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(57) ABSTRACT

A generic model structure captures basic characteristics in
BIS-based patients’ responses to anesthesia and surgical
stimulation, the model being used in combination with the
insight of an anesthesiologist. The model structure repre-
sents the patient response with a time delay, a time constant
for response speed, and a nonlinear function for drug sen-
sitivity. Clinical data confirms the model structure and is
used to establish parameters and function forms for indi-
vidual patients. A feedback and predictive control strategy
for anesthesia drug infusion is then introduced on the basis
of the patient model. Feedback control alone cannot avoid
large fluctuations in BIS values when significant surgical
stimulation is imposed, as a result of time delays in a
patient’s response to drug infusion. Predictive control
attenuates fluctuations of BIS levels from surgical stimula-
tion.
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SYSTEM FOR IDENTIFYING PATIENT RESPONSE
TO ANESTHESIA INFUSION

BACKGROUND OF THE INVENTION

[0001] 1. Field of the Invention

[0002] This invention relates generally to systems for
monitoring patients during infusion of anesthesia, and more
particularly, to a model structure that captures basic char-
acteristics in patients’ responses to anesthesia and surgical
stimulation, such as BIS-based responses.

[0003] 2. Description of the Related Art

[0004] The goals of general anesthesia are to achieve
hypnosis, analgesia, and patient immobility simultaneously
throughout a surgical operation while maintaining the vital
functions of the body. One of the most critical tasks of
anesthesia is to attain an adequate anesthetic depth.

[0005] Traditionally, anesthesia depth has been deduced
indirectly from physiological signals, including autonomic
responses such as heart rate, blood pressure, tearing, and
patient’s movements in response to surgical stimulations.
The BIS monitor, which is based on the bi-spectrum level of
an BEG signal, provides a viable direct measurement of
anesthesia depth. The BIS index ranges from 0 to 100, where
0 corresponds to a flat line EEG, and 100 is a fully awakened
state. Deep sedation is present at 60 and below, where the
patient does not respond to verbal stimulus and has low
probability of explicit recall. As a result of this technological
advance, there have been many attempts to apply control
methodologies to assist or automate the drug infusion. These
preliminary studies on computer-aided drug infusion have
been developed with the use of simple control strategies
such as fuzzy logic or lookup tables.

[0006] To facilitate further control strategy development
for improved anesthesia performance, it is desirable to
develop representative models of BIS responses to drug
infusion. Such models will allow more substantial and faster
development and testing of new control, signal processing
and decision methodologies. Also, they will provide a non-
risky platform to test performance, robustness, and safety
under extreme conditions and rare events. A satisfactory
modeling method for this application must address several
unique and challenging issues. Unlike electrical, mechani-
cal, and chemical processes that are often repeatable and
data rich, patients differ dramatically in metabolism and
pre-existing medical conditions, as well as their responses to
the contemplated surgical procedures. Consequently, indi-
vidualized models must be established for each patient with
limited patient information and data points. The expert
knowledge of anesthesiologists plays critical roles in pre-
determining patient response characteristics. Thus, there is a
need for a model that is sufficiently simple for easy clinical
utility, suitable for development and testing of control meth-
ods for improved performance, and capable of incorporating
expert knowledge when the data are insufficient.

[0007] The research effort to develop computer-aided drug
infusion systems has been both intensive and extensive since
the early 1950s. The control methodologies employed
include simple control (e.g., programmed control, relay
control, and PID control), adaptive control (e.g., self-tuning
control, self-organizing control, and dual mode controller),
and intuitive or intelligent control (e.g., fuzzy control, neural
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network control, and expert system-based control). To mea-
sure anesthesia depth, many indices from the EEG signals
have been proposed, including the median frequency, spec-
tral edge frequency, and auditory evoked potentials. More
recently, there have been provided in the art BIS monitors
having claimed medical and economic benefits including
reduction in hypnotic drug usage, earlier awakening, faster
time to meet post-anesthesia care unit discharge criteria,
better global recovery score, and more accurate assessment
of awareness risk.

[0008] Tt is a great challenge to characterize mathemati-
cally a patient’s response to drug infusion. As a result of
large deviations in the aforestated physical conditioning,
age, metabolism, pre-existing medical conditions, and
responses to surgical procedures among various patients,
there is a demonstrable high non-linearity and large varia-
tion in their responses to drug infusion. Physiology-oriented
models are usually too complicated to establish individually
using limited clinical data from a patient. On the other hand,
anesthesiologists have been administering drug infusion
successfully with only limited information on patients, such
as weight and medical condition(s). The control strategies of
an experienced anesthesiologist are based substantially intu-
itively on basic characteristics, such as the sensitivity of the
patient to a drug infusion. There is, therefore, a need for a
system that provides objective assistance to the anesthesi-
ologist, thereby reducing the medical professional’s reliance
on subjective criteria.

[0009] Tt is, therefore, an object of this invention to
provide a system that provides predictive information of a
patient’s response to anesthesia and surgical stimulation.

[0010] It is another object of this invention to provide a
system that enables predictive control to compensate for
surgical stimulation.

[0011] Tt is also an object of this invention to provide a
system that provides visual indication of the predicted
impact of a drug infusion decision on anesthesia depth and
corresponding physiological variable.

[0012] Ttis a further object of this invention to provide a
system that provides indication to an anesthesiologist of
impact to the status of a patient that is anticipated from
surgical stimulation from predetermined aspects of a surgi-
cal operation, such as incision and closing.

[0013] Tt is additionally an object of this invention to
provide a system that signals to an anesthesiologist a warn-
ing of impending undesirable or critical patient conditions.

[0014] Ttisyet a further object of this invention to provide
a system that utilizes real-time data in combination with the
anesthesiologist’s assessment to identify predetermined
characteristics that are particular to a patient.

[0015] Ttis also another object of this invention to provide
a system that facilitates optimization of drug dosage to
achieve a desired patient status during surgery.

SUMMARY OF THE INVENTION

[0016] The foregoing and other objects are achieved by
this invention which provides a knowledge-based and con-
trol-oriented modeling approach. The models retain only the
key characteristics of patient responses that are essential for
control strategy development and can be determined by
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either data or expert knowledge. The existing knowledge of
anesthesiologists is abstracted and analyzed from their
manual control methodologies. Time delay, response speed,
and drug sensitivity turn out to be the key properties in this
regard. This understanding is then used to develop a basic
but flexible model structure. Its validity and clinical utility
are verified by actual clinical data.

[0017] Although feedback control has been attempted in
computer-aided or automated drug infusion, it will be shown
herein that feedback control alone cannot avoid large fluc-
tuations in BIS values when significant surgical stimulation
is imposed. This drawback is largely due to the time delays
in a patient’s response to drug infusion. In this regard,
predictive control becomes highly desirable. In predictive
control, an early warning of predictable surgical stimulation
such as incision will be sent to the control module. Based on
an established model on the patient’s response to the drug
infusion and to the surgical stimulation, an advance adjust-
ment of drug infusion rates (feed forward control) can be
administered to compensate for the impact of the stimula-
tion. As a result, the BIS value fluctuations can be greatly
attenuated beyond the capability of a feedback system.

