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Abstract

Today, chronic itch affects up to 15% of the population, and is associated with over $90
Billion in annual population-expenditures in the US. Despite all the interest around
this area, there’s still no solution for quantifying nocturnal scratching and its impact
on patients’ sleep quality in an objective, sensitive and privacy preserving way. In
this work we collect large nocturnal scratching dataset, consisting of 370 nights of
infrared footage, radio-frequency (RF) data, and human annotations of scratching.
Using this data, we develop a neural network model that can detect occurrences of
nocturnal scratching using only radio signals. The developed model can achieve very
high accuracy in measuring meaningful scratching metrics, across a diverse population
of patients. Additionally, by utilizing prior art on extracting sleep stages from radio
signals, we can gain insights about the effect of itch on the sleep quality of a chronic
itch patients, especially relative to healthy individuals.
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Chapter 1

Introduction

Itch, a basic sensation that can be evoked by a mosquito bite, becomes a torturous
experience when chronic. Chronic itch is so brutal that, in Dante’s Inferno, falsifiers
were eternally punished by "the burning rage of fierce itching that nothing could
relieve". Today, chronic itch affects up to 15% of the population, and is associated
with over $90 Billion in annual population-expenditures in the US [1]. It is often
as debilitating as chronic pain and has a profound negative impact on quality of life
[2, 3, 4]. Despite all the recent advances resulting in a new FDA-approval for itch in
the setting of chronic kidney disease and cholestasis [5|, many chronic pruritic con-
ditions such as atopic dermatitis (AD), prurigo nodularis (PN), and chronic pruritus
of unknown origin (CPUO) do not have itch as a specific indication. A key challenge
for both the management and development of new drugs is the lack of an objective
measure for quantifying itch [6]. The current clinical standard for quantifying itch is
the numerical rating scale (NRS), which is a score (from 0 to 10) patients assign to
their itch over the past 24 hours [7]. This method has low sensitivity and generalizes
poorly across populations [8, 9.

For two decades the research community has tried to address this problem even-
tually proposing nocturnal scratching as an objective measure for quantifying itch
[10, 11, 12, 13, 14, 15]. One promising method for quantifying nocturnal scratching
is through an infrared camera installed into the patient’s bedroom. Although this

method is considered the golden standard in terms of accurately measuring nocturnal
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Figure 1-1: Illustration of video-based and radio-based assessment of
scratching and sleep. (a) Assessment of nocturnal scratching through human
annotation of infrared videos of a patient in their bed. This approach is privacy in-
trusive, has high overhead, and requires a lot of manual human labor. (b) Assessment
of nocturnal scratching by analyzing the radio waves that bounce off a patient in their
bed, using a machine learning model. This approach is privacy preserving, has low
overhead, and inference can be performed automatically.

scratching, it comes with some important drawbacks, such as privacy intrusion, and
high overhead in time and cost [13, 14, 15]. Finally, some prior work has proposed
solutions based on wearables (e.g., wrist actigraphy watches). However, this too has
limitations, such as low accuracy and compliance issues.

Thus, while nocturnal scratching is a promising metric for quantifying itch, there
remains a strong need for an accurate, low overhead, privacy-preserving method for
measuring scratching.

Furthermore, chronic itch leads to disturbed sleep and diminished quality of life

[16, 17, 18], hence an ideal solution would concurrently measure scratching and its im-
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pact on sleep. Poor sleep is associated with major co-morbidities including behavioral
and neurocognitive deficits in children with chronic eczema [16], and cardiovascular
death in patients suffering uremic pruritus [19]. Sleep studies in itch patients have
mostly relied on patients’ self-assessment via sleep-related questionnaires such as the
Pittsburgh Sleep Quality Index (PSQI) and the Medical Outcomes Study (MOS)
[20, 21]. Like self-assessment of itch, sleep self-assessment is subjective, insensitive,
and difficult to conduct in children and cognitively impaired patients. One option for
characterizing the impact of itch on sleep is to conduct polysomnography (PSG) sleep
studies |22, 23], in which patients sleep in a sleep lab instrumented with a plethora
of sensors and electrodes on the head and body. Such option however imposes a high

burden on patients and is impractical for continuous daily sleep measurements.

