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ABSTRACT

Andreas Matsias, M.Sc. in Data and Computer Systems Engineering, Department of
Computer Science and Engineering, School of Engineering, University of loannina,
Greece, 2026 .

Evaluation of entropy methods using biomedical signals.

Advisor: Georgios Manis, Associate Professor .

Entropy-based measures have emerged as a powerful tool for characterizing the com-
plexity and irregularity of biomedical signals, offering an alternative to traditional
morphological feature extraction. However, the growing number of available entropy
formulations creates a method selection challenge, as most existing studies evalu-
ate only a limited subset of methods on specific signal types, preventing meaningful
cross-method and cross-domain comparisons.

This thesis presents a comprehensive and systematic evaluation of eight entropy
methods—Shannon, Renyi, Approximate, Sample, Permutation, Dispersion, Distribu-
tion, and Bubble Entropy—across eleven diverse biomedical datasets spanning car-
diovascular (ECG, HRV, PPG), neural (EEG), muscular (EMG), respiratory (Sp02),
gait, and voice signals. Five machine learning classifiers—k-Nearest Neighbors (kNN),
Support Vector Machine (SVM), Random Forest (RF), Gaussian Naive Bayes (GNB),
and Gradient Boosting (GB)—are employed within a unified experimental framework
using 5-fold cross-validation to ensure rigorous and reproducible comparisons.

The results demonstrate that Bubble Entropy, a relatively recent parameter-free
method, achieves superior performance in the majority of classification tasks, winning
8 out of 11 datasets with a mean accuracy of 83.6%.

Dispersion Entropy ranks second overall, while Permutation Entropy achieves
the highest single-dataset accuracy of 95.5% on PPG signals. Dispersion Entropy

also proves more effective for gait and EMG classification tasks. Among classifiers,

xii



kNN and SVM consistently outperform ensemble methods, suggesting that simpler
models are better suited for entropy-based feature spaces. Additionally, Cohen’s d
effect size analysis provides insight into the class separation power of each entropy
method, offering a physiological interpretation of discriminability beyond standard
accuracy metrics.

This work constitutes the most extensive benchmark of entropy methods for
biomedical signal classification to date and provides evidence-based, dataset-specific

guidelines for entropy method and classifier selection.

Keywords: Entropy, Biomedical Signals, Signal Classification, Bubble Entropy, Ap-
proximate Entropy, Dispersion Entropy, Sample Entropy, Permutation Entropy, Shan-
non Entropy, Renyi Entropy, Distribution Entropy, Machine Learning, Feature Ex-

traction
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EXTETAMENH IIEPIAHWH

Avdpéag Métorag, AM.Z. otn Myyovixn Acdopévwy xol YTOAOYLOTIX®DY ZUGTNUA-
Ty, Tuuo Mnyovixdy H/Y xow [TAnpoopixng, [loAvtexviny ZyxoAn, Hlavemiotiulo
Iwovvivey, 2026 .

TitAog ArotpLpg: AELoAdynom nebddwy evtpomiog pe Protatptxd onpoto. .
EmBAénwyv: Mavng I'edpyrog, AvarmAnpwtig Kabnyntig .

Ewcoywyn xou Kivyrtpo

To Brotatpind ofpote, 6mwg ta niextpoxopdLoypaefpato (ECG), tor nAextpoeye-
poroypapiuoto (EEG), to niextpopvoypopipato (EMG), to @wtorAnduopoypo-
erpata (PPG) xo oL oYpopRoeLs uvig, omoteAoly w1 eTepPortind péoa Topaxo-
A0VONOMG NG PLGLOAOYLXYG XATACTOUOTS TOL aYOHPWTTLYOL CWUOTOG. O ToPASOCLOXES
uwébodol avarvorg Baotlovtol oe LOPPOAOYLXA YOHPOXTNPLOTIXA TTOV ATTHLTOVY eEEL-
owxevpévn mpoemeEepyaoio xal eival evalobnteg oe H6pvPo xatl teyvovpyuato. To
UETPO EVTPOTILOG TTPOCPEPOLY L EVOAACXTLYY] TTPOCEYYLOY], TTOGOTLXOTIOLWYTOG TNV
TIOAVTTAOXOTYTOL XL TNV OXOVOVLXOTNTA EVOS ONULOTOS XWELS Vo artorTovdy LTTOOETELS
Lo T douy) Tov.

Qot600, 0 awEavopevog apLbuog drabéotpwy pebddwy evtpomiog dnuLtovpyel Eva
TEOPANuo emtAoyng. OL TteploodTEPES LTTAPYOVOES UEAETES OtELOAOYOVY UEULOVOUE-
veg pebddoug 1 TEPLOPLOUEVO LTTOCVVOAX, OE LOPOPETLXA GOVOAX OEDOUEVWY KoL LE
OLOPOPETIXA TTPWTOXOAAX, xabLoTWVTOG SVOXOAN TN obYXPELoN UETAED Tovg. H mo-
00O OLTAWUOTIXT EQYONOLOL OVTLLETWTLLEL AVTO TO XKEVO PECW [LLOG CUOTYUOTLXNG

o ELOAGYNOTC.

Xiv



YtoyoL

O mpwtopyndg oTOYOG AVTNG TNG EPYOOolog lvor 1 cvoTNUOTIXY cVYxELon KebO-
dwV EVTPOTLOG YLO TNV TOELVOUNOY BLOTOTOLXWY ONUETWY. LUYKEXQLUEVX, N EQYATLO

OTTOOXOTEL oToL €ENG:

o AEL0AGYMoM oxted nebddwy evtpomtioc—Shannon, Renyi, Approximate, Sample,
Permutation, Dispersion, Distribution xot Bubble—oe éva eviaio metpopotind

TAXLOLO.

o Extiunomn g amodoons o€ Eviexa ToxiAa GOVOAX BLotaTpixwy SeS0UEVLY TTOU
XOAVTTTOVY HOPOLOYYELOXA, EYREPAALXA, LUIXA, OVATTVEVOTLXA ONLOTO, OYULOTO

Badiomg, pwvng xow PPG.

MeOodohoyio

H merpapatinn pebodoroyia Baoiletor o éva eviaio TAaioto aEloAdynong. Mo xabe
OUVOAO 3e30UEVWY, EEAYOVTOL XOPOXTNOLOTIXE EVTPOTILOG XTtO TOl BLOLATOLKEL CNUOTOL
YOYOLLOTTOLWOVTAG XOL TLG OXTW PeBHSoVE. 2T oLVEYEL, EQPOEUOLOVTOL TTEVTE ToELVO-
unTég punyovinng pébnong pe 5-fold cross-validation yio ™ dtoo@dAion aELomioTwy
XOL OYOTTRQOYWYLUWY OTTOTEASOUATWY. EmimAéoy, epapudletor avaAvon peyéboug
entidpoong Cohen’s d yior TV TOGOTLXOTTOLNOY] TNG LXAVOTNTOGS OLOYWELOULOD XAATEWY
xabe peboédov evrpomiog.

Toa évtexo oOVOAx SedOUEVWY XOAVTTTOLY VPV PATUO. BLOTXTELXWY ONUETWY:
xopdroyyetoxd ofportar (CHF vs NSR, Fantasia, ECG Appufuia, SCD), avamvev-
otxd ofuoto (Amvora), eyxepaixd ofpata (GAMEEMO, Nontixd AptBuntixd),
poixéd ofpoto (EMG), ofuoto Bédioneg (Parkinson), PPG xot M0YQo@AoELS QWVAC
(VOICED).

AmoteAéopata

To TTELPOPLOTIUE ATTOTEAEGLOTOL ATTOXOADTTTOVY [LLOL GOUPT] LEQOLPYLOL ATTOB00YG LETOED

Ty LebIdwy evtpomiog:
1. H Bubble Entropy avadeiyOnxe wg n pébodog pe v vPnAdtepn amddoon,

XV



ETLXPATOVTOC 0 8 amd Tor 11 obvora dedopévwy (72,7%) pe péon axpifeto
83,6% + 9,0%.

2. H Dispersion Entropy xototayfnxe dedtepn pe péon axpifeia 77,7% =+ 8,6%
xoL omodelybnxe avwytepn g Bubble Entropy yta ovyxexpipévovg toOTTOULS

onpdtwy, tdaitepo Bédiong (aviyvevon Parkinson) xow EMG.
3. H Approximate Entropy xototdydnxe toitn (77,4% + 8,5%).

4. H Permutation Entropy xototdydnxe tétaptn (76,6% + 11,5%), emitoyydvo-
VTOG WOTOG0 TNY LYNAGTEET oxEIPBELal LELOVWPEVOL GLYOAOL dedopévwy (95,5%)

oto onpota PPG.

5. Ta mopadootoxd pétpo Bewpiog TAnpopopttdy (Shannon, Renyi) mopovoioocoy
XOUNAGTEPY, aTtH300Y, xotoAopufdvovtag otafepd Tl teAsutaleg O€oelg TNg

XOTATOENG.

‘Ocov oupopd tovg Takvountés, o kNN métuxe t0 LYPNAGTEPO TTOCOGTO VinNg
(58,0%), axorovboduevog ard tov SVM (22,7%). AEtoonueinwto givor 6t oL artAof
TaELvountég uTeEPTEPOVY oTafepd Twv PLebG3wY cuvéAoL (ensemble), vtodeLxviovTog
OTL TOL YOPOXTNELOTIXA EVIPOTILOG OEV QTTOLTOVY TTOADTTAOXO LOVTEAX TOELVOUNOMG.
O BéAtiotog ovvoALxdg ouvdvaouog Ntay Bubble Entropy pe SVM, emttuyydvovtog

uéon oxpifeta 82,4%.

TUUTTEQACLOTO

H mopovoo epyoaoion amoteAel ™y TLO EXTETOUEVY] CUYXPELTLXY AELOAGYNOY LebHSWY
evTpoTiag yiow TaELvounon Brotatpixwy onuatwy ot BiBAtoypopio. To xdpio ov-

UTEQAOoUOTO ELVOIL:

e H Bubble Entropy amoteAel 11 ovviotwpevy nébodo yevixng xpnons, Adyw tng

LPNANG ATTA00YG KAl TNG ATTOVOLOG TTHPOULETOWY.

e o onpotae PPG, v Permutation Entropy eivar mpotipndtepy, eved Yoo onpuoto

Bédiong xor EMG, n Dispersion Entropy amodidet xaAdtepa.

XVvi



e Ov amrol tagvountéc (KNN, SVM) emoapxody yLow xapoxtneLtoTtixd Pootopéva
OE EVTPOTILO, UELWVOVTOGS TLS VTTOAOYLOTIXEG OTTALTNOELS YWPELG Vo ETNEEALETOL

N axpiPeto.

AéEeig-xActdtd: Evtpomia, Buotatpoind EMupota, Tagvounon Enuértwy, Bubble En-
tropy, Approximate Entropy, Dispersion Entropy, Sample Entropy, Permutation En-
tropy, Shannon Entropy, Renyi Entropy, Distribution Entropy, Mnyovixyy Mé&Onon,
EEaywyn Xopoxtnolotixwy

Xvii



CHAPTER 1

INTRODUCTION

1.1 Background and Motivation
1.2 Problem Statement

1.3 Research Objectives

1.4 Thesis Contributions

1.5 Thesis Organization

1.1 Background and Motivation

Biomedical signals such as electrocardiograms (ECG), electroencephalograms (EEG),
electromyograms (EMG), photoplethysmograms (PPG), and voice recordings offer a
non-invasive window into the physiological state of the human body. These signals
encapsulate critical data regarding underlying health conditions, enabling clinicians
to diagnose pathologies, monitor therapeutic progress, and predict adverse clinical
events. Despite their strong diagnostic utility, the inherent morphological complexity,
high dimensionality, and subject variability of these signals pose multiple challenges
to the deployment of reliable automated analytical systems.

Traditional approaches to biomedical signal analysis rely on morphological fea-
tures such as R-peak detection in ECG, spectral power bands in EEG, and formant
frequencies in voice signals. These require precise signal segmentation and domain-

specific preprocessing. While effective in controlled clinical environments, these meth-



ods are often sensitive to noise, artifacts, and recording conditions, limiting their
applicability in real-world scenarios like wearable health monitoring.

Entropy-based measures offer an alternative approach to characterizing biomedi-
cal signals. Rather than extracting explicit morphological features, entropy quantifies
the underlying complexity, irregularity, or unpredictability of a signal. This approach
captures the intrinsic dynamics and patterns of physiological systems without re-
quiring assumptions about signal structure or extensive preprocessing. The clinical
relevance of entropy analysis is rooted in the observation that pathology often de-
grades physiological complexity, leaving a measurable signature on the dynamics of
human signals. This degradation can manifest as reduced heart rate variability in car-
diovascular disease, constrained motor patterns in neurological disorders, or altered
breathing dynamics.

Since the introduction of Approximate Entropy, numerous entropy methods have
been developed, each with distinct properties regarding noise robustness, computa-
tional efficiency, and parameter sensitivity. Recent methods such as Bubble Entropy,
Dispersion Entropy, and Distribution Entropy have shown promising results in vari-
ous biomedical applications. However, the growing number of available entropy mea-
sures creates a selection problem for researchers: which entropy method should be

used for a specific biomedical classification task?

1.2 Problem Statement

Despite extensive research on individual entropy methods, a comprehensive com-
parative evaluation across multiple biomedical signal types and classification tasks
remains lacking. Most existing studies focus on a single entropy measure or a limited
subset, making it difficult to draw general conclusions about relative performance.
Furthermore, comparisons are often conducted on different datasets with varying
preprocessing protocols, preventing meaningful cross-study synthesis.

This fragmented landscape presents several challenges:

* Method selection uncertainty: Researchers lack evidence-based guidelines for
choosing among entropy measures, often defaulting to methods used in prior

similar studies without systematic justification.



* Dataset-specific performance: An entropy method that excels for one signal
type may underperform for another, yet these dependencies are poorly charac-

terized.

* (Classifier interactions: The interplay between entropy features and machine
learning classifiers is underexplored, leaving open questions about optimal entropy-

classifier pairings.

e Statistical validation: Many comparative studies lack rigorous statistical testing,
making it unclear whether observed performance differences are significant or

attributable to chance.

1.3 Research Objectives

The primary objective of this thesis is to conduct a systematic and rigorous comparison
of entropy methods for biomedical signal classification. Specifically, this work aims

to:

1. Evaluate eight entropy methods using a unified experimental framework: Shan-
non, Renyi, Approximate, Sample, Permutation, Dispersion, Distribution, and

Bubble Entropy.

2. Assess performance across eleven diverse biomedical datasets spanning cardio-
vascular (ECG, HRV, PPG), neural (EEG), muscular (EMG), respiratory (Sp02),

gait, and voice signals.

3. Compare five machine learning classifiers to identify optimal entropy-classifier
combinations: k-Nearest Neighbors (kNN), Support Vector Machine (SVM), Ran-
dom Forest (RF), Gaussian Naive Bayes (GNB), and Gradient Boosting (GB).

4. Quantify class separation power using Cohen’s d effect sizes, providing insight

into why certain entropy methods outperform others.

5. Develop practical recommendations for entropy method selection based on sig-

nal type and application requirements.



1.4 Thesis Contributions

This thesis makes the following contributions to the field of biomedical signal analysis:

¢ Comprehensive benchmark: The first systematic comparison of eight entropy
methods across eleven diverse biomedical datasets, representing an extensive

evaluation of its kind in the literature.

e Empirical validation of Bubble Entropy: Demonstration that this relatively
recent parameter-free method outperforms established entropy measures for

the majority of biomedical classification tasks (8 of 11 datasets).

