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Abstract

Itch is an aversive somatic sense that elicits the desire to scratch. In animal models of itch,

scratching behavior is frequently used as a proxy for itch, and this behavior is typically

assessed through visual quantification. However, manual scoring of videos has numerous

limitations, underscoring the need for an automated approach. Here, we propose a novel

automated method for acoustic detection of mouse scratching. Using this approach, we

show that chloroquine-induced scratching behavior in C57BL/6 mice can be quantified with

reasonable accuracy (85% sensitivity, 75% positive predictive value). This report is the first

method to apply supervised learning techniques to automate acoustic scratch detection.

1 Introduction

Chronic itch is major clinical problem that remains ill-addressed. There are hundreds of path-

ological conditions that result in chronic itch, such as atopic dermatitis, psoriasis, hepatic dis-

ease, renal disease, HIV and multiple sclerosis [1]. It is estimated that approximately 10% of

the general population (and 30% of the elderly) suffer from itch, which negatively affects sleep,

mood, and quality of life, thereby presenting an enormous health burden [1, 2].

Rodent models of acute or chronic itch are frequently used for both basic and preclinical

research studies aimed at understanding itch and developing better therapies [3–6]. In these

models, the scratching behavior is used as a proxy for itch. In response to pruritogens, mice

and rats show stereotyped bouts of site-directed scratching. Scratch bouts are a highly con-

served itch behavior that is characterized by a series of individual hindpaw-mediated scratches

(typically three to six) in rapid succession, followed by licking of the hindpaw. Traditionally,

this behavior has been quantified as an indirect measure of itch manually by recording behav-

ior and scoring videos manually. However, this type of analysis is time consuming; thus, sam-

ple sizes are often fairly small, and large scale experimentation is infeasible. These issues

underscored the need to develop an automated method for the detection of scratching that is

inexpensive and scalable.
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Several counting techniques have been proposed to address these issues. One strategy for

automated counting is to place a metal ring around the mouse’s hind paws and track perturba-

tions in an electromagnetic field in the cage [7, 8]. Others have used video analysis to track

paw movement and detect scratching [9–11]. A third proposal was to discriminate movement

measured by a force transducer under the mouse’s cage [12].

In this paper we propose a new method for automation through acoustic detection of

scratches which is related to the template matching method of [13], applied to rodents, and

[14], applied to humans. Acoustic detection is non-invasive and can be performed in the dark,

which is important because mice are nocturnal and lighting conditions that enable the visual

assessment of scratching are known to be stressful for mice. Additionally, audio recording

does not require specialized equipment. Our method is a two-step procedure: the first step

relies on a scan statistic to identify potential scratch bouts, and the second step uses a random

forest classifier for supervised learning and final classification. Accuracy was assessed based on

both random forest out-of-bag predictions and held out validation sets. We found that our

method detects between 70% and 85% (depending on the recording) of the true scratches pres-

ent with 75% predictive value (the proportion of claimed scratches that are accurate). Finally,

we evaluated how much training data is needed for accurate classification and how well a

trained classifier can extrapolate to a new recording.

2 Experimental setup

Our data come from six recording sessions. In each session, researchers placed a lone C57BL/6

mouse in a sound proofed cage in a quiet room and injected chloroquine disulphate diluted in

phosphate buffered saline (200 μg/20 μL) intradermally at the nape of the neck to induce itch-

ing. The amount of itch the mouse experiences is reflected in the frequency with which the

mouse scratches itself. Our goal was to detect and measure this scratching automatically, rather

than with manual observation. The raw audio data were samples from the soundwave across

time (i.e., the time domain); an example time segment is shown in Fig 1. A video was used for

manual identification of scratches, giving a ground truth with which we could measure accu-

racy. Specifications for the different recordings are given in Table 1. Note that the second

recording was performed in a separate lab with different equipment from the other five record-

ings. We include this to gain some insight into how our method performs under varying

conditions.

Mouse scratching occurs in small sets of rapid swipes, which we refer to as scratch bouts.
The goal of our procedure is to detect scratch bouts rather than individual scratches. The pat-

tern of scratching can be seen in both the time domain and in a time-frequency analysis (e.g., a

short-time Fourier transform), as in Fig 2. The time-frequency analysis decomposes the

soundwave into audio pitch strength across time to give a richer representation of the signal.

Scratches within bouts tend to occur with a period of approximately 50 ms. A full scratch

bout lasts between 200 and 500 ms but can be as long as a full second. Scratch bouts also tend

to occur in groups, often with less than a second of separation, consistent with previous results

[4, 15].

