.342) 0.358 (0.374)
1654 4 8 5 7 0.516 (0.072) 0.3 (0.274) 0.733 (0.142) 0.13 (0.12) 0.181 (0.166)
1761 4 5 15 7 0.64 (0.19) 0.55 (0.298) 0.729 (0.166) 0.433 (0.149) 0.459 (0.18)
1786 3 5 15 10 0.562 (0.216) 0.367 (0.375) 0.758 (0.192) 0.467 (0.361) 0.357 (0.25)
1974 3 8 5 10 0.559 (0.114) 0.367 (0.292) 0.752 (0.089) 0.327 (0.192) 0.324 (0.205)
2116 4 5 10 5 0.655 (0.148) 0.517 (0.291) 0.793 (0.13) 0.467 (0.315) 0.417 (0.148)
2338 3 2 5 5 0.573 (0.101) 0.167 (0.236) 0.98 (0.045) 0.3 (0.447) 0.2 (0.274)
2418 3 2 10 5 0.544 (0.133) 0.133 (0.298) 0.956 (0.061) 0.133 (0.298) 0.133 (0.298)
2422 4 8 10 10 0.61 (0.199) 0.4 (0.285) 0.82 (0.151) 0.55 (0.371) 0.45 (0.298)
2426 3 5 5 7 0.574 (0.161) 0.35 (0.418) 0.797 (0.212) 0.375 (0.415) 0.309 (0.306)
2498 3 2 15 5 0.479 (0.029) 0.0 (0.0) 0.958 (0.058) 0.0 (0.0) 0.0 (0.0)
2591 4 5 15 5 0.524 (0.11) 0.217 (0.217) 0.831 (0.184) 0.307 (0.413) 0.21 (0.201)
2774 3 8 10 10 0.49 (0.179) 0.383 (0.439) 0.597 (0.124) 0.181 (0.166) 0.226 (0.214)
2774 4 8 10 7 0.621 (0.108) 0.433 (0.149) 0.809 (0.168) 0.523 (0.327) 0.428 (0.161)
2776 3 5 10 7 0.501 (0.105) 0.183 (0.291) 0.819 (0.201) 0.167 (0.236) 0.156 (0.217)
2982 4 8 5 5 0.563 (0.123) 0.267 (0.253) 0.86 (0.167) 0.34 (0.422) 0.257 (0.251)
3126 3 5 15 7 0.441 (0.165) 0.067 (0.149) 0.816 (0.304) 0.067 (0.149) 0.067 (0.149)
3542 4 8 15 10 0.568 (0.138) 0.367 (0.342) 0.769 (0.091) 0.23 (0.228) 0.281 (0.271)
3574 3 8 15 10 0.58 (0.234) 0.3 (0.447) 0.861 (0.16) 0.32 (0.46) 0.283 (0.389)
3894 4 8 15 7 0.5 (0.09) 0.267 (0.181) 0.733 (0.168) 0.317 (0.207) 0.277 (0.166)
4102 4 8 10 5 0.536 (0.137) 0.217 (0.217) 0.856 (0.221) 0.307 (0.413) 0.244 (0.277)
4118 3 8 5 7 0.533 (0.075) 0.067 (0.149) 1.0 (0.0) 0.2 (0.447) 0.1 (0.224)
4918 3 8 10 7 0.538 (0.134) 0.3 (0.298) 0.776 (0.14) 0.247 (0.233) 0.27 (0.26)
5222 4 8 15 5 0.546 (0.091) 0.267 (0.253) 0.826 (0.094) 0.25 (0.25) 0.247 (0.233)
5718 3 8 15 7 0.517 (0.096) 0.167 (0.236) 0.868 (0.139) 0.15 (0.224) 0.147 (0.202)
5986 3 5 5 5 0.5 (0.0) 0.0 (0.0) 1.0 (0.0) 0.0 (0.0) 0.0 (0.0)
6336 3 5 10 5 0.5 (0.0) 0.0 (0.0) 1.0 (0.0) 0.0 (0.0) 0.0 (0.0)
6686 3 5 15 5 0.467 (0.075) 0.0 (0.0) 0.933 (0.149) 0.0 (0.0) 0.0 (0.0)
9814 3 8 5 5 0.5 (0.0) 0.0 (0.0) 1.0 (0.0) 0.0 (0.0) 0.0 (0.0)
10614 3 8 10 5 0.5 (0.0) 0.0 (0.0) 1.0 (0.0) 0.0 (0.0) 0.0 (0.0)
11414 3 8 15 5 0.5 (0.0) 0.0 (0.0) 1.0 (0.0) 0.0 (0.0) 0.0 (0.0)
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Table C.2. Vanilla CNN Experiment 2 results for ensembles. The average and standard deviation
for every configuration is listed, the highest result is marked.