* Dataset-specific guidelines: Identification of exceptions where alternative en-
tropy methods provide superior performance—Permutation Entropy for PPG

signals and Dispersion Entropy for Gait and EMG signals.

e Classifier recommendations: Evidence that simple classifiers (kNN, SVM) out-
perform ensemble methods (RF, GB) for entropy-based features, enabling com-

putational efficiency without sacrificing accuracy.

* Effect size analysis: Application of Cohen’s d to quantify class separation power,
providing physiological interpretation of entropy discriminability beyond stan-

dard accuracy metrics.

1.5 Thesis Organization

The rest of this thesis is organized into five chapters. Chapter 2 provides theoretical
background on the eight entropy methods evaluated in this study, presenting the
conceptual basis, mathematical formulation, algorithm, and parameters of each mea-
sure. Chapter 3 describes the eleven biomedical datasets used in this study, including
cardiovascular signals (CHF vs NSR, Fantasia, ECG Arrhythmia, SCD vs Healthy), res-
piratory signals (Apnea), neural signals (GAMEEMO, Mental Arithmetic), muscular
signals (EMG), gait signals, PPG signals, and voice recordings. Chapter 4 presents
the experimental framework, including feature extraction procedures, machine learn-
ing classifiers, cross-validation protocols, and statistical analysis methods. Chapter 5

reports the experimental findings, including entropy rankings, classifier performance



analysis, and detailed results for each dataset. Finally, Chapter 6 summarizes the key
findings, discusses contributions and limitations, and proposes directions for future

research.



CHAPTER 2

EnxTrROPY METHODS

2.1 Shannon Entropy

2.2 Renyi Entropy

2.3 Approximate Entropy
2.4 Sample Entropy

2.5 Permutation Entropy
2.6 Dispersion Entropy
2.7 Distribution Entropy

2.8 Bubble Entropy

Entropy, as introduced by Shannon [1], measures the average information content of
a discrete random variable. It quantifies the uncertainty associated with a probability
distribution, providing a foundation for measuring the regularity of any sequential
data source, including physiological time series.

Building on Shannon’s formulation, a range of entropy measures has been pro-
posed to address its limitations when applied to finite, noisy, real-world signals.
Each successive formulation targets a specific shortcoming of its predecessors: Ap-
proximate Entropy [2] introduced template matching to estimate regularity directly
from short time series; Sample Entropy [3] corrected its self-matching bias; Permu-
tation Entropy [4] shifted the focus to ordinal patterns for robustness to amplitude

noise; Dispersion Entropy [5] reintroduced amplitude information through symbol
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mapping; Distribution Entropy [6] replaced threshold-based pattern counting with
a distance-distribution approach; and Bubble Entropy [7] eliminated free parame-
ters altogether by exploiting the sorting complexity of ordinal rankings. Meanwhile,
Renyi Entropy [8] generalized Shannon’s measure with a tunable order parameter
that controls sensitivity to rare events.

This chapter presents the mathematical formulation, algorithmic procedure, and

parameter choices for each of the eight entropy measures evaluated in this thesis:

¢ Shannon Entropy. Classical information-theoretic measure of uncertainty in a

probability distribution.

* Renyi Entropy. Generalization of Shannon entropy with tunable sensitivity to

probability distribution tails.

e Approximate Entropy (ApEn). Measures regularity by quantifying the likeli-

hood that similar patterns remain similar.

e Sample Entropy (SampEn). Improved version of ApEn that eliminates self-

matching bias.

e Permutation Entropy (PermEn). Captures ordinal patterns based on relative

amplitude ordering.

e Dispersion Entropy (DispEn). Combines amplitude information with temporal

patterns using symbol mapping.

e Distribution Entropy (DistEn). Measures complexity based on the distribution

of distances between embedded vectors.

e Bubble Entropy (BubbEn). Parameter-free measure based on the number of

swaps in bubble sort ranking.

Table 2.1 provides a concise overview of all eight measures, including their key
properties and parameter requirements.
The following sections describe each entropy measure, including its theoretical

background, mathematical formulation, and the specific parameters used in this study.



Table 2.1: Summary of the eight entropy methods evaluated in this study.

Method Abbr. Core Concept Parameters Year
Shannon Entropy ShEn Probability distribution uncertainty Binning 1948
Renyi Entropy RenEn  Tunable tail sensitivity a, binning 1961
Approximate Entropy ApEn Template self-matching regularity m, r, N 1991
Sample Entropy SampEn Bias-corrected regularity m, r, N 2000
Permutation Entropy PermEn Ordinal pattern distribution m, T 2002
Dispersion Entropy = DispEn Amplitude-aware symbol patterns m, ¢, 7 2016
Distribution Entropy DistEn  Embedded vector distances m, 7, B 2015
Bubble Entropy BubbEn Sorting complexity (parameter-free) m only 2017

2.1 Shannon Entropy

Shannon Entropy, introduced by Claude E. Shannon in 1948 [1], is the foundational
measure of information theory. It quantifies the average amount of information, or
equivalently, uncertainty, contained in a probability distribution. In signal analysis,
Shannon Entropy assesses how unpredictable the amplitude values of a signal are:
higher entropy indicates greater randomness or complexity, while lower entropy sug-
gests regularity and predictability.

Given a discrete set of outcomes with probabilities {p;,ps,...,p,}, Shannon En-

tropy H is defined as:

H(X) = —Zn:pi log, (p:) (2.1
=1
where:
* p; represents the probability of the ¢-th outcome,
e b denotes the base of the logarithm (commonly b = 2 to express entropy in bits).

Shannon Entropy reaches its maximum when all outcomes are equally probable,
reflecting maximum uncertainty. Conversely, it reaches its minimum value of zero
when one outcome is certain (p; = 1 for some i, and 0 for all others). Shannon

Entropy has no fixed upper bound; it grows with the number of possible outcomes.
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This measure forms the theoretical foundation for many entropy-based complexity
metrics used in biomedical signal analysis, including Permutation Entropy, Disper-
sion Entropy, and Distribution Entropy, which apply Shannon Entropy to different

symbolic representations of the signal.

2.2 Renyi Entropy

Renyi Entropy, introduced by Alfred Renyi in 1961 [8], generalizes Shannon Entropy
by adding a parameter « that controls sensitivity to different parts of the probability
distribution. This flexibility makes it useful for analyzing systems where the focus
should be on either common or rare events, depending on the application.

Given a discrete probability distribution {p;,ps,...,p,} and a non-negative pa-

rameter « # 1, Renyi Entropy of order « is defined as:

Ha(X) =

1 ~ .
T log, (;pl ) (2.2)

The parameter o determines how the entropy weighs the contribution of different

probabilities:
¢ When « > 1, the entropy becomes more sensitive to high-probability events.

e When «a < 1, it becomes more sensitive to low-probability (rare) events.

¢ In the limit as a — 1, Renyi Entropy converges to Shannon Entropy.

In this study, Renyi Entropy with a = 2 is used, which corresponds to the collision
entropy. This choice emphasizes the most probable outcomes and provides a measure
that is computationally efficient while still capturing essential distributional properties

of the signal.

2.3 Approximate Entropy

Approximate Entropy (ApEn), introduced by S.M. Pincus in 1991 [2], quantifies the
regularity and unpredictability of time series data. It is particularly effective for ana-

lyzing short and noisy datasets where traditional entropy methods may be unreliable.
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ApEn estimates the likelihood that patterns which are similar for m consecutive points
will remain similar when extended to m + 1 points, providing a numerical measure
of signal complexity.

The mathematical definition of Approximate Entropy is:

ApEn(m,r, N) = ¢"(r) — "+ (r) (2.3)
where:
* m is the embedding dimension, defining the length of compared vectors,

1 is the similarity tolerance (threshold),

e N is the total length of the time series.

The function ¢ (r) measures the average logarithmic frequency of similar vectors

of length m:

N—m+1
1

0" = g 2 o Ci(n) (2.4)

i=1
Each quantity Cj"(r) represents the proportion of vectors 27" that are within dis-

tance r of z}" (including self-matches):

) <]
N-m+1
The vectors z* are constructed by embedding the time series u(i) into m-dimensional

G (r)

(2.5)

space:

' = [u(i),u(t+1),...,u(i +m —1)] (2.6)

The distance function d(z}",27") is typically defined using the maximum norm
(Chebyshev distance):

d(x, 2T = max lu(@i+k—1)—u(j+k—1)] (2.7)

.....

The tolerance threshold r is commonly expressed as a fraction of the signal stan-

dard deviation:

Threshold = r x std(signal) (2.8)

Approximate Entropy is interpreted as follows:
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* Low ApEn values indicate more regular and predictable behavior.
* High ApEn values suggest greater complexity or randomness.

A limitation of ApEn is the inclusion of self-matches in the counting, which in-
troduces a bias that can affect estimation accuracy, particularly for short time series.
This limitation motivated the development of Sample Entropy.

In this study, ApEn was computed with embedding dimensions m € {2,3,4} and
tolerance values r € {0.15,0.20,0.25} times the signal standard deviation, yielding 9

features per signal.

2.4 Sample Entropy

Sample Entropy (SampEn), introduced by Joshua S. Richman and J. Randall Moor-
man in 2000 [3], was developed to address limitations of Approximate Entropy,
specifically the inclusion of self-matches and sensitivity to data length. By excluding
self-matches from the similarity count, SampEn provides more consistent and less
biased complexity estimates, particularly for shorter time series.

Formally, SampEn is defined as the negative natural logarithm of the conditional
probability that two sequences similar for m consecutive points remain similar at the

next point, within tolerance r, as data length N tends to infinity:

N—-m ~m+1
_ lim —log (Zi—];_mci (7")> (2.9)
N—roo doim O (r)

where C"(r) represents the count of template vectors of length m that lie within

SampEn(m,r)

distance r from the i-th template vector, excluding self-matches.

The principal distinction between SampEn and ApEn lies in this exclusion of self-
matches, which effectively reduces bias and enhances consistency of entropy estimates.
While ApEn includes the comparison of each vector with itself, artificially inflating
the similarity count, SampEn avoids this by requiring j # ¢ in all comparisons.

SampEn also demonstrates reduced dependence on time series length compared to
ApEn, providing more reliable complexity estimates when data availability is limited.
Both measures share the same parameters: embedding dimension m and tolerance
threshold r (expressed as a fraction of signal standard deviation). However, SampEn

generally yields more robust quantifications of signal complexity.
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As with ApEn:
* Low SampEn values indicate regular, predictable signals.
e High SampEn values indicate complex, irregular signals.

In this study, SampEn was computed with embedding dimensions m € {2, 3,4}
and tolerance values r € {0.15,0.20,0.25} times the signal standard deviation, yielding

9 features per signal.

2.5 Permutation Entropy

Permutation Entropy (PE), introduced by C. Bandt and B. Pompe in 2002 [4], quanti-
fies time series complexity by analyzing ordinal patterns rather than amplitude values.
Unlike ApEn and SampEn, which depend on distance thresholds, PE focuses on the
relative ordering of consecutive values, making it robust to noise and invariant to
monotonic transformations of the data.

Mathematically, given an embedding dimension m, PE is defined as the Shannon
entropy of the distribution of ordinal patterns of length m extracted from the time

series:

PE(m) = = p;log,(p:) (2.10)
i=1
where:

* p; denotes the probability of the i-th permutation pattern occurring in the time

series,
e m! represents the total number of possible ordinal patterns of length m,

¢ ) is the base of the logarithm, typically chosen as 2 for expressing entropy in

bits.

For each subsequence of m consecutive values, the ordinal pattern is determined by
ranking the values from smallest to largest. For example, with m = 3, a subsequence
[4,2,7] would be mapped to the pattern (2, 1,3) since the second element is smallest,

the first is middle, and the third is largest.
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The key advantage of Permutation Entropy lies in its ability to capture intrinsic
dynamical properties by examining relative ordering rather than actual values. This
makes PE highly effective in noisy or non-stationary environments where amplitude-
based methods may struggle.

Compared to ApEn and SampEn, PE is computationally more efficient and less
sensitive to parameter choices. Its reliance on ordinal patterns provides a complemen-
tary perspective on complexity, often revealing features that amplitude-based methods
might overlook.

Normalized PE divides by log(m!) to obtain values in [0, 1], where O indicates a
completely regular signal and 1 indicates maximum complexity.

In this study, PE was computed with embedding dimensions m € {2,3,4,5,6,7,8,9,10}

using normalized values, yielding 9 features per signal.

2.6 Dispersion Entropy

Dispersion Entropy (DispEn), introduced by M. Rostaghi and H. Azami in 2016 [5],
is a complexity measure that restores amplitude sensitivity absent in Permutation
Entropy while retaining the robustness of ordinal-based methods. It quantifies irreg-
ularity by analyzing dispersion patterns of normalized embedding vectors mapped to
discrete classes.

Formally, DispEn is defined as the Shannon entropy of the distribution of disper-

sion patterns:

DispEn(m, ¢, 7) Zpk log(pr) (2.11)

where m is the embedding dimension, ¢ denotes the number of classes for mapping
normalized values, and 7 is the time delay.

The embedding vectors are constructed as:

X" = [T, Tivr, Tivor, - -+ Tig (m—1)7) (2.12)

To reduce amplitude variations and facilitate classification into discrete categories,

z-score normalization is applied:
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=" H (2.13)

g

where ;1 and o represent the mean and standard deviation of the time series.
Each normalized value is then mapped to one of c¢ classes by partitioning the

range into equal intervals:

z; = floor (c>< M) +1, z€e{l,2,...,c} (2.14)

Zmax — “min

Each normalized embedding vector is thus mapped to one of ¢™ possible disper-

sion patterns. The probability of each pattern is computed as:

iz = xu)]
N—(m—-1)rT

The strength of Dispersion Entropy lies in its ability to capture both amplitude and

Pk (2.15)

temporal variations by classifying normalized values into discrete categories before
entropy calculation. This approach enhances sensitivity to subtle dynamical changes
while maintaining computational efficiency. Unlike Shannon, Renyi, ApEn, SampEn,
and Permutation Entropy, DispEn involves an explicit classification of amplitude val-
ues.

In this study, DispEn was computed with embedding dimensions m € {2,3,4,5},
number of classes ¢ € {3,4,5,6,7,8,9}, and time delay 7 = 1, yielding 28 features per

signal.

2.7 Distribution Entropy

Distribution Entropy (DistEn), introduced by P. Li et al. in 2015 [6], quantifies com-
plexity by analyzing the distribution of distances between embedding vectors. Unlike
methods that rely on categorical or ordinal classifications, DistEn evaluates complexity
through distance-based pattern analysis of the embedding space.

Given a time series x = {z1, zo,...,2y}, embedding vectors are constructed as:

X" = [Ty, Tivr, Tivor, -+ Tig (m—1)7) (2.16)

where m is the embedding dimension and 7 is the time delay.
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For each pair of embedding vectors x;" and x7', a distance metric is computed.
Two commonly used distance functions are:

Euclidean Distance:

m—1
de(x]", X;n) = (Tivhr — Tjnr)? (2.17)
k=0
Chebyshev Distance:
do(x",X]') = ,_max |Titkr — Tjkr| (2.18)

Once distances are computed for all valid vector pairs, they are discretized into ¢
bins. Distribution Entropy is then calculated as the Shannon entropy of the resulting

histogram:

DistEn(m, ¢, 7) Zpk log pr. (2.19)

where p;, is the empirical probability of distances falling into the k-th bin.

