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ABSTRACT

Artificial intelligence (AI) has become crucial in enhancing electrocardiography
(ECQG) classification for cardiac arrhythmia (CA). Leveraging a large 12-lead ECG
dataset with 6,877 records from the 2018 China Physiological Signal Challenge
(CPSC2018), I developed an Al model combining convolutional neural network and
recurrent neural network (CNN+RNN). This model achieved a median overall F1-score
of 0.84 across nine CA categories on a hidden test set of 2,954 ECG data, demonstrating
high efficiency in CA detection. Further analysis showed that the model effectively
predicted coexisting CAs in patients with multiple CA diagnoses. Notably, performance
only slightly decreased when using single-lead data compared to the full 12-lead dataset,
with the aVR and V1 leads providing the most informative signals.

To address challenges in long-term ECG monitoring with portable/wearable (P/W)
devices, such as battery constraints and limited transmission bandwidth resulting in low-
resolution signals, I proposed a deep learning (DL)-based ECG super-resolution
framework (SRECG). SRECG enhances low-resolution ECG signals, focusing on
accuracy for CA classification when applied to high-resolution multiclass classifiers
(HMC). Experimental results showed that SRECG significantly improved HMC accuracy
over traditional interpolation methods, confirming the feasibility of using SRECG to
enhance low-resolution ECG signals from P/W devices, improving cloud-based HMC
performance.

Additionally, I investigated the adaptability of the model, initially designed for ECG
CA classification, to other physiological signals. Specifically, I explored its multimodal
potential to detect glottic tumors in benign vocal disorders by integrating voice signals,
demographic data, and structured medical records. My model achieved remarkable

v
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accuracy, highlighting the potential of Al methodologies to transition across different
physiological signals for diagnostic purposes.

In summary, Al, particularly DL models, has achieved significant advances in ECG
analysis and CA classification. The integration of powerful CNN-+RNN models, signal
enhancement techniques such as SRECG, and adaptability to other physiological signals

underscores the transformative impact of AI’s potential for broader medical diagnostics.

Key words: artificial intelligence, electrocardiography, cardiac arrhythmia, deep learning,

signal enhancement, wearable device, multimodality
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Chapter 1 ECG Signal Recognition

1.1 Introduction

Cardiac arrhythmia (CA) is an indicator of cardiovascular diseases and is associated
with an increased risk of mortality [1]. It is typically diagnosed using electrocardiography
(ECG), which are non-invasive, cost-effective, and widely employed clinical tools for
monitoring heart function. Diagnosis hinges on analyzing specific waveform features of
the ECG, such as the P wave, QRS complex, and T wave. A standard ECG captures
signals from twelve leads: six limb leads (I, II, III, aVR, aVL, aVF) and six chest leads
(V1 to V6). Each lead records the heart's electrical activity from a unique angle,
encompassing both the frontal plane (limb leads) and the transverse plane (chest leads)

12, 3].

Each ECG lead highlights particular signal characteristics linked to specific types
of CA. For example, atrial fibrillation (AF) is identified by fibrillatory atrial waves and
irregular QRS conduction [4]. Left bundle branch block (LBBB) presents distinctive QRS
morphologies in leads I, aVL, V1, V2, V5, and V6, while right bundle branch block
(RBBB) is recognized by an rsR’ pattern in leads V1 and V2 [5]. First-degree
atrioventricular block (I-AVB) is characterized by a consistent PR interval exceeding 0.2
seconds [6]. Premature atrial contractions (PAC) and premature ventricular contractions
(PVC) signify ectopic electrical impulses, with the P wave or QRS morphology deviating
from normal heartbeats [7, 8]. An ST segment is deemed abnormal if the elevation (STE)

or depression (STD) surpasses 0.1 mV [9].
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Accurately identifying these complex ECG features associated with different types
of CA requires extensive training. Studies have shown that even experienced internists
and cardiologists may occasionally misdiagnose CA types [10, 11]. The increasing
volume of ECG examinations adds to healthcare professionals' workload, exacerbating
this issue. Developing computer algorithms that can provide precise and automatic
diagnoses may help alleviate the burden. Despite challenges posed by the significant
variability in the geometrical and physiological features of ECG signals [12], substantial

progress has been made in recent years [13].

As artificial intelligence (Al) prospers most recently, there are two main strategies
for developing automatic CA diagnostic tools. The first involves segmenting ECG signals
into individual heartbeats or characteristic waveform cycles. This beat-based approach
can generate large datasets for machine learning models, even with a limited number of
subjects. However, extracting precise morphological features from ECG signals is often
challenging [13]. While some studies have reported prediction accuracies above 99%
using this method [13], results may be confounded if training and test data originate from
the same individuals. For instance, when test beats were sourced from patients not
included in the training set, the classification accuracy for six CA types dropped from

99.7% to 81.5% [14].

Most previous CA prediction studies have utilized publicly available data from the
MIT-BIH Arrhythmia Database (MIT-BIH AD) [15, 16] and the UCI Machine Learning
Repository's Arrhythmia Data Set (UCIAD) [17], containing 48 and 452 subjects,
respectively. Small sample sizes can lead to overfitting, particularly with neural network
algorithms [18]. Overfitting may also result from unbalanced data if certain CA types are

overrepresented. These issues can bias analyses using MIT-BIH AD and UCIAD [19, 20].
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For example, a study using UCIAD achieved a 92% classification accuracy with an 80-
20 training-test split, but accuracy dropped to 60% with a 50-50 split [19]. Additionally,
MIT-BIH AD includes ECG data from only two leads, and UCIAD provides only

extracted features rather than raw 12-lead ECG data.

The second strategy offers an end-to-end solution, avoiding the main challenges of
the beat-based approach. This method requires a large ECG database and the development
of suitable deep learning (DL) neural networks. Recent advancements have made this
approach increasingly viable. For example, the PhysioNet/Computing in Cardiology
Challenge 2017 (CinC2017) released single-lead ECG data from 8,528 subjects across
four heart rhythm categories to promote open-source research [21]. Utilizing a
convolutional neural network combined with long short-term memory layers, Xiong et al.
achieved top performance in CinC2017 with an F1-score of 0.82 on a hidden test set of

3,658 subjects.

Building on this, the China Physiological Signal Challenge 2018 (CPSC2018),
hosted by the 7th International Conference on Biomedical Engineering and
Biotechnology [22], provided a large 12-lead ECG database and a hidden test set for
global participants. Unlike CinC2017, CPSC2018 included subjects categorized into
normal rhythm and eight types of CA: AF, I-AVB, LBBB, RBBB, PAC, PVC, STD, and
STE. This represents the largest publicly available 12-lead ECG database with the most
labeled CA types to date. In this study, I present a DL neural network model developed
using the CPSC2018 ECG data and discuss the results that secured first place in the

competition (http://2018.icbeb.org/Challenge.html).
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1.2 Methods

Data acquisition

As detailed by Liu et al. [22], the CPSC2018 ECG database comprises 9,831
recordings collected from 9,458 individuals across 11 hospitals in China (see Table 1).
All data from these 11 hospitals were combined to constitute the challenge database. This
database consists of 12-lead ECG recordings sampled at 500 Hz and standardized using
Z-score normalization, with durations ranging from a few seconds to over a minute, and
an outlier lasting up to 144 seconds. Each recording is labeled as normal or as one of eight
abnormal CA types previously mentioned. The dataset was randomly split into 70% for
training (training set) and 30% for testing (hidden test set), but only the training set was
made publicly available. The distributions of sex, age, hospital sources, and CA types
were fairly balanced between the training set and hidden test set [22]. Among the 6,877

recordings in the training set, 470 had two CA-type labels, and six had three.
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Table 1 Details of recordings in the CPSC2018 ECG database

# recording of each hospital

# total
Challenge set  Type A B C D E F G H I J K recording
Training Normal 73 920 74 73 70 90 7 76 78 77 140 918

AF 45 184 28 26 138 155 280 104 27 47 64 1098
I-AVB 39 T 0 8 150 129 212 19 15 27 34 704
LBBB 7 12 7 2 41 30 51 13 9 18 17 207
RBBB 79 272 29 30 423 205 401 140 26 30 60 1695
PAC 57 147 4 8 105 24 111 50 2 57 9 574
PVC 76 111 3 21 150 80 132 13 18 32 17 653

STD 117 22 32 525 36 52 1 26 15 826
STE 3 90 6 7 38 12 16 0 22 0 8 202
Total/Average 490 980 169 202 1645 762 1338 416 223 288 364 6877

Hidden Test  Normal 31 38 32 32 30 38 33 33 34 33 60 394
AF 19 79 12 11 59 66 120 44 1" 20 28 468

I-AVB 17 30 0 3 64 56 91 8 6 11 15 301

LBBB 3 5 3 1 18 13 22 5 4 8 8 920

RBBB 34 116 13 13 181 88 173 61 12 13 25 728

PAC 23 65 1 3 45 12 48 22 3 24 4 250

PVC 30 49 2 10 65 33 56 6 8 15 7 281

STD 50 0 9 14 225 16 23 0 1 0 6 354

STE 2 38 2 3 16 5 7 0 10 0 3 86

Total/Average 209 420 74 90 703 327 573 179 99 124 156 2954

For privacy reasons, the names of the 11 hospitals are represented by A-K (11
letters).

Proposed ECG model architecture

My model features an architecture composed of five convolutional neural network
(CNN) blocks, followed by a bidirectional gated recurrent unit (GRU) [23], an attention
layer [24], and a final dense (fully connected) layer (see Figure 1). The selection of five
CNN blocks and specific neural network layers resulted from a limited trial-and-error
process; I did not extensively explore other potential architectures. Each CNN block
includes two convolutional layers followed by a pooling layer to reduce parameters,
computational load, and to mitigate overfitting [25]. Additionally, I applied a 20%
dropout rate between CNN blocks and other independent layers, including between the
last CNN block and the bidirectional GRU layer, to further prevent overfitting. I chose
CNNs and recurrent neural network (RNN) due to their proven effectiveness in handling
noisy signals and time-series data [26, 27]. The GRU, a newer variant of RNN, may offer

5
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advantages over long short-term memory networks in terms of training efficiency and
iteration requirements [28, 29]. Batch normalization was used to adjust and scale inputs
from the attention layer [30], which follows a form proposed by Yang et al. that assigns
importance weights [24], to the dense layer. I employed the LeakyReLU activation
function, a variant of the rectified linear unit, in all layers except the dense layer, where |
used the Sigmoid activation function [31]. Table 2 provides details on the
hyperparameters, including their types, sizes, and the number of trainable parameters for

each network layer.

