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ABSTRACT 

Hemorrhagic shock is a leading cause of death in both civilian and battlefield trauma. Currently available 

medical monitors provide the capabilities to measure standard vital signs that are often imprecise, subjective, 

and inconsistent. More important, the appearance of hypotension and other signs and symptoms of shock 

represent a point in time when it may be too late to apply effective life saving interventions. The resulting 

challenge is that early diagnosis is difficult because hemorrhagic shock is first recognized by late-responding 

vital signs and symptoms. The solution to this dilemma is to identify physiological signal(s) that provides the 

best early indicators of blood volume loss and impending circulatory failure. We hypothesized that state-of-

the-art machine learning techniques when integrated with novel non-invasive monitoring technologies could 

detect subtle, physiological changes in conscious, healthy humans who underwent progressive reduction in 

their central blood volume.   

Methods 

We exposed 28 healthy humans to progressive reductions in central blood volume using lower body negative 

pressure (LBNP) as a model of hemorrhage until the onset of hemodynamic decompensation. Continuous, 

non-invasively measured hemodynamic signals (e.g., ECG, blood pressures, stroke volume) were used for the 

development of machine-learning algorithms. Accuracy estimates were obtained by building models using 27 

subjects and testing on the 28
th
. This process was repeated 28 times, each time using a different subject. 

Results 

Our method was 96.5% accurate in predicting the amount of central blood volume reduction (i.e., level of 

LBNP). The correlation between predicted and actual LBNP level for hemodynamic decompensation was 

0.89.  

Conclusion 

Machine modeling can accurately identify loss of central blood volume and predict the point at which an 

individual will experience hemodynamic decompensation (onset of shock). Such a capability can provide 

decision support for earlier identification of blood loss and need for intervention. 
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1.0 INTRODUCTION 

Accurate, early diagnosis and application of life saving interventions for the treatment of hemorrhage prior to 

the development of circulatory shock is a high priority for the Army Medical Department since hemorrhage is 

a leading cause of death on the battlefield [3,23]. Survival rates increase when patients requiring immediate 

intervention are correctly identified in a mass-casualty scenario, but methods of prioritizing casualties based 

on current triage algorithms are severely limited. In critical trauma and combat casualty care medicine, a 

profound need exists for improved physiological algorithms that will provide a reliable early indication of 

survival outcome [21,28,43]. Despite ongoing study, mental status, pulse character, and low blood pressure 

(systolic < 90 mmHg) are still considered to be the best indicators of the need for life-saving interventions 

[1,19,26,36], even though the unreliability of arterial blood pressure as an early indicator of blood loss was 

recognized as early as the World War II era [20,35]. 

The role-I medical practitioner (including combat medics, physician assistants, and field surgeons) is currently 

limited to the assessment of mental status, pulse character and pulse rate measurements for diagnosis of 

wounded soldiers. Even in special operation forces, it is rare that standard blood pressure (BP) and pulse 

oximetry (SaO2) will be available. However, compensatory mechanisms that buffer against changes in BP and 

SaO2 make these measurements poor indicators for early detection of the severity of hemorrhage [42]. 

Although pulse rate is also available, there exist several confounding etiologies for tachycardia, including 

recent physiological exertion, hydration status, ambient temperature, and epinephrine release due to anxiety 

and/or fear in response to threats, which collectively serve to compromise its specificity as a sign of emerging 

hemorrhagic shock. Therefore, the absence or presence of hypotension as measured by changes in mental 

status, pulse character, and/or pulse rate can be misleading since it does not represent the underlying 

physiology of compensated hemorrhage that eventually leads to the development of overt shock. 

Subsequently, the appearance of hypotension and other signs and symptoms of shock usually represent a point 

in time when it may be too late to introduce effective life saving interventions [28]. The resulting challenge is 

to identify physiological signals associated with the underlying compensatory mechanisms of hemorrhage and 

technologies to track these signals so as to provide early diagnosis of a patient’s risk for developing 

circulatory shock through measurements of physiological responses associated with the underlying 

compensatory mechanisms of hemorrhage. 

