Document downloaded from:

http://hdl.handle.net/10251/152717
This paper must be cited as:

Clifford, GD.; Liu, C.; Moody, B.; Millet Roig, J.; Schmidt, S.; Li, Q.; Silva, I.... (2017). Recent
advances in heart sound analysis. Physiological Measurement. 38(8):10-25.
https://doi.org/10.1088/1361-6579/aa7ec8

The final publication is available at

https://doi.org/10.1088/1361-6579/aa7ec8

Copyright |op Publishing

Additional Information

"This is an author-created, un-copyedited version of an article published in Physiological
Measurement. IOP Publishing Ltd is not responsible for any errors or omissions in this
version of the manuscript or any version derived from it. The Version of Record is available
online at https://doi.org/10.1088/1361-6579/aa7ec8".



Page 1 of 20 AUTHOR SUBMITTED MANUSCRIPT - PMEA-102085

1

2

3

4

5

6

7

8

10 Editorial: Recent advances in heart sound analysis

11

12

13 Gari D. Clifford!? Chengyu Liu!, Benjamin Moody?,Jose

14 Millet*, Samuel Schmidt®, Qiao Li!, Ikaro Silva?; and Roger G.
ig Mark? NG

17 ! Department of Biomedical Informatics, Emory University,

18 Atlanta, GA, USA

19 2 Department of Biomedical Engineering, Georgia Institute of

20 Technology, Atlanta, GA, USA

g; 3 Institute for Medical Engineering and Secience, Massachusetts

23 Institute of Technology, Cambridge; M A, USA

24 4 ITACA Institute, Universitat Politecnica de Valencia, Valencia,

25 Spain 4

26 > Department of Health Science and Technology, Aalborg

gg University, Aalborg, Denmark

29 E-mail: gari@gatech.edu

30

31

32 Abstract.

33 Heart sounds have been widely.studied and have been demonstrated to have value
34 for detecting pathologies in clinical applications. Over the last few decades, the
35 use of heart soundssignals has become increasingly uncommon and its practice in
36 modern medicine somewhat diminished, although research into automated analysis has
37 continued. Unfortunately, a/comparative analyses of algorithms in the literature have
gg been hindered by the lack of high-quality, rigorously validated, and standardized open
40 databases of heart sound recordings. The 2016 PhysioNet/Computing in Cardiology
41 (CinC)pChallenge, addressed this issue by assembling the largest public heart sound
42 database, aggregated from eight sources obtained by seven independent research groups
43 around the worlds The database comprises a total of 4,430 recordings collected from
44 1,072 healthy subjects and patients with a variety of conditions, including heart valve
45 disease and coronary artery disease.

46 This editorial reviews the background issues for this Challenge, the design of
a7 the' Challenge,itself, the key achievements, and the follow-up research generated as
jg a result of the Challenge, published in the concurrent special issue of Physiological
50 Measurement. Additionally we make some recommendations for future changes in this
51 the field of heart sound signal processing as a result of the Challenge.

52 In the Challenge, participants were asked to classify recordings as normal,
53 abnormal, or unsure. The overall score for an entry was based on a weighted sensitivity
54 and specificity score with respect to manual expert annotations. To aid researchers,
55 we provided a simple baseline classification method and a complex open source code
56 base for segmenting the heart sounds, based on a hidden semi-Markov model.

57 During the official phase of the Challenge, a total of 48 teams submitted 348 open
o8 source entries, with a highest score of 0.860 (Se=0.942, Sp=0.778). Subsequently,
28 for this special issue, researchers reported the new highest score of 0.855 (Se=0.890,

Sp=0.816) in the follow-up phase of the Challenge, indicating that the Challenge
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1. Introduction

Auscultation of heart sound recordings or the phonocardiogram (PCG)das been shown
to be valuable for the detection of disease and pathologies ( (1975); Raghu ctgh
( )). The automated classification of pathology in heart sounds has been studied
for over 50 years. Typical methods can be grouped into: artificial-neural network-

based approaches ( ( )), support vector machines ( £ al. (2040)); hidden
Markov model-based approaches ( ( )) and clustering=based approaches
( ( )). However, accurate automatedfclassification still

remains a significant challenge due to the lack of high-quality, rigorously validated,
and standardized open databases of heart sound recordings.

