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Abstract

Background

97

Accelerometry (the measurement of vibrations) and auscultation (the reeszetr of sounds) ar
both non-invasive techniques that have been explored for their pdtémtidetect abnormalitie
in swallowing. The differences between these techniques and the inforthtdy capture abol
swallowing have not previously been explored in a direct comparison.
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M ethods

In this study, we investigated the differences between dual-axis swalloadnglerometry and
swallowing sounds by recording data from adult participants and caloglatinumber of time
and frequency domain features. During the experiment, 55 participagegs (B-65) were asked
to complete five saliva swallows in a neutral head position. The resulting dasapwcessed
using previously designed techniques including wavelet denoising, dptareng, and fuzzy means
segmentation. The pre-processed signals were then used to calculate Bdguency, and time
frequency domain features for each independent signal. Wilcoxoedigank and Wilcoxon rank
sum tests were utilized to compare feature values across transducepatiemd demographics,
respectively.




Results

In addition to finding a number of features that varied between male and fgragleipants, our
statistical analysis determined that the majority of our chosen features tagstically significantly
different across the two sensor methods and that the dependence wrsultiect factors varied with
the transducer type. However, a regression analysis showed thategented for an insignifican
amount of variation in our signals.

—

Conclusions

We conclude that swallowing accelerometry and swallowing sounds prolfigeent information
about deglutition despite utilizing similar transduction methods. This contradistsagaumptions
in the field and necessitates the development of separate analysis aerdsprgctechniques fg
swallowing sounds and vibrations.
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Background

Dysphagia is a term used to describe swallowing impairment [1]. It commonglaes as a
component of neurological conditions, particularly trauma or stroke .[LRysphagia can lead to
serious health complications, including pneumonia, malnutrition, dehydratidrewen death [2,3].
The current standard of care for swallowing assessment begins wiihiGalkcbedside observation of
signs and symptoms, which may be followed up with instrumental examination. pNaismgeal

flexible endoscopic evaluations involve visualization of the pharynx amgempirway during oral

intake, while videofluoroscopic assessment collects dynamic radiograpages of the oral cavity,
pharynx, upper airway, and proximal esophagus throughout the ewtallow event [1,4]. The goal of
these assessments is to determine the nature of swallowing pathophysiathggtarmine appropriate
methods of treatment. Both of these instrumental examinations require skillesttisgpand

specialized equipment. Previous studies agree that an accurate, simplvagive method of
evaluating swallowing function would be a desirable addition to the availableftmadssessment.

Efforts to develop less invasive methods of assessing swallowing peifme (i.e. whether there is
aspiration while swallowing) have been presented over the past twoetedaut have demonstrated
limited sensitivity and specificity. A variety of non-invasive methods haven leeglored, including
pulse oximetry, surface electromyography and cervical auscultatigi. [$5ervical auscultation has
traditionally been performed using stethoscopes as sensors to detegtitits ®f swallowing [8-10].
A high resolution microphone is used to record the sound from the stetdoefore a human
perceptually interprets the meaning of the acoustic signal [8-10]. Regcentigral studies have been
reported using dual-axis accelerometers and algorithms to automatically dett@nalyse throat
vibrations during swallowing [11,12]. Although single axis accelerometrgondings are less
complicated to analyse, it has been shown that dual-axis accelerometwydgzroadditional
information [13]. It is thought that this relates to the fact that hyolaryhgeavements in both the
superior and anterior direction are the primary source of the vibratiotectde using cervical
accelerometry [13]. The source of the swallowing-related signal is likelgetdhe same for both
accelerometer and microphone recordings, but it is possible that thenation in each signal is not
identical. This would render one technique more of less valuable in deteq@uifis physiologic
abnormalities than the other. Some studies have assumed that swallowing mibeatib sounds are



