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Design and In Silico Evaluation
of a Closed-Loop Hemorrhage
Resuscitation Algorithm With
Blood Pressure as Controlled
Variable

This paper concerns the design and rigorous in silico evaluation of a closed-loop hemor-
rhage resuscitation algorithm with blood pressure (BP) as controlled variable. A
lumped-parameter control design model relating volume resuscitation input to blood vol-
ume (BV) and BP responses was developed and experimentally validated. Then, three
alternative adaptive control algorithms were developed using the control design model:
(i) model reference adaptive control (MRAC) with BP feedback, (ii) composite adaptive
control (CAC) with BP feedback, and (iii) CAC with BV and BP feedback. To the best of
our knowledge, this is the first work to demonstrate model-based control design for hem-
orrhage resuscitation with readily available BP as feedback. The efficacy of these closed-
loop control algorithms was comparatively evaluated as well as compared with an
empiric expert knowledge-based algorithm based on 100 realistic virtual patients created
using a well-established physiological model of cardiovascular (CV) hemodynamics. The
in silico evaluation results suggested that the adaptive control algorithms outperformed
the knowledge-based algorithm in terms of both accuracy and robustness in BP set point
tracking: the average median performance error (MDPE) and median absolute perform-
ance error (MDAPE) were significantly smaller by >99% and >91%, and as well, their
interindividual variability was significantly smaller by >88% and >94%. Pending
in vivo evaluation, model-based control design may advance the medical autonomy in
closed-loop hemorrhage resuscitation. [DOL: 10.1115/1.4052312]

College Park, MD 20742
e-mail: jhahn12@umd.edu

Introduction

Hemorrhage is accountable for approximately 40% of trauma
mortality worldwide [1]. Hemorrhage is known to be responsible
for the majority of preventable deaths due to traumatic injuries
that occur before arrival to receive definitive care at hospitals. It is
predicted that approximately 25% of mortality due to hemorrhage
may be preventable with early resuscitation and intervention [2].
Hence, early life-saving interventions to treat hemorrhage are a
cornerstone to reduce trauma-induced mortality. In fact, shorter
prehospital time has been shown to improve survival after trau-
matic injuries with hemorrhage [3]. However, rapid transport to a
hospital equipped with definitive care capability is not always pos-
sible. From this standpoint, advanced hemorrhage control capabil-
ity compatible with prehospital and austere environments may
have the potential to improve the mortality rate of hemorrhaging
patients.

Hemorrhage is resuscitated in the field by stopping bleeding if
possible and then administering volume (i.e., fluids) to the patient
to compensate for the volume deficit due to blood loss. In contem-
porary clinical practice, hemorrhage resuscitation is predomi-
nantly manual volume boluses administration by clinicians to a
physiological endpoint, e.g., blood pressure (BP) [4]. Such a man-
ual administration of volume can be ad hoc and subjective due to
its dependence on individual clinician’s experience and
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knowledge [5—-10] as well as their lapses of vigilance and subopti-
mal decision-making [11-13]. Noting that the therapeutic range of
hemorrhage resuscitation is narrow and the response to hemor-
rhage resuscitation exhibits a large interindividual variability
[14,15], novel capabilities to precisely administer volume (both in
terms of timing and dose) are essential in order to drastically
advance hemorrhage resuscitation by addressing the abovemen-
tioned shortcomings.

A potential solution is to computerize and automate the hemor-
rhage resuscitation task. Indeed, computerized autonomy can ena-
ble dedicated monitoring and treatment of patients with no lapses
of vigilance, especially if it is equipped with trustworthy decision-
making algorithms. Pioneering work to leverage computational
autonomy has been reported in the context of closed-loop control
of hemorrhage resuscitation [16-22]. These reports strongly sug-
gest the promise of computerized closed-loop administration of
hemorrhage resuscitation therapy. Yet, most, if not all, of the
existing closed-loop control algorithms have been developed by
translating qualitative expert knowledge into empiric rules,
including (i) population statistics combined with adaptive error
correction and an empiric rule base [17,18,20]; (ii) decision table
[16,19]; (iii) proportional—integral-derivative [23,24]; and (iv)
fuzzy logic [21,23]. Such rule-based algorithms were shown to be
efficacious in pilot in vivo animal and human trials. However, reg-
ulatory certification and clinical use of these algorithms require
strict understanding of their safety and robustness characteristics
as well as limitations, which is usually derived from mathematical
analysis in the context of control theory. From this standpoint,
qualitative, complex, and nonlinear nature of these rule-based
control algorithms, in conjunction with the lack of physiological
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models for stability and robustness analysis of closed-loop control
algorithms, may present challenges in conducting such an analy-
sis. In fact, state-of-the-art physiological models involve exces-
sive details, such as ion and protein kinetics, which introduce
formidable complexities, making the physiological models less
ideal for control design and analysis [25-34]. An alternative
approach to overcome this obstacle may be to develop a physio-
logical model amenable to control design (called control design
model) and to design a closed-loop control algorithm systemati-
cally by exploiting the control design model. This is in fact a
well-established procedure in the domain of control systems engi-
neering. Yet, it has not been adopted for the development of
closed-loop hemorrhage resuscitation algorithms, because no
physiological model appropriate for use in the design and analysis
of closed-loop fluid resuscitation controllers exists to the best of
our knowledge.

