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Abstract
Introduction: Cervical spine disease is a leading cause of
pain and disability. Degenerative conditions of the spine
can result in neurologic compression of the cervical
spinal cord or nerve roots and may be surgically treated
with an anterior cervical discectomy and fusion (ACDF) in
up to 137,000 people per year in the United States. A
common sequelae of ACDF is reduced cervical range of
motion (CROM) with patient-based complaints of stiff-
ness and neck pain. Currently, tools for assessment of
CROM are manual, subjective, and only intermittently
utilized during doctor or physical therapy visits. We
propose a skin-mountable acousto-mechanic sensor
(ADvanced Acousto-Mechanic sensor; ADAM) as a tool
for continuous neck motion monitoring in postoperative

ACDF patients. We have developed and validated a
machine learning neck motion classification algorithm to
differentiate between eight neck motions (right/left
rotation, right/left lateral bending, flexion, extension,
retraction, protraction) in healthy normal subjects and
patients. Methods: Sensor data from 12 healthy normal
subjects and 5 patients were used to develop and vali-
date a Convolutional Neural Network (CNN). Results: An
average algorithm accuracy of 80.0 ± 3.8% was obtained
for healthy normal subjects (94% for right rotation, 98%
for left rotation, 65% for right lateral bending, 87% for
left lateral bending, 89% for flexion, 77% for extension,
50% for retraction, 84% for protraction). An average
accuracy of 67.5 ± 5.8% was obtained for patients.
Discussion: ADAM, with our algorithm, may serve as a
rehabilitation tool for neck motion monitoring in post-
operative ACDF patients. Sensor-captured vital signs and
other events (extubation, vocalization, physical therapy,
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walking) are potential metrics to be incorporated into
our algorithm to offer more holistic monitoring of pa-
tients after cervical spine surgery.

© 2024 The Author(s).

Published by S. Karger AG, Basel

Introduction

Neck pain is a highly prevalent problem with an
estimated mean lifetime prevalence of 48.5% [1] and is
the fourth leading cause of disability worldwide [2, 3].
Based on recent data from the Global Burden of
Disease, Injuries, and Risk Factors Study 2017, the
prevalence, incidence, and years lived with disability
for neck pain have increased from 1990 to 2017 [4],
highlighting neck pain as a significant public health
problem and an increasing driver of healthcare utili-
zation [5]. Common causes of neck pain include
cervical degenerative disease, also known as cervical
spondylosis, and cervical disc herniations. These
conditions may also cause compression of the cervical
spinal cord or cervical nerve roots, resulting in clinical
symptoms of myelopathy and radiculopathy, respec-
tively [6]. While many patients can be effectively
treated without surgery [7], many patients with de-
bilitating pain or neurological disability may undergo
surgical treatment [8–10]. The most performed pro-
cedure to address cervical myelopathy and/or radi-
culopathy is an anterior cervical discectomy and fusion
(ACDF).

Though ACDF is a safe and established procedure
performed in up to 137,000 patients annually in the
United States [11], patients often experience reduced
cervical range of motion (CROM) postoperatively [12],
which can be associated with discomfort, pain, and re-
duced patient satisfaction. To address reduced CROM,
patients are often instructed to perform regular neck
motion exercises in physical therapy (PT) as well as at
home; however, substantial limitations exist in the
widespread implementation of these modalities to im-
prove patient outcomes at scale. For example, current
methods of CROM measurement, such as using bulky
inclinometer-based devices, vary widely in terms of ease
of use, availability, and acceptance and often involve
active surgeon and/or therapist measurements performed
during scheduled in-person visits, providing only inter-
mittent insights and limited patient real-time feedback.
Sophisticated systems based on optoelectronic [13, 14],
electromagnetic [15, 16], ultrasonic [17], and electro-
goniometric [18, 19] technologies exist but require highly

controlled environments and qualified staff for im-
plementation and still do not provide continuous mon-
itoring. Wearable piezoresistive textiles have demon-
strated utility in measuring CROM [20] but have not been
validated in clinical settings.