[0018] In accordance with a first method aspect of the
invention, there is provided method of assisting a human
expert in reducing predictable variations in the depth of
anesthesia during the administration of a medical anesthesia
drug to a patient. The method includes the step of solving:

X X X
V=folx) = Cr—01(0) + Co —Da(x) + C; — B3 (x)
X1 X X3

where the coefficients C,, C,, C,, as well as the time periods
tp (initial time delay after drug infusion) and T, (time
constant representing speed of response) are initiated by
assessment of a human expert.

[0019] In one embodiment of the invention, the human
expert performs the step of assigning a relative value
between 1 and 10 to represent the patient’s response to
infusion of the anesthesia drug, where 1 represents the
slowest and 10 represents the fastest.

[0020] Typical set points are selected to be approximately
x,=50, X, =100, and x,=150.

[0021] In accordance with a further method aspect of the
invention, there is provided a method of determining a
model that corresponds to a predicted response of a patient
to anesthesia drug delivery. The method includes the steps
of:

[0022] first determining an initial time delay T, after drug
infusion for the patient;

[0023] second determining a time constant T, representing
speed of response of the patient; and

[0024] third determining a nonlinear static function f,
representing the sensitivity of the patient to a dosage of the
anesthesia drug at steady state.

[0025] Inoneembodiment of this further method aspect of
the invention, the steps of first, second, and third determin-
ing are implemented in a Weiner structure. In a further
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embodiment, the steps of first, second, and third determining
are implemented in a Hammerstein structure.

[0026] In accordance with a system aspect of the inven-
tion, there is provided a system for determining a predicted
response of a patient to the administration of an anesthesia
drug. The system includes a first memory for storing patient
dynamics information relating to the infusion of a bolus
dosage of anesthesia drug, the first memory having a first
output for producing a first output signal corresponding to a
first anesthesia level. There is additionally provided a second
memory for storing patient dynamics information relating to
the infusion of a titrated dosage of anesthesia drug, the
second memory having a second output for producing a
second output signal corresponding to a second anesthesia
level. A third memory stores patient dynamics information
relating to the patient’s predicted response to events of
surgical stimulation, the third memory having a third output
for producing a third output signal corresponding to an
anesthesia effect level. A signal combiner arrangement
receives the first and second output signals and the anesthe-
sia effect level, and produces at an output thereof a com-
bined anesthesia effect signal. A limiter is coupled to the
output of the signal combiner for establishing maximum and
minimum values of the combined anesthesia signal. Finally,
a virtual anesthesia monitor produces an anesthesia value
responsive to the combined anesthesia signal.

[0027] In one embodiment of this system aspect of the
invention, the first, second, and third anesthesia levels
correspond to respective BIS levels, the anesthesia effect
level is a BIS level, and the combined anesthesia signal is a
combined BIS level signal. In some embodiments, the
virtual anesthesia monitor is a virtual BIS monitor for
producing a BIS value responsive to the combined BIS
signal.

[0028] In a further embodiment of this system aspect of
the invention, there is provided a source of known unpre-
dictable disturbances for producing an unpredictable distur-
bances signal, and the signal combiner arrangement is
arranged to receive the unpredictable disturbances signal
and the combined anesthesia effect signal is responsive to
the unpredictable disturbances signal.

BRIEF DESCRIPTION OF THE DRAWING

[0029] Comprehension of the invention is facilitated by
reading the following detailed description, in conjunction
with the annexed drawing, in which:

[0030] FIG.1isa block and line representation of a patient
model] structure in accordance with the present invention;

[0031] FIGS. 2a and 2b are graphical representations that
are useful in characterizing a titration model aspect of the
invention;

[0032] FIG. 3 is a block and line representation of a
titration model structure;

[0033] FIG. 4is a is a graphical representation that shows
the relationship between a scaling factor and a BIS value;

[0034] FIGS. 5a to 5¢ are graphical representations of
actual patient responses;

[0035] FIG. 6 is a graphical representation of scaled
surgical stimulation levels;
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[0036] FIG. 7 is a graphical representation of a drug
sensitivity function (titration);

[0037] FIG. 8 is a graphical representation of a drug
sensitivity function (bolus);

[0038] FIG.9isa graphical representation of a stimulation
sensitivity function;

[0039] FIGS. 10a to 10d are graphical representations of
patient model responses;

[0040] FIG. 11 is a block and line representation of a
feedback only control arrangement;

[0041] FIG. 12 is a block and line representation of a PID
controller;
[0042] FIGS. 13a to 13e are graphical representations

showing the quality of the feedback control;

[0043] FIG. 14 is a block and line representation of a
control arrangement;

[0044] FIG. 15 is a block and line representation of a
predictive and feedback control arrangement;

[0045] FIGS. 16a to 16e are graphical representations
showing the control quality;

[0046] FIG. 17 is a block and line representation of a
system configuration showing certain ones of the modules;

[0047] FIG. 18 is a block and line representation showing
the core learning functions;

[0048] FIGS. 19a and 196 are graphical representations
showing a patient’s BIS response to propofol titration;

[0049] FIGS. 20a to 20/ are graphical illustrations that
demonstrates the comparisons between recursive algo-
rithms;

[0050] FIG. 21 is a graphical illustration that shows the
result of block recursion of a simulation;

[0051] FIGS. 22a to 22d are graphical representations
showing a moving average model of order 40;

[0052] FIGS. 23a to 23d are graphical representations
showing a moving average model of order 200;

[0053] FIGS. 24a to 24c are graphical representations
showing an ARMA model of order 1;

[0054] FIGS. 25a to 25e¢ are graphical representations
showing an ARMA model of order 40;

[0055] FIGS. 26a to 26e are graphical representations
showing an ARMA model of order 10;

[0056] FIG. 27 is a representation of typical assessment
mappings;
[0057] FIG. 28 is a representation of expert knowledge of

drug impact on the outcome;

[0058] FIGS. 29a to 29c¢ illustrate a two-step recursive
estimation;
[0059] FIGS. 30a to 30d illustrate a patient model

response; and

[0060] FIGS. 31a and 315 illustrate a real-time identified
model.
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DETAILED DESCRIPTION OF THE
INVENTION

[0061] FIG.1isa block and line representation of a patient
model structure in accordance with the present invention.
The model contains three building blocks, each with a
similar structure, as shown in FIG. 1. The first two blocks
represent the patient response to propofol titration and bolus
injection, respectively. The third block characterizes the
patient response to predictable stimulation such as incision,
closing, etc. For concreteness, it is assumed that propofol is
the anesthesia drug although the model structure is generic
and valid for other anesthesia drugs.

1. Model Structures of Patient Dynamic Responses to Drug
Infusion and Stimulation

[0062] The Titration Model

[0063] Anesthesia drug fitration, illustratively propofol
titration, is administered in this specific illustrative embodi-
ment of the invention by an infusion pump (Abbott/Shaw
LifeCare™ Pump Model 4). The dynamic response between
the titration command to the pump and the drug infusion rate
at the needle point is represented by a first-order dynamic
delay:

1
Tis+1

where T is the time constant of the infusion pump. T,
typically ranges from 0.2 to 2 seconds and can be predeter-
mined from prior experiment data.