interchangeable [14-18], but there is little evidence to support or disgios claim as studies which
have directly compared the two transducers only investigated very nasidwgets of signal
properties [14,19,20]. Accelerometers typically operate on the basis @ftamally charged, floating
capacitor, where one plate is free to move when the device is subject to m@tipnrhis capacitor is
sealed away from the surrounding environment as it does not needetqpbeed to the atmosphere to
function [21]. On the other hand, most modern microphones are eledrelensers and use a
pre-polarized film that is exposed to the surrounding environment irr twagenerate a signal [22]. To
avoid damage to the film caused by prolonged deformation, these deviceftar designed in such a
way to limit their performance at extremely low: (20 Hz) frequencies. Furthermore, microphones
typically operate on and generate an output with pressure waves, ttaineribration direction as with
accelerometers, which may result in differences in signal propagat@in [& addition, these two
different types of sensor may differ in size, temperature responsesitisity, and polar patterns
(e.g., [23,24]) depending on the manufacturer’s specifications. Mampptiones in particular utilize
a ‘treble boost’ or other non-uniform amplification that improves a signalality with regards to
human hearing, but lowers the quality from a digital signal processingppetive. Because of all of
these factors, the nature of similarities and differences in swallowing sigotatisined using
accelerometry versus microphones remains an open question.

During the clinical evaluation of dysphagia, the speech language paistotogducting the assessment
must begin to evaluate swallowing safety using the least harmful swallowinditmn available.
Humans naturally produce and swallow as much as 1.5 litres of saliva peadaysaliva swallows
constitute the majority of swallows produced over the course of any giggnndhealthy individuals.
As a result, saliva swallows are arguably the easiest and safest sa/éti@xecute and are commonly
implemented during swallowing assessments. Furthermore, unlike when simgllbguid or solid
boluses, saliva swallows do not introduce external variables, subblas viscosity or volume, to the
system. As of this writing, there has not been sufficient research to aetectte effect of these
swallowed bolus variables on variability in cervical auscultation signals, smdheir effects on
swallowing physiology and functionality cannot be independently accduiote In summary, saliva
swallows are the most common swallowing action with the least risk to the patienthanfé@west
external variables. Therefore, to maximize the benefit of our researchhose to investigate cervical
auscultation exclusively in the context of saliva swallows.

The contributions of this paper are twofold. First, this paper analyses smeoligly recorded
swallowing accelerometry signals and swallowing sounds during simple sviadjaasks performed
by healthy subjects. These recordings are utilized to understand theddés between the two signal
acquisition modalities in the context of cervical auscultation and are studied in fiietqgiency and
time-frequency domain using advanced signal processing algorithmen&ege also investigate age
and sex effects on the extracted signal features for both signal dmquisodalities. There are some
notable differences in the anatomy of the neck and throat between the pextcularly in the size of
the entire upper aero-digestive tract, which could affect either typeadrding [25,26]. Likewise,
swallowing performance is known to change with age and could affect ah@en of the recorded
signals [27].

M ethodology
Data collection

Our recording equipment consisted of a dual-axis accelerometer andactmicrophone attached to
the participant's neck with double-sided tape. The accelerometer (ADX1, 3dalog Devices,
Norwood, Massachusetts) was mounted in a custom plastic case, awed affier the cricoid cartilage
in order to provide the highest signal quality [15]. Its placement can be sBeFigure 1. The two



accelerometer axes were aligned parallel to the front of the neck ¢aptely parallel to the cervical
spine) and perpendicular to the same surface (approximately perpmndathe coronal plane). The
sensor was powered by a power supply (model 1504, BK PrecisighaYanda, California) with a 3V
output, and the resulting signals were bandpass filtered from 0.1 to 300WitHzten times
amplification (model P55, Grass Technologies, Warwick, Rhode Islansijvallowing vibrations have
been shown to be band-limited to approximately this range [28]. The voltagalsifpr each axis of
the accelerometer were both fed into a National Instruments 6210 DAQ eodlesl at 40 kHz by the
LabView program Signal Express (National Instruments, Austin, TexHsis set-up has been proven
to be effective at detecting swallowing activity in previous studies by maximizihg
signal-to-background-noise ratio [11,28]. The microphone (modelXL 4AKG, Vienna, Austria) was
placed below the accelerometer and slightly towards the right lateral side tfaithea so as to avoid
contact between the two sensors but record events from approximagedgrtie location. This location
has previously been described to be appropriate for collecting swall@eimgd signals by maximizing
the signal-to-background-noise ratio and can be seen in Figure 1 [14,18e microphone was
powered by a power supply (model B29L, AKG, Vienna, Austria) setlitee* impedance with a
volume of ‘9" and the resulting voltage signal was sent to the previously meadi®AQ. Unlike the
swallowing vibrations, this signal was left unfiltered as an upper limit to thelwatth of swallowing
sounds has not yet been found. Instead we recorded the entirmidyrzage of our microphone signal
(10 Hz to 20 kHz) to ensure that we did not lose any important componemisrafignal. Again, the
signal was sampled by Signal Express at 40 kHz. Figure 2 providesaampde of these three analogue
signals during a swallow.