This paper concerns the design of a closed-loop hemorrhage
resuscitation algorithm with BP as controlled variable. To the best
of our knowledge, this is the first work to demonstrate model-
based control design for hemorrhage resuscitation with readily
available BP as feedback. A lumped-parameter control design
model relating volume resuscitation input to blood volume (BV)
and BP responses was developed and experimentally validated.
Then, three alternative adaptive control algorithms were devel-
oped using the control design model for hemorrhage resuscitation:
(i) model reference adaptive control (MRAC) with BP feedback,
(i1) composite adaptive control (CAC) with BP feedback, and (iii)
composite adaptive control with BV and BP feedback. The effi-
cacy of these closed-loop hemorrhage resuscitation control algo-
rithms was evaluated as well as compared with an empiric expert
knowledge-based algorithm based on 100 realistic virtual patients
created using a well-established physiological model of cardiovas-
cular (CV) hemodynamics.

Control Design Model

Model Description. We developed a lumped-parameter control
design model representing the dynamical relationship between
resuscitation volume versus BV and BP responses (Fig. 1). The
control design model is built upon a lumped-parameter model of
BV Kkinetics [35] and extends it to also include the dynamical rela-
tionship between BV and BP with a time-varying gain represent-
ing the resultant CV actions on BV to elicit BP.

The dynamics of BV is governed by the balance between vol-
ume gain (due to resuscitation) and loss (due to, e.g., hemorrhage)

AV (1) = u(r) = v(1) - q(1) (1)

where AV (1) = Vp(t) — Vpo is the change in BV V(¢) from its
initial value Vpo, u(¢) and v(¢) are net fluid gain (i.e., volume
resuscitation) and loss (consisting mainly of blood loss due to
hemorrhage and urine output), respectively, and ¢(¢) is the inter-
compartmental fluid exchange [35]. The intercompartmental fluid
exchange acts as a critical homeostasis mechanism to compensate
for the perturbations in BV, by properly splitting the perturbation

K
a® =K(m® - %) ] e®

Fig. 1 Lumped-parameter control design model representing
the dynamical relationship between fluid resuscitation and BV
and BP responses
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into intravascular and extravascular compartments. The intercom-
partmental exchange was modeled as a proportional compensation
to regulate BV at a target change in BV in response to BV
perturbations

q(t) = q(ep(1)) = K(rp(t) — AVp(1)) 2)

where 7() is the target change in BV given by

rg(t) : Jt u(t)de ! Jf v(t)dt 3)

T Tt T

Here, o, and «, specify the steady-state split of fluid gain and loss
between intravascular and extravascular compartments: BV
change due to fluid gain is limited to its 1/(1 + o) fraction, while
the remaining o, /(1 + o,) fraction is shifted to the extravascular
compartment, and BV change due to fluid loss is limited to its
1/(1+ a,) fraction, while the remaining o,/(1 + «,) fraction is
shifted from the extravascular compartment. With the assumption
that o, and o, do not substantially change in the timescale of a
few hours (which may be supported by our prior work [36,37]),
Eq. (3) is a compact phenomenological representation of the real
physiology associated with intercompartmental fluid exchange
[38]. Combining Eqgs. (1)—(3) yields the following linear dynami-
cal equation:

AVM0+KNGO%:M0—W0+K(LJ%M0—1i%j@>
“4)

The dynamics of BP is related to its BV counterpart through CV
functions [39,40]. According to CV physiology, BP (more specifi-
cally, mean arterial BP P(¢)) is given by the product of cardiac
stroke volume (SV; Vi(¢), which is a function of BV) and arterial
elastance (AE; (E4(1))

P(t) = Vs(OEA() = Vs (Vi () ) Ealr) )

Hence, the change in BP from its initial value AP(¢) = P(r) — Py
is given by

AP(t) = Vs(t)Ea(t) — V5(0)EA(0) = AVs(1)E4(r) + AEA(1)Vs(0)
(6)

Assuming that unstressed BV does not substantially change due to
volume resuscitation, AVs(7) and AV(t) exhibit proportional rela-
tionship (given that SV is proportional to stressed BV [40]). In
contrast, AE4 (1) and AV(¢) exhibit inversely proportional rela-
tionship (due to autonomic-cardiac regulation; Fig. 2) [16].
Hence, simplifying these relationships and denoting AVs(r) =
KVSAVB (l) and AEA([) = _KEA AVB([) yleld

AP(1) = [KyEa(t) — Kg, Vs(0)| AV (1) 2Kp(1)AVE(1)  (7)

where Kp(t) = Kv,Ea(t) — Kg,Vs(0). Here, it was assumed that
AE4(t) and AVp(t) are related to each other via a linear gain
(which may be valid at least locally). Equation (7) suggests that
Kp(f) accommodates time-varying changes in the relationship
between BV and BP due to changes in (i) unstressed BV (Ky;,),
(ii) autonomic-cardiac regulation (Kg,), and (iii) physiological
state (E4(t)). Finally, combining Egs. (4) and (7) yields the
dynamical relationship between fluid gain/loss and BP

AP (1) + KAP (1)

— Kp (1) {u(r)—\}(t)—i-l(( ! !
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Fig. 2 Experimental observations on the relationships between the changes in SV and AE with respect to

the change in BV

In this way, the model structure in Eq. (8) may be well supported
by the physical principles underlying volume resuscitation,
including (i) the conservation of volume (Eq. (1)), (ii) intercom-
partmental fluid exchange (Eq. (3)), and (iii) time-varying BV-BP
relationship (Eq. (7)), under modest and perhaps justifiable
assumptions.

In this work, we will consider BV and BP as measured varia-
bles. The rationale underlying BP is its ease of continuous clinical
measurement (e.g., with an arterial catheter) despite its complex
relationship with BV, while the rationale underlying BV is its
potential as an emerging modality for critical care. Indeed, com-
mercialized medical devices have recently appeared in the market
to continuously measure blood hematocrit (HCT) [41], based on
which BV can be estimated [42].