Comparison with Dispersion Entropy. While DispEn categorizes embedding
vector values directly into discrete classes based on normalized amplitudes, DistEn
focuses on the distribution of distances between vectors, capturing a more global
view of the time series structure. This makes DistEn more sensitive to subtle dy-
namical changes and long-range correlations, whereas DispEn may be more suitable
for detecting local variations and abrupt shifts. Additionally, DistEn relies solely on
inter-vector distances without requiring preprocessing for normalization, potentially
simplifying parameter tuning.

In this study, DistEn was computed with embedding dimensions m € {2,3,4,5},
number of bins ¢ € {3,4,5,6,7,8}, and time delay 7 = 1, yielding 24 features per

signal.

2.8 Bubble Entropy

Bubble Entropy (BubbEn) [7] is a complexity measure based on the Bubble Sort
algorithm. Unlike threshold-dependent methods such as ApEn and SampEn, BubbEn
quantifies signal irregularity by counting the number of element exchanges (swaps)

needed to sort embedded vectors, eliminating the need for tolerance parameters.
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For embedding dimension m and time delay 7, Bubble Entropy is computed as

the difference between consecutive swap count entropies:

BubbEn(z;m,7) = Hy, — Hpya (2.20)

where H,, represents the Shannon entropy of the swap count distribution:

H, =— Zpggm) logp;m) (2.21)
k

(m

Here, p, ) is the probability of requiring exactly £ swaps when sorting vectors of

dimension m. The embedded vectors are formed as:

Vi = [T Tigr, Tigor, - - - ,$i+(m—1)7] (2.22)

The Bubble Sort algorithm processes each vector by repeatedly comparing ad-
jacent elements and swapping them if they are out of order. The total swap count
characterizes the vector’s disorder level. Across all vectors, the distribution of swap
counts reflects the overall signal complexity.

Signals with consistent temporal structure produce similar swap counts across vec-
tors, yielding concentrated distributions and low entropy. Irregular or chaotic signals
generate diverse swap patterns, resulting in broader distributions and higher entropy
values [9].

A key advantage of BubbEn is its minimal parameter dependency. Only the em-
bedding dimension m and time delay 7 need to be specified—no amplitude thresholds
or class numbers are required. This simplicity makes BubbEn particularly practical
for automated analysis across diverse signal types without extensive parameter opti-
mization.

In this study, BubbEn was computed with m € {2,3,...,30} and 7 = 1, yielding

29 features per signal.
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CHAPTER 3

DATABASES DESCRIPTION

3.1 Introduction

3.2 Fantasia Database

3.3 MIT-BIH Arrhythmia Database

3.4 Congestive Heart Failure Database

3.5 Sudden Cardiac Death Holter Database
3.6 Gait in Parkinson’s Disease Database
3.7 EMG Isometric Contractions Database
3.8 APNEA HRV+SpO2 Database

3.9 GAMEEMO Database

3.10 EEG During Mental Arithmetic Tasks Database
3.11 VOICED Database

3.12 Pulse Transit Time PPG Dataset

3.1 Introduction

Entropy, as already explained, is a concept that can be applied for signal analysis
of signals of different origins. Studies have shown that it can be useful for assessing
chaotic patterns, particularly in biomedical signals, though its applicability extends
beyond this domain. It is indeed an analysis of the disorder, unpredictability, and un-

certainty of a signal. Some signals can be more suited than others to entropy analysis,
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showing significant differences between values from different subgroups of subjects.
For example, HRV signals have shown good performance in entropy analysis, high-
lighting pathological conditions and the progression of diseases. Many other signals
are less amenable to this complexity analysis, yielding insufficient discrimination be-
tween signals from different subject subgroups.

In this work, different types of biomedical signals were taken into consideration,
in order to evaluate the entropy performance on all of them. The databases included

were:

* Fantasia Database. HRV recordings from young and elderly healthy subjects

for age-related complexity analysis.

e MIT-BIH Arrhythmia. ECG recordings from subjects with cardiac arrhythmias

and normal sinus rhythm.

e CHF vs NSR. HRV data from subjects with Congestive Heart Failure and healthy

controls with normal heart activity.

e SDDB. ECG recordings for Sudden Cardiac Death prediction, comparing high-

risk patients with healthy subjects.

e Gait in Parkinson’s Disease. Vertical ground reaction force recordings from

Parkinson’s disease patients and healthy controls.

e EMG. Electromyography recordings from healthy subjects and patients with

neuromuscular disorders.

e Apnea. HRV and SpO2 signals from subjects with Obstructive Sleep Apnea and

healthy controls.

e GAMEEMO. EEG recordings during gameplay for emotion recognition (nega-

tive vs positive valence).

e Mental Arithmetic. EEG recordings during rest and mental arithmetic tasks

for cognitive state classification.

* VOICED. Voice recordings from healthy subjects and patients with vocal patholo-

gies.
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* PPG. Photoplethysmography recordings during rest and physical activity for

activity state classification.

Table 3.1 provides an overview of all datasets, including signal type, number of

subjects or recordings, class labels, and sampling frequency.

Table 3.1: Summary of the eleven biomedical datasets used in this study.

Dataset Signal N Classes Distribution Fs (Hz)
Fantasia RR intervals 40 subj. Young vs Elderly 20/ 20 250
MIT-BIH Arrhythmia RR intervals 120 rec. ARR vs NSR 48 [/ 72 360
CHF vs NSR RR intervals 116 rec. CHF vs NSR 44 /72 -
SCD vs Healthy RR intervals 59 rec. SCD vs Healthy 23/36  250/128
Gait (Parkinson’s) vGRF 166 subj. PD vs Healthy 93 /173 100
EMG iIEMG 241 subj. Healthy / Myop. / Neurop. 50 /98 /93 32768
Apnea (HRV) RR intervals 83 subj. Ctrl / Desat. / Non-d. 38 /34 /11 200
Apnea (SpO,) SpO, 83 subj. Ctrl / Desat. / Non-d. 38/34/ 11 50
GAMEEMO EEG (14 ch.) 28 subj. Negative vs Positive 56 / 56 128
Mental Arithmetic EEG (23 ch.) 36 subj. Rest vs Task 36 /36 500
VOICED Voice 208 subj. Healthy vs Pathological 57 / 151 8000
PPG PPG (6 ch.) 22 subj. Sitting vs Activity 22 / 44 500

The following sections provide detailed descriptions of each database, including

their acquisition protocols, subject demographics, and preprocessing methods ap-

plied.

3.2 Fantasia Database

The Fantasia Database [10, 11] is an open-access dataset provided by PhysioNet that

contains continuous electrocardiogram (ECG) recordings from 40 healthy subjects for

studying the effects of aging on heart rate variability.
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3.2.1 Data Description

Heart rate variability (HRV) reflects the beat-to-beat fluctuations in heart rate gov-
erned by the autonomic nervous system. With advancing age, the cardiovascular sys-
tem undergoes significant changes, including reduced arterial compliance, decreased
baroreflex sensitivity, and altered autonomic balance. These physiological changes
manifest as a decline in HRV complexity, with elderly individuals typically exhibiting
more regular and less adaptive cardiac rhythms compared to younger adults [10].
This age-related loss of complexity has been associated with reduced physiological
reserve and increased cardiovascular risk.

The recordings were acquired while participants watched the movie Fantasia (Dis-
ney, 1940) in a supine position, a protocol designed to maintain relaxed wakefulness
while remaining in sinus rhythm throughout the session. The dataset contains two
balanced age groups: 20 young adults (21-34 years, mean age 25 years) and 20
elderly subjects (68-85 years, mean age 75 years). Each group has 10 male and 10
female subjects. The ECG signals were recorded at a sampling rate of 250 Hz with
12-bit resolution over approximately 120 minutes per subject.

From the raw ECG recordings, the RR intervals were extracted using the annotated
R-peak locations provided in the database, yielding around 7,000 heartbeats per
subject. The classification task aims to distinguish Young from Elderly subjects based

on HRV complexity.

Table 3.2: Fantasia Database summary

Characteristic Value

Total subjects 40

Young group 20 (21-34 years, 10M/10F)
Elderly group 20 (68-85 years, 10M/10F)
Recording duration ~120 minutes

Sampling rate 250 Hz

Resolution 12-bit

Signal analyzed RR intervals
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3.3 MIT-BIH Arrhythmia Database

This dataset combines recordings from three PhysioNet databases for arrhythmia

versus normal sinus rhythm classification:

e MIT-BIH Arrhythmia Database (MITDB)
e MIT-BIH Normal Sinus Rhythm Database (NSRDB)

e Normal Sinus Rhythm RR Interval Database (NSR2DB)

3.3.1 Data Description

Cardiac arrhythmias are abnormalities in the heart’s electrical conduction system that
result in irregular heart rhythms. These can range from benign conditions, such as
occasional premature beats, to life-threatening disorders like ventricular fibrillation.
Common arrhythmias include premature ventricular contractions (PVCs), atrial fib-
rillation (AF), and bundle branch blocks. The ability to automatically detect and
classify arrhythmias from ECG signals is clinically important for early diagnosis and
treatment planning.

The MIT-BIH Arrhythmia Database [12, 11] contains 48 half-hour excerpts of two-
channel ambulatory ECG recordings from 47 subjects (25 men aged 32-89 years, 22
women aged 23-89 years). The recordings were digitized at 360 Hz with 11-bit res-
olution over a 10 mV range. The database includes a variety of clinically significant
arrhythmias, including premature ventricular contractions (PVCs), atrial premature
contractions (APCs), left and right bundle branch blocks (LBBB, RBBB), and atrial
fibrillation. All beat annotations were independently verified by two or more cardi-

ologists.

3.3.2 Normal Sinus Rhythm Databases

Two additional PhysioNet databases provide normal sinus rhythm recordings as con-

trol samples:

e NSRDB (MIT-BIH Normal Sinus Rhythm Database) [11]: Contains 18 long-
term (~24 hours) two-channel ECG recordings from subjects with no significant

arrhythmias (5 men aged 26-45, 13 women aged 20-50).
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e NSR2DB (Normal Sinus Rhythm RR Interval Database) [11]: Contains beat
annotation files for 54 long-term ECG recordings (30 men aged 28.5-76, 24
women aged 58-73). The original ECG recordings are not available; only RR

intervals are provided.

Table 3.3: MIT-BIH Arrhythmia and Normal Sinus Rhythm databases summary

Database Records Duration Signal

MIT-BIH Arrhythmia 48 30 min  Raw ECG (360 Hz)
NSRDB 18 ~24 h Raw ECG

NSR2DB 54 ~24 h RR intervals only

3.4 Congestive Heart Failure Database

This dataset combines recordings from four PhysioNet databases to distinguish be-

tween congestive heart failure (CHF) and normal sinus rhythm (NSR) subjects:

BIDMC Congestive Heart Failure Database (CHFDB)

e Congestive Heart Failure RR Interval Database (CHF2DB)

MIT-BIH Normal Sinus Rhythm Database (NSRDB)

Normal Sinus Rhythm RR Interval Database (NSR2DB)

3.4.1 Data Description

Congestive heart failure (CHF) is a chronic progressive condition in which the heart
muscle is unable to pump sufficient blood to meet the body’s needs. This inefficiency
leads to fluid buildup in the lungs, liver, and extremities, causing symptoms such
as shortness of breath, fatigue, and edema. CHF is classified by the New York Heart
Association (NYHA) into four functional classes based on symptom severity, ranging
from Class I (no limitation) to Class IV (severe limitation, symptoms at rest). Heart
rate variability analysis has emerged as a valuable tool for CHF assessment, as patients
typically exhibit reduced HRV complexity reflecting impaired autonomic regulation

and diminished cardiac adaptability.
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3.4.2 Congestive Heart Failure Databases

e CHFDB (BIDMC Congestive Heart Failure Database) [13, 11]: Contains long-
term ECG recordings from 15 subjects (11 men aged 22-71, 4 women aged

54—63) with severe congestive heart failure (NYHA class 3-4).

e CHF2DB (Congestive Heart Failure RR Interval Database) [11]: Contains beat
annotation files for 29 long-term ECG recordings from subjects aged 34—79
with congestive heart failure (NYHA classes I, II, and III). The original ECG

recordings are not available; only RR intervals are provided.

3.4.3 Normal Sinus Rhythm Databases

The normal class uses the same two databases described in Subsection 3.3.2: NSRDB

(18 recordings) and NSR2DB (54 recordings), totaling 72 normal subjects.

Table 3.4: CHF vs NSR databases summary

Database Records Class Signal

CHFDB 15 CHF Raw ECG
CHF2DB 29 CHF RR intervals only
NSRDB 18 NSR Raw ECG
NSR2DB 54 NSR RR intervals only
Total 116 44 CHF / 72 NSR

3.5 Sudden Cardiac Death Holter Database

This dataset combines recordings from two PhysioNet databases to distinguish be-

tween subjects who experienced sudden cardiac death (SCD) and healthy controls:

e Sudden Cardiac Death Holter Database (SDDB)

e MIT-BIH Normal Sinus Rhythm Database (NSRDB)
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3.5.1 Data Description

Sudden cardiac death (SCD) is an unexpected death caused by loss of heart function,
typically occurring within one hour of symptom onset. It is most commonly triggered
by ventricular fibrillation (VF), a chaotic electrical activity that prevents the heart from
pumping blood effectively. SCD accounts for a significant proportion of cardiovascular
mortality worldwide, making early risk stratification a critical clinical goal. Analysis of
heart rate variability and ECG dynamics in the hours preceding VI onset has shown
promise for identifying high-risk individuals, as subtle changes in cardiac complexity

may precede the fatal arrhythmia.

3.5.2 Sudden Cardiac Death Holter Database

The Sudden Cardiac Death Holter Database [14, 11] is a collection of 23 long-term
Holter recordings from patients who experienced sudden cardiac death during the
recordings. The recordings range from 7 to 25 hours in duration and were acquired
from subjects aged 18 to 89 years. Most recordings include two ECG signals digi-
tized at 250 Hz with 12-bit resolution. The database includes both unaudited and
audited beat annotation files, along with clinical information such as cardiac history,
medications, and ventricular fibrillation (VF) onset times.

For each SCD recording, a segment of up to 3 hours ending at the VF onset was

extracted, with a minimum requirement of 1 hour of data.

3.5.3 Normal Sinus Rhythm Database

The healthy control class uses the MIT-BIH Normal Sinus Rhythm Database (NSRDB)
described in Subsection 3.3.2. Two non-overlapping 3-hour segments were extracted

from each of the 18 recordings, yielding 36 healthy samples.

Table 3.5: Sudden Cardiac Death vs Healthy dataset summary

Database Samples Class Duration = Sampling Rate
SDDB 23 SCD 7-25 hours 250 Hz
NSRDB 36 Healthy ~24 hours 128 Hz

Total 59 23 SCD / 36 Healthy
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3.6 Gait in Parkinson’s Disease Database

The Gait in Parkinson’s Disease Database [11] is a collection of multichannel record-
ings from force sensors beneath the feet of 93 patients with Parkinson’s disease and

73 healthy control subjects, which were collected from three studies.

3.6.1 Data Description

Parkinson’s disease (PD) is a chronic and progressive neurological disorder, one of the
most common movement disorders, characterized by tremor, rigidity, bradykinesia,
and postural instability. A disturbed gait is a common, debilitating symptom that may
lead to falls and loss of functional independence.