A soft, flexible, low-profile, skin-mountable, acousto-
mechanic sensor [21] (shown in Fig. 1), referred to as the
ADvanced Acousto-Mechanic (ADAM) sensor, offers a
promising solution for objective continuous monitoring
of CROM in ACDF patients. ADAM has been accepted
into the FDA’s Drug Development Tool Program and is
undergoing full qualification and has also been submitted
for CE Mark. When mounted at the suprasternal notch
(SN), ADAM is capable of multiparametric measure-
ments of a wide range of biological processes, from low-
frequency processes like overall body motion and ori-
entation to high-frequency processes like cardiac and
respiratory activity [21]. ADAM has shown clinical utility
in a variety of applications including monitoring dys-
phagia [22], objectively quantifying pruritis in atopic
dermatitis [23, 24], cardiopulmonary monitoring in
athletes [25], and, of recent interest, monitoring and
screening for COVID-19 [26, 27]. In this work, we
present and validate ADAM, in combination with arti-
ficial intelligence, as a novel rehabilitation tool for
postoperative monitoring of ACDF patients with a focus
on neck motion monitoring. The contributions of this
study are as follows:
1. Development of a Convolutional Neural Network

(CNN) algorithm in the healthy normal population to
classify the following eight essential neck motions:
right and left rotation, right and left lateral bending,
flexion, extension, retraction, protraction

2. Evaluation of the CNN algorithm in a healthy normal
population and postoperative ACDF patients

3. Application of a CNN algorithm to accelerometer and
gyroscope data collected from the SN

Materials and Methods

Neck Motions of Interest
The eight neck motions of interest are shown in Figure 2a. Four

neck motions (right and left rotation, flexion, extension) were
deemed essential as they encompass most of the neck movement of
daily activity that would be critical to regain for postoperative
patients. The additional four neck motions (right and left lateral
bending, retraction, protraction) are also clinically relevant and
would be useful though not critical to measure. Lateral bending
captures motion in the coronal plane. With rotation, flexion, and
extension, the addition of lateral bending would allow analysis of
motion in all three cardinal planes.
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Data Collection
All participants, both healthy normal subjects and patients,

provided written consent prior to participation in this study (see
online suppl. Appendix A for demographic information; for all
online suppl. material, see https://doi.org/10.1159/000536473).
Study procedures were approved by the Northwestern University
Institutional Review Board (STU00213413) and registered on
ClinicalTrials.gov (NCT04921800). During data collection, par-
ticipants wore ADAM at the SN (see online suppl. Appendix B1-2
formore details) that was placed by amember of the research team.

Healthy normal candidates were students and laboratory staff
older than 21 years old, without any history of neck conditions,
and able to complete the study protocol without any pain or
limitations. Patients were recruited from the Department of Or-
thopaedic Surgery at Northwestern Memorial Hospital. To ensure
that all neck motions were performed accurately and adequately by
all participants, a member of the research team supervised all data
collection sessions and ensured good signal quality from real-time
waveform outputs from the accelerometer and gyroscope on an
iPhone app.

Fig. 1. a ADAM sensor placed on the SN. b Structure of ADAM sensor.
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Fig. 2. a Motion signatures for right and left
rotation, right and left lateral bending,
flexion, extension, retraction, and protrac-
tion in a healthy normal subject. Arrows
indicate orientation of x, y, and z linear
accelerations and angular velocities from
accelerometer and gyroscope, respectively.
b Example of a data collection session for a
healthy normal subject.
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Algorithm Evaluation
Two types of algorithm evaluation were performed. The first

type of evaluation was performed via a data resampling method
called cross validation during the algorithm development process.
The purpose of this evaluation was to improve and optimize the
algorithm on the training data set prepared from healthy normal
subjects. The second type of algorithm evaluation was performed
to examine the generalizability of the algorithm to the patient
population. In this evaluation, the machine learning algorithm that
was trained using the healthy normal data set was applied to the
patient data set (see online suppl. Appendix C for more details).