Data Input w;

CNN Block
'~ Convolution
|

Normal

LBBB | RBBB | PAC

Arrhythmia Prediction Output
Figure 1 Architecture of proposed DL network for 12-lead ECG

The architecture consists of layers and blocks displayed in rectangular shapes. The

label “X5” denotes that five CNN blocks are sequentially connected prior to linking
with the bidirectional RNN layer, which is a GRU. The output layer at the base
presents the model's predicted probabilities for the nine different CA classes. The
prediction corresponds to the class with the highest probability for the given ECG

input.
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Table 2 Numbers and sizes of hyperparameters and trainable parameters of

proposed DL network
CNN block & other

oy ) CNN layer  Kernel Kemelsize Padding Stride Parameters™®
network layers
1 12 3 1 1 12x(12x3+1)=444
1 2 12 3 1 1 12x%(12x3+1)=444
3 (pooling) 12 24 1 2 12:(1224+1)=3 468
4 12 3 1 1 12x(12x3+1)=444
2 5 12 3 1 1 126(123+1)=444
6 (pooling) 12 24 1 2 12x(12%24+1)=3.468
7 12 3 1 1 12x(12x3+1)=444
3 8 12 3 1 1 12x(12x3+1)=444
9 (pooling) 12 24 1 2 12x(12x244+1)=3.468
10 12 3 1 1 12x(12x3+1)=444
4 11 12 3 1 1 12x(12x3+1)=444
12 (pooling) 12 24 1 2 125(12x24+1)=3.468
13 12 3 1 1 12x(12x3+1)=444
5 14 12 3 1 1 12x(12x3+1)=444
15 (pooling) 12 48 1 2 12:(12x48+1)=6.924
Bi-GRU - - - - - 2x12x3%(12+12+2)=1,872
Attention - - - - - 2x2x(12x2+2)=624
Batch-normalization - - - - - 12x2x4=96
Dense - - - - - 9x(12x2+1)=225
Total 28.035

* Calculated as follows:
CNN layer: #leadx(#kernelsxkernel size+bias)
Bi-GRU: #directionsx#cellsx#gatesx(#leads+#leads+bias)
Attention: #leadsx2x(#leadsx2-+bias)
Batch normalization: #leadsx2x4
Dense: #outputx(#leadsx2+bias)
#directions = 2 (bi-directional)
#gates = 3 (reset, update, and current memory gates)
#leads = 12 (12 ECG leads)
#output = 9 (9 rhythm classifications).

Performance evaluation

The Fl-score is an evaluation metric that considers both precision and recall,

defined as:
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Fl=2x PrecisionxRecall (1)

Precision+Recall’

where precision and recall are calculated by:

TP

Precision = ———, 2)
TP
Recall = ey 3)

and here, TP (true positive), FP (false positive), TN (true negative), and FN (false

negative), are defined as:

TP = |{Gx, yolyi = i) =1,1 < i <N}, (4)
FP = [{(xi, y)|yi = 0and fi(x) = 1,1 < i < N}, 5)
TN; = {(xi, yolyi = fx) = 0,1 < i < N}, (©)
FN; = {(xi, y)|yi = 1and fi(x)) =0,1 < i < N}, )

and in these equations, (x;, y;) represents the input and label of the i-th sample out of
N samples, and f = (fy, ... fj, ..., fc) € {0, 1}¢ is a classifier predicting C-categories,
where each f; is binary-valued. The notation |- | denotes the cardinality of a set. The

overall F1-score is obtained by averaging the F1-scores across all categories.
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In my implementation, the CPSC2018 ECG training set were processed in a matrix
format consisting of three components: the subject ID, the specific ECG lead among the
12 leads, and the 72,000 ECG values corresponding to the maximum recording duration
(144 seconds) at a sampling rate of 500 Hz. Recordings shorter than the maximum
duration were prefixed with zeros for alignment. I extracted the 476 subjects with multiple
labels and randomly divided the remaining 6,401 subjects into 10 equal parts to establish
an 8-1-1 training, validation, and testing scheme. To address label imbalance, I employed
stratified sampling to maintain proportional representation of each CA type. The multi-
labeled subjects were then reintegrated into the training part. Classification training was
conducted using the categorical cross-entropy loss function and the ADAM optimizer,
utilizing the GPU version of TensorFlow through the Keras package [32]. Models were
trained for 100 epochs, each epoch representing one full pass through the training part,
and evaluated based on performance on the validation part. The model with the lowest
validation loss was further assessed by calculating its Fl-score on the test part. This
process was repeated 10 times to complete a 10-fold training, validation, and testing cycle,
resulting in 10 optimal validation models. The median Fl-score for each CA label,
including the normal type, across the 10 test parts was computed using the F1-score

function from Scikit-learn [33].

I also investigated the performance using data from only a single ECG lead. For
each lead, I set the ECG values of the other 11 leads to zero and applied the same network
architecture and 10-fold cross-validation and testing procedure as before. This resulted in
120 optimal single-lead validation models and a median F1-score for each of the 12 leads

across the nine CA labels.
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In my sub-analysis, I examined nine false positive cases where the proposed DL
model predicted a high probability for CA across different diagnostic categories. These
cases were then subjected to independent review by three expert cardiologists, and their
assessments were compared to the model’s predictions. The goal was to compare the
model’s predictions with the consensus of the human experts and the original conference-
assigned labels, which served as the “ground truth” for training the model and considered

as the performance of general cardiologists.

Ensemble and optimization

For the CPSC2018 competition, I combined the 130 best validation models (10
from full-lead training and 120 from single-lead training) into an ensemble model. The
output probabilities from the 130 models for each CA type were averaged and adjusted
using a weight vector to obtain the final probability for that CA type. The weight vector,
consisting of nine weights corresponding to the nine CA types, was optimized using a
genetic algorithm (GA) [34] to achieve the best overall median F1-score across the 10
test parts. In the GA optimization, I established a mating system with 40 genes, each with
a DNA length of 9, and a population size of 100. The optimization process proceeded for
100 generations, using a crossover probability of 0.5 and a mutation probability of 0.5.
For a given ECG recording input, the CA type with the highest probability from the
ensemble model was selected as the predicted CA type. This ensemble model was my

submission to CPSC2018.

10
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1.3 Results

Best validation models on 10-fold tests and ensemble model on hidden

test

Table 3 presents a comparison for each CA type between the median accuracy, area
under the receiver operating characteristic curve (AUC), and F1-score derived from the
best validation models across ten 10-fold tests, and those obtained from the ensemble
model. Additionally, it includes the ensemble model's F1-score on the hidden test set from
CPSC2018. The results indicate that the ensemble model slightly outperformed the
individual best validation models, which is expected since it combines and optimizes their
outputs to enhance the 10-fold test outcomes. Furthermore, the ensemble model
demonstrated consistent performance across all CA types when transitioning from the
publicly available data to the hidden test set, reflecting the similar compositions of these

datasets.

Table 3 also highlights varying levels of difficulty in predicting different CA types.
Specifically, prediction accuracy decreased progressively from AF to bundle branch
blocks, premature contractions, and finally ST abnormalities, with the normal rhythm
being among the most challenging to predict. The model's predictions for STE had the
lowest Fl-score, ranging from 0.5 to 0.6, which could be partly attributed to differing
medical opinions on diagnosing STE [35]. This trend, including the difficulty in
predicting the normal type, was consistent across all other top-performing models in the
CPSC2018 competition (see Table 4). In fact, nearly all the leading models achieved very
high Fl-scores (>0.9) for AF and bundle branch blocks. My model, however, provided
significantly better predictions than others for several CA types, PAC, PVC, STD, and

STE, which explains my superior performance in the competition (Table 4).
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Table 3 The performances of models trained with multi-labeled data

CATyp

Norma

AF

I-AVB

LBBB

RBBB

PAC

PVC

STD

STE

Best Validation Models

Median
Accuracy

0.940
0.969
0.972
0.990
0.955
0.957
0.970
0.951

0.976

Median AUC
(95% CI)

0.890 (0.810-0.942)
0.928 (0.902-0.985)
0.899 (0.864-0.988)
0.914 {0.748-1.000)
0.956 (0.887-0.988)
0.867 (0.749-0.955)
0.928 (0.841-0.988)
0.878 (0.797-0.972)

0.707 (0.558-0.995)

Median
F1-Score

0.795
0.897
0.865
0.821
0.911
0.734
0.852
0.788

0.50%

Ensemble Model

Median Median AUC
Accuracy (95% CI)

0.949 0.867 (0.832-0.973)
0.983 0.963 (0.914-0.993)
0.977 0.950 (0.875-0.990)
0.995 0.942 (0.763-1.000)
0.952 0.946 (0.871-0.976)
0.963 0.920 (0.779-0.981)
0.977 0.932 (0.864-0.996)
0.959 0.906 (0.815-0.970)
0.977 0.773 (0.603-0.993)

Median
F1-Score

0.808
0.944
0.899
0.899
0.203
0.797
0874
0834

0.600

Hidden Set
F1-Score

0.801
0.933
0.875
0.884
0910
0.826
0.869
08n

0.624

The results shown are based on the top-performing validation models and the

ensemble model across the ten 10-fold tests. The figures in the final column (in
bold) represent the median F1-scores of the ensemble model for the CPSC2018
hidden test set.

