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ABSTRACT

Athlete hearts undergo physiological adaptations in response to prolonged and intense exercise. An athlete’s
ECG recording presents differently to a patient from the general population, which leads to a higher likelihood of
misdiagnosis from both human clinician and ECG classifier models. Due to a lack of available data, new athlete
ECG classifiers based on deep neural networks (DNN) cannot be trained. The purpose of this study is to explore
whether domain adaptation can be used to adapt existing DNN models trained on general population ECG to
athletic ECG, while using only a minimal quantity of athletic ECG data.

The causes of this domain shift were found to be decomposed into two main components: concept shift and
covariate shift. Domain adaptation methods for an existing DNN were devised based on source dataset reweighting
and target dataset finetuning respectively. To evaluate the effectiveness of these methods, the original and adapted
models were benchmarked across four datasets. Neither of the domain adaptation methods were found to address
concept shift in the target domain. However, non-uniform distribution of patient demographics in the pretrained
model’s training data was found to negatively affect classification performance in both source and target domains,
and could be alleviated with the adaptation methods used.

All code associated with analysis, training, and benchmarking can be found at:
https://github.com/ShaunKyle/MisdiagnosisOfAthleteECG
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1 INTRODUCTION

1.1 Challenges in screening athlete cardiac health

Athletes hearts undergo physiological adaptations (e.g. increased wall thickness and
cardiac dimensions) due to prolonged and intense exercise for at least 4 to 8 hours
per week [2]. This leads to a markedly different risk profile for cardiovascular diseases
compared to the general population. A motivating example is the prevalence of Sudden
Cardiac Death (SCD) as the leading cause of mortality for young athletes under 35
years of age, with an estimated incidence of around 0.6 to 3.6 on 100,000 persons per
year. This has led many sporting organizations to consider implementing screening
programs for athlete cardiac health. [1]

The first line of screening for cardiac health typically includes interpretation of a 12-
lead resting electrocardiogram (ECQG) recording for any observable abnormalities from
heart electrical activity [11]. ECG findings arising from physiological adaptations of
athletes’ hearts in response to exercise can be mistaken for pathological changes due
to cardiovascular disease. To address this issue, standard criteria for ECG interpretation
have been developed and endorsed by many international medical societies [2]. A
summary of these standards is shown in Figure 1.

However, there is still a shortage of physician expertise in sports cardiology, which
places a limit on the effective reach of athlete cardiac screening programs.
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Figure 1. Overlap between pathological and physiological adaptations leads to borderline findings in athletes.
Normal findings are unrelated to pathological changes that could suggest cardiovascular disease. Abnormal
findings are unrelated to physiological changes from athlete training, but could suggest cardiovascular disease.
Borderline findings could be caused by either pathological changes or athlete physiological adaptations. [2]

1.2 ECG classifiers based on Deep Neural Networks
Classifier models for automated ECG analysis are commonly used in conjunction with
digital ECG machines to provide clinical decision support. In recent years, Machine
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Learning (ML) and Deep Learning (DL) methods have been used to develop diagnostic
models for a range of cardiovascular diseases in the general population. The reported
accuracy of these models is usually quite high, typically above 90%. [11]

A key advantage of DL over traditional ML methods is that features can be learned
implicitly, rather than being manually extracted by a human expert [3]. This allows
deep learning models to be "trained” using large datasets that would be impractical for
a human to manually analyze, thereby giving the final model a far greater amount of
experience to learn from. For example, supervised learning methods used to train ECG
classifiers use large datasets consisting of raw ECG recordings as inputs and expert
cardiologist ECG finding reports as labels. While human effort is required to label these
datasets, the ECG features corresponding to particular diagnoses are learned implicitly
by the model through training rather than human analysis.

An existing ECG classifier trained on a general population source domain is likely to
have high misdiagnosis rates when used on an athletic population target domain for the
reasons discussed in Section 1.1. This problem of a source domain differing from a
target domain is referred to as a domain shift in the ML literature.

