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Physicians evaluate a patient’s respiratory health during a physical examination by visual assessment 
of the work of breathing (WoB) to determine respiratory stability, and by detecting abnormal lung 
sounds via lung auscultation using a stethoscope to identify common pathological lung diseases, such 
as chronic obstructive pulmonary disease (COPD) and pneumonia. Since these assessment methods 
are subjective, a low-profile device used for an accurate and quantitative monitoring approach could 
provide valuable preemptive insights into respiratory health, proving to be clinically beneficial. To 
achieve this goal, we have developed a miniature patch consisting of a sensitive wideband multi-axis 
seismometer that can be placed on the anatomical areas of a patient’s lungs to enable an effective 
quantification of a patient’s WoB and lung sounds. When used on a patch, the seismometer captures 
chest wall vibrations due to respiratory muscle effort, known as high-frequency mechanomyogram 
(MMG), during tidal breathing as well as seismic pulmonary-induced vibrations (PIVs) during deep 
breathing due to normal and/or adventitious lung sounds like crackles, while simultaneously recording 
respiration rate and phase. A system comprised of multiple patches was evaluated on 124 patients in 
the hospital setting and shown to accurately assess and quantify a patent’s physical signs of WoB by 
measuring the average respiratory effort extracted from high-frequency MMG signals, demonstrating 
statistical significance of this method in comparison to clinical bedside observation of WoB and 
respiration rate. A data fusion deep learning model was developed which combined the inputs of PIVs 
lung sounds and the corresponding respiration phase to detect crackle, wheeze and normal breath 
sound features. The model exhibited high accuracy, sensitivity, specificity, precision and F1 score of 
93%, 93%, 97%, 93% and 93% respectively, with area under the curve (AUC) of precision recall (PR) of 
0.97 on the test set. Additionally, the PIVs with corresponding respiration phase captured from each 
auscultation point generated an acoustic map of the patient’s lung, which correlated with traditional 
lung radiographic findings.

Common respiratory diseases, such as chronic obstructive pulmonary disease (COPD) and pneumonia, can lead 
to respiratory failure and are characterized by a wide range of symptoms and signs, including increased respiration 
rate, increased physical signs of work of breathing (WoB), and the presence of respiratory crackles and wheezes1,2. 
Respiratory diseases are highly prevalent, with pneumonia affecting approximately 450 million people annually, 
and COPD impacting about 10% of adults worldwide3,4. Severe COPD exacerbations can result in respiratory 
failure, a life-threatening condition caused by inadequate oxygen and carbon dioxide exchange in the lungs5,6. 
Notably, COPD is the third leading cause of death globally, primarily due to acute or progressive respiratory 
failure6,7. Overall, respiratory failure is the most common organ failure, costing up to $27 billion annually in US 
hospitals (12% of all hospital costs)7–10. Early detection of acute or chronic respiratory diseases and respiratory 
failure is crucial for successful treatment and disease management as they have progressive conditions11,12. 
Conventional radiographic instruments, while effective in detecting anatomical lung abnormalities, are bulky, 
expensive and time-consuming, making them unsuitable for continuous monitoring of patients14. Traditional 
vital sign measurements (respiration rate, oximetry, heart rate, etc.) are also not reliable for detecting respiratory 
disease and distress13. As a result, respiratory diseases including respiratory failure, are often underdiagnosed, 
undertreated, or inadequately controlled, contributing to higher hospital readmission and patient mortality14. 
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For instance, delayed treatment of hospital-acquired pneumonia, which can be indicated by tachypnea (shallow 
rapid breathing demonstrating high WoB) and new crackles on examination, has shown to worsen outcomes 
in stroke patients15–17. Similarly, delayed intubation of more than 30 min from initial respiratory failure signs 
increases morbidity and mortality significantly18. Despite 50 years of research, there is no quantitative method 
for detecting respiratory failure through WoB signs19, nor a robust wearable system for continuous monitoring 
of lung sounds. This highlights the urgent need for a non-invasive wearable diagnostic system to assess and 
monitor a patient’s respiratory health by simultaneously detecting changes in WoB and identifying abnormalities 
in the airway of their lungs20–24.

Assessment of work of breathing is a key part of identifying respiratory distress. Work of breathing (WoB) 
refers to the energy required for normal (tidal) breathing and is typically assessed by physicians at bedside 
through observation of the patient’s physical respiratory effort25–28. WoB is also referred to as the energy needed 
to move one liter of gas per respiratory cycle29. Both views refer to the energy needed to overcome the elastic and 
flow-resistive forces of the lung or chest30, with physical signs of WoB relating to the amount of energy needed 
by the respiratory muscles to produce adequate ventilation for the body. These respiratory signs include the use 
of accessory respiratory muscles (scalene, sternocleidomastoid, intercostal, and abdominal) and respiration rate 
during tidal breathing, are key indicators of underlying pathology and serve as the most predictive indicator 
for respiratory failure at bedside25,27,28,31–33. Specifically, increased use of these muscles along with increased 
respiration rate (> 20 breaths/minute in adults over 18 years old) indicate breathing difficulty and respiratory 
deterioration. Severe cases may also show paradoxical breathing (abdominal wall abruptly moves inward during 
inhalation and outward during exhalation, opposite to normal breathing movement)26,27, which can indicate 
increased respiratory failure and the need for mechanical ventilation34.