Model Validation: Methods. We examined the validity of the
control design model using experimental data collected from 23
sheep undergoing BV perturbations in a prior work [16]. Each ani-
mal was subject to (i) controlled hemorrhage of 25ml/kg over
15 min, (ii) 150-min crystalloid resuscitation starting 30 min after the
hemorrhage (the rate of which was determined by a previously inves-
tigated closed-loop control algorithm aimed at regulating BP in the
sheep [16]), and (iii) controlled hemorrhage of 5 ml/kg over 5 min at
35 min and 55 min after the initial hemorrhage. Measurements made
include rates of hemorrhage and urinary output (v(¢)) and crystalloid
infusion (u(1)), as well as BV (using HCT measurements in conjunc-
tion with the indocyanine green dye), BP, and cardiac output.

We validated the control design model on an individual basis.
Given that Eq. (8) is a time-varying equation due to Kp(), con-
ventional batch system identification cannot be applied in fitting
Eq. (8) to the experimental data. Existing remedies to cope with
time-varying parameters (e.g., repetitive generalized least squares
across multiple small time intervals followed by averaging [43])
are not suited to our purpose, because they cannot strictly capture
the instantaneous value of Kp(¢) at all time instants. Hence, we
formulated a novel two-layer optimization problem in Fig. 3. In
the upper layer, the parameters «,, «,, and K in Eq. (8) are opti-
mized, so that Eq. (8) can best fit the experimental data (BV and
BP in particular) in the root-mean-squared sense given Kp(7)

= {o,00,K*}
~argmin AVp(t) — AVg(t, ©) AP(t) — AP(t,©)
& AVB max AVB‘min APmax - APmin 2

(C))

where AVg max and AVp min as well as APy, and AP, are the
maximum and minimum values of AVp(¢) and AP(¢) across the
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Upper Layer: Batch Optimization

i ey oo ([[AVe(D — AVR(4 )| ||AP — AP ©)||
0" = {ay, a;,K'} = axgme}n(” W ”2 + ” g ”2
AVy(t,0) o
AP(t,0)
Lower Layer: BV & BP Prediction
AVB(t 0) + KAVB(t 0) = u(t) — v(t) + K( u(t) v(t))

Ky (1) = 0AVg(t, ©)[AP(Y) — AP(t 0)]
AB(t,0) = K, ()AV3(t, 0)

Fig. 3 Two-layer optimization problem formulated to validate
control design model in Fig. 1

entire experimental data, respectively, associated with each sheep.
To cope with potentially large interindividual variability, we
employed multiple initial conditions for o, «,, and K in the physi-
ologically correct (i.e., positive) range in solving Eq. (9), includ-
ing their group-average values obtained by (i) fitting Eq. (4) to the
experimental data on an individual sheep basis to derive subject-
specific parameter values and then (ii) averaging them across all
the sheep. In the lower layer, AV(z, ®) is computed using Eq. (4)
in conjunction with the values of o, «,, and K furnished by the
upper layer, and AP(r) is computed based on AV(7,®) and
Kp(t), where Kp(t) is recursively computed based on the gradient-
based parameter adaptation law [44,45]

Kp(t) = 6 AVg(1,©)[AP(t) — AP(1,©)] (10)
where AV (1, ©) and AP (t,®) are the changes in BV and BP pre-
dicted by the control design model, AP(¢) is the actual change in
BP, ¢ is the adaptation gain, and ® = {a, o,, K}. We used the
experimental data as the initial conditions for BV (Vpg) and BP
(Po) in solving Egs. (4), (7), and (10). Hence, VB(t Q)=
Vio + AVp(1,®) and P(1,®) = Py 4+ AP (1, ®). These two layers
are iteratively executed until the parameter estimates converge.
We implemented and solved the two-layer optimization problem
using MATLAB and its OPTIMIZATION TooLBOX (MathWorks, Natick,
MA).

Model Validation: Results and Discussion. Table 1 summa-
rizes the root-mean-squared fitting errors associated with BV, BP,
and Kp(t) (where ground truth Kp(7) was computed as Kp(f) =
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Table 1

Control design model: experimental validation results

(a) Root-mean-squared fitting errors associated with BV, BP, and Kp(7) in the absolute and percentage sense

BV BP

Kp (1)

92 39 (ml)
(12.8 = 4.9%)

4.7 £2.8 (mm Hg)
(8.6 =4.7%)

(b) The values of the parameter estimates @* = {u;, 0}, K*}

9.6 x 1072+ 4.7 x 10 (mm Hg/ml)
(7.7 % 32%)

o o K* (min™")
3313 1.3+0.8 04=02
25 100 80
E 0.05 O  Experiment O  Experiment
c q Model ) Model
= ~ an§ =
80 B
3 = T ?
3 | | N 2 € €
= 0 hat d > £ IS
= \ Ihon om ~ =
8 | oon % 60 a
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I -0.05 : — -Hemorrhage R 40
1.5 ©
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Time (min) Time (min) Time (min) Time (min)

Fig. 4 Representative results obtained from the two-layer optimization in fitting the control design model to experimental

data in a sheep (x, = 2.73, «), = 0.48, K' = 0.50 [min~"])

AP(t)/AVp(t) from direct measurements of BV (V(7)) and BP
(P(r)) at each time f), both in the absolute and percentage
sense, as well as the values of the parameter estimates
O = {o;, 0!, K*}. Figure 4 shows a representative example of
the results obtained from the two-layer optimization in fitting
the control design model to experimental data in a sheep. Once
fitted to each sheep, the control design model could accurately
replicate the experimental data on BV and BP responses to both
hemorrhage and crystalloid resuscitation. In addition, the control
design model could track the time-varying parameter Kp(r). It
is noted that Kp(¢) was estimated using AVp(r,®) (i.e., AVp()
predicted by Eq. (4) but not its measurement) and AP(z).
Hence, accurate tracking of experimental Kp(¢) shown in Fig. 4
is not trivial. The ability of the control design model to closely
reproduce experimental data suggests that it is appropriate to
the design of closed-loop control algorithms for hemorrhage
resuscitation. In addition, the validation results also suggest that
adaptive control may be a reasonable approach to closed-loop
control of hemorrhage resuscitation: (i) the intraindividual vari-
ability in Kp(z) can be adequately tracked with a recursive esti-
mation compatible with adaptive control algorithms, and (ii) the
interindividual variability in the parameter estimates is substan-
tial (45% for o and 67% for K*, in terms of the coefficient of
variation).