This work develops an objective, sensitive, and easy-to-use solution that measures
both nocturnal scratching and its impact on sleep. We build on recent results in
wireless sensing, which have demonstrated the feasibility and accuracy of monitoring
physiological signals (e.g., breathing, heart rate, sleep stages, and gait) by analyzing
the radio signals that bounce off people’s bodies, without physical contact or wearable
devices |24, 25, 26, 27, 28, 29, 30, 31, 32].

Our design is based on a non-obtrusive wireless device that sits in the background
at home, much like a Wi-Fi router (see Fig. 1-2). It transmits a low power radio signal
(1000 times lower power than home Wi-Fi) and captures its reflections. Since the
human body is primarily water, it reflects the radio signal and modulates it with the
subject’s movements. The device analyses the reflected radio signals using machine
learning (ML) to infer scratching and sleep. To infer sleep, we leverage past work on
sleep characterization using radio signals [29, 32]. To infer scratching instances, we
have developed a novel neural network model. The network first identifies repetitive
motion patterns that characterize scratching, then processes those patters to output
a time series labeled with the occurrence of scratching instances. The approach is
passive and does not require patients to wear sensors or report the severity of their

symptoms. Figure 1-1 (b) illustrates the operation of our solution.

We have conducted an observational clinical trial to evaluate our radio-based

21



2 il 3N

Figure 1-2: Example of a deployed device in a patient’s bedroom.

solution. We also leveraged the device to characterize the impact of scratching on

sleep quality.

In short, this work presents the following:

Development of a system for measuring nocturnal scratching in an objective,

sensitive, and privacy-preserving way, using radio signals and machine learning.

We ran a clinical study and collected hundreds of nights of sleep and nocturnal

scratching data using both an infrared video camera and radio signals.

The proposed model can achieve a ROC AUC of 0.9956, Precision-Recall AUC

of 0.8595, and can accurately extract meaningful metrics that characterize itch.

We compare patients’ self-reported itch severity, a subjective metric, with the
ground truth scratching from infrared cameras, an objective metric, and show

that the two metrics are only weakly correlated.

We extract sleep metrics from the chronic itch patients, and show that noctur-
nal scratching has a significant negative impact on their sleep efficiency, sleep

latency and WASO (wake after sleep onset).
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Chapter 2

Related Work

2.1 Patient-Reported Outcomes

Assessment of itch is very often performed through patient self-reporting. The patient
is asked to give a subjective evaluation of their condition. Several different patient-
reported outcome (PROs) metrics have been developed to quantify itch severity. The
most prominent self-assessment metrics available are the numerical rating scale (NRS)
[7], the visual analog scale (VAS) [33], and the 5-D itch scale [10]. The NRS is a
popular choice due to its simplicity; the patients are only required to assign a number
to their itch on the scale of 0 (“no itch”) to 10 (“worst imaginable itch”). The VAS is
another common choice for clinical trials. It consists of a 10cm long line, and patients
are asked put a mark on the line depending on their itch intensity. The leftmost end
represents "no itch" while the rightmost end represents "worst imaginable itch". The
5-D itch scale is slightly more involved. It asks the patients to assess their itch on 5
different dimensions, specifically, degree, duration, direction, disability, distribution.

Although valuable tools, PROs suffer from three key limitations: 1) They are
highly subjective and hard to generalize across patients [8]. 2) They lack sensitivity
because humans are not tuned to quantify small changes in their condition [8, 9]. This
is compounded by the fact that itching and scratching are often subconscious and
may occur during sleep, and hence patients may not be fully aware of the morbidity

associated with their chronic itch. 3) Such self-assessment is unreliable in children
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and older adults with cognitive impairment, yet itch is common in those populations
[34, 16].