[0064] The key component of the present model is the
patient dynamics. Although the actual physiological and
pathological features of the patient will require models of
high complexity, for control purposes it is not only conve-
nient but essential to use simple models as long as they are
sufficiently rich to represent the most important properties of
the patient’s response. Understanding the information used
by anesthesiologists in infusion control, the patient’s
response to propofol titration is characterized with only
three basic components: (1) Initial time delay <, after drug
infusion. During this time interval after a change of the
infusion rate, the BIS value does not change due to time
required for drugs to reach the target tissues and to complete
volume distribution. This is represented by a transfer func-
tion &% (2) Time constant T, representing the speed of
response. This reflects how fast the BIS value will change
once it starts to respond. This is represented by the transfer
function:

1 .
Tys+1

and (3) A nonlinear static function representing sensitivity of
the patient to a drug dosage at steady state. This is repre-
sented by a function or a look-up table f.

[0065] FIGS. 2g and 2b are graphical representations that
are useful in characterizing a titration model aspect of the
invention. The meanings of the three above-mentioned basic
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components are depicted in FIGS. 2a and 2. Consequently,
a model structure for titration is shown in FIG. 3.

[0066] FIG. 3 is a block and line representation of a
titration model structure. The top portion of the figure is the
Wiener structure in which the nonlinear function follows the
linear part; the bottom portion of the figure is the Hammer-
stein structure in which the nonlinear function precedes the
linear part. Both can used in this application. For concrete-
ness, we will use the Wiener structure in this paper. The
delay time T, time constant T, and the sensitivity function
of the model vary dramatically among patients and must be
established individually for each patient. Model develop-
ment using clinical patient data will be detailed hereinbelow.

[0067]

[0068] Bolus injection inputs a large amount of drug in a
short time interval. The bolus model has a structure similar
to the titration model. However, due to the highly nonlinear
nature of the patient response, it has been observed that the
patient response to bolus injection demonstrates different
model parameters. The dynamic part is represented by a
transfer function

Bolus Injection Model

o holus®

ThosS + 17

Data analysis indicates that bolus injection response has a
slightly shorter delay time due to an increased speed for drug
to reach the target tissues. However, its time constant is
much larger. Also, its residue impact on the BIS values is
small at steady state. This results in a very different sensi-
tivity function, which will be detailed in the next section.

[0069] Surgical Stimulation

[0070] One of the most important control tasks in infusion
control is to predict the impact of surgical stimulation on the
BIS levels. Surgical stimulation is a main cause of large
fluctuations in anesthesia depth during a surgical procedure.
Early prediction of the impact will allow advance drug
adjustment before a feedback signal from the BIS monitor
activates control actions. Typical surgical stimulation
includes initial preparation, incision, closing, etc. Such
stimulations cause large fluctuations in BIS values and must
be compensated by adjusting anesthesia drugs. An experi-
enced anesthesiologist understands the level of such stimu-
lation and adjusts drugs in advance to minimize its impact.

[0071] Surgical stimulation has an opposite impact on the
BIS values to the drug infusion. The higher the stimulation,
the higher the BIS value. The sensitivity of the BIS values
to stimulation decreases with deepening of anesthesia, i.e.,
lower BIS values. Unlike drug infusion whose rates can be
controlled and measured, stimulation is not controlled by
anesthesiologists and cannot be accurately measured. On the
other hand, unlike unpredictable disturbances or noises,
significant surgical stimulation is predictable in advance and
can be roughly characterized by their severity in affecting
BIS values.

[0072] Classification levels from 1 to 5 to represent the
severity of the stimulation: 1 being a minor stimulation and
5 the most significant stimulation. For control purposes,
these rough characterizations are clinically feasible and
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sufficient for predictive control, which will be described in
detail hereinbelow (see, Predictive Control). Patient
responses to surgical stimulation are represented by the third
model block. The block contains also a time delay T_and a
transfer function:

1
Tss+1

to reflect its dynamics and a lookup table for its impact on
the BIS levels at the steady state. Since a patient’s BIS
sensitivity to stimulation depends on hypnosis state, a scal-
ing factor o is introduced. o takes values between 0 and 1.
The surgical stimulation is first scaled by:

Stimulation Levelxa=Scaled Stimulation Level

The scaled stimulation is then used to predict the impact on
the BIS measurements. A typical curve of aas a function of
the BIS value is depicted in FIG. 4.

[0073] FIG. 4 is a is a graphical representation that shows
the relationship between a scaling factor and a BIS value.
Information on an upcoming stimulation will be used as a
pre-warning to provide a predictive control so that the
impact of the stimulation can promptly be compensated by
early tuning of drug infusion.

[0074]

[0075] The BIS monitor measures the EEG signals and
performs bi-spectrum statistical analysis. Due to the pro-
cessing time and data windows required in this procedure,
the BIS monitor introduces a pure time delay (from pro-
cessing time) and a dynamics delay (related to the size of
data windows). Its relevant dynamics for effecting control
can be represented by a system transfer function:

BIS Monitor Dynamics

oS

Tps+1

cascaded with a nonlinear limiter with lower limit 0 and
upper limit 100 (defining the BIS range). BIS monitor
dynamics can be established off-line, independent of surgi-
cal procedures.

[0076]

[0077] There are many sources of disturbances that will
also affect the BIS readings. These include unpredictable
stimulation to the patient, electrical noises, sensor attach-
ment movements, environment noises, etc. These distur-
bances are unpredictable and cannot be compensated by
early predictive control. Their impact on BIS levels will be
minimized by a feedback action.

Other Disturbances

Model Verification and Development by Clinical
Data

[0078] Data Collection Protocol

[0079] To verify the utility of the model structure and
develop individual patient models, clinical data are col-
lected, after an approval from the IRB board. In the clinical
data collection process, standard medical care is given to the
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patients without any deviations. A typical protocol is
described in the following: The BIS monitor is applied. After
the monitor sustains a base level of the BIS values, versed
(a drug) and fentanyl are given for inducing preoperative
sedation and controlling a BIS level higher than 90. After the
patient is brought into the operating room, other physiologi-
cal parameters will be monitored, such as blood pressure,
EKG, pulse oximeter, and end-tidal CO, (after administering
oxygen). Sedation will start with 1 mg versed and bolus
propofol injection of 20 mg IV, followed by propofol
infusion of initial rate 25 mg/kg-min to control the BIS level
to the range of 70-85. Before surgical incision, 50 mg of
fentanyl is given and propofol infusion rate is adjusted to
control the BIS level to 50-65. After incision, fentanyl and
propofol are continuously adjusted to maintain the BIS level
at 60-75 until the end of the surgery. When the surgical
closing starts, the BIS level is adjusted to 70-85 until the end
of anesthesia drug administration.