Simultaneous measurement of muscle activity and respiration patterns presents a significant bottleneck for 
quantifying WoB19. Traditionally, muscle activity can be detected by measuring the electrical potential changes 
across muscle cells during muscle activation, known as electromyography (EMG), which can be captured by 
electrodes with activities in the 25–250  Hz range; however, EMG does not capture respiration patterns19,35. 
Alternatively, muscle activity can also be captured by measuring the mechanical vibrations observable from 
the skin around contracting muscles, known as mechanomyography (MMG). It has been shown that off-the-
shelf accelerometers can capture low-frequency MMG in the 5–35  Hz range along with respiration patterns 
(0–5  Hz)36–39, but their low resolution and limited bandwidth reduce their ability to measure chest wall 
vibrations with high fidelity at higher frequency range. Importantly, heart-sound-induced vibrations in the range 
of 5–80 Hz40 interfere with low-frequency MMG, reducing its effectiveness in quantifying accessory respiratory 
muscle movements.

To address this gap, we present a lightweight, rigid, wideband seismometer patch with digital output (Fig. 1a) 
that detects WoB by capturing distinct high-frequency vibrations from accessory muscle activity during tidal 
breathing, along with low-frequency breathing patterns. This low-noise hermetically-sealed seismometer patch 
features out-of-plane seismometer (OPS) and in-plane seismometer (IPS) chips with digital output, enabling 
the distinct capture of perpendicular and tangential movements of the accessory muscle, respectively, within 
the ‘high-frequency’ range of 80–200 Hz. These movements are captured with constant gain and high fidelity, 
comparable to EMG frequency range, while not being interfered with potential adventitious lung sound 
frequencies. Detailed seismometer specifications showcasing micro-gravity acceleration with constant gain in 
the DC-10 kHz bandwidth of both out-of-plane and in-plane are shown in the Supplements and Supplementary 
Fig. 1.

The seismometer patch has large enough bandwidth and signal-to-noise ratio to also capture weak mechano-
acoustic vibrations from lung sounds during deep breathing, known as pulmonary-induced vibrations 
(PIVs)41–43. Robust against ambient sounds40,42–47, the seismometer effectively captures adventitious lung 
sounds, such as crackles and wheezing during a patient’s deep breaths25,43,46. Crackles, either coarse or fine, are 
prevalent indicators of respiratory disease with distinct respiration patterns and acoustic signatures that often 
aid in the clinical diagnosis process48. For example, early inspiratory coarse crackles in the basal lung regions, 
detected by a physician with a stethoscope, strongly correlate with COPD in patients with risk factors like tobacco 
use49,50. However, crackles are faint signals and thus challenging for less experienced professionals to detect with 
a stethoscope51,52. Another important adventitious lung sound is wheezing, a high-pitched whistling sound from 
the lungs48,53, which also indicates the patient’s respiratory status, as shown in Supplementary Table 148,54–56.

Using the wideband seismometer patch, we present a non-invasive approach for monitoring a patient’s 
respiratory status, including WoB and adventitious lung sounds detection. We quantified WoB by calculating 
the average respiratory effort of accessory muscles using high-frequency MMG signals of each respiratory cycle, 
identified via low-frequency signal peak detection during tidal breathing. To determine statistical significance 
between normal and increased respiratory effort, each patient’s high-frequency MMG data was compared with 
physician’s visual assessments, the clinical benchmark for a patient’s increased WoB26,27,31,36–38,57–59. Notably, 
paradoxical abdominal breathing patterns were also captured by the seismometer patch. Additionally, we 
developed the first of its kind early data fusion 2D convolutional neural network (CNN) that integrates lung 
sounds and respiration cycle as inputs, based on clinical correlation as shown in Supplementary Table 142,48, to 
automatically detect crackles, wheezing and normal breath sounds from PIVs during deep breathing. To the 
best of our knowledge, this is the first report of a microchip seismometer being used as a respiratory monitor 
system, including the first quantification of physical signs of WoB. With the capability to support multiple sensor 
heads for simultaneous data capture, this system can also effectively cover accessory muscles and various lobar 
segments of the lung, pinpointing the sources of abnormalities. This framework can enable the creation of an 
acoustic map of the lung, which can be correlated with radiographic instruments like X-Rays and Computed 
Tomography (CT) scans of the lung60–63.
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Methods
Participants
We conducted a study using the seismometer patch involving 124 patients across diverse demographics and a 
wide variety of clinical characteristics examined in either the hospital setting or outpatient asthma clinic. Work 
of breathing measurement during tidal breathing were taken from 28 patients and lung sound recordings during 
deep breathing were taken from 96 other patients, both at Grady Memorial Hospital in Atlanta, Georgia, USA. 
The patients had varying demographics such as age, height, weight and BMI as shown in Supplementary Table 2, 
4 and 7. All the human subjects participated voluntarily with written informed consent. Patients were tested in 
the hospital and the outpatient pulmonary asthma clinic. In the hospital (emergency room and general hospital 
beds), patients were chosen through blind referrals given to the physician for patients with a variety of respiratory 
disorders likely to exhibit increased WoB and adventitious lung sounds. In the outpatient asthma clinic, patient 
selection was guided by a diverse range of severity of asthma and lung sounds. The protocol was approved by 
Emory University and Georgia Institute of Technology Institutional Review Board (IRB #00105563). The process 
of data collection from patients was supervised by experienced and authorized physicians. All experiments were 
performed in accordance with relevant guidelines and regulations.

