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Abstract
Photoplethysmography (PPG) is the science behind many commonly used medical devices such as the
pulse oximeter. PPG dropouts have been described in existing in vitro studies following arti�cially induced
clot activation. Because COVID-19 causes increased arterial, venous and microvascular clot formation,
our hypothesis is that PPG dropout identi�ed in vitro can also be found in vivo in patients with COVID-19.
To test this hypothesis, we prospectively collected PPG recordings and d-dimer levels for 197 ICU patients
with COVID-19 and compared them with the PPG tracings from 300 non-COVID controls.

Results demonstrated signi�cant differences in rates of PPG dropout between patients with COVID-19 vs
non-COVID controls. The median PPG dropout rate was 0.58 for COVID-19 patients (median 0.58, IQR
0.42-0.72, p<0.05) as opposed to a median 0.0 for non-COVID patients (median 0.0, IQR 0.0-0.0, p<0.05).
Further, at least one incidence of PPG dropout was detected in 100% of COVID-19 patients, as opposed to
2.3% of non-COVID controls (p<0.05).

PPG dropout also correlated closely with normalized serum d-dimer levels taken on the same day. D-
dimer is an established biomarker used for COVID-19 disease severity and prognosis. The change in
normalized d-dimer was plotted against the change in PPG dropout and a line of best �t was created.
Linear regression resulted in R2 = 0.919 (p < 0.05), indicating that PPG dropout rate correlates with
hemorheological changes in COVID-19 patients.

The difference in the median and IQR PPG dropout values for patients with vs. without COVID-19 and the
strong correlation with serum d-dimer shows the potential utility of such a metric for identifying
individuals with acute hemorheological abnormalities associated with COVID-19.

Introduction
Hemorheology is the study of hematologic �ow properties. Alterations in hemorheology or blood �ow
mechanics can be seen in many disease processes especially relating to infection, in�ammation, sepsis,
atherosclerosis, and cardiovascular disease (1). COVID-19 (or SARS-Co-V2) is a global pandemic
responsible for more than four million deaths globally since it was �rst reported in 2019 (2). COVID-19
was once thought to be a primarily respiratory disease but is now better understood as a systemic
in�ammatory disease with well-established hemorheological changes. These changes include
in�ammation-induced hyperviscosity, hypercoagulability, hyper�brinoginemia, and thrombosis that may
be refractory to therapeutic anticoagulation (3,4). One recent evaluation of COVID-19 induced
hyperviscosity using capillary viscometry reported signi�cantly increased plasma viscosity ranging from
1.9–4.2 centipoise (reference range 1.4–1.8) as well as increased �brinogen concentrations ranging from
459–1188 mg/dL (median value 708 mg/dL; normal reference range 200–393 mg/dL).
Hypercoagulability and thrombosis increase COVID-19 morbidity have led to complications including
deep vein thrombosis, pulmonary embolism, and stroke (5).
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Real-time monitoring of hemorheological changes may help inform clinical decision making. However,
modern assessments of hemorheology have many limitations. Advanced hemorheological testing such
as Lumi aggregometry, light transmission, platelet aggregation, and �ow cytometry is primarily reserved
for advanced specialty centers and research labs (6). Serum D-dimer is a well-established marker for
COVID-19 disease severity and prognosis (7,8). However, serum D-dimer and other commonly used
laboratory measurements of platelet adhesion, clotting and degradation, blood viscosity, and rigidity
index are invasive, nursing labor intensive, and may take several hours to provide results. Furthermore,
frequent lab draws contribute to iatrogenic anemia and increase costs. Finally, increasingly popular point-
of-care testing options such as the thromboelastogram (TEG) are expensive and require a high level of
training and expertise to perform and interpret results. Moreover, TEG is time consuming to perform and
is a static measure of hemorheology at the time of blood draw, indicating that the acquired information
may be obsolete by the time lab results are available or that repeated measures may be necessary for
rapidly evolving clinical scenarios.