2.1 Ground truth labeling

We performed video-based labeling of scratch times by the naked eye. We first identified

approximate scratch times with full-speed viewing, and then used frame-by-frame analysis

and inspection of the audio spectrogram to more precisely label the onset and offset times of

scratch bouts. As individual scratches are near in frequency to video frame rates (20 Hz vs. 33
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Hz), there is occasionally some subjectivity in this method. Labels are precise up to approxi-

mately 50 ms, which is sufficient for the validation method described in Sec 3.3.

2.2 Ethics statement

This study was performed in strict accordance with the recommendations in the Guide for the

Care and Use of Laboratory Animals of the National Institutes of Health. Animals were han-

dled in compliance with an approved Institutional Animal Care and Use Committee (IACUC)

protocol (#14043431) of the University of Pittsburgh. Animal suffering caused by the experi-

ment was minimal.

3 Two-Pass method for scratch detection

Our proposed method has two main steps. First, we find time intervals where scratching may

have occurred by applying a filter to the time-frequency representation of the audio signal and

check for the rhythmic pattern that is characteristic of scratch bouts (Sec 3.1). Second, we use

supervised learning to classify which of the selected intervals truly contain scratch bout (Sec

3.2); this requires a set of pre-labeled intervals to train the classifier and suitably chosen audio

signal features that can distinguish between scratching and other confounding behaviors.

Fig 1. A 700 ms recorded sound wave including a scratch bout. The peaks correspond to individual

scratches. This bout lasts approximately 400 ms.

https://doi.org/10.1371/journal.pone.0179662.g001

Table 1. Recording specifications.

Recording # 1 2 3 4 5 6

# Microphones 2 1 2 2 2 2

Audio Samp. Rate (kHz) 44.1 96 44.1 44.1 44.1 44.1

Bit Depth 16 16 16 16 16 16

Video Frame Rate (fps) 30 30 30 30 30 30

Time Recorded (min:sec) 35:15 8:23 45:16 45:28 46:15 46:23

https://doi.org/10.1371/journal.pone.0179662.t001
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3.1 Identifying candidate islands

Our goal in the first step of the procedure is to pare down the full recording into a set of time

intervals we call candidate islands that can be classified. This set should contain as many of the

actual scratch bouts as possible; we are willing to tolerate collecting false positives as they can

be removed during the classification step.

The collection process works by first identifying peaks in sound intensity that resemble

individual scratches. We do this by applying a filter to a time-frequency representation of the

recording then using a simple rule to automatically pick particular local maxima in the filtered

signal. We are then able to aggregate peaks found across all microphones into groups matching

the typical periodicity of scratches observed within bouts.

3.1.1 Preliminary filtering. Scratch-like signals can be seen in the sound wave (Fig 1) but

are not visible in all frequency bands (Fig 2). Filtering out noisy frequency bands will therefore

yield a clearer signal. When an experiment involves more than one microphone, the filtering

step operates separately on each microphone’s recording.

To get a time-frequency representation of the signal, we calculate a short-time Fourier

transform using time bins of approximately 3 ms (128 samples at 44.1 kHz; 256 samples at 96

kHz), an overlap of three fourths of each bin, and a Gaussian window function. In each time

Fig 2. A spectrogram showing the short-time Fourier transform of the scratch bout from Fig 1. Vertical bands in the graph correspond

to individual scratches. These bands are more distinct above 10 kHz.

https://doi.org/10.1371/journal.pone.0179662.g002
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bin, the modulus of each Fourier coefficient measures the strength of the signal at a given fre-

quency, and this can be displayed in a spectrogram as in Fig 3A and 3B.

The power in the signal above 10 kHz is found by summing the squared Fourier coefficients

corresponding to frequencies over 10 kHz. Doing this in each time bin gives us, for each

microphone, a time series of power measurements. The time series is then smoothed using a

triangular kernel smoother with a bandwidth of approximately 8 ms. An example result is

shown in Fig 3C and 3D. The bandwidth was chosen to match the typical duration of an indi-

vidual scratch. The triangular kernel was chosen to act approximately as a matched filter, with

a triangle mimicking the expected change in power over the duration of an individual scratch.

3.1.2 Peak detection and grouping into candidate islands. After obtaining the smoothed

power measurements, we choose groups of local maxima that resemble scratch bouts: individ-

ual scratches should be short, sharp peaks in power, and scratch bouts should consist of groups

of peaks with a period of approximately 50 ms.