Table 4 CPSC2018’s top 10 models and results

Rank Overall F1 Far Folock Fpe Fq
1 0.837 0.933 0.899 0.847 0.779
2 0.830 0.931 0912 0.817 0.761
3 0.806 0914 0.879 0.801 0.742
4 0.802 0918 0.89 0.789 0.718
5 0.791 0.924 0.882 0.779 0.709
6 0.783 0.905 0.902 0.722 0.708
7 0.782 0911 0.891 0.775 0.670
8 0.778 0.921 0.858 0.797 0.676
9 0.776 0.906 0.876 0.773 0.711
10 0.766 0.894 0.857 0.733 0.683

My model’s results, ranked first, are shown in bold, with the top scores in each sub-

competition highlighted in red. The overall F1-score represents the average of the

F1-scores across all classification types. Far refers to the F1-score for AF; Fyiock
corresponds to the F1-scores for - AVB, LBBB, and RBBB; F,. represents the F1-
scores for PAC and PVC; and Fy includes the F1-scores for STD and STE.
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Concurrent CA types

One factor contributing to reduced accuracy for certain CA types is the prediction
of multiple CA types with nearly equal probabilities in some patients. Figure 2 illustrates
the probability outputs from the best validation models for ECG subjects when they were
part of the test fold in the 10-fold tests. It is evident that normal rhythm, STD, and STE
lack distinctive probability scores to differentiate them from the other eight types,
aligning with the performance results shown in Table 3. Further analysis of the model
probabilities revealed that many patients with AF also had a high probability of RBBB,
and RBBB frequently coincided with PAC and PVC, in addition to AF (Figure 2). These
concurrent CA probability results correspond well with the statistics of the 476 multi-
labeled subjects; specifically, the three most common multi-labeled occurrences were
AF/RBBB, RBBB/PAC, and RBBB/PVC (Table 5). An ensemble model that excluded
these 476 multi-labeled subjects from the CPSC2018 ECG training set still performed
well in predicting these multiple CA types (Tables 6 and 7), indicating the model's
capacity to capture ECG features of concurrent CAs. These findings are generally
consistent with clinical observations that rate-dependent (phase 3) block during ectopic
atrial beats or AF can lead to RBBB [36, 37]. However, a larger dataset of multi-labeled
subjects is necessary to thoroughly assess my model's performance in diagnosing

concurrent CAs.
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Figure 2 Probabilities output on 10-fold tests by the best validation models
The probability scale is represented on the right, with color coding to indicate the
likelihood for each of the nine CA classifications. The class with the highest

probability is the model's predicted outcome for the corresponding ECG recording.
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Table 5 Label count statistics of the 476 multi-labeled subjects

AF

AF 0
I-AVB

LBBB

RBBB

PAC

BVC

STD

STE

I-AVB LBBB

0

0

29

8

0

RBBB

172

PAC

PVC STD
8 33
5 &
& 5
51 20
3 &
0 18
0

SEE

Only the upper triangular section of the symmetrical concurrent CA label count

matrix is displayed. The three highest counts are highlighted in bold.

Table 6 The performances of models trained without multi-labeled data

Best Validation Models Ensemble Model
CA Tvpe Median Median AUC Median Median Median AUC Median
M Accuracy (95% CI) Fl-score Accuracy (95% CTI) Fl-score
0.908 0.901
Normal 0.940 0.807 0.937 0.794
orma (0.791-0. 916) ? (0. 808-932)
AF 0.974 0-949 0.915 0.980 0933 0.935
) (0.885-0.992) o - (0.929-0.995) .
0.918 0.912
I-AVB 0.973 0.876 0.976 0.879
? (0.852-0.991) (0.900-0.996)
0.927 0913
LBBB 0.993 0.870 0.993 0.862
> (0.748-1.000) > (0.770-1.000)
0.954 0.925
2 .922 .94 .885
RBBB 0.961 (0.895-0.981) 0.92 0.944 (0.880-0.972) 0.8
0.852 0.889
PAC 0.957 0.747 0.965 0.796
(0.747-0.961) (0.798-0.984)
0.926 0.950
PVC 0.973 0.858 0.974 0.870
? (0.832-0.989) (0.820-0.992)
0.869 0.914
STD 0.950 0.786 0.956 0.821
(0.800-0.966) > (0.790-0.950)
STE 0.974 0.667 0.394 0.975 0.663 0.444

(0.491-0.995)

(0.491-0.995)

The 476 multi-labeled recordings were excluded from the training set for these

models. The results shown are from the top-performing validation models and the

ensemble model across the ten 10-fold tests. These outcomes are comparable to those

shown in Table 3.
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Table 7 Successfully predicted CA types for the 476 multi-labeled subjects
AF I-AVB IBBB RBBB PAC PVC STD STE

AF 0/0 0/0 17/29 154/172 0/4 6/8 4/33 0/2
ILAVB 0/0 2/8 8/10 0/3 2/5 0/6 0/4
LBBB 0/0 0/0 2/10 4/6 0/3 0/4
RBBB 0/0 34/55 49/51 16/20 5/19
PAC 0/0 3/3 4/6 2/5
PVC 0/0 6/18 0/2

STD 0/0 2/2

STE 0/0

Displayed is only the upper triangular portion of the symmetrical concurrent CA
label counts. The values represent the number of correctly predicted subjects versus
the total number of multi-labeled subjects for each CA type. The predicted
concurrent CA types correspond to the two CA types with the highest and second
highest probabilities. The three most frequent concurrent CA labels are highlighted
in bold.

Model performances with single-lead ECG

Figure 3 presents the median F1-scores from the 10-fold tests for models using data
from individual ECG leads. The performance observed in the best validation models using
12-lead data (Table 3) was largely mirrored when only single-lead data were used. In
most instances, there were only slight variations in Fl-scores for the classification of
specific CA types between the analyses of 12-lead and single-lead ECG data. The results
indicate that lead aVR was among the best-performing single leads, ranking first in
overall average performance and in three individual CA types (normal rhythm, AF, and
STD), and placed within the top three for all CA types except STE and PAC. Another
high-performing single lead was lead V1, which ranked first in three CA types (first-
degree atrioventricular block I-AVB, RBBB, and PAC), but performed worse than most

other leads for other CA types. In contrast, lead I, which is used by the Apple Watch [38],
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did not perform as notably in my tests. Lead II, commonly favored by physicians for a
quick assessment of an ECG due to its clear signal [39], ranked fifth in overall average
performance but was not statistically different from the top-performing leads (p-value
from paired t-test < 0.05). These findings are further supported by a Bayesian factor
analysis [40] that rigorously evaluated statistical differences among these leads (see

Tables 8, 9, and 10).

These performance rankings suggest that my model effectively captured the lead-
specific morphological features of various CA types. For instance, the presence of deep
and broad S-waves in lead V1 and broad, clumsy R-waves in lead V6 are indicative of
LBBB [41], and both V1 and V6 were identified as top-performing single leads. Similarly,
the diagnostic criteria for RBBB include the rSR' pattern in leads V1 and V2 [42], which

were also among the highest-performing single leads.
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Figure 3 The ranked F1-score results of single-lead models

Displayed on the y-axis are the F1-scores from single-lead models tested in the 10-
fold validation. Lead aVR is highlighted in red, V1 in green, I in blue, and II in

orange.
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Table 8 The Bayes factors of each lead’s performance (F1-score) in log scale

I II I avR aVL aVF VI V2 V3 v4 V5 Vo
Normal 34 03 141 -09 3.1 4.1 7.3 5.3 5.0 0.9 04 -0.1
AF -8 -08 -06 -09 -03 -07 -09 02 1.1 08 -03 -02
I-AVB 1.2 0.1 3.7 -04 0.1 08 -09 13 -05 05 1.1 -0.1
ILBBB -0.9 6.1 64 -08 04 61 -09 02 1.0 38 19 -01
RBBB 183 155 222 114 41 188 -09 99 129 160 186 1.8
PAC -9 -09 06 -03 -01 -09 -09 -08 -07 -02 -04 -02
PVvC -8 -09 -08 -08 -06 -09 -09 -09 -09 -09 -09 -06
STD 60 -09 154 -09 102 24 149 119 506 0.6 -08 -05
STE 11e 17 113 37 231 67 122 71 03 -09 04 08
Calculated using the BayesFactor function from the R package.
Table 9 Leads in the top-performing group (Bayes factor < 3.0)
I I Im avR aVL aVF Vi V2 V3 V4 V5 Veé
Normal 0 1 0 1 0 0 0 0 0 0 1 1
AF 1 | 1 | 1 1 1 1 0 0 1 |
I-AVB 0 | 0 | 1 0 1 0 1 0 0 |
LBBB 1 0 0 | 1 0 1 1 0 0 0 |
RBBB 0 0 0 0 0 0 1 0 0 0 0 0
PAC 1 1 1 | 1 1 1 1 1 1 1 |
PVC 1 | | | 1 1 1 1 1 1 1 |
STD 0 | 0 | 0 0 0 0 0 0 1 |
STE 0 0 0 0 0 0 0 0 1 1 1 0
Total 4 6 3 7 5 3 6 4 4 3 6 7

Leads in the top-performing group are marked with a 1 (those excluded are marked

with a 0) for each CA type. Statistically, these leads performed similarly based on a

Bayes factor threshold of < 3.0, indicating no significant difference from the leading
lead. According to this threshold, leads aVR and V6 had the highest number of top-

performing group counts, followed by leads II, V1, and V5.
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Table 10 Leads in the top-performing group (Bayes factor < 0.33)

| I Im avR aVL aVF Vi V2 V3 V4 Vs V6
Normal 0 0 0 1 0 0 0 0 0 0 0 0
AF 1 1 1 1 0 1 1 0 0 0 0 0
I-AVB 0 0 0 0 0 0 1 0 1 0 0 0
LBBB 1 0 0 1 0 0 1 0 0 0 0 0
RBBB 0 0 0 0 0 0 1 0 0 0 0 0
PAC 1 1 1 0 0 | 1 1 1 0 0 0
PVC 1 1 1 1 1 1 1 1 1 1 1 1
STD 0 1 0 1 0 0 0 0 0 0 1 1
STE 0 0 0 0 0 0 0 0 0 1 0 0
Total 4 4 3 5 1 3 6 2 3 2 2 2

Leads in the top-performing group are marked with a 1 (and with a 0 if excluded) for
each CA type, based on a Bayes factor threshold of < 0.03, indicating that the null
hypothesis of no significant difference from the leading lead holds. According to this
threshold, lead V1 had the highest count of top-performing group classifications,
followed closely by lead aVR.