An additional challenge facing battlefield medical personnel is the absence of moment-to-moment 

physiological measurements obtained from the wounded soldier, limiting decision-making to isolated 

“snapshot” data points. As a result, rapid decisions about priority of care and application of interventions are 

made without the benefit of observing trends and the dynamic nature of the evolving physiology of the 

traumic injury (and specifically hemorrhage) physiology. Thus, the current process of combat casualty care 

can be greatly improved by providing specific, sensitive, and continuous physiological observations. It is 

therefore clear that identification of the best early markers of hemorrhage can only be accomplished by 

simultaneous and continuous measurement of various physiological signals (compensatory responses) 

associated with BP regulation that have been proven to be accurate predictors of cardiovascular collapse. 

2.0 METHODS 

2.1 Experimental Models of Hemorrhage 

In 1733, Alexander Pope eloquently stated “Know then thyself, presume not God to scan: The proper study of 

Mankind is Man”. Development of effective procedures to predict the magnitude of hemorrhage and the 

likelihood for progression to hemorrhagic shock must necessarily be based on carefully-controlled human 
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experimentation, but experimentally-induced severe bleeding in conscious, unanthesized humans is not 

possible. The ability to experimentally study the hemodynamic effects of hemorrhage has been primarily 

limited to animal studies [15]. Although valuable, application of information derived from such studies to a 

triage algorithm meant for humans is confounded by species differences (e.g., quadruped vs. biped), 

particularly regarding blood pressure regulation, and the presence of anesthesia [17].  

In the case of human studies in which mild blood loss is induced by voluntary blood donation, the removal of 

only small percentages of total blood volume is easily compensated for in most cases, so consequently fails to 

provide a point of hemodynamic decompensation as occurs with greater volumes of blood loss experienced in 

combat trauma. In order to accomplish the objective of investigating the dynamics of severe hemorrhage in 

humans, we designed a model to safely and noninvasively induce decompensation in human subjects for 

reliable prediction of tolerance (e.g., ‘survival’) outcomes [7,13,15]. We adopted an approach of applying 

negative pressure to the lower body (below the iliac crest) as a method of investigating cardiovascular 

mechanisms under conditions of controlled, experimentally-induced hypovolemic hypotension by the 

redistribution of blood away from the head and heart [7,13,15, Figure 1]. With this approach, we have 

demonstrated that lower body negative pressure (LBNP) mimics hemodynamic and compensatory responses 

in conscious healthy humans similar to those observed during the early stages of hemorrhage in anesthetized 

animal models without attenuating peripheral vasoconstriction [6,22]. The application of LBNP as an 

experimental surrogate for hemorrhage represents a basic premise for algorithm development; that is, like 

hemorrhage, we have demonstrated that LBNP reduces central blood volume and cardiac output [7,13,15], 

increases sympathetic nerve activity [9,15,16], reduces tissue oxygen content and pH [37,38,41], and 

eventually leads to severe hypotension and hemodynamic decompensation [7-11,13,15,25-27,30-32]. These 

hemodynamic similarities between the reductions in central blood volume caused by LBNP and bleeding have 

been recently validated by a computational model of human hemorrhage [39]. Most importantly, extensive 

experience with induction of hemodynamic decompensation has been demonstrated using LBNP protocols in 

our laboratory [4-7,10,15,24,33,40], providing the capability to develop algorithms designed to predict a 

clinically-meaningful target outcome. In the absence of effective resuscitative measures, compensatory reflex 

mechanisms eventually fail to adequately compensate as LBNP-induced loss in central blood volume 

gradually increases, and a subsequent collapse of blood pressure regulation ensues [7] with frank onset of 

hypotension, similar to that reported in humans during severe hemorrhage [2,18,34]. Therefore, application of 

LBNP provides a method of investigating continuous and simultaneous physiological responses and 

underlying compensatory mechanisms associated with hemorrhage in human subjects under conditions of 

controlled, experimentally-induced central hypovolemia. By defining hemodynamic decompensation as the 

primary outcome variable, we have successfully developed a novel database of physiological responses to 

progressive central blood volume reduction in more than 150 human subjects that provides the foundation for 

development of a machine-learning algorithm capable of accurately predicting outcome. 
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Figure 1: Human subject placed in the lower body negative pressure (LBNP) device.  Subject is 
instrumented with standard lead II ECG, Finometer® Blood Pressure Monitor, and pulse oximeter. 