In this work, we do ask the recruited patients to report their peak NRS, however,
this was done only for the sake of comparing our extracted scratching metrics with
it. PROs provide a subjective evaluation of itch, while our system tries to objectively

quantify and measure scratching.

2.2 Wearables

Throughout the years, there has been several attempts at using wearable wrist actig-
raphy or accelerometers to capture nocturnal scratching (8, 34, 35, 36, 37, 38, 39,
40, 41, 42, 43, 44, 22]. Despite these efforts, actigraphy methods usually have poor
accuracy as patients may scratch with either hand, or even their feet, making it im-
possible to capture these scratching events [34, 45|. Additionally, subjecting chronic
itch patients to wearing wrist actigraphy devices can potentially irritate existing skin
conditions [15], as the wrist area is very often affected by conditions such as atopic
dermatitis. Furthermore, wearables are hard to enforce in children and cognitively

impaired patients.

2.3 Cameras

The golden standard for quantifying nocturnal scratching is certainly through infrared
cameras [15, 13, 14|. However, it’s easy to understand that such an approach raises
privacy concerns, as an infrared camera needs to be installed in the patient’s bedroom,
and a human labeler is tasked with watching and annotating scratching occurrences.
This brings up another issue with this approach, which is the huge overhead in time
and cost incurred by the need to watch and annotate full nights of infrared footage.
Also, poor infrared lighting conditions and the fact that patients often scratch with
their back turned to the camera, or under the blankets, makes it hard for human

labelers to capture all scratching events taking place.

24



Our approach tries to achieve the accuracy and objectiveness of measuring noctur-
nal scratching through infrared videos, but without the associated privacy invasion,

and huge manual effort required to watch and annotate them.

25



26



Chapter 3

Method

We have designed a system that allows for detecting and quantifying nocturnal
scratching in a contactless manner, without requiring people to wear sensors on their
bodies. Our has two components: an off-body radio sensor and a machine learning

model, which we describe below.

3.1 Off-body radio sensor

For our sensing needs, we utilize a radio sensor that has been developed in the NET-
MIT group (depicted in Fig. 1-2). The radio device is placed on the wall, facing
the subject’s sleeping location. A low power radio signal is transmitted (1000 times
weaker than that of a typical home Wi-FI device), and its reflections are captured and
processed to be used as input to our machine learning model. The main technique
used to analyze the collected radio signals is called Frequency Modulated Continuous
Wave (FMCW) [25, 26]. This technique allows us to focus on a specific location in
the room (e.g., the subject’s sleeping location) and discard other sources of reflections

(e.g., fans, roommates, etc.).
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3.2 The machine learning model

We propose a neural network that takes as input RF signals (coming from the subject’s
bed location), and produces a time series of predictions that characterize each time
instance to one of the following classes: static, scratching, or motion (referring to any
movement other than scratching). The proposed model consists of three stages: a

feature extractor, an encoder, and a decoder (see Fig. 3-1).

Feature extractor: The feature extractor aims to capture temporal information
and identify repetitive motions. We use the knowledge that scratching itself is a
repetitive pattern, hence providing a strong bias for the model. This stage accepts
as input windows of radio signal, with a duration of one minute. The given window
is processed through several 1D convolutional layers (7 layers). This outputs a time
series of feature vectors, which we then correlate (using cosine similarity) to create a
temporal similarity matrix (TSM). The TSM is responsible for emphasizing repetitive
motions (e.g., scratching). An example TSM is visualized in Fig. 3-2 (a).

Encoder: The encoder takes as input the extracted temporal similarity matrix
from the feature extractor, and outputs a feature pyramid. This feature pyramid
gives a high-level description of the input (TSM) at different resolutions (scales).
The encoder is based on the EfficientNet architecture, adjusted to operate on 1D

data [46].