Study protocol
For the 28 patients undergoing WoB assessment, the seismometer patches were placed on the patient’s chest 
walls secured via 3 M 2764 medical tape on three WoB sites or each of the nine auscultation sites, as shown in 
Figs. 1c and 3a, respectively. The seismometer sensor board was connected via wire to a data acquisition hub 
unit as shown in Fig. 1b. After data collection, the diagnosis of the patient’s clinical disease was provided by the 
physician after clinical evaluation and/or chart review.

For the WoB study protocol, each patient was asked to either sit or lie down, based on their comfort, and 
asked to breathe normally. The seismometer patches, consisting of OPS and IPS, were placed on each of the 
patient’s accessory muscle groups (scalene, intercostal and abdominal), placed on their right side to reduce 
heart sound artifacts due to the mechanical signal of the heart, for 30 s intervals, as shown in Fig. 1c. Physician 

Fig. 1.  Seismometer patch with nanogaps for work of breathing detection. (a) The seismometer, which 
encompasses both the MEMS die and CMOS ASIC. (b) The seismometer patches were taped on the body with 
on all corresponding work of breathing locations; the sensors are connected to a data acquisition hub similar to 
a Holter monitor. (c) For WoB quantification, the seismometer patches were placed on each of the three WoB 
locations on the anterior right chest walls. (d) The raw tidal breathing data from the scalene, intercostal and 
abdominal regions were collected from both the out-of-plane seismometer (OPS) and in-plane seismometer 
(IPS) chips. The data first undergoes a snore and signal quality detection to exclude non-tidal breathing data. 
The cleaned raw data is then filtered with a moving average filter to capture the respiration pattern, followed 
by peak detection (marked by red stars) to determine respiration rate. The cleaned raw data is also bandpass 
filtered from 80 to 200 Hz to isolate the high-frequency mechanomyogram signal. During data collection, 
physicians simultaneously observe for respiration rate and respiratory effort as a clinical benchmark for 
comparison.
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assessment of WoB was conducted independently by a dedicated research physician who is an internal medicine 
trained physician with 28 years in clinical practice experience as a standard operating procedure for measuring 
physical examination for each patient’s respiratory status which included evaluating for the following: the 
respiratory rate as well as objective evidence of increased work of breathing  (presence of intercostal muscle 
and/or scalene muscle use and evaluating for abdominal muscle use during expiration and looking for the 
presence of abdominal paradox (which is an abdomen that is going inward on inspiration which is a severe 
finding of acute respiratory distress indicating excessive air trapping and hyperinflated diaphragms unable to 
move down to cause inspiration so the abdomen moves inward and the chest up and outward by the patient’s 
heightened accessory muscle activation). After collecting data from 28 patients, the output was analyzed during 
patients’ tidal breathing64 where 9 patients exhibited increased scalene respiratory effort, 9 showed increased 
intercostal effort, and 8 had increased abdominal effort. Some patients had increased effort in multiple accessory 
muscle groups with details of each patient’s work of breathing status in Supplementary Table 3. Overall patient 
demographics and distribution of normal and increased respiratory effort are shown in Supplementary Table 4 
and 5, respectively.

For the lung study protocol, each of the 96 patients was asked to either sit or lie down and to take continuous 
deep breaths first with a stethoscope for a traditional lung auscultation exam and then the seismometer patches 
were placed for 30 s intervals for each of the nine auscultation areas, as shown in Fig. 3a, to cover the five major 
lobes of the human lungs (right superior, right middle, right inferior, left superior and left inferior lobes) for 
adventitious lung abnormalities. The diagnosis of the patient’s clinical disease was provided by the physician 
after their clinical evaluation and/or chart review. After collecting lung auscultation data from 96 patients 
from the auscultation sites for 30 s each, a different experienced physician, who was blinded to data collection 
and patient diagnosis, listened and labeled the lung sound of coarse crackles, fine crackles, wheezing, stridor, 
squawk, normal breath sounds and decreased breath sounds from the seismometer patch once the data was 
rescaled, which was used as the standard labeling procedure. A total of 1939 wheezing sounds, 819 crackle 
sounds, and 2806 normal breath sounds four second segments were captured and utilized for the deep learning 
classifiers with the remaining lung sounds, such as stridor and squawk, not included in the dataset due to low 
number of datapoints. Out of those 96 patients, 40 of the patients had crackle sounds, 23 of the patients had 
wheezing sounds, 10 of the patients both adventitious lung sounds and 23 had normal breath sounds with details 
provided in Supplementary Table 6 and summarized in Supplementary Table 7. To record and display the data, 
the seismometer patch was connected to a data acquisition hub, similar to a Holter monitor.

