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Early Physiologic Numerical and

Waveform Characteristics of Simulated

Hemorrhagic Events With Healthy

Volunteers Donating Blood

OBJECTIVES: Early signs of bleeding are often masked by the physiologic com-
pensatory responses delaying its identification. We sought to describe early phys-
iologic signatures of bleeding during the blood donation process.

SETTING: Waveform-level vital sign data including electrocardiography, photo-
plethysmography (PPG), continuous noninvasive arterial pressure, and respiratory
waveforms were collected before, during, and after bleeding.

SUBIJECTS: Fifty-five healthy volunteers visited blood donation center to donate
whole blood.

INTERVENTION: After obtaining the informed consent, 3 minutes of resting time
was given to each subject. Then 3 minutes of orthostasis was done, followed by
another 3 minutes of resting before the blood donation. After the completion of
donating blood, another 3 minutes of postbleeding resting time, followed by 3
minutes of orthostasis period again.

MEASUREMENTS AND MAIN RESULTS: From 55 subjects, waveform sig-
nals as well as numerical vital signs (heart rate [HR], respiratory rate, blood pres-
sure) and clinical characteristics were collected, and data from 51 subjects were
analyzable. Any adverse events (AEs; dizziness, lightheadedness, nausea) were
documented. Statistical and physiologic features including HR variability (HRV)
metrics and other waveform morphologic parameters were modeled. Feature
trends for all participants across the study protocol were analyzed. No significant
changes in HR, blood pressure, or estimated cardiac output were seen during
bleeding. Both orthostatic challenges and bleeding significantly decreased time
domain and high-frequency domain HRV, and PPG amplitude, whereas increas-
ing PPG amplitude variation. During bleeding, time-domain HRV feature trends
were most sensitive to the first 100 mL of blood loss, and incremental changes of
different HRV parameters (from 300 mL of blood loss), as well as a PPG morpho-
logic feature (from 400 mL of blood loss), were shown with statistical significance.
The AE group (n = 6) showed decreased sample entropy compared with the
non-AE group during postbleed orthostatic challenge (p = 0.003). No significant
other trend differences were observed during bleeding between AE and non-AE
groups.

CONCLUSIONS: Various HRV-related features were changed during rapid
bleeding seen within the first minute. Subjects with AE during postbleeding ortho-
stasis showed decreased sample entropy. These findings could be leveraged to-
ward earlier identification of donors at risk for AE, and more broadly building a
data-driven hemorrhage model for the early treatment of critical bleeding.

KEYWORDS: early physiologic signature; heart rate variability; hemorrhage;
rapid bleeding
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@\ KEY POINTS

Questions: Does very early hemodynamic sign of
blood loss exist? Do people who experience ad-
verse events after a small amount of blood loss
have characteristic hemodynamic signatures?

Findings: Various waveform or beat-to-beat level
features including heart rate variability features
changed during small amount of bleeding, with
incremental addition of features during blood do-
nation period. Sample entropy was statistically
significant for subjects who experienced adverse
events after blood donation.

Meanings: Our findings could allow us to develop
risk prediction models for the timely detection and
management of bleeding patients.

