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ABSTRACT
Machine learning and signal analysis are widely
used to assist medical practice. Modern medicine is in
constant search for effective noninvasive methods for
diagnostics. Unfortunately, many of the developed
automatic methods are prone to noise and
disturbances and have high computational
complexity. A transcranial Doppler (TCD) is a
noninvasive and reliable device that can monitor the
blood flow rate in the brain and can help neurologists
to diagnose many brain problems like edema, trauma,
hemorrhage, and aneurysm. The proposed algorithm
is a blend of statistical and machine learning tools that
are used in Big Data analysis. The algorithm’s goal is
monitoring the TCD signals in the real-time for
detection of cerebral vasospasms, which produces
enormous amounts of data. We handled the data by
carefully selected time and frequency domain features
which allowed designing classifiers with the desired
sensitivity and specificity. In addition, the proposed
convergence of digital sound analysis and medical
fields could prove to be useful in the future modeling
of various brain disorders.
INTRODUCTION
Nowadays, sound processing methods are well
developed and widely used in our cell phones, smart
watches, and computers. Though modern machine
learning based algorithms could automatically
transcribe music and recognize speech, those
algorithms were not explored enough about their
applicability in medical diagnostics. The physicians
still rely on their experience and senses to diagnose
various diseases instead of using automated
techniques. However, sound analysis and machine
learning start to take their place in medicine, and this
article shows a successful attempt of using sound
analysis framework in neurology.
One of the medical devices that is used for
diagnostics is the Doppler apparatus, which is

noninvasive, inexpensive and safe. It was first used by
Satomura in 1959 and its popularity is growing since
then (Wright, Gough, 1997).
The physical Doppler effect allows measuring
object velocity based on the sound arriving from the
object. In medical applications, blood flow velocity in
human body could be measured based on the Doppler
effect, but it requires sound emitter and receiver to
penetrate the blood vessels and receive a variation of
sound frequency due to scattering and reflection.
Measurement in the brain arteries is especially
challenging, because it requires advanced spectral
resolution methods. That kind of measurement is
provided by transcranial Doppler device (TCD). A
TCD can monitor the increase and decrease of blood
flow velocity, or change in blood flow resistivity.
Based on TCD measurement, presently neurologists
detect stenosis, edema, trauma, hemorrhage, and
aneurysm, but additional disorders are researched (Li
et al., 2014). Angiography and magnetic resonance
could be used as alternative techniques, but they are
expensive and more complicated.
TCD signal analysis is active field of research.
Serhatlioglu et al. used Fast Fourier Transform (FFT)
for feature extraction and used a neural network as a
classifier for TCD signals (Serhatlioglu, Guler, 2003).
Ozturk et al. used chaotic invariant features of TCD
signal as the input of neuro-fuzzy classifier (Ozturk et
al., 2008). Guler et al. used FFT and adaptive
autoregressive moving average (A-ARMA) methods
for a spectral analysis of TCD signals; the A-ARMA
shows better spectral resolution than FFT (Guler et al.,
2002). Other studies (Uguz et al., 2008), (Uguz et al.,
2010) used fuzzy discrete hidden Markov model
(FDHMM) and the Rocchio-based hidden Markov
model (HMM) for enhancing TCD signals classifier.
As seen in many studies, integral transforms are
used widely, but the techniques cannot display time
information that would be sufficient for a good
classification. This means that many features of
interest will be lost during the processing due to poor
spectrum resolution especially in non-stationary TCD

signals. Therefore, we tried to use both time and
frequency features for classification due to its optimal
time-frequency resolution in all ranges of frequencies.
In the following section, the framework for signal
processing and analysis is presented for machine
learning applications in medical diagnostics. In the
Results and Discussion section, we demonstrate the
application of the proposed framework to detection of
cerebral vasospasms in stroke patients. Finally, the
Conclusion section summarizes the findings and
proposes future research directions.

B.1 Feature Extraction
This step is used in machine learning to compress
the big dataset size into a small size and at the same
time to increase the classifier efficiency. We used
features from time and frequency domains. The time
domain features are zero-cross rate (ZCR), energy,
and energy entropy. The frequency features that were
used are Mel-frequency cepstral coefficients (MFCC),
Chroma coefficients, spectral centroid, spread,
entropy, spectral roll-off, spectral flux and harmonic
ratio.

SIGNAL ANALYSIS FRAMEWORK
There is a direct analogy between speech and
music analysis and other kind of sound analysis
(Doppler). Doppler sound could be explored using
developed for speech and music tools/features. There
is an infinite number of ways to define features; we
have selected those which work the best through a
rigorous selection process. We propose to apply
speech, sound, and music analysis approaches to the
Doppler sound to detect and classify various brain
disorders or events. The audio signal is acquired with
TCD and analyzed for further classification. The
framework consists of three stages:
1) Preprocessing
2) Feature Extraction
3) Classification
In the first stage, the signals are recorded, or processed
directly from the audio output of the TCD. They are
processed with standard filtering techniques to
minimize noise. Fig. 1 shows one example of the
cerebral vasospasm (bottom) signal and normal (top)
TCD signal at the same time and voltage scale. It is
visually obvious that those two signals are different,
but it is not obvious how this difference could be
quantified. In addition, in many cases normal and
abnormal signals are very similar in their appearance.
We have carefully selected from the features used in
audio research those that might be useful in TCD
analysis and beyond. In the third stage, the trained
classifier arrives to the decision about the problem.
The framework is providing supervised training of the
classifier offline. Concerning the classifier, we used
the decision tree classifier. The architecture of the
proposed signal processing and classification
algorithm is shown in Fig. 2.
A.TCD Signal Collection
In this study, 160 wave files of 3-15 seconds
duration were recorded from TCD. Medical experts
classified them as normal or cerebral vasospasm.
B. TCD-Signal Classification
We apply two essential steps: feature extraction
and classifier for a condition classification.