Comparison between human assessments and Al

In sub-analyses comparing the Al model's predictions with human evaluations (see
Table 11), I observe a mix of outcomes. In some cases, such as LBBB and RBBB, the
proposed Al model's predictions aligned with the expert cardiologists' consensus, which
is highlighted in red. For instance, case 6380 was labeled as LBBB both by the model and
the expert cardiologists, showing the model's high predictive accuracy in certain scenarios.
Similarly, case 4237 was identified as [-AVB consistently across the model and the expert
cardiologists' assessments. However, in other cases, the model’s predictions diverged
from both the conference label and the expert cardiologists' opinions. For example, in
case 504, the conference labeled a normal SR, which was validated by the expert

cardiologists, while the model prediction was set as STE.
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These discrepancies highlight both the strengths and weaknesses of model in

medical diagnostics. While the model is highly accurate, even better than the performance

of general cardiologists, it may still require expert oversight in more ambiguous or

complex cases. This comparison demonstrates the potential of DL model to assist

cardiologists, but also underscores the need for continuous expert involvement, especially

in refining edge cases where DL model predictions may lack the necessary clinical

context or nuance.

Table 11 Comparisons of CA diagnosis between conference-assigned label, Al

model prediction, and expert cardiologists

PatientID  Conf. Model Cardiologist 1 Cardiologist 2 Cardiologist 3  Consensus

6268 STE Normal Normal SR (normal) SR (normal) Normal
Narrow-QRS

6215 STD AF tachycardia. SVT. PSVT PSVT PSVT
RBBB. RAD

4237 RBBB I-AVB I-AVB [-AVB. SR. TWI (V1-V4), 1SR’ (V1) I-AVB.SR I-AVB

6380 STE LBBB LBBB LBBB.SR.LAE LBBB.SR LBBB

1452 AF RBBB AF, MVR. RBBB SR SR AF, RBBB RBBB

reciprocal change, w/o old MI

5398 PVC PAC PAC PAC PAC.SR PAC

5963 STD PVC PVC PVC.SR.STD(V3-V6) PVC.SR PVC

4278 RBBB STD Normal SR, minimal STTC(IL IIL, aVF) STD-like, SR Normal

504 Normal STE STE-like SR. early repolarization SR Normal

Conference assignments (considered as the “ground truth” for training model) or

proposed model's predictions that align with the consensus of the three expert

cardiologists are marked in red. Abbreviations: SVT: supraventricular tachycardia;

RAD: right axis deviation; MVR: mitral valve replacement; SR: sinus rhythm;

PSVT: paroxysmal supraventricular tachycardia; LAE: left atrial enlargement; MI:

myocardial infarction; STTC: ST-T change.
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1.4 Discussion

The field of Al, particularly DL, has recently made significant advancements in
medical diagnostics [43]. Interestingly, recent studies, including mine, have achieved
overall Fl-scores ranging from 0.82 to 0.84 in predicting CA types. Although these Al-
based ECG diagnostic tools have not been extensively tested in real-world clinical
settings, they have demonstrated significant improvements in diagnostic accuracy
compared to general cardiologists [10, 11]. Consequently, these Al models hold promise
for reducing diagnostic errors and easing the workload on medical professionals. While
these results are promising, it's important to note that further enhancements in model
accuracy may be limited until the majority of "ground truth" CA diagnoses used for

training Al models are provided by expert cardiologists (see Table 11).

My analysis indicates that models utilizing single-lead ECG data can predict CA
types with performance levels similar to those using all 12 leads. Clinical diagnostic
criteria for CA types are often specific to certain leads. In my model, the highest-ranking
single leads for diagnosing RBBB or LBBB corresponded with the leads specified in
clinical diagnostic guidelines [5], reinforcing the validity of my Al diagnostic approach.
The notable performance of lead aVR, a lead often overlooked in clinical practice, in my
model is particularly intriguing and merits further attention. Traditionally, leads I, II, and
V1 are used in continuous monitoring or portable/wearable (P/W) ECG devices [38].
However, in my Al model, lead aVR outperformed these conventional leads in predicting
several CA types. Unlike leads that consider reciprocal information from the left lateral
side of the heart, lead aVR focuses on capturing specific information from the right upper
side, including the outflow tract of the right ventricle and the basal part of the septum. Its

vector alignment is parallel to the anatomical and electrical axis from the atrial base to
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the ventricular apex, potentially maximizing the detection of atrial and ventricular
depolarization signals. These characteristics may explain why lead aVR could play a
unique role in diagnosing CAs, potentially surpassing other leads. In contrast, lead 1,
which is utilized by devices like the Apple Watch for detecting AF [44], did not perform
as well in my analysis. My findings suggest that the most effective single lead for
predicting different CA types may vary in clinical applications. This insight could
stimulate future research into the use of lead aVR in diagnosing various CA types and its

implementation in P/W ECG devices.

CAs are complex conditions, and the occurrence of concurrent CA types is not
uncommon, especially among those with related electrophysiological characteristics.
While existing ECG-based CA diagnostic models have primarily focused on predicting a
single CA type, my analysis demonstrates that Al is capable of diagnosing multiple CA
types simultaneously. Future research should explore the detection and classification of
concurrent CAs, and my model serves as an initial step in this direction. Beyond CA,
ECG data have been effective in detecting other health issues, such as asymptomatic left
ventricular dysfunction [45] and non-invasive monitoring of potassium levels [46]. As Al
and machine learning techniques continue to evolve and become more accessible to non-
specialists, I anticipate that ECG will be increasingly leveraged for diagnosing a broader

range of diseases and clinical conditions.

1.5 Conclusion

In this study, I demonstrated the efficacy of my Al-driven approach for the accurate

diagnosis of CAs using ECG data collected from 11 hospitals. My DL model, designed
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to process both 12-lead and single-lead ECG inputs, not only excels in identifying
singular CA events but also shows remarkable capability in diagnosing concurrent CAs
with precision. By leveraging an ensemble of 12-lead and single-lead models, my solution
achieved the top ranking in the CPSC2018 competition, highlighting its robustness across
different lead configurations.

Notably, the performance analysis identified aVR and V1 as the best-performing
single leads, providing critical insights into lead selection for efficient CA detection.
These findings underscore the potential of focused lead analysis in enhancing diagnostic
accuracy while simplifying the complexity of ECG data input.

My model sets a new benchmark in CA diagnosis, with implications for more
accurate, scalable, and reliable applications in clinical settings. The results from this
research reinforce the promise of Al in revolutionizing cardiac care and support the

integration of DL models in everyday diagnostic workflows.
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Chapter 2 ECG Signal Reconstruction

2.1 Introduction

Consumer technologies have significantly impacted the world, particularly in
healthcare, prompting traditional medicine to evolve into telemedicine, connected health,
e-health, mobile health, and smart health systems [47]. The expansion of portable
/wearable (P/W) devices has empowered smart healthcare systems, enabling physicians
to collect patient data without geographical limitations and to administer immediate
remote treatments [48]. Furthermore, these P/W devices facilitate continuous monitoring
of patient health conditions and the collection of relevant data. This information is crucial
for alerting medical professionals to critical situations, initiating timely interventions, and

providing valuable insights for future medical research.

Cardiac arrhythmia (CA) is an early indicator of cardiovascular diseases that pose
significant risks to human life [1]. Electrocardiography (ECG), which records the heart's
electrical activity, is the primary tool used for assessment. As a non-invasive and cost-
effective method, ECG is widely employed in clinical settings to monitor heart function
[49, 50, 51]. Diagnosing CA involves analyzing specific waveform features in ECG
signals, such as the P wave, QRS complex, and T wave. Physicians typically examine
these features manually to detect the presence of CA. However, reviewing long-term ECG
recordings is time-consuming and labor-intensive. Therefore, developing an automatic

CA classification system is essential to support clinical diagnosis.

Researchers have proposed cloud-based CA monitoring systems that integrate

cloud services with advanced deep learning (DL) models within smart healthcare
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frameworks. These systems use P/W devices to gather ECG data and offload intensive
processing tasks to cloud-based DL engines for CA classification [52, 53]. However,
continuous sampling and analysis required for long-term CA monitoring can lead to
excessive power consumption in P/W devices integrated with consumer electronics (CE).
Factors influencing power efficiency include the data source, sampling rate, electronic
components, and transmission protocols. To mitigate power consumption, common
strategies involve reducing the number of monitoring sources and lowering the sampling
frequency. The latter is particularly significant, as high-frequency data sampling can

account for up to 90% of a health monitoring system's power usage [54, 55, 56].

To enable long-term health monitoring services, various strategies have been
employed to enhance power efficiency in automatic CA classification systems [55, 56,
57]. Despite these advancements, reducing the number of monitoring sources remains a
straightforward approach to conserving energy, for example, limiting ECG recordings
from a full 12-lead setup to a single lead [38]. In prior research, I conducted an empirical
analysis of 12-lead ECG data to identify the most suitable single-lead source for DL-
based CA classification [58]. Another effective strategy is lowering the sampling rate of
the P/W device, which significantly cuts power consumption. However, decreasing the
sampling frequency often leads to information loss, resulting in lower-resolution signals.
Such low-resolution data can negatively impact CA classification performance because
essential ECG features may be diminished, hindering the monitoring system's ability to
automatically detect CA. While some studies have examined ECG sampling frequencies,
most focus on heart rate variability, a non-invasive marker of autonomic nervous system

activity [59, 60].
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A limited number of studies have focused on developing automatic CA
classification methods for low-resolution signals. Sidek et al. introduced interpolation-
based signal enhancement techniques, specifically, piecewise cubic Hermite and cubic
spline interpolation, to improve signal quality and classification accuracy at reduced
sampling frequencies [61]. Their approach achieved CA detection accuracies of
approximately 99%, compared to about 97% without signal enhancement [61]. Mathews
et al. proposed a DL-based CA classification framework employing Restricted Boltzmann
Machines and deep belief networks to enhance classification performance at lower
sampling rates, exploring frequencies from 72 Hz to 360 Hz [62]. Their findings
confirmed the effectiveness of DL approaches for low-resolution CA classification.
However, these studies did not address automatic CA classification at extremely low
sampling rates, even though P/W-based monitoring systems with very low sampling
frequencies have been developed for other long-term healthcare applications like daily

activity recognition and fall detection [55, 63].