In a 2017 Scienti�c Reports publication, Njoum et al evaluated the accuracy of photoplethysmography
(PPG) as a non-invasive, diagnostic measure of hemorheology in an in vitro model mimicking human
arterial circulation (6). The study used PPG, an intra-arterial pressure transducer, and an ultrasound
doppler �owmeter to track changes in �ow mechanics following alterations in shear rate and clot
formation (6). PPG AC and PPG DC both achieved statistically signi�cant amplitude changes during
periods of increased shear rate and immediately following thromboplastin activation. The authors also
described a change in PPG AC morphology and amplitude following clot formation. The authors
concluded that photoplethysmography could be used as an effective, non-invasive method for mapping
hemorheology and identifying patterns in blood �ow mechanics, �brin cross-linking, and clot
disaggregation in vitro (6).

The following is a proof-of-concept study applying PPG �ndings reported by Njoum et al to living patients
for the �rst time. In this study, we evaluate PPG tracings from 197 patients with COVID-19 and compare
them to PPG tracings from 300 non-COVID controls. We also compare PPG trends within the COVID-19-
positive population to trends in serum D-dimer, an established clinical marker for COVID-19 (7,8). PPG
recordings were obtained using a USFDA-authorized COVID-19 armband screening device (TigerTech
CovidPlusTM monitor) (9). If signi�cant, PPG changes may offer a dynamic, non-invasive, and affordable
alternative to existing COVID-19 measures.

Methods

Study design and participants
This is a partially prospective, observational, single-institution study. A total of 497 patients were enrolled
(300 COVID-19-negative, and 197 COVID-19-positive). Inclusion criteria for the prospectively collected
COVID-19 cohort included COVID-19-positive status with con�rmatory SARS-CoV-2 RT-PCR and Intensive
Care Unit (ICU) admission within our institution’s ICU from April 8, 2020, to June 29, 2020. Exclusion
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criteria included age less than 18.0 years or ICU admission without a SARS-CoV-2 RT-PCR positive test
result.  

A control group of 300 COVID-19-negative patients was retrospectively selected from an institutional
database consisting of 6000 patients with PPG recordings and were assumed to be COVID-19 negative
because the data was collected prior to the �rst reported case of COVID-19 within the United States (10).
Patient selection was completed using a random number generator in MATLAB. Exclusion criteria
included age less than 18.0 years. No exclusion criteria based on disease status or comorbidity were
applied. The non-COVID cohort was not matched to the COVID-19 positive cohort.  

All PPG recordings were assessed for PPG peaks, pulse rate, PPG dropouts, and dropout rate. This study
was approved by our institution’s Internal Review Board (Federalwide Assurance Number:
FWA00000176).  

Data collection
Included patients’ electronic medical records were reviewed by trained, IRB-approved physicians. COVID-
19 status, demographic information, and lab results were recorded. PPG waveforms from 197 COVID-19-
positive ICU patients were prospectively recorded by a CITI trained research coordinator. Recordings were
time-stamped and saved for analysis. D-dimer levels and SARS-CoV-2 RT-PCR were prospectively
obtained by study physicians from the patients’ electronic medical records. 300 non-COVID patients were
randomly selected from an institutional database for comparison and corresponding PPG recordings and
demographic information were retrospectively collected. D-dimer values were not available for the non-
COVID cohort due to retrospective design.   

Photoplethysmography monitoring
PPG recordings were obtained using a TigerTech CovidPlus Monitor™ (TigerTech Solutions, Inc. Miami,
FL), which is a USFDA-authorized COVID-19 armband screening device with Red and IR PPG capabilities.
Acquired data was analyzed using a proprietary algorithm to detect PPG peaks and PPG dropouts (9). 

PPG peaks are de�ned as the point of maximal amplitude for each pulse wave from the continuous PPG
recording. Utilizing PPG peaks, pulse rate is calculated as the number of pulse peaks that occurred in 1
minute for a pulse rate of pulses per minute (PPM). PPG dropouts are de�ned as a binary metric where
during any single heartbeat or, PPG peak-to-peak pulse wave, the PPG signal voltage value decreased
such that it is below the PPG dropout threshold. The PPG dropout threshold was de�ned as the 60
second moving average of the PPG signal minus the 60 second moving standard deviation of the PPG
signal. For every pulse wave there is either a dropout or not depending on whether the condition is met or
not. Using PPG dropouts and pulse rate, a ratio of PPG dropouts per pulse wave or dropout rate was
derived as the ratio of number of dropouts per minute divided by pulse rate in beats per minute (number



Page 5/16

of PPG dropouts per minute / pulse waves per minute). This gives a ratio of dropouts / pulse wave as a
number between 0 and 1 (with 0 corresponding to a dropout in 0% of pulse waves and with 1
corresponding to a dropout in 100% of pulse waves). 