[0080] Actual drug infusion rates and BIS trajectories vary
with surgical procedures. Drug infusion rates are manually
recorded. BIS trajectories are recorded in the monitor and
transferred to a laptop computer using the standard Hyper-
Terminal software. The data are then translated into Mat-
lab™ data files for further data processing.

[0081] Clinical Data and Analysis

[0082] One typical data set is used in the following
subsections to illustrate the modeling process and verifica-
tion results. In this case, the anesthesia process lasted about
76 minutes, starting from the initial drug administration and
continuing until last dose of administration. Propofol was
used in both titration and bolus. Fentanyl was injected in
small bolus amount three times, two at the initial surgical
preparation and one near incision. Analysis shows that the
impact of fentanyl on the BIS values is minimal. As a result,
it is treated as a disturbance and not explicitly modeled in the
present example. The drug infusion was controlled manually
by an experienced anesthesiologist. The trajectories of titra-
tion (in pg/sec) and bolus injection (converted to g/sec)
during the entire surgical procedure were recorded, which
are shown together with the corresponding BIS values in
FIGS. 5a to 5¢, which are graphical representations of actual
patient responses.

[0083] The patient was given bolus injection twice to
induce anesthesia, first at t=3 minute with 20 mg and then at
t=5 minute with 20 mg. They are shown in the figure as
10000 pg/sec for two seconds, to be consistent with the
titration units. The surgical procedures were manually
recorded. Three major types of stimulation were identified:
(1) During the initial drug administration (the first 6 min-
utes), due to set-up stimulation and patient nervousness.
This is characterized as a level 3-3.5 stimulation by the
anesthesiologist. (2) Incision at t=45 minutes for about 5
minutes duration. This is characterized as a level 5 stimu-
lation. (3) Closing near the end of the surgery at t=60
minutes. This is characterized as a level 3.5 stimulation. Due
to different BIS values in these time intervals, the scaling
factor a has different values under these three types of
stimulation. The scaled stimulation level trajectory is shown
in FIG. 6, which is a graphical representation of scaled
surgical stimulation levels.

[0084] Model Development

[0085] The data from the first 30 minutes are used to
determine model parameters and function forms. The infu-
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sion pump model and the BIS monitor model can be derived
or identified with limited impact from real data. For the
systems used in this study, the time constant for the infusion
pump model is estimated as T;=0.5 second. The delay time
and time constant of the BIS monitor depend on the setting.
For a short window selection (for fast response), these
parameters are estimated as t,=10 seconds and T, =10 sec-
onds.

[0086] For estimating the parameters in the titration block,
the data in the interval where the bolus and stimulation
impact is minimal (between t=10 to t=30 minutes) are used.
By optimized data fitting (least-squares), the estimated
parameter values T,=10 second and T =90 second are
derived. The data-generated sensitivity function is shown in
FIG. 7 which is a graphical representation of a drug sensi-
tivity function (titration).

[0087] The first interval of data is then used to estimate the
bolus model and stimulation model. The data are first
processed to remove the impact of titration by using the
titration model developed above. The processed data are
then used to determine model parameters and function
forms. The resulting parameters are (all in seconds): T, .=
10, Ty, 10=250, 1.=12, T =3, K_=4. The sensitivity functions
are shown in FIG. 8, which is a graphical representation of
a drug sensitivity function (bolus), and in FIG. 9, which is
a graphical representation of a stimulation sensitivity func-
tion.

[0088]

[0089] The actual BIS response is then compared to the
model response over the entire surgical procedure. Com-
parison results are illustrated in FIGS. 10a to 10d, which are
graphical representations of patient model responses. Here,
the inputs of titration and bolus are the recorded real-time
data. The model output represents the patient response very
well. In particular, the model catches the key trends and
magnitudes of the BIS variations in the surgical procedure.
This indicates that the model structure contains sufficient
freedom in representing the main features of the patient
response. Also, the impact of surgical stimulation is captured
by the model. These features are of essential importance in
designing control strategies for computer-aided drug infu-
sion.

Verification

Feedback Control

[0090] Based on the patient model established herein-
above (Model Structures of Patient Dynamic Responses to
Drug Infusion and Stimulation), a control strategy is
described for maintaining BIS levels and to provide robust-
ness. The control consists of two elements: (1) a feedback
part for fine tuning titration to compensate BIS deviations
due to drifting of patient dynamics, unpredictable distur-
bances and noises, model errors due to simplification and
non-linearity; and (2) a predictive control to provide fast
compensation for large but predictable stimulation.

[0091] To justify the utility of this control structure, there
is first presented a discussion on feedback control and its
performance.

[0092] Feedback Control

[0093] Feedback control relies on the measured BIS signal
to activate control actions in order to attenuate BIS devia-
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tions due to disturbances and stimulation. In feedback con-
trol, even the predictable stimulation will be considered as
disturbances to the system. The structure of feedback-only
controllers is depicted in FIG. 11, which is a block and line
representation of a feedback only control arrangement.

[0094] Tt has been learned from multiple studies of feed-
back controllers for use in anesthesia drug control that the
highly nonlinear nature of the patient response precludes the
direct application of linear control theory. Some controller
types that can be tuned for nonlinear systems include PD,
fuzzy, etc. In the present embodiment, a typical PID con-
troller employed to investigate feedback performance.

[0095] The PID controller is illustrated as a block and line
representation in FIG. 12. The parameters K, K, and K are
design parameters. It is well understood that choosing these
parameters is subject to fundamental tradeoffs. For instance,
large K, will result in oscillations, while small K, will result
in a large control error. Similarly, large K, will amplify
noises. Fine tuning of the parameters along these principles
has resulted in the control parameters indicated in the figure.

[0096] Performance Analysis and Fundamental Limita-
tions

[0097] FIGS. 13a to 13e, which are graphical representa-
tions show the quality of the feedback control performance.
A careful examination of the BIS trajectory reveals that the
feedback control is very effective in attenuating BIS devia-
tions due to random noises (see the portion of FIG. 134
where no large surgical stimulation exist). This observation
indicates that feedback control design for attenuation of
random or small disturbances in this application is not
particularly difficult, even though the system is highly
nonlinear. This is consistent with other reports on BIS-based
closed loop anesthesia control. However, in the presence of
large surgical disturbances, performance deteriorates very
rapidly. This is clearly reflected at the time intervals where
incision and closing occur. This phenomenon is of generic
nature. One explanation for this phenomenon is that the BIS
values respond to surgical stimulation faster than to drug
infusion. As a result, there is a feedback loop time in which
the influence of the stimulation is not compensated, regard-
less the control algorithms. Furthermore, the commonly
used method of relying on the BIS output speed to accelerate
control actions in the event of stimulation cannot be effec-
tively used in this application. This is due to the fact that the
BIS measurements are derived from EEG signals, which
contain a lot of high frequency noises. Acceleration of
feedback will cause amplification of noises. Consequently,
improved control strategies are needed beyond pure feed-
back control, as will be described below.