The database contains vertical ground reaction force records of subjects as they
walked at their usual, self-selected pace for approximately 2 minutes on level ground.
Each foot was instrumented with 8 sensors (Ultraflex Computer Dyno Graphy, In-
fotronic Inc.) that measure force in Newtons as a function of time. The output of each
of the 16 sensors was digitized and recorded at 100 samples per second. Additionally,
two signals reflecting the sum of the 8 sensor outputs for each foot (Total Left and
Total_Right) are provided.

The database also includes demographic information and measures of disease
severity using the Hoehn & Yahr staging and the Unified Parkinson’s Disease Rating
Scale (UPDRS).

Table 3.6: Gait in Parkinson’s Disease database summary

Characteristic Value

PD patients 93 (mean age: 66.3 years, 63% male)
Healthy controls 73 (mean age: 66.3 years, 55% male)
Total subjects 166

Recording duration ~2 minutes

Sensors per foot 8

Sampling rate 100 Hz

Signal analyzed Total force (Left + Right)
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3.7 EMG Isometric Contractions Database

The EMG Isometric Contractions Database [15] contains electromyographic recordings
during isometric contractions of the biceps brachii and deltoid muscles, collected from

patients and healthy subjects.

3.7.1 Data Description

Electromyography (EMG) is a valuable tool for exploring both the nervous and mus-
cular system. Myopathy refers to conditions in which muscle fibers are dysfunctional,
while neuropathy is a neurological disorder involving nerve degeneration, which can
result in muscle weakness, cramps, stiffness, and wasting. Needle electromyography,
known as intramuscular EMG GEMG), is mainly used in clinical practice to diagnose
patients with neuromuscular disorders.

This dataset was collected from 241 participants at the Neurology Department
of Mustapha Pacha University Hospital of Algiers, between October 2015 and April
2019. The data includes three classes of raw invasive EMG signals recorded from two

muscles (biceps brachii and deltoid) during isometric contraction:

e Healthy: 50 subjects (23 females, 27 males), aged 17-56 years (mean: 27.9+9.5)

e Myopathy: 98 subjects (55 females, 43 males), aged 4—78 years (mean: 41.6 &
16.8)

e Neuropathy: 93 subjects (53 females, 40 males), aged 2-81 years (mean: 46.5 +
16.3)

The data acquisition system includes the MATRIX LIGHT 2-channel EMG EP Head-
box with Integrated Electric Simulator (Micromed SPA), using disposable concentric
needle electrodes (MYOLINE brand). EMG signals were acquired with amplitude
in millivolts within a frequency band of 16-5000 Hz at a sampling frequency of
32,768 Hz.
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Table 3.7: EMG Isometric Contractions database summary

Characteristic Value
Total participants 241
Healthy subjects 50

Myopathy patients 98
Neuropathy patients 93

Muscles recorded Deltoid, Biceps Brachii
Sampling rate 32,768 Hz
Frequency band 16-5000 Hz

Recording duration  ~5 seconds

For the binary classification task in this study, the Myopathy and Neuropathy
classes were merged into a single “Disorder” class, resulting in a two-class problem:

Healthy (50 subjects) versus Neuromuscular Disorder (191 subjects).

3.8 APNEA HRV+SpO2 Database

The APNEA HRV+5Sp02 Database [16] was provided by Dr. Negrin from University
Hospital (Las Palmas de Gran Canaria, Spain) and contains recordings of 83 subjects

for sleep apnea classification.

3.8.1 Data Description

Obstructive Sleep Apnea (OSA) is a common sleep disorder characterized by repeated
episodes of upper airway obstruction during sleep, leading to intermittent hypoxia
and sleep fragmentation. OSA is associated with cardiovascular disease, hypertension,
and daytime sleepiness.

The database contains ECG signals digitized at 200 Hz and SpO2 signals digitized
at 50 Hz. The sleep studies and labelling process were carried out following the
American Academy of Sleep Medicine (AASM) guidelines. An expert labeled every
minute based on simultaneous polysomnography, marking it as apnea or non-apnea.

The subjects are divided into three groups based on the Apnea-Hypopnea Index
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(AHD):
e Control: 38 healthy subjects with AHI < 5 (range: 0-5)

e Desaturating OSA: 34 patients with AHI > 25 (range: 30-106.3) who show

desaturations during apneic episodes

e Non-desaturating OSA: 11 patients with AHI > 25 (range: 26.2-87.5) who do

not always show desaturations during apneic episodes

Table 3.8: APNEA HRV+SpO2 database summary

Characteristic Value

Total subjects 83

Control group 38 (AHI < 5)
Desaturating OSA 34 (AHI 30-106)

Non-desaturating OSA 11 (AHI 26-88)
ECG sampling rate 200 Hz

Sp02 sampling rate 50 Hz

Labelling AASM guidelines

For the binary classification task in this study, the Desaturating and Non-desaturating
OSA groups were merged into a single “Apnea” class, resulting in a two-class problem:

Control (38 subjects) versus Apnea (45 subjects).

3.9 GAMEEMO Database

The GAMEEMO Database [17] is an electroencephalography-based dataset for emo-
tion recognition analysis, collected using computer games as emotion elicitation stim-

uli.

3.9.1 Data Description

Emotion recognition from physiological signals has gained significant attention in af-
fective computing and human-computer interaction. EEG-based emotion recognition

offers a direct measure of brain activity associated with emotional states.
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EEG signals were collected from 28 subjects using a wearable and portable 14-

channel EMOTIV EPOC+ device at a sampling rate of 128 Hz. Subjects played 4

different computer games designed to elicit specific emotions based on Russell’s Cir-

cumplex Model of Affect:

G1 - Boring: Low arousal, negative valence
G2 - Calm: Low arousal, positive valence
G3 - Horror: High arousal, negative valence

G4 - Funny: High arousal, positive valence

For binary classification, the four emotions were grouped by valence into Negative

(Boring + Horror) and Positive (Calm + Funny) classes.

Each game session lasted approximately 5 minutes, resulting in 20 minutes of

EEG data per subject. Subjects self-reported their experienced arousal and valence

for each game using the Self-Assessment Manikin (SAM) questionnaire. Both raw

and preprocessed EEG data are provided in CSV and MAT formats.

Table 3.9: GAMEEMO database summary

Characteristic Value

Total subjects 28

EEG device EMOTIV EPOC+ (14 channels)
Sampling rate 128 Hz

Games (emotions)
Session duration
Total sessions
Emotion model

Binary classes

4 (Boring, Calm, Horror, Funny)

~5 minutes per game

112 (28 subjects x 4 games)

Russell’s Circumplex (Arousal-Valence)
Negative (G1+G3) / Positive (G2+G4)

3.10 EEG During Mental Arithmetic Tasks Database

The EEG During Mental Arithmetic Tasks Database [18, 11] contains EEG recordings

of subjects before and during the performance of mental arithmetic tasks.
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3.10.1 Data Description

Mental arithmetic tasks are commonly used to study cognitive load and working
memory. During such tasks, distinct patterns of brain activity can be observed in
EEG signals, particularly in frontal and parietal regions associated with executive
function and numerical processing.

EEG signals were recorded monopolarly using a Neurocom EEG 23-channel sys-
tem (Ukraine, XAI-MEDICA). Silver/silver chloride electrodes were placed on the
scalp according to the International 10/20 scheme, with all electrodes referenced to
the interconnected ear reference electrodes. A high-pass filter with a 30 Hz cut-off
and a power line notch filter (50 Hz) were applied. All recordings are artifact-free
EEG segments of 60 seconds duration, with Independent Component Analysis (ICA)
used to eliminate artifacts from eyes, muscle activity, and cardiac pulsation.

The arithmetic task was serial subtraction of two numbers. Each trial started with
the oral communication of a 4-digit number and a 2-digit number to subtract (e.g.,
3141 — 42). Participants were eligible if they had normal visual acuity, no cognitive
impairment, and no psychiatric or neurological complaints.

Each subject has two recordings:
* Background (_1): Resting EEG before mental arithmetic task
e Task (_2): EEG during mental arithmetic performance

Subjects were divided into two groups based on performance:

e Group G (Good): 24 subjects (mean operations per 4 min = 21, SD = 7.4)

e Group B (Bad): 12 subjects (mean operations per 4 min = 7, SD = 3.6)
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Table 3.10: EEG During Mental Arithmetic Tasks database summary

Characteristic Value

Total subjects 36

Good performers 24

Bad performers 12

EEG system Neurocom 23-channel
Sampling rate 500 Hz

Recording duration 60 seconds
Conditions 2 (Rest, Task)
Total recordings 72 (36 subjects x 2)

3.11 VOICED Database

The VOICED (VOice ICar fEderico II) Database [19, 11] contains clinically-verified

voice samples from 208 subjects, including 150 pathological and 58 healthy voices.

3.11.1 Data Description

Voice disorders affect a significant portion of the population and can severely im-
pact quality of life and occupational performance. Acoustic analysis of voice signals
provides a non-invasive method for detecting and monitoring vocal pathologies.

Subjects involved in the study were adults aged between 18 and 70 years. Individ-
uals under 18 or over 70 years of age, or those with conditions such as colds or upper
respiratory tract infections, were excluded. Healthy voices and the presence of vocal
fold disorders were clinically verified by medical experts. Medical phoniatric exam-
inations were performed at the ambulatories of Phoniatrics and Videolaryngoscopy
of the University Hospital of Naples “Federico II” and at the Institute of High Per-
formance Computing and Networking (ICAR-CNR). The study was conducted from
May 16, 2016, to May 15, 2017.

Voice recordings were made using the Vox4Health m-health system installed on
a Samsung Galaxy S4 smartphone. The microphone was held approximately 20 cm

from the patient, angled at 45 degrees toward the mouth. All recordings were sampled
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at 8000 Hz with 32-bit resolution and filtered to remove accidental noise. Participants
were instructed to produce a sustained vocalization of the vowel /a/ with constant
intensity for approximately 5 seconds. Recordings were made in a quiet room (<
30 dB background noise).

The database includes information such as gender, age, pathology, lifestyle habits
(smoking, alcohol, coffee consumption), and the results of two medical questionnaires:
the Voice Handicap Index (VHI) and Reflux Symptom Index (RSD).

Table 3.11: VOICED database summary

Characteristic Value

Total subjects 208

Healthy voices 58

Pathological voices 150

Age range 18-70 years

Recording device =~ Mobile phone (Vox4Health)
Sampling rate 8000 Hz

Resolution 32-bit

Task Sustained vowel /a/
Duration ~5 seconds

3.12 Pulse Transit Time PPG Dataset

The Pulse Transit Time PPG Dataset [20, 11] provides open-access, high-resolution,
time-synchronized recordings from multiple sensors worn at different body locations,

including photoplethysmogram (PPG), inertial sensors, pressure sensors, and ECG.

3.12.1 Data Description

Photoplethysmography (PPG) is a non-invasive optical technique used to detect volu-
metric changes in blood in peripheral circulation. Pulse Transit Time (PTT), the time
required for pulse waves to travel in blood vessels between two sites, is an important
indicator for many medical properties, with recent research focusing on its potential

for continuous blood pressure monitoring.
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Data were acquired from 22 healthy subjects at The University of Sydney (6
females, 16 males), with ages ranging from 20 to 53 years (mean: 28.12 years).
All participants performed 3 activities in random order: sitting, optional walking,
and running. The data were collected using a device similar to commercial pulse
oximeters, containing commercial sensors (MAX30101) in a 3D-printed finger clip.

The dataset contains multi-site and multi-wavelength PPG signals recorded at

500 Hz from 6 channels at two finger locations:

e Distal phalanx (fingertip):

— Red (660nm)
— Infrared (880nm)

— Green (537nm)
¢ Proximal phalanx (finger base):

— Red (660nm)
— Infrared (880nm)
— Green (537nm)

For binary classification, the three activities were grouped into Sitting (rest) and

Activity (walk + run).

Table 3.12: Pulse Transit Time PPG dataset summary

Characteristic Value

Total subjects 22 (6F, 16M)

Age range 20-53 years (mean: 28.1)
Activities 3 (Sit, Walk, Run)

Total recordings 66 (22 subjects x 3)
PPG channels 6

Sampling rate 500 Hz

Recording duration ~508 seconds

Binary classes Sitting (22) / Activity (44)
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CHAPTER 4

METHODOLOGY

4.1 Signal Preprocessing

4.2 Feature Extraction

4.3 Feature Selection

4.4 C(lassification

4.5 Cross-Validation Strategy

4.6 Evaluation Metrics

This chapter presents the experimental methodology employed to evaluate entropy
measures across the eleven biomedical datasets described in Chapter 3. The method-
ology encompasses signal preprocessing, entropy-based feature extraction, feature
selection strategies, classification algorithms, cross-validation protocols, and perfor-
mance evaluation metrics. All experiments were implemented in Python 3.9 using
established scientific computing libraries.

The experimental pipeline follows a systematic approach: raw biomedical signals
undergo preprocessing to remove artifacts and normalize amplitude ranges, entropy
features are extracted using multiple parameter configurations, optimal feature subsets
are identified through exhaustive search, and classification performance is evaluated

using stratified cross-validation with multiple machine learning algorithms.
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4.1

Signal Preprocessing

Biomedical signals acquired from physiological measurements contain various arti-

facts and noise components that can adversely affect entropy estimation. Preprocess-

ing aims to enhance signal quality while preserving the intrinsic complexity charac-

teristics that entropy measures seek to quantify. The preprocessing pipeline consists

of three main stages: filtering, detrending, and normalization.

4.1.1 Filtering

Different signal types require specific filtering approaches based on their frequency

content and noise characteristics:

ECG/HRYV signals: RR interval series extracted from ECG recordings undergo
physiological filtering to remove ectopic beats and artifacts. Intervals outside
the range of 0.3-2.0 seconds (corresponding to heart rates of 30—200 bpm) are

excluded as physiologically implausible.

EMG signals: Electromyographic recordings are processed with a low-pass filter
at 3 kHz to remove high-frequency noise, a 50 Hz notch filter to eliminate power
line interference, and a high-pass filter at 15 Hz to remove motion artifacts. The

RMS envelope is then extracted to capture muscle activation patterns.

EEG signals: Electroencephalographic data are downsampled from the original
sampling rate (e.g., 500 Hz to 128 Hz) to reduce computational burden while

retaining relevant frequency content below the Nyquist limit.

PPG signals: Photoplethysmographic recordings are bandpass filtered between
0.5-10 Hz to isolate the cardiac pulse component and remove baseline drift and

high-frequency noise, then downsampled to 100 Hz.

Voice signals: Sustained vowel recordings are trimmed to extract a stable 3-
second segment from the center of the phonation, avoiding onset and offset

transients.

4.1.2 Detrending

Low-frequency trends unrelated to the physiological process of interest can bias en-

tropy estimates. Linear detrending is applied to remove slow baseline drifts:
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:Cdetrended(t) = l’(t) - (Oé + ﬁt) (41)

where a and 3 are the intercept and slope of the least-squares linear fit to the original

signal x(t).

4.1.3 Normalization

To ensure consistent entropy estimation across signals with different amplitude scales,

mean removal is applied:

xnormalized(t) = Xdetrended (t) - (42)

where 7 is the mean of the detrended signal. For entropy measures that use amplitude-
dependent thresholds (such as Approximate and Sample Entropy), the tolerance pa-
rameter 7 is scaled by the signal’s standard deviation, making the analysis amplitude-

independent.