Hyperparameters Evaluation

Model Parameter LR γ λ Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

570 0.0001 0.70 0.00000 0.59 (0.098) 0.3 (0.326) 0.88 (0.154) 0.3 (0.274) 0.287 (0.278)
570 0.0001 0.70 0.00001 0.674 (0.198) 0.45 (0.371) 0.898 (0.1) 0.617 (0.439) 0.465 (0.324)
570 0.0001 0.70 0.00010 0.57 (0.174) 0.333 (0.358) 0.806 (0.162) 0.417 (0.449) 0.319 (0.321)
570 0.0001 0.70 0.00050 0.674 (0.154) 0.5 (0.289) 0.849 (0.124) 0.55 (0.274) 0.484 (0.173)
570 0.0001 0.70 0.00100 0.611 (0.234) 0.367 (0.415) 0.856 (0.087) 0.333 (0.312) 0.34 (0.344)
570 0.0001 0.85 0.00000 0.535 (0.134) 0.217 (0.217) 0.853 (0.161) 0.35 (0.418) 0.237 (0.229)
570 0.0001 0.85 0.00001 0.801 (0.115) 0.667 (0.312) 0.936 (0.098) 0.853 (0.202) 0.677 (0.114)
570 0.0001 0.85 0.00010 0.505 (0.08) 0.15 (0.335) 0.86 (0.219) 0.086 (0.192) 0.109 (0.244)
570 0.0001 0.85 0.00050 0.694 (0.052) 0.767 (0.273) 0.622 (0.205) 0.445 (0.135) 0.522 (0.12)
570 0.0001 0.85 0.00100 0.592 (0.155) 0.417 (0.373) 0.768 (0.147) 0.464 (0.375) 0.383 (0.269)
570 0.0001 1.00 0.00000 0.479 (0.144) 0.1 (0.224) 0.858 (0.151) 0.1 (0.224) 0.1 (0.224)
570 0.0001 1.00 0.00001 0.554 (0.106) 0.133 (0.183) 0.975 (0.056) 0.4 (0.548) 0.2 (0.274)
570 0.0001 1.00 0.00010 0.591 (0.191) 0.433 (0.365) 0.749 (0.146) 0.333 (0.204) 0.36 (0.239)
570 0.0001 1.00 0.00050 0.558 (0.142) 0.267 (0.253) 0.849 (0.147) 0.317 (0.41) 0.27 (0.283)
570 0.0001 1.00 0.00100 0.481 (0.153) 0.2 (0.209) 0.763 (0.201) 0.29 (0.413) 0.228 (0.272)
570 0.0003 0.70 0.00000 0.637 (0.057) 0.467 (0.075) 0.808 (0.119) 0.513 (0.096) 0.483 (0.065)
570 0.0003 0.70 0.00001 0.578 (0.087) 0.367 (0.217) 0.79 (0.149) 0.43 (0.37) 0.356 (0.21)
570 0.0003 0.70 0.00010 0.522 (0.178) 0.317 (0.239) 0.728 (0.125) 0.317 (0.239) 0.314 (0.237)
570 0.0003 0.70 0.00050 0.533 (0.179) 0.25 (0.306) 0.816 (0.171) 0.42 (0.427) 0.28 (0.284)
570 0.0003 0.70 0.00100 0.624 (0.077) 0.4 (0.253) 0.848 (0.159) 0.463 (0.385) 0.381 (0.23)
570 0.0003 0.85 0.00000 0.664 (0.185) 0.567 (0.365) 0.762 (0.274) 0.42 (0.388) 0.449 (0.33)
570 0.0003 0.85 0.00001 0.678 (0.143) 0.483 (0.291) 0.873 (0.164) 0.523 (0.412) 0.474 (0.32)