We define localized peaks in power to be points in the time series that are of maximal

power within 25 ms and also exceed the minimum power in that interval by a chosen threshold

h; see Fig 4. We can define this formally: if Pt is the smoothed power above 10 kHz at time t
and I 25

t is the time interval within 25 ms of t, then t� is a labelled peak time if it satisfies

Pt� ¼ max
t2I25

t�

Pt; and Pt� � h > min
t2I25

t�

Pt: ð1Þ

Fig 3. Spectrograms with the filtered signal. (A,B) Spectrograms of a scratch bout recorded on two channels. (C,D) Corresponding candidate islands.

We observe variation between peak heights and number of peaks. The red dots indicate locations that were marked as peaks using the method described

in Sec 3.1.2.

https://doi.org/10.1371/journal.pone.0179662.g003
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We can combine sets of peak times from two microphone channels by taking the union

then merging any pair of points within 5 ms of each other. The remaining peaks are grouped

into candidate islands by finding chains of peaks with less than 120 ms between adjacent

peaks. Any chains with fewer than three peaks are discarded, yielding the final set of candidate

islands. This procedure’s sensitivity to local maxima is controlled by the choice of h, which

determines how distinct a peak in power must be from the surrounding signal. Because candi-

date islands will be checked again in the classification phase (Sec 3.2), we tune h to capture

almost all scratch bouts, at the likely expense of including many candidate islands not corre-

sponding to scratch bouts.

An example candidate island is shown in Fig 3. This example shows that the two micro-

phones do not necessarily produce estimates of exactly the same peaks. There are also some

local maxima in the time series of power measurements that are not significant enough to be

considered peaks.

The template matching method [13] also uses acoustic recordings to detect scratches, but

aims to count individual scratches instead of entire bouts. This is more ambitious because

individual scratches have irregular waveforms even within bouts. The method first applies a

bandpass filter to the signal and for each 50 ms interval, it calculates the log of the ratio of the

sum of the squared time domain signal in the central 10 ms to the sum of the squared signal in

the outer 40 ms. This template captures the idea that an individual scratch should cause a spike

in the signal power lasting approximately 10 ms surrounded by periods of low power. Using

this template gives a transformed time series analogous to Sec 3.1.1. Candidate scratches are

Fig 4. Two local maxima in the filtered signal. The top of each dashed box corresponds to the height of the local

maximum, and the vertical dashed lines show the 25 ms band around the local maximum. The bottom of the dashed

box shows the height of the local maximum minus the threshold h. On the right, the minimum in the interval is much

smaller than the threshold, so the local maximum is considered a peak. On the left, the minimum in the interval is above

the dashed line, so that local maximum is not considered a peak.

https://doi.org/10.1371/journal.pone.0179662.g004
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taken to be peaks above a fixed threshold in this time series, and groups of candidate scratches

with an approximate periodicity of 50 ms are labeled as scratches. This last step is analogous to

Sec 3.1.2, although we use a local, not a fixed, threshold. Also, we do not constrain the peaks

within a bout to be approximately equally spaced, so that candidate bouts that are contami-

nated by artifacts may be considered. Where the two methods differ more dramatically is that

ours includes a random forest classification step. When we applied the method by Umeda

et al. to our acoustic recordings we found that, in order to achieve 85% sensitivity to true

scratches, there was a false discovery rate of 84%. This unacceptably high rate of false positives

was likewise observed in our initial experiments when we used filtering but no classification.

However, the classification step dramatically improves on this performance, resulting in an

85% sensitivity to true scratches with only a 25% false discovery rate. This increase in predic-

tive value of automatic acoustic detection should thus enable reliable quantification of scratch

behavior in mouse. We explain the classification step next.

3.2 Classifying candidate islands with random forests

After creating candidate islands, we use a trained classifier to get final labels. Labeling the can-

didate islands requires features that capture important characteristics of the data as well as a

classification method capable of distinguishing between the observed features for scratches

and non-scratches. Many of the features we use aim to characterize rhythmic patterns in the

data. We also make use of audio pitch (frequency) information via the Fourier transform.

The feature extraction process gives us a high dimensional feature set, with many that are

highly correlated. There are also potentially many complex interactions between features. The

decision boundary for classification of scratches or non-scratch behavior is likely nonlinear.

Random forest classifiers handle these particular properties well.

3.2.1 Feature design. Most of our classifying features combine a transformation of the

data, yielding a new time series of data, with a function extracting a characteristic of the trans-

formed signal. Different transformations expose different patterns common among scratches,

and the set of extraction functions provides a large body of informative features.