The 2016 PhysioNet/Computing in Cardiology (Cin€)yChallenge sought to create a
large database to facilitate this, by assembling recordings from multiple research groups
across the world, acquired in different real-world clinical and monclinical environments
(such as in-home visits), to encourage the development of algorithms to accurately
identify, from a single short recording (10-60s), ag norntal, abnormal or poor signal
quality, and thus to further identify whether the subject of the recording should be
referred on for an expert diagnosis ( al (2016)).-“Until this Challenge, no significant
open-access heart sound database was available for.researchers to train and evaluate the
automated diagnostics algorithms/upen. (C ik ( )).  Moreover, no open
source heart sound segmentation andiclassifieation algorithms were available. The
Challenge changed this situatien significantly.

This editorial reviews the follow-up research generated as a result of the Challenge,
published in the concurrent special issue.of Physiological Measurement. Additionally we
make some recommendations f% promising research avenues in the field of heart sound
signal processing and classification as a result of the Challenge.

2. Challenge data

Data for the Challenge ¢onsisted of heart sound recordings from eight independent
databases (labelledralphabetically, a to i, excluding h, which was a fetal PCG database)
sourced from seven contributing research groups. We refer the reader to ( )
for a detailed\description of the data collection, as well as the division of training and
test data sets. We should note that both training and test sets are unbalanced, i.e.,
the number of mormal recordings does not equal that of abnormal ones. Challengers
therefore had«to consider this when they trained and test their algorithms. Figure 1
details the exact distribution of data across all the constituent databases.
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Figure 1: Unbalanced data distribution for both training and test sets. Please note that
the training and test databases with the same letter are related and are from the same
data contributor, such as training-b and test-b.

3. Example algorithms and scoring

3.1. Benchmark classifier algm%hm

We provided a benchmark classifier that relied on relatively obvious parameters
extracted from the heart,sound segmentation code. For the detailed description of this
benchmark classifier, challengers can refer to ( ); ( ). Here
we briefly describe how the benchmark classifier is constructed and how it works. First,
a balanced database frem training set was selected. Then, Springers segmentation code
( Bl 2548 k@) TNk ( )) was used to segment heart sound recording.
Twenty features were extracted according to the position and waveform amplitude
information of the segmented signals. A forward likelihood ratio selection was used to
train the binary logistic regression (BLR) model. Finally, seven features were identified
as fthe predictable features, and a derived BLR prediction formula was constructed for
normal/abnormal heart sound recordings classification. In a 10 fold cross validation,
the constructed BLR model provided a sensitivity of 0.66, a specificity of 0.77 and a
Challenge score of 0.71 on the training data. It should be noted that this was not
intended to be a good classifier, or properly trained, but merely an example set of
code to enable a researcher to understand the mechanics of the submission process, and
to provide a simple baseline for Challenge entrants to beat in the early stages of the
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Challenge.

3.2. Voting algorithm

We also implemented a voting approach to combine together varying numbershof the
submitted algorithms ( ( )). A simple unweighted voting,of using the
N best performing final entries from the Challenge, ranked by their score on thetraining
data (to prevent over-fitting on the test scores), was implemented. &N was varied from
1 to 48 with tied, absent or no vote was treated as ‘normal’ type. ~

3.3. Scoring

A modified accuracy ((MAcc)) with the combination of semsitivity (Se) and specificity

(Sp) for scoring as:
_ Se+ Sp

2
The score on the complete test set determines the rankingf the entries. For details on

MAcc

the scoring mechanism please see al (2016 )@Clifl ( ).

4. Results of the Challenge

A total of 348 open-source entries werésubmitted in the Challenge by 48 teams. Table
1 provides a detailed summary.for the top official scoring entries published in the CinC
conference proceedings, ranked by the M Acc index. Please note that we did not include
the unofficial entries here. We reported. the best Challenge scores (Se, Sp and M Acc)
for each team from the Comple{e hidden test data. We also summarized the methods
the challengers used, mainly focusing on the following:

A total of 348 open-source entries were submitted in the Challenge by 48 teams.
Table 1 provides a detailed summary for the top official scoring entries published in
the CinC confereneéiproceedings, ranked by the M Acc index. We reported the best
Challenge scores, (Se, Sp-and M Acc) for each team from the complete hidden test data.
We also summasized.the methods the challengers used, mainly focusing on the following;:

The type offsegmentation procedure, if any, employed.

Typés of features used.

Number of features used.

How features selection was performed, if at all.