Control Design

The large interindividual parametric variability in the control
design model (shown in Control Design Model section) naturally
motivates us to explore adaptive control in the design of closed-
loop control algorithms for hemorrhage resuscitation. To enable
the application of adaptive control theory to hemorrhage resuscita-
tion problem with the plant dynamics given by Eq. (8), we make
the following assumptions:

(1) The parameter Kp(¢) is slowly varying and may be regarded
as constant for the sake of control design: Kp(¢) =~ Kp. That
Kp(t) ~ Kp is not strictly true due to the autonomic-cardiac

021001-4 / Vol. 144, FEBRUARY 2022

(@)

3)

regulation actions in response to volume resuscitation.
However, recursive parameter estimation may still be able
to track the time-varying changes in Kp(7) as shown in
Fig. 4.

The sign of Kp is known. Kp is the high-frequency gain of
the control design model in Eq. (8). In the physiological
context, the sign of Kp depends on Ky, and Kg, (see
Eq. (7)). Experimental data suggest that Ky, > 0 while
Kg, < 0 on the average. Hence, it is not straightforward to
define the sign of Kp. However, it is well known that the
relationship between BV and BP during volume resuscita-
tion is passive (i.e., proportional with positive sign) in the
absence of hemorrhage [39]: resuscitation volume increases
BV, and BP also increases as BV increases. Hence, Kp > 0
may be safely assumed. A potential drawback is that it
restricts the context of use of the closed-loop control algo-
rithm to hemorrhage resuscitation scenarios where blood
loss is stopped before resuscitation starts.

In the adaptive control paradigm, the unknown parameters
in the plant dynamics in Eq. (8) can be recursively esti-
mated using the input—output measurements. However,
accurate estimation of all these unknown parameters
requires the persistence of excitation condition [44.,45],
which is not easy to anticipate in real-world hemorrhage
resuscitation scenarios (simply because the goal of the
resuscitation is to save the patient rather than to meet the
persistence of exictation condition). In the lack of persist-
ence of excitation in the resuscitation input u(z), the param-
eter estimates obtained from recursive estimation may
suffer from inaccuracy. To overcome this challenge, we
treat Kp as the only unknown parameter in the control
design model, while ® = {o,, K} is known a priori. This
assumption is justifiable in that (i) current practice of hem-
orrhage resuscitation consists of iterative administration of
multiple boluses, and (ii) ® = {o,, K} may be readily esti-
mated even using the measurements of the bolus input u(z)
and BP output AP(¢) associated with a single bolus admin-
istration by performing batch system identification of the
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control design model in Eq. (8) (see In Silico Evaluation:
Results and Discussion section for details) [35].

To achieve the control objective of regulating BP at a desired
level, we comparatively investigate three alternatives: (i) MRAC
with BP feedback alone, (ii) CAC with BP feedback alone, and
(iii) CAC with BP and BV feedback.

Model Reference Adaptive Control With Blood Pressure
Feedback. Assuming that (i) Kp(¢) is a constant, i.e., Kp(t) ~ Kp,
and (ii) hemorrhage has been treated and is absent (v(¢) = 0;
assuming urine output is negligible), the control design model in
Eq. (8) can be written as the following transfer function:

_APG) o St
Cn(s) = U(s) 7Kps(s+K) (1

Considering a first-order dynamics as the reference model

_ APggr(s) _ am

N APgp(s) s+ ay, 12)

Grer(s)

where APgp(s) is desired change in BP, APgrgp(s) is reference
AP(t) trajectory, and a,, is the user-specifiable time constant dic-
tating the speed of the reference model. The model reference con-
trol law in Eq. (13) yields the closed-loop dynamics in Eq. (12)
when applied to Eq. (11) (which can be shown by substituting
Eq. (13) into Eq. (11))

, K\ u()
u(t) = (Ai 1 +otu)p+),
+Ki { 2 mi’%% (K —ay — JJAP(?) +amAPsp(z)}

13)

where p is the differentiation operator.

Since K, is unknown, it must be estimated using a recursive
adaptation law. Denoting 0 = 1/K,,, 0(r) = 1/K,(t) as the esti-
mate of 0 at time ¢, and 6(¢) = 0(¢) — 6(¢), the dynamics of the
tracking error e(r) = AP(r) — APrge(f) when u(r) in Eq. (13) is
implemented with K () is given by

é(t)=—ape(t)

~ AP
+K,,(9(t){ (22— /IK]pT(?Jr [K —ay, — A)AP(t) +a,APsp(t) }
(14)
Invoking the following Lyapunov function candidate:
- 1 1 -
V{e(e),0(0)) = 5¢*(0) + 3 K,0 (1) 1)
2 2y,

where y, > 0, and assuming that perfect knowledge of o, and K is
available, its time derivative along the trajectory of the error
dynamics is given by

V(e(0), 0(6) = e(0)é ) +i1{,,0(z)5(;)