4.2 Feature Extraction

Following preprocessing, entropy-based features are extracted from each signal using
the eight entropy measures described in Chapter 2. To capture complexity at multiple
scales and ensure robust characterization, each entropy measure is computed with

various parameter configurations, resulting in a comprehensive feature set.

4.2.1 Entropy Parameters

The parameter configurations for each entropy measure were selected based on recom-
mendations from the literature and preliminary experiments. Table 4.1 summarizes

the parameters used in this study.
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Table 4.1: Entropy parameters and resulting feature counts.

Entropy Measure Parameters Features
Shannon Entropy Histogram binning (auto) 1
Renyi Entropy a = 2 (collision entropy) 1
Approximate Entropy m € {2,3,4}, r € {0.15,0.20,0.25} x ¢ 9
Sample Entropy m € {2,3,4}, r € {0.15,0.20,0.25} X o 9
Permutation Entropy m € {2,3,...,10}, 7 =1 9
Dispersion Entropy m € {2,3,4,5}, c€ {3,4,...,9} 28
Distribution Entropy m € {2,3,4,5}, c € {3,4,...,8} 24
Bubble Entropy m € {2,3,...,30} 29
Total 110

The embedding dimension m controls the pattern length considered by each en-
tropy measure. Higher values of m capture longer temporal dependencies but require
more data points for reliable estimation. The tolerance parameter r for Approximate
and Sample Entropy is expressed as a fraction of the signal’s standard deviation o,
ensuring scale-invariant analysis. The number of classes ¢ in Dispersion and Distri-

bution Entropy determines the granularity of the symbolic representation.

4.2.2 Implementation
Entropy calculations were performed using two specialized Python libraries:

e EntropyHub [21]: A comprehensive entropy library providing validated im-
plementations of Approximate Entropy, Sample Entropy, Dispersion Entropy,
Distribution Entropy, and Bubble Entropy. EntropyHub follows standardized
algorithmic definitions and has been validated against reference implementa-

tions.

e Antropy [22]: An efficient library optimized for Permutation Entropy compu-

tation, offering significant speed improvements through vectorized operations.

Shannon and Renyi entropies were computed using histogram-based probability
estimation with automatic bin selection (Freedman-Diaconis rule), implemented via

NumPy and SciPy functions.
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4.2.3 Feature Naming Convention

Each extracted feature follows a systematic naming convention that encodes the en-

tropy type and parameter values:

* shannon, renyi: Single-valued features

e apen_m{m}_r{r}: Approximate Entropy with embedding dimension m and tol-

erance r

e sampen_m{m}_r{r}: Sample Entropy with embedding dimension m and tolerance

r
e permen_m{m}: Permutation Entropy with embedding dimension m

o dispen_m{m}_c{c}: Dispersion Entropy with embedding dimension m and c

classes

e disten_m{m}_c{c}: Distribution Entropy with embedding dimension m and c

classes

bubben_m{m}: Bubble Entropy with embedding dimension m

This convention facilitates automated grouping of features by entropy family dur-

ing analysis and interpretation of results.

4.3 Feature Selection

With 110 entropy features extracted per signal, feature selection is essential to identify
the most discriminative subset while avoiding overfitting and reducing computational
complexity. This study employs an exhaustive search strategy that systematically eval-
uates all possible feature combinations to find the optimal subset for each entropy

family.

4.3.1 Exhaustive Search Strategy

Unlike filter-based or greedy wrapper methods that may converge to local optima,

exhaustive search guarantees finding the globally optimal feature subset within a
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specified size constraint. For each entropy family, all combinations of k features are

evaluated, where k ranges from 1 to kpax = 5:

kmax
Combinations = Z (Z) (4.3)

k=1
where n is the number of features in the entropy family.

The exhaustive search procedure operates as follows. First, features are standard-
ized using z-score normalization to ensure equal scaling. Then, for each value of k
from 1 to 5, every possible combination of k features is generated. Each combination
is evaluated using 5-fold stratified cross-validation with a Support Vector Machine
(SVM) classifier with radial basis function kernel as the reference model. The mean
cross-validation accuracy serves as the evaluation criterion. After testing all combi-
nations across all values of k, the feature subset achieving the highest accuracy is
selected as optimal for that entropy family.

This approach eliminates the suboptimality inherent in heuristic search methods

and provides reproducible, globally optimal feature subsets.

4.3.2 Correlation-Based Pre-filtering

To reduce redundancy before exhaustive search, highly correlated features are re-
moved. For each pair of features with Pearson correlation exceeding a threshold

pmax = 0.95, the feature with lower variance is discarded:

Remove f; if |r(f;, f;)| > pmax and Var(f;) < Var(f;) (4.4)

This pre-filtering step removes near-duplicate features while preserving the most
informative variant, reducing the combinatorial search space without sacrificing dis-

criminative information.

4.3.3 Per-Entropy Family Evaluation

Feature selection is performed independently for each of the eight entropy families.

This approach enables:

1. Direct comparison of entropy families under optimal feature selection

2. Identification of the best-performing parameters within each family
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3. Fair evaluation where each entropy type uses its own optimal subset

4.4 Classification

To evaluate the discriminative power of entropy features across different learning
paradigms, five machine learning classifiers were employed. These classifiers represent
diverse algorithmic approaches, ranging from instance-based methods to ensemble

techniques, ensuring comprehensive evaluation of entropy feature utility.

4.4.1 Classifier Descriptions
k-Nearest Neighbors (kNN)

The k-Nearest Neighbors algorithm classifies samples based on the majority class
among the k closest training instances in feature space. Euclidean distance is used
as the similarity metric. The optimal value of k is determined through grid search
over the range k € {3,5,7,...,29} using cross-validation, selecting the value that
maximizes classification accuracy. Feature scaling via standardization is applied prior

to classification to ensure equal contribution from all features.

Gaussian Naive Bayes (GNB)

Gaussian Naive Bayes assumes that features follow a Gaussian distribution within
each class and applies Bayes’ theorem with the naive assumption of feature indepen-
dence. Despite this simplifying assumption, GNB often performs well in practice and
provides a probabilistic baseline. The classifier estimates class-conditional means and

variances from training data and computes posterior probabilities for classification.

Random Forest (RF)

Random Forest is an ensemble method that constructs multiple decision trees during
training, each built on a bootstrap sample of the data with random feature subsets
at each split. The final prediction is determined by majority voting across all trees.
This study uses 100 trees with default hyperparameters. Random Forest is inherently
robust to overfitting and provides feature importance estimates, though these are not

used for feature selection in this study.
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Support Vector Machine (SVM)

Support Vector Machine seeks the optimal hyperplane that maximizes the margin
between classes in feature space. A radial basis function (RBF) kernel is employed to

handle non-linear class boundaries:

K (x;,%;) = exp (—v[[x; — x;]|%) (4.5)

where « controls the kernel width. Default hyperparameters are used with probability
estimates enabled for ROC-AUC computation. Feature standardization is applied to

ensure proper kernel function behavior.

Gradient Boosting (GB)

Gradient Boosting builds an additive ensemble of weak learners (decision trees) se-
quentially, where each tree corrects the errors of the previous ensemble. The algorithm
minimizes a differentiable loss function through gradient descent in function space.

This study uses 100 estimators with default learning rate and tree depth parameters.

4.4.2 Preprocessing Pipeline

All classifiers except Random Forest and Gradient Boosting require feature standard-
ization for optimal performance. A preprocessing pipeline applies z-score normaliza-

tion:

o=k (4.6)

g

where ;1 and o are the mean and standard deviation computed from training data
only. This standardization is performed within each cross-validation fold to prevent

data leakage.

4.4.3 Implementation

All classifiers were implemented using scikit-learn [23], a widely-used Python ma-

chine learning library. Table 4.2 summarizes the classifier configurations.
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Table 4.2: Classifier configurations used in this study.

Classifier Key Parameters Scaling
kNN k€ {3,5,...,29} (grid search) Yes
GNB Default (Gaussian likelihood) Yes
RF 100 trees, default depth No
SVM RBF kernel, default C' and ~ Yes
GB 100 estimators, default learning rate No

4.5 Cross-Validation Strategy

Cross-validation is employed to obtain reliable performance estimates while maxi-
mizing the use of available data for both training and evaluation. This study uses
5-fold cross-validation with two distinct splitting strategies depending on the dataset

structure.

4.5.1 Stratified K-Fold Cross-Validation

For datasets where samples are independent observations, Stratified K-Fold cross-
validation is applied. The data are partitioned into 5 equal folds, with each fold
maintaining the same class proportion as the complete dataset. Each fold serves as
the test set exactly once, while the remaining four folds form the training set. The
final performance metrics are computed by aggregating predictions across all folds.

Stratified splitting is essential for imbalanced datasets, ensuring that each fold con-
tains representative samples from both classes. This prevents the scenario where a fold
might contain only majority class samples, which would lead to biased performance
estimates.

Datasets using Stratified K-Fold include: FANTASIA, ECG Arrhythmia, ECG CHF
vs NSR, ECG SCD vs Healthy, EMG (Biceps and Deltoid), APNEA (HRV and Sp02),
Gait Parkinson’s, and VOICED.
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4.5.2 Group K-Fold Cross-Validation

For datasets containing multiple recordings per subject, Group K-Fold cross-validation
is employed to prevent data leakage. This strategy ensures that all samples from a
given subject appear exclusively in either the training or test set, never in both.
Subject-wise splitting is critical because samples from the same individual share
subject-specific characteristics (physiological baselines, recording conditions) that clas-
sifiers can exploit. Without proper grouping, models may learn to recognize subjects
rather than the underlying pathological or physiological patterns, leading to overly

optimistic performance estimates that fail to generalize to new individuals.

Group K-Fold constraint: Vs € Subjects, s € Train @ s € Test (4.7)

Datasets using Group K-Fold include: GAMEEMO (28 subjects x 4 game sessions),
Mental Arithmetic (36 subjects x 2 conditions), and PPG (22 subjects x 3 activity

conditions).

4.5.3 Validation Protocol

For both cross-validation strategies, the following protocol is applied:

1. Data is split into 5 folds (stratified by class or grouped by subject)
2. For each fold iteration:

(a) Feature scaling parameters are computed from training data only
(b) The classifier is trained on the scaled training set

(c¢) Predictions are generated for the held-out test fold
3. Predictions from all folds are aggregated for metric computation

4. Accuracy standard deviation across folds quantifies estimate stability

The random state is fixed (seed = 42) to ensure reproducibility across experiments.

This allows direct comparison of entropy families under identical data partitions.

43



4.6 Evaluation Metrics

(Classification performance is assessed using multiple complementary metrics derived
from the confusion matrix. This multi-metric approach provides a comprehensive
view of classifier behavior, capturing different aspects of predictive performance that

a single metric might obscure.

4.6.1 Confusion Matrix

The confusion matrix forms the foundation for all evaluation metrics, summarizing

predictions into four categories for binary classification:

Table 4.3: Confusion matrix for binary classification.

Predicted Positive Predicted Negative

Actual Positive  True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

4.6.2 Primary Metrics
Accuracy

Accuracy measures the proportion of correct predictions among all samples:

Accuracy = TP+TN
Y= TPYTN+FP+FN

While intuitive and widely used, accuracy can be misleading for imbalanced

(4.8)

datasets where high accuracy may result simply from predicting the majority class.

Sensitivity (Recall)

Sensitivity, also known as recall or true positive rate, measures the proportion of

actual positive cases correctly identified:

s TP
Sensitivity = TPLFN

In clinical applications, high sensitivity is crucial to minimize missed diagnoses

(4.9)

(false negatives), particularly for serious conditions.
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Specificity
Specificity measures the proportion of actual negative cases correctly identified:

TN
Specificity = TN + FP (4.10)

High specificity reduces false alarms (false positives), which is important to avoid

unnecessary interventions or patient anxiety.

F1-Score

The F1-score is the harmonic mean of precision and recall, providing a balanced
measure for imbalanced datasets:
Precision x Recall 2xTP

— = 4.11
Pl =2x Precision + Recall 2xTP+ FP+ FN ( )

Weighted F1-score is used for multi-class scenarios, weighting each class by its

support.

4.6.3 Advanced Metrics
Cohen’s Kappa

Cohen’s Kappa (k) measures agreement between predicted and actual labels, corrected

for chance agreement:

g = Do " Pe (4.12)
1 — Pe

where p, is the observed agreement (accuracy) and p, is the expected agreement by

chance. Kappa values are interpreted as: x < 0.20 (poor), 0.21-0.40 (fair), 0.41-0.60
(moderate), 0.61-0.80 (substantial), and 0.81-1.00 (near perfect).

4.6.4 Reporting Protocol

For each entropy family and classifier combination, the following metrics are reported:

¢ Accuracy with standard deviation across cross-validation folds

e F1-score (weighted for multi-class)
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* Sensitivity and Specificity
* Cohen’s Kappa

e Confusion matrix values (TP, TN, FP, FN)

The best-performing classifier for each entropy family is identified based on ac-
curacy, and the overall best entropy-classifier combination is highlighted for each

dataset.
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CHAPTER DO

REsuLTS

5.1 Overall Entropy Performance
5.2 Performance by Dataset

5.3 Class Separation Analysis

5.4 C(lassifier Performance

5.5 Detailed Dataset Results

5.6 Chapter Summary

This chapter presents the experimental results of evaluating eight entropy measures
across eleven biomedical datasets. The evaluation encompasses overall performance
ranking, domain-specific analysis, and classifier comparison. All results are based
on the exhaustive feature selection methodology and 5-fold cross-validation protocol
described in Chapter 4.

The datasets span diverse biomedical signal types, including cardiac (HRV, ECQG),
neural (EEG), muscular (EMG), respiratory (Sp02), gait, voice, and photoplethys-
mographic (PPG) signals. This diversity enables assessment of the entropy method’s
generalizability across different physiological domains and classification tasks.

Results are organized as follows: Section 5.1 presents the overall entropy perfor-
mance aggregated across all datasets. Section 5.2 analyzes performance stratified by
signal type. Section 5.3 examines class separation power using effect size analysis. Sec-

tion 5.4 evaluates classifier performance across entropy features. Finally, Section 5.5
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summarizes key findings and identifies the best-performing entropy measures for

each application domain.

5.1 Overall Entropy Performance

This section presents the aggregated classification performance of each entropy mea-
sure across all datasets. Performance is evaluated using the best accuracy achieved by
any classifier (kNN, GNB, RF, SVM, or GB) for the optimally selected feature subset

within each entropy family.

5.1.1 Mean Accuracy Ranking

Table 5.1 presents the mean classification accuracy for each entropy measure, com-
puted across all 11 datasets. For datasets with multiple channels or signal variants,

the best-performing channel is used as the representative result.

Table 5.1: Overall entropy performance ranking by mean accuracy.

Rank Entropy Mean Acc. (%) Std Dev Max Acc. (%) Wins
1 Bubble 83.61 8.95 93.75 8
2 Dispersion 71.74 8.61 92.42 2
3 Approximate 77.43 8.52 92.42 0
4 Permutation 76.59 11.45 95.45 1
5 Sample 74.70 8.95 90.91 0
6 Distribution 73.42 9.86 93.94 0
7 Renyi 73.41 8.20 89.39 0
8 Shannon 72.89 8.38 92.42 0

Figure 5.1 visualizes the mean accuracy ranking with error bars representing

standard deviation across datasets.
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Figure 5.1: Mean classification accuracy for each entropy measure across all datasets.
Error bars indicate standard deviation. Bubble Entropy achieves the highest mean
accuracy (83.6%) and the lowest coefficient of variation, indicating the most consistent

relative performance.