Figure 1 Transducer mounting locations.  Location of recording devices during data collection.
A: Thyroid cartilage B: Top of the suprasternal notch For referetieemicrophone (lower device) is
approximately 10x30 mm and the accelerometer (upper device) is aligned wittettire axis of the
neck.

Figure 2 Pre- and post-processing waveforms. A single swallow simultaneously recorded with both a
microphone and dual axis accelerometer. The top graph is the signedeeday the microphone while
the middle graph is from the anterior-posterior accelerometer axis and tiioenis from the superior-
inferior axis. Part(@) shows the raw device outputs while péo) shows the same signals after our
filtering techniques are applied. One can see obvious differenceséretoend and vibratory signals
as well as different vibration directions.

The protocol for the study was approved by the Institutional Review Ba@drthe University of
Pittsburgh and participants were recruited from the neighbourhoodsusdling the University of
Pittsburgh campus. One participant’'s data was eliminated from our calculdtien® mistakes made
during recording resulting in a total of 55 participants with useful data (28sn@7 females. average
age:38.9 + 14.9). All participants confirmed that they had no history of swallowing disedeead or
neck trauma or major surgery, chronic smoking, or other conditions whigh affact swallowing
performance. All testing was performed in the IMED laboratory facilities at Wméversity of
Pittsburgh.

With their head in the neutral position, each participant was asked to pefifa saliva swallows with

a few seconds between each swallow to allow for saliva accumulation. $keves completed at a
self-selected pace and was not timed or subject to external guidanceniputagion. This resulted in a
total of 275 swallows being recorded for analysis. Each unigue taskegasded as a separate text file
by the Signal Express software and imported into MATLAB (Mathworkstidka Massachusetts) for
subsequent data processing.



Data pre-processing

Our digital signal processing steps are summarized in Figure 3 and alledietahe following section.

Figure 3 Pre-processing methodology. Block diagram of the signal conditioning process used with
our data.

At an earlier date, the accelerometer’'s baseline output was recordedhadified covariance auto-
regressive modelling was used to characterize the device noise [29,88]order of the model was
determined by minimizing the Bayesian Information Criterion [29]. These agitessive coefficients
were then used to create a finite impulse response filter and remove theingabedice noise from

our signal [29]. Afterwards, motion artefacts and other low frequeraige were removed from the
signal through the use of least-square splines. Specifically, we usdti-farder splines with a number

N . . . . -
of knots equal toi, whereNN is the number of data points in the sampfa,is the original 40 kHz

sampling frequenci/ of our data, arfgdis equal to either 3.77 or 1.67 Hz for the superior-inferior or
anterior-posterior direction, respectively. The valuesfiowere calculated and optimized in previous
studies [31]. After subtracting this low frequency motion from the sighall@amoised the remaining data
by using tenth-order Meyer wavelets with soft thresholding [32]. Thaad value of the threshold was
determined through previous research tah€2 log N, whereN is the number of samples in the data
set andr, the estimated standard deviation of the noise, is defined as the median oivrasanpled
wavelet coefficients divided by 0.6745 [32]. An example signal aftea# been processed by these
digital filters is shown in Figure 2. Previous research by Wang and Willetbastrated a useful method
for segmenting data sets into two distinct categories based on local vai@3e For this study, we
applied a modified version of their method and used a proven two-clasg ureans segmentation
technique to determine which parts of a given data stream contained vibf@dn¥his allowed us to
determine the beginning and end times of each individual swallow for a givieject, and ensured that
our feature analysis focused only on the swallowing activity.