To address information loss at very low sampling frequencies, image super-
resolution (SR) techniques may offer a viable solution for enhancing low-resolution ECG
signals in automatic CA classification. Recently, image SR has gained significant
attention and study [64, 65, 66]. The core concept involves reconstructing high-quality
information from low-resolution data to facilitate better resolution for subsequent tasks.
Specifically, image SR has been pivotal in image processing within computer vision,
aiming to generate high-resolution images from low-resolution inputs, a challenging
endeavor due to its mathematically ill-posed nature [67, 68, 69, 70]. The rapid
advancement of DL techniques has spurred researchers to tackle image SR challenges.
Generally, DL-based SR algorithms consist of three components: network architectures
(e.g., convolutional layers, residual connections, recursive layers, upsampling layers) [71,
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72, 73]; loss function designs (e.g., pixel-wise, perceptual, adversarial losses) [69, 74, 75];
and learning principles and strategies [76, 77, 78, 79]. Some SR algorithms have achieved
state-of-the-art performance [80, 81], benefiting other vision tasks [67, 68, 69, 70]. Task-
driven SR can significantly improve object detection accuracy on low-resolution images,
positively impacting visual recognition [68]. Similarly, in signal processing, audio SR
involves increasing the sampling rate of low-resolution audio signals. Inspired by
advancements in learning-based algorithms for speech recognition [82, 83, 84], music
generation [85, 86], and other fields [87], substantial progress has been made in audio SR
through DL, allowing direct modeling of raw signals in the time domain and effectively

capturing long-term dependencies [88].

Despite the success of SR techniques in visual tasks, to my knowledge, no prior
research has applied SR to ECG signals for automatic CA classification. In this study, I
propose and examine a novel DL-based ECG signal SR framework (SRECG) functioning
as a processor. This framework aims to address the challenges of low-resolution ECG
data from P/W devices, enhancing classification accuracy. The proposed SRECG
improves low-resolution ECG signals using composite training loss in the cloud, which
enhances the performance of the DL-based high-resolution multiclass classifier (HMC)
for CAs. As illustrated in Figure 4, incorporating SRECG as a computing processor
allows ECG signals to be sampled at extremely low frequencies, reducing both energy
consumption and data transmission size compared to standard smart healthcare
workflows. Since both the processor and HMC reside in the cloud, their computational
demands are separated from those of the P/W device. Additionally, I conducted a
comprehensive analysis of the impact of sampling frequencies on DL-based classification

for CAs across 12 different ECG lead sources.
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This work makes three primary contributions: (1) it is the first study to investigate
ECG signals in CA classification across different leads and sampling frequencies,
demonstrating the information loss associated with reducing signal resolution from 500
Hz to 1 Hz; (2) the proposed SRECG framework enhances the classification accuracies
of the HMC when processing low-resolution ECG signals from P/W devices at low
sampling frequencies, addressing energy consumption and data transmission issues in CE;
(3) training SRECG with a composite loss function yields better recovery of HMC
classification accuracies compared to using a single loss function. I believe that the
proposed SRECG framework can be readily adapted for commercial ECG diagnostic

applications, where data storage is a significant concern.
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Figure 4 Comparison of DL workflows for a P/W device
(a) Traditional workflow. (b) Proposed workflow with the integration of the SRECG
framework.
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2.2 Methods

Data acquisition

In this study, my goal was to enhance ECG signals from 12 different lead sources
at reduced sampling frequencies. To accomplish this, I utilized the open-source training
dataset, benchmark ECG model architecture, and performance evaluation metrics
provided by the China Physiological Signal Challenge 2018 (CPSC2018), an
international competition focused on automatic ECG classification for CAs [22]. Detailed
information about the CPSC2018 ECG training set is available in Chapter 1 (see Table
1). Unlike previous CA prediction studies that often relied on publicly available ECG
databases with only 2-lead signals and limited recordings, such as the MIT-BIH
Arrhythmia Database with 48 recordings [15, 16], the CPSC2018 ECG training set
comprises 6,877 recordings of 12-lead ECG signals with durations ranging from seconds
to minutes. Each recording is standardized using Z-score normalization and labeled into
one of nine categories: a normal rhythm or one of eight abnormal CAs, including atrial
fibrillation (AF), left bundle branch block (LBBB), right bundle branch block (RBBB),
first-degree atrioventricular block (I-AVB), premature atrial contraction (PAC),
premature ventricular contraction (PVC), ST-segment elevation (STE), and ST-segment
depression (STD). Among these recordings, 476 have been assigned more than one CA-

type label.

To simulate ECG measurements from different lead sources at lower sampling
frequencies, I downsampled the CPSC2018 ECG training set, specifically the 6,401
recordings with a single CA label, from 500 Hz to various lower frequencies: 250, 125,
100, 50, 25, 10, 5, 2, and 1 Hz. The signals from each of the 12 leads were extracted
separately for analysis. The low-resolution signals were obtained by applying an integer
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factor n, which represents the number of time units skipped when collecting the signal.
In this study, I used n=1,3,4,91949,99,249,and 499 to achieve the
aforementioned sampling frequencies. To address recordings of unequal lengths, I applied
zero-padding at the beginning of any recording shorter than the maximum duration in the

dataset. No additional preprocessing steps were performed on the recordings.

Benchmark ECG model architecture

My proposed ECG model architecture in Chapter 1, which secured the first place in
the CPSC2018 competition, was chosen as the reference model to create my HMCs and
to assess CA classification performance at different sampling frequencies from different
lead sources (see Figure 5). The model contains 28,035 trainable parameters, ensuring it
is sufficiently compact to explore statistical relationships using limited computing

resources [58].
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Figure S Architecture of benchmark DL network for single-lead ECG

The architecture includes multiple layers and blocks, shown within rectangular

boxes. The label “x5” indicates that five convolutional neural network (CNN) blocks
are sequentially connected before linking to the bidirectional gated recurrent unit
(GRU) layer. The output layer at the bottom presents the model's predicted
probabilities for nine different CAs. The CA with the highest probability is the

model's predicted classification for the given ECG signal.
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Performance evaluation

Similar to the method mentioned in Chapter 1, the dataset was randomly divided into
10 equal parts to establish an 8-1-1 scheme for training, validation, and testing in machine
learning. To address label imbalance, I employed stratified sampling to maintain
proportional representation of each CA type. With this data split, the model was trained
for 100 epochs (each epoch being one complete cycle through the training dataset),
generating 100 models (one per epoch). The model that performed best on the validation
set was selected as the optimal model for this training process. This best model was then
used to compute the F1-score on the test set. This procedure was repeated 10 times to
complete the 10-fold training, resulting in 10 best models for each fold. The median F1-
score for the overall performance, and for each CA label, including the normal type,
across the 10 test sets was calculated using the Scikit-learn package [89]. The overall
performance (overall F1-score) was obtained by averaging the F1-scores across all CA

labels. This training utilized the ADAM optimizer [32].

Traditional spline interpolation for up-sampling

Spline interpolation is a valuable technique for enhancing low-resolution ECG
signals obtained at low sampling frequencies to achieve optimal CA classification.
Originally, a spline referred to a flexible strip used to draw smooth curves through a series

of points.

In numerical analysis, spline interpolation is realized by fitting piecewise low-
degree polynomials between local data pairs, rather than fitting a single high-degree
polynomial to all data points. For example, fitting polynomials between each pair of

points reduces oscillations at the edges of intervals compared to using a single cubic
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polynomial. The spline interpolation curves are defined by a set of polynomials {q;}
satisfying y = q;(x) for data pairs (x;_,,v;—;) and (x;,y;), where i =1,2,..,n.
There are n polynomials and n + 1 knots in this case, with the first polynomial ending

at (xo,¥o), and the last at (x,, v,,).

Proposed SRECG framework

Instead of using traditional spline interpolation, I propose a SR-based method called
SRECG, illustrated in Figure 6. The SRECG architecture is adapted from the well-known
SRResNet [77], modified to include one convolutional layer and 16 residual blocks [90].
Each residual block contains two convolutional layers with residual connections,

followed by four convolutional layers for up-sampling and signal reconstruction.

All convolutional layers have a kernel size of 16 and a kernel number of 64, except
for the last two up-sampling convolutional layers, which have kernel numbers of 320 (for
five times up-sampling) and 128 (for two times up-sampling), respectively. Within the
residual blocks, batch normalization is applied to adjust and rescale the inputs from the
two convolutional layers (no downsampling layers are used). LeakyReLU activation
functions are employed between convolutional layers before connecting to residual
blocks and within up-sampling layers. Finally, batch normalization is used in the
convolutional layer following the residual blocks. This architecture was implemented

using the Keras package supported by TensorFlow on GPUs [33, 91].

As depicted in Figure 7, low-resolution ECG data are input into this architecture for
training using the same 10-fold cross-validation procedure. During training, the model

aims to reconstruct an enhanced ECG signal from the low-resolution input. Unlike
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conventional super-resolution tasks that focus solely on increasing image resolution by
minimizing mean square error (MSE) differences, I intended to integrate the CA

classification results from another DL-based model, i.e. HMC, to assist in the process.

To achieve this, I designed a customized joint loss function to simultaneously
optimize ECG signal reconstruction and predictability for CA classification. This ensures
that the final enhanced output can be subsequently fed into the HMC for CA judgment. It
is important to note that the HMC was independently pre-trained with high-resolution

ECG signals using the same 10-fold cross-validation scheme.

The customized joint loss L; for the SRECG is defined as:

L(3,y,2,2z) =yLg(@,y) + 1 —y) Lc(Z,2),y € [0,1], (8)

where Lyp denotes the MSE regression loss between the high-resolution ECG signals y

and the enhanced signals ¥:

Le@,y) = =TI, (9 — )%, ©)

where M denotes the total number of time steps of y and y. The categorical cross-
entropy (CCE) loss L, measures the difference between the true labels from the HMC

z = (24, ...,2z¢) € [0,1]¢ and the predicted labels 2z = (Z4, ..., 2¢) € (0,1]¢ :
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Lc(2,2) = — Xk=1 2k log(Z), (10)

and, in my model, I set z = fj,q4¢(¥) and Z = fjqge (D), where fyq40 is the fixed

HMC model providing CA probabilities. Thus, the joint loss becomes:

L]()?,y) = L](yl%f}'udge(y)lf}'udge()/))a (11)

and this loss function is determined once the enhanced ECG signals y are generated. It
is also implied that all the above losses are averaged over the number of samples for

normalization during actual implementation.