570 0.0003 0.85 0.00010 0.674 (0.106) 0.433 (0.253) 0.916 (0.116) 0.567 (0.435) 0.461 (0.28)
570 0.0003 0.85 0.00050 0.658 (0.252) 0.533 (0.447) 0.782 (0.193) 0.393 (0.314) 0.436 (0.352)
570 0.0003 0.85 0.00100 0.709 (0.22) 0.65 (0.487) 0.768 (0.128) 0.363 (0.267) 0.443 (0.321)
570 0.0003 1.00 0.00000 0.588 (0.109) 0.367 (0.247) 0.809 (0.149) 0.307 (0.243) 0.324 (0.237)
570 0.0003 1.00 0.00001 0.504 (0.119) 0.267 (0.181) 0.741 (0.101) 0.283 (0.183) 0.257 (0.145)
570 0.0003 1.00 0.00010 0.624 (0.196) 0.417 (0.373) 0.831 (0.207) 0.493 (0.396) 0.409 (0.297)
570 0.0003 1.00 0.00050 0.676 (0.2) 0.5 (0.395) 0.853 (0.15) 0.54 (0.42) 0.459 (0.349)
570 0.0003 1.00 0.00100 0.574 (0.103) 0.317 (0.41) 0.831 (0.207) 0.224 (0.219) 0.222 (0.208)
570 0.0005 0.70 0.00000 0.599 (0.164) 0.45 (0.389) 0.748 (0.268) 0.411 (0.376) 0.37 (0.287)
570 0.0005 0.70 0.00001 0.538 (0.084) 0.167 (0.236) 0.908 (0.146) 0.183 (0.291) 0.171 (0.256)
570 0.0005 0.70 0.00010 0.596 (0.126) 0.417 (0.118) 0.775 (0.185) 0.573 (0.292) 0.459 (0.136)
570 0.0005 0.70 0.00050 0.701 (0.09) 0.583 (0.186) 0.819 (0.097) 0.547 (0.117) 0.548 (0.139)
570 0.0005 0.70 0.00100 0.552 (0.213) 0.317 (0.41) 0.787 (0.252) 0.367 (0.415) 0.26 (0.241)
570 0.0005 0.85 0.00000 0.705 (0.212) 0.583 (0.373) 0.826 (0.14) 0.48 (0.398) 0.517 (0.384)
570 0.0005 0.85 0.00001 0.675 (0.192) 0.583 (0.289) 0.766 (0.185) 0.573 (0.3) 0.532 (0.211)
570 0.0005 0.85 0.00010 0.655 (0.167) 0.6 (0.285) 0.71 (0.088) 0.367 (0.126) 0.45 (0.177)
570 0.0005 0.85 0.00050 0.565 (0.091) 0.317 (0.207) 0.813 (0.142) 0.317 (0.207) 0.31 (0.195)
570 0.0005 0.85 0.00100 0.589 (0.17) 0.517 (0.171) 0.661 (0.216) 0.473 (0.313) 0.473 (0.21)
570 0.0005 1.00 0.00000 0.655 (0.181) 0.5 (0.306) 0.81 (0.251) 0.662 (0.362) 0.464 (0.213)
570 0.0005 1.00 0.00001 0.483 (0.257) 0.333 (0.408) 0.632 (0.222) 0.217 (0.217) 0.257 (0.277)
570 0.0005 1.00 0.00010 0.503 (0.095) 0.25 (0.25) 0.755 (0.144) 0.197 (0.187) 0.213 (0.203)
570 0.0005 1.00 0.00050 0.546 (0.078) 0.183 (0.171) 0.908 (0.094) 0.367 (0.415) 0.227 (0.209)
570 0.0005 1.00 0.00100 0.748 (0.173) 0.7 (0.298) 0.796 (0.292) 0.611 (0.369) 0.599 (0.29)