Bubble Entropy achieves the highest mean accuracy (83.6%) and, combined with
a standard deviation of 9.0%, the lowest coefficient of variation (CV = 0.107) among
all methods, indicating both superior accuracy and the most consistent performance
across diverse signal types. The “Wins” column indicates the number of datasets
where each entropy achieved the highest accuracy among all methods. Bubble En-
tropy dominates with 8 wins out of 11 datasets (72.7%), demonstrating its broad

applicability.

5.1.2 Performance Gap Analysis
The results reveal a clear performance hierarchy among entropy measures:

e Top tier: Bubble Entropy stands alone with a mean accuracy approximately 6

percentage points above the second-best method.

e Middle tier: Dispersion Entropy (77.7%), Approximate Entropy (77.4%), Per-
mutation Entropy (76.6%), and Sample Entropy (74.7%) form a competitive
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second tier.

* Lower tier: Distribution, Renyi, and Shannon Entropy perform comparably,

with mean accuracies around 73%.

The gap between Bubble Entropy and traditional measures (Shannon, Renyi)
exceeds 10 percentage points (83.6% vs 72.9-73.4%), highlighting the advantage
of complexity-based entropy measures that capture temporal dynamics rather than

simple amplitude distributions.

5.1.3 Consistency Analysis

Standard deviation provides insight into method consistency across different classifi-
cation tasks. In absolute terms, Renyi Entropy exhibits the lowest standard deviation
(8.20%), while Permutation Entropy shows the highest (11.45%), suggesting task-
dependent performance that may excel in some domains while underperforming in
others. However, absolute standard deviation does not account for differences in mean
accuracy, making the coefficient of variation a more appropriate measure of relative
consistency.

The coefficient of variation (CV = Std/Mean) further emphasizes this pattern:

8.95 11.45
—— =0.107 Cv ermutation — S,
3361 ’ Permutat 76.59

Lower CV values indicate more reliable performance across diverse applications,

CVgubble = =0.149 (5.1)

making Bubble Entropy the most dependable choice for general biomedical signal

classification.

5.1.4 Pairwise Comparison

To further characterize relative performance, a head-to-head win/loss matrix was
constructed. For each pair of entropy methods, the matrix counts the number of
datasets where one method outperforms the other. A positive value indicates the row

method wins against the column method by that many datasets.
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Figure 5.2: Head-to-head win/loss matrix. Each cell shows the number of datasets
where the row entropy outperforms (+) or underperforms (-) the column entropy.

Green indicates dominance, red indicates inferiority.

The win/loss matrix (Figure 5.2) reveals several important patterns:

* Bubble Entropy dominance: Bubble Entropy shows positive values against all
other methods, winning by margins of +5 to +9 datasets. It achieves its largest

advantages against Renyi (+9), Shannon (+8), and Permutation (+8).

* Dispersion Entropy strength: As the second-best performer, Dispersion En-
tropy wins against most methods except Bubble, with notable margins against

Shannon (+7) and Renyi (+7).

51



¢ Competitive middle tier: Approximate, Permutation, and Sample Entropy show
mixed results against each other, indicating comparable performance with task-

dependent advantages.

* Lower tier: Distribution, Renyi, and Shannon Entropy show negative values
against most other methods, confirming their position in the lower performance

tier.

This pairwise analysis reinforces the ranking hierarchy while revealing the mag-

nitude of performance differences between methods.

5.2 Performance by Dataset

This section presents classification results across the eleven datasets. For datasets with
multiple channels or signal variants, results are consolidated by selecting the best-
performing configuration. Detailed per-dataset analysis with comprehensive metrics
is provided in Section 5.5.

Figure 5.3 presents the classification accuracy of all eight entropy measures across
the eleven datasets, enabling direct comparison of entropy performance within each

classification task.
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Entropy Performance by Dataset
Classification accuracy (%) per entropy-dataset combination
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Figure 5.3: Classification accuracy by entropy measure across all datasets. Each bar
represents the best accuracy achieved by any classifier for that entropy-dataset com-

bination.

Figure 5.4 identifies the winning entropy method for each dataset, providing clear

guidance for method selection.
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Best Performing Entropy per Dataset

Highest accuracy achieved by winning entropy method

PPG Permutation (95.5%)

ECG Arrhythmia Bubble (93.8%)

CHF vs NSR Bubble (92.2%)

Apnea Bubble (91.6%)

Fantasia Bubble (90.0%)

SCD vs Healthy Bubble (88.1%)

EMG Dispersion (80.5%)

GAMEEMO Bubble (78.6%)

Voiced Bubble (76.0%)

Gait Dispersion (75.3%)

Mental Arith. Bubble (73.6%)

0% 20% 40% 60% 80% 100%

Figure 5.4: Best performing entropy method for each dataset with corresponding

accuracy.

Table 5.2 summarizes the best entropy, classifier, and accuracy for each dataset.



Table 5.2: Best performing entropy and classifier for each dataset.

Dataset Best Entropy Best Classifier Accuracy (%)
CHF vs NSR Bubble SVM 92.2
Fantasia Bubble SVM 90.0
ECG Arrhythmia  Bubble SVM 93.8
SCD vs Healthy Bubble SVM 88.1
Gait (Parkinson)  Dispersion SVM 75.3
EMG Dispersion SVM 80.5
Apnea Bubble SVM 91.6
GAMEEMO Bubble RF 78.6
Mental Arithmetic Bubble kNN 73.6
PPG Permutation kNN 95.5
Voiced Bubble SVM 76.0

5.2.1 Key Observations

Several patterns emerge from the dataset-wise comparison:

Bubble Entropy dominance: Bubble Entropy achieves the best accuracy in 8
out of 11 datasets, confirming its broad applicability across diverse biomedical

signals.

High-accuracy tasks: PPG (95.5%), ECG Arrhythmia (93.8%), CHF vs NSR
(92.2%), and Apnea (91.6%) exceed 90% accuracy, indicating that entropy fea-

tures effectively capture discriminative patterns in these signals.

Challenging tasks: GAMEEMO (78.6%), Voiced (76.0%), Gait (75.3%), and
Mental Arithmetic (73.6%) show lower accuracies, reflecting the inherent diffi-

culty of these classification tasks.

Motor signal preference for Dispersion: Both Gait and EMG datasets favor
Dispersion Entropy over Bubble Entropy, suggesting that symbolic dynamics

approaches better capture motor control abnormalities.

PPG uniqueness: PPG is the only dataset where Permutation Entropy outper-

forms all others, indicating that ordinal patterns are particularly discriminative
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for activity classification.

* (Classifier preference: SVM is the best classifier in 8 datasets, followed by kNN

(2 datasets) and Random Forest (1 dataset).

5.3 C(lass Separation Analysis

(Classification accuracy reflects overall performance but does not directly measure
how well entropy features separate classes in feature space. This section examines
class separation power using Cohen’s d effect size, which quantifies the standardized

difference between class distributions.

5.3.1 Cohen’s d Effect Size

Cohen’s d measures the separation between two distributions in terms of pooled

standard deviations:

g = 1= pol (5.2)

Opooled

where 1o and p; are the class means, and opaleq is the pooled standard deviation.
Effect sizes are interpreted as: negligible (d < 0.2), small (0.2 < d < 0.5), medium
(0.5 < d < 0.8), and large (d > 0.8).

For each entropy family, effect sizes were computed across all feature variants and

datasets, then aggregated to characterize overall class separation capability.

5.3.2 Effect Size by Entropy Method

Table 5.3 presents the mean, standard deviation, and maximum Cohen’s d values for

each entropy measure across all datasets and parameter configurations.
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Table 5.3: Cohen’s d effect sizes by entropy method.

Entropy Mean |dl Std Dev Max |dl Interpretation
Bubble 1.172 0.609 2.220 Large
Approximate 1.075 0.746 3.090 Large
Sample 0.957 0.691 2.610 Large
Dispersion 0.955 0.641 2.230 Large
Permutation 0.867 0.623 2.620 Large
Renyi 0.856 0.735 2.740 Large
Distribution 0.815 0.556 2.280 Large
Shannon 0.744 0.703 2.630 Medium

Figure 5.5 visualizes the maximum Cohen’s d effect size for each entropy-dataset

combination, revealing where each method achieves strong class separation.
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Figure 5.5: Cohen’s d effect size heatmap across all entropy methods and datasets.

Darker green indicates stronger class separation. Values above 0.8 represent large,

clinically meaningful effect sizes.

5.3.3 Interpretation

The effect size analysis reveals several important findings:
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Mean effect sizes: Most entropy methods achieve mean effect sizes in the large
range (d > 0.8), with values ranging from 0.744 (Shannon Entropy, the only
method in the medium range) to 1.172 (Bubble Entropy). This indicates that

the per-dataset maximum features generally achieve strong class separation.

Bubble Entropy dominance: Bubble Entropy achieves the highest mean effect
size (1.172) across all datasets, confirming that its features consistently pro-
duce the strongest class separation. Its maximum effect size (2.220) is among

the highest, reflecting reliably large separation across diverse biomedical signal

types.

Approximate Entropy maximum: Approximate Entropy achieves the highest
single maximum effect size (3.090), driven by exceptionally large class sepa-
ration on the PPG dataset. However, its mean (1.075) is lower than Bubble

Entropy’s, indicating less consistent performance across datasets.

Shannon Entropy limitations: Shannon Entropy exhibits the lowest mean ef-
fect size (0.744), the only method remaining in the medium range. This explains
its consistently lower classification accuracy compared to complexity-based mea-

sures.

Dispersion Entropy consistency: Dispersion Entropy shows a strong mean
effect size (0.955) with moderate variability (std = 0.641), consistent with its
reliable performance on motor signal datasets (EMG, Gait) where it outperforms

all other methods.

5.3.4 Effect Size vs Classification Accuracy

The relationship between effect size and classification accuracy is not strictly linear.

While large effect sizes generally correlate with better classification, other factors in-

fluence performance:

1. Feature interactions: Classifiers can exploit combinations of features with mod-

erate individual effect sizes.

2. Non-linear separability: SVM with RBF kernel can achieve high accuracy even

when linear separation (reflected in Cohen’s d) is limited.
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3. Parameter optimization: The exhaustive feature selection identifies optimal pa-

rameter combinations that maximize discriminative power.

Bubble Entropy’s combination of the highest mean effect size, consistently large
maximum effect sizes, and parameter-free computation explains its consistent top

performance across diverse classification tasks.

5.4 Classifier Performance

While previous sections focused on entropy method comparison, classifier selection
also impacts classification accuracy. This section analyzes the performance of five
classifiers—k-Nearest Neighbors (kNN), Gaussian Naive Bayes (GNB), Random Forest
(RF), Support Vector Machine (SVM), and Gradient Boosting (GB)—across entropy

methods and datasets.

5.4.1 Overall Classifier Distribution

For each entropy-dataset combination, the exhaustive feature selection process iden-
tifies the best-performing classifier. Table 5.4 presents the distribution of winning

classifiers across 88 entropy-dataset combinations (8 entropy methods x 11 datasets).

Table 5.4: Distribution of best-performing classifiers across all entropy-dataset com-

binations.

Classifier Wins Percentage

kNN 51 58.0%
SVM 20 22.7%
RF 10 11.4%
GNB 7 8.0%
GB 0 0.0%

The k-Nearest Neighbors classifier dominates, achieving the best performance in
over half of all cases. SVM ranks second with approximately one-quarter of wins.

Notably, Gradient Boosting never emerges as the best classifier for any entropy-dataset
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combination, despite being a powerful ensemble method for many machine learning

tasks.

5.4.2 Mean Accuracy by Classifier

Table 5.5 presents the mean accuracy achieved by each classifier across all entropy

methods and datasets.

Table 5.5: Mean classification accuracy by classifier across all experiments.

Classifier Mean Accuracy Std Dev Rank

kNN 75.06% 9.57% 1
SVM 74.36% 10.21% 2
GNB 71.10% 10.13% 3
RF 68.53% 12.77% 4
GB 68.22% 12.04% 5

The ranking by mean accuracy aligns with the win distribution: kNN and SVM
lead, while ensemble methods (RF, GB) underperform. This suggests that entropy
features create relatively simple decision boundaries that benefit from instance-based

(kNN) or margin-maximizing (SVM) approaches rather than ensemble complexity.

5.4.3 C(lassifier Performance by Entropy Method

The interaction between entropy method and classifier choice reveals important pat-

terns. Table 5.6 presents mean accuracy for each entropy-classifier combination.

61



Table 5.6: Mean accuracy (%) for each entropy-classifier combination.

Entropy kNN GNB RF SVM GB
Shannon 72.0 69.3 64.4 68.7 65.0
Renyi 724 69.8 64.4 705 65.5
Approximate 76.6 729 66.6 75.8 65.5
Sample 741 T71.3 66.6 740 66.8

Permutation 75.9 68.8 69.8 74.8 69.3
Dispersion 76.5 71.2 70.3 76.1 70.3
Distribution  72.4 68.7 67.7 72.6 67.3
Bubble 80.5 76.8 78.4 824 76.1

Figure 5.6 visualizes these entropy-classifier interactions, with darker cells indi-
cating higher accuracy. The Bubble row stands out with consistently high values

across all classifiers.
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Entropy x Classifier Performance
Mean accuracy (%) across all datasets
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Figure 5.6: Entropy x Classifier performance heatmap showing mean accuracy (%)

across all datasets. Darker green indicates higher accuracy. The Bubble + SVM com-

bination achieves the highest accuracy (82.4%).

Key observations:

its robustness to classifier choice.

e SVM with Bubble Entropy yields the single best combination (82.4%), fol-

lowed closely by kNN with Bubble Entropy (80.5%).

e Random Forest performance varies dramatically: RF achieves only 64.4%

80%
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Bubble Entropy achieves highest accuracy with every classifier, confirming

with Renyi but 78.4% with Bubble—a 14.0 percentage point difference.

e Traditional entropies (Shannon, Renyi) show similar classifier patterns, with

kNN slightly outperforming other classifiers.
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5.4.4 Best Classifier by Entropy Method

Table 5.7 shows how many times each classifier wins for each entropy method across

all 11 datasets.

Table 5.7: Number of dataset wins per classifier, grouped by entropy method.

Entropy kNN GNB RF SVM GB
Shannon 7 1 2 1 0
Renyi 9 1 1 0 0
Approximate 8 1 0 2 0
Sample 7 1 0 3 0
Permutation 7 0 2 2 0
Dispersion 6 0 2 3 0
Distribution 6 2 1 2 0
Bubble 1 1 2 7 0
Total 51 7 10 20 0

A notable pattern emerges: SVM becomes the dominant classifier specifically for
Bubble Entropy, winning 7 of 11 datasets (63.6%), compared to only 1 win for kNN
(9.1%). This contrasts sharply with traditional entropies (Shannon, Renyi) where kNN
wins 64-82% of datasets. This suggests that Bubble Entropy features benefit from
SVM’s ability to find optimal separating hyperplanes in high-dimensional feature

spaces.

5.4.5 Top Entropy-Classifier Combinations

Table 5.8 presents the ten highest-performing entropy-classifier combinations by

mean accuracy.
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Table 5.8: Top 10 entropy-classifier combinations by mean accuracy.