The device noise filtering algorithm was recalculated with respect to the rhiongssystem and an FIR
filter was applied to the swallowing sound signal to eliminate device noise fronsitaal. We also

applied the same 10 level wavelet denoising process to further refineatae Higure 2 displays an
example of this signal before and after it had been filtered. No splinether lw-frequency removal

techniques were applied to the swallowing sounds because we had rsiigated if such frequencies
contained important sound information. We did not develop new segmentégimnitiams to extract the

five individual swallows from the microphone signal, but instead simply tisedime points given by

the accelerometer segmentation process.

Feature extraction

Our next step involved extracting a number of signal features fromakialswallowing accelerometry
and swallowing sound signals. In the time domain, the signal skewness aodikwere calculated
using the standard formulas [13,35]. Finding the swallow duration onlyinedjiconverting the

MATLAB indices given in the segmentation step into proper time units.

To calculate information-theoretic features we followed the procedutéeediin previous publications
(e.g.,[11,13]). The signals were normalized to zero mean and unit variten divided into ten equally
spaced levels, ranging from zero to nine, that contained all recoigieal salues. We then calculated the
entropy rate feature of the signals. This is found by subtracting the minimiura ghthe normalized



entropy rate of the signal from 1 to produce a value that ranges from far a completely random
signal, to one, for a completely regular signal [11]. The normalized eptatp is calculated as

SE(L)—SE(L—1)+ SE(1) x perc(L)

NER(L) = SE0)

(1)

whereperc is the percent of unique entries in the given sequeig#&l]. In this situationL is our
recorded signal, a sequence of output voltages from our dewide.is the Shannon entropy of the

sequence and is calculated as
10 -1

SE(L)=— Y p(j)In(p(4)) 2

§=0
where p(j) is the probability mass function of the given sequence. Lastly the originablsigas
guantized again, but this time into 100 discrete levels. This allowed us to caltidateempel-Ziv

complexity as

. k logloo n

C 3)
n

wherek is the number of unique sequences in the decomposed signaliaride pattern length [36].

Next, in the frequency domain, we determined the bandwidth of the signalg waitim the centre and
peak frequencies. The centre frequency, sometimes referred to apdbial centroid, was simply
calculated by taking the Fourier transform of the signal and finding thehiezigaverage of all the
positive frequency components:

N-1
> f(n)a(n)
conb (4)

wherez(n) is the magnitude of a frequency component gitd) is the frequency of that component.
Similarly, the peak frequency was found to be the Fourier frequency coem with the greatest spectral
energy. We defined the bandwidth of the signal as the standard deviétter-ourier transform [11].

We also calculated a number of signal features in the time-frequency domaitilibing a ten-level
discrete Meyer wavelet transform. Previous contributions found thall@ming signals are to some
degree non-stationary [37], to which wavelet transforms are bettedsbaa a simple Fourier analysis
[13,38,39]. Meyer wavelets were used because they are continuawes,ahknown scaling function
[40,41], and more closely resemble swallowing signals in the time domain compafgaussian or
other common wavelet shapes [32]. The energy in a given decompositeimlas defined as

Ey = ||| ()

wherez represents a vector of the approximation coefficients or one of the ge@presenting the
detail coefficients|| x || denotes the Euclidean norm [11]. The total energy of the signal is simply the
sum of the energy at each decomposition level. From there, we couldatelthe wavelet entropy as:

10
E E E E
WE =~ ogs ot — 2 To0- 9% 0 ©)

whereFEr is the relative contribution of a given decomposition level to the total enertieisignal and
is given as

E
Er, = —2 % 100% (7)

total
as is detailed in [11].



Statistical analysis

Our statistical analysis involved transferring the processed featuras Ntatlab to the SPSS (IBM,
Armonk, New York) statistical analysis software. There we ran 16 ramaspetric Wilcoxon signed-rank
tests, eight for each accelerometer axis, comparing the value of eacanteéecelerometer attribute
against the respective swallowing sound data. The swallow duration Wasiteof these tests since
it was assumed identical for each transduction method. A p-value of 010@3was required for
significance after applying the Bonferoni correction. We then ran 2bpawametric Wilcoxon rank-
sum tests, eight for each signal plus one for duration, to investigatébfmsex differences in our
recordings. In this situation the Bonferoni correction requires a pevailess than 0.002 for statistical
significance. Finally, linear regression curves with respect to agefittextto the 25 signal features in
order to characterize any potential age-related influences on our data.