Results

The training data set for algorithm development and
evaluation was collected from fourteen unique healthy
normal subjects (24.50 ± 0.98 years old, 1:1 female-to-
male ratio) in a controlled environment. During data
collection, subjects sat upright in a chair, looking straight
ahead with their neck in a neutral position, feet flat on the
floor, and arms relaxed by their sides. The eight neck
motions were demonstrated to the subject, and they were
instructed to perform ten repetitions of each of the eight
neck motions in the following sequence: right rotation,
left rotation, right lateral bending, left lateral bending,
flexion, extension, retraction, and protraction. ADAM
was connected via Bluetooth with an iPhone to start data
collection mode, and the subject was guided with verbal
cues through the motions to facilitate smooth data col-
lection. After the last repetition, the iPhone was used to
end data collection mode. An initial set of neck motion
samples was collected from thirteen healthy normal
subjects, and additional samples were collected from a
fourteenth healthy normal subject. For three healthy
normal subjects, additional data were collected later in the
algorithm development process to gather more varied
data for algorithm optimization. Healthy normal subjects
1, 4, and 12 performed the neck motions at slower speeds.
Healthy normal subject 1 performed neck motions in a
reclined position. After reviewing the data, two subjects
were excluded from the analysis due to poor signal quality
from low-speed movements. A total of 960 neck motion
samples from twelve healthy normal subjects were used in
the analysis (as shown in Fig. 2, online suppl. Video 1).

The patient data set was collected to examine the
generalizability of the algorithm to the patient pop-
ulation. Eleven patients (57 ± 11 years old, 7:4 female-to-
male ratio) were recruited and consented for data col-
lection. For each patient, data were collected in one
continuous session lasting about 24 h. ADAM was placed
on the SN by the surgeon and activated by a member of

the research team before reversal of anesthesia and ex-
tubation. ADAM remained on the patient until discharge
from the hospital the next day. Patients were then
transported to the post-anesthesia care unit (PACU),
where they were able to fully wake up from anesthesia.
They remained in the PACU for a few hours until they
were stable enough to transfer to a floor unit. Two at-
tempts were made to carry out the range of motion
(ROM) protocol, the first immediately after awaking in
the PACU (baseline) and the second on the floor unit
immediately prior to discharge (pre-discharge), as de-
tailed below. These time points were chosen to capture
neck motions spanning the full length of patients’
hospital stay.

Patient ROM Protocol:
1. The eight neck motions were demonstrated to the

patient
2. The patient was instructed to perform five repetitions

of each of the eight neck motions to the best of their
ability but not beyond the point of pain in the fol-
lowing sequence: right rotation, left rotation, right
lateral bending, left lateral bending, flexion, extension,
retraction, and protraction

3. The patient was guided with verbal cues through the
motions to facilitate smooth data collection
Some patients were too drowsy in the PACU to per-

form the baseline ROM protocol; for those patients, they
were able to perform the pre-discharge ROM protocol the
next day. During the patients’ 24-h hospitalization, time
points were also noted by the patients’ nurses for addi-
tional events that may be of interest to analyze, including
extubation, first vocalization after surgery, eating and
drinking, PT sessions, and walking. Thus, ADAM cap-
tured around 24 h of continuous data with the neck
motions of the ROM protocols contained within. After
reviewing the patient data, only 5 patients’ data were used
in the analysis. For one of the eleven consented patients,
data collection mode on ADAM was not successfully
activated, and no data were collected. For the other 5
patients who were excluded from our data analysis, the
data’s signal quality was limited due to the patients’ pain
and insufficient CROM. In the end, a total of 300 samples
from 5 patients were used in the analysis (as shown in
Fig. 3, online suppl. Video 2). All data collection sessions
are summarized in Table 1.

Algorithm Evaluation Results
Leave-one-out cross validation was performed

ten times on healthy normal subjects. In this evaluation,
each motion constituted a single sample. An average
accuracy of 80.0 ± 3.8% was obtained for neck motion
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Fig. 3. a Motion signatures for right and left
rotation, right and left lateral bending,
flexion, extension, retraction, and protrac-
tion in a postoperative ACDF patient. Ar-
rows indicate orientation of x, y, and z linear
accelerations and angular velocities from
accelerometer and gyroscope, respectively.
b Example of a data collection session for
ROM protocol for a postoperative ACDF
patient.
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classification in healthy normal subjects (as shown in
Fig. 4b). The classification accuracies for each individual
neck motion were 94% for right rotation, 98% for left ro-
tation, 65% for right lateral bending, 87% for left lateral
bending, 89% for flexion, 77% for extension, 50% for re-
traction, and 84% for protraction (as shown in Fig. 4a).

A similar cross-study evaluation was performed for
patient data. In this evaluation, the CNN model that was
trained on the entire data set of healthy normal subjects
was applied to patient subjects. The classification per-
formance was measured ten times on each patient’s data
to compute the overall classification accuracy. An average
accuracy of 67.5 ± 5.8% was obtained from the patient
data set (as shown in Fig. 5).