Predictive Control

[0098]

[0099] Tt is observed from clinical data that it typically
takes a delay time of 5-20 seconds before the BIS value
changes after a modification to the titration rate. The BIS
value changes gradually thereafter with a time constant
80-200 seconds. On the other hand, a surgical stimulation
impacts the BIS levels much faster. Consequently, a surgical
stimulation will inevitably cause large deviations on the BIS
values if the control action depends solely on the BIS
monitor. This will significantly compromise the quality and

Design and Performance
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safety of the anesthesia care of the patient. Such large
deviations are evident from the manual controlled BIS
trajectory in FIG. 10. For example, the BIS level rises to 90
after incision, which is highly undesirable. From a control
viewpoint the only remedy is to provide preventative drug
infusion in prediction of a significant stimulation. This
becomes the main goal of the predictive control block.

[0100] The control structure is depicted at a high level in
the block diagram of FIG. 14, which is a black and line
representation of a control arrangement. It is noted that
predictable stimulation is distinguished from noises. In
accordance with the present control strategy, the adverse
effects of noises are diminished by feedback control and
predictable stimulation and are compensated by predictive
control algorithms. Information on predictable stimulation is
sent in advance to the control module.

[0101] FIG. 15 is a block and line representation of a
predictive and feedback control arrangement showing a
detailed control structure. For the patient characteristics
under consideration, a simple feedback structure appears
sufficient. Here, there is employed a basic proportional
feedback (K,=10, the same as in the feedback-only control)
together with a filter that compensates infusion pump
dynamics. The predictive control block is significantly more
involved. It is designed on the basis of optimal stable
inversion of the patient dynamic models. In principle, the
desired drug infusion rates under a given stimulation can be
estimated by inverting the patient model. However, such an
inversion will result in a non-causal and unstable system,
and hence is not acceptable. The task here is to find a causal
stable (nonlinear) system that can optimally approximate the
model inverse in the frequency band of interest. A computer
program to find such an optimal system is then devised.

[0102] To understand the potential benefits and limitations
of the control strategy, we applied it to the patient model.
The BIS trajectories from manual control are compared to
those from feedback and predictive control. The simulation
results are presented in FIGS. 16a to 16e, which are graphi-
cal representations showing the control quality. Due to its
predictive capability and robustness in compensating BIS
deviations continuously, BIS levels can be maintained much
more steadily under the computer control strategy.

[0103] Tt should be emphasized, however, that if stimula-
tion is not well predicted, then control quality will deterio-
rate. On the other hand, even incomplete information on the
upcoming stimulation can be used to improve BIS fluctua-
tions.

[0104]

[0105] Since a patient model characterizes only the key
features of the patient response, it is only an approximation
of the actual patient response. As a result, it is essential that
the control strategies remain functional under modeling
errors and inaccuracy in defining stimulation levels and
scaling factors. The inventors herein have tested the robust-
ness of this control structure by introducing many variations
of potential modeling errors and perturbed stimulation char-
acterizations. The predictive plus feedback control structure
provides satisfactory performance under these perturbations.
The actual testing results are omitted here for simplicity.

Robustness Against Modeling Errors
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[0106] Modules and Learning Functions

[0107] FIG. 17 is a block and line representation of a
system configuration showing certain ones of the modules.
As shown in this figure, a plurality of signals, that may, in
certain embodiments of the invention, include the BIS
monitor signal, a blood pressure signal, a heart rate signal,
and other signals is delivered simultaneously to a Real-time
Learning and Identification Module after signal synchroni-
zation and to a Safety Assessment Module that compares the
signal values to predetermined safety specifications stored in
a database. The result of the safety assessment is displayed
on a Display Interface. As shown, the Display Interface
includes graphical and numerical displays, as well as warn-
ing indicators and messages.

[0108] The Real-time Learning and Identification Module
additionally receives information responsive to the assess-
ment by an expert (i.e., an anesthesiologist) that has been
processed by a Knowledge Mapping Module. The output of
the Real-time Learning and Identification Module is con-
ducted to an Anesthesia Knowledge-based Wiener Model
Structure, that functions as hereinabove described.

[0109] Data corresponding to a desired target status for the
patient (not shown) is delivered to an Optimal Drug Dosage
Calculation Module that also receives the data from the
Anesthesia Knowledge-based Wiener Model Structure. The
status of the Optimal Drug Dosage Calculation Module is
displayed on the Display Interface, and the corresponding
data is delivered to a Stimulation Compensation Module that
also receives the data from the Anesthesia Knowledge-based
Wiener Model Structure. The data from the Stimulation
Compensation Module is displayed. In addition, the data
from the Anesthesia Knowledge-based Wiener Model Struc-
ture is delivered to a Drug Impact Prediction Module, the
output of which is also displayed.

[0110] FIG. 18 is a block and line representation showing
the core learning functions and their interrelationship in a
specific illustrative embodiment of the invention. As is seen
in this figure, two forms of input data (i.e., expert assessment
and BIS and physiological data) are processed and delivered
to an iterative process.

[0111] The prior expert assessment data is organized in
accordance with a predetermined knowledge mapping rela-
tionship and combined with the dynamic and sensitivity
processing of the Weiner model to form a body of prior
information. This prior information is then delivered to the
first stage of the iterative process where the sensitivity
portion of the model map data is captured. Simultaneously,
the BIS and physiological data is processed, scaled, and
synchronized, and is also delivered to the first stage of the
iterative process.

[0112] In this specific illustrative embodiment of the
invention, the output of the first stage of the iterative process
is delivered to a second stage, where the parameters of the
dynamic portion of the model map is updated by stochastic-
approximation and projected least squares processes. The
resulting data then is delivered to the third stage of the
iterative portion of the process where the dynamic portion of
the model map is captured and an interim item of drug
infusion data is developed. The interim item of drug infusion
data then is delivered to the fourth stage of the iterative
portion of the process where the parameters of the sensitivity
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portion of the model map are updated by stochastic approxi-
mation and projected least squares processes. This process
then is repeated by real-time iteration where t=t+1, until an
adequate Real-Time Individualized Patient Model is formed.

[0113] The mathematical underpinnings of these processes
is described below.

Expert Knowledge and Fast Identification

[0114] The patient model must be individually developed
to accommodate differences in patient characteristics, pre-
existing medical conditions, surgical types, and other devia-
tions. Since anesthesia infusion decisions must be made
before substantial data are available, it is imperative that
prior expert knowledge of an anesthesiologist is incorpo-
rated into the learning process. In this section, a basic
identification method will first be developed. Some essential
properties of the method will be established. It will then be
applied to real clinical data in the subsequent sections.

[0115]

The system under consideration has a Wiener structure with
input u and output y:

Systems and Expert Information

x=Gu+w, y=f(x)+v

where G is a dynamic linear system, f is a memoryless
nonlinear function, and w and v are random noises. In our
applications here, G and f represent the dynamic (or tran-
sient) and steady-state behavior of a patient’s response to a
drug infusion input, respectively. Simple examples of G
include

G(s) ;(9 =T)ore™

ST @=[r, TI).