In the presence of compensatory hemodynamic, autonomic and metabolic responses during LBNP, we have 

studied the dynamics (time course) of standard vital signs. Our experiments verified data reported in the 

trauma literature that during the early compensatory phase of hemorrhage, there are no clinically-meaningful 

alterations in mental status [31], pulse character [31], systolic and mean blood pressures [8,13,25,27,31], 

arterial oxygen saturation [12-14,41], end-tidal CO2 [27], respiration rate [14], or blood pH and base deficit 

[41]. These responses are pictorially illustrated in Figure 2. As such, the results from our experiments suggest 

that humans can lose as much as 40% to 50% of their central blood volume without clinically-meaningful 

changes in standard vital signs. Our experiments verify that changes in current standard vital signs fail to 

provide early prediction of clinical outcomes, but correlate well with mortality and the need for intervention 

because they are themselves outcome responses (i.e., outcomes correlate well with outcomes). It is therefore 

clear that there is a requirement for a device that quickly and reliably detects and estimates the level of blood 

loss (red line in Figure 2) based on the real-time integration of physiological signals that represent responses 

of dynamically complex mechanisms during the compensatory phase of hemorrhage (green line in Figure 2). 

This is the true data gap that exists with current medical monitoring capabilities; i.e., normality and failure of 

blood pressure regulation can be defined by standard vital signs, but the physiological dynamics that lead from 

normality to failure cannot be defined by current monitoring technologies (Figure 3). The approach presented 

in this paper using our LBNP model of hemorrhage is the only one that we are aware of that provides the 

capability required for the development of a monitor for the early prediction of bleeding and risk for 

hemodynamic decompensation in humans. 
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Figure 2: The time course of standard vital signs measured on current medical monitors (black 
lines) during the dynamic compensatory phase of progressively reduced central blood volume  

(red line) simulated by LBNP. Green line indicates signals required to track blood loss. 
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Figure 3: The time course of physiological dynamics that define the ‘data gap’  
that leads from normality to failure of the blood pressure regulation system. 
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2.2 Algorithm Development 

Feature extraction is a useful tool for identifying important phenomena in a noisy or confounded signal. Task 

or process related knowledge and classic signal processing techniques are used to interrogate large, complex 

datasets, in order to identify salient events and signals (features). These features are then subjected to 

powerful modeling methods to find important co-occurrences. For example, high dimensional nonparametric 

statistical modeling techniques can be applied to complex, multi-input sequences to not only recognize, but 

predict temporal phenomena. Machine learning is concerned with the design and development of algorithms 

that can be used to automatically extract information from large volumes of data. 

In 2008, we began using feature extraction and machine-learning methods to analyze complex physiological 

waveform data collected during LBNP experiments. Our goal was to identify subtle changes in human 

physiology that are predictive of acute blood loss and cardiovascular collapse. We utilized an image-based, 

robot navigation system for our machine-learning framework. This system builds linear and nonlinear density 

models in real-time and is able to process > 100 million pixels or data points/second for the analysis of high 

frequency waveform data based on experience in building an image-based robot navigation system. This 

approach was used to analyze continuous, physiological waveform data from 28 healthy humans exposed to 

progressive central hypovolemia using LBNP until the onset of hemodynamic decompensation. 