Rank Combination Mean Accuracy
1 Bubble + SVM 82.36%
2 Bubble + kNN 80.46%
3 Bubble + RF 78.40%
4 Bubble + GNB 76.78%
5 Approximate + kNN 76.61%
6 Dispersion + kNN 76.46%
7 Dispersion + SVM 76.13%
8 Bubble + GB 76.06%
9 Permutation + kNN 75.92%
10  Approximate + SVM 75.76%

Bubble Entropy occupies the top four positions and five of the top eight, appearing
with all five classifiers. This reinforces that Bubble Entropy’s superior discriminative

power transcends classifier selection, though SVM maximizes its potential.

5.4.6 Interpretation

The classifier analysis reveals several practical insights:

1. Simple classifiers excel: kNN and SVM outperform complex ensemble meth-
ods (RF, GB), suggesting that entropy features create well-separated clusters

amenable to nearest-neighbor or hyperplane-based classification.

2. Entropy-classifier interaction: The optimal classifier varies by entropy method.
Traditional entropies favor kNN, while Bubble Entropy benefits most from SVM,
indicating that different entropy measures create different feature space geome-

tries.

3. Gradient Boosting ineffectiveness: GB never achieves best performance, possi-
bly because entropy features lack the complex, hierarchical structure that boost-

ing methods exploit effectively.
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4. Practical recommendation: For new biomedical classification tasks, the Bubble
+ SVM combination provides the highest expected accuracy, though Bubble +

kNN offers a computationally simpler alternative with minimal accuracy loss.

5.5 Detailed Dataset Results

This section presents detailed classification results for each of the eleven datasets,
providing insights into entropy method performance across diverse biomedical ap-

plications.

5.5.1 Summary of Best Results

Table 5.9 presents the best-performing entropy method, classifier, and accuracy for

each dataset.

Table 5.9: Best classification results per dataset.

Dataset Best Entropy Classifier Accuracy
PPG Permutation kNN 95.5%
ECG Arrhythmia  Bubble SVM 93.8%
CHF vs NSR Bubble SVM 92.2%
Apnea Bubble SVM 91.6%
Fantasia Bubble SVM 90.0%
SCD vs Healthy Bubble SVM 88.1%
EMG Dispersion SVM 80.5%
GAMEEMO Bubble RF 78.6%
Voiced Bubble SVM 76.0%
Gait Dispersion SVM 75.3%
Mental Arithmetic Bubble kNN 73.6%

Key observations:

e Bubble Entropy wins 8 of 11 datasets (72.7%), confirming its overall domi-

nance

e Dispersion Entropy excels in Gait and EMG datasets
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e Permutation Entropy achieves the highest overall accuracy (95.5%) on PPG

e SVM is the best classifier for 8 of 11 datasets

5.5.2 CHF vs NSR

(Classification between Congestive Heart Failure and Normal Sinus Rhythm patients.

Table 5.10: CHF vs NSR: Top 3 entropy-classifier combinations.

Rank Combination Accuracy

1 Bubble + SVM 92.2%
Approximate + kNN 83.6%
3 Permutation + kNN 79.3%

Bubble Entropy achieves 92.2% accuracy, outperforming the second-best method
by 8.6 percentage points. Figure 5.7 shows the complete entropy-classifier perfor-

mance matrix.
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CHF vs NSR: Classifier Performance
Best: Bubble + SVM =92.2%
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Figure 5.7: CHF vs NSR: Entropy x Classifier performance heatmap. Bubble Entropy
with SVM achieves the highest accuracy (92.2%), highlighted with a black border.
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Figure 5.8 presents the Cohen’s d effect sizes, explaining why Bubble Entropy

outperforms other methods through superior class separation.
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CHF vs NSR: Class Separation Power
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Figure 5.8: CHF vs NSR: Class separation power (Cohen’s d). Bubble Entropy

achieves the largest effect size, explaining its superior classification performance.



CHF vs NSR: Confusion Matrix

Bubble + SVM (92.2%)
Predicted
Negative Positive
1
Metrics
i 7 0 2 Accuracy: 92.2%
Negative
(60.3%) (1.7%) Sensitivity: 84.1%
TN FP o
E ) Specificity: 97.2%
é Total: 116
Positive

Figure 5.9: CHF vs NSR: Confusion matrix for Bubble + SVM. The model correctly
identifies 70 NSR and 37 CHF patients, with only 9 misclassifications.

5.5.3 Fantasia
Distinguishing young (21-34 years) from elderly (68-85 years) subjects.

Table 5.11: Fantasia: Top 3 entropy-classifier combinations.

Rank Combination Accuracy

1 Bubble + SVM 90.0%
Dispersion + kNN 80.0%
3 Permutation + kNN 77.5%

Bubble Entropy achieves 90% accuracy with a 10 percentage point advantage over
Dispersion Entropy. Figure 5.10 shows the complete entropy-classifier performance

matrix, and Figure 5.11 presents the class separation power.
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Fantasia: Classifier Performance
Best: Bubble + SVM = 90.0%
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Figure 5.10: Fantasia: Entropy x Classifier performance heatmap for age classifica-

tion. Bubble Entropy with SVM achieves the highest accuracy (90.0%).
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Fantasia: Class Separation Power

Medium Large
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Figure 5.11: Fantasia: Class separation power (Cohen’s d) for age discrimination.

Higher values indicate better separation between young and elderly subjects.
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Fantasia: Confusion Matrix

Bubble + SVM (90.0%)
Predicted
Negative Positive
Metrics
. 1 7 Accuracy: 90.0%
Negative
(42.5%) Sensitivity: 95.0%
TN
'g Specificity: 85.0%
-
2 Total: 40
Positive
(2.5%) (47.5%)
FN TP

Figure 5.12: Fantasia: Confusion matrix for Bubble + SVM age classification. The

model achieves balanced performance across young and elderly subjects.

5.5.4 ECG Arrhythmia

Detecting arrhythmia from MIT-BIH database ECG recordings.

Table 5.12: ECG Arrhythmia: Top 3 entropy-classifier combinations.

Rank Combination Accuracy

1 Bubble + SVM 93.8%
Permutation + RF  85.4%
3  Dispersion + kNN  83.3%

This dataset yields the second-highest accuracy across all datasets (93.8%), with

Bubble + SVM outperforming the next best method by 8.4 percentage points. Fig-
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ure 5.13 shows the complete performance matrix, and Figure 5.14 presents the class

separation analysis.

ECG Arrhythmia: Classifier Performance
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Figure 5.13: ECG Arrhythmia: Entropy x Classifier performance heatmap. Bubble
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Entropy with SVM achieves the highest accuracy (93.8%).
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ECG Arrhythmia: Class Separation Power
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Figure 5.14: ECG Arrhythmia: Class separation power (Cohen’s d) for arrhythmia

detection.
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ECG Arrhythmia: Confusion Matrix

Bubble + SVM (93.8%)
Predicted
Negative Positive
Metrics
. 1 4 1 3 Accuracy: 93.8%
Negative
(73.4%) (1.6%) Sensitivity: 81.3%
TN FP
E Specificity: 97.9%
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(20.3%)
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J

Figure 5.15: ECG Arrhythmia: Confusion matrix for Bubble + SVM. High specificity

(97.9%) with moderate sensitivity (81.3%) reflects the class imbalance in the dataset.

5.5.5 SCD vs Healthy

Identifying Sudden Cardiac Death risk from HRV signals.

Table 5.13: SCD vs Healthy: Top 3 entropy-classifier combinations.

Rank Combination Accuracy

1 Bubble + SVM 88.1%
Distribution + kNN 83.1%
3 Approximate + kNN  79.7%

Figure 5.16 shows the entropy-classifier performance matrix, and Figure 5.17

presents the class separation analysis.
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SCD vs Healthy: Classifier Performance
Best: Bubble + SVM = 88.1%
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Figure 5.16: SCD vs Healthy: Entropy x Classifier performance heatmap. Bubble
Entropy with SVM achieves the highest accuracy (88.1%).
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SCD vs Healthy: Class Separation Power
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Figure 5.17: SCD vs Healthy: Class separation power (Cohen’s d) for sudden cardiac

death risk identification.



SCD vs Healthy: Confusion Matrix

Bubble + SVM (88.1%)
Predicted
Negative Positive
Metrics
i 3 4 2 Accuracy: 88.1%
Negative
(57.6%) (3.4%) Sensitivity: 78.3%
TN FP
'g Specificity: 94.4%
-
E) Total: 59
Positive

(30.5%)
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Figure 5.18: SCD vs Healthy: Confusion matrix for Bubble + SVM sudden cardiac
death risk prediction.

5.5.6 Gait

Distinguishing Parkinson’s disease patients from healthy controls.

Table 5.14: Gait: Top 3 entropy-classifier combinations.

Rank Combination Accuracy

Dispersion + SVM  75.3%
Sample + kNN 73.4%
3 Renyi + kNN 72.5%

Dispersion Entropy outperforms Bubble Entropy (69.9%) for gait analysis. Fig-
ure 5.19 shows the complete performance matrix, and Figure 5.20 reveals that Dis-

persion Entropy achieves superior class separation.
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Gait: Classifier Performance
Best: Dispersion + SVM = 75.3%
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Figure 5.19: Gait: Entropy x Classifier performance heatmap for Parkinson’s detec-

tion. Dispersion Entropy with SVM achieves the highest accuracy (75.3%).
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Gait: Class Separation Power
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Figure 5.20: Gait: Class separation power (Cohen’s d) for Parkinson’s detection. Dis-
persion Entropy achieves the highest effect size, explaining its superior performance

over Bubble Entropy.



Gait: Confusion Matrix
Dispersion + SVM (75.3%)
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Figure 5.21: Gait: Confusion matrix for Dispersion + SVM Parkinson’s detection.

Unlike other datasets, Dispersion Entropy outperforms Bubble Entropy here.

5.5.7 EMG

Classifying neuromuscular disorders from EMG signals (biceps and deltoid muscles).

Table 5.15: EMG: Top 3 entropy-classifier combinations.

Rank Combination Accuracy

1 Dispersion + SVM (Deltoid) 80.5%
Approximate + SVM (Deltoid)  79.0%
3 Sample + SVM (Deltoid) 76.0%

Dispersion Entropy leads, with the deltoid muscle providing more discriminative
features than biceps. Figure 5.22 shows the performance matrix, and Figure 5.23

presents the class separation analysis.
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EMG: Classifier Performance
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Figure 5.22: EMG: Entropy x Classifier performance heatmap for neuromuscular

disorder classification. Dispersion Entropy with SVM achieves the highest accuracy
(80.5%).
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EMG: Class Separation Power
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Figure 5.23: EMG: Class separation power (Cohen’s d) for neuromuscular disorder

classification. Dispersion Entropy achieves the highest effect size.
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EMG: Confusion Matrix
Dispersion + SVM (80.5%)
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Figure 5.24: EMG: Confusion matrix for Dispersion + SVM neuromuscular disorder

classification using deltoid muscle signals.

5.5.8 Apnea
Detecting sleep apnea events from HRV and SpO2 signals.

Table 5.16: Apnea: Top 3 entropy-classifier combinations.

Rank Combination Accuracy
1 Bubble + SVM (Sp02 diff) 91.6%
Permutation + kNN (Sp02 diff)  90.4%
3 Bubble + SVM (SpO2 raw) 90.4%

The SpO2 difference signal provides the most discriminative features, with both
Bubble and Permutation exceeding 90%. Figure 5.25 shows the performance matrix,

and Figure 5.26 presents the class separation analysis.
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Apnea: Classifier Performance
Best: Bubble + SVM 91 6%
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Figure 5.25: Apnea: Entropy x Classifier performance heatmap. Bubble Entropy with
SVM achieves the highest accuracy (91.6%) using SpO2 difference signal.
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Apnea: Class Separation Power
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Figure 5.26: Apnea: Class separation power (Cohen’s d) for sleep apnea detection.
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Apnea: Confusion Matrix
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Figure 5.27: Apnea: Confusion matrix for Bubble + SVM sleep apnea detection using

SpO2 difference signal.

5.5.9 GAMEEMO

(Classifying emotional states from EEG signals (AF3, AF4, F4 channels).

Table 5.17: GAMEEMO: Top 3 entropy-classifier combinations.

Rank Combination

Accuracy

Bubble + RF (F4)
Bubble + RF (AF3)
3 Bubble + RF (AF4)

78.6%
75.0%
70.5%

Random Forest emerges as the optimal classifier—the only dataset where RF

outperforms both kNN and SVM. Figure 5.28 shows the performance matrix, and

Figure 5.29 presents the class separation analysis.
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GAMEEMO: Classifier Performance
Best: Bubble + RF = 78.6 %
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Figure 5.28: GAMEEMO: Entropy x Classifier performance heatmap for emotion
classification. Bubble Entropy with RF achieves the highest accuracy (78.6%).



GAMEEMO: Class Separation Power
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Figure 5.29: GAMEEMO: Class separation power (Cohen’s d) for emotional state

classification.
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GAMEEMO: Confusion Matrix

Bubble + RF (78.6%)
Predicted
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Figure 5.30: GAMEEMO: Confusion matrix for Bubble + RF emotion classification.

Random Forest is the optimal classifier for this EEG-based task.

5.5.10 Mental Arithmetic

Classifying cognitive load during mental arithmetic tasks from EEG (Fz, Cz, Pz chan-

nels).

Table 5.18: Mental Arithmetic: Top 3 entropy-classifier combinations.

Rank Combination Accuracy
1 Bubble + kNN (Fz) 73.6%
Permutation + kNN (Fz)  69.4%
3 Bubble + kNN (Cz) 68.1%

The frontal electrode (Fz) provides the most informative features for cognitive load

classification. Figure 5.31 shows the performance matrix, and Figure 5.32 presents
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the class separation analysis.

Mental Arith.: Classifier Performance
Best Bubble + kNN 73 6%
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Figure 5.31: Mental Arithmetic: Entropy x Classifier performance heatmap for cog-
nitive load classification. Bubble Entropy with kNN achieves the highest accuracy
(73.6%).
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Figure 5.32: Mental Arithmetic: Class separation power (Cohen’s d) for cognitive load

detection.



Mental Arith.: Confusion Matrix

Bubble + kNN (73.6 %)
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Negative
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Figure 5.33: Mental Arithmetic: Confusion matrix for Bubble + kNN cognitive load

classification using Fz electrode.

5.5.11 PPG
(Classification using PPG waveforms across six measurement channels.

Table 5.19: PPG: Top 3 entropy-classifier combinations.

Rank Combination Accuracy

Permutation + kNN 95.5%
Permutation + SVM 93.9%
3 Distribution + RF 93.9%

The highest accuracy across all datasets (95.5%). PPG is the only dataset where
Permutation Entropy outperforms Bubble Entropy. Figure 5.34 shows the perfor-

mance matrix, and Figure 5.35 presents the class separation analysis.
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PPG: Classifier Performance
Best: Permutation + kNN = 95.5%
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Figure 5.34: PPG: Entropy x Classifier performance heatmap. Unlike other datasets,
Permutation Entropy achieves the best results (95.5% with kNN).
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PPG: Class Separation Power
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Figure 5.35: PPG: Class separation power (Cohen’s d). Approximate Entropy achieves
the highest effect size (d=3.09), yet Permutation Entropy achieves the best classifi-
cation accuracy (95.5%), illustrating that the relationship between effect size and

classification accuracy is not strictly linear.

96



PPG: Confusion Matrix
Permutation + kNN (95.5%)
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Figure 5.36: PPG: Confusion matrix for Permutation + kNN. This is the only dataset
where Permutation Entropy outperforms Bubble Entropy, achieving the highest ac-

curacy (95.5%) across all datasets.