Cough and snoring signal removal
Coughing and snoring are other symptoms of patients with respiratory diseases, such as obstructive sleep apnea, 
which were captured during data collection and led to more variance in the dataset65. To reduce variance in 
the seismometer patch dataset, coughing and snoring data was computationally removed from the dataset. The 
raw seismometer data is first parsed through a data cleaner to remove coughing and snoring data to ensure 
high quality data is used for computational WoB quantification and adventitious lung sound classification. 
Specifically, the data cleaner evaluated the spectral entropy of the 1d signal, removing tidal breathing instances 
exceeding 1.1 times the average spectral entropy amplitude than that of paradoxical breathing and removing 
deep breathing instances 1.1 times larger of the average spectral entropy amplitude than that of stridor, a known 
loud adventitious lung sound66. Spectral entropy was computed in MATLAB using Shannon entropy on the 
signal’s normalized power spectral density in the frequency domain.

Signal denoising and analysis
With the seismometer patch, the out-of-plane PIVs were captured, cleaned, and then processed in MATLAB as 
shown in Fig. 1d. For WoB quantitative measurement, respiration rate was estimated using a moving average 
smoothing filter of the 10,000 nearest samples (0.5  s) on the 1D array, effectively capturing the prominent 
peaks of each breath cycle. The respiratory effort was quantified by the high-frequency MMG signal, which 
is a bandpass filtered data of the tidal breathing raw seismometer data from 80 to 200 Hz, to remove majority 
of heart sounds and possible wheezing PIVs with a filter order of 10. A summary of the WoB data processing 
pipeline is shown in Fig. 1d.

For the lung sound detection, the out-of-plane PIVs were filtered with a band pass filter of 60 Hz to 2000 Hz, 
corresponding to the main lung sound frequencies and to also remove the majority of heart sounds and motion 
artifact from the signal, with a filter order of 1067. The PIVs were then smoothened with a moving average filter 
with a window width of nine samples, similarly, used in digital stethoscope signal smoothening68. The data was 
then segmented into four second segments with 50% overlap and scaled from -1 to 1 for audible sound playback. 
Seismometer patch, acting as a contact microphone, were then played to an experienced physician to determine 
whether the audio contained crackles, wheezing or normal breath sounds. Since respiratory sounds have a wide 
range of frequencies55,69, the seismometer patch PIVs recordings were analyzed via mel spectrograms, as shown 
in Figs. 3b and 469. To create mel spectrograms, spectrograms from the PIVs were first created via Fast Fourier 
Transform (FFT) with a Hann window length of 1024 samples (approximately 50 ms) with a 50% overlap and the 
shown frequency range was set from 60 to 1200 Hz with 64 bands, creating an array of 340 × 64. The spectrogram 
frequency axis, y-axis, was then converted into in mel scale (m), a logarithmic scale correlated to how humans 
perceive pitch/frequency (f ) as shown in Eq. (1), to create mel spectrograms:

	
m = 2595log10(1 + f

700)� (1)
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To extract the chest wall movements for respiration rate and phase estimation from the seismometer data for 
the data fusion model, a moving average of the 10,000 nearest samples (0.5 s) on the raw seismometer data was 
applied to show when these adventitious lung sounds occur based on respiration phase. The upward ramps of 
amplitude plots indicate inspiration, while the downward ramps indicate expiration.

Work of breathing statistical quantification
WoB assessment composes of respiratory effort and respiration rate of accessory muscle groups. To quantify 
respiratory effort of each accessory muscle group, each accessory muscle group’s high-frequency IPS MMG 
signal was divided by the estimated number of respiration cycles to estimate the average high-frequency IPS 
MMG of each respiration cycle, which was compared with the physician’s visual classification of respiratory 
effort. Using the labels provided by experienced physician, a Mann Whitney U test was used to determine the 
statistical significance of patients with either normal or increased respiratory effort for each accessory group 
average high-frequency IPS MMG signal. A box-and-whisker plot was used to visualize the distribution of the 
average IPS high-frequency IPS MMG signal for all of the patients with normal and increased respiratory effort 
for each accessory muscle group. To estimate respiration rate, the average time difference between each peak and 
its consequent peak were used to estimate the number of respiration cycles in thirty seconds, which was then 
compared with physician’s counting of number of respiration cycles. All WoB processing as shown in Fig. 1d was 
done in MATLAB.

Deep learning architecture: early data fusion convolutional neural network (CNN)
Since respiratory sounds are often correlated with respiratory phase, a data fusion deep learning architecture was 
proposed with inputs of PIVs mel spectrograms combined with its corresponding respiratory phase, enabling 
early data fusion, as shown in Fig. 3c. The data fusion was done by concatenating the normalized respiratory 
phase to the bottom of the mel spectrogram, resulting in a 340 × 65 array with data only from the seismometer 
patch. A 2D convolutional neural network (CNN) architecture was chosen for its strong performance in image 
detection and its capability for early data fusion. A total of 1939 wheezing sounds, 819 crackle sounds and 2806 
normal breath sounds were used with no padding. Initially, a test set of 16 patients was separated, ensuring 
an unbiased evaluation. The training data was then separated into a Leave 16 Subject Out Cross Validation 
(L16SOCV), representing five folds, for hyperparameter optimization and was trained using TensorFlow GPU 
and Keras with a Nvidia GeForce GTX 1080 Ti GPU. Early stopping was utilized to monitor validation loss. No 
data augmentation was done. This architecture utilized five convolutional layers with filters of 128, 256, 256, 256 
and 256 with a kernel size of (3,3). Each of the layer was followed with a dropout of 0.25 and a max pooling 2D 
step with a filter size of (2,2) and Rectified Linear Unit (ReLU) activation. After all the convolutional layers, a 
global average pooling 2D layer was applied to reduce spatial dimensionality. Following, a dense linear layer of 
512 with ReLU activation was applied with a dropout of 0.5. Afterwards, a dense layer of 64 with ReLU activation 
was followed. Finally, a dense output was created. The variables were optimized by the Adam optimization 
algorithm with a learning rate of 5e-5 to reduce the custom loss function, designed to penalize the false negatives 
of crackles three times more than normal breath sounds to correct the dataset imbalance of lower number of 
crackles. The mini-batch size was set to four. The model was then evaluated on the 16 subjects test set, blind to 
training, as a classifier trained and tested on all lung locations.