+Yl +MM BN,3UjCRN
For model hyperparameter study, four different hyperparameters were varied: depth d,
number of filters m, bottleneck size cb and filter size l. Figure C.2 shows the ensemble
balanced accuracies for each configuration depending on the model hyperparameters.
The results of all configurations including standard deviations are listed in Table C.3.



�UU3N0Cu +- �00CjCRN�I `3cnIjc & f:

The result of all configurations of CNN Inception Experiment 2, variation of training
hyperparameters, can be seen in Table C.4.

Figure C.2. Comparison of different model parameters from experiment 1 for CNN Inception
using the balanced accuracies of the ensembles. For every configuration the mean and standard
deviation was calculated over all runs and folds. For better visualization, the standard deviation is
just shown in the first plot.
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Table C.3. CNN Inception Experiment 1 results for ensembles. The average and standard
deviation for every configuration is listed, the highest result is marked.

Hyperparameters Evaluation

Model Param. cb m l d Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

120 1 2 20,10,5 1 0.692 (0.158) 0.683 (0.325) 0.701 (0.115) 0.367 (0.075) 0.459 (0.14)
190 1 2 40,20,10 1 0.469 (0.135) 0.3 (0.298) 0.638 (0.126) 0.153 (0.166) 0.202 (0.211)
268 3 2 20,10,5 1 0.582 (0.218) 0.4 (0.418) 0.765 (0.102) 0.273 (0.3) 0.305 (0.312)
285 1 5 20,10,5 1 0.645 (0.062) 0.55 (0.112) 0.74 (0.042) 0.387 (0.157) 0.447 (0.141)
388 1 2 20,10,5 3 0.604 (0.31) 0.5 (0.5) 0.707 (0.135) 0.33 (0.327) 0.394 (0.388)
400 1 2 100,50,25 1 0.713 (0.037) 0.767 (0.224) 0.66 (0.173) 0.399 (0.098) 0.507 (0.079)
460 1 5 40,20,10 1 0.722 (0.162) 0.733 (0.279) 0.711 (0.127) 0.466 (0.183) 0.563 (0.205)
478 3 2 40,20,10 1 0.586 (0.137) 0.567 (0.253) 0.605 (0.217) 0.372 (0.132) 0.432 (0.122)
560 1 10 20,10,5 1 0.652 (0.163) 0.483 (0.384) 0.821 (0.089) 0.413 (0.25) 0.414 (0.262)
598 1 2 40,20,10 1 0.645 (0.094) 0.467 (0.075) 0.823 (0.13) 0.517 (0.291) 0.47 (0.141)
643 3 5 20,10,5 1 0.707 (0.159) 0.6 (0.253) 0.813 (0.083) 0.45 (0.201) 0.507 (0.214)
848 3 2 20,10,5 3 0.702 (0.133) 0.583 (0.276) 0.82 (0.179) 0.587 (0.384) 0.491 (0.2)
910 1 10 40,20,10 1 0.62 (0.223) 0.55 (0.447) 0.69 (0.188) 0.428 (0.387) 0.39 (0.282)
985 1 5 100,50,25 1 0.909 (0.089) 0.95 (0.112) 0.868 (0.066) 0.67 (0.053) 0.785 (0.071)
1075 1 5 20,10,5 3 0.721 (0.091) 0.55 (0.298) 0.893 (0.123) 0.747 (0.256) 0.542 (0.099)
1108 3 2 100,50,25 1 0.738 (0.143) 0.767 (0.325) 0.709 (0.184) 0.469 (0.15) 0.56 (0.192)
1168 3 5 40,20,10 1 0.68 (0.111) 0.65 (0.253) 0.71 (0.1) 0.422 (0.137) 0.505 (0.157)
1228 1 2 100,50,25 3 0.569 (0.105) 0.35 (0.253) 0.788 (0.168) 0.333 (0.236) 0.311 (0.21)
1268 3 10 20,10,5 1 0.54 (0.108) 0.217 (0.217) 0.863 (0.095) 0.267 (0.253) 0.227 (0.209)
1478 3 2 40,20,10 3 0.692 (0.133) 0.467 (0.38) 0.918 (0.131) 0.613 (0.425) 0.448 (0.259)
1600 1 5 40,20,10 3 0.518 (0.143) 0.217 (0.217) 0.82 (0.175) 0.367 (0.415) 0.257 (0.251)
1960 1 10 100,50,25 1 0.658 (0.223) 0.467 (0.361) 0.849 (0.124) 0.517 (0.384) 0.465 (0.324)
2213 3 5 20,10,5 3 0.541 (0.175) 0.283 (0.298) 0.799 (0.095) 0.267 (0.279) 0.27 (0.283)
2318 3 10 40,20,10 1 0.571 (0.151) 0.433 (0.091) 0.709 (0.258) 0.459 (0.332) 0.409 (0.171)
2540 1 10 20,10,5 3 0.498 (0.184) 0.217 (0.217) 0.78 (0.177) 0.367 (0.415) 0.247 (0.233)
2743 3 5 100,50,25 1 0.693 (0.226) 0.6 (0.418) 0.786 (0.074) 0.42 (0.239) 0.483 (0.291)
3175 1 5 100,50,25 3 0.603 (0.253) 0.383 (0.439) 0.822 (0.202) 0.467 (0.506) 0.369 (0.411)
3368 3 2 100,50,25 3 0.512 (0.104) 0.217 (0.217) 0.808 (0.068) 0.267 (0.253) 0.237 (0.229)
3590 1 10 40,20,10 3 0.628 (0.14) 0.467 (0.361) 0.788 (0.113) 0.381 (0.23) 0.412 (0.27)
3788 3 5 40,20,10 3 0.584 (0.087) 0.4 (0.253) 0.769 (0.165) 0.38 (0.247) 0.372 (0.218)
4808 3 10 20,10,5 3 0.534 (0.116) 0.283 (0.183) 0.784 (0.13) 0.383 (0.371) 0.28 (0.159)
5468 3 10 100,50,25 1 0.694 (0.147) 0.733 (0.279) 0.656 (0.127) 0.394 (0.15) 0.499 (0.173)
6740 1 10 100,50,25 3 0.52 (0.201) 0.3 (0.447) 0.74 (0.095) 0.15 (0.224) 0.2 (0.298)
7958 3 10 40,20,10 3 0.55 (0.106) 0.267 (0.253) 0.833 (0.117) 0.313 (0.301) 0.283 (0.266)
8513 3 5 100,50,25 3 0.656 (0.173) 0.467 (0.361) 0.845 (0.12) 0.513 (0.366) 0.429 (0.242)
17408 3 10 100,50,25 3 0.524 (0.112) 0.183 (0.171) 0.866 (0.096) 0.367 (0.415) 0.237 (0.229)
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Table C.4. CNN Inception Experiment 2 results for ensembles. The average and standard
deviation for every configuration is listed, the highest result is marked.