Developing a new athletic ECG classifier from scratch is not practical. The supervised
DL methods used to develop Deep Neural Network (DNN) models for existing ECG
classifiers require a high volume of training data, usually over 10,000 records. Under
200 records of athletes were found during a search of publicly available 12-lead resting
ECG datasets, as shown in Table 1.

Table 1. Size of publicly available 12-lead resting ECG recording datasets

Dataset Domain No. of records  Unique subjects
MIMIC-IV-ECG [4] General 800,000 160,000
PTB-XL [18] General 21,799 18,869
Georgia [5] General 20,678 15,742
CPSC [7] General 9,831 9,458
Norwegian-Endurance [15]  Athletic (endurance sports) 28 28
PF12RED [10] Athletic (football) 163 54

1.3 Domain adaptation

Given that the available athletic ECG data is insufficient to train a new model using
supervised DL methods, a transfer learning approach which can adapt a general
population trained DNN may be appropriate. Domain adaptation describes a specific
case of transfer learning where the task (e.g. ECG classification) remains unchanged,
but the distribution of source and target domains differ [6].

A list of definitions and notation used throughout this report are given below:

» A domain is a combination of an input space X, output space Y, and an associated
probability distribution P.

* In this project, inputs are feature vectors consisting of both a 12-lead resting ECG
recording and associated patient demographic information (e.g. age and sex),
and outputs are binary class labels for a list of ECG findings. A dataset can be
considered a sampled subset of a particular domain.

» For a domain adaptation problem, X and Y stay constant between the source and
target domains. Only the source and target distributions P* and P” may vary.

» P(X) denotes a marginal distribution. P(X,Y) denotes a joint distribution. P(X|Y)
denotes a joint distribution (probability of X given Y).



Adapting DNN models to athletic ECG BIOM9021 Project

« A domain shift occurs when P5(X,Y) # PT(X,Y).

The underlying cause of a domain shift can be traced to one or more individual distri-
bution shifts. A joint probability distribution can be decomposed into such, as shown
by Equation 1.

P(X,Y)=P(X)-P(Y|X) (1)
= P(Y)-P(X|Y)

There are three types of distribution shift which can be identified:

1. Covariate shift occurs when the input distribution P(X) changes. For example, the
distribution of patient demographics such as age or sex.

2. Label shift occurs when the output distribution P(Y) changes. For example, the
distribution of ECG diagnosis labels in a dataset.

3. Concept shift occurs when a conditional probability changes. For example, P(Y|X)
changing would mean that for the same input distribution P(X), a different output
distribution P(Y) is expected.

The changed criteria for diagnosis of athletes is clearly an example of concept shift
between a general population source domain and athletic target domain. There may
also be marginal distribution shifts which contribute significantly to the domain shift.

1.4 Project outline
The research question being addressed in this report is:

Can an existing ECG classifier which has been trained on a general population source
domain be adapted for an athletic population target domain?

To address this research question, the aims of this project are as follows:
1. Identify significant distribution shifts between the source and target domains.

2. Devise suitable domain adaptation methods that could be used to minimize the
effect of these distribution shifts.

3. Apply these methods to an existing ECG classifier which was trained on a general
population source domain.

Aim 3 will involve benchmarking the performance of domain adapted versions of the
classifier on both general and athletic populations. This will allow two key hypotheses to
be tested:

» Addressing a marginal distribution shift (identified through Aim 1) will slightly in-
crease classifier performance on the target domain.

» Addressing a joint distribution shift (i.e. concept shift) will significantly increase
classifier performance on the target domain.

Section 2 will cover methods used in this study, including the measurement of marginal
distribution shifts and design of domain adaptation methods to be used on an existing
ECG classifier model. Section 3 will present the results of both the distribution shift
measurements and performance of the domain adapted classifier. Section 4 will discuss
how the study results can be interpreted as well as comment on future research
directions.
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2 METHODS

2.1 Selection of existing ECG classifier

The diagnoses covered by this study, shown in Table 2, fall under two main categories:
sinus rhythms (SB, NSR, ST, SA) and conduction block (IRBBB, RBBB). These ECG
diagnosis labels were chosen to cover two "normal” athlete ECG findings that are likely
to be misdiagnosed as false-positive, SB and IRBBB, and other diagnostic labels that
fall under the same category.