= —a, (1) + e(DK, DY) + yix,,éu)é(r) (16)

where (1) = [22 = 2KI(AP(1))/(p + 7)) + [K — an — 2JAP(1)
+ a,,APsp(t). Hence, the adaptation law

0(1) = —p,e (O (1) a7

yields negative semidefiniteness of V (e(r),0(r)): V (e(r),0(r))
= —a,e*(1) < 0. Consequently, V(e(z),0(1)) is bounded. Hence,
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the closed-loop dynamics consisting of Eqs. (11), (13), and (17) is
globally stable. In turn, the signals e(f), W(¢), and 6(¢) are
bounded, and accordingly ¢(¢) in Eq. (14) is also_bounded. As a
result, V (e(z), 0(¢)) is bounded, rendering V (e(z), 8(r)) uniformly
continuous. By invoking Barbalat’s lemma, it is concluded that
lim, o, V(1) = lim,_ e(f) = 0. Hence, we can conclude that the
tracking error converges to zero.

Composite Adaptive Control With Blood Pressure Feed-
back. To enhance the efficacy of estimating Kp, we explored the
use of CAC based on BP feedback, in which the adaptation law in
Eq. (17) (which is based on the tracking error e(7)) is augmented
by an extra term governed by a prediction error €(¢) associated
with BP. For this purpose, Eq. (11) can be rewritten as follows:

uts) _ o) — 8 ap(s) (18)
S s+
1+,

Then, the following prediction error €(¢) can be defined:

() = 0(0) LK Ap(r) - u) (19)

p

J’_
P 1+ oy

Using the gradient-based parameter adaptation law [44,45]

- +K
0() = —.e(r) |
p+

AP(t) (20)

1+,

where y, > 0. Augmenting Eq. (20) to Eq. (17) yields the follow-
ing CAC law:

0(1) = —p,e(O(0) - 7,e(r) | LK

AP(t) 1)
P+

14 oy

Invoking the Lyapunov function candidate in Eq. (15), and assum-
ing that perfect knowledge of o, and K is available, it can be eas-
ily shown that its time derivative along the trajectory of the error
dynamics in conjunction with the CAC law in Eq. (21) is given by

2

K
LAP(Q <0

V(e(r), 0(r) = —ane*() - ﬁj—‘K,Jf(z)
e p +

L+ o
(22

Hence, the argument made on the convergence of the tracking
error remains valid for CAC with BP feedback.

Composite Adaptive Control With Blood Pressure and
Hematocrit Feedback. To examine the potential value of direct
real-time BV measurement (which is not widely used now but
may be readily available in the near future with real-time HCT
monitoring capability [41]) in addition to BP, we explored the use
of CAC based on BV feedback, in which the adaptation law in
Eq. (17) (which is based on the tracking error e()) is augmented
by an extra term governed by a prediction error €(¢) associated
with both BV and BP.

Relative change in BV from its initial value is derived from
HCT measurement [42]. Denoting AV (1) = AVg(t)/Vgo where
AV(1) is the relative change in BV and Vp is the initial BV
level, Eq. (4) can be rewritten as follows:

AVi(6) + KAV (1) = % {u(z) —9()

1 1
+K(1 To u(t) — 7o v(z‘))} (23)
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And accordingly, the relationship between AVg(¢) and AP(r) is
given by

AP(1) = K, VoAV 5(t) 24

Note that Vpy may be viewed as known a priori along with
© = {o,,K}. Indeed, Vo may be readily estimated using the
measurements of the input «(¢) as well as BV output AV z(7) asso-
ciated with a single bolus administration by performing batch sys-
tem identification of the control design model in Eq. (23) [35].
Based on Eq. (24), the following prediction error €(f) can be
defined:

— AV(0) (25)

Using the gradient-based parameter adaptation law [44,45]

2 AP(r)

0(r) = —y.e(t) Voo (26)

where y, > 0. Augmenting Eq. (26) to Eq. (17) yields the follow-
ing CAC law:

0(r) = —y,e (O (r) — peelt) A‘Z(:)

e2))

Invoking the Lyapunov function candidate in Eq. (15), and assum-
ing that perfect knowledge of «, and K is available, it can be eas-
ily shown that its time derivative along the trajectory of the error
dynamics in conjunction with the CAC law in Eq. (27) is given by

AP(1)

Vo

o ~2 2
V(e(z)ﬁ(z)):—amez(t)—f—éK,,o (z)[ } <0 (28

Ve

Hence, the argument made on the convergence of the tracking
error remains valid for CAC with BV and BP feedback.

Control Algorithm Evaluation

In Silico Patient Model and Virtual Patient Generation. To
evaluate the alternative closed-loop hemorrhage resuscitation con-
trol algorithms developed in Control Design section, we used an
established and comprehensive physiological model of CV hemo-
dynamics in humans [46]. The physiological model consists of
essential components to faithfully describe CV hemodynamics,
including: (i) circulatory dynamics in the arteries and the veins,
(i) interaction between intravascular and extravascular compart-
ments, (iii) renal function, (iv) sympathetic and parasympathetic
feedback, (v) peripheral autoregulation, and (vi) renin—
angiotensin control mechanism (Fig. 5). Hence, the physiological
model is a powerful tool for simulating short-term and long-term
regulation of BV and BP. More specifically, the circulatory
dynamics represents the BV dynamics in the intravascular com-
partment that includes arteries, veins, and the heart as compliant
chambers holding the blood. BV and BP are regulated by a suite
of autonomic regulation mechanisms including the intercompart-
mental fluid exchange between intravascular (i.e., blood) and
extravascular compartments, the renal function in the kidneys
(i.e., urine output), and many BP control functions (such as the
autonomic control of cardiac contractility, vascular resistance, and
unstressed venous BV, autoregulation as a function of capillary
blood flow, and angiotensin control).