Decoder: The decoder takes as input the feature pyramid of the encoder, and

outputs a time series of predictions that characterize each time instance as one of the

Radio Scratching
Signals =% =P Timeseries
T Y

Figure 3-1: High-level overview of the proposed neural network architecture.
The model consists of three stages: a feature extractor, an encoder, and a decoder.
The model takes as input radio signals that are reflected from the subject’s bed
location, and outputs a time series of scratching predictions.
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following classes: static, scratching, motion. The length of the output time series is
the same as that of the original radio signal input (one minute). The decoder is based

on the UNet architecture [47].

3.3 Training details

We trained the model using cross-entropy loss and Adam optimizer. The model was
implemented in PyTorch [48]. The weights of the model are randomly initialized at
the start of the training. The batch size was set to 32. The model was trained for
30K iterations on eight NVIDIA GeForce RTX 2080 Ti graphical processing units
with distributed data parallelization. The model was trained for 30K iterations. The
initial learning rate was set to le-3 for the feature extractor and 5e-3 for the encoder
and decoder. A 10x learning rate decay was applied (to all three stages) after 5K,
10K and 20K iterations.

3.4 Model interpretability

For the design of the proposed neural network, we make use of the fact that scratching
is a repetitive behavior. Hence, we choose to focus the first stage of the model
on extracting temporal similarities in the input signal, which would correspond to
repetitive motions. As already discussed, the first stage produces a temporal similarity
matrix (TSM). This matrix highlights instances when the model discovers repetitive
patterns, thus giving us the ability to interpret the model’s predictions.

In Fig. 3-2 we show an example of a TSM, the matching model predictions, as
well as the ground truth scratching annotations. The horizontal axis of Fig. 3-2 (a)
corresponds to the time axis, while the vertical axis is a shorter (myopic) time axis
that indicates how far ahead we are looking (relative to the position on the horizontal
time axis), to uncover repetitive patterns (i.e., scratching). The horizontal black and
yellow stripe pattern in the TSM indicates a repetitive motion, and the separation

between them is equal to the repetition interval (i.e., how fast the subject scratches).
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For the specific example shown in Fig. 3-2, the subject is initially static. This is
also shown in the ground truth activity annotations. A static subject results into a
static scene, which in turn creates high correlation over time. This matches with the
bright yellow patch at the left side of the visualized TSM. Next, the subject moves
their arm to begin the scratching motion. This brief motion is not correlating with
past or future time instances, which results to a darker triangular patch appearing
(immediately after the initial yellow patch). Then, the patient starts performing the
scratching action. Due to the repetitive nature of scratching motions, e.g., hand
moving up and down, the temporal similarity matrix shows horizontal black and
yellow stripes. The separation of the stripes indicates that the scratching cycles is
about 0.5 seconds long. After this scratching event, the subject returns their arm
back to initial resting position. Similarly, this movement creates a darker patch in
the TSM (after the first black and yellow stripe pattern). Finally, the patient stays
still for a moment (small, yellow triangle in the middle the TSM), and then they

perform a second scratching event.
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Figure 3-2: Model interpretability. This figures visualizes a 26-second example
during which the subject scratches twice. (a) shows the temporal similarity matrix,
which highlights repetitive patterns (e.g., scratching). The horizontal axis is the
time axis, while the vertical axis a shorter time axis that corresponds to how far
we are looking in the future to discover those repetitive patterns. Bright yellow
means high similarity, while black means low similarity. (b) Shows the corresponding
model predictions (red line), the human of scratching (blue line), as well as some
activity labels based on what type of movement the subject performs (pastel colored
rectangles)
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Chapter 4

Results

4.1 Dataset

We collected data from 31 individuals in the span of 11/19/2019 to 04/06,/2022; 11 of
them were healthy control subjects, and 20 were patients of chronic pruritus associated
with atopic dermatitis (AD), prurigo nodularis (PN), or chronic pruritus of uknown
origin (CPUOQO). All of the 20 recruited patients have reported itching for at least 6
weeks prior to the study enrollment. We offer demographic and clinic characteristics
of the two groups (control vs. chronic pruritus) in Table 4.1. The control individuals
were selected so that race and gender are evenly balanced, and their mean age was
54.9 years old. In the chronic pruritus group, 70% were women, 80% were white, and
the mean age was 57.5 years old. The baseline mean numerial rating scale (NRS) itch
score reported was 0 and 7.8 for control and patients, respectively.