Statistical analysis
Statistical signi�cance was set at p <0.05. Two sample t-tests were performed. Analysis was performed
using linear regression analysis and comparing the above statistical metrics between COVID and non-
COVID patients utilizing scatter and line plots.  

Role of the Funding Source
Armband PPG recording were obtained using the Tiger Tech War�ghter Monitor ™. The
photoplethysmography device used in this study (TigerTech War�ghter Monitor ™) was provided by
TigerTech Solutions Inc. The Tiger Tech War�ghter Monitor™ was developed partially under a SBIR
contract (W81XWH19C0059) from the Defense Health Agency. However, no funding was provided from
Tiger Tech Solutions, Inc. or from the Defense Health Agency for the present post-development study
using the device.

Results

Demographics
In this section, photoplethysmography (PPG) tracings from 497 patients are analyzed and presented (197
COVID-19 positive ICU patients; 300 non-COVID controls). Relevant medical information was recorded for
the duration of their hospitalizations. The randomly selected control group was representative of the
COVID-19 dataset in terms of age, sex, ethnicity, and comorbidities. The COVID-19 positive cohort and the
control cohort had similar ages (median 67 years [IQR: 54.75-79.25] vs. 59 years [IQR: 35.5-82.5]), gender
distribution (59% male vs. 47% male), race (41% vs. 27% Hispanic, 39% vs. 47% Caucasian, and 19% vs.
18% African American), obesity (49% vs. 38%), diabetes (21% vs 12%), and heart rate (75 [62-88] vs.
83[IQR: 74-92]). PPG recordings were obtained for an average of 3.4 minutes [IQR 3.1-4.2], but all samples
were cut to 3 minutes in duration for analysis.     

Photoplethysmography Dropout
To quantify PPG dropout, the 60-second moving mean and 60-second moving standard deviation based
on IR PPG data was calculated for each subject in the study. The dropout threshold was calculated as the
moving mean minus the moving standard deviation of the signal. A dropout was then de�ned as any
excursion, during a single pulse wave, of the PPG signal below the dropout threshold. A sample PPG
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tracing from a COVID-19-negative patient is displayed in Figure 1. A red dot-dash line denotes the dropout
threshold. To regularize the data, the bias was removed, and the PPG data was normalized by dividing by
1.65 (11). In this �gure, no PPG voltage values are smaller than the red dashed line and therefore there
are zero PPG dropout events within this sample. Conversely, a sample COVID-19 patient PPG recording is
provided in Figure 2. A red dot-dash line again denotes the dropout threshold. Here, every pulse wave has
a value which extends below the threshold (red dashed line), indicating a PPG dropout event for every
pulse wave within this sample.   

Photoplethysmography Dropout Rate
The rate of PPG dropout events was calculated for each patient as a ratio of PPG dropouts per pulse
wave for the total number of pulse waves per PPG recording. As an example, a PPG dropout rate of 1.00
indicates that 100% of pulse waves within a given PPG recording resulted in a PPG dropout and a PPG
dropout rate of 0.00 indicates that 0% of pulse waves within a given PPG tracing resulted in a PPG
dropout. The PPG dropout rate was calculated for each patient and trends in dropout rates for COVID-19
positive and non-COVID patients are presented in Table 1. Non-COVID control patients exhibited a median
PPG dropout rate of zero (median PPG Dropout Rate: 0; IQR 0.00-0.00, p<0.05). Patients with COVID-19
exhibited a mean PPG dropout rate of 0.58 (median PPG Dropout Rate: 0.58; IQR 0.42-0.72, p<0.05).

Maximum and minimum PPG dropout rates are also provided in Table 1. Of the 300 non-COVID patients,
seven (2.3%) experienced a PPG dropout in at least one pulse wave. Among non-COVID patients, the
lowest recorded PPG dropout rate was 0.00 and the maximum recorded PPG dropout rate was 0.01. This
indicates that the highest PPG dropout rate demonstrated by a non-COVID patient was one PPG dropout
per one-hundred pulse waves. Conversely, of the 197 COVID-19-positive patients, 197 (100%) experienced
PPG dropout in one or more pulse waves. Among patients with COVID-19, the lowest recorded PPG
dropout rate was 0.11 and the maximum recorded PPG dropout rate was 1.00. This indicates that the
lowest PPG dropout rate displayed by a patient with COVID-19 was eleven PPG dropouts per one-hundred
pulse waves and the highest PPG dropout rate displayed by a COVID patient was one-hundred PPG
dropouts per one-hundred pulse waves. These results reached statistical signi�cance. 