5.5.12 Voiced
Distinguishing pathological from healthy voice samples.

Table 5.20: Voiced: Top 3 entropy-classifier combinations.

Rank Combination  Accuracy

1 Bubble + SVM 76.0%
Bubble + kNN 74.0%
3 Bubble + RF 73.6%

Bubble Entropy dominates the top three positions with different classifiers, achiev-

ing up to 76.0% accuracy. Figure 5.37 shows the performance matrix, and Figure 5.38
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presents the class separation analysis.

Voiced: Classifier Performance
Best: Bubble + SVM = 76.0%
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Figure 5.37: Voiced: Entropy x Classifier performance heatmap for voice disorder

detection. Bubble Entropy with SVM achieves the highest accuracy (76.0%).
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Figure 5.38: Voiced: Class separation power (Cohen’s d) for pathological voice de-

tection.
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VYoiced: Confusion Matrix
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Figure 5.39: Voiced: Confusion matrix for Bubble + SVM pathological voice detection.
5.5.13 Selected Features Analysis

Table 5.21 presents the specific features selected by the exhaustive search for each

dataset’s best-performing entropy-classifier combination.
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Table 5.21: Selected features for best performing entropy-classifier combination per

dataset. Features are named as entropy_parameter (e.g., bubben_m12 = Bubble Entropy

with m = 12).

Dataset Entropy k Acc Selected Features

PPG Permutation 1 95.5% permen_m2

ECG Arrhythmia Bubble 5 93.8% bubben_m2, bubben_m6, bubben_m10,
bubben_m19, bubben_m24

CHF vs NSR Bubble 5 92.2% bubben_m2, bubben_m4, bubben_mi2,
bubben_m22, bubben_m24

Apnea Bubble 5 91.6% bubben_m2, bubben_m9, bubben_m10,
bubben_m15, bubben_m19

Fantasia Bubble 3 90.0% bubben_m10, bubben_m14, bubben_m25

SCD vs Healthy Bubble 88.1% bubben_m2, bubben_m7, bubben_m9,
bubben_m15

EMG Dispersion 3 80.5% dispen_m2_c3, dispen_m4_c3,
dispen_m4_c5

GAMEEMO Bubble 5 78.6% bubben_m2, bubben_m3, bubben_miil,
bubben_m14, bubben_m15

Voiced Bubble 5 76.0% bubben_m3, bubben_m6, bubben_mi5,
bubben_m16, bubben_m18

Gait Dispersion 5 75.3% dispen_m2_c8, dispen_m3_c3,
dispen_m3_c8, dispen_m3_c9,
dispen_m4_c6

Mental Arith. Bubble 5 73.6% bubben_m3, bubben_m7, bubben_mi13,

bubben_m25, bubben_m27

Key observations from the selected features:

¢ Bubble Entropy dominates: 8 of 11 datasets use Bubble features, with m = 2

appearing most frequently (5 datasets)

e PPG is uniquely simple: Only requires 1 feature (permen_m2) for 95.5% accuracy

* Dispersion for movement signals: Both Gait and EMG prefer Dispersion En-

tropy with low m (2-4) and varied ¢ (3-8)
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e Feature count varies: Simpler signals (PPG) need k = 1, while complex signals

(cardiac, neural) require k =5

5.5.14 Key Findings

1. Bubble Entropy dominance: Wins 8 of 11 datasets with substantial margins in

most cases.

2. Dataset-specific exceptions: Dispersion Entropy excels for Gait and EMG; Per-

mutation Entropy achieves the highest overall accuracy on PPG.

3. Channel selection matters: For multi-channel datasets, specific channels con-
sistently outperform others (deltoid for EMG, F4 for GAMEEMO, Fz for Mental
Arithmetic, SpO2 diff for Apnea).

4. Accuracy range: Best accuracies range from 73.6% (Mental Arithmetic) to

95.5% (PPG).

5.6 Chapter Summary

This chapter presented a comprehensive evaluation of eight entropy methods across
eleven biomedical datasets using five machine learning classifiers. The experimental
results, supported by effect size analysis, yield several important conclusions that are

summarized below.

5.6.1 Entropy Method Performance

Bubble Entropy emerged as the dominant entropy method, achieving the highest
mean accuracy (83.6% =+ 9.0%) across the eleven datasets. It won 8 out of 11 datasets
and outperformed every other method in head-to-head pairwise comparisons. With
the lowest coefficient of variation among all methods (CV = 0.107), it demonstrated
not only superior accuracy but also the most consistent performance across diverse
biomedical signal types.

Dispersion Entropy ranked second overall with a mean accuracy of 77.7% + 8.6%,
followed by Approximate Entropy in third place (77.4% + 8.5%). Dispersion En-

tropy proved to be the superior method for motor signal classification, outperforming
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Bubble Entropy in both Gait (75.3% vs 69.9%) and EMG (80.5%) datasets. Per-
mutation Entropy placed fourth (76.6% + 11.5%) but achieved the highest single-
dataset accuracy across the entire study—95.5% on PPG signals—demonstrating that
ordinal pattern analysis is particularly effective for activity classification from pho-
toplethysmographic recordings. Traditional information-theoretic measures, Shannon
and Renyi Entropy, consistently occupied the lower performance tier.

The performance hierarchy can be summarized into three tiers. The top tier con-
sists of Bubble Entropy alone, with a mean accuracy approximately 6 percentage
points above the second-best method. The middle tier includes Dispersion, Approxi-
mate, Permutation, and Sample Entropy. The lower tier contains Distribution, Renyi,
and Shannon Entropy. The gap between the top and lower tiers highlights the ad-
vantage of complexity-based entropy measures that capture temporal dynamics over

those that rely on simple amplitude distributions.

5.6.2 Dataset-Specific Findings

Performance varied substantially across datasets, with best accuracies ranging from
73.6% (Mental Arithmetic) to 95.5% (PPG). Cardiovascular signals proved most
amenable to entropy-based classification, with ECG Arrhythmia (93.8%), CHF vs
NSR (92.2%), Apnea (91.6%), and Fantasia (90.0%) all exceeding 90% accuracy.
These results suggest that cardiac dynamics exhibit robust entropy signatures that
reliably distinguish pathological from healthy states.

Three notable exceptions to Bubble Entropy’s dominance were identified. Disper-
sion Entropy outperformed all other methods for both Gait (Parkinson’s detection,
75.3%) and EMG (neuromuscular disorder classification, 80.5%), indicating that its
symbolic dynamics approach, which maps signal amplitudes to discrete classes, better
captures the motor control abnormalities characteristic of neuromuscular conditions.
Permutation Entropy achieved 95.5% on PPG activity classification, the highest accu-
racy in the entire study, using only a single feature (permen_m2), which demonstrates
that ordinal patterns at the lowest embedding dimension are sufficient to distinguish
sitting from active states in photoplethysmographic signals.

Channel and signal variant selection proved critical for multi-channel datasets.
For EMG, the deltoid muscle provided substantially more discriminative features

than the biceps. For GAMEEMO emotion classification, the F4 electrode was optimal
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among the tested channels. For Mental Arithmetic cognitive load classification, the
frontal Fz electrode yielded the best results. For Apnea detection, the SpO2 difference
signal outperformed the raw SpO2 signal. These findings highlight that entropy-based
classification is sensitive to channel selection, and the choice of measurement site can

be as important as the choice of entropy method.

5.6.3 C(lassifier Performance

Among the five classifiers evaluated, Support Vector Machine (SVM) proved to be the
most effective, achieving the best performance in 8 out of 11 datasets when paired with
the best entropy method. k-Nearest Neighbors (kNN) was optimal for 2 datasets (PPG
and Mental Arithmetic), while Random Forest (RF) excelled only for the GAMEEMO
emotion classification task. Gaussian Naive Bayes and Gradient Boosting did not
achieve the best result on any dataset.

A particularly noteworthy finding is the entropy-dependent classifier preference.
When considering all entropy-dataset combinations (8 entropy methods x 11 datasets
= 88 combinations), kNN achieved the highest win rate (58.0%), followed by SVM
(22.7%). However, for Bubble Entropy specifically, SVM became the preferred clas-
sifier, yielding the best overall combination—Bubble Entropy with SVM—which
achieved the highest mean accuracy (82.4%). Bubble Entropy occupied the top four
positions and five of the top eight in the entropy-classifier combination ranking, ap-
pearing with all five classifiers, which confirms that its superior discriminative power
is robust to classifier choice.

The consistent underperformance of ensemble methods (Random Forest, Gradi-
ent Boosting) suggests that entropy features create relatively simple, well-separated
decision boundaries in feature space. These boundaries are effectively exploited by
instance-based (kNN) and margin-maximizing (SVM) approaches. The added com-
plexity of ensemble methods provides no benefit here and may even lead to overfitting

given the small-to-moderate sample sizes typical of biomedical datasets.

5.6.4 C(lass Separation and Effect Size Analysis

Cohen’s d effect size analysis provided insight into why certain entropy methods
outperform others. Most methods exhibited mean effect sizes in the large range (d >

0.8), with Bubble Entropy achieving the highest mean effect size (1.172) across all
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datasets. The maximum effect sizes were substantial for all methods: Approximate
Entropy achieved the highest single maximum (3.090), followed by Renyi Entropy
(2.740) and Shannon Entropy (2.630). Shannon Entropy had the lowest mean effect
size (0.744), the only method remaining in the medium range, consistent with its
lower classification accuracy.

This pattern reveals that Bubble Entropy’s classification advantage stems from
consistently strong class separation across datasets, as reflected in its highest mean
effect size. The combination of reliably large effect sizes across diverse signal types
enables classifiers—particularly SVM—to find highly discriminative decision bound-
aries. This also explains the effectiveness of the exhaustive feature selection approach:
by testing all feature combinations, the methodology identifies these high-separation
features that might be missed by filter-based selection methods.

The relationship between effect size and classification accuracy is not strictly linear,
as classifiers can exploit combinations of features with moderate individual effect sizes,
and non-linear classifiers like SVM with RBF kernel can achieve high accuracy even
when linear separation is limited. Nevertheless, the effect size analysis provides a
valuable physiological interpretation of entropy discriminability, complementing the
accuracy-based evaluation with a measure of how well each method captures the

underlying differences between pathological and healthy signal dynamics.

5.6.5 Feature Selection Observations

The exhaustive feature selection revealed informative patterns about optimal feature
subsets. The number of selected features varied from k& = 1 (PPG with Permutation
Entropy) to k = 5 (most Bubble Entropy datasets), suggesting that simpler classifica-
tion tasks require fewer features while complex tasks benefit from richer feature rep-
resentations. For Bubble Entropy, the feature m = 2 appeared most frequently across
datasets (5 of 8 winning datasets), indicating that the lowest non-trivial embedding di-
mension captures fundamental complexity differences. However, higher-dimensional
features (m = 10 to m = 27) were also consistently selected, suggesting that Bubble
Entropy captures complementary information at different temporal scales.

For Dispersion Entropy in motor signal datasets, the selected features used low
embedding dimensions (m = 2 to m = 4) with varied class counts (¢ = 3 to ¢ = 9),

indicating that the interplay between temporal ordering and amplitude discretization
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is more informative than either factor alone. The diversity of selected parameters
across datasets reinforces the value of the exhaustive search approach over fixed-

parameter evaluation.
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CHAPTER O

CONCLUSIONS

6.1 Summary of Findings
6.2 Key Contributions
6.3 Limitations

6.4 Future Work

6.5 Closing Remarks

This chapter summarizes the key findings of this thesis, highlights the main contri-

butions, discusses limitations, and proposes directions for future research.

6.1 Summary of Findings

This thesis presents a systematic comparison of eight entropy methods across eleven
diverse biomedical datasets, evaluated using five machine learning classifiers within
a unified experimental framework. The central finding is that Bubble Entropy, a
relatively recent, parameter-free method, consistently outperforms all other entropy
measures, achieving 8 wins across 11 datasets with a mean accuracy of 83.6% =+
9.0%.

However, no single method proved to be universally dominant. Dispersion En-

tropy proved superior for motor signal classification—specifically, Gait and EMG
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datasets—while Permutation Entropy achieved the highest single-dataset accuracy
in the entire study (95.5% on PPG) using only a single feature. These exceptions
reveal that the optimal entropy method depends on the underlying physiological
dynamics of the signal being analyzed.

On the classifier side, simpler models outperformed complex ensembles. kNN and
SVM consistently achieved the best results, while Gradient Boosting never won a
single entropy-dataset combination. The optimal classifier depended on the entropy
method: traditional measures favored kNN, whereas Bubble Entropy paired best with
SVM. The effect size analysis using Cohen’s d provided a complementary perspective,
showing that Bubble Entropy achieves the highest mean class separation among all

methods, which explains its consistently superior classification performance.

6.2 Key Contributions

This thesis contributes to the field of biomedical signal analysis in the following ways:

¢ Comprehensive benchmark: Systematic comparison of eight entropy methods

across eleven datasets spanning seven distinct signal types.

e Empirical validation of Bubble Entropy: Demonstration that Bubble Entropy
outperforms established measures for the majority of classification tasks, while
identifying specific exceptions where Permutation Entropy (PPG) and Disper-
sion Entropy (Gait, EMG) are preferable.

* (lassifier recommendations: Evidence that simple classifiers such as kNN and
SVM are sufficient for entropy-based feature spaces, reducing computational

requirements without sacrificing accuracy.

» Effect size analysis: Application of Cohen’s d to quantify class separation power
across entropy methods, providing a physiological interpretation of discrim-

inability that complements standard accuracy-based evaluation.
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6.3 Limitations

Several limitations should be considered when interpreting these results. Some datasets
contained a limited number of subjects (e.g., Fantasia with 40), which may affect the
generalizability of the reported rankings despite the use of cross-validation. All en-
tropy methods were evaluated using default or commonly recommended parameters;
systematic parameter optimization could yield different performance hierarchies. The
evaluation was restricted to binary classification tasks, and multi-class scenarios may
exhibit different entropy method preferences. Furthermore, this study evaluated each
entropy method independently rather than exploring combinations of multiple en-
tropy families, which could potentially improve classification performance. Finally,
the comparison focused on traditional machine learning classifiers, and the integra-

tion of entropy features with deep learning architectures remains an open question.

6.4 Future Work

Based on the findings and limitations of this thesis, several directions for future

research are proposed:

1. Multi-scale entropy analysis: Investigate whether combining entropy values

across multiple scales improves classification performance.

2. Parameter optimization: Develop automated methods for entropy parameter

selection tailored to specific signal characteristics.

3. Feature fusion: Explore combinations of multiple entropy methods to leverage

complementary information.

4. Deep learning integration: Evaluate entropy features as inputs to deep neural

networks, potentially capturing non-linear relationships.

5. Real-time implementation: Develop computationally efficient implementations

for wearable and point-of-care devices.

6. Clinical validation: Conduct prospective clinical studies to validate the diagnos-

tic utility of entropy-based biomarkers.
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7. Extended signal types: Apply the evaluation framework to additional biomed-

ical signals.

6.5 Closing Remarks

This thesis demonstrated that entropy-based features provide effective biomarkers for
biomedical signal classification, with Bubble Entropy emerging as the recommended
default choice. However, the finding that no single method universally dominates
underscores the importance of signal-specific evaluation. The comprehensive bench-
mark, effect size analysis, and visualization tools developed in this work provide a
foundation for researchers and practitioners to make informed decisions when ap-

plying entropy methods to biomedical signal analysis.
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