Hyperparameters Evaluation

Model Parameters LR γ λ Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

985 0.0001 0.70 0.0000 0.608 (0.113) 0.533 (0.075) 0.683 (0.216) 0.41 (0.183) 0.444 (0.116)
985 0.0001 0.70 0.0001 0.495 (0.097) 0.333 (0.204) 0.657 (0.094) 0.233 (0.181) 0.264 (0.178)
985 0.0001 0.70 0.0005 0.638 (0.12) 0.467 (0.274) 0.809 (0.14) 0.43 (0.37) 0.414 (0.262)
985 0.0001 0.70 0.0010 0.736 (0.17) 0.633 (0.28) 0.838 (0.107) 0.6 (0.253) 0.595 (0.214)
985 0.0001 0.85 0.0000 0.536 (0.12) 0.267 (0.181) 0.805 (0.13) 0.417 (0.373) 0.29 (0.182)
985 0.0001 0.85 0.0001 0.612 (0.143) 0.433 (0.253) 0.791 (0.123) 0.4 (0.379) 0.381 (0.259)
985 0.0001 0.85 0.0005 0.591 (0.108) 0.483 (0.171) 0.699 (0.122) 0.37 (0.134) 0.417 (0.148)
985 0.0001 0.85 0.0010 0.741 (0.147) 0.7 (0.298) 0.782 (0.01) 0.473 (0.134) 0.561 (0.193)
985 0.0001 1.00 0.0000 0.57 (0.111) 0.35 (0.224) 0.79 (0.113) 0.34 (0.259) 0.318 (0.208)
985 0.0001 1.00 0.0001 0.623 (0.189) 0.533 (0.38) 0.713 (0.204) 0.34 (0.268) 0.407 (0.306)
985 0.0001 1.00 0.0005 0.741 (0.164) 0.7 (0.209) 0.783 (0.171) 0.557 (0.322) 0.6 (0.26)
985 0.0001 1.00 0.0010 0.721 (0.201) 0.733 (0.365) 0.709 (0.192) 0.483 (0.303) 0.557 (0.289)
985 0.0005 0.70 0.0000 0.861 (0.123) 0.95 (0.112) 0.773 (0.171) 0.65 (0.253) 0.751 (0.201)
985 0.0005 0.70 0.0001 0.786 (0.13) 0.8 (0.209) 0.773 (0.097) 0.537 (0.153) 0.638 (0.164)
985 0.0005 0.70 0.0005 0.664 (0.13) 0.667 (0.204) 0.662 (0.057) 0.413 (0.166) 0.506 (0.186)
985 0.0005 0.70 0.0010 0.55 (0.09) 0.333 (0.204) 0.767 (0.119) 0.33 (0.242) 0.327 (0.213)
985 0.0005 0.85 0.0000 0.729 (0.11) 0.833 (0.156) 0.626 (0.133) 0.471 (0.124) 0.592 (0.119)
985 0.0005 0.85 0.0001 0.778 (0.168) 0.767 (0.325) 0.789 (0.083) 0.467 (0.139) 0.573 (0.198)
985 0.0005 0.85 0.0005 0.734 (0.236) 0.75 (0.433) 0.718 (0.118) 0.437 (0.287) 0.541 (0.332)
985 0.0005 0.85 0.0010 0.697 (0.167) 0.6 (0.435) 0.793 (0.136) 0.38 (0.247) 0.428 (0.258)
985 0.0005 1.00 0.0000 0.667 (0.104) 0.567 (0.253) 0.768 (0.079) 0.397 (0.108) 0.441 (0.094)
985 0.0005 1.00 0.0001 0.776 (0.093) 0.767 (0.224) 0.786 (0.063) 0.513 (0.096) 0.59 (0.043)
985 0.0005 1.00 0.0005 0.792 (0.176) 0.85 (0.224) 0.734 (0.164) 0.56 (0.288) 0.66 (0.259)
985 0.0005 1.00 0.0010 0.668 (0.192) 0.667 (0.312) 0.669 (0.167) 0.354 (0.229) 0.447 (0.243)
985 0.0010 0.70 0.0000 0.626 (0.128) 0.567 (0.091) 0.686 (0.204) 0.415 (0.249) 0.449 (0.189)
985 0.0010 0.70 0.0001 0.569 (0.208) 0.517 (0.384) 0.621 (0.224) 0.357 (0.287) 0.397 (0.284)
985 0.0010 0.70 0.0005 0.646 (0.083) 0.583 (0.118) 0.708 (0.156) 0.426 (0.175) 0.48 (0.145)
985 0.0010 0.70 0.0010 0.729 (0.195) 0.7 (0.298) 0.759 (0.124) 0.473 (0.169) 0.55 (0.183)
985 0.0010 0.85 0.0000 0.826 (0.138) 0.833 (0.236) 0.819 (0.167) 0.669 (0.225) 0.72 (0.197)
985 0.0010 0.85 0.0001 0.636 (0.074) 0.5 (0.212) 0.771 (0.091) 0.433 (0.091) 0.448 (0.129)
985 0.0010 0.85 0.0005 0.688 (0.154) 0.617 (0.261) 0.758 (0.082) 0.45 (0.24) 0.514 (0.243)
985 0.0010 0.85 0.0010 0.606 (0.237) 0.383 (0.439) 0.828 (0.087) 0.333 (0.312) 0.341 (0.352)
985 0.0010 1.00 0.0000 0.753 (0.112) 0.8 (0.274) 0.706 (0.186) 0.45 (0.132) 0.544 (0.13)
985 0.0010 1.00 0.0001 0.643 (0.167) 0.6 (0.181) 0.686 (0.211) 0.49 (0.223) 0.533 (0.2)
985 0.0010 1.00 0.0005 0.632 (0.295) 0.533 (0.506) 0.731 (0.177) 0.347 (0.409) 0.403 (0.422)
985 0.0010 1.00 0.0010 0.695 (0.104) 0.6 (0.224) 0.79 (0.124) 0.497 (0.296) 0.494 (0.133)