Chronic itch participants were monitored in-home for 4 weeks using both the
aforementioned radio device and an infrared camera. These two devices were installed
in the patients’ bedrooms. They were asked to collect video data for at least 4 nights
per wekk, and also to report their daily NRS and sleep scores for each night (on a
scale of 0 to 10). Data were analyzed only for nights for which both the infrared
camera and radio device were turned on. In total, we analyzed 370 nights, including

24,780 occurrences of scratching.
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Table 4.1: Demographic and clinical characteristics.

Group | Control, N = 11! | Pruritus, N = 20!
Age 54.9 (17.3) 575 (16.1)
Gender

Female 6 (55%) 14 (70%)

Male 5 (45%) 6 (30%)
Race

Asian 3 (27%) 0 (0%)

Black 3 (27%) 4 (20%)

White 5 (45%) 16 (80%)
Diagnosis

AD 0 (0%) 4 (20%)

PN 0 (0%) 2 (10%)

CPUO 0 (0%) 14 (70%)
NRS 0.0 (0.0) 7.8 (2.0)

"Mean (SD); n (%)

the IR footage).

any infrared cameras with these individuals.

34

The control individuals were monitored for a minimum of 2 weeks, using only the

radio device. In total, we collected data from 190 nights. Note that we didn’t deploy

To evaluate the accuracy of our model on quantifying scratching using RF data,

we compare its output with the ground truth annotations (from humans watching

In order to extract the annotations of scratching instances, we developed a labeling
server. Once a labeler logs into the system, they are served video clips (10s of seconds
each), and they are asked to watch the videos and annotate the start and end of each
scratching event. Naturally, the videos have been de-identified by blurring the face of

the participants. An example of the developed labeling server can be see in Fig. 4-1.
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Figure 4-1: An example of the labeling server developed for annotating
scratching events based on the collected infrared footage.

The resulting data are split into training sets. The data from each subject appear
exclusively to either training or testing set. A 4-fold cross-validation strategy is used

to train and test the model.

4.2 Evaluation of the Scratching Model

The scratching model’s ability to quantify scratching was evaluated using two met-
rics: a) scratching time per hour (STH), and b) scratching bouts per hour (SBH).
Both STH (R = 0.97, p < 2.2e-16) and SBH (R = 0.93, p < 2.2e-16) as measured by
the radio wave device correlated very strongly and significantly with the video-based
manually annotated scratching assessments (Fig. 4-2 (a), (b)). Additionally, we in-
vestigate the exact matching between the model’s predicted time series of scratching

and the manual human annotations of scratching from the video footage.
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Figure 4-2: Performance evaluation of the ML-based scratching model. (a),
(b) Investigate the scratching time per hour, and the scratching bouts per hour,
respectively, as estimated by our ML-based approach compared to the gold standard
video-based human annotations. Each point in these plots corresponds to a full night
of data (n = 20, 370 nights). Very strong and significant correlation is achieved for
both metrics (R = 0.97, p < 2.2e-16 for scratching time per hour, and R = 0.93, p <
2.2¢-16 for scratching bouts per hour). (c) Shows the receiver operating characteristic
curve, along with the area under the curve (AUC of 0.9957). (d) Shows the precision-
recall curve, along with the area under the curve (AUC of 0.8595).