What and how many features remained after feature selection, if applicable.
What classifier was used.

For training the classifier, how the training data were split.

NS s Wb

How the researchers adjusted for class imbalances during training.
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From Table 1, it can be seen that there was very little performance difference
between the top three entries. The highest scoring entry by Potes et al. had aw\ Acc of
0.8602, with a highest Se (0.9424) and a modest Sp in the list. The second highest..S€
was as low as 0.8848, ranking 5th in the Challenge. Rubin et al. produged the highest
Sp (0.9521), but with a relatively low Se of 0.7278 and ranked a 7th place. For an
application which is forwarding subjects for further screening, as long as the resources
can cope with the false positive rate, a higher sensitivity is perhaps best. However, the
2nd, 3rd, 4th and 5th contestants provide a good balance betwéen Se and Sp. A 2%
spread exists between the top six entrants. =

The sample entry generated a Se of 0.6545 and a Sp of 0.7569, resulting in a M Acc
of 0.7051. To test if the results could be improved by combiningunultiple approaches,
we designed a “voting” algorithm as follows. We calculated the performance of each
of the 348 official entries, using a set of 600 records ghat were selected randomly from
the public training data, but disjoint from the validation subsét that competitors used
for self-scoring. We then ranked entries according te their modified accuracy on this
subset, and discarded all but the top entry from each partl’cipating team. The “voting”
algorithm Vy (for N = 2...48), is thenfdefined as the output given by a plurality of
the top N entries from that list (or 0, “uncertain”, if no plurality exists.) The voting
algorithm did not show any improvement over the best individual submissions; the best
result was N = 3, with Se = 0.7173, Sp=.0.9309, and M Acc = 0.8241.
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Rank Entrant Se Sp MAcc Segment Feature method # featuresh, Feature se- # selected Classifier Training data  Balancing
lection features division data
1 0.9424 0.7781 0.8602 Yes Time-frequency 124 No 124 AdaBoost & CNN  80%/20% No
( ) train/test
2 0.8691 0.8490 0.8590 No Time, frequency| and 40 Yes (wrap- 18 Ensemble of NNs 20-fold CV Yes
( ) time-frequency per)
3 0.8743 0.8297 0.8520 Yes Wavelet, MEGCE, ‘and, 675 Yes (PCA) 70 DropConnected 10-fold CV No
( ) complexity NN
4 ( ) 0.8639 0.8269 0.8454 Yes Time-frequency, M42x4 x  Yes (fisher  1000:1 LR, SVM & KNN  10-fold CV No
MFCCs and wavelets 172tensor  score) reduction
5 0.8848 0.8048 0.8448 Yes Time, frequency, 131 No 131 Ensemble of classi-  10-fold CV No
( ) wavelety statistical fiers
6 0.7696 0.9125 0.8411 Yes Frequeney, statistical 315 Yes 51 Probability assess- No No
( ) (PROBA(find) ment
7 0.7278 0.9521 0.8399 Yes MFCC 13 Yes (un- 6 CNN 80%/20% No
( ) known) train/test
8 0.7696 0.8831 0.8263 Yes Time, time-frequency, 89 Yes (FDA) unknown NNs voting No No
( ) perceptual
9 0.8220 0.8149 0.8185). Yes Multi-domain features 324 No 324 BPNN Varied No
( ) train/test
division
10 0.8482 0.7762 0.8122  Yes Deep CNN-based fea- 12,160 Yes (PCA) 400 SVM 5-fold CV No
( ) tures
11 0.7696 0.8527 0.8111_ Yes Spectrogram, MFCC unknown No unknown LR, SVM, RF and 5-fold CV No
(2016) N CNN
12 0.8429 0.7716 [ 0.8073 Yes Frequency, sparse cod- unknown No unknown SVM 1000/2153 No
( ) ing train/test
13 0.7749 0:8287 0.8018 No Augmented features unknown No unknown RNN 1/5 data for No
(2016) cv
14 0.7487 0.8508 10.7998 Yes Heartbeat, tape-long unknown No unknown Ensemble of classi-  10-fold CV Yes
( ) fiers
15 0.8010 0.7901 10.7956 Yes Time-frequency 88 Yes (MIC) 31/88 RF 5-fold CV Yes
(2016)
16 0.7382 0.8499 /0.7941 No Spectral unknown Yes 25 RF 10-fold CV No
(2016)
17 ( ) 1 0.6663 0.8775 0.7869 Yes CNN-based features unknown No unknown CNN 3126/300 No
train/test
18 0.6649 0.9088 0.7869 Yes Audio signal analysis unknown Yes (RFE) unknown SVM & ELM 10-fold CV No
(2016)
19 a 0.7330 0.8398 0.7864 Yes Time, frequency 74 Yes (un-  unknown SVM No No
( ) known)
20 / 0.7853 0.7855 0.7854 Yes Time, MFCC, DTW unknown No unknown SVM Varied No
(2016) train/test
division
- Sample entry 0.6545 0.7569 0.7051 Yes Time, amplitude 20 Yes (likeli- 7 LR 10-fold CV Yes
hood ratio)
b Votingweresults  0.7173  0.9309 0.8241 — - - - - - - -
(best)