Results

Tables 1, 2, 3 and 4 and Figure 4 summarize the results of our analyses savithetim and standard
deviation of each feature.

Table 1 Timedomain featuresin the neutral head position for males

A-P S Sounds
Skewness -0.362 3.659 0.958+ 1.703 -0.044+ 1.037
Kurtosis 49.9H 178.1 25.53t 55.71 11.9A 9.689
Entropy Rate 0.988 0.009 0.989t 0.009 0.981+ 0.030
L-Z Complexity 0.059+ 0.023 0.074- 0.024 0.094 0.091
Duration (s) 2.206+ 0.948

Table 2 Timedomain featuresin the neutral head position for females

A-P S Sounds
Skewness -0.194 0.689 -0.123+ 1.447 -0.095t 0.876
Kurtosis 6.607H 4.074 20.04+ 42.31 11.45+ 21.08
Entropy Rate 0.98%2 0.004 0.989 0.004 0.988t 0.005
L-Z Complexity 0.067+ 0.018 0.07# 0.025 0.08%t 0.028
Duration (s) 1.833+ 0.455

Table 3 A summary of frequency domain featuresin the neutral head position for males

A-P S Sounds
Peak Frequency (Hz) 4.34814.27 7.730+ 23.33 24 49 64.95
Center Frequency (Hz) 55.24116.7 40.80+ 78.01 150. A4 194.9
Bandwidth (Hz) 114.6+ 231.7 63.69+ 175.3 420.1 542.5
Wavelet Entropy 1.574 0.606 1.664+ 0.796 1.463+ 0.706

Table4 A summary of frequency domain featuresin the neutral head position for females

A-P S Sounds
Peak Frequency (Hz) 1.9281.311 3.976+ 1.669 1414 14.21
Center Frequency (Hz) 12.6811.70 24.14+ 39.44 110.2+ 181.8
Bandwidth (Hz) 31.46+ 34.75 34.32+ 62.23 320.6+437.1
Wavelet Entropy 1.185 0.586 1.682+ 0.648 0.99A 0.745




Figure 4 Mean wavelet decomposition.  Average and standard deviation of the wavelet energy
composition of our signals. The left column in each group correspond®tmitrophone signal, the
middle corresponds to the superior-inferior accelerometer signal, aniytitecolumn corresponds to
the anterior-posterior signal. The x-axis lists the approximate frequemgerof each of the wavelet
decomposition levels.

We found that, with the exceptions of the anterior-posterior kurtgsis (0.018) and wavelet entropy
(p = 0.006) as well as the superior-inferior L-Z complexity € 0.069) and skewnes(= 0.255), all
accelerometer attributes were statistically different from the correspgradinbutes for sounds. The
frequency domain features (peak frequency, centre frequendyhandwidth) were all notably greater
for swallowing sounds when compared to the accelerometer signats {.001 for all). In the time
domain, swallowing sounds had a greater absolute value of skewneshéharP accelerometer axis
while they had less kurtosis than the S-1 axis<€ 0.001 for all). We also noticed that swallowing
sounds had a lower entropy rate than both accelerometer signals, butazhby statistically smaller
wavelet entropy when compared to the S-I axis< 0.001 for all). Finally, the L-Z complexity of
swallowing sounds was determined to be statistically greater than the A-Pracceter direction only
(» < 0.001).

This study found a number of attributes which differed between male anddgradicipants. In the
superior-inferior direction the bandwidth of the accelerometer signalstasstically greater in male
participants ¢ < 0.001). Meanwhile in the anterior-posterior direction, the centre frequepcy: (
0.001), bandwidth § < 0.001), wavelet entropyf = 0.001), and kurtosis § < 0.001) were all
statistically greater in male participants. Swallowing sounds displayed the samiemndencies as the
A-P accelerometer axis signal & 0.001, p = 0.002, p < 0.001, andp < 0.001 respectively).