Additional Events
A 24-h data collection session for a representative

patient is shown in Figure 6a. Periods of sleep were
identified as periods of relative inactivity (as shown in

Fig. 6a as gray-shaded areas). Events are labeled
throughout the 24-h data, including neck motions as
performed per the protocol mentioned above as well as
additional events including extubation, vocalizations, PT
sessions, and walking. These isolated events are shown in
subplots in Figure 6b. While neck motions were analyzed
and characterized in detail (see online suppl. Appendix
D), these other additional events also produced visually
distinct motion signatures. Extubation and vocalization
produced discrete and visually distinct waveforms. PT
and walking produced more continuous waveforms. The
cyclical pattern of the PT waveform mirrors that of the
controlled neck motions which is as expected as the PT
sessions involved performing neck motions (rotation,
flexion, extension) that were performed in the controlled
data collection sessions.Walking, a more variable motion,
expectedly produced a noisier, less uniform waveform.
Heart rate (HR) and respiratory rate (RR) were computed
for the 24-h period using a previously validated

Table 1. Summary of data collected from healthy normal subjects and patients

Data collection session Subject Speed Position Number of
Samples

1 Healthy normal subject ID 1 Fast Upright 80
2 2 Fast Upright 80
3 3 Fast Upright 80
4 4 Fast Upright 80
5 5 Fast Upright 80
6 6 Fast Upright 80
7 7 Fast Upright 80
8 8 Fast Upright 80
9 9 Fast Upright 80
10 10 Fast Upright 80
11 11 Fast Upright 80
12 12 Fast Upright 80
13 13 Fast Upright 80
14 4 Slow Upright 146
15 12 Slow Upright 90
16 1 Slow Upright 166
17 1 Varied Reclined 160
18 1* Varied Upright 44
19 14* Varied Upright 36

20 Patient ID 1 80
21 2 40
22 6 40
23 7 40
24 8 80
25 9 80
26 10 80
27 11 40

2,162

*Flexion only.
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algorithm. A portion of the HR and RR during a period of
sleep is shown in Figure 6b R. Within this period of sleep,
the z-component of linear acceleration clearly shows the
periodic HR tracing with two distinct waveforms cor-
responding to S1 and S2 heart sounds.

Discussion

In this pilot study, we have demonstrated a novel
application of ADAM for monitoring CROM in the
immediate (24-h) postoperative period in the cervical

Fig. 4. a Averaged confusion matrix from ten iterations of leave-one-subject-out cross validation on healthy
normal data set. bAverage classification accuracy by each healthy normal subject. Mean classification accuracy of
80% was obtained across 11 healthy normal subjects that were analyzed.

Fig. 5. Average classification accuracy by
each patient. Mean classification accuracy
of 67.5% was obtained across 5 patients that
were analyzed.
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spine patient population, specifically patients who have
undergone ACDF. ADAM can measure multiple metrics
in the postoperative course related to functionality, safety,
and overall recovery progress (e.g., adherence to PT or
neck motion restrictions, regaining of CROM).

This study focuses on validating, in a limited patient
population, the ability of ADAM to differentiate between
eight unique neck motions (right and left rotation, right
and left lateral bending, flexion, extension, retraction,
protraction) in the three cardinal planes that make up the
neck movements of daily activity. Sensor data of neck

motions in healthy normal subjects and patients reveal
unique motion signatures (online suppl. Appendix D)
that formed the basis for training a machine learning
classification algorithm. Cross validation of our algo-
rithm on our data set obtained from healthy normal
individuals demonstrated a classification accuracy of
80%. Given the variability within our data set, including
in the speed and magnitude of motions seen across the
spectrum of healthy to postoperative patients, our
current algorithm is robust in handling these differences
while maintaining high classification accuracy. While

Fig. 6. a Continuous 24-h data collection for a postoperative ACDF patient, capturing various events. b Motion
signatures of captured events, including extubation (E), vocalizations (V), neck motions (N) during ROM
protocol, PT (P), walking (W), and continuous HR and RR monitoring (R).
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the current classification algorithm was validated using
data collected in a controlled setting, one goal is to
ultimately apply the algorithmmore widely to additional
settings, such as ambulatory care and the home setting.
With approaches such as noise filtering or further
training with noisier samples, this algorithm can be used
to measure neck motions in not only the immediate
postoperative period, as was done in this study, but also
during supervised PT sessions and at home to monitor
adherence to neck exercises after hospital discharge.
Monitoring of neck motions in these settings could
confirm that beneficial neck motions (e.g., rotation,
flexion, extension, retraction) are performed and po-
tentially deleterious neck motions (e.g., protraction) are
avoided. After further refining our algorithm’s ability to
measure magnitudes of neck motions, our algorithm can
also feasibly monitor the progression and regaining of
CROM after ACDF and the effect of rehabilitation.