Table 1: Final scores for the top 20 of 48 official entrants, the example algorithm provided and a simple voting approach. Best

performances of Challenge entrants are underlined. MFCC = mel-frequency cepstral coefficients. DTW = dynamic time warping.

PCA = principal component analysis. FDA = fisher discriminant analysis. NN = neural network. LR = logistic regression. SVM

= support vector machine. RF = random forest. ELM = extreme learning machine. CNN = convolutional NN. RNN = recurrent

SISAIDUD PUNOS 1UDIY UL SIOUDAPD JUIINY  IDILOJIPIT
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Figure 2: Performance of voting algorithms asha function of number of algorithms.
Algorithms were chosen by ranking them in descending order of score on the randomly
selected 600 training recordings, and the test data score was reported (to prevent over-
estimation of the score).

5. Review of Articles in the Special Issue
N
A total of 8 articles were reviewed and revised in time to be accepted for this special issue.

Most authors had originally entered the Challenge, and submitted updated versions of
their algorithms, whichishould be made available by the authors through open source
licenses. Each algerithm, published in this issue is reviewed below according to the eight
aspects summarized in section Results of the Challenge. The purpose of this summary
is to allow thereader.todquickly identify both the commonalities and the originality of
all the approachés. Finally, the last article in this special issue and review (

( )) invelves the systematic evaluation for the open source code for heart sound
segmentation proposed in ( ), which was also the
heart_sound segmentation method made available for the Challenge.

5.1 la (2017)

The algorithm proposed by ( ) used a novel cycle quality
assessment (CQA) method for assessing the signal quality of the segmented cardiac
cycle. Features were extracted only on the cycles which higher signal quality and
superior segmentation. The method achieved a M Acc of 0.8263 in the last phase of

Page 8 of 20
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the Challenge ( ( ))-

The authors note that the recordings were down sampled to 1 kHz and filtered by
the fourth order Butterworth high pass (25 Hz) and low pass (600 Hz) filters. Spikes
were removed using the algorithm proposed by ( )». Then, after
the heart sound segmentation with Springer’s HSMM model ( Qe ko

( )), correctly segmented heart cycles without excessive noiSe orspikes were

selected for further feature extraction process using a novel CQAl method detailed in

( ). Frequency and amplitude criteria wereé applied for detecting
correctly segmented heart sound cycles. A total of 90 features were éaleulated from the
time domain, time-frequency, perceptual and mel-frequency éepstral coéfficient (MFCC)
analysis. Before starting the main classification process, the derived 90 dimensional
feature vector was mapped to a new feature space by applying a Fishers discriminant
analysis. The main classification procedure was then performed using three feed-forward
NNs and a voting system among classifiers. A finalos Acc score of 0.826 was achieved

on the hidden test data.
&

5.2, (2017)

The algorithm proposed by [V mick ( ) used an ensemble based
classification with a special consideration for, outliers and achieved a M Acc score of
0.801 for the hidden test data in the Challenge.

In this paper, a total of,131 featuresnin time, frequency, wavelet and statistical
domains were extracted from the heart sound signals. Outlier signals were detected and
separated from those with a/standard range using an interquartile range threshold.
Then, feature extreme values were given special consideration, and finally features
were reduced to the most signﬁcant ones using a feature reduction technique. In the
classification stage, the selegted features either for standard or outlier signals were fed
separately into an emsemble 0f 20 two-step classifiers. The first step of the classifier
included a nested setyof ensemble algorithms which was cross validated on the training
data, while the second step used a voting rule of the class label. The results showed
that the proposed method achieved an overall score of 0.9630 for standard signals and
0.9018 for outlier/signals on a cross-validated experiment using the training data. This
method achieved an overall score of 0.801 on the hidden test set (0.796 sensitivity and
0.806 spécificity):

5. 34PK4y g (2017)

B g ( ) proposed an algorithm that employed DropConnected neural
networks trained on time-frequency and inter-beat features for heart sound classification.
Thispalgorithm achieved a MAcc of 0.8520 on the test data, and ranked third
in the Challenge ( ( )). This paper provides an extensive
analysis concerning the profile differences of the open training data, including the
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recording numbers, recording sensors, unbalanced data and the specific pathélogy ef
the recordings.