Table 2. ECG diagnosis labels used in this study

SNOMED-CT code Diagnosis
426177001 Sinus bradycardia (SB)
426783006 Normal sinus rhythm (NSR)
427084000 Sinus tachycardia (ST)
427393009 Other sinus arrhythmia (SA)
713426002 Incomplete right bundle branch block (IRBBB)
713427006 Complete right bundle branch block (RBBB)

The criteria used to select the DNN used in this study were:
1. Model is a multi-class classifier which includes ECG findings listed in Table 2.
2. Model input is a 12-lead resting ECG recording.
3. Training datasets are open and available.

4. Training datasets contain patient demographic information (e.g. age, sex) and
diagnosis labels which can be used for comparison of source/target domains.

The chosen model is an ensemble of ten wide residual networks (WRN). The final output
of the model is obtained by averaging the scalar prediction scores of the networks, then
computing a binary output using class-specific threshold values. The architecture of
each network, shown in Figure 2, consists of three main sections: a convolutional input
stem, a set of four residiual blocks with a widening factor of 2, and a linear output stem
for the final classifier output. [9]

Input

l

Input Stem
[16 x k]
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Stage 1
[16 x k] X N

I

Stage 2
[32xk]xN

I

Stage 3
[64 x k] XN
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[128 x k] x N

Output stem
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Figure 2. Wide residual network (WRN) architecture used by chosen ECG classifier [9]. Details of specific blocks
shown in dashed lines. Widening factor k = 2 (i.e. double the number of convolution kernels).
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The model training data comes from 4 of the 6 datasets provided for the 2020 George
B. Moody PhysioNet Challenge [13], which are listed in Table 3. These datasets can
be considered to be from the general population domain, with a slight demographic
bias towards European patients. The 12-lead resting ECG recordings in the subset of
four datasets used to train the model in [9] have an average recording length of 10 s,
and were all resampled to a sampling rate of 500 Hz. Electrical noise sources were
attenuated using 50 Hz and 60 Hz notch filters.

Table 3. Summary of 2020 PhysioNet Challenge training datasets [13]

Dataset Records  Used for training [9]? Clinical setting
Georgia 10,344 Yes Emory University (Atlanta, Georgia, USA)
CPSC 6,877 Yes 11 hospitals across China
CPSC-Extra 3,453 Yes Same as CPSC
PTB-XL 21,837 Yes Collected by Schiller AG (European company)
PTB 516 No University Clinic Benjamin Franklin (Berlin, Germany)
INCART 74 No Institute of Cardiological Technics (St. Petersburg, Russia)

Each of the ten WRNs in the ensemble model was trained on a different set of training
data using a 10-fold cross-validation method. Training was conducted using the PyTorch
framework [12] on an NVIDIA V100 GPU. A summary of the training settings used is
given in Table 4. There are 3,370,968 trainable parameters in each WRN, meaning the
full model has over 30 million parameters.

Table 4. Summary of settings used for training model in [9]

Setting Value
Epochs 100
Loss function Binary cross-entropy
Optimizer Adam
Learning rate 0.001
Dropout probability 0.3

2.2 Identifying significant distribution shifts

2.2.1 Target domain datasets

Two datasets belonging to the athletic target domain are listed in Table 5. The cohort
for Norwegian-Endurance includes 28 elite athletes across endurance sports such as
rowing, kayaking, and cycling [15]. The cohort for PF12RED includes pre-season and
post-season ECG recordings for 54 professional football players [10]. Both datasets
contain diagnosis labels for sinus rhythms and right bundle branch block.