We made two extensions to the physiological model to enable
the virtual evaluation of the closed-loop control algorithms devel-
oped in this work. First, we added the ability to simulate BV
changes due to hemorrhage and hemorrhage resuscitation by
allowing the blood to be removed from the arterial chamber and
the resuscitation fluids to be furnished to the venous chamber.
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Fig. 5 A physiological model of CV hemodynamics in humans
used to create virtual patients

Second, we added the ability to simulate HCT by accounting for
the dynamics of plasma volume and red blood cell volume
(RBCYV) separately, so that BV can be measured from HCT as in
the real-world scenarios. Noting that HCT is the fraction of
RBCV in BV, the time rate of change in RBCV due to hemor-
rhage h(z) is given by

Veree (1)

AVRBC(t) = 7h(t) VB(t)

(29

where Vgpc(f) is RBCV, and Vp(t) = AVp(t) + Vpo. Then,
plasma  volume  (Vp(r)) can  be  computed by
Vp(1) = Vp(t) = Vrae ().

The physiological model is equipped with >40 parameters
characterizing the interactions therein to control BP. We selected
nine parameters whose variability largely alters BP, including: (i)
nominal arterial resistance, (ii) nominal cardiac contractility, (iii)
nominal capillary filtration, (iv) nominal venous capacitance, (v)
the effect of sympathetic tone on kidney function, (vi) nominal
unstressed and total venous BV, and (vii) parameters to character-
ize angiotensin function. Then, we created a total of 100 virtual
patients by randomly sampling these parameters from physiologi-
cally reasonable ranges in the vicinity of their respective nominal
values, so that BV and BP associated with the virtual patients in
the prehemorrhagic state exhibit physiologically adequate values.
The resulting virtual patients were associated with prehemorrhage
BV range of 4.5-5.5 1 and BP range of 70—-100 mm Hg.

In Silico Evaluation: Methods and Analysis. To evaluate the
closed-loop control algorithms developed in Control Design sec-
tion, we devised a hemorrhage and resuscitation scenario shown
in Fig. 6. In this scenario, the virtual patient is subject to major
hemorrhage (2.51). The hemorrhage is treated during the next
120 min. Then, a 0.51 bolus is administered during 30 min. The
closed-loop control algorithm is activated 10 min after the bolus is
administrated. We executed this scenario in all the 100 virtual
patients. Then, we collectively analyzed the efficacy of the
closed-loop control algorithms by aggregating the in silico evalua-
tion results obtained from all the virtual patients.

We exploited the BV and BP responses of the virtual patient to
the initial bolus to derive the values of ® = {a,,K} and K, in
Eq. (11), as well as Vg in Eq. (23). In case of MRAC and CAC
with BP feedback, the following optimization problem was solved
to yield «;, and K* (which were used to implement the control law
in Eq. (13) as well as the adaptation laws in Eqgs. (17) and (21)) as
well as K* (which was used as the initial condition for the adapta-
tion laws), where the last term is a regularization function based
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Fig. 6 Hemorrhage and resuscitation scenario used to evalu-
ate the closed-loop control algorithms. Vi: hemorrhage volume
(2.51). Vg initial bolus volume (0.51). T;: time to treat hemor-
rhage (120 min). T,: time for initial bolus (30 min). T;: time inter-
val between initial bolus and closed-loop control (10min).
Hemorrhage duration was 120 min.

on group-average parameter values to robustify the solution (i.e.,
parameter estimates) against sparse bolus excitation [36]:

{7, K Ky} = arg min [[AP() = AP(),
aLI

| K| -
K,

(30)

2

1

In case of CAC with BV and BP feedback, the following optimi-
zation problem was solved to yield o, K*, and Vg, (which were
used to implement the control law in Eq. (13) as well as the adap-
tation law in Eq. (27)) as well as K; (which was used as the initial
condition for the adaptation law):

B AV(1)
Vo

{og,, K", K}, Vi } = arg at,JI(I}(i,?anW' ‘ H(r)

2
+w2||AP(r) — AP (1)

Oy

u
Al K K
+ - 31
{ K, K, 3D
Vo Vo

1

where H(r) is HCT. Then, each closed-loop control algorithm was
implemented using the derived parameter estimates and then exe-
cuted to achieve the objective of regulating BP at a target set point
(which in this work was set at 100 mm Hg in all virtual patients).
For all the closed-loop control algorithms, we set the time con-
stant associated with the reference model (@, in Eq. (12)) at
15 min.

To compare the efficacy of our closed-loop control algorithms
with a benchmark, we evaluated an expert knowledge-based
closed-loop hemorrhage resuscitation algorithm reported in a prior
work [16,21,47], slightly revised to achieve our 100 mm Hg set
point. In brief, the expert knowledge-based algorithm delivers vol-
ume at prespecified BP-dependent rates: 100 ml/min per 70kg
body weight if BP <40 mm Hg, its 80% level if BP is 41-44 mm
Hg, 60% level if BP is 45-49mm Hg, 30% level if BP is
50-69 mm Hg, and 10% level if BP is 70-99 mm Hg. If BP is
100 mm Hg or above, no volume was delivered.

To make the in silico scenario close to the reality, we added
measurement noises to BP and HCT signals: BP signal was conta-
minated with a uniform random noise of 2 mm Hg in magnitude,
while HCT signal was contaminated with a uniform random noise
of 0.01 in magnitude. The closed-loop control algorithms were
equipped with a six-point moving average digital filter to reject
the adverse impact of noises. In reality, a BP transducer and a vol-
umetric infusion pump are needed to implement the control loop.
Yet, considering that the time constants associated with the BP
transducer and the infusion pump are much faster than that of the
BV kinetics, dynamic effect of these physical elements was not
considered.