1
1+7Ts

Here and henceforth, for a vector or matrix z, z' denotes its
transpose. In our algorith, for computerized data processing,
G will be discretized and represented by an ARMA (Auto-
Regression and Moving Average) model

==X = .~ thoth Dt gt b ot
Wi=0'.0+Wy,
where
U
=l Hn - F ot - - the o]
o'<lay, ..., apbg .., bl

A special case of the ARMA model above is an MA (moving
average system), where a,, . . .. a, and x(t-1), . . ., x(t-n)
disappear in the parameter and regressor, respectively.

[0116] The prior information on 6 will be a bounded set
Q,, which is provided by prior expert knowledge. For
example, suppose

The model parameter T has a clear physical meaning of
response speed and allows direct inputs from expert knowl-
edge. For instance, a patient with fast drug response will
have a small T. A linguistic assessment “fast response” can
be translated by a pre-designed assessment mapping to a
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bounded set [T, T]. This information will then be mapped to
a bounded set on 0 after discretization. Typical assessment
mappings look like the intervals in FIG. 27. This set will
serve as prior information for the learning algorithm to be
described in the next subsection.

[0117] The nonlinear function f can also be parameter-
ized. Usually, polynomials are used. However, polynomials
of the form x™'4¢c__,X™ 2+ . .. +C,X+C, is not convenient
for incorporating expert knowledge. In many medical appli-
cations, f represents steady-state sensitivity: The impact of
the input (drug amount) on the outcome. A physician’s
knowledge is often expressed by an approximate relation-
ship between the input and outcome: Given typical input
amounts X,, . . . , X, the approximate ranges of the predicted
outcomes [y, ¥,]. . . ., [V, V] To accommodate this
knowledge, we replace 1, %, . . ., ™ by a collection of
appropriate functions ®;(x) and introduce the following
parameterization for f. Suppose that the prior information
on f is given by m distinct mappings: x,—[y,, V], i=1, . . .
, m as shown in FIG. 2. We parameterize f by

where @,(x) is the mth order polynomial

"
[] o=
1j

. =L
D;(x) = -

[1 &-xp)

=L

®@,(x) satisfies @;(x;)=0, j=i; @;(x;)=1. In other words, D;(x)
are indicator functions on the set points {x;, . . ., x,,}. The
unknown parameters will be denoted by &=[C,, . . ., C_].
Consequently, the prior expert information becomes pre-
cisely the prior interval information on the parameters: C,

E[Xis}_/i]s i=1: ce., M.

[0118] The expert knowledge will serve as the prior infor-
mation on the unknown parameters 0 and S. It will be
generically expressed as 0e€2; and SeQ,. Here, Q, and Q,
are bounded sets. In many applications, they are simply
polyhedres. (See, FIG. 28)

Basic Setup for Real-Time Learning Algorithms

[0119] We propose a class of estimation algorithms, which
are recursive and can be thought of as a relaxation procedure
that uses most recently acquired information. The algo-
rithms are a new twist of the least squares identification
algorithms used in a wide variety of applications. Its essence
is to use real-time data on the input {u,} and output {y,} as
soon as they become available. One of the distinct features
of our algorithms is: The identification task is accomplished
in two steps. The first step requires mapping the sequenece
of outputs back to get a sequence of “intermediate” output,
which is used for estimating 6. Then the second step takes
care of the estimation of ©. These estimates are obtained
recursively and hence are suitable for on-line computing.
The expert prior knowledge is used as constraints in the
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algorithms. The problem can be stated as follows: Let 6, and
&, denote the estimates of the model parameters at the kth
step.! We proceed to design an identification algorithm for
0_and ©,, based on the prior information €,, Q,, and past
and present observations on u and v, such that a least squares
type cost function is minimized. The following issues are of
importance in designing the identification algorithms.

'The actual time interval between the kth and the (k+1)st steps depends on the
sampling interval of the system.

[0120] 1. Real-Time Computational Efficiency: During
real-time implementation, the data size N becomes
larger and larger. Consequently, the computational bur-
den of finding estimates can potentially become over-
whelming when N is large. As a result, recursive
algorithms which employ newly acquired data u, and
y_to update the estimate from 6, and &, to 8,,, and

1.1, are much more preferrable than their off-line
counter part.

[0121] 2. Nonlinearity: Due to the nonlinear model
structure, the numerical solution may be difficult to
obtain. Hence, it is desirable to find an approximate
optimization problem that is convex or linear.

0122] 3. Convergence: We need to establish conver-
g
gence properties of the designed identification algo-
rithms.

[0123] We update the estimates of 0 and & alternately and
use the most recently information as soon as they become
available. To do, we construct iterative procedures so that
the estimates of 0 and & are computed iteratively one
followed by the other. To be more specific, we introduce the
two-step iterative identification setup below. The more spe-
cific algorithms will be given later.

[0124] Two-step Procedure. Given the bounded sets Q,
and ©,, which are given by use of the expert knowledge, and
performance indices e,(8) and e,(O), we start at k=0 with 8,
and &, being interior of Q, and €, respectively.

[0125] Step 1: At time k, suppose that the estimates 6, and
&, have been computed. To construct the next estiamtes,
the essence of the least squares approach normally reques
a cost function involves the the difference of observations
and “weighted” regression be minimized. However, the
output, or measurement, or observation x,_is not available.
One remedy is to map the available &, back and obtain
the “intermediate” output X, using the estimated nonlinear
sensitivity function with parameter &,. Then use u, and
)}k to obtain update 8., .

[0126] The update algorithm is a projected identifica-
tion recursive scheme

[0127] 1. 0*=arg minge,(0) subject to the constraint
0* €Q,. Denote the estimate at the kth step without
constraint by 0, and the constraint estimate by 8. At
time k+1,

[0128] 2.If 6,,, €Q,, then 6,,,=6,, .
[0129] 3.1If ék+1 ¢Q,, then 0, is the projection of
0, onto &, namely the closest element of €2, to
ek+1'
[0130] Step 2: Now since 0, , has obtained, we use u,_and
yi. to update &,,, from &,. This is accomplished by

minimize another cost function e,(&) again in the mean
sqaures sense.
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[0131] The update algorithm is also of the projected
least-squares identification:

[0132] 1. &*=arg min.e,(©) subject to the con-
straint ©* €£2,. Denote the unconstrained and the
constrained estimates at the (k+1)st step by &,,, and
Oy 1s Tespectively.

[0133] 2. 1f O, €, then &,,,=O,,,.

[0134] 3.1fS,., ¢Q,, then &, is the projection of
O.1 onto Q,, namely the closest element of €2, to
ek+1'

[0135] Recursive Algorithms
[0136] Least Squares Algorithms

Following the discussion in the previous section, we develop
the two-step procedure here. Note that the statistics of (x,
¢,) and (y,, ®,) may not be known, but their measurements
are available.

[0137] To begin, we first construct the unconstrained algo-
rithms and obtain its constrained counter part for 0, and then
write the corresponding part for &,. In what follows, to
signifty the dependence of the cost function on k, we write
it as e, (0).