. J

n acute loss of greater than 20% of the total
Avolume of blood causes classic symptoms of
hypovolemia while blood loss greater than
40% can be lethal. Blood loss following trauma is the
leading cause of death worldwide in ages less than 45
years, and the third contributing cause across all popu-
lations (1). Approximately 278,000 people in the United
States suffered fatal trauma in 2020 (2), with trauma
centers reporting about 37% of inpatient deaths from
acute hemorrhagic events (3). It is postulated that 40%
of trauma centers’ mortalities could be preventable if
hemorrhages were detected and treated earlier (4).
The signs of progressive blood loss reflect the effect
of reactive increased sympathetic autonomic responses,
including increased heart rate (HR) and contractility,
with a maintenance of blood pressure (BP) and flow
(5). Further volume loss causes selective arterial vaso-
constriction and diversion of blood away from visceral
organs and the skin to maintain BP, thereby mask-
ing hypovolemia. Often arterial pulse pressure (PP)
decreases and respiratory rate (RR) increases. With
continuing blood loss, these compensatory mecha-
nisms become inadequate to sustain BP and overt hy-
potensive shock develops. According to the American
College of Surgeons Advanced Trauma Life Support
(ATLS) classification for hemorrhagic shock, there are
observable signs of bleeding before greater than 15%
of total blood volume (e.g., 750 mL in a 70-kg subject)
is lost (6). However, a hypovolemic threshold has not
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been proven to reflect real-life hemorrhagic sequelae
(7, 8). We hypothesized that the early and easily meas-
urable physiologic changes from noninvasive wave-
form monitoring of normal volunteer blood donation
periods at high bleeding rates could characterize pres-
ymptomatic acute volume loss.

MATERIALS AND METHODS

Data Collection

We created a protocol for controlled hemorrhage in
human volunteers by collecting continuous nonin-
vasive physiologic multigranular data during blood
donation. Periods of orthostasis before and after the
blood donation were added to the protocol to mimic
clinically significant hemodynamic deterioration. The
data were collected from one suburban and one urban
donation station managed by a single center (Vitalant,
Pittsburgh, PA). Inclusion criteria were age greater than
18 years and donation of a single unit (460-500 mL) of
whole blood without IV replenishment. Exclusion cri-
teria were pregnancy, allergy to ECG electrodes, and
active infection. The study protocol was approved by the
institutional review board for human experimentation
at the University of Pittsburgh (IRB MOD19100044-
002, September 2, 2020). Blood donation staft directed
all arriving donors who expressed interest in hearing
about the study to research staff, who then screened for
eligibility. We obtained informed consent before con-
ducting study procedures. Procedures were followed in
accordance with the ethical standards of the respon-
sible committee on institutional human experimenta-
tion and with the Helsinki Declaration of 1975.
Noninvasive waveform-level signals of electrocar-
diography (ECG, 250 Hz), photoplethysmography
(PPG, 125 Hz), continuous noninvasive arterial BP
waveforms (continuous noninvasive arterial pressure
[CNAP], 100 Hz), and respiratory waveforms (125
Hz) were collected using a portable MP50 monitor
(Philips, Amsterdam, The Netherlands), and down-
loaded onto a study computer using a data collection
software (Medicollector, Winchester, MA) (Fig. 1).
In addition, we obtained participant demographics
(age, ethnicity, height, weight, and body mass index)
and past medical history (prevalence of hyperten-
sion, current medications including antihypertensive
medications, history of hypothyroidism, smoking,
drinking, history of SARS-CoV-2 (COVID-19),
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Figure 1. The setup of the physiologic vital sign collection devices. Electrocardiography
(ECG) and photoplethysmography (PPG) signals were collected through the Philips MP50
transfer monitor and continuous noninvasive arterial pressure (CNAP) signals were collected
via the LIDCO monitor. Raw data collected from both machines were then incorporated into
a research laptop computer equipped with waveform-handling software (Medicollector) with
annotations for position changes or symptoms of participants during the data collection.
Hemoflow device measured the amount of blood volume collected during the blood donation
(orange box).
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prevalence of joint
pain/inflammation,
and symptoms of joint
hypermobility by the
Beighton score system
[9]).