None of the regression analyses were able to account for moré thaffi the variation in any attribute

with respect to participant age, with nearly all of them accounting for dfilyor less. Data was

segregated by the patient’s sex to remove any potential effects fromkhosa differences. Because
we used non-parametric statistical tests and obtained a relatively small popsample, we felt that

we lacked the necessary power to properly assess the statistical sigréfichthese extremely small
effects across our population sample’s age.

Figure 4 shows the average energy distribution of the wavelet coetax¢all three signals along with
the standard deviation of each level's energy. Data from all subjectbdeasincluded for simplicity
and readability. They all show that the vast majority of swallowing waveletgnis contained in the
lowest frequency components. We clearly see that well over 50% oWiaikkosving sound and vibration
energy is contained below 20 Hz with only a minimal amount of energy in the hfgdguency bands.

Discussion
Age and sex effects on swallowing sounds and swallowing accelerometry signals

All three of our signals demonstrated some amount of sex dependence fretjuency domain.
Specifically, the centre frequency of both the microphone and antesgieqor accelerometer signals
was statistically significantly greater in men, while the same was true of the bahduficll three
signals. The wavelet entropy of the swallowing sounds and anteridequmsaccelerometer signal is
also greater in men, resulting in a more chaotic and less predictable signahomhdikely related to
the signals’ shifts towards higher frequencies. We suspect that tifeserces may be due to the sex
based variations in the size and position of the laryngeal prominence,@incecording devices were
placed just below this structure [25]. This structure tends to protrudeeiuin males, yet undergoes



the same motion during a swallow as females [26,42]. This could producerlifgijgency vibrations
in male subjects as tissues are displaced faster in the anterior-posteratiodite accommodate the
larger moving structure.

In the time domain, we also found that the kurtosis of the A-P accelerometeniaraphone signals are
greater in men. A higher kurtosis implies that the signal has a greater intemsita ghorter period of

time, which conforms to our earlier frequency domain findings as highguénecy pulses tend to have
greater kurtosis [35]. This finding adds validity to our previous statisticatiusions.

Our finding that the swallow duration does not vary statistically with regardexmr demonstrate any
notable trends with regard to age runs counter to past research onlifestqd3]. Our results are
similar to a previous study that used the same automated segmentation algorithonteipy a
videofluoroscopic evaluation, suggesting that we can exclude regoediors as the source of the
discrepancy [34]. Meanwhile, other studies which reported sex diffazs on swallowing duration
utilized manual inspection of the videofluoroscopic images or vibratorytsepectrum ( [44] and [43]
respectively), and reported much shorter durations. We assume ttléour loss of sex dependence
on swallowing duration is a result of processing and segmentation diffesdretween this and prior
studies. As the times when a swallow begins and ends are not clearly debmeidularly when
concurrent videofluoroscopic imaging is not utilized, this is not surprisiing lack of age dependence
in our swallowing duration data is most likely due to our small sample size. Ouiopiestudy, which
did report statistically significant effects of age, utilized a sample size thstonders of magnitude
larger than this study’s sample population. As a result, our past work hae statistical power to
detect what our regression analysis in this study suggests was a tglatiger influence [34].

Comparing swallowing sounds and swallowing accelerometry signals

Our time domain contrasts found only a few statistically significant differebeéseen swallowing
vibrations and sounds. We noticed that the anterior-posterior accelenosignal skewness had a
statistically significantly lower value than the acoustic signal. In fact, while swallp sounds can
have either positive or negative skewness, the A-P accelerometer s$igdatypically negative
skewness. This means that swallows produce vibrations in the antestarpo direction that slowly
increase in intensity before decreasing much faster, whereas swallsaimgls do not follow such a
consistent pattern [35]. We also found that the A-P accelerometer digibh statistically lower
Lempel-Ziv complexity when compared to the swallowing sound signals. Whiledimplexity of both
signals is already quite low, this indicates that our discretized A-P accele®ordata can be
compressed further without losing information about the signal [45].

The last statistically significant time domain comparison we found was the ematayyvhich was lower
in both accelerometer signals than in swallowing sounds. However, allsfgeals displayed entropy
close to 1 with only a single mean having a value beld¥9, indicating that all of our discretized signals
were highly predictable. While the exact level of regularity varies with eagal, our study shows that
both swallowing sounds and accelerometry follow a predictable pattern thikeatata is discretized to
ten levels.