Fig. 1 TCD recording from control (top) and cerebral
vasospasm (bottom).

Fig. 2 The architecture of the proposed classification
algorithm.

B.1.1 Zero-Crossing Rate and Harmonic Ratio
ZCR is used as a feature in the audio analysis
(Tzanetakis & Cook, 2002). It counts the number of
times the signal changes its sign per second.
Concerning the harmonic ratio, we can assume the
TCD signals as quasiperiodic to calculate the
fundamental period by applying autocorrelation
function (by shifting the signal and calculating the
correlation of the original signal with the shifted one).

B.1.2 Energy and Energy Entropy
Energy and Energy Entropy are used in the audio
content analysis (Zhang & Kuo, 2001), where the
energy is calculated by dividing the signals into
frames and each frame energy to samples. Energyentropy can reflect the sudden variation of energy
(Lartillot & Toiviainen, 2007). It can be computed by
dividing energy of each frame to energies of subframes.
B.1.3 Mel-Frequency Cepstral Coefficients and
Chroma
MFCC is used in speech processing field
(Theodoridis & Koutroumbas, 2001). It measures the
signal cepstral, where we apply the first 13
coefficients for CV detection. On the other hand,
moreover, it can be used in music (Dan-Ning Jiang et
al., 2002). It calculated by transforming the DFT
coefficients to bins.

the known input data and known output. Then, this
model can predict the future output data. It is
complicated to extract the correct model which is
based on trial and error technique, for example, when
the model has too many parameters to train, the
training data will generate a sensitive model that will
model minor variation which can be noise. On the
other, hand too simplistic model will have low
classification accuracy. Therefore, the right algorithm
is a tradeoff between the training data, the number of
features, accuracy, model speed, and complexity. The
following schematic in Fig. 3 helps to overcome some
of the machine learning challenges.

B.1.4 Spectral Centroid, Spread, and Entropy
Spectral Centroid, Spread, and Entropy are used
for music, speech discrimination and watermarking
(Scheirer & Slaney, 1997), (Kirovski & Malvar,
2003). Centroid means spectrum mass center and the
spread is the second moment of the spectrum. With
regards to spectral entropy, it is calculated like energy
entropy, but the frame spectrum is divided into subbands.
B.1.5 Spectral Roll-off and Flux

Fig. 3 Machine learning framework.

Spectral roll-off can be used for differentiating
between unvoiced and voiced signal (Kim et al.,
2005). It is calculated by power spectral distribution.
Spectral flux measures the spectral change for two
sequential frames.
B.2 Classifiers
First, we apply feature scaling and mean
normalization as a preprocessing step before the
classifier to standardize the features values (Frohlich
et al., 2003). We tried various classifying methods like
a decision tree, K-nearest neighbors, support vector
machine, and logistic regression. We found that
decision tree gives the highest detection rate.
RESULTS AND DISCUSSION
In this study, we used the machine learning for
classifying TCD signals and the obtained results are
compared to a manual expert classification. A
Supervised learning approach was used to train the
classifier. We can enhance the efficiency of the
algorithm by increasing the number of training
information and the number of extracted features. The
goal of supervised machine learning is to extract the
model that makes an estimation based on evidence in

Fig. 4 Two out of 34 levels are shown in decision tree.

First, use preprocessing processes like data
scaling and normalization to standardize the values,
after that use a certain number of time-frequency
features, and then apply the classifier. If the model
accuracy after training the dataset is low, so we should
increase the number of features. When we get a high
detection accuracy, then, we should start testing the
extracted model by using testing datasets. If the
sensitivity of the model is low, so we should take more
training dataset in the beginning. This loop should be
repeated until we reach high accuracy and sensitivity
model for the detection.

In the example of cerebral vasospasm detection,
we used 10 time-frequency features to extract a high
sensitivity model with using a decision tree classifier.
The decision tree contains branches and leaves, where
the decision rule can be made by an if conditional
statement. Figure. 4 shows an example of two levels
out of 34 levels of our decision tree classifier.
After extracting high accuracy and high
sensitivity model, we tested the model to classify the
cerebral vasospasm using real-time proceeding from
the recorded TCD signals. On the tested signals the
sensitivity and specificity were over 78%, which is an
improvement over state-of-the-art results (Kumar et
al. 2016), (Kumar, Elzaafrani & Nakhmani, 2017).
CONCLUSION
We designed and applied machine learning
framework based on audio and music features
extraction to TCD signals for automatic diagnosis of
cerebral vasospasms without manual assistance. Time
and frequency features were extracted from the signal,
and they were used as input to the classifier. Our
diagnostic system detects cerebral vasospasms with
high sensitivity and specificity, which can help in
medical practice. In the future research, we could use
the wavelets for expanding the feature set to enhance
accuracy. Moreover, one could try to use the classifier
decision output and design embedded real-time
system for alarming or for treatment purposes.
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