We first calculate a spectrogram, that is a short-time Fourier transform (Sec 3.1.1) and use

it to obtain the six new time series described below:

1. We convolve the power above 10 kHz with a triangular kernel; this is the filter used for col-

lecting candidate islands (Sec 3.1.1).

2. We convolve the power above 15 kHz with a triangular kernel.

3. We convolve the power above 20 kHz with a triangular kernel.

4. We first convolve the power above 10 kHz with a triangular kernel, then convolve the result

with a Gaussian kernel.

5. We first convolve the power above 10 kHz with a triangular kernel, then convolve the result

with a mixture of two Gaussian kernels.

6. At each time point we calculate a normalized inner product of the spectrum with an average

of spectra drawn from a sample of scratches.

Then for each of these six new time series, we find peaks using the same technique as when

collecting candidate islands (Sec 3.1.2), and we apply each of the following extraction

functions:

1. The number of peaks.
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2. The average time between peaks.

3. The standard deviation of times between peaks.

4. The mean, median, minimum, maximum, and standard deviation of the transformed time

series.

5. The mean, median, minimum, maximum, and standard deviation of the transformed time

series over the set of peaks.

6. The mean, median, minimum, maximum, and standard deviation of the full width at half

maximum of each peak. The full width at half maximum captures the duration of a peak.

When an extraction function is not defined (e.g. if a time interval only has two peaks, then

there is only one length of time between the peaks, so the third extraction function is not

defined), the feature is coded as -1.

In addition to features extracted from time series transformations, we use features describ-

ing the frequency distribution across the candidate island. First we calculate a short-time Fou-

rier transform using bins of length 50 ms and an overlap of 38.5 ms. Letting c(t, ω) be the

Fourier coefficient for frequency ω at time t, we calculate a mean and maximum across time:

c1ðoÞ ¼
1

T

XT

t¼1

cðt;oÞ; ð2Þ

c2ðoÞ ¼ max
t2f1;...;Tg

cðt;oÞ; ð3Þ

where T is the number of time bins across the island, and

mi;j;k ¼

P
o

okciðoÞ
j

P
o

ciðoÞ
j ð4Þ

for (i, j, k) 2 {1, 2}3 to obtain the first and second moments of c1 and c2 with respect to ω for

squared and non-squared coefficients.

Lastly, we include the duration of each candidate island as a feature.

3.2.2 Improving accuracy with neighborhood-adjusted prediction. Given the numerous

features for each candidate island, we could classify them as scratches or non-scratches inde-

pendently of one another. However, we observed that scratch bouts do not occur indepen-

dently but instead are clustered in time. That is, given a candidate island, if nearby islands are

scratch bouts, it is more likely that the island of interest is also a scratch bout. Conversely, if

nearby islands are not scratch bouts, it’s likely that the candidate island is a false positive as

well. To take this into account we need an estimate of how likely scratch bouts are at any par-

ticular time. We estimate this likelihood from the random forest output as follows. Given a

candidate island, we find all other candidate islands within 7.5 s. These neighbors are close

enough that they’re likely to be part of the same behavior, be it scratching, walking, or groom-

ing. We calculate the average predicted probability of scratching across the neighbors and mul-

tiply it with the original random forest predicted probability. Therefore, if there is an epoch

where many candidate islands have high predicted probability, multiplying by the average

probability will amplify the predicted probabilities for all candidate islands in that epoch, even

ones that were previously classified as non-scratches.
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3.3 Measuring prediction accuracy

To evaluate the usefulness of our method, we compare our predictions to the ground truth.

The ground truth we use is a set of time intervals manually labeled from video as scratch bouts,

and in general these intervals will not perfectly overlap with any candidate islands. Ideally

there will be a single candidate island almost exactly matching a labeled scratch bout, but in

some cases there is only (i) partial overlap, (ii) multiple candidate islands overlapping with a

scratch bout, or (iii) multiple scratch bouts within a single candidate island. We process these

various cases as follows. We count as a match any overlap of more than 50 ms between a

scratch-classified candidate island and a manually labeled scratch bout, since this suggests that

at least two swipes within the bout were correctly detected. Each one-to-one match between

scratch bout and scratch-classified candidate island is considered a true positive. We also

count one true positive for each scratch-classified candidate island that encompasses multiple

manually labeled scratch bouts and each manually labeled scratch bout that encompasses mul-

tiple scratch-classified candidate islands. Any scratch-classified candidate island that fails to

overlap with a scratch bout is considered a false positive.

Two common measures of classifier performance are the sensitivity and false discovery rate.