The model’s predictions match the video annotations with a receiver operating
characteristic (ROC) area under the curve (AUC) of 0.9956 (Fig. 4-2 (c)) and a
precision-recall AUC of 0.8595 (Fig. 4-2 (d)). For a selected threshold of 0.665,
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the model achieves a specificity of 99.693% (95% CI [99.692%, 99.694%]), sensitivity
of 75.574% (95% CI [75.518%, 75.629%)|), precision of 79.798% (95% CI [79.745%,
79.851%]), and F1-score of 77.628%. These results corroborate the ability of the model
to detect time-instances of scratching with high accuracy, across the population.

We now seek to measure the model’s ability to effectively assess the scratching
activity on a per-individual basis. This would be helpful not only for clinical tri-
als, but also for informing both clinician and patient about the individual burden on
chronic itch. To examine this, we plot each patient on a different plot, with the pa-
tients sorted in decreasing order of their maximum scratching. Additionally, different
chronic pruritus diagnoses are color-coded (AD - red, PN - green, CPUO - blue). Fig-
ure 4-3 and Fig. 4-4 show that the model can strongly correlate with the ground truth
assessments of STH and SBH (p < 0.05), even when focusing on a single individual
(i.e., n = 1). All in all, these results demonstrate that our model can accurately and
precisely quantify scratching activity, and therefore infer nocturnal itch burden in an

objective, privacy preserving, and touchless manner.
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Figure 4-3: Per subject accuracy evaluation at measuring scratching time
per hour. The model can accurately infer the scratching time per hour across sub-
jects with varying disease severity. Strong Pearson correlation (with p < 0.05) is
shown between our ML-based predictions and the ground truth from video annota-
tions across all 20 patients.
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Figure 4-4: Per subject accuracy evaluation at measuring scratching bouts

per hour. The model can accurately infer the scratchi

ng bouts per hour across

subjects with varying disease severity. Strong Pearson correlation (with p < 0.05) is

shown between our ML-based predictions and the ground
tions across all 20 patients.
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4.3 Impact of Itch on Sleep

We seek to quantify the impact of itch on sleep quality. Past work has demonstrated
the feasibility to extracting accurate sleep information from radio signal using a device
similar to the one used in this study. Thus in this section we use the same wireless
signal collected by the device to both infer sleep quality (using the model by Zhao
et al) and scratching (using the model developed herein). We compare various sleep
quality metrics against the amount of scratching on a per night basis (n = 19, 256
nights). Note that one patient is removed from this analysis as they would wake up
in the middle of night and sleep in a different room. Additionally, we exclude nights
for which the metrics we investigate are zero (this is because of the logarithmic scale
used for the analysis). We consider three sleep metrics: a) Sleep Efficiency which
is the ratio of time spent sleeping to the total time spent in bed, b) Sleep Latency,
which is the time spent awake before sleep onset, and ¢) WASO (wake after sleep
onset) which is the amount of awake time after sleep onset. Figures 4-5 (a), (b),
(c) plot the correlation between these sleep metrics and scratching on a logarithmic
scale. We chose a log scale since our data shows that the relationship is non-linear.
The figure reveals that all sleep metrics are impacted by scratching, i.e., the more the
person scratches in a particular night, the lower their sleep efficiency (R = -0.62, p <
2.2e-16), the longer their sleep latency (R = 0.66, p < 2.2e-16), and the awake time
they have at night (R = 0.7, p < 2.2¢-16).

We also investigate whether scratching occurs only while the person is awake or
it also happens during their sleep. For each night, we consider the percentage of
scratching in each sleep stage: wake, light sleep, deep sleep, and REM. Fig. 4-5 (d)
shows boxplots of the scratching time as a function of the sleep stage. On average,
92.08% of the scratching took place while in wake, 5.15% in the light sleep, 0.83% in
deep sleep and 1.91% in REM. These results highlight the fact that scratching can