In this paper, first, the heart sounds were segmented using  Springer’swthe
open-source segmentation algorithm based on a hidden semi-Markov meodel (HSMM)
( ( )). Then, a total of 675 features were extracted
from the analysis of continuous wavelet transform (220), MFCG#(400),»inter-beat
behaviour (20 and complexity measures (35). Then, the extracted features were
normalized and the dimensionality was reduced to 50 using principal component analysis
(PCA). Subsequently, the features were used as the input to a fulb::onnected, two-
hidden-layer neural network, trained by error backpropagatien, and.egularized with
DropConnect. When the algorithm was submitted to be evaluated on the test data,
a number of different networks were trained with a range of hyper-parameters and
different training sets. The networks are then ensembledibased on their scores. The
best result obtained by the ensemble of networks, ofithe test data, was 0.8520, which is
the third best performance in the Challenge. The authors also updated their algorithm
by excluding the training-e set for training since the recorcﬁng sensor type for training-e
set is different from others. However, a gignificantly worse score of 0.580 was obtained
because 69% of recordings in the test set are from dataset-e indicating that the algorithm
is sensitive to the recording type and struggles to gemeralize from one dataset to another.

5.4. (2017)

Most algorithms for automated analysis of heart sound require segmentation of the signal
into the characteristic heart sounds: ( ) aimed to assess the
feasibility for accurate classifieation of heart sounds on short, unsegmented recordings.

At the first step, initially, hﬁe 5'second segment (seg 1) at the start of each heart
sound recording was analyzed. For some recordings with considerable noise at the start
of the recordings, so a repeated 5 s segments (seg 2) with lowest noise was extracted
for each recordings=Segments were zero-mean but otherwise had no prepossessing
or segmentation.  Then mormalized spectral amplitude was determined by FFT and
wavelet entropy was caleulated by wavelet analysis (‘Gaus4’ mother wavelet). For
each of thesé a simple single feature threshold based classifier was implemented and
the frequeney/scale and thresholds for optimum classification accuracy determined.
The analysis was'then repeated using relatively noise free 5 s segments (seg 2) of
each recording by applying a Wavelet entropy measure for signal noise assessment.
Spectral amplitude and wavelet entropy features were then combined in a classification
tree (Landle ( )). Detailed results were reported as follows. There
were significant differences between normal and abnormal recordings for both wavelet
entropy and spectral amplitude across scales and frequency. In the wavelet domain the
differences between groups were greatest at highest frequencies whereas in the frequency
domain the differences were greatest at low frequencies (12 Hz). Abnormal recordings
had significantly reduced high frequency wavelet entropy, suggesting the presence of
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discrete high frequency components in these recordings. Abnormal recordings exhibited
significantly greater low frequency (12 Hz) spectral. Classification accuracy was greatest
for wavelet entropy and was further improved by selecting the lowest noise segmenti(seg
2). Classification tree with the combined features gave an accuracy (not A/ Ace) of 0.79
(Sp=0.80, Se = 0.77). The study demonstrated the feasibility of accurate classifieation
without segmentation of the characteristic heart sounds.

5.5, (2017)

( ) describe the use of mel-frequency spectral coefficients
(MFSC) fed to a CNN, and which achieved a M Acc of 0.8415/in the last phase of the
Challenge, ranked sixth overall with an unofficial entry. There are existing studies which

~

leverage MFCC analysis for heart sound classificationdhafam et al. ( ). However,
the authors claimed that MFSC analysis could outperformy, MFCC since during the
calculation of the MFCC, the discrete cosine transform (DCT) projects the spectral
energies into a new basis that may not maintain loealityy However, MFSC uses the
log-energy computed directly and can avoid this situation.