To evaluate the 2D CNN model’s efficacy on the test set, the deep learning architecture performance with 
solely mel spectrograms as the input was trained and tested, to determine the effects of early data fusion for 
classification. Furthermore, ResNet-18 architecture with inputs comprising of either early data fusion or only 
mel spectrograms were examined. Accuracy, sensitivity, specificity, precision, F1 and the area under the curve 
(AUC) of the Precision Recall (PR) were measured on all architectures to compare performances.

Results
Work of breathing (WoB) quantification
Traditionally, WoB is assessed qualitatively by physicians through visual evaluation of the patient’s accessory 
respiratory muscle use, along with the breathing rate and pattern. To quantify both metrics, the seismometer 
patch, consisting of both out-of-plane and in-plane sensitivity, was positioned on/near each accessory muscle 
groups, shown in Fig. 1c. This setup measured muscle activation and respiration rate by capturing the outward 
and vertical movements of each accessory respiratory muscle group. To comfortably capture all accessory muscle 
movements, the seismometer patches were placed on the chest walls near each accessory muscle group as muscle 
movements propagate to surrounding skin. More specifically, to capture the scalene and sternocleidomastoid 
muscle activation, the seismometer patch was placed right below the clavicle region near the mid-clavicular 
region (Fig. 1c for location 1) as these muscles extend to the 1st and 2nd intercostal rib cage70. To quantify the 
intercostal muscle activation, the patch was placed near the 8th and 9th intercostal space in the anterior mid-
clavicular region (location 2 in Fig. 1c) as past studies have found that the greatest change in muscle length 
for respiration is found in the anterior region of the body64. To capture abdominal muscle activation most 
consistently, the patch was placed above the umbilicus as shown in Fig. 1c for location 3. Each accessory muscle 
activation was quantified using the area under the curve of the 1D high-frequency MMG signal, a bandpass 
filtered signal in the frequency range of 80—200 Hz eliminating both heart sounds and possible adventitious 
lung sounds such as wheezing57, as shown in Fig. 1d. Additionally, while previous studies have reported wheezing 
within 100–200 Hz65, all wheezing sounds in this dataset were above 200 Hz. Respiration rate and pattern data 
were derived from smoothened (filtered) very low-frequency seismometer data. Both high-frequency MMG and 
respiration rate were then correlated with experienced physician’s visual assessment of respiratory activity and 
respiration rate.
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The seismometer patch placed on these locations can capture a patient’s chest wall movements revealing 
the patient’s breathing rate and pattern (normal or increased WoB). For instance, in patient 11 (Fig. 2a), the 
smoothened OPS and IPS data was analyzed where the OPS showed 3 distinct peaks whereas the IPS data 
accurately showed 15 respiratory cycles, denoted by the red stars, which matched the physician’s bedside count. 
Because of the high respiration rate of an extrapolated rate exceeding 20 breaths/min, the patient is considered 
to have a high WoB. In another case, patient 17 exhibited paradoxical breathing, a sign of high work of breathing 
(WoB) and significant respiratory distress from the abdominal region, according to the physician’s visual 
assessment. By extracting and smoothing OPS data with a moving average filter, we interestingly observed large, 
sudden peaks corresponding to muscle contractions, indicating paradoxical breathing, as shown in Fig. 2b, and 
matching with physician’s clinical observation. Patient 17’s corresponding IPS data showed a respiration rate 
of nine breaths in 30  s (matching to physician’s count), extrapolating to less than 20 breaths per minute. As 
shown in Fig. 2c, the high-frequency MMG signal from in-plane movement revealed significant amplitude and 
variance, indicating increased vertical muscle movement. Despite the below 20 breaths per minute respiration 
rate, the presence of large sudden peaks due to paradoxical breathing and increased muscle activation from 
the abdominal region indicate that this patient has a very high WoB. Both out-of-plane and in-plane muscle 
movements captured by the seismometer patch provide key information regarding respiratory muscle activity, 
with in-plane data providing a more accurate representation of respiration rate.