+Yk +MMAHbiK
For model hyperparameter study, four different hyperparameters were varied: filter
size l, number of filters m, pooling size p and LSTM Features [n, h]. Figure C.3
shows the ensemble balanced accuracies for each configuration depending on the model
hyperparameters. The results of all configurations including standard deviations are listed
in ??. The result of all configurations of CNN Inception Experiment 2, variation of training
hyperparameters, can be seen in Table C.6.
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Figure C.3. Comparison of different model parameters from experiment 1 for CNN-LSTM using
the balanced accuracies of the ensembles. For every configuration the mean and standard deviation
was calculated over all runs and folds. For better visualization, the standard deviation is just shown
in the first plot.
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Table C.5. CNN-LSTM Experiment 1 results for ensembles. The average and standard deviation
for every configuration is listed, the highest result is marked.

Hyperparameters Evaluation

Model Param. d mi li pi [n, h] Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

300 2 2 5 10 5,1 0.528 (0.092) 0.1 (0.224) 0.955 (0.062) 0.133 (0.298) 0.114 (0.256)
300 2 2 5 5 5,1 0.611 (0.102) 0.367 (0.415) 0.855 (0.26) 0.383 (0.439) 0.294 (0.275)
324 3 2 5 10 5,1 0.636 (0.107) 0.4 (0.253) 0.871 (0.118) 0.433 (0.365) 0.394 (0.257)
324 3 2 5 5 5,1 0.605 (0.131) 0.4 (0.418) 0.81 (0.188) 0.261 (0.254) 0.314 (0.313)
360 2 2 10 10 5,1 0.69 (0.195) 0.6 (0.548) 0.78 (0.268) 0.25 (0.276) 0.34 (0.344)
360 2 2 10 5 5,1 0.646 (0.146) 0.483 (0.393) 0.808 (0.142) 0.4 (0.253) 0.427 (0.3)
404 3 2 10 10 5,1 0.612 (0.218) 0.3 (0.447) 0.925 (0.168) 0.28 (0.438) 0.289 (0.442)
404 3 2 10 5 5,1 0.512 (0.028) 0.1 (0.224) 0.925 (0.168) 0.08 (0.179) 0.089 (0.199)
420 2 2 15 10 5,1 0.634 (0.196) 0.35 (0.418) 0.918 (0.084) 0.4 (0.435) 0.32 (0.335)
420 2 2 15 5 5,1 0.635 (0.147) 0.35 (0.418) 0.92 (0.13) 0.38 (0.415) 0.294 (0.275)
484 3 2 15 10 5,1 0.568 (0.117) 0.3 (0.447) 0.835 (0.25) 0.183 (0.291) 0.194 (0.273)
484 3 2 15 5 5,1 0.676 (0.181) 0.417 (0.449) 0.935 (0.093) 0.45 (0.447) 0.383 (0.361)
537 2 5 5 10 5,1 0.575 (0.071) 0.3 (0.274) 0.85 (0.141) 0.217 (0.217) 0.247 (0.233)
537 2 5 5 5 5,1 0.611 (0.13) 0.4 (0.279) 0.822 (0.127) 0.35 (0.253) 0.371 (0.262)
672 3 5 5 10 5,1 0.58 (0.123) 0.4 (0.224) 0.76 (0.199) 0.413 (0.363) 0.382 (0.241)
672 3 5 5 5 5,1 0.544 (0.061) 0.183 (0.171) 0.906 (0.103) 0.267 (0.253) 0.217 (0.204)
762 2 5 10 10 5,1 0.586 (0.168) 0.3 (0.447) 0.871 (0.197) 0.286 (0.44) 0.253 (0.348)
762 2 5 10 5 5,1 0.637 (0.15) 0.333 (0.312) 0.94 (0.134) 0.45 (0.512) 0.36 (0.37)