Journal of Dynamic Systems, Measurement, and Control

In the analysis of the set point tracking and parameter estima-
tion efficacy of the control algorithms, we used the performance
error (PE) metrics widely used to assess the performance of
computer-controlled automated infusion pumps [48]. We defined
the PEs associated with set point tracking and parameter estima-
tion as follows:

x 100%, PEE:IM
AP(1) K,(1)

_ APggg(1) —AP(2)

PE, = x 100%

(32)

Using these PEs, we evaluated the efficacy of the closed-loop con-
trol algorithms by quantifying, assessing, and comparing the
median PE (MDPE), median absolute PE (MDAPE), divergence
(DIV, which is a measure of drift in PE), and wobble (which is a
measure of intraindividual variability in PE). We used the one-
way analysis of variance (ANOVA) with post hoc paired #-test to
determine the statistical significance in the difference in these
measures between the closed-loop control algorithms developed
in Control Design section. We used the paired #-test to determine
the statistical significance in the difference in these measures
between CAC with BV and BP feedback (Egs. (13) and (27)) and
the benchmark expert knowledge-based hemorrhage resuscitation
algorithm.

In Silico Evaluation: Results and Discussion. Figure 7
presents the resuscitation input (u(r), first row), BV (second row),
BP (third row), and finally K,,(r) and K,(¢) (fourth row) trajecto-
ries when (¢) MRAC with BP feedback, (b) CAC with BP feed-
back, and (c¢) CAC with BV and BP feedback were applied to the
nominal virtual patient (BV: 5.01 and BP: 100 mm Hg) subject to
the scenario shown in Fig. 6. Table 2 summarizes the PE-based
metrics associated with set point tracking and parameter estima-
tion pertaining to all the closed-loop control algorithms (it is noted
that the PE-based metrics were computed from the onset of
closed-loop control (r=280min in Fig. 6) to =360 min when
BP reached the set point). Figure 8 presents the resuscitation input
(u(1), first column), BV (second column), and BP (third column)
when the expert knowledge-based hemorrhage resuscitation algo-
rithm was applied to the nominal virtual patient (BV: 5.01 and
BP: 100mm Hg) subject to the scenario shown in Fig. 6, while
Table 3 summarizes the PE-based metrics associated with set
point tracking pertaining to the expert knowledge-based hemor-
rhage resuscitation algorithm.

All the closed-loop hemorrhage resuscitation algorithms devel-
oped in this work performed well in tracking the BP set point
(Fig. 7 and Table 2). Regarding the BP set point tracking error, all
three closed-loop control algorithms consistently exhibited small
bias, inaccuracy, drift, and fluctuations as indicated by small
MDPE, MDAPE, divergence, and wobble, respectively, across all
the virtual patients. Comparing the three closed-loop control algo-
rithms, CAC with BV and BP feedback was generally superior to
MRAC and CAC with BP feedback in all the PE-based metrics.
Specifically, the former was superior in terms of MDAPE, diver-
gence, and wobble. In addition, all the metrics associated with the
former were more robust in that the spread of the metrics was rela-
tively narrow. However, the difference in these metrics (and
accordingly, the overall set point tracking performance) was
deemed small from practical perspective. In contrast, regarding
the parameter estimation error, CAC with BV and BP feedback
exhibited significantly superior performance to MRAC and CAC
with BP feedback in all the PE-based metrics (Fig. 7 and Table 2).
Indeed, all the PE-based metrics associated with the former were
close to zero, whereas the same metrics associated with the latter
clearly indicated large bias (negative MDPE, meaning overesti-
mation), poor accuracy (MDAPE being the same as MDPE except
sign, meaning again consistently biased overestimation), lack of
error convergence (negligible drift with close-to-zero divergence,
meaning persistent parameter estimation error), and fluctuation
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Fig. 7 Representative in silico evaluation results: resuscitation input (u(t), first row), BV (second row), BP (third row), and
K,(t) and K (1) (fourth row) trajectories when (a) MRAC with BP feedback, (b) CAC with BP feedback, and (c) CAC with BV and
BP feedback were applied to the nominal virtual patient (BV: 5.0 and BP: 100 mm Hg) subject to the scenario shown in Fig. 6

Table 2 PE-based metrics associated with set point tracking and parameter estimation pertaining to all the closed-loop control
algorithms

(a) Set point tracking

MDPE (%) MDAPE (%) DIV (%/min) Wobble (%)
MRAC with BP —0.29 +2.51 3.32+0.94 —0.15+0.10 321+ 1.06
CAC with BP —0.44+2.18 3.35+0.88 —0.19 +0.15° 3.45+1.23
CAC with BV and BP —045+1.14 2.08 +0.58*° —0.14 = 0.07° 2.02 +0.57*°
(b) Parameter estimation

MDPE (%) MDAPE (%) DIV (%/min) Wobble (%)
MRAC with BP —25.50 +19.35 27.70 = 16.01 —0.05+0.13 1.42 +0.61
CAC with BP —35.92 +11.13° 3593+ 11.13% 0.11 +0.14% 1.58 = 0.49°
CAC with BV and BP —1.44 * 6.38*° 5.54 +3.44%0 —0.03 = 0.02° 0.00 = 0.01*°

“Significantly different from MRAC with BP (one-way ANOVA).
"Significantly different from CAC with BP (one-way ANOVA).
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Fig. 8 Representative in silico evaluation results: resuscitation input (u(t), first column), BV (second column), and
BP (third column) trajectories when the expert knowledge-based hemorrhage resuscitation algorithm was applied
to the nominal virtual patient (BV: 5.01 and BP: 100 mm Hg) subject to the scenario shown in Fig. 6
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Table 3 PE-based metrics associated with set point tracking
pertaining to the expert knowledge-based hemorrhage resusci-
tation algorithm

MDPE (%) MDAPE (%) DIV (%/min) Wobble (%)

22.15+9.72* 22.15+9.72* 0.18 =0.10" 1.62 +0.80°

“Significantly different from CAC with BV and BP (p <0.01, paired
t-test).