The data collection
protocol was as follows.
Briefly, after explaining
the protocol steps to the
participants, ECG elec-
trodes, a PPG fingertip
sensor (Masimo pulse
oximeter, Irvine, CA),
and finger cuff CNAP
(LiDCO rapid mon-
itor, LiDCO, London,
United Kingdom) were
attached, and the par-
ticipant was observed
for 3 minutes while sit-
ting in the blood do-
nation chair (prebleed
baseline).  Participants
were then asked to stand
for 3 minutes (prebleed
orthostasis) and  sit
again. Participants were
placed in a blood do-
nation chair in a semi-
recumbent position,
whereafter venous can-
nulation was performed
by donation staff, a BP
cuff placed proximate
to the IV site was in-
flated to 20mm Hg and
bleeding commenced.
During blood donation,
the bleeding rate was
continuously monitored
(Hemoflow, Applied
Science, Grass Valley,
CA). For sequential
analysis, we segmented
the bleeding into 100 mL
episodes with start of
bleeding (Fig. 1). After
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the blood donation was complete, the participant was
observed for 3 minutes in the blood donation chair
(postbleed baseline), and again asked to stand for 3
minutes (postbleed orthostasis) (Fig. 2).

Adverse events (AEs) such as self-reported dizzi-
ness, lightheadedness, nausea, observed facial flush,
sweating, and feelings of impending doom at any time
during or after bleeding were recorded. Participants
were allowed to change to a recumbent position (with
or without raising their legs) to minimize further AE.
Soft drinks, snacks, and cooling pads were provided as
needed by donation center protocol. When the partici-
pants with AE were deemed hemodynamically stable
and without subsequent AE symptoms, they were
asked whether they wanted to continue with blood do-
nation and study participation. If affirmative, the study
protocol was continued.

Physiologic Signal Processing Methods

For each vital sign data stream, physiologic variables
were computed using different time windows (Table 1)
and summarized below.

ECG Waveform Processing and Analysis. Lead 11
or IIT ECG waveforms were selected for analysis based
on the visibility of R wave peaks in the QRS complex.

A bandpass filter was applied as a form of notch filter
(10) to remove artifactual amplitude and 60 Hz noise.
The peak detection algorithm identified R peaks, to
produce beat-to-beat HR. Based on the R-R interval
time series, HR variability (HRV) metrics were calcu-
lated (Matlab and Python software [11]).

For HRV time-domain variables, the sp of interbeat
(N-to-N) interval (SDNN) and root mean squared
sD of interbeat interval (RMSSD), the sp of succes-
sive differences (SDSD), as well as the percentage of
successive RR interval greater than or equal to 20 and
50 ms (pNN20, pNN50) were calculated as previously
reported (12). For HRV frequency domain processing,
the RR interval was computed to estimate the distribu-
tion of power in different frequency bands including
low frequency (LF 0.04-0.15 Hz, affected by RR, 4-10/
min), high frequency (HE 0.15-0.40 Hz, affected by
RR, 8-25/min), and the ratio of LF to HF (LF/HF
ratio) to serve as a reflection of the relationship be-
tween the sympathetic and parasympathetic systems.
For the nonlinear variable, sample entropy (SampEn),
a measure of complexity of the physiologic time series
data (13), was calculated from a 2-minute time period,
with 1-minute overlapping windows.

PPG Waveform Processing and Analysis. PPG wave-
form measured from a fingertip oximeter is a complex
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Figure 2. The schematic diagram of the controlled hemorrhage protocol before, during, and after the blood donation.
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density signal providing partial information on blood
volume, flow, and respiratory oscillation as well as sym-
patheticactivity (14). All PPG waveforms were processed
using bandpass filters as described above. Then the rule
of skewness was applied to determine morphologically
usable waveform (15). The PPG signals were analyzed
to produce variables using a 30-second time period,
with 10-second overlapping windows. Morphologic
variables included the amplitude of the peak from the
trough (plethysmography amplitude), peak-to-peak
time, trough-to-peak time, and slope (from trough to
next consecutive peak). The time-related variable was
calculated by measuring the time between the peak of
the preceding ECG R wave to the following consecu-
tive PPG baseline immediately before the peak—called
finger pulse arrival time, which was an approximation of
the pulse transit time (16).