In this paper the authors describe ‘a process which first splits the training heart
sound files into equal numbers of normal and ‘abnormal data files. Then MFSC (i.e.,
MFCC with no DCT) was calculated.for each file, and was cut into frames with width
and height of both 128 samples. The difference and second-order difference of the
MFESC were also calculated as second andsthird dimensions of the frame. All frames
were normalised. Then CNN was trained to predict the normal/abnormal label for
each frame in the file, and uged the average of all predicted frame labels as the final
label of the file. Finally, the model with best performance was selected during the
training phase. Testing on the separate validation set achieved the highest score when
using 256 hidden layers for, the deep CNN, although the score slightly improved on the
selected training data when inereasing the number of hidden layers from 128 to 2048.
Therefore, the Challenge results were achieved by weights and topology of 256 hidden
layers and the final scoreixwas 0.842; just 0.018 below the highest score of 0.860. This
impressive result indicates the potential of CNNs for future use, but also illustrates how
enormous volumes of data are likely to be required to out-perform well chosen features
and standard classification approaches.

5.6. Ples W al. (2017)

@81 A al ( ) proposed an algorithm based on fuzzy logic which they termed
‘probability assessment’ for normal/abnormal heart sound classification, which achieved
a M Aceof 0.8411 in the last phase of the challenge, and was ranked 7" highest (
ot dl(2016)). The presented solution produced different results in specific databases.
For database-c, it gave 100% sensitivity and specificity in both training and testing.
Database-e also provided an extremely high score. However, the method failed to
accurately classify database-g and database-i (not present in the training set), where
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it reported nearly all records as normal. This poor performance with these completely
hidden databases indicates the method also struggles to generalize to unseenddata.

In their methods, they first derived amplitude envelopes in five frequency bandslow
frequency (LF, 15-90 Hz), middle frequency (MF, 15-90 Hz), high frequency (HF, 100=
250 Hz), super frequency (SF, 200-450 Hz) and ultra frequency (UF, 400-800 Hz) were
computed using an FFT band-pass filter and Hilbert transformation«Then invalid time
segments were checked for each 1 s window. Then heart sounds S1 and S2 were detected
using amplitude envelopes in the LF band. The averaged shapes®f the,S1/S2 pair were
computed from amplitude envelopes in all five bands (15-90 Hz; 55—15@-12; 100-250 Hz;
200-450 Hz; 400-800 Hz). A total of 228 features were extracted from the statistical
properties and the symmetry of the averaged shapes, and the independent of S1 and S2
detection. Then the features are processed using logical rulesiand probability assessment
based on histograms, and a fuzzy logic like approach /which,they termed ‘PROBAfind’.
This software contains a function suggesting a feature with the best impact on the sum
of final sensitivity and specificity, and can be used asia semi-automatic feature selection
method. The authors found 53 features were selected asthe normal /abnormal /unsure
classification. A final score M Acc of 0.84¥hachieved on the hidden test data (7°h place in
the Challenge), indicating that the performance of probability assessment is comparable
to other machine-learning approaches. However, it the human oversight required and
long training time required for this appreach is a significant limitation and may have
led to the lack of generalization.

5.7, (2017)

( ) proposedhan algorithm combining sparse coding and time domain
features for normal/abnormal heart'sound classification, which achieved a M Acc of 0.807
in the Challenge ( € and Al ( )). This study introduced sparse coding
as a tool for unsupervised feature extraction in heart sound classification, and was also
the first to use matrix. norm sparse coding in a practical classification setting for Heart
Sounds. Previous work by Da ( ) has demonstrated the utility of this
technique, using on, compressed sensing for Atrial Fibrillation detection in the ECG.
As the first gtep, Whitaker et al. used Springer’s HSMM segmentation code (
and Clifford (2016)) to separate each audio file into five arrays of smaller
audio segments. The first four arrays contained a list of all S1, systole, S2 and diastole
sounds respectively. The fifth array contained copies of the full heart cycles, starting at
thestart of the S1 state and ending at the last sample in diastole. Each state or sound
segment was converted to the frequency domain with an N-point FF'T and sparse coding
was applied on the aforementioned five data matrices as a form of unsupervised feature
extraction. In sparse coding, frequency-domain data is decomposed into a dictionary
matrix and a sparse coefficient matrix. The dictionary matrix represents statistically
important features of the audio segments and becomes fixed after training. In effect it
represents the basis functions. The sparse coefficient matrix is a mapping that represents
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which features are useful in each segment. Working in the sparse domain, the/@authors
trained SVMs for each audio segment, as well as the full cardiac cycle. Then a sixth SVM
was trained to combine the results from the preliminary SVMs into a single binary label
for the entire heart sound recording. Compared with the CinC paper ins\\ hita nad