Hemodynamic decompensation was identified in real time by a precipitous fall in systolic blood pressure 

greater than 15 mmHg concurrent with the onset of pre-syncopal symptoms such as bradycardia, grey-out 

(loss of color vision), tunnel vision, sweating, nausea or dizziness. The objective was to generate an initial 

machine-learning algorithm for the early identification of reduction in central blood volume and prediction of 

hemodynamic decompensation based on continuous, beat-to-beat hemodynamic measurements obtained from 

a pulse oximeter, transthoracic impedance plethysmography, a near-infrared tissue perfusion monitor, 

transcranial Doppler flow probe, and a finger infrared photoplethysmography blood pressure monitor 

(Finometer™, TNO-TPD Biomedical Instrumentation, Amsterdam, The Netherlands). Continuous, non-

invasively measured physiological signals were analyzed, including RR interval, heart rate, arterial blood 

pressures, pulse pressure, stroke volume, and cardiac output. Initial sample size was 64 heart beats, after 

which a new prediction was made with each new beat. Accuracy estimates were obtained by building models 

using 27 subjects and testing on the 28
th
. This process was repeated 28 times, each time using a different test 

subject. The resulting algorithm represented an average of these 28 experiments, giving a statistically 

unbiased estimate of the efficacy of the algorithm for hypovolemia predictions on future human subjects 

undergoing the same LBNP protocol. 

4.0 RESULTS 

Figure 4 demonstrates the curve fit and correlation of predicted, beat-to-beat values of LBNP (blue line) 

compared with the actual LBNP level (red line) in two of the 28 original subjects. Our method was 96.5% 

accurate in predicting the amount of central blood volume reduction (i.e., level of LBNP); correlation between 

predicted and actual LBNP level was 0.94; the correlation between predicted and actual LBNP level for 

hemodynamic decompensation is 0.89. We subsequently tested the capability of the algorithm to track central 

blood volume reduction (i.e., LBNP) in real time on a subject whose data were not used to develop the 

original algorithm (Figure 5). The algorithm tracked the LBNP profile (progressive reduction in central blood 

volume) and accurately predicted the level of decompensation between -70 and -80 mmHg LBNP (the subject 

decompensated at 3:55 min of the 5:00 min interval of the -70 mmHg LBNP level prior to reaching -80 

mmHg). The algorithm also accurately predicted the level of decompensation in two subsequent subjects. 

These preliminary results were very encouraging. Interestingly, however, the algorithm incorrectly predicted a 

higher level of LBNP than the actual level of decompensation in the fourth and fifth real-time tests. We have 
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previously classified individuals into two distinct tolerance groups: 1) subjects with high tolerance (HT) to 

reductions in central blood volume because they complete at least the 4
th
 level of LBNP (-60 mmHg); and 2) 

subjects with low tolerance (LT) to reductions in central blood volume because they fail to complete -60 

mmHg LBNP [10,11]. In reviewing the tolerance times of the 5 subjects for whom we applied our machine-

learning algorithm, the first 3 subjects were classified as HT while the last 2 subjects were classified as LT. In 

retrospect, we recognized that a limitation to the development of the initial algorithm was that the majority of 

the original 28 subjects used to develop the algorithm were HT. We therefore hypothesized that there are 

characteristics of physiological signals unique to HT and LT subjects that can be identified and integrated into 

the current algorithm to improve the precision of prediction for both subgroup classifications.  
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Figure 4: Curve fit and correlation of predicted, moment-to-moment values of LBNP  
(blue line) compared with the actual LBNP level (red line) in two subjects. 

0

-15

-30

-45

-60

-70

-80

L
B

N
P

 L
e
v
e
l,
 m

m
H

g

time (sec)

0        500     1000     1500    2000    2500

0

-15

-30

-45

-60

-70

-80

L
B

N
P

 L
e
v
e
l,
 m

m
H

g

time (sec)

0        500     1000     1500    2000    2500

 

Figure 5: Tracing obtained from the first preliminary algorithm test to track central  
blood volume reduction in real time on a human subject undergoing progressive  

LBNP whose data was not used to develop the algorithm. 