The finger cuft plethysmographic sensor (CNAP,
CNS systems) was calibrated with the cuff sphygmo-
manometer, and continuous arterial pressure wave-
form data were collected into a LiDCO rapid device
which reported beat-to-beat arterial pressure metrics
(systolic, diastolic, mean, PP) and PP variation over 20
seconds as well as estimating stroke volume from the
arterial pressure waveform. Collected waveform data
were preprocessed with the Savitzky-Golay filter (17)
to allow measurement of systolic and diastolic times.

Time Segmentation

All processed waveform variables were segmented as
depicted in Figure 2, which divided the time series data
based on different volume statuses and participants’
positions before, during, and after bleeding. First, to de-
fine the steady-state effects of bleeding the prebleed rest-
ing step was compared with the postbleed resting step.
Second, the prebleed resting step was compared with
prebleed orthostasis defining the impact of orthostatic
challenge before bleeding. Third, the postbleed resting
step was compared with postbleed orthostasis to assess
positional influence after bleeding. Fourth, prebleed and
postbleed orthostasis were compared with each other
to investigate the effect of blood loss on orthostatic
challenge.

Statistical Methods

The median and interquartile ratio of all primary and
featurized data were calculated for each time window.

6 www.ccejournal.org

A nonparametric one-way analysis of variance test
(Kruskal-Wallis) was conducted to investigate the
difference between participants who experienced AE
group and those who did not. The distribution of high-
dimensional features between the AE and non-AE
groups was conducted using the t-stochastic neighbor
embedding (t-SNE), one of the unsupervised ma-
chine learning algorithms (18). All statistical and data-
driven methods were performed using Matlab R2022b
(The MathWorks, Natick, MA) and statistical pack-
ages in Python 3.11 (Python Software Foundation,
Wilmington, DE).

RESULTS

Data Overview

We enrolled 55 healthy volunteers during blood
donation. Two subjects were excluded due to dif-
ficulty with IV access, and two had inaccurate an-
notation information. As a result, ECG and PPG
waveform-level data were available for 51 partici-
pants, and CNAP waveform data were available for
49 participants (Supplementary Fig. 1, http://links.
Ilww.com/CCX/B326).

The 51 participants had an average age of 49.4
years, were 54.9% male, 96% White, and an average
body mass index 27.2. The average prebleed phys-
iologic data were BP 125/75 mm Hg, mean arterial
pressure was 92 mm Hg, and hemoglobin 14.3 g/dL.
On average, 494.5mL of blood was donated over
7 minutes and 3 seconds, at a speed of 0.95mL/
kg/min. Assuming the blood content was approxi-
mately 5L in a 70-kg individual, the percentage of
blood loss over the blood volume was estimated at
around 7-8%. Overall, the volume loss over time
for all participants was linear (Supplementary Fig.
2, http://links.lww.com/CCX/B326). Fifteen par-
ticipants (29%) have hypertension and on antihy-
pertensive medications. Twenty-two participants
(43.1%) participants have history of smoking (cur-
rent or former). Six of 51 participants (11.8%) re-
ported AE, such as nausea (n = 4), lightheadedness
(n = 5), dizziness (n = 4), observed facial flushes
(n = 2), hyperventilation (n = 1), or impending
doom (n = 1) during the postbleed orthostatic ma-
neuver period. Clinical descriptive characteristics
were outlined (Supplementary Table 1, http://links.
lww.com/CCX/B326).
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We saw no significant changes in mean arterial pres-
sure, PP, or cardiac output during bleeding or compar-
ing prebleed to postbleed intervals (Supplementary
Fig. 3, http://links.Iww.com/CCX/B326).