be a conscious act as well as reflex that occurs subconsciously.
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Figure 4-5: Impact of itch on sleep quality. This figures examines the impact
of itch on sleep quality (n = 19, 256 nights). (a) Compares the sleep efficiency with
the predicted scratching time per hour. Sleep efficiency is defined as the ratio of time
spent asleep over the total time spent trying to sleep. Significant Pearson’s correlation
is shown between the two metrics (R = -0.62, p < 2.2e-16). (b) Compares the sleep
latency with the predicted scratching time for all subjects, and nights. Sleep latency is
defined as the time spent awake until sleep onset. Significant Pearson’s correlation is
shown between the two metrics (R = 0.66, p < 2.2e-16). (c) Compares WASO (wake
after sleep onset), and scratching time per hour. Significant Pearson’s correlation is
shown between the two metrics (R = 0.7, p < 2.2e-16). Both axes are in logarithmic
scale for (a), (b) and (c) . (d) Shows the percentage of scratching per sleep stage, for
each night. In each box plot, the central line indicates the median, and the bottom
and top edges of the box indicate the 25th and 75th percentiles respectively. The
whiskers extend to 1.5 times the interquartile range. Points beyond the whiskers are
plotted individually using the cross symbol.

41



4.4 Objective Scratching and Perception of Itch

We compared nocturnal scratching with the numerical rating scale (NRS) reported
by the patients for nights that have NRS data and scratching measurements from the
camera and the radio device (n = 20, 340 nights). Figures 4-6 (a)-(b) show, for each
night, the NSR value and the corresponding scratching from the video annotations
and the ML model, respectively. This result show that the NRS has only a mild
correlation with nocturnal scratching (Pearson correlation is R = 0.11, p = 0.048 for
the ground truth videos and R = 0.12, p = 0.031 for the ML model).

Next, we compare the change in scratching and NRS before and after receiving
a dose of treatment with Dupimulab 300mg. Only one participant in our popula-
tion started treatment during the study. The participant received the first dose of
Dupimulab 300mg immediately before the beginning of the monitoring period. We
compared the participant’s status during the two weeks before and after the second
drug administration. As shown in Figs. 4-6 (c), (d), there is a significant reduction
in scratching time and bouts per hour after drug administration (p = 4.16e-04, p =
6.07e-03, respectively). Similarly, there is also a significant reduction in self-reported
NRS (p = 4.43e-04), as shown in Fig. 4-6 (e). While this result is only for one patient,
it exhibits statistical significance. The results also provide indication that scratching

metrics show response to treatment.
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Figure 4-6: Objective scratching vs. subjective perception of itch This fig-
ures examines the relationship between the objective measurement of scratching and
the subjective self-reported perception of itch. (a), (b) Show scatter plots of the
scratching time per hour (from video and predictions, respectively) compared with
the self-reported NRS of each patient (n = 20, 340 nights) Each point corresponds
to a full night of data. In both cases we observe significant (p < 0.05) but weak
correlation (R = 0.11 and R = 0.12, respectively). (c), (d), (e) Show the difference
in inferred STH, SBH, and self-reported NRS before and after drug administration,
dupimulab 300mg (n = 1, 27 nights). There is statistical difference for all 3 of them
(p = 4.16e-04, p = 6.07e-03, p = 4.43e-04, respectively), however, the patient reports
a constant NRS of 0 after the treatment, while there is still significant amount of
scratching each night. On each box plot, the central line indicates the median, and
the bottom and top edges of the box indicate the 25th and 75th percentiles respec-
tively. The whiskers extend to 1.5 times the interquartile range. Points beyond the
whiskers are plotted individually using the cross symbol.
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4.5 Comparison between healthy control and chronic
itch patients