987 2 5 15 10 5,1 0.762 (0.173) 0.65 (0.379) 0.875 (0.153) 0.764 (0.234) 0.642 (0.274)
987 2 5 15 5 5,1 0.672 (0.155) 0.483 (0.393) 0.861 (0.127) 0.507 (0.37) 0.45 (0.298)
1022 3 5 10 10 5,1 0.574 (0.154) 0.233 (0.325) 0.916 (0.048) 0.233 (0.325) 0.233 (0.325)
1022 3 5 10 5 5,1 0.6 (0.137) 0.35 (0.335) 0.85 (0.224) 0.353 (0.437) 0.317 (0.335)
1110 2 2 5 10 8,2 0.65 (0.163) 0.4 (0.285) 0.9 (0.137) 0.567 (0.435) 0.462 (0.333)
1110 2 2 5 5 8,2 0.55 (0.112) 0.1 (0.224) 1.0 (0.0) 0.2 (0.447) 0.133 (0.298)
1134 3 2 5 10 8,2 0.485 (0.1) 0.167 (0.236) 0.804 (0.213) 0.1 (0.149) 0.124 (0.182)
1134 3 2 5 5 8,2 0.648 (0.184) 0.367 (0.415) 0.93 (0.11) 0.433 (0.435) 0.36 (0.351)
1170 2 2 10 10 8,2 0.717 (0.122) 0.5 (0.289) 0.933 (0.061) 0.6 (0.365) 0.533 (0.298)
1170 2 2 10 5 8,2 0.584 (0.145) 0.233 (0.325) 0.936 (0.059) 0.233 (0.325) 0.233 (0.325)
1214 3 2 10 10 8,2 0.606 (0.145) 0.233 (0.325) 0.978 (0.05) 0.333 (0.471) 0.267 (0.365)
1214 3 2 10 5 8,2 0.633 (0.217) 0.267 (0.435) 1.0 (0.0) 0.4 (0.548) 0.3 (0.447)
1230 2 2 15 10 8,2 0.617 (0.119) 0.3 (0.298) 0.933 (0.099) 0.4 (0.418) 0.328 (0.314)
1230 2 2 15 5 8,2 0.628 (0.154) 0.3 (0.298) 0.956 (0.099) 0.467 (0.506) 0.36 (0.37)
1294 3 2 15 10 8,2 0.523 (0.083) 0.133 (0.298) 0.913 (0.145) 0.08 (0.179) 0.1 (0.224)
1294 3 2 15 5 8,2 0.596 (0.141) 0.283 (0.389) 0.908 (0.146) 0.23 (0.338) 0.25 (0.354)
1372 3 5 15 10 5,1 0.591 (0.108) 0.333 (0.312) 0.849 (0.242) 0.324 (0.409) 0.293 (0.289)
1372 3 5 15 5 5,1 0.63 (0.125) 0.35 (0.335) 0.91 (0.124) 0.387 (0.425) 0.347 (0.335)
1383 2 5 5 10 8,2 0.5 (0.0) 0.05 (0.112) 0.95 (0.112) 0.067 (0.149) 0.057 (0.128)
1383 2 5 5 5 8,2 0.5 (0.044) 0.1 (0.137) 0.9 (0.105) 0.167 (0.236) 0.124 (0.17)
1518 3 5 5 10 8,2 0.54 (0.089) 0.15 (0.224) 0.93 (0.11) 0.167 (0.236) 0.157 (0.228)
1518 3 5 5 5 8,2 0.556 (0.124) 0.183 (0.291) 0.928 (0.11) 0.2 (0.298) 0.19 (0.294)
1608 2 5 10 10 8,2 0.6 (0.137) 0.2 (0.274) 1.0 (0.0) 0.4 (0.548) 0.267 (0.365)
1608 2 5 10 5 8,2 0.5 (0.0) 0.0 (0.0) 1.0 (0.0) 0.0 (0.0) 0.0 (0.0)
1833 2 5 15 10 8,2 0.528 (0.092) 0.1 (0.224) 0.955 (0.062) 0.133 (0.298) 0.114 (0.256)
1833 2 5 15 5 8,2 0.584 (0.085) 0.233 (0.224) 0.936 (0.059) 0.3 (0.274) 0.26 (0.241)
1868 3 5 10 10 8,2 0.538 (0.084) 0.1 (0.224) 0.975 (0.056) 0.133 (0.298) 0.114 (0.256)
1868 3 5 10 5 8,2 0.552 (0.147) 0.15 (0.335) 0.955 (0.062) 0.15 (0.335) 0.15 (0.335)
2218 3 5 15 10 8,2 0.55 (0.112) 0.1 (0.224) 1.0 (0.0) 0.2 (0.447) 0.133 (0.298)
2218 3 5 15 5 8,2 0.616 (0.22) 0.367 (0.415) 0.866 (0.102) 0.3 (0.298) 0.327 (0.342)
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Table C.6. CNN-LSTM Experiment 2 results for ensembles. The average and standard deviation
for every configuration is listed, the highest result is marked.