The high-frequency IPS MMG analysis was conducted and quantified for each patient’s accessory muscle 
groups to estimate the average muscle activation per respiratory cycle, with examples of varying respiratory 
effort in varying BMI patients shown in Supplementary Fig. 2 and correlated it with physician assessments of 
increased or normal respiratory effort. Examples include patients with high respiratory effort, high BMI patients 
with high respiratory effort and patients with normal respiratory effort from a wide range of BMI for each 
accessory muscle group. To show the distribution of increased and normal respiratory effort for each accessory 

Fig. 2.  Respiration rate and respiratory effort measurement captured by the seismometer patch containing 
both OPS and IPS chips placed on patients. (a) Respiration rate estimation shown for patient 11 where major 
peaks denoted by red stars representing each respiration cycle. In-plane measurement shows an accurate 
estimation for respiration rate. (b) Paradoxical breathing from patient 17 shown when seismometer patch 
placed on abdominal region where OPS low-frequency data shows sudden changes in the cycle correlating to 
paradoxical breathing while IPS can accurately estimate respiration rate indicated by the red star at each peak 
and matched with physician’s visual count. (c) OPS and IPS high-frequency MMG signal from patient 17 on 
abdominal region derived from applying a bandpass filter, where the area under the curves is divided by the 
number of respiration cycles to calculate average high-frequency MMG signal. IPS high-frequency MMG is 
shown to be a more distinct indicator of respiratory effort. (d) Average in-plane high-frequency MMG signal 
for scalene muscle separated by physician assessment of normal and increased respiratory effort with statistical 
significance of < 0.01. (e) Average in-plane high-frequency MMG signal for intercostal muscle separated by 
physician assessment of normal and increased respiratory effort with statistical significance of < 0.001. (f) 
Average in-plane high-frequency MMG signal for scalene muscle separated by physician assessment of normal 
and increased abdominal effort with statistical significance of < 0.05.
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respiratory group, the average high-frequency IPS MMG per respiration cycle of each patient is shown in a 
box and whisker plot for scalene, intercostal and abdominal muscles in Fig. 2d–f, respectively; each data point 
represents an individual patient. The Mann Whitney U Test was conducted and revealed statistical significance 
differences in muscle activation between normal and increased respiratory effort in the scalene (p < 0.01**), 
intercostal (p < . 0.001***) and abdominal muscles (p < 0.05), as labeled by the physician’s observation. Increased 
muscle activation was found in nine patients for the scalene, eight for intercostal, and seven for the abdominal 
muscles. These findings indicate that the average high-frequency IPS MMG correlates with muscle activation 
and respiratory effort for each accessory muscle group. Thus, combining a patient’s average high-frequency IPS 
MMG and respiration pattern can therefore quantify non-invasively their WoB as a patient with either high 
average high-frequency IPS MMG or a respiratory rate of 20 breaths/minute can potentially be used as a signal 
for high WoB. This framework with the seismometer patch has the potential for adding another important 
clinical feature to longitudinal respiratory monitoring via the seismometer patch.

Early data fusion deep learning performance
Deep learning is widely used for automatic lung sound detection69,71,72. An early data fusion deep learning 
model was developed using mel spectrograms and corresponding respiration phase captured by the seismometer 
as inputs. Mel spectrograms visually represented the PIVs, the filtered output of the seismometer patch during 
deep breathing, with time (s) on the x-axis, frequency (Hz) in the mel scale on the y-axis and power in decibels 
(dB) as the color scale69. To extract respiration phase, the raw seismometer data was smoothened to estimate 
chest wall movement. An experienced physician labeled PIVs sound segments based on audio playback, as 
shown in the data processing flow chart in Fig. 3b with an example of sensor placement in Fig. 3c. These inputs 
were then concatenated and fed into the early data fusion 2D CNN architecture as shown in Fig. 3d. Due to the 
wide variety of patient data collected and the robustness of the sensor, no data augmentation was necessary. 
The dataset was initially partitioned with a dedicated test set of 16 patients blind to the model to determine the 
predictive model generalizability in real-world scenarios for an unbiased evaluation. A five-fold cross-validation 
approach, with 16 patients per fold, was utilized on the training dataset to mitigate overfitting and optimize 
hyperparameters. The 2D CNN early data fusion model utilized convolutional layers to extract features from the 
mel spectrogram. The layer’s filter size increased initially and then remained constant, using a (3,3) kernel size to 
capture lung sound frequency variations across the 64-band mel spectrogram and respiration phase information 
from the bottom concatenated layer. Dropout and max pooling were integrated with convolutional layers to 
enhance generalization performance and mitigate overfitting. Additionally, ReLU activation functions were used 
to introduce non-linearity, aiding the model in learning the variations in crackle and wheezing frequencies. 
Employing a mini-batch size of four facilitated gradual learning of spatial representations. In addition, using 
a custom loss function also allowed for the model to decrease number of crackle false negatives, thus reduced 
the impact of data imbalance for the deep learning model. The performance of the data fusion deep learning 
architecture on the test set of four second seismometer data on determining if the recording is either a normal 
breath sound, crackle or a wheeze had great performance with an accuracy, sensitivity, specificity, precision 
and F1 score of 93.21%, 92.87%, 96.67%, 93.3% and 93.05%, showing its ability for generalizability in real-
world scenarios. The AUC of the PR on the test set is 0.9736, which shows how well it can distinguish between 
categories. The confusion matrix of the deep learning architecture on the test set showed high sensitivity for each 
category, as shown in Fig. 3e, especially for crackles as they tend to be harder to detect with a stethoscope for less 
experienced professionals51,52.