The former is the proportion of actual scratch bouts we were able to find, that is

Sensitivity ¼
#True Positives
#Scratch Bouts

: ð5Þ

The false discovery rate (FDR) is the proportion of candidate islands we labeled as scratch

bouts that actually weren’t, that is

FDR ¼
#False Positives

#True Positivesþ#False Positives
: ð6Þ

A perfect classifier, with 100% sensitivity and 0% false discovery rate, is seldom achievable so

we look for a classifier with the best tradeoff between the two rates. The tradeoff for a random

forest is determined by the cutoff in predicted probability used for distinguishing between

scratches and non-scratches. Increasing the cutoff raises the probability prediction necessary

to consider a candidate island a scratch but decreases the sensitivity since fewer candidate

islands will be deemed scratch bouts. This will also lead to fewer false selections, so as the cutoff

increases the false discovery rate will tend to decrease.

To get accurate estimates of performance, we do not use the same data for both training

and testing the classifier, because the classifier may overfit the training data leading to an opti-

mistic performance estimate. Instead, we take advantage of the structure of the random forest

to only measure predictions for observations not used in training. When training a random

forest, each decision tree in the forest is trained on a random subset (a bag) of observations.

We calculate the “out-of-bag” performance as follows. We measure the classification accuracy

for a given candidate island by only counting votes from trees that were not trained on that

candidate island. We repeat for each candidate island and count the number of true and false

positive detections.

We cannot use out-of-bag predictions when testing the neighborhood-adjusted method

(Sec 3.2.2). Indeed, any given candidate island is likely to be used to train decision trees used

for out-of-bag predictions of its neighbors, so that the true classification unfairly informs the

adjusted predicted probability, thus biasing the estimated accuracy. We evaluate the neighbor-

hood-adjusted method by training and testing on separate recordings.
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4 Results

We tested our scratch detection method on six audio recordings of mice with induced itching.

Videoa of the experiment were also recorded for hand labeling of when scratching occurred.

The manual labels were used as a ground truth against which our method could be compared.

We measured accuracy using sensitivity, the proportion of true scratching that was successfully

detected, and false discovery rate, the proportion of our predicted scratches that were incorrect

(Sec 3.3).

Fig 5 shows the performance of our method on all recordings. For recordings 1 to 5 we

show the out-of-bag accuracy, and for recording 6 we show the accuracy of predicting scratch

bouts with a classifier trained on recording 5, with and without neighborhood adjustment (Sec

3.2.2). We observed similar accuracy across recordings 1, 2, 4 and 5, with sensitivity ranging

from 70% to 85% given a false discovery rate of 25%. The accuracy for recording 6 is much

lower, at 55%, which suggests that it is better to use training data from a portion of the record-

ing one wishes to automatically label rather than another data set. The neighborhood adjust-

ment we applied to recording 6 gave a boost of about 10% in sensitivity for any given false

discovery rate.

Fig 5. Classification accuracy for each recording. We compare the tradeoff between sensitivity and false discovery rate for out-of-bag predictions for

the first 5 recordings. We also include results for recording 6 when using recording 5 to train the random forest. Performance is best for recordings 1, 2, 4

and 5. The neighborhood adjustment method (Sec 3.2.2) gives an improvement over the unadjusted cross prediction.

https://doi.org/10.1371/journal.pone.0179662.g005
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Table 2 summarizes the behavioral sources of false positive scratch detections in recording

1. The most common false positives were time periods where the mouse was walking around

in its cage or grooming. It is likely that supplying labels in the training data for these confound-

ing behaviors would improve performance.

Fig 5 also shows that the classifier’s performance is inferior for recording 3. This happened

because there is only a small number of scratches in the recording. We show this by drawing

stratified subsamples from recording 4 to simulate recordings with varying amounts of true

scratches. In recording 3, we found 2,090 candidate islands, with 255 (12%) true scratch bouts,

compared to 2,880 candidate islands and 810 (28%) true scratch bouts in recording 4. We sam-

pled separately from true scratch bouts and false candidate islands in recording 4 to simulate

the lower scratching rate in recording 3. Fig 6 shows the tradeoffs between sensitivity and false

discovery rate for recordings 3 and 4 together with a 90% simulation interval of this tradeoff in

30 stratified subsamples from recording 4. The results under stratified subsampling are compa-

rable to the results for recording 3. This shows that it is more difficult to adequately detect

scratching when it is less common.