By integrating signal reconstruction and classification performance into a unified
loss function, the proposed SRECG framework aims to enhance low-resolution ECG
signals effectively, thereby improving the accuracy of automatic CA classification in

smart healthcare systems utilizing P/W devices.
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Figure 6 Architecture of proposed SRECG network for enhancing ECG

The input, represented as X, refers to the low-resolution ECG signals, while the
output, f(XL), corresponds to the enhanced ECG signals. Layers and blocks are
depicted as rectangles. The “x16” notation indicates that 16 residual blocks are

sequentially connected before being merged with the convolution layer.
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The SRECG network, denoted as f, takes low-resolution ECG signals (X*) as input

and generates enhanced ECG signals (f (X%)) as output. This process uses a

combined loss function (L;), which integrates the regression loss (L) and the CA

classification loss (L) as described in Equation 8. The DL-based CA classification

and SRECG network architectures are shown in Figures 5 and 6, respectively.
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2.3 Results

Effects of sampling frequency on CA classification

I examined how varying sampling frequencies, ranging from 500 Hz down to 1 Hz,
influence the performance of a DL-based multiclass CA classifier using ECG signals from
12 distinct lead sources. This analysis was conducted under a 10-fold cross-validation
procedure, as illustrated in Figure 8. My preliminary findings revealed that at a sampling
frequency of 25 Hz, there was significant information loss, which adversely affected
overall CA classification accuracy. In contrast, a sampling frequency of 250 Hz retained
most of the essential information necessary for accurate classification. Based on these
observations, I employed traditional spline interpolation methods and my proposed
SRECG model to enhance the 25 Hz input data, aiming to improve the overall F1-score

of HMC trained at 250 Hz.
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Figure 8 Predictive power changes of CA classifiers on downsampled ECG data
The plot shows the median overall F1-scores of the CA classification models,
represented by 12 colored lines. Each line reflects the model's performance across
10-fold tests, where the model was trained on ECG data from various leads and at
different sampling frequencies (500, 250, 125, 100, 50, 25, 10, 5, 2, and 1 Hz).

Effects of traditional spline interpolation methods

I explored four standard spline interpolation techniques for one-dimensional signals:
using polynomials of degree zero (Ip), one (I1), two (I2), and three (I3). Table 12 presents
a comparison of the median overall Fl-scores for CA classification using models Cn

(trained at 25 Hz), Cp (trained at 250 Hz), and HMC (trained on 250 Hz ECG data) with
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25 Hz input enhanced via spline interpolation. Across different ECG lead sources, I
observed that none of the interpolation methods resulted in F1-scores exceeding those of
Cn. Figure 9 illustrates the signal reconstruction performance. Specifically, the ECG
waveforms of a lead II heartbeat showed that I provided superior reconstruction,
achieving the lowest MSE of 1.11% and the highest Pearson correlation coefficient (R)
of 72.12%, compared to Io (MSE: 3.71%; R: 24.55%), I, (MSE: 1.26%; R: 71.74%), and

Is (MSE: 1.32%; R: 70.73%).

From Table 12 and Figure 9, I concluded that although traditional spline
interpolation methods can effectively reconstruct ECG signals, they do not sufficiently
preserve CA classification performance (as measured by F1-scores). This suggests that
traditional spline interpolation fails to recover enough CA-related information during

ECG signal enhancement.

Table 12 Median overall F1-scores (%) of HMCs trained at 250 Hz with
different leads and spline interpolation degrees

Leads / degrees Cn lo I I I3 Ce
I 61 56 47 43 39 73
11 61 57 47 29 24 71

I 52 50 45 36 31 65
aVRr 63 56 41 38 36 75
aVL 49 49 42 38 36 64
aVF 57 56 52 35 29 70

Vi 61 39 50 45 42 69

V2 55 34 32 23 18 71

V3 61 33 22 18 16 73

V4 63 39 20 13 12 74

Vs 62 45 18 14 12 76

Ve 62 53 31 26 22 75

The scores shown in bold are closest to their corresponding Cp values.
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Figure 9 Enhanced ECG signals visualization of different spline interpolation
degrees

ECG waveforms for a lead II heartbeat, over a 1-second interval, are shown using
four spline interpolation degrees: o, I1, I2, and I3. The x-axis represents time, while
the y-axis indicates ECG amplitude. The subtitles provide the MSEs and R values,

which reflect the reconstruction quality for each 1-second period.
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Effects of joint training losses in SRECG

The composite loss function of the SRECG model, as defined in Equation 8, was
designed to optimize two separate objectives simultaneously: CCE for CA classification
and MSE for signal reconstruction. The balance between these two losses is controlled by
a weighting constant y within the range [0,1]. I illustrate three specific loss conditions
in Equation 8: pure regression loss (Lr) when y = 1, pure classification loss (Lc) when

y = 0, and a balanced joint loss (Ly) when y = 0.5.

Table 13 compares the median overall F1-scores for models Cy (trained at 25 Hz),
Cp (trained at 250 Hz), and HMC (trained on 250 Hz ECG data) when the 25 Hz input is
enhanced by SRECG using different loss configurations. Across various ECG lead
sources, the highest Fl-scores in the enhanced CA classification tasks were generally
achieved under the L; condition, except for leads V1, V2, and V3. In Figure 10, the ECG
waveforms of a lead II heartbeat demonstrate that: Lr provides superior reconstruction
accuracy, yielding the lowest MSE (0.14%) and highest R (97.10%); Lc may not show
clear reconstruction capability (MSE: 35.05%; R: -2.72%) nor resemble typical ECG
signals, yet these enhancements result in higher F1-scores than those obtained with L (as
shown in Table 13), suggesting that machine learning models may capture patterns
beyond human intuition; Lj exhibits characteristics of both Lr and Lc enhancements
(MSE: 5.40%; R: 50.49%). Incorporating Lc acts as a constraint that both penalizes and

incentivizes the model, preventing overfitting and focusing on essential latent features.
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Table 13 Median overall F1-scores (%) of HMCs trained at 250 Hz with

different leads and SRECG losses

Leads / losses Cx Lir Lc L Cp
I 61 60 65 66 73
ff 1 64 64 66 il
I 52 51 56 58 65

alVR 63 68 71 71 75
aVL 49 48 55 56 64
alVF 57 39 61 62 70
| 61 62 65 64 69
2 55 2 64 61 71
3 61 65 67 65 73
14 63 635 65 68 74
V5 62 65 70 70 76
16 62 37 69 69 73

The scores shown in bold are closest to their corresponding Cp values.
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Figure 10 Enhanced ECG signals visualization of different SRECG losses

ECG waveforms for a lead II heartbeat, over a 1-second interval, are shown using
three different loss functions: Lr, Lc, and L;. The x-axis represents time, while the y-
axis indicates ECG amplitude. The subtitles provide the MSEs and R values, which

reflect the reconstruction quality for each 1-second period.
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2.4 Discussion

CE play a pivotal role in enhancing the quality of life through smart healthcare. P/W
devices integrated with CE for medical purposes have provided straightforward methods
for individuals to monitor their health in daily life, such as through bracelets and wrist
gadgets [92]. Various studies on smart healthcare systems have utilized these devices to
assist visually impaired individuals and to prevent falls among the elderly [93, 94, 95].
Additionally, these devices enable long-term monitoring of physiological signals for
clinical diagnosis and evaluation, including ECG, electroencephalography [96], and near-

infrared spectroscopy [97].

The integration of cloud-based DL algorithms with P/W devices is becoming
increasingly prevalent in smart healthcare systems. However, limitations associated with
current hardware capabilities, such as battery life and computational power, pose
challenges for long-term ECG monitoring systems implemented in CE. Higher
frequencies used to record ECG signals demand more power, which presents an energy
consumption constraint. To address this issue, my study aimed to restore the predictive
power of the HMC using low-sampling-frequency inputs through my proposed DL-based
SRECG framework, a novel SR method. The SRECG is tailored for P/W devices within

a cloud-based smart healthcare workflow (see Figure 4).

In traditional SR tasks, the loss function typically involves only the Lr. My
experiments revealed that using Lr alone was insufficient to enhance the CA

classification accuracies of the HMCs. Therefore, I introduced a teacher—student learning
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approach by incorporating the categorical CCE loss, utilizing predictions from a well-
trained HMC as the judge model for CA classification [98]. The experimental results
indicated that my joint loss Ly achieved better performance in CA classification (measured
via F1-scores) across most ECG lead sources, with some exceptions in leads V1, V2, and
V3 (Table 13). Interestingly, the best-reconstructed ECG signals (those with the lowest
MSEs and highest Rs) did not correspond to the highest F1-scores when applied to HMCs
for CA classification. This may be because my proposed model, which combines
reconstruction and classification tasks, focuses more on reconstructing features or signals
that aid in ECG classification. Consequently, it can achieve higher model F1-scores
without necessarily having the lowest MSEs and highest Rs. A similar phenomenon is
observed in automatic speech recognition (ASR) in noisy environments [99, 100, 101],
where removing background noise through speech enhancement models improves signal
quality but often degrades ASR performance due to distortions introduced by the

enhancement process.

Clinically, DL-based ECG diagnosis of CAs has demonstrated its potential and
importance in enhancing diagnostic accuracy compared to general physicians and
cardiologists [10, 11]. Different ECG leads offer distinct features that aid medical
professionals in recognizing specific CA types [6, 7, 8, 9, 102]. With growing concerns
about medical data privacy [103], it is essential to develop encryption methods to render
data unrecognizable, complying with new privacy-preservation regulations such as the
General Data Protection Regulation (GDPR) [104]. Interestingly, as observed in Figure

10, I found that ECG signals enhanced using the Lc can produce indistinct ECG
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waveforms while simultaneously improving predictive power for CA classification

(Table 13). This finding may offer an alternative approach to encrypt ECG data.