Table 5. Summary of athletic (target) domain datasets

Dataset Records Female Athletic setting
Norwegian-Endurance 28 32% Endurance athletes in Norway
PF12RED 163 0% Football team in La Liga, Spain

To minimize the effect of distribution shift due to sex demographics, the Norwegian-
Endurance dataset will be used for any domain-adaptation methods requiring target
domain data, while PF12RED will be reserved for evaluation purposes only.

Additionally, each ECG record in the Norwegian-Endurance dataset was interpreted by
two different sources:
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1. A cardiologist with specialization in athletes’ hearts (assumed source-of-truth).

2. The Marquette 12SL algorithm on a MAC VUE 360 Electrocardiograph from GE
Healthcare.

By comparing the ECG findings of the Marquette 12SL algorithm compared to the
cardiologist, the misdiagnosis rates of the algorithm can be estimated, as shown in
Table 6. The results presented in this table validate the ECG diagnosis labels chosen in
Section 2.1.

Table 6. Misdiagnosis rates for Marquette 12SL algorithm on endurance athletes

Finding False-positives (%) False-negatives (%)
Sinus bradycardia 61 0
Other sinus arrhythmia 10 0
Right bundle branch block 2 50

2.2.2 Comparing marginal distribution shifts

In order to objectively compare distribution shifts between domains, a statistical measure
of the "distance” between probability distributions is required. This section will introduce
the concept of Kullback-Leibler Divergence based on writings from [8].

The Shannon information content of a single outcome x (measured in bits) is given
by Equation 2. If the logarithm used is log,, the measurement is in bits. If the natural
logarithm is used, the measurement is in nats.

h(x) =log (2)

1
P(x)
For example, P could be the probability distribution of sinus rhythm findings in a domain,
and P(x) could be the probability of a particular finding such as a "normal sinus rhythm.

The entropy of an ensemble of outcomes X can be defined as the average Shannon
information content of the outcomes:

Z P lOg ! ) (3)

xeX

For example, X could be the ensemble of all ECG findings related to sinus rhythm
(bradycardia, normal, tachycardia, other arrhythmia). The higher the entropy, the more
uncertain the outcomes sampled from a distribution.

The relative entropy between two distributions P and Q is known as the Kullback-Leibler
Divergence (KL-Divergence). It can be defined using Equation 4, which is derived from
the definition for entropy in Equation 3:

Dy (PI|Q) =) P(x) ﬂx) 4)

xeX ( )

If P and Q are continuous distributions (e.g. age of patients is a continuous variable),
then the integral form of the equation is used [14]:
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D (Pll) = | P)iog 5

)

KL-Divergence is not a perfect measure of difference between distributions. In general,
Dk (P||Q) # Dk (P||Q), so the measure is not strictly a "distance”. However, it still
suffices for the purpose of identifying distribution shifts between a source and target
domain.

In this study, the rel_entr method (relative entropy) from the SciPy software library [17]
is used to calculate KL-Divergences.

2.3 Domain adaptation methods

Based on the results of the marginal distribution shift analysis presented in Section 3.1
and the definition of concept shift presenting in Section 1.3, domain adaptation methods
were devised to addressed two separate distribution shifts:

» Covariate shift due to differing age distribution between source and target datasets,
» Concept shift due to the changed criteria for diagnosing an athlete’s ECG [2].

As mentioned in Section 1, the quantity of target domain data available is not sufficient
to train a new model from scratch using the training method proposed in [9]. A common
paradigm in the transfer learning literature is supervised finetuning, where a model
that has been pretrained on a source dataset has its weights adjusted through an
iterative training training process which uses labels from target domain data to calculate
training loss [16]. All domain adaptation methods devised in this study use a supervised
finetuning process, detailed below:

1. Load the pretrained WRN weights.

2. For every record in the finetuning dataset: run a forward-pass through the WRN,
calculate the binary cross-entropy (BCE) loss between the model predictions and
finetuning dataset diagnostic labels, perform backpropogation on the loss function,
perform gradient descent using a stochastic gradient optimizer to optimize the
network weights.