Our algorithm classifies automatically but one choice we must make is the amount of

labeled data to use when training the classifier. Fig 7 shows the tradeoff between sensitivity

and false discovery rate for recordings 3 and 4 along with the average tradeoff for sets of 10

uniform subsamples of size 500 and 2,000 from recording 4. When using subsamples of size

2,000, we lose on average between 5 and 10% sensitivity, depending on the false discovery rate.

For subsamples of size 500, we lose on average between 15 and 20% sensitivity.

Our method also allows us to estimate changes in itch over time. Fig 8 compares the rates of

out-of-bag predicted scratch bouts to the true rates of scratch bouts in recordings 3, 4 and 5.

The rates at each time point are estimated using kernel smoothing. We see that the fluctuations

in scratching over time are closely matched by the fluctuations in predicted scratch rates. The

ability to analyze itch behavior over time may be particularly important to study conditions of

chronic itch. Most pathological conditions of pruritus result in persistent itch lasting days,

rather than minutes, which is much more difficult to quantify manually. In contrast, the auto-

mated detection of scratching behavior would greatly facilitate the analysis of itch over

extended time periods.

5 Conclusion

In this paper, we proposed a method for acoustic detection of mouse scratching behavior. Our

method uses a scanning statistic to detect time intervals where scratching may have occurred

then supervised classification via random forest and adaptive thresholding to generate final

predictions. Applying this supervised approach to many descriptive statistics from potential

scratch bouts allowed us to use more complex rules to discriminate between scratching and

similar activities than any possible hand-designed rule, leading to more accurate classification.

We measured accuracy based on both random forest out-of-bag predictions and held out

Table 2. Sources of false positives in recording 1.

Behavior Count % of Labeled Scratches

Walking Around 15 8.1%

Grooming 15 8.1%

Standing on Hind Legs 1 0.1%

Sitting Down 3 1.6%

https://doi.org/10.1371/journal.pone.0179662.t002
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validation sets. We also evaluated how much training data is needed for good classification

and how well a trained classifier can extrapolate to a new recording. We find that our method

detects between 70% and 85% of the true scratches present with only 25% of claimed scratch

bouts erroneous. We show that performance depends on the amount of scratching in the

recording and improves when training and predicting on the same recording. Thus, we rec-

ommend using labeled data from a portion of the same recording to get best results, as well as

labeling other potentially confounding behavior. Overall, this method enables the quantifica-

tion of itch using simple equipment and automatic detection with reasonable accuracy.

Traditionally, animal behaviors such as scratching have been analyzed through careful

human observation. However, there is recent interest in automated, large-scale analysis of

behavior [16]. Although the accurate identification of complex behaviors remains a challenge,

scratching is a highly stereotyped innate behavior, which may facilitate its identification by

automated measures. One of the advantages of the method described here is that it is not a

one-size-fits-all solution. Rather, the supervised approach allows for context-specific variation

Fig 6. Performance response to class balance. We compare the results from recordings 3 and 4 to results for stratified subsamples of

candidate islands from recording 4. The subsamples draw separately from true scratch bouts and false candidate islands to match the class

balance for recording 3. The tradeoffs for recordings 3 and 4 are plotted alongside an interval covering 90% of 30 stratified subsamples from

recording 4. The performance under subsampling is comparable to that of recording 3.

https://doi.org/10.1371/journal.pone.0179662.g006
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due to, for instance, differences in background noise, microphone placement, and other fac-

tors that will vary from one environment to another. As a result, though our results were col-

lected from a single strain and small number of mice tested with a single pruritogen, it is likely

that the approach will be broadly applicable to the audio detection of scratch. In this regard, it

should be emphasized that the automated acoustic detection described here, while a significant

improvement over previous automated methods [13], is still not as accurate as human observa-

tion, which remains the gold standard. Nevertheless, automated detection of itch remains an

important goal. In this regard, it is noteworthy that acoustic method to quantify nocturnal

scratching of atomic dermatitis patients using a wristwatch-type sound detector has recently

been developed [14], and it is hoped that automated detection will provide an objective mea-

sure of itch that will be a useful endpoint in future clinical trials for pruritus.

Fig 7. Performance response to training sample size. We compare the results from recordings 3 and 4 to results for subsamples of

candidate islands from recording 4. The FDR-sensitivity tradeoffs for recordings 3 and 4 are plotted alongside the average tradeoffs across 10

subsamples from recording 4 of size 2,000 and 500.

https://doi.org/10.1371/journal.pone.0179662.g007

Automated acoustic detection of mouse scratching

PLOS ONE | https://doi.org/10.1371/journal.pone.0179662 July 5, 2017 13 / 16

https://doi.org/10.1371/journal.pone.0179662.g007
https://doi.org/10.1371/journal.pone.0179662


Acknowledgments

This work was supported in part by NIH training grants NS073548 and NS092146 (LMS),

NIH R01 grants AR063772 and AR064445 (SER), and NIH R01 grant MH064537 (VV).