As machine learning and DL techniques continue to evolve and become more
accessible through P/W devices, ECG will increasingly serve as repositories of
physiological information. DL models can be employed to extract information for
overlooked or unintended predictions, such as determining age, sex and mortality [105,
106]. Therefore, it is promising to anticipate that ECG will offer greater diagnostic

capabilities in numerous forthcoming applications on P/W devices.
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2.5 Conclusion

To facilitate automatic clinical diagnosis and long-term smart healthcare services
on P/W devices integrated with CE, this study introduces a novel DL-based SRECG as a
cloud processor. This processor enhances low-resolution ECG signals sampled at low
frequencies for CA classification using the HMC, achieving improved accuracy. In future
research, I plan to further investigate the effects of training the SRECG with joint loss
functions using different lead sources and their combinations, as well as exploring various
preprocessing methods for the SRECG. Given that DL-based ECG signal diagnosis holds
great potential for deciphering other physiological conditions, it is worthwhile to apply
the SRECG for P/W devices in other healthcare diagnostic criteria, such as cognitive

impairment and heart failure, in addition to CA.
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Chapter 3 Multimodality Adaptation

3.1 Introduction

Despite electrocardiography (ECG) signals provide profound information for
medical diagnosis, voice signals are still the most potential biomarkers for various health
conditions. Early signs of diseases like Parkinson's can manifest as changes in voice [107],
and artificial intelligence (Al) techniques, including deep learning (DL) algorithms, can
enhance the accuracy of detecting such changes [108]. Al is also employed in identifying
mood disorders [109] and assessing voice quality [110]. Historically, Al algorithms have
been used to automatically detect glottic pathologies using traditional classifiers like
hidden Markov models (HMM) [111], support vector machines (SVM) [112], Gaussian
mixture models (GMM) [113], artificial neural networks (ANN) [114], and more recently,
DL methods [115].

When it comes to clinical concerns for patients with voice disorders, there are two
primary considerations: first, determining whether the patient's voice is normal or
abnormal; second, if the voice is abnormal, assessing whether this indicates a glottic
neoplasm. Most existing Al models focus on the binary classification of voice data as
either normal or abnormal [116]. Only a handful of studies have attempted to differentiate
between various voice disorders, and these have been limited to benign lesions [117],
cases following neoplastic surgery [118], studies with small sample sizes [119], or
comparisons between cancer patients and healthy controls [120]. It was only recently that

a pilot study showed deep neural networks could detect glottic neoplasms and
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preneoplastic conditions in patients matched for age and sex with benign voice disorders,
achieving accuracies between 72% and 86% depending on the used thresholds for
detection [121]. Building on this initial proof of concept, the current study utilizes two

extensive public voice databases to validate the effectiveness of AI models in detecting

glottic neoplasms.
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3.2 Methods

Data acquisition

I sourced voice samples from the publicly accessible Far Eastern Memorial Hospital

Voice Database (FVD) (http://www.femh-voice-database.org). As detailed by Wang et al.

[122], this database comprises audio recordings from 2,000 individuals diagnosed with
various voice disorders. The research protocol received approval from the Research
Ethics Review Committee of Far Eastern Memorial Hospital (FEMH-IRB Nos. 111158-
F and 112035-E). Within the FVD, there are recordings from 60 patients with glottic
neoplasms, including squamous cell carcinoma, carcinoma in situ, and dysplasia, and
1,940 patients with benign voice disorders (see Table 14). Each voice sample is a 2- to 3-
second uncompressed waveform audio file format (WAV) file capturing the sustained
vowel sound "ah." Recordings from patients with glottic neoplasms were made before
any medical interventions, with malignancies confirmed through pathological
examination. The FVD also includes structured medical records containing information
such as symptom onset and presentation, occupational voice demands, smoking habits,
and alcohol consumption (see Table 15).

For external validation, I utilized voice samples from the Saarbriicken Voice

Database (SVD) (https://stimmdb.coli.uni-saarland.de) [123]. This online public

repository includes data from 23 patients with glottic neoplasms and 1,351 patients with
other benign voice disorders. The SVD provides only age and sex information for each

individual.
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To assess intrinsic adaptivity to ECG signals, I employed the CPSC2018 ECG
training set, which consists of 6,877 recordings sampled at 500 Hz and standardized using
Z-score normalization. Details of this dataset are outlined in Chapter 1 (see Table 1).
Based on my prior analysis of ECG leads, I selected the best-performing single leads,
aVR and VI, along with age and sex data, to evaluate the performance of binary

classification for cardiac arrhythmia (CA).
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Table 14 Numbers of voice disorders in the FVD

No Diagnosis Numbers
1 Polyp 202
2 Nodules 200
3 Atrophy 189
4 Cyst 175
5 Vocal paresis 164
6 Vocal palsy 164
7 Reinke's edema 144
8 Sulcus 127
9 Muscle tension dysphonia 117
10 Presbyphonia 115
11 Vocal process granuloma 86
12 Fibrous mass 84
13 Ulcer 64
14 Spasmodic dysphonia 34
15 Dysplasia 31
16 Laryngeal cancer 29
17 Papilloma 28
18 Tremor 18
19 Scar 15
20 Varix 14
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Table 15 Descriptions of structured medical records in the FVD

Variable Coding Notions

Sex 1/2 Male/Female

Age numbers  Years

Narrow pitch 0/1 No/Yes

range

Decreased 0/1 No/Yes

volume

Fatigue 0/1 No/Yes

Dryness 0/1 No/Yes

Lumping 0/1 No/Yes

Heartburn 0/1 No/Yes

Choking 0/1 No/Yes

Eye dryness 0/1 No/Yes

PND 0/1 No/Yes

Diabetes 0/1 No/Yes

Hypertension 0/1 No/Yes

CAD 0/1 No/Yes

Head and

neck cancer 0/1 No/Yes

Head injury 0/1 No/Yes

CVA 0/1 No/Yes

(SsTaille:)g 0/1/2/3 Never/past/active/e-cigarette
PPD numbers  pack (of cigarettes) per day
Alcohol 0/1/2 Never/past/active

Frequency (of

alcohol 1/2/3/4 Not/occasionally/weekly/daily
consumption)

Onset of. 1/2/3/4/5 Su.dden/gradually/on and off/since
dysphonia childhood/other

Noise at work 1/2/3 Not/a little/noisy

Diurnal 1/2/3/4 Worse in AM/worse in PM/similar all
pattern day/fluctuating

Occupational

vocal 1/2/3/4 Always/frequent/occasional/minimal
demand

Voice

handicap 0to 40

index - 10
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Proposed multimodal model architecture

Although my proposed ECG model architecture in Chapter 1 was not designed for
interpreting and predicting voice signals [58], it could be adapted and demonstrated strong
performance in the CODA TB DREAM Challenge

(https://www.synapse.org/Synapse:syn31472953) to detect pulmonary tuberculosis status

based on voice signals standardized by Z-score normalization [124].

To further accommodate the multimodality of FVD and SVD, I developed an adjunct
model that incorporates additional demographic data and structured medical records.
Categorical variables (e.g., sex) were processed using one-hot encoding, while continuous
variables (e.g., age) were standardized using Z-score normalization. The output from the
batch-normalized attention layer of the core model, after applying LeakyReLU, was
concatenated with the additional demographic and medical record data. This combined
data then passed through a series of operations: a fully connected layer, batch
normalization, LeakyReLU activation, and another fully connected layer with a
hyperbolic tangent activation function to generate adjustments. The final output of the
adjunct model was obtained by adding these adjustments to the output of the core model's

network (see Figure 11).
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Figure 11 Architecture of proposed multimodal DL network

The diagram illustrates the architecture of the proposed multimodal model, showing
multiple layers and connections. The right part processes voice signals through five
sequential blocks, each consisting of convolution, LeakyReL.U, and convolution-
pooling layers. The architecture incorporates bidirectional gated recurrent unit
(GRU), attention, and batch normalization. The left part further integrates
demographic and medical record data using concatenation and addition operations
before outputting predictions.

58

doi:10.6342/NTU202404565



Performance evaluation

Similar to the method mentioned in Chapter 1, I implemented 10-fold cross-
validation for training and evaluating the model. The dataset was randomly divided into
10 equal parts to create an 8:1:1 split for training, validation, and testing, respectively. To
address class imbalance, I employed stratified sampling to maintain proportional
representation of each class (e.g., neoplasm and benign voice disorders). The model was
trained over 100 epochs, producing 100 models (one per epoch). The model
demonstrating the best performance on the validation set was selected as the optimal
model. This optimal model was then applied to the testing data, and its performance was
assessed using the area under the receiver operating characteristic (ROC) curve score
(AUC). This procedure was repeated 10 times using the ADAM optimizer with the mean
square error (MSE) loss function [125], resulting in 10 optimal models for each fold. I
aggregated the prediction results from these models on their respective testing data to
obtain an overall confusion matrix (i.e., predicted values vs. true labels). For external
validation on the SVD dataset, [ averaged the outputs of the 10 optimal models trained on
the FVD dataset. The model's performance on ECG signals in CA classification was
evaluated using the CPSC2018 ECG training set.

Additionally, I conducted a sub-analysis to compare the Al model's predictions with
human analysis. | randomly selected 300 benign voice samples from the FVD and 200
from the SVD, including all 60 and 23 cases of neoplasm from the FVD and SVD,
respectively. These samples were randomly stratified into three sets: voice only, voice

plus demographics, and voice plus medical records. Two speech pathologists
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independently assessed these samples in a blinded manner, predicting whether each case
was neoplasm or benign. In instances where their predictions differed, the pathologists

discussed the case to reach a consensus.
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3.3 Results

Internal validation on FVD

My proposed multimodal model achieved a mean AUC of 0.631 using only voice
recordings (see Figure 12). When I sequentially incorporated demographic data
(illustrated in Figure 13) and medical records (shown in Figure 14), the model's
performance improved significantly, reaching AUCs of 0.807 and 0.878, respectively. |
then analyzed the confusion matrix derived from the 2,000 cases in the FVD, as presented
in Table 16 (left panel). Among the 60 patients diagnosed with glottic neoplasm, the
model, which utilized both voice recordings and medical records, correctly identified 47
cases, resulting in a sensitivity of 78.3%. For the 1,940 cases of benign glottic disorders,
the model accurately classified 1,583 cases, yielding a specificity of 81.6%. The overall

accuracy of the model was calculated to be 81.5%.
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ROC curves
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False Positive Rate

Figure 12 Performance of proposed multimodal model with only voice signals
on FVD

The ROC curves illustrate the model's performance across 10 validation folds, with
AUCs ranging from 0.492 to 0.875. The mean AUC across all folds is 0.631,
indicating poor classification performance. The dashed line represents the chance
level (AUC = 0.5).
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ROC curves
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Figure 13 Performance of proposed multimodal model with voice and
demographics on FVD

The ROC curves illustrate the model's performance across 10 validation folds, with
AUCs ranging from 0.604 to 0.941. The mean AUC across all folds is 0.807,
indicating moderate classification performance. The dashed line represents the
chance level (AUC =0.5).
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Figure 14 Performance of proposed multimodal model with voice,

0.6
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T
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—— Mean (AUC = 0.878)
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The ROC curves illustrate the model's performance across 10 validation folds, with

AUCs ranging from 0.819 to 0.965. The mean AUC across all folds is 0.878,

indicating strong classification performance. The dashed line represents the chance

level (AUC = 0.5).