Hyperparameters Evaluation

Model Parameters LR γ λ Baĺ. Accuracy Sensitivity Specificity Precision F1-Score

987 0.0001 0.85 0.0000 0.527 (0.119) 0.2 (0.274) 0.853 (0.092) 0.133 (0.183) 0.16 (0.219)
987 0.0001 0.85 0.0001 0.635 (0.209) 0.383 (0.439) 0.886 (0.193) 0.367 (0.415) 0.356 (0.411)
987 0.0001 0.85 0.0005 0.638 (0.112) 0.35 (0.224) 0.925 (0.112) 0.6 (0.418) 0.433 (0.279)
987 0.0001 0.85 0.0010 0.62 (0.179) 0.35 (0.418) 0.89 (0.114) 0.267 (0.253) 0.29 (0.298)
987 0.0001 1.00 0.0000 0.552 (0.053) 0.267 (0.253) 0.838 (0.181) 0.19 (0.207) 0.204 (0.19)
987 0.0001 1.00 0.0001 0.592 (0.142) 0.3 (0.326) 0.885 (0.169) 0.5 (0.5) 0.333 (0.32)
987 0.0001 1.00 0.0005 0.705 (0.23) 0.55 (0.447) 0.861 (0.062) 0.483 (0.291) 0.498 (0.352)
987 0.0001 1.00 0.0010 0.529 (0.126) 0.1 (0.224) 0.958 (0.058) 0.2 (0.447) 0.133 (0.298)
987 0.0002 0.85 0.0000 0.489 (0.061) 0.117 (0.162) 0.861 (0.127) 0.133 (0.183) 0.124 (0.17)
987 0.0002 0.85 0.0001 0.717 (0.145) 0.5 (0.373) 0.933 (0.099) 0.653 (0.409) 0.517 (0.303)
987 0.0002 0.85 0.0005 0.48 (0.045) 0.0 (0.0) 0.96 (0.089) 0.0 (0.0) 0.0 (0.0)
987 0.0002 0.85 0.0010 0.625 (0.147) 0.35 (0.224) 0.9 (0.163) 0.583 (0.449) 0.431 (0.296)
987 0.0002 1.00 0.0000 0.601 (0.117) 0.317 (0.325) 0.886 (0.119) 0.287 (0.278) 0.3 (0.298)
987 0.0002 1.00 0.0001 0.625 (0.072) 0.3 (0.183) 0.95 (0.112) 0.7 (0.447) 0.4 (0.224)
987 0.0002 1.00 0.0005 0.525 (0.034) 0.1 (0.137) 0.95 (0.068) 0.2 (0.274) 0.133 (0.183)
987 0.0002 1.00 0.0010 0.56 (0.059) 0.167 (0.156) 0.953 (0.065) 0.4 (0.418) 0.227 (0.209)
987 0.0005 0.85 0.0000 0.589 (0.149) 0.2 (0.274) 0.978 (0.05) 0.4 (0.548) 0.267 (0.365)
987 0.0005 0.85 0.0001 0.557 (0.165) 0.3 (0.447) 0.815 (0.143) 0.214 (0.295) 0.245 (0.346)
987 0.0005 0.85 0.0005 0.668 (0.178) 0.4 (0.365) 0.936 (0.059) 0.467 (0.447) 0.427 (0.393)
987 0.0005 0.85 0.0010 0.701 (0.179) 0.467 (0.361) 0.936 (0.098) 0.6 (0.435) 0.493 (0.325)
987 0.0005 1.00 0.0000 0.593 (0.158) 0.233 (0.325) 0.953 (0.065) 0.333 (0.471) 0.267 (0.365)
987 0.0005 1.00 0.0001 0.525 (0.056) 0.1 (0.224) 0.95 (0.112) 0.1 (0.224) 0.1 (0.224)
987 0.0005 1.00 0.0005 0.702 (0.202) 0.467 (0.361) 0.938 (0.057) 0.6 (0.418) 0.513 (0.366)
987 0.0005 1.00 0.0010 0.717 (0.126) 0.433 (0.253) 1.0 (0.0) 0.8 (0.447) 0.56 (0.318)
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