Our frequency feature contrasts are particularly interesting. Firststmay that the swallowing sounds
contain statistically higher frequency components when compared to eitbelesmneter direction.
This demonstrates the existence of higher frequency features whichoaelftransduction method
detected. Second, our results demonstrate peak and centre fregueatiare much lower than those
reported in many other studies [10,15,28]. Even though we cannot exthaedpossibility that our
recording technique is the source of the discrepancy, it is more likely dusitase of different
experimental set-ups. Several of these past studies utilized recorelinzes which could not detect



sounds below 50 Hz and so would not be able to detect low frequenayriafmn to the same extent as
our microphone [10,14,19]. This is a difference that may be influencethdéymanual auditory or

spectrogram based segmentation used in other studies [10,28]. Notakly,stiudies do not take into
account the non-linear nature of human hearing, which generally duesxtend below 20 Hz, and

may have excluded valuable data from their analyses [46]. Finally, ooeatsot ignore the different
hardware and transduction methods used in these studies, which woul@dbhyvaffect both data

recording and the resulting analyses [10,14].

The wavelet energy plots in Figure 4 are distributed as one would expeciughly exponentially

decaying pattern as frequency increases. Clearly, they show thateheh®lming majority of signal

energy is concentrated in the lowest frequency components, particidathe A-P accelerometry and
microphone signals. This is logical, considering the time-scale that swallovgerates on and the
temporal dynamics of swallowing [47].

Future applications and limitations

The results presented in this work will provide tangible benefits to the desifutuse studies using

cervical auscultation. It provides baseline values for a wide selectié@atdres in both the time and
frequency domains with regards to healthy swallows. As a result, futuestigators will be able to
ensure that their chosen hardware is capable of recording their @ffaatively. This is especially
important when the researcher is choosing whether to utilize a microphomecalerometer, or both.
While several past studies have assumed that swallowing vibrations andssare identical [14-18],
this study demonstrates that the transduction modality does significantly afiettdata is recorded.
Certain filtering or other processing techniques that are useful formuality may not be applicable
to the other, whereas results obtained using sounds might not be coieperabsults found with

vibration data. Neither device is inherently superior, but instead they @fgahdifferent advantages
and disadvantages that must be accounted for during the study desagsqr

In addition, future investigators will also be able to compare their resultsuprably recorded from
subjects that do have swallowing disorders, to what this study has foitimdegards to healthy subjects.
This could be used to quickly and easily confirm proper function of difiedata collection systems as
well as reduce the need to manually gather data from a control group iwestigating pathological
effects on the data. If a cervical auscultation based method of scrdenihgsphagia is to be developed,
characterizing normal swallowing function so that it can later be objectivelypared to abnormal
swallowing is a necessary first step.

The greatest limitation of this study is the population sample size. By using multiple tealseve able
to collect a respectable number of individual swallows. However, aupsasize of 55 participants may
not be a perfect representation of the whole population. The sex andistgibutions of our sample
were kept relatively even, but other factors such as race werertifitially controlled for and their
distribution in our population sample was left to chance. In addition, this stustynewhat limited in
its scope. We investigated only saliva swallows made in a neutral head pagiteanmany other types
of swallows can be made, both in normal life and during a true clinical swaltpexamination. While
these results are useful due to the common occurrence of saliva swadlewstailed previously, they
may not be an accurate representation of swallows made in a differahpbegion or swallows made
with different bolus consistencies.

Conclusion

In this study, we recorded data from healthy adult subjects performihg savallows using both a
dual-axis accelerometer and a contact microphone. The nine differentatichérequency domain



features demonstrated varying degrees of significance with respece tsutlject’s sex, while no
features demonstrated any notable variation with respect to age. Wherarogghe swallowing
sound features to the accelerometer signals, we found that most of tiueeteavere statistically
significantly different with the exception of anterior-posterior acceletem&urtosis and wavelet
entropy as well as superior-inferior accelerometer skewness anaddnriplexity. We conclude that
despite their similarities, these two methods of transducing swallowing vibratt@hsaunds provide
distinct and complementary information about deglutition.
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