We subsequently expanded our data set from the original 28 subjects to 104 subjects to refine the algorithm 

and limited our analysis to only non-invasive blood pressure waveform data. We specifically included data 
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from both HT and LT subjects. Similar to the initial approach, the latter experiments involved building 104 

models, each using 103 subjects and testing on the 104
th
 different test subject each time. Preliminary results 

using a window size of only 30 heart beats (less than the initial 64 heart beats) revealed a correlation 

coefficient of 0.95 between predicted and actual LBNP level, with the correlation coefficient between the 

predicted and actual hemodynamic decompensation level also being 0.95. Although preliminary, the most 

current model built on data from 104 subjects displays increased accuracy. We subsequently tested the 

capability of the refined algorithm to track central blood volume reduction in real time on a subject whose 

data were not used to develop the algorithm (Figure 6). The algorithm now provides the capability to predict 

the level of blood volume reduction that will induce decompensation (blue line, Fig. 6) and track the 

progressive reduction in central blood volume (red line, Fig. 6). That is, the algorithm accurately predicted the 

level of decompensation (i.e., when the red line meets the blue line). Final error analysis for models using 

more subjects is ongoing; we hypothesize that this model will demonstrate this higher accuracy on future 

subjects gathered under the same experimental protocol. 

 

Figure 6: Tracing obtained from the revised preliminary algorithm to predict blood volume level for 
hemodynamic decompensation (blue line) and track central blood volume reduction (red line) in  

real time on a human subject undergoing progressive LBNP whose data was not used to  
develop the algorithm. Decompensation occurred when the red and blue lines met,  

at which point LBNP was released and blood was returned to the subject. 

5.0 DISCUSSION 

Hemorrhage is the most prevalent cause of death on the battlefield, accounting for 83% to 87% of the 

‘potentially survivable’ deaths [23], and is the primary cause of death in about 30% of the injured soldiers 

who die from wounds [3]. Some of these deaths might be avoided if military medical personnel had monitors 

with the capability to assess the presence and severity of hemorrhage in its earliest stages. This point is best 

described by an email message sent from the 28
th
 Combat Support Hospital in Baghdad on 20 June 2007 by 

the Director of the Deployed Combat Casualty Care Research Team. The email provided the following 

scenario: “There are 3 groups of casualties: 1) the ones who are really sick and (almost) everyone knows it; 2) 

the ones who have minimal injuries and will live almost regardless of what we do; and 3) those who look like 

they aren't too bad but then deteriorate. (We are) most interested in identifying group 3.”  In this scenerio, it is 

possible that patients in Group 3 actually belong to Group 1, but have not yet manifested signs of overt 

hemodynamic decompensation at initial triage. As such, it is probable that many of the casualties in ‘group 3’ 

compose the population of ‘potentially survivable’ deaths in which lethal bleeding goes undiagnosed. This 

group represents the lives of casualties that could be saved using the approach outlined in this paper.  



Use of Advanced Machine-Learning 
Techniques for Non-Invasive Monitoring of Hemorrhage 

RTO-MP-HFM-182 23 - 9 

 

 

The Initial Capabilities Document (ICD) for Tactical Combat Casualty Care (TCCC) drafted on 31 March 

2006 defines the inability to accurately assess internal injury (e.g., bleeding) as a capability gap at nearly all 

levels of care. Unfortunately, decision-support systems designed for determining the severity of blood loss or 

guiding resuscitation in combat casualties do not exist. For pre-hospital transport, the tools available to the 

medic for decision support are limited to the physical auscultation of the pulse character and assessment of 

mental status. Current medical monitoring devices used in Combat Support Hospitals provide no earlier 

prediction of a need to implement a life saving intervention or patient outcome than an on-site physical exam 

[12]. Thus, a primary objective of the US Army combat casualty care research program is to reduce mortality 

and morbidity on the battlefield through development of medical technologies that improve trauma triage by 

providing advanced casualty information continuously throughout all phases of emergency care. 

The results presented in this paper demonstrate that machine modelling can quickly and accurately identify 

loss of central blood volume and predict the point at which individuals will experience hemodynamic 

decompensation (onset of shock) in advance of changes in standard vital signs. Such a capability can ‘buy 

time’ until more definitive care is available by providing timely decision support for earlier identification of 

blood loss and need of intervention. Since early intervention is associated with reduced morbidity and 

mortality [29], this machine-learning capability provides a promising approach directed at improving clinical 

outcomes for combat casualties and civilian trauma patients with unrecognized hemorrhage. 
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