Consider the problem of minimizing

= . 2
e () = Z; & -09)",

where X, are obtained by a back mapping technique via &,.
Suppose that the matrix

k-1
Y= g
i=0

is invertible with probability one for k large enough. Then,
the minimizing 6 is given by

Equation (3) can be put into a recursive form by expanding

A ~1
O = qjxﬂ

-1
256;¢i +21:¢k}a

i=0

to get see [9, pp. 18-20])

SRR O N O 4
Since a matrix is involved, the computation can be time
consuming. To avoid the onerous task, by using the matrix
inversion lemma [9, pp. 18-20], we can rewrite the proce-
dure recursively as
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g gl 3
Wl =¥ - 7:“ ZkffT; - a
O

~1

~ ~ ¥, ~
O1 = O + ————— |3 — 4,6, |.
er1 = O 1+0’:q‘;1¢k¢k[xk $:0:]

These are known as the recursive least squares formulas.
[0138] To further simplify the procedure, taking a first-
order (in W¥,~") expansion in (4) and (5) yields a linearized
least squares approximation

O =0 9O T %90,

RORTR 15 T TN ©
The convergence of the sequences in (5) is assured by any

conditions that assure the convergence of the least squares
estimator.

[0139] Similarly, using the cost function

M

1<
er4(0) = X (yi— Od),
=

i=

and assuming that
1 k-1
= = ZZO (I);(I)‘-
=

is invertible, we arrive at the recursive least squares proce-
dure for estimating ©*

~ ISPt W Ao ®
o

=1

Oy = O + ——— Oy [y - 0,0,],
i+l ' [+ 0,5 1%, k[}’k & A]

and the linearized least squares approximation
O 1=t OO E B - 04O,
B =[5 O DI ©)

[0140] Adaptive Filtering-Type Procedure

Replacing the matrix gain ¥, by a scalar sequence of step
sizes leads to further simplification of (6). In fact, we obtain
the following recursive algorithm

B =tte %061, (10)

where €, is a sequence of real numbers satisfying

akZO,skﬁOaskﬁoo,andZe:k:oo. (1
k
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Algorithm (10) is a stochastic approximation type proce-
dure, and belongs to the family of adaptive filtering algo-
rithms; see [6] for an updated account on stochastic approxi-
mation algorithms. Commonly used step size sequences
include €,=0(1/k), €,=0(1/k") for some O<y<1, among oth-
ers. Likewise, for &, we construct the algorithm as

Orr1=Oi+ ey P8y, (12)
where we choose the same sequence {¢,} as in (11).

[0141]

[0142] For the constrained algorithms, we use projection
operators 1, and I, to denote the projections onto €, and
Q,, respectively. Recall that Q,={6: 6,;26'8,, i=1, . . .,
2n+1} and Q,={6:6,26'=0,, i=1, . . ., m}, respectively.
That is, we let the ith component of the estimates § and &
be confined to the interval [0,, 0,] and [©;, &;], respectively.
Similar to the previous cases, the constrained algorithms can
be written as

Constrained Algorithms

B =T [6 46 %96, 1],

S L (SR e N | 13)
[0143] Variants
[0144] Comparing the least squares algorithms with that of

the adaptive filtering algorithms, their differences are seen in
the step size sequences involved. Consequently, the adaptive
filtering type algorithms have the advantage over that of the
least squares algorithm since one need not warry about
matrix manipulations for the step size sequences. As far as
the computational complexity is concerned, the real-valued
step sizes are more preferrable. Nevertheless, it is also clear
that the least squares algorithms use more information
compared to the adaptive filtering procedures owing to the
use of the matrix gain sequence. Therefore, it is expected
that the least squares algorithm provided better performance
owing to the use of matrix gain. One question is almost
immediate. Can we construct an algorithm that has the
advantage as that of the adaptive filtering procedures with
reduced complexity, in the mean time, still provides good
performance? In other words, we wish to construct algo-
rithms that have advantages of both adaptive filtering type
and that of the basic least squares procedure. The ideas of
averaging becomes a favorable alternative, which was ini-
tially considered in [12, 14] and subsequently treated in [5,
20] for much more general noise processes; see also [1, 15,
20] for averaging applied to both iterates and observations.
In what follows, we present two of such averaging proce-
dures. Both of them give rise to asymptotically efficient
schemes. We will show that the averaging algorithms so
constructed yield asmptotic optimality. By asymptotic opti-
mality, we mean that not only is the scaling factor the best
one, but also the limit covariance is the smallest possible.

[0145] Suppose that 8, —6* the true parameter with prob-
ability one. For the rate of convergence, we examine the
sequence k*(6,-6%). We try to find such real number o that
the above rescaled sequence converges to a nontrivial limit
in the sense of convergence in distribution. The scaling
factor k® together with the asymptotic covariance then gives

us the desired convergence rate.
[0146] Constant-Step-Size Algorithms

[0147] In lieu of decreasing step-size sequences used in
(13), we may consider algorithms with constant-step size. In
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fact, in various signal processing applications, one normally
uses a constant step size rather than a sequence of decreasing
step sizes. The rationale is that the use of a constant gain
normally enables one to track slight variation of the param-
eter. In reality, the parameters involved in patient responses
to anesthetic drug infusion are not fixed constants, but rather
time varying. Thus, the tracking ability is important. For our
problem, suggest the following constant-step algorithms
with constraints.

Opcry =T0 [Byte[Xi- ', 0,1,
CrertTTL[Cpren- P, (14

Note that in (14), 0, and ©,, , in fact depend on € and should
have been written as 8, and &, , ¢, respectively. For nota-
tional simplicity, we have suppressed the e-dependence. To
be able to get meaningful asymptotic results for algorithm
(14), we need to let e—0. In the actual computation, one uses
a small fixed constant e.

[0148]

The idea behind this scheme is: First one obtains a rough
estimate via the use of larger than O(1/k) step sizes. Then
one takes an averaging of the iterates. One of the particular
attractive features of the algorithm is that the use of large
step size creats oscilations and force the iterates moving
towards the target faster than the use of smaller step sizes.
In addition, although the averaging is essentially off-line, it
can be executed recursively. We shall work with the con-
strained algorithm since we have the expert knowledge at
our hands. In what follows we use ¢, that goes to 0 slower
than O(1/k), i.e., (1/k)/e,—0 as k—c0. Construct

Iterate Averaging

Byt = I_L B + & [ - 918 (13)
_ _ 1 _ 1,
Orst =0, — mGk + m@wl

for estimating 0* and

Opyr = l_[ [(:)k + & [Yk _(I)I/;(:)k“a 16)
2

_ _ J— 1,

O =0 — mek + mgkﬂ

for estimating ©*.
[0149] Averaging in Both Iterates and Observations

An alternative of the iterate averaging calls for the use of
averaging in both iterates and outputs (observations)

Ot = H [0 + kX ], (n
1

o1 .