Comparing deep learning architectures performance
The performance of the custom 2D CNN deep learning architecture was also evaluated by comparing other deep 
learning architectures, such as testing the architecture with exclusively mel spectrograms as inputs to determine 
the influence of early data fusion on the deep learning performance. Additionally, a ResNet-18 architecture, 
adjusted to accommodate the input array size variations, was trained and evaluated with inputs of either early 
data fusion or only mel spectrograms. ResNet-18 was selected due to its well-established success and optimal 
layer depth for the specific task of classifying adventitious lung sounds69.

As shown in Table 1, early data fusion inputs outperformed mel spectrogram inputs for both the custom 2D 
CNN and ResNet-18 architecture. The custom 2D CNN architecture has also outperformed ResNet-18 with both 
types of inputs with all architecture metrics. The highest performing model is the early data fusion with 2D CNN 
as it uses both mel spectrograms and respiration phase as data inputs. Similar results are also shown in the visual 
representations of the test set embeddings with corresponding silhouette score as shown in Supplementary Fig. 3 
and Supplementary Table 8.

Lung acoustic map
Since the seismometer patch was placed on each conventional auscultation location (Fig. 3a), the data can be 
interpreted anatomically and physiologically to produce a comprehensive acoustic map of a patient’s lungs, 
offering a novel, non-invasive and rapid, lung assessment that could complement traditional radiographic testing 
(chest x-ray or chest CT). As shown on the right of Fig. 4, the patient (patient 94) was found to have inspiratory 
coarse crackles, characterized by pronounced thick vertical yellow lines in the mel spectrogram with frequency 
range up to 400 Hz, similar to other coarse crackles41. The coarse crackles were identified in the basal regions of 
both the left and right posterior lung lobes (locations 8 and 9, denoted by the letter C). The patient also exhibited 
inspiratory fine crackles, shown by the temporally and spatially dense yellow area in the mel spectrogram with 
frequency range up to 300 Hz, similar to other fine crackles41, in the right posterior lower and upper lobe along 
with the right anterior middle lobe (locations 3, 4 and 6, denoted by the letter C).
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The correlation between lung acoustics and radiographic imaging is well-established, as the presence of 
crackles can signify either interstitial or alveolar infiltration (of either fluid, inflammation or infection) or 
interstitial fibrosis as shown in the imaging findings as curvilinear opacities (curved or wavy white lines) in 
the CT images on the left of Fig. 4. For this patient, the medical imaging examination was conducted one day 
prior to the seismometer data collection. The radiographic note of the CT scan image of Fig. 4 revealed mild 
pulmonary interstitial edema in the lung, shown with the white haziness in the lower lung region, correlating 

Fig. 3.  Early data fusion deep learning data pipeline. (a) The seismometer patch was placed on each of the nine 
auscultation sites used in common comprehensive lung examination, which include the anterior and posterior 
of the chest. The site labels use a three-letter code: R represents right, M represents middle, L if the 1st letter 
represents left, if the 2nd represents lower and if the last letter represents lobe. (b) Deep breathing out-of-
plane seismometer data from all auscultation sites were measured and segmented into four seconds with 50% 
overlap. The data then underwent through a cough and signal quality detection to remove coughing sounds. 
The cleaned data was filtered with a moving average to a capture 1D respiration phase array. The cleaned data 
is also bandpass filtered from 80 to 2000 Hz to isolate the pulmonary-induced vibrations (PIVs). PIVs were 
then converted into a mel spectrogram and made audible through rescaling from -1 to 1 to physicians to label 
normal breath sound, wheezing or crackles. (c) Example of seismometer patches taped on the posterior right 
lung auscultation zones. (d) For the deep learning model, PIVs patch mel spectrograms were concatenated 
with the 1D respiration phase array, a form of early data fusion, as inputs to the deep learning model. The data 
fusion data is then separated with 80 patients used for training via a five-fold cross validation (16 patients per 
each fold) with 16 patients as a test set, blind to the training. The deep learning architecture is then trained 
with a custom loss function and Adam optimizer. The model is then evaluated on the test set to provide real 
world generalizability of the model. (e) Confusion matrix of 2D CNN Data Fusion deep learning architecture 
on the test set with the predicted labels compared to the true labels showing high accuraccy for each category.
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with the coarse crackles in the posterior basal regions of the lung (location 8 and 9)60. Additionally, as confirmed 
by radiographic notes, the imaging revealed more right than left diffuse reticulations and honeycombing in 
the lungs (indicating interstitial and alveolar fibrosis), as shown with the white network of fine lines and small 
thick-walled cysts (white holes), correlating with the fine crackles captured by the seismometer patch from the 
right posterior lower and upper lobe along with the right anterior middle lobe (location 3, 4 and 6)61,62. Similar 
findings have also been shown in X-ray images as well as shown in Supplementary Fig.  4. This patient was 
diagnosed with Usual Interstitial Pneumonia (UIP), an interstitial lung disease, which corresponded well to the 
seismometer patch data captured from the patient’s lung auscultation locations. The physician, who was blinded 
to the patient’s diagnosis, confirmed the audio signals of normal breath sounds, coarse crackles and fine crackles 
from the seismometer via sound playback and thus its utility in creating an acoustic lung map that can be used 
to lead to a patient’s specific clinical diagnosis.