Table 1

 PPG Dropout Rates among COVID-19-Positive and non-COVID Patients
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COVID-19 Status COVID-19 Positive (n=197) COVID-19 Negative (n=300) p-value

Dropout Rates: median (IQR) 0.58 (0.42 – 0.72) 0.00 (0.00 – 0.00)

 

<< 0.05

Number with dropouts (%) 197/197 (100.0%) 7/300 (2.3%) -

Maximum dropout rate 1.00 0.01 -

Minimum dropout rate 0.11 0.00 -

Photoplethysmography and D-dimer
D-dimer is an established biophysical marker for COVID-19-positive disease progression and severity
(7,8)). We therefore trended PPG dropout rates and compared PPG dropout rates to trends in serum D-
dimer levels for all included COVID-19-positive patients. Of the 197 COVID-19 positive patients, 21
patients had seven or more consecutive days of d-dimer lab values available and therefore had adequate
data for d-dimer trend analysis. The remaining patients were discharged or expired within 7 days of
admission. Figure 3 displays a sample trend of serum d-dimer protein level and PPG drop rate plotted
over time. This �gure, which is statistically similar to the other 20, shows a strong temporal correlation
between PPG drop rate and levels of serum D-dimer. The PPG data in the �gures were normalized by 1.65
and the DC bias was removed. The D-Dimer levels were normalized by dividing all the levels by the
maximum D-Dimer level acquired for that patient during their stay. 

Figure 4 is a scatter plot comparing trends in d-dimer change to trends in PPG dropout rate change. There
are 197 points on the scatter plot, one point representing each patient with COVID-19. For each patient,
the normalized percent change in d-dimer for the patient’s hospitalization (patient’s maximum d-dimer
value minus minimum d-dimer value divided by maximum d-dimer during hospitalization) was plotted
against the corresponding change in PPG dropout rate for PPG recordings taken on the dates of
maximum and minimum d-dimer levels (PPG dropout rate from date of maximum d-dimer level minus the
PPG dropout rate from the date of the minimum d-dimer) for all 197 COVID-19 patients with at least two
d-dimer and PPG data points. The data was then analyzed using linear regression which resulted in an R2
= 0.919 (p < 0.05), demonstrating a strong correlation between changes in D-dimer level and changes in
PPG dropout rates in COVID-19 patients.

Discussion
COVID-19 infects human hosts using the angiotensin converting enzyme type 2 (ACE2) (12). ACE2 is
expressed throughout the body in organs like the lungs, heart, intestines, kidneys, and is also expressed
intravascularly by endothelial cells (12). A growing body of research points to endotheliitis as a cause of
hemorheological changes and a key component of COVID-19 pathophysiology (13-16). Under normal
conditions, endothelial cells help prevent coagulation within the intravascular space by producing



Page 8/16

heparan sulphate proteoglycans within the glycocalyx; by expressing thrombomodulin, which binds to
thrombin and limits its a�nity for �brinogen and other coagulation factors; by expressing endothelial
protein c receptors that facilitate factor c activation; and by releasing tissue-type plasminogen activator
(tPA) (13). However, COVID-19 disrupts these processes and damages endothelial cells via direct viral
toxicity and immune-mediated in�ammatory changes (14-17). In a 2020 Lancet study, Varga et al
provided histological evidence showing the presence of viral bodies within endothelial cells as well as the
presence of accumulated of in�ammatory cells with evidence of endothelial and in�ammatory cell death
(17). The authors concluded that COVID-19 infection resulted in endotheliitis in multiple organs
throughout the body. This �nding is supported by other studies reporting severe endothelial damage in
pathology specimens from both fatal and non-fatal cases of COVID-19 (14). COVID-19 has also been
directly shown to infect engineered human blood vessel endothelial cells in vitro (18).