( ), this paper presented two novel modifications. The first modification
involved a matrix norm in the dictionary update step of sparse codingto enceurage the
dictionary to learn discriminating features from the abnormal heart recotdings. The
second combined the sparse coding features with twenty time domain features described
in ( ) in the final SVM classification stage. The authors demonstrated
an improved cross-validated M Acc of 0.893 (Se = 0.901 and, Sp = 0.885). However,
improved version did not generate a higher score on the hiddemntest data than their
challenge’s score. A new score M Acc of 0.803 (0.801 sensitivity and 0.806 specificity)
in this follow-up phase was achieved.

This study showed that sparse coding is an effeetive way t0 define spectral features
of the cardiac cycle and its sub-cycles for the purpose of classification. In addition, it
demonstrated that sparse coding can be combined with additional feature extraction
methods to improve classification accuragy. Further work may incorporate additional
features to improve the classification accuracyror robustness to novel data and noise.

5.8. (2017)

A Hidden Markov model (HMM)-basednapproach has received increased interest
for heart sound segmentation due to its robustness on processing noisy recordings,
particularly when incorporating physielogical models. The focus of this article was on
evaluating the performance of the recently published logistic regression based HSMM
heart sound segmentation'method Spr ( ), which was
open sourced for the Challenge. By using a wider variety of heart sound data in the
PhysioNet/CinC Challenge 2016. The HSMM-based model was trained on the training-
a dataset only (per.the original work) and was tested on all other separate test datasets,
which comprised (102,306 heart sounds. The results confirm the high accuracy of the
HSMM-based algorithm /;with an average F; score of 98.5% for segmenting S1 and
systole intervals and 97.2% for segmenting S2 and diastole intervals. The described
evaluation framework, combined with the largest collection of open access heart sound
data, provides essential resources for researchers who need to test their algorithms with
realistic data and share reproducible results.
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~
Work in this spe-  Se Sp MAcc Segment Feature method # features ~Feature se- # selected Classifier Training data  Balancing
cial issue lection features division data
0.7696 0.8831 0.8263* Yes Time, time-frequency, _90 Yes (FDA)  unknown NNs voting train/test di- No
( ) perceptual vision
[0.7960 [ 0.8060 |[ 0.8010 | Yes Time, frequency, 131 Yes 19/17 Ensemble of classi- ~ 10-fold CV No
( ) wavelet, statistical fiers
- - 0.5810 | Yes Wavelet, MFCC, inter=, 675 Yes (PCA) 50 DropConnected 10-fold CV Yes
( ) beat and complexity NN
0.5589 0.9633 0.7611* No Spectral amplitude and  unknown No unknown Decision tree CcvV No
( ) wavelet, entropy
0.8063 0.8766 0.8415% No MFS@ N/A No N/A Deep CNN train/test di-  Yes
vision
(2017)
l 0.8900 H 0.8160 H 0.8550 ‘Yes Frequency, statistical 228 Yes 53 Probability assess- No No
(2017) (PROBAfind) ment
[0.8010][ 0.8060 ][ 0.8030 | Yes Titne, fiequency, unknown  No unknown  SVM 1000/2153 No
( sparse coding train/test

Table 2: Summary of the papers includedhin this special issue.
spectral coefficients. PCA = principal component analysis. FDA = fisher discriminant analysis. NN = neural network. SVM =
support vector machine. CNN = convelutional NN. CV = cross-validation. x indicates the paper presents the same results from
the Challenge official entries, # indicates the paper presents the same results from the Challenge unofficial entries, - indicates the

paper presents new results in this.fellow-up phase.

MFCC = mel-frequency cepstral coefficients. MFSC = mel-frequency
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6. Discussion and Conclusions

In summary, the PhysioNet/Computing in Cardiology Challenge 2016 provided several
key additions to the field of normal/abnormal heart sound classification.

First, the public release of the large, open assess and free heart sound database
gives potential benefits to a wide range of users, especially for those who lack access to
well-characterized real clinical signals.