Table 16 Confusion matrix for FVD (voice + medical records) and SVD (voice +

.
demographics)
Predicted Predicted
FVD Neoplasm Benign Total SVD Meoplasm Benign Total
True label MNeoplasm 47 13 60 True label Meoplasm 17 6 23
Benign 357 1583 1940 Benign 339 992 1331
Total 404 1596 2000 Total 356 998 1354
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External validation on SVD

To validate the model externally, I employed data from the SVD. Using only voice
signals, the proposed multimodal model achieved an AUC of 0.470 (refer to Figure 15).
When demographic information was added to the model, the AUC increased to 0.785, as
depicted in Figure 16. According to the confusion matrix (Table 16, right panel), the
model correctly predicted 17 out of 23 cases of glottic neoplasm, corresponding to a
sensitivity of 73.9%. Out of 1,331 benign cases, 992 were accurately identified, resulting
in a specificity of 74.5%. The overall accuracy of the model in this external validation

was 74.5%.
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Figure 15 Performance of proposed multimodal model with only voice signals
on SVD

The ROC curves illustrate the model's performance across 10 validation folds, with
AUCs ranging from 0.416 to 0.489. The mean AUC across all folds is 0.470,
indicating poor classification performance. The dashed line represents the chance
level (AUC = 0.5).
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Figure 16 The performance of proposed multimodal model with voice signals
and demographics on SVD

The ROC curves illustrate the model's performance across 10 validation folds, with
AUCs ranging from 0.722 to 0.817. The mean AUC across all folds is 0.785,
indicating moderate classification performance. The dashed line represents the
chance level (AUC =0.5).

Intrinsic validation on CPSC2018 ECG training set

I also validated the intrinsic adaptivity of my multimodal model using ECG data
from the CPSC2018 ECG training set. When the model utilized only ECG signals, it
achieved AUCs of 0.936 for lead aVR and 0.917 for lead V1. After incorporating
demographic information (age and sex) into the model, the AUCs slightly changed to
0.939 for lead aVR and 0.909 for lead V1. These differences were not statistically

significant (p-value from paired t-test < 0.05).
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Comparison between human assessments and Al

In sub-analyses comparing the Al model's predictions with human evaluations, I

observed that the model generally exhibited higher sensitivity, ranging from 48% to 78%,

compared to human assessments, which ranged from 9% to 42% (p <0.01, based on two-

sample proportion tests; see Table 17). Conversely, human assessments demonstrated

higher specificity, between 86% and 98%, compared to the model's specificity of 43% to

82% (p<0.01). When considering only voice data or voice data combined with

demographics, human predictions typically showed better overall accuracy than the

model (p <0.01). However, with the inclusion of medical records, the model's accuracy

increased to 82%, which was comparable to the human assessment accuracy of 83%

(p=0.78). Further analysis revealed an agreement rate of 85% between two independent

human raters (see Table 18).

Table 17 Comparison of glottic neoplasm diagnosis between Al model prediction

and pathologists
FVD sVD
Human Al p-Value* Human Al p-Value*
Voice only
Sensitivity 10% 55% <0.01 42% 48% 0.73
Specificity 86% 54% <0.01 91% 43% <0.01
Accuracy 73% 54% <0.01 86% 43% <0.01
Voice + demographics
Sensitivity 25% 68% <0.01 9% T4% <0.01
Specificty 98% T0% <0.01 90% 75% <0.01
Accuracy 86% 70% <0.01 82% 5% 0.08
Voice + medical records
Sensitivity 30% 8% <0.01
Specificty 93% 82% <0.01
Accuracy 83% 82% 0.78

Bold values indicate statistical significance (p < 0.05).
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Table 18 Prediction results between 2 independent raters

Rater 1
Neoplasm Benign Total
Neoplasm 31 51 82
Rater 2
Benign 39 462 501
Total 70 513 583
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3.4 Discussion

Over the past decade, Al has increasingly integrated into nearly every aspect of
modern life, including medical practice. Numerous review articles have outlined various
applications of Al in the field of otorhinolaryngology [126, 127]. A recent systematic
review specifically focused on Al applications in laryngeal cancer using different data
modalities [128]. In this discussion, I will mainly concentrate on signals beyond ECG, i.e.
acoustics and clinical data.

Previous studies have utilized machine learning algorithms to differentiate voice
recordings between laryngeal cancer patients and healthy controls. An early small-scale
study reported detection rates of 88.7% for vocal cord cancer (N =20) and 92.8% for
healthy individuals (N = 10) using various spectral features HMM [120]. A more recent
study achieved a discrimination accuracy of 96.9% between laryngeal cancer patients
(N=101) and normal subjects (N =100) based on glottal flow parameters ANN [119].
Another investigation utilized Mel-frequency cepstral coefficients (MFCCs) as acoustic
features, reporting an Al performance with an AUC of 0.85 among 50 laryngeal cancer
cases and 45 healthy controls [129].

Despite the high accuracy reported, these studies were limited by small sample sizes
and an unbalanced proportion of glottic neoplasm cases [130]. More importantly, these
results have limited clinical relevance because an ideal Al application should distinguish
glottic neoplasms from other benign voice disorders rather than from healthy
individuals [128]. Subsequent efforts to classify voice disorders into distinct disease
categories, including glottic neoplasm, using machine learning algorithms have not been

as successful. One study demonstrated significant overlap in acoustic features among
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voice recordings from glottic neoplasm, phonotrauma, and vocal palsy [131]. My study
also found that voice signals alone are insufficient for accurately differentiating glottic
neoplasms from other non-malignant voice disorders (Figures 12 and 15).

In this research, I utilized the newly published FVD to develop a DL-based Al model
for detecting glottic neoplasms. A key advantage of the FVD over other databases is its
inclusion of multiple data modalities, such as voice recordings, demographic information,
and structured medical records (Table 15). To my knowledge, only one other small voice
database (N =208) includes lifestyle information like smoking and alcohol consumption
in addition to voice recordings [132].

The potential benefits of incorporating demographic data into Al models are
supported by previous epidemiological studies [133]. For instance, female patients are
more prone to phonotraumatic voice disorders due to factors like higher fundamental
frequency, a greater prevalence in voice-dependent occupations [134], and differences in
the extracellular matrix composition of vocal folds compared to males [135, 136].
Research has also indicated that the age of patients with voice disorders varies
significantly between diagnostic groups. Younger individuals are more likely to develop
phonotraumatic lesions such as nodules and polyps, whereas older patients tend to present
with neoplastic lesions [137]. A publication observed that patients with glottic neoplasms
were generally older and predominantly male compared to those with vocal palsy or
phonotraumatic conditions [138]. In the current study, adding demographic data
significantly enhanced model performance for both the FVD and SVD (Figures 14 and
16). I found that incorporating medical records into the Al model further increased
performance to an AUC of 0.878 (Figure 15). This suggests that a multimodal approach
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integrating voice, demographic, and medical data is more effective for Al-assisted
detection of voice disorders. Although similar phenomena could not be observed in CA
classification with ECG signals, it may implicate that demographic factors like age and
sex do not provide additional predictive value for CA classification beyond what is
already captured by the signals themselves.

My study employed an end-to-end network structure to predict glottic neoplasms
using voice recordings of the sustained vowel sound "ah." While vowel sounds contain
less acoustic information than continuous speech, conversations, or paragraph readings,
their use allows for the inclusion of voice data from patients speaking different languages.
For example, the SVD includes recordings of patients counting from 1 to 10 in German,
which cannot be analyzed using an Al model based on English or Mandarin. Similarly,
Al models trained on voice samples of reading the Rainbow Passage in English are not
applicable to other languages. My results clearly demonstrate the advantage of using
vowel sounds as the source of acoustic features. The AI model using voice and
demographics from the FVD achieved an AUC of 0.807, and external validation with the
SVD data resulted in an AUC of 0.785, indicating that vowel sounds are ideal for building
robust, cross-language Al models.

Another benefit of my model is its ability to directly analyze raw voice waveforms
without the need for additional extraction of acoustic features such as MFCCs or wavelet
parameters commonly used in previous studies [113, 139, 140]. This model was originally
designed for ECG and CA classification [58], showcasing the robustness of the Al super-
resolution technique and its potential for integration into portable/wearable devices [141].
Future research could explore smartphone-based voice signal acquisition and Al
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interpretation, increasing accessibility for both the medical industry and the general
public.

My study found that the Al model had higher sensitivity but lower specificity
compared to human assessment (Table 17), consistent with recent literature [129].
Considering that glottic neoplasms constitute only a small fraction of cases among
patients with voice disorders [130], the high negative predictive value (99%) of the Al
model makes it suitable for first-line screening to "rule out" benign cases. In practical
application, this model could potentially reduce medical workload by 80%, as only 404
cases suspected of glottic neoplasm would require prompt referral for laryngeal
endoscopy and pathology (Table 16). Human experts could collaborate by assessing voice
samples to "rule in" possible neoplastic cases, as human assessment showed greater
positive predictive value than the Al model (Table 17). It remains important, however, to
advise patients with negative Al screening results to remain vigilant in monitoring their
voice conditions. Progressive infiltration of glottic neoplasms in false-negative cases may
lead to gradual changes in voice patterns, which could be detected in subsequent Al
screenings.

As indicated in Table 16, the Al model produced some false positives, misclassifying
benign lesions as neoplasms. Further investigation revealed that these false positives were
more likely in cases of vocal atrophy and presbyphonia. Since my Al model incorporates
demographic data, one possible explanation is that these cases share an older age
distribution similar to neoplastic cases. Additionally, the AI model may miss glottic
neoplasms that do not originate from the vibrating edge of the vocal folds (e.g., lesions in
the ventricle).
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3.5 Conclusion

This study presents a new voice database comprising 2,000 cases that combine voice
signals, demographic information, and structured medical records for Al analysis. My
findings indicate that using voice signals alone may be insufficient for distinguishing
glottic neoplasms from other benign voice disorders. Incorporating demographics and
medical records into the AI model significantly improved performance, bringing its

predictive accuracy closer to that of human assessments.
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