3. Save the WRN weights and sum of BCE losses at the end of the training epoch.
4. Repeat from step 2 until the maximum number of training epochs has been reached.
5. Check which epoch had lowest BCE, use as the final weights for finetuned WRN.

To address different causes of domain shift, the finetuning dataset can be changed. A
summary of the domain adaptation methods used in this study are listed in Table 7.

Covariate shift was addressed by training on a subset of patients under the age of 40
in the original training dataset (see Table 3). This could be more accurately termed
as reweighting the source domain (shifting the age distribution younger) rather than
finetuning, because no data from the target domain is used.

Concept shift was addressed by finetuning on the Norwegian-Endurance dataset. It
was hypothesized that the ECG representation produced by the four stages of residual
blocks of each WRN could be frozen, and that only the dense linear layer in the output
stem which produces the classifier scores for each diagnosis class would need to be
changed. This is tested by the Finetune1 method.
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Table 7. Summary of domain adaptation methods

Adaptation method Max epochs Learning rate Finetune data Trainable weights
Reweight 10 0.001 Source/training set, under age 40 Full model
Finetunel 100 0.0001 Norwegian-Endurance Output stem
Finetune2 100 0.0001 Norwegian-Endurance Full model

In addition to the three finetuned models in Table 7, another two models were produced.
Combine1 applies the Finetune1 method to the weights of a Reweight model. Com-
bine2 applies the Finetune2 method to the weights of a Reweight model. The goal of
combining adaptation methods is to address both covariate and concept shift in the
same model.

2.4 Benchmarking classifier performance

The classification performance of the original model from [9] and the adapted models
described in Section 2.3 will be evaluated by running the model on ECG records from
four evaluation datasets and comparing the predicted results of each model to the
diagnosis labels from the datasets.

The datasets used to evaluate performance on a general population (source) domain
are PTB and INCART, described in Table 3. Both datasets contain a mix of the sinus
rhythm and bundle branch block diagnoses mentioned in Section 2.1.

The datasets used to evaluate performance on an athletic (target) domain are PF12RED
and Norwegian-Endurance. While also being used for target finetuning, Norwegian-
Endurance is still included as an evaluation dataset for the sake of evaluating both the
Original and Reweight models. PF12RED data has not been used for any domain
adaptation method, so will provide a fair comparison for all models.

F1-score will be used as the primary metric to quantify the overall binary classification
performance of the classifiers. The calculation for F1-score is defined in Equation 6,
where TP, TN, FP, and FN stand for True Positive, True Negative, False Positive and
False Negative respectively.

B 2.TP
~ 2-TP+FP+FN

£ (6)

False-positive rate (FPR), shown in Equation 7 will also be used as a metric to provide an
indication of misdiagnosis on the athletic datasets. Based on the criteria for interpretation
of athlete ECG shown in Figure 1, the most likely misdiagnosis for SB and IRBBB
findings is a false-positive. If the false-positive rate does not decrease for domain
adapted models on the athletic datasets, then further analysis should be done into the
cause of misdiagnosis.

FP

PR=Ep TN

(7)

10
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3 RESULTS

3.1 Identifying significant distribution shifts

The effect of marginal distribution shifts were measured using the KL-Divergence method
discussed in Section 2.2. The calculation results are summarized in Table 8. The source
domain are the datasets used to pretrain the original ECG classifier model, defined in
Table 3. The target domain distributions are derived from the Norwegian-Endurance
dataset which is used for domain adaptation in this study, with the exception of age
distribution.

Label shift was measured between the prevalence of diagnosis labels (defined in Table
2). Covariate shift was measured between two patient demographics: age and sex.
Ideally, all shifts would have been measured with respect to the Norwegian-Endurance
dataset being used for domain adaptation. Unfortunately, individual athlete ages were
not provided for this dataset. The distribution of patient ages in the PF12RED dataset is
assumed to be similar to that of Norway-Endurance.