(wobble larger than the former, although small in absolute sense).
The notable superiority in parameter estimation performance asso-
ciated with CAC with BV and BP feedback may be largely attrib-
uted to its exploitation of BV measurement. Indeed, the results of
bolus-based system identification (Eqgs. (30) and (31)) showed that
more accurate estimates of the control design model parameters
resulted when BV was used in conjunction with BP than when
only BP was used: on the average, the errors associated with o,
K, and K, were 56% and 31%, 176% and 9%, and 12% and 12%,
respectively, for Egs. (30) and (31). In addition, the error associ-
ated with Vy, for Eq. (31) was generally small (2% on the aver-
age). During closed-loop control, the integrity of K ,(r) is largely
affected by the accuracy of «; and K* (in all three closed-loop
control algorithms) as well as V, (in CAC with BV and BP feed-
back), since these parameters are not updated but fixed in imple-
menting the control law in Eq. (13). Considering that the errors
associated with these parameters are relatively large in MRAC
and CAC with BP feedback than in CAC with BV and BP feed-
back, K ,(¢) derived from the adaptation laws in Eqgs. (17) and (21)
was forced to drift away from its actual value in order to com-
pensate for the inaccuracy in ¢ and K*. On the contrary, K ,(r)
derived from the adaptation law in Eq. (27) was much more accu-
rate by virtue of the superior accuracy in o, K*, and Vp,. All in
all, these results are consistent with the intuitive expectation that
supplying more information to adaptive control can enable
enhanced set point tracking (despite modest extent in case of this
work) and parameter estimation.

In case K,,(¢) was not adapted during closed-loop control (i.e.,
after “batch system identification” in Fig. 6), set point tracking
performance was degraded, especially in terms of robustness, rela-
tive to CAC with BV and BP feedback: (i) all the metrics exhib-
ited much larger spread, and (ii) MDAPE and wobble were
significantly larger (results not shown). The results demonstrate
the advantage of accurate tracking of K,,(¢) in achieving robust set
point tracking performance. It is noted that the PE metrics
obtained without adapting K,,(r) were not significantly different
from those obtained for MRAC and CAC with BP feedback,
which may be attributed to, among other reasons, (i) relatively
small changes in K,,(7) in the in silico evaluation conducted in this
work (see Fig. 6) and (ii) inaccurate estimation of K,(z) when
only BP was used as feedback. However, we anticipate that
MRAC and CAC only with BP feedback may still be advanta-
geous in patients undergoing large time-varying changes in K, (1)
(which needs to be collaborated in a follow-up work).

Compared with the closed-loop control algorithms developed in
this work, the expert knowledge-based hemorrhage resuscitation
algorithm exhibited very poor set point tracking performance
(Fig. 8). In particular, BP response was very slow: it required
additional >80 min to reach the set point on the average even with
an initial bolus (Vy in Fig. 6). In the absence of the initial bolus
(note that the expert knowledge-based hemorrhage resuscitation
algorithm as reported in the prior work is not supposed to require
initial bolus), it required additional >140min to reach the set
point on the average (not shown). Accordingly, all the PE-based
metrics except wobble were substantially deteriorated compared
with the closed-loop control algorithms developed in this work
(Table 3): (i) MDPE and MDAPE were both very large, indicating
slow BP response; and (ii) divergence was persistently positive,
indicating gradual convergence of BP to its set point. Wobble on
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the average was smaller in the expert knowledge-based algorithm
than in all the closed-loop control algorithms developed in this
work, because the volume delivery rate was always constant (at
10 ml/min per 70kg body weight, since BP was always between
70 and 99 mm Hg in all the virtual patients up to =360 min in
Fig. 8). However, the expert knowledge-based hemorrhage resus-
citation algorithm behaved like an on—off control once BP reached
its set point, switching between 0 ml/min and 10 ml/min (both per
70kg body weight) susceptibly to the measurement noise associ-
ated with BP (not shown). All in all, the slow response associated
with the expert knowledge-based algorithm may be enhanced by
adjusting its volume delivery rates. However, such enhancement
may still necessitate tedious trial-and-error and ad hoc tuning.
Furthermore, even the enhanced expert knowledge-based algo-
rithm may not perform as efficaciously as any of the closed-loop
control algorithms developed in this work on an individual basis,
due to its population-average nature. In this regard, the control
design model presented in this work (see Control Design Model
section) provides a solid foundation for systematically designing
closed-loop control algorithms capable of personalized hemor-
rhage resuscitation by tailoring its actions to individual patients
via online adaptation.

Conclusion

In this paper, we developed a control-oriented model applicable
to systematic design of closed-loop control algorithms for hemor-
rhage resuscitation and demonstrated its use in the design of three
alternative adaptive control algorithms. We experimentally
showed that the control design model can replicate BV and BP
responses to hemorrhage and hemorrhage resuscitation, thus mak-
ing it suited to the design of closed-loop control algorithms
exploiting BV and BP as controlled variables. Based on an exten-
sive in silico evaluation, we showed that our adaptive control
algorithms were significantly superior to an existing expert
knowledge-based hemorrhage resuscitation algorithm. Given that
the context of use of our closed-loop control algorithms is limited
to the scenarios in which hemorrhage has been treated, future
work must investigate the development of closed-loop control
algorithms equipped with extended context of use.
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