Second, we note that even for the top performing entrants, the elassification results
differ significantly between each of the eight databases. The test sets g and i are
two new databases and did not appear in the training data. For those two hidden
databases, the challenger results are not as good as other databases, indicating that
the algorithm generalization ability is sensitive to the ‘récording source and requires
improvement, or should always be retrained for spécifie. recording scenarios and/or
recording modalities/devices.

Third, there is very little performance difference between the top three entries, and
only a 2% spread exists between the top six entrants; althongh these Challenge entrants
used different classifier methods. This shows that there is not a "best” classifier for
this special normal/abnormal heart sound classification task. However, the ensemble
method, i.e., combining two or more of the common classification methods, such as
SVM, CNN, LR, RF and others, canwereate improved classification performances. We
note however, that a naive approach of simple weighted voting between the top N
algorithms ranked by trainingiperformance does not improve the modified accuracy and
a more intelligent voting approach'is needed - see below. Notably, the feature extraction
stage in any classification related work can be the most crucial and important part.
Although there are no widely Qccepted optimal features in heart sound classification,
from this Challenge we can identify the MFCC, wavelet and time-frequency features as
likely candidates.

Fourth, we note that voting method can produce superior results to even the best
algorithm. Such am‘approach/can also lead to a more robust implementation, although
it may be significantly mere computationally intensive. It is also important to note that
too many naivesvoters can reduce the classification accuracy, as we have observed in
earlier challgnges; although not in this one. This may be due to the common use of a
strong featureextractor provided for all entrants. In ( ) and
( ) a voting.system for algorithms (and human) annotations of physiological data
was described, which incorporates both the physiology and the individual annotator’s
acgliracy as affunction of objective features (such as signal quality) to produce a weighted
voting scheme to guarantee that all voters added extra information. Such approaches
may beeoine ever more important as computational power becomes increasingly less
expensive. We also note that this means that all competitors in the Challenge added
something to the final answer!

Fifth, the current approach in this Challenge classifies any input signal as normal
or abnormal although “unsure” class was permitted. However, an efficient algorithm



©CoO~NOUTA,WNPE

AUTHOR SUBMITTED MANUSCRIPT - PMEA-102085

Editorial: Recent advances in heart sound analysis 16

is needed for recognizing a good quality recording from a poor quality one. /Due to
the audio processing capabilities, mobile phones have the potential to facilitate the
diagnosis of heart disease through automated auscultation. However, such a platformsis
likely to be used by non-experts, and hence, it is essential that such a device is able t0
automatically differentiate poor quality from diagnostically useful recordings sincemon-
experts are more likely to make poor-quality recordings. In ke %

( ), an automated signal
quality assessment of heart sound recordings was developed, which includes the first
systematic evaluation of a heart sound signal quality classification alg?orithm (using a
separate test dataset) and assessment of the quality of heart'seund recordings captured
by non-experts. This approach indicates a promising use case forslow resource cardiac
screening.

Sixth, we provided a state-of-the-art open sourcenheart sound segmentation
algorithm for this Challenge. This was utilized ¢by. the top entrants and indicates
that it was fundamental to high performing classificatiomalgorithms. We note however
that no researcher attempted to improve on the algorithﬁ1 in either the Challenge or
the subsequent special issue. The marginal increase/in performance in this special
issue indicates that improving the segmentation approach may be the best point of
entry for any future researchers attempting to improve classification performance. The
inability of more complex classifiers (suehyas €NNs) to beat carefully chosen features
and standard classifiers, indicates that it is more important to focus on the labelling
and preprocessing than on theiclassifier. That is not to say that a superior classifier
can provide an increase in perfermance, but that the feature extraction step provides
more marginal improvement. 'We also note that despite our databases representing the
largest public dataset of heart sound by many orders of magnitude, the databases may
require a significant increase i size before deep learning is able to show any significant
performance gains.

Finally we note some limitations of the Challenge. Although we have collated
and provided allfeolleeted vinformation from the data contributors, more detailed
pathological infermation' is needed for the heart sound recordings. Detection and
properly identification,of mitral stenosis, aortic stenosis and mitral insufficiency among
others is still aschallenge. We intend to work with industry and researchers alike
to enhance, the Challenge database in all these areas and would be grateful for
continued contributions of data and source code, which we will post together with all
the open source algorithms and annotated data from the 2016 PhysioNet/Computing
in [Cardiology Challenge. The latter can be found on PhysioNet’s website at http:
/ /Mhysionellorg /challenge /2016.
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