Table 8. Calculation results for KL-Divergences between source and target domains

Source distribution P Target distribution Q DkL(P||Q)
Diagnosis labels in training data  Diagnosis labels in Norwegian-Endurance ~ 3.607 nats
Patient ages in training data Athlete ages in PF12RED! 29.367 nats
Patient sex in training data Athlete sex in Norwegian-Endurance 0.047 nats

It can be concluded from these results that the most significant marginal distribution
shift is due to patient age demographics.

3.2 ECG classifier performance

The benchmark results for the original classifier and the adapted models from Table 7
are summarised in Tables 9 and 10. The PTB and INCART evaluation datasets both
belong to a general population domain, while the PF12RED and Norwegian-Endurance
datasets both belong to an athletic domain. F1-score is used as a measure of overall
classifier performance. False positive rate is used to measure misdiagnosis of borderline
athlete ECG findings.

On general population datasets, the adapted models significantly outperform the original
model. The best performance was achieved by the Reweight model. Derivative models
Combine1 and CombineZ2 did not improve on the performance of the Reweight model.

On athletic population datasets, the adapted models also outperform the original model.
All adapted models achieved the exact same performance on the PF12RED benchmark,
which is unusual when compared to the other three benchmarks. This could be due to
characteristics of the ECG recordings in the dataset, rather than a reflection of the true
performance of the models. For example, a consistent lead misplacement when taking
ECG recordings.

An interesting result to note is the performance of the Reweight model on the Norwegian-
Endurance benchmark. Reweight outperformed models finetuned on records from the
Norwegian-Endurance dataset. This allows us to conclude that Reweight is the best
performing domain adaptation method on the athletic domain.

! Ages of individual athletes were not provided in the Norwegian-Endurance dataset. The distribution is assumed to be similar between
PF12RED and Norwegian-Endurance.

11
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Table 9. Classifier performance on general population domain

Evaluation dataset Model Fl-score False positive rate
PTB Original 0.783 0.0562
Reweight 0.998 0.0004
Finetunel 0.887 0.0248
Finetune2 0.888 0.0252
Combinel 0.998 0.0004
Combine2 0.998 0.0004
INCART Original 0.649 0.0703
Reweight 0.824 0.0351
Finetunel 0.716 0.0568
Finetune2 0.689 0.0622
Combinel 0.824 0.0351
Combine2 0.824 0.0351

Table 10. Classifier performance on athletic domain

Evaluation dataset Model Fl-score False positive rate
PF12RED Original 0.361 0.1408
Reweight 0.376 0.1238
Finetunel 0.376 0.1238
Finetune2 0.376 0.1238
Combinel 0.376 0.1238
Combine2 0.376 0.1238
Norwegian-Endurance  Original 0.369 0.1610
Reweight 0.576 0.0803
Finetune1? 0.563 0.1090
Finetune2? 0.563 0.1090
Combine1? 0.576 0.0803
Combine2? 0.576 0.0803

Summary of observations:
* Reweight is the best performing domain adaptation method.

» Domain adaptation methods for the athletic domain produced a significant improve-
ment in the general population domain.

» The Combine1 and Combine2 models never exceed the performance of the
Reweight model.

» The Finetune1 model usually matches or slightly exceeds the performance of the
Finetune2 model.

ZNorwegian-Endurance dataset samples present in training data for Finetunel and Finetune2 methods

12
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4 DISCUSSION

4.1 Comparison of domain adaptation methods

The Combine1 and Combine2 models never outperformed the Reweight model that
they were based on. This means that finetuning on the Norwegian-Endurance dataset
addressed the same distribution shift as the Reweight method (i.e. covariate shift of
patient ages) rather than concept shift. The results for Combine1 and Combine2 can
therefore be ignored for this discussion.

On the athletic (target) domain evaluations, the average improvement in F1-score was
+0.1 for all three domain adaptation methods (Reweight, Finetunei and Finetune?2).
This suggests that the covariate (age) domain shift between source and target domains
was addressed to a similar degree by all three methods.