Author Contributions

Conceptualization: PE MG SER VV.

Data curation: PE.

Formal analysis: PE.

Fig 8. Actual vs predicted scratching rates over time. We compare the true rates of scratching over time estimated using kernel smoothing to rates

based on out-of-bag predictions from our method. We see that important trends are picked up, e.g. the decline in scratching over time in recording 4 and

the three large groups of scratching in recording 3.

https://doi.org/10.1371/journal.pone.0179662.g008

Automated acoustic detection of mouse scratching

PLOS ONE | https://doi.org/10.1371/journal.pone.0179662 July 5, 2017 14 / 16

https://doi.org/10.1371/journal.pone.0179662.g008
https://doi.org/10.1371/journal.pone.0179662


Funding acquisition: SER.

Investigation: LMS.

Methodology: PE MG VV.

Project administration: MG SER VV.

Resources: PE MG SER VV.

Software: PE.

Supervision: MG VV.

Validation: PE.

Visualization: PE.

Writing – original draft: PE.

Writing – review & editing: PE MG SER VV.

References
1. Weisshaar E, Dalgard F. Epidemiology of itch: adding to the burden of skin morbidity. Acta Derm Vener-

eol. 2009; 89(4): 339–350. https://doi.org/10.2340/00015555-0662 PMID: 19688144

2. Yosipovitch G. Epidemiology of Itching in Skin and Systemic Diseases. In: Yosipovitch G, Greaves

MW, Fleischer AB, McGlone F, editors. Itch: basic mechanisms and therapy. New York: Marcel Dek-

ker, Inc.; 2008. pp. 183–191.

3. Kuraishi Y, Nagasawa T, Hayashi K, Satoh M. Scratching behavior induced by pruritogenic but not alge-

siogenic agents in mice. Eur J Pharmacol. 1995; 275(3): 229–33. https://doi.org/10.1016/0014-2999

(94)00780-B PMID: 7539379

4. Cuellar JM, Jinks SL, Simons CT, Carstens E. Deletion of the preprotachykinin A gene in mice does not

reduce scratching behavior elicited by intradermal serotonin. Neurosci Lett. 2003; 339(1): 72–76.

https://doi.org/10.1016/S0304-3940(02)01458-1 PMID: 12618303

5. Sun YG, Chen ZF. A gastrin-releasing peptide receptor mediates the itch sensation in the spinal cord.

Nature. 2007; 448(7154): 700–703. https://doi.org/10.1038/nature06029 PMID: 17653196

6. Ross SE, Mardinly AR, McCord AE, Zurawski J, Cohen S, Jung C, et al. Loss of inhibitory interneurons

in the dorsal spinal cord and elevated itch in Bhlhb5 mutant mice. Neuron. 2010; 65(6): 886–898.

https://doi.org/10.1016/j.neuron.2010.02.025 PMID: 20346763

7. Elliott GR, Vanwersch RAP, Bruijnzeel PLB. An automated method for registering and quantifying

scratching activity in mice. J Pharmacol Toxicol Methods. 2000 Nov-Dec; 44(3): 453–9. https://doi.org/

10.1016/S1056-8719(01)00111-3 PMID: 11395322

8. Marino M, Huang P, Malkmus S, Robertshaw E, Mac E, Shatterman Y, et al. Development and valida-

tion of an automated system for detection and assessment of scratching in the rodent. J Neurosci Meth-

ods. 2012 Oct 15; 211(1): 1–10. https://doi.org/10.1016/j.jneumeth.2012.08.002 PMID: 22971351

9. Orito K, Chida Y, Fujisawa C, Arkwright PD, Matsuda H. A new analytical system for quantification

scratching behaviour in mice. Br J Dermatol. 2004 Jan; 150(1):33–8. https://doi.org/10.1111/j.1365-

2133.2004.05744.x PMID: 14746614

10. Ishii I, Nie Y, Yamamoto K, Orito K, Matsuda O. Real-time and Long-time Quantification of Behavior of

Laboratory Mice Scratching. IEEE Int Conf Automation Sci Eng (CASE). 2007;.