In addition to neck motion monitoring, the additional
events that were qualitatively analyzed in this study
(e.g., extubation, vocalizations, walking, as shown in
Fig. 6) capture potential metrics that could be incorpo-
rated into our algorithm to offer more holistic monitoring
of postoperative patients. In fact, these events demon-
strate unique features that either have already or could
form the basis of other classification algorithms. For
example, a machine learning algorithm has been vali-
dated to detect and differentiate between coughing,
speech, throat clearing, laughing, and motion artifact in
COVID-19 patients [26], which can reasonably be ap-
plied to our data to detect these events. ADAM has also
been internally validated to monitor other metrics such as
vital signs (including HR and RR), swallow count, talking
time, energy expenditure, and body and limb orientation.
Swallow count and talking time can offer useful infor-
mation in the assessment of dysphagia and dysphonia,
common postoperative complications after ACDF [28,
29]. Vital signs, energy expenditure, and body orientation
also provide metrics on overall functionality.

ADAM has received positive feedback from patients
and physicians on their comfort, ease of use, and ap-
plication in both short- and long-term studies. With its
straightforward interrogation and data download process
that can be controlled by patients through an iPad user
interface, ADAM has been deployed successfully in
several home studies already, further lending to its fea-
sibility as a monitoring tool for in-hospital and at-
home use.

There are important limitations in this pilot study.
Regarding algorithm performance, there were specific
neck motions that were difficult to classify, leading to

relatively lower accuracies. Of the eight neck motions,
right bending and retraction had the most variable
motion signatures and lowest classification accuracies.
Future efforts may include newmounting locations that
are more specific to neck motion (e.g., forehead, chin)
but less specific for parameters such as HR, RR, and
swallowing. In exchange for this added functionality of
measuring other important metrics, we may have
limited our accuracy in classifying some neck motions.
Normal variation in body habitus and clinical envi-
ronment (e.g., hospital bed at variable incline, variable
body orientation) likely limited classification accuracy
as well. While ADAM is capable of measuring body
orientation, this feature is not yet incorporated into our
current classification algorithm to correct for varying
body orientations, although this is a focus of future
work. Another limitation of our study was that the ages
of healthy normal subjects and patients were not age-
matched due to availability of subjects. Future studies
would ideally recruit a larger number of participants of
varied ages to allow for age-matching. Regarding al-
gorithm practicality, our algorithm was limited to
classifying 4-s samples of neck motion without any
extraneous noise-introducing activities (e.g., walking,
talking). To be practical in the clinical setting, our
algorithm needs to be modified to recognize neck
motions of varying length/speed and with super-
imposed extraneous activity. Incorporation of prior
algorithms developed to detect walking and speech
ideally would allow for high-fidelity neck motion
classification despite other ongoing activity that fre-
quently occurs in the hospital or home setting. Further
training to quantitate magnitude of motion would also
be beneficial. Additionally, our pilot study focuses only
on isolated neck motions in a single plane, which does
not reflect compound movements that occur in real life.
While our algorithm is well equipped to monitor
isolated neck motion exercises in PT, further algorithm
development is needed to track more complex neck
movements of daily activity. Lastly, our algorithm
assumed all movement occurred solely at the cervical
level when classifying neck motions, despite possible
minor movement of the thoracic spine even in our
controlled setting. Therefore, the algorithm would need
to be improved to detect other motions irrelevant to
neck movement to differentiate them from movement
restricted to the cervical spine.

This pilot study demonstrates the ability of ADAM to
be acceptable to both surgeons and patients in a real-
world clinical setting after cervical spine surgery. ADAM
was able to measure CROM, demonstrating a new
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frontier in postsurgical patient monitoring despite lim-
itations of our study. Additional patient enrollment will
shape robust data sets and allow for continual algorithmic
improvement as well as the expansion of the clinical
scenarios in which remote postsurgical patient moni-
toring can be enhanced.
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