In this section, we seek to compare the scratching amount and sleep quality between
the chronic itch patients (n = 19, 337 nights) and age- and gender-matched healthy
control. We discover in Fig. 4-5 (a), (b) that the scratching metrics (STH and SBH)
are significantly elevated for the chronic pruritus patients, relative to the healthy
control (p = 4.05e-22 and 1.21e-20, respectively). Additionally, according to Figs. 4-5
(c), (d), (e) chronic itch patients demonstrate decreased sleep efficiency (p = 3.17e-
04), increased sleep latency (p = 7.17e-06) and increased WASO (p = 5.94¢-06).
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Figure 4-7: Comparison between healthy control and chronic itch patients.
This figures examines the difference in scratching and sleep between control (n =
11, 190 nights) and chronic itch patients (n = 19, 337 nights). (a), (b) Compare
the predicted scratching time per hour and predicted bouts per hour between the
two groups. In both cases the chronic patients demonstrate significantly elevated
scratching (p = 4.05e-22 and p = 1.21e-20, respectively). (c), (d), (e) Compare the
sleep efficiency, sleep latency and WASO between the two groups. In all three cases,
the chronic itch patients demonstrate deterioration in sleep quality (p = 3.17e-04,
p = 7.17e-06 and p = 5.94e-06, respectively). For each box plot, the central line
indicates the median, and the bottom and top edges of the box indicate the 25th
and 75th percentiles respectively. The whiskers extend to 1.5 times the interquartile
range. Points beyond the whiskers are plotted individually using the cross symbol.
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Chapter 5

Conclusion

In this work, we collected a large nocturnal scratching dataset, consisting of 370 nights
of infrared video footage, radio signals and, human annotations of scratching events.
This dataset was then used to train and test a neural network capable of predicting
nocturnal scratching using only radio signals, in an objective, sensitive and privacy-
preserving way. We conducted analysis to assess the model’s accuracy with respect to
manual annotations of scratching, and demonstrate that the model can achieve very
good results. Next, we showed that the proposed model can extract meaninful scratch-
ing metrics that correlate with the patients’ perception of itch, while also providing
promising initial results about the ability to track disease progression/medication ef-
ficacy in a sensitive and quantifiable way. Further, we utilized prior art on extracting
breathing signals sleep stages from radio signals, to study the negative impact of noc-
turnal scratching on sleep quality. Finally, we demonstrated the increased scratching
amount and deteriorated sleep quality of chronic itch patients by comparing them
with a group of healthy age- and gender-matched individuals.

Despite all the advantages of our proposed solution and improvements over prior
work, we also note that it has some limitations. First, our system was trained and
tested only on 20 chronic itch patients. We understand that there might be scratch-
ing patterns or certain activities people do while in bed at night, that we haven’t
encountered in these 370 nights of collected data. Second, our model was trained

with the assumption that patients sleep alone in their beds. This limits the model to
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clinical trials in which the participants are willing and able to sleep by themselves for
the duration of the monitoring period. We anticipate however that future work can
extend the model to deal with scenarios in which the participants may share the bed
with a partner or even a pet. This is similar to earlier work on monitoring nocturnal
breathing from radio signals, where earlier models were limited to one individual in
bed [27] but later models allowed for monitoring breathing even when the person has
a bed partner [29|. Finally, pets can be problematic. Pets often sleep in the same
room as the patient, or even in the bed right next to the patient. This can create
confusions for the breathing extraction and sleep staging part of the analysis. Ad-
ditionally, dogs and cats tend to scratch, and this could also potentially confuse the
model into thinking that the patient is scratching. For this work, people having pets
was one of the exclusion criteria, thus the model hasn’t seen any such examples.

In conclusion, we develop a system to quantify nocturnal scratching in an accurate,
objective, sensitive and privacy preserving way. The model allows us to extract
meaningful metric about scratching, that not only correlate with patients’ perception
of their itch but can also potentially track disease progression. The system also allows
us to understand the impact of scratching on sleep quality. We believe that our system
will have significant clinical implications. One major setback for drug development
and treatment is the lack of quantifiable, objective and sensitive metrics for itch. We
hope that with our solution we can provide a way for clinicians and researchers to track
the disease progression of patients and other parts of the physiology of the patient,
such as various sleep quality metrics, so that they can assess treatment efficiency,

provide new prescriptions, or study the effects of a new drug.
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