Njoum et al evaluated the sensitivity of PPGAC and PPGDC components to changes in hemorheology
following changes in endovascular shear rates and induced clotting in vivo (6). The authors reported that
PPGAC amplitude started to decrease within a few seconds of administering clotting agent and continued
to drop until the blood achieved maximum clotting after approximately 20 minutes. The PPGAC waveform

at that moment displayed signi�cantly lower amplitudes and disrupted PPGAC morphology (6). These
�ndings can be explained by the presence of a �brinous matrix, which alters the absorption and
scattering properties of the sample. Similar PPG changes have also been evaluated in the context of
sympathetic blockade (19-21), thermal stress (22), sleep (23,24), and altered venous oxygenation (25).
Recent investigations have reported that PPG amplitude drops during sleep are an independent marker
for cardiometabolic outcomes (24) and hypertension (25). 

Given the current body of evidence surrounding hemorheological changes and reduced PPG amplitude, it
is unsurprising that patients with COVID-19 experienced increased rates of PPG dropout. Of the 197
enrolled ICU patient with COVID-19, every patient exhibited at least one PPG dropout event during PPG
recording (n=197, p<0.05). Furthermore, within COVID-19-positive PPG tracings, the median PPG dropout
rate was 0.58 (median 0.58, IQR 0.42 – 0.72, p<0.05). This indicates that roughly 58% of individual pulse
waves within the cumulative PPG tracings of all 197 patients translated to a PPG dropout event. PPG
dropout was not only displayed by every included COVID-19 patient but displayed to a considerable
extent.   

In contrast, non-COVID patients had low rates of PPG dropout with a median PPG dropout rate of 0.0
(median 0.0; IQR 0.0-0.0, p<0.05). Because non-COVID control patients underwent PPG recording prior to
the arrival of COVID-19 to the United States, these patients were assumed to be without COVID-19-related
in�ammatory or hypercoagulable processes. It was therefore expected that these patients would produce
PPG tracings without amplitude reductions. However, because these control patients were retrospectively
selected using computer randomization, it was impossible to control for all confounding factors. Among
non-COVID control patients, seven patients or 2.3% of controls displayed one or more PPG dropout event.
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The events observed in the control population may be attributable to artifact or may be the result of
confounding underlying disease processes.

The lowest PPG dropout rate recorded among patients with COVID-19 was 0.11, and the highest PPG
dropout rate recorded among patients without COVID-19 was 0.01. Even the PPG dropout rate for the
lowest outlier among patients with COVID-19 is higher than the highest reported PPG dropout rate
displayed among patients without COVID-19 by more than a factor of ten. This suggests that PPG
dropout rate differs strongly between the two groups and could potentially be used to differentiate
patients with COVID-19 from patients without COVID-19. However, further investigation into the sensitivity
and speci�city of PPG dropout as a screening tool for COVID-19 is needed. PPG dropout may not be
speci�c to COVID-19 and evaluations of possible PPG changes in the context of sepsis, cardiovascular
disease, and similar in�ammatory processes are also warranted. 

PPG dropout rate also correlated closely with normalized D-dimer trends. COVID-19 results in increased
arterial, venous, and microvascular thrombus formation (5,26-27). Further, despite the frequent use of
prophylactic and therapeutic anticoagulation, patients with COVID-19 display similar thrombin generation
to healthy controls (7). D-dimer is therefore a well-described biophysical marker used for following COVID-
19 disease severity and prognosis (7,8). Xiaokang et al evaluated of the value of D-dimer as a tool for
COVID-19 prognosis in 1,114 patients with COVID-19 from Wuhan, China (8). The authors reported that D-
dimer levels were closely related to COVID-19 prognosis and that D-dimer levels were more likely to be
elevated among severely ill patients than patients with mild disease (8). Xiaokang et al also reported that
D-dimer levels were signi�cantly higher among patients who died from COVID-19 than those who
survived and that the optimal probability cutoff value for D-dimer was 2.025 mg/L (8). Cummings et al
conducted a similar investigation in New York City and concluded that D-dimer is an independent risk
factor for in-hospital mortality (28). Strong correlation between D-dimer levels and PPG dropout rates
following linear regression [R2 = 0.919 (p < 0.05)], therefore supports the use of PPG dropout rate as a
possible COVID-19 monitoring tool.