On the general population (source) domain evaluation, Reweight exhibited a higher
average improvement in F1-score of +0.2 compared to +0.1 for both athlete finetuning
methods. This observation is surprising, because no significant domain shift could be
measured between the training datasets and PTB/INCART evaluation datasets.

4.2 Mechanism for classifier performance improvement

One possible explanation for the improvement on general population evaluations is
attenuation of a bias introduced in the training of the original model [9]. The original
patient age distribution of the training data, as shown in Figure 3, shows a negative-
skewed bell curve with a peak probability density seen between the 60 to 80 age
range. This means younger patients below this age range are underrepresented in the
training data. In an ideal scenario, the distribution should be completely flat (i.e. equal
representation of all age groups).

Patient demographics of source domain
0.014 = /
0.012 1 / \"
0.010 - ‘I,f"l \

0.008 / Sex
1 Male
Female

0.008 = /

0.004 4

Density

0.002 4 \

0.000 T T T T T

Figure 3. Visualization of age distribution across training datasets (Georgia, CPSC, CPSC-Extra, PTB-XL)

Both the source reweighting and target finetuning approaches effectively flatten the age
distribution by presenting younger patients more often during the training/finetuning
process. The higher degree of improvement for Reweight can be explained by the higher
volume of training data available (5252 patients under age 40 for Reweight compared to
28 athletes with mean age 25 for target finetuning). The lack of additional improvement
on the athletic domain evaluations is likely due to concept shift being the limiting factor
for performance.

13
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4.3 Limitations of study

The Norwegian-Endurance dataset was utilized for finetuning in the domain adaptation
methods Finetune1 and Finetune2. This calls into question the validity of the results in
Table 10, where these target finetuned models are evaluated on the same Norwegian-
Endurance dataset.

It can be argued that the observations made during this study are still valid. Finetunet
and Finetune2 did not outperform Reweight on the target domain evaluations, which
would be the expected result for a validation dataset leaking into training data. The
observation made by this study is that the target finetuning methods did not achieve
their intended purpose, but rather improved the model using a similar mechanism to
Reweight.

Before the results of this study can be presented to a wider audience, k-fold cross-
validation should be introduced as a method for finetuning and evaluating the domain
adapted models. This would involve splitting the target dataset into k£ equal folds/groups
(e.g. 7 groups of 4 athletes each). One group can be set aside for validation, while the
rest can be used for finetuning. To ensure that results are repeatable, the process can
be repeated k times so that each fold is used for validation once.

4.4 Future directions

The main observation from this study is that the skewed patient age distribution used in
the training data for the original model in [9] is not ideal, and that a flatter distribution
would be better. One method of achieving this without needing to collect additional data
or removing records from the dataset is to make use of data augmentation techniques
such as synthetic ECG generation using Deep Generative Models trained on the source
datasets or mathematical models of the cardiovascular system [19].

Concept shift was not successfully addressed by the target finetuning methods in
this study. Methods for addressing concept shifts are still an active research topic
in the field of domain adaptation. Additional domain adaptation methods that could
be tried to extend this study include feature-based and inference-based approaches.
Feature-based approaches aim to modify the feature space so that a classifier trained
on the transformed source data can generalize well to the target data. Inference-based
approaches integrate adaptation into the process of estimating model parameters. [6]

5 CONCLUSION

The main distribution shifts contributing to the domain shift between general population
and athletic ECG were identified to be covariate shift (i.e. due to younger average age of
athletes) and concept shift (i.e. due to change in criteria for ECG diagnosis of athletes).
The domain adaptation methods devised for this study, source reweighting and target
finetuning, successfully addressed covariate shift but failed to address concept shift.
This placed a ceiling on performance improvement to +0.1 F1-score on the target
athletic domain. An unexpected improvement in classifier performance on the general
population (source) domain was discovered, and could be explained by the skewed
distribution of patient ages present in the original training dataset.
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