Feature Changes Reflecting Prebleed and
Postbleed Resting Periods and Orthostatic
Challenges

When the two resting periods prebleed and post-
bleed were compared, features were not signifi-
cantly different except for the decreased acceleration
time. However, when the baseline (prebleed) rest-
ing period was compared to its baseline orthostatic
challenge, increased HR, decreased HRV time do-
main (pNN20), and a set of PPG-derived morpho-
logic feature changes (decreased PA and increased
plethysmography amplitude variation [PAV]) were
observed. The postbleed orthostatic challenge dem-
onstrated greater changes in HRV time-domain fea-
tures (decreased RMSSD, SDNN, SDSD, pNN20, and
pNN50) and a frequency-domain feature (decreased
HF) compared with the prebleed orthostatic chal-
lenge. However, a few feature behaviors including
increased HR and PAYV, decreased PA, and increased
PAV were similar to prebleed orthostatic challenge.
Interestingly, when the two orthostatic periods
(prebleed and postbleed) were compared with each
other independent of their baselines, although HR
increased more postbleed, feature behavior changes
were similar (decreased HRV time-domain fea-
tures and decreased HF, along with increased HR,
decreased PA, and increased PAV). Features with sig-
nificant differences related to both bleeding and/or
AE are summarized in Table 2.

Feature Changes Over Time During Bleeding

The prebleed resting baseline features were compared
with those at every 100 mL of blood loss during bleed.
Overall, HRV time-domain features demonstrated the
most sensitive changes from the initial 100 mL blood
loss (SDNN) and persisted throughout the entire
bleeding course to 500 mL blood loss. From 300 mL
blood loss onward, decreased HRV time-domain fea-
tures (SDNN, RMSSD, and SDSD) and increased HRV
frequency-domain feature (LF) were seen. Above
400mL blood loss, decreased acceleration time was
seen (Fig. 3).

Critical Care Explorations

Clinical and Physiologic Characteristics of
“Adverse Event” Group

AE was observed and documented in 6 participants,
all during the postdonation orthostatic challenge, and
lasted for 3-15 minutes. The AE group was younger (37.7
yr AE vs. 50.9 yr non-AE, p < 0.005), and more likely to
be female (83.3% female AE vs. 40% female non-AE, p
<0.001). The AE group also demonstrated a significant
decrease in SampEn at the postbleed orthostatic chal-
lenge as compared with the non-AE group (p = 0.003)
(Fig. 4). Notably, the AE group had an increased his-
tory of joint hypermobility (66.7% vs. 6.7% in the non-
AE group, p < 0.001), defined as greater than 2 points
of Beighton’s score (Supplementary Table 2 http://
links.Jlww.com/CCX/B326). Other clinical character-
istics showed no statistically significant difference.
When complexs feature differences were graphically
displayed onto the lower dimensional space using the
t-SNE algorithm, there were no discernible physiologic
feature differences between AE and non-AE groups
overall. When segmented into different position and
volume changes, there were no significant changes ex-
cept for the postbleed orthostatic stage when some of
the AE group was differently mapped (Supplementary
Fig. 4, http://links.Iww.com/CCX/B326).

DISCUSSION

We demonstrated that the physiologic vital sign sig-
natures and their features from various waveforms
could identify rapid bleeding in healthy blood donors
with as little as 100mL of blood loss. We are una-
ware of any similar efforts to investigate early physi-
ologic signatures of hemorrhagic events in conscious
healthy humans. Intraoperative studies of the impact
of exchange transfusion on hemodynamics used small
aliquots of blood per step and did not analyze hemo-
dynamic features or used dynamic measures to assess
cardiovascular state. Also, unlike recent human mod-
els (19, 20), our participants were bled without me-
chanical ventilatory support. Thus, our model better
reflected signatures of acute bleeding outside of the op-
erating room. Our findings may not only enlighten our
understanding of the intricate physiologic compensa-
tion seen during the early stage of severe hemorrhage
but also help to inform the development of data-driven
decision-support models to detect or even predict such
early changes. Consistent with ATLS teaching, we also
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conditions, such stable
baseline data are lacking.