Fig. 4.  CT image correlated to acoustic map captured by seismometer patch. CT image of anterior and 
posterior of the lung matching with PIVs of a pneumonia patient creating an acoustic map captured by 
seismometer patch. Crackles captured by the seismometer patch corresponded with CT image findings, such 
as increased interstitial and alveolar markings in the lungs. Each numbered location corresponds to the lung 
auscultation location in Fig. 3a. Respiration phase and amplitude in terms of acceleration of each auscultation 
location was captured by the seismometer patch with the grey box representing inspiration.

 

Architecture Accuracy Sensitivity Specificity Precision F1 AUC of PR

ResNet-18 0.8450 0.8439 0.9269 0.8506 0.8482 0.8918

ResNet-18 data fusion 0.8722 0.8688 0.9385 0.8757 0.8715 0.9293

2D CNN 0.9209 0.9183 0.9595 0.9184 0.9174 0.9684

2D CNN data fusion 0.9321 0.9287 0.9667 0.9330 0.9305 0.9736

Table 1.  Comparisons of deep learning classifiers evaluated on test data (16 patients) from seismometer patch 
PIVs.
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Discussion
Early detection of pathological respiratory signs can provide physicians critical information to assist in the 
diagnosis and monitoring of respiratory diseases in early stages of development and provide a needed novel 
means for disease screening and longitudinal respiratory monitoring73. Current assessments of physical signs of 
WoB and lung auscultation are subjective, lack inter-rater reliability and are not quantitative26. These methods 
are also inadequate for continuous monitoring and not scalable since they require a physician’s presence. 
Therefore, a digital health lightweight device capable of detecting signs of respiratory diseases and respiratory 
distress are critical, as patients who are given timely treatment or have undergone needed intubation have a 
lower mortality rate19,31. To address this, we have used a wideband seismometer patch to detect increased WoB 
and adventitious lung sounds. The seismometer patch can distinctly capture increased respiratory effort via 
high-frequency MMG signals from all respiratory accessory muscle groups along with respiration rate and 
abnormal respiration pattern43, notably paradoxical breathing, during tidal breathing. Moreover, high-frequency 
MMG has advantages over EMG, as a wideband seismometer can simultaneously capture both high-frequency 
MMG and low-frequency respiration patterns/rates, while EMG electrodes cannot capture respiration patterns/
rates. The lightweight seismometer patch was also shown to effectively capture PIVs, such as faint crackles, 
from a patient’s deep breaths. The seismometer patch can be extended with multiple heads to capture PIVs 
from multiple locations, creating a lung acoustic map that could enhance a physician’s ability to diagnose and 
monitor respiratory conditions. With the seismometer, we created a framework to quantify WoB via statistically 
quantified respiratory effort via high-frequency MMG and respiration rate via low-frequency peak detection. 
The WoB quantification is first of its kind and correlated with the clinician bedside observation, a reliable sign 
of respiratory distress and failure31. The framework also includes a novel, robust deep learning architecture to 
detect adventitious lung sounds based off a diverse, real-world patient dataset. Additionally, this novel deep 
learning architecture utilizes an early data fusion approach, optimizing the detection of adventitious lung 
sounds, as respiratory sounds are correlated with the respiration cycle (Supplementary Table 1), both captured 
by the seismometer, which outperforms other deep learning architectures that utilizes only the lung sound as 
an input74.

To enhance the framework for accurately representing a patient’s WoB and lung sounds, additional data 
and standardized labeling by a panel of experienced physicians will provide a more systemized system. 
Currently, labeling tasks rely on a single physician, which could subjectivity and potential limitations. Thus, 
incorporating a physician panel for WoB and lung sound labeling, where two physicians provide labels and a 
third act acts a tiebreaker, would improve ground truth accuracy. In addition, using multiple labeling categories 
respiratory effort, such as normal, slightly increased and increased respiratory effort, may improve measurement 
precision75,76.

Conclusion
In summary, we demonstrated that the robust and lightweight seismometer patch captured abnormal respiratory 
effort signatures from out-of-plane and in-plane muscle movement, acoustic signatures and respiration pattern 
from multiple critical respiratory locations simultaneously. When combined with WoB quantification and a 
robust deep learning algorithm, this framework has the potential to be utilized and deployed as a versatile 
respiratory monitoring system. This quick, non-invasive, quantitative, and accessible framework has the 
potential to reduce morbidity and mortality by enabling detection of worsening respiratory distress and 
diseases. Its ability to correlate with radiographic instruments through its anatomically generated acoustic lung 
map supports its use as a non-invasive longitudinal patient monitoring system by providing physicians more 
comprehensive information, such as sub-clinical respiratory changes. This technology opens the possibility for 
continuous respiratory monitoring and early detection, thereby offering physicians timely and precise data to 
enhance patient care for both acute and chronic respiratory diseases. Future studies for WoB quantification 
involve asking patients to be in various postures, such as lying down and sitting upright, to evaluate the impact 
of posture on WoB quantification as respiratory mechanics can vary in different positions74.

Data availability
The datasets used and/or analyzed during the current study available from the corresponding author on reason-
able request.
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