11. Nie Y, Takaki T, Ishii I, Matsuda H. Algorithm for Automatic Behavior Quantification of Laboratory Mice

Using High-Frame-Rate Videos. SICE Journal of Control, Measurement, and System Integration. 2012;

4:322–331. https://doi.org/10.9746/jcmsi.4.322

12. Brash HM, McQueen DS, Christie D, Bell JK, Bond SM, Rees JL. A repetitive movement detector used

for automatic monitoring and quantification of scratching in mice. J Neurosci Methods. 2005 Mar 15;

142(1):107–14. https://doi.org/10.1016/j.jneumeth.2004.08.001 PMID: 15652623

13. Umeda K, Noro Y, Murakami T, Tokime K, Sugisaki H, Yamanaka K, et al. A novel acoustic evaluation

system of scratching in mouse dermatitis: rapid and specific detection of invisibly rapid scratch in an

atopic dermatitis model mouse. Life Sci. 2006 Oct 26; 79(22):2144–50. https://doi.org/10.1016/j.lfs.

2006.07.010 PMID: 16914167

Automated acoustic detection of mouse scratching

PLOS ONE | https://doi.org/10.1371/journal.pone.0179662 July 5, 2017 15 / 16

https://doi.org/10.2340/00015555-0662
http://www.ncbi.nlm.nih.gov/pubmed/19688144
https://doi.org/10.1016/0014-2999(94)00780-B
https://doi.org/10.1016/0014-2999(94)00780-B
http://www.ncbi.nlm.nih.gov/pubmed/7539379
https://doi.org/10.1016/S0304-3940(02)01458-1
http://www.ncbi.nlm.nih.gov/pubmed/12618303
https://doi.org/10.1038/nature06029
http://www.ncbi.nlm.nih.gov/pubmed/17653196
https://doi.org/10.1016/j.neuron.2010.02.025
http://www.ncbi.nlm.nih.gov/pubmed/20346763
https://doi.org/10.1016/S1056-8719(01)00111-3
https://doi.org/10.1016/S1056-8719(01)00111-3
http://www.ncbi.nlm.nih.gov/pubmed/11395322
https://doi.org/10.1016/j.jneumeth.2012.08.002
http://www.ncbi.nlm.nih.gov/pubmed/22971351
https://doi.org/10.1111/j.1365-2133.2004.05744.x
https://doi.org/10.1111/j.1365-2133.2004.05744.x
http://www.ncbi.nlm.nih.gov/pubmed/14746614
https://doi.org/10.9746/jcmsi.4.322
https://doi.org/10.1016/j.jneumeth.2004.08.001
http://www.ncbi.nlm.nih.gov/pubmed/15652623
https://doi.org/10.1016/j.lfs.2006.07.010
https://doi.org/10.1016/j.lfs.2006.07.010
http://www.ncbi.nlm.nih.gov/pubmed/16914167
https://doi.org/10.1371/journal.pone.0179662


14. Noro Y, Omoto Y, Umeda K, Tanaka F, Shiratsuka Y, Yamada T, et al. Novel acoustic evaluation sys-

tem for scratching behavior in itching dermatitis: Rapid and accurate analysis for nocturnal scratching of

atopic dermatitis patients. J Dermatol. 2014 Mar; 41(3):233–8. https://doi.org/10.1111/1346-8138.

12405 PMID: 24506694

15. Akiyama T, Carstens MI, Carstens E. Differential itch- and pain-related behavioral responses and

μ-opoid modulation in mice. Acta Derm Venereol. 2010 Nov; 90(6):575–81. https://doi.org/10.2340/

00015555-0962 PMID: 21057739

16. Wiltschko AB, Johnson MJ, Iurilli G, Peterson RE, Katon JM, Pashkovski SL, et al. Mapping Sub-Sec-

ond Structure in Mouse Behavior. Neuron. 2015 Dec 16; 88(6):1121–35. https://doi.org/10.1016/j.

neuron.2015.11.031 PMID: 26687221

Automated acoustic detection of mouse scratching

PLOS ONE | https://doi.org/10.1371/journal.pone.0179662 July 5, 2017 16 / 16

https://doi.org/10.1111/1346-8138.12405
https://doi.org/10.1111/1346-8138.12405
http://www.ncbi.nlm.nih.gov/pubmed/24506694
https://doi.org/10.2340/00015555-0962
https://doi.org/10.2340/00015555-0962
http://www.ncbi.nlm.nih.gov/pubmed/21057739
https://doi.org/10.1016/j.neuron.2015.11.031
https://doi.org/10.1016/j.neuron.2015.11.031
http://www.ncbi.nlm.nih.gov/pubmed/26687221
https://doi.org/10.1371/journal.pone.0179662