The Physiologic
Feature Behaviors
Before, During, and
After the Blood
Donation

Across all of our study
participants, regardless
of volume status, many
physiologic features in-
cluding HRV time and
frequency domains as
well as PPG-derived fea-
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tures changed when the
participants’  positions
were changed from sit-
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Figure 3. Statistically significant (p < 0.05) feature changes across all subjects (n=51) during the blood
donation period. All features were compared with the prebleeding baseline features. Heart rate variability
time-domain features were found to be very sensitive to the bleeding, with its appearance from 100cm? of
bleeding. Acc = acceleration of the photoplethysmography waveform, LF = low frequency, RMSSD = root
mean square of the s, SDNN = sp of the interbeat interval, SDSD = sb of successive differences.

saw no changes in arterial pressure or cardiac output
during bleeding. Thus, to identify rapid bleeding early,
one needs featurization of these vital signs.

Feature Changes Over Time in Previous Animal
Models

In an animal model, Scully et al examined physiologic
compensatory mechanisms in Merino Sheep (n = 8)
during hemorrhage at either slow (0.25ml/kg/min)
and fast (1.25ml/kg/min) bleeding. According to their
analysis, the speed of bleeding did not make a differ-
ence in the pattern of compensatory response and its
loss at the end of the bleeding, until MAP decreased
steeply (21). We previously showed in a porcine acute
bleeding model that early bleed detection was better
if using invasive monitoring (such as arterial and pul-
monary arterial catheters) and higher sampling rates
compared with noninvasive monitoring and lower
sampling rates. We also demonstrated that early iden-
tification of blood loss could be greatly improved if a
subject-specific baseline data set were used to define
normal (22, 23). Regrettably, in trauma and other

Critical Care Explorations

ting to standing (i.e. or-
thostatic challenge). All
five HRV time-domain
features as well as HF in
the frequency domain
were decreased with
orthostasis after bleed, or comparing two orthostatic
periods before and after bleed. Decreased RMSSD is
a known risk factor for sudden death in the epilepsy
population (24), associated with decreased parasym-
pathetic involvement suggesting stressful conditions.
Likewise, decreased HF region implies increased stress
with disruption of normal respiratory sinus arrhyth-
mias (25). Decreased PPG amplitude and increased
PPG amplitude variation are linked with blood loss in
ventilated patients at 10% of blood volume loss (20), or
in the operating room to identify fluid-responsiveness
(19). We did not observe such changes when the two
resting or orthostatic positions were compared. These
findings suggested that dynamic hemodynamic signals
reflect hemodynamic derangement during a relatively
small amount of blood loss or position changes, al-
though physiologically well-managed.

During the bleeding period, our findings indicated
the occurrence of a gradual physiologic compensa-
tion correlating with progressive blood loss. At the
very early course of bleeding (100 mL), a decrease in
SDNN was observed, which is known to be one of the
most sensitive short-term HRV features along with

www.ccejournal.org 9
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Figure 4. Median and interquartile ranges (IQRs) for heart rate (HR) and HR variability (HRV) features through the course of blood
donation. The blue-shaded area denotes the prehemorrhage donation period, and the red and yellow shades represent blood donation
and postblood donation, respectively. A, HR; B, an example of HRV time-domain feature (root mean square of so [RMSSD ]); C, an
example of HRV frequency-domain feature (low-frequency [LF] to high-frequency [HF] ratio); D, HRV nonlinear feature—sample entropy
(SampEn). Adverse event (AE) indicates a group of subjects experienced AEs after the blood donation. Non-AE denotes a group of
subjects without such AEs. In the AE group, the SampEn decreased with orthostasis after the blood loss, whereas the SampEn in the

non-AE group slightly increased (p= 0.003).

RMSSD even with a short signal length (26). From
300mL of bleeding, other HRV time-domain features
became significant, which was anticipated given the
decrease in HRV is closely related to increased sym-
pathetic response and preload insufficiency. A tran-
sient increase in LF was also observed, implying a
temporary enhancement in sympathetic tone, which
dissipated quickly after the bleeding was completed.
However, this LF increase is a mixture of sympathetic
and parasympathetic actions, making it challeng-
ing to interpret (27, 28). Nevertheless, the consistent
presence of such differences up to 500 mL of blood
loss indicated that the dynamic feature behavior of
the earliest signatures of bleeding appeared to be far
ahead of clinically recognizable blood loss (6), or pre-
viously observed early physiologic variables from an
animal study (29).