Limitations
This study has several limitations including sample size and the use of retrospectively collected control
patients. Recruitment was limited by the ability of a single clinical research coordinator to obtain
armband PPG recordings for all included patients and for physician investigators to review relevant
electronic medical records. Sample size was generally adequate, but this limitation became apparent
during comparison of PPG dropout and D-dimer level trends. A minimum of seven sequential daily D-
dimer levels was required to establish a serial D-dimer and PPG dropout trend. Therefore, all patients who
became discharged or deceased within seven days were excluded from that portion of the analysis,
leaving only 21 included patients. However, we chose to include all available data from all 197 patients
with COVID-19 irrespective of the duration of stay to complete a scatter plot comparison of serum d-dimer
values with PPG dropout rate and linear regression demonstrated a strong correlation.   
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Because the control population was randomly and retrospectively collected, we did not select a matched
population for comparison. However, the goal was to identify a population that re�ected the general
population of patients treated within our institution and the two cohorts were similar in terms of age, sex,
ethnicity, and comorbidities.

Conclusion
Changes in PPG amplitude were previously described in vitro following arti�cially induced clotting
activation. Within the present study, analysis of PPG waveforms from 197 patients with COVID-19 (a
population with well-described hypercoagulability and pro-in�ammatory processes) vs. 300 non-COVID
controls successfully identi�ed increases in PPG dropout rates among patients with COVID-19, indicating
that PPG dropout rate changes can also be found in vivo. PPG dropout rates were signi�cantly higher
among patients with COVID-19 than patients without COVID-19 and closely mirrored trends in serum d-
dimer elevation. PPG dropout rate may be a useful addition to existing COVID-19 monitoring. PPG
monitoring has the added bene�ts of being non-invasive, painless, and dynamic (offering results in real-
time). PPG can be placed on a patient continuously for monitoring of evolving clinical states and can
also be used remotely, without increasing disease exposure. However, in�ammatory changes and
hypercoagulability are not unique to COVID-19 and further investigations should evaluate the sensitivity
and speci�city of PPG dropout for COVID-19 and investigate the presence of PPG dropout during other
in�ammatory disease processes. 
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Figures

Figure 1

Representative photoplethysmography tracing from a non-COVID patient. *The black solid line
demonstrates a sample PPG waveform taken from a non-COVID patient. The bias was removed, and the
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PPG was normalized for clarity. Black triangles represent detected pulse wave peaks utilized for
calculating pulse rate. The red dotdash line marks predetermined PPG mean minus standard deviation.
There are no PPG dropouts (excursions below the dotdash line) within this sample.

Figure 2

Photoplethysmography tracing from a COVID-19 Positive patient. *The black solid line demonstrates a
sample PPG waveform taken from a COVID-19-POSITIVE patient. The bias was removed, and the PPG
was normalized for clarity. Black triangles represent detected pulse wave peaks utilized for calculating
pulse rate. The red dotdash line marks predetermined PPG mean minus standard deviation. Each pulse
wave results in a PPG dropout (excursions below the dotdash line) within this sample.
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Figure 3

Serum D-Dimer Protein Level and PPG Dropout Rate Plotted over Time in a COVID-19 Patient. *Trends in
serum d-dimer and drop rate plotted over time for a sample COVID-19 patient. The black line denotes
normalized serum d-dimer levels (d-dimer normalized by dividing all the levels by the maximum D-Dimer
level acquired for that patient during their stay) and the red line denotes PPG dropout rate (normalized by
1.65 with DC bias was removed).
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Figure 4

Plot of D-Dimer vs. PPG Dropout Rate for 197 COVID-19 Patients. *Scatter plot depicting change in
normalized serum d-dimer vs. change in drop rate. There is one dot for each of the 197 COVID-19
patients. The y-axis denotes the change in normalized serum d-dimer level during hospitalization
(maximum d-dimer level minus minimum d-dimer level divided by maximum d-dimer level) and the x-axis
denotes the corresponding change in PPG dropout rate from the date of maximum d-dimer to the date of
minimum d-dimer (PPG dropout rate from date of maximum d-dimer level minus the PPG dropout rate
from the date of the minimum d-dimer) (PPG dropout rate was, again, normalized by 1.65 with DC bias
was removed). **Solid line marks line of best �t. R2 = 0.919 (p < 0.05)