10 www.ccejournal.org

Distinctive Characteristics of Adverse Events

All of our AE occurred during orthostasis after
blood donation. From previous studies, known
risk factors for AE events after blood donation in-
clude younger age, female, first-time blood donor,
and lower body weight (30), which was also dem-
onstrated in our participants. Of note, the AE rate
was higher (11.8%) in our study than described in
the literature (1-5%). This high rate was likely due
to the postbleed orthostasis stage in our study pro-
tocol being much earlier (after 3min of resting)
than standard postbleed resting and standing up
(usually 10-min rest in a donation chair). The rela-
tively short postbleed resting time before standing
up would limit the time for fluid recruitment from
extravascular to the intravascular space.
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Decreased sample entropy upon orthostasis after
bleed was the only distinctive feature for the AE group in
our study. Decreased sample entropy is known to reflect
cardiovascular instability through nonlinear HRV metric
and is found to be a useful feature to predict the necessity
of the life-sustaining intervention in a real-life scenario
(31, 32) or to risk-stratify more vulnerable donors for
blood donation to minimize postdonation AEs.

The t-SNE analysis did not reveal remarkable differ-
ences among the AE and non-AE groups. This could be
due to the combination of high-dimensional features
masked characteristic feature behaviors when presented
in alow-dimensional space (33). Our analysis suggested
that high-dimensional combinations of features across
all positions or volume changes did not sufficiently dis-
criminate the AE from the non-AE group.

Toward Building a Decision-Support System

The early identification of bleeding events is not only
physiologically intriguing but also desirable in the
clinical setting, as it could potentially lead to an earlier
warning and application of mitigating interventions
(34). Because a patient can lose 1000mL (approxi-
mately 20% of total blood) in 15min in a major bleed-
ing event, a decision-support model alarm should be
available no later than 5-6 minutes into the bleeding
episode, leaving at least 10 minutes of response time
for clinicians to treat patients before serious organ
hypoperfusion occurs. With an average of 7 minutes of
bleeding time, our human bleeding protocol could be a
good starting point to build a data-driven model for the
early detection of hemorrhage. We previously demon-
strated good performance of a ML-derived early bleed-
ing detection in our porcine model (29) but has not
been analyzed in a controlled fashion in human. Our
current analysis could be leveraged to identify high-
risk blood donation volunteers, peripartum patients,
and postoperative subjects, or triage management pri-
orities in an emergent situation.

Limitations

Our study had several limitations. The study was
designed as a single-center observational study.
However, we had two different sites (1 suburban and 1
urban) where patient demographics were slightly dif-
ferent. Also, this was a prospectively conducted study
in a controlled setting. The sample size was set as 55

Critical Care Explorations

with actual recruitment of 51 in ECG and PPG data.
Yet, although modest, this represented the largest co-
hort among animal or human bleeding protocol pub-
lished to date. We are currently planning to perform
a larger human-controlled hemorrhage analysis in the
blood donation setting. Our measurements included
only noninvasive physiologic signatures, and the non-
invasive parameters could be less accurate than inva-
sive measurements, comparable to our previous works
(22, 23). Lastly, although various clinical decision-
support model could be developed using larger
population, current study design of constant rate of
bleeding with blood donation may not be easily gener-
alized as the variable rates of hemorrhage in different
clinical settings.

CONCLUSIONS

In a continuous vital sign collection from healthy vol-
unteers donating blood, various abnormal sympathetic
response patterns were observed in individuals expe-
riencing AEs during and after blood donation. Early
physiologic changes during blood loss (as early as
100mL) could be identified in noninvasive vital sign
features. Decreased sample entropy during postbleed
orthostasis was a discriminating feature of participants
experiencing AEs. Continuous featurization of physi-
ologic variables during blood loss could lead to earlier
detection and intervention.
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