Xy= ZZ ¢ilt - 18],
i=0

_ _ 1 _ 1 .
[T m@ + m@m,
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and similarly,

Oy = l_[ [0 + kY], (18)
2
=
7k = E <1>1[y _(b;{@z]s
i=0
_ 1 1 4
Ol =0, I 1®k + m®x+1-

[0150]

[0151] In this section, we study asymptotic properties
incluing convergence and rates of convergence of the recur-
sive algorithms proposed in the last section. In fact, our
attention will be devoted to the constrained algorithms using
iterate averaging and/or averaging of both iterates and
observations. Sufficient conditions will be provided, and
existing results will be used whenever possible. The main
ideas of development will be presented although verbatim
proofs will be omitted. To proceed, we need the following
assumptions.

[0152] (A1) The sequences {(X,. ¢)} and {(y,, @)} are
stationary martingale difference processes. That is, with
probability one (w.pl),

E Gl Gae i) - - -
E[(kaq)k)‘(ykth)kfl)? R
[0153]

Eq)k¢'k=A1,,ECDkd)'k=A¢,Eq)k§k=B¢,E<Dkyk=Bd,,

Convergence and Rates of Convergence

» (o, $0)]=0, and
» (o> ®)J=0.

(A2) The following moment conditions hold.

[0154] where A, and A, are symmetric and positive
definite. Moreover,

Ela i nd 4@y T,

Remark 1. A special case of the martingale assumption deals
with sequences of independent and identically distributed
random vairables. However, more generally a martingale
difference sequence is not necessarily independent but is
uncorrelated. We note that allowing correlated signals is
important since in the anethesia infusion problem we con-
sider due to the operating conditionss, the influence of
various noise sources in the enviroment, the signals gener-
ally will be correlated. The uncorrelated condition is only a
crude approximation. We choose such a condition since it is
easier to understand and more accessible to wider audience.
It seems to be more instructive to present the main ideas than
searching for the weakest conditions.

[0155] More general correlated noise such as ¢-mixing
processes, which in fact allows diminishing correlations
between the remote past and distant future; interested reader
is referred to [5, 20] and the references therein. However, for
ease of presentation, we confine our attention to the uncor-
related signals. To make the paper more accessible and
appealing to wider range of audience, the assumptions given
are much stronger than necessary. Our hope is that we will
be able to get the main ideas acrossed without undue much
of the technical difficulties.

[0156]

In what follows, we illustrate how the algorithms can be
analyzed by using (17). The main ideas are outlined, but the

Convergence
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verbatim proofs will be omitted. To analyze the algorithm,
note that the first equation in (17) can be rewritten as

ék+1=ék+5k¢1c[§<k—¢'kélc]+€kR¢,k:

where

EkR¢,k=ék+l_ék_ekq)k[;(k_q)ykék]
is the vector having shortest Euclidean length needed to
bring €,$,[%,~¢'0,] back to the constraint set €, .

[0157] To prove the convergence of the recursive algo-
rithms, in lieu of considering the discrete resurvie directly,
we take a contiunous-time interpolation and work on appro-
priate function spaces. To be more specific, define

-1
p=0, and , = ) &,

i

~

il
>

k, D 1<,
mit) =
0, <0,

and
00 =B, for 1 € [, 1),

=6t +1).

That is 8° (t) is the piecewise constant interpolation of 6, and
B%(t) is a sequence obtained by shifting 6° () sequence that
enables us to bring the “tail” of the sequence to the fore-
ground. For a more detailed account on the interpolations,
see [6, pp. 9092]. Similarly, define

m(r)-1
R0=0 for 1<0, RY(D= Z &Ry, for 120,
i=1

R0 =Ryt + 1) - Ry(t), forr=z0
and

k-1
R’;([) == Z el-Rm,i, for 1< 0.

i=mlr+ty )

[0158] To proceed, define a set C(8) as follows. For 6eQ,°,
the interior of ©,, C(0) contains only the zero element. For
0edQ,, the boundary of Q,, C(0) is the convex cone
generated by the outer normal at 0 at which 0 lies. Owing to
the projection used, it is easily seen that {0,} is bounded
uniformly, and as a result {6%(*)} is a sequence of uniformly
bounded function. Moreover, it can be shown that {6%(¢),
R¢k(')} is equicontinuous in the extended sense ([6, p. 72]).
By virtue of an extended version of the Ascoli-Arzela
theorem, there is a subsequence that converges to some
continous limit uniformly on each bounded time interval.
Thus, we arrive the following result; the detailed proof may
be found in [6, Chapter 5].

[0159] Lemma 1. Under conditions (A1) and (A2), {0%(*),
R¢k(')} is uniformly bounded and equicontinuous in the
extended sense. There exists a convergent subsequence with
limit (8(+), Ry(*)) satisfying the projected ordinary differen-
tial equation

0=B A0+, 7, (fle-C(6(2), (19)
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where Ry(1)=/,,(s)ds. Likewise, {©(*), Rg.(*)} has con-
vergent subsequence with limit (S(¢), Ry(*)) satisfying the
projected ODE

E=Ba- Ao TorTsll) & COW), (20)
where R (D)= ,T4(s) ds.

Remark 2. The significance of the (19) is that its stationary
points are precisely the values of the parameter we are
looking for. In view of the expression (19), T,(*) is the term
needed to keep 6(*) in Q,. Interested reader is referred to [6,
Section 4.3] for futher details. The significance of the T4(*)
for the drug infusion process is that the expert knowledge
allows us to keep the dynamics within a bounded region.

Theorem 3. In addition to the conditions of Lemma 1,
suppose that there is a unique stationary point 6* to the ODE
(19). Then 6, converges to 0% w.p.1. Moreover, 0, —0%
w.p.1. Similarly, suppose that there is a unique stationary
point &* to the ODE (20). Then &, and &, converge to &*
w.p.l.

[0160] The proof of convergence of {0, } follows from that
of the argument in [6, Theorem 5.1], whereas the conver-
gence of 0, is a consequence of a familiar fact in analysis
(namely, if a sequence converges to a limit then so does its
arithmetic average).

[0161] The uniqueness assumption on the stationary point
is guranteed by the choosing the projection bounds to be
large enough such that 6,<0 and 6,>0, 1=2n+1. An argument
using a form of the Kuhn-Tucker points and the ideas of
active constraints to verify the assertion is in [6, Section
9.4]. When 0eQ,°, T,=0. Note that interior to €, the
dynamics of the trajectories are determined by the ODE
0=B,-A,0. This is a linear ODE and hence has a unique
solutino for each initial condition. The stationary point of
this ODE 1is precisely 6*=A¢'1B¢. In the actual calculation
using the recursive algorithm, if the iterates repeatedly hover
the bounding surface, we would increase the size of the
projection region. Similar discussion applies to the recursive
estimates {S, }.

[0162] Rate of Convergence

For the study of rate of convergence, we concentrate on both
iterate averaing algorithms and algorithms with averaging in
both iterates and observations in what follows.

[0163] Let us begin with (13), under the assumptions of
Theorem 3, 6,—6% w.p.1 and 8* €Q,°. Thus effectively, the
truncation or projection can be dropped in the rate of
convergence analysis. Define

E=n (1= 9',6%), 6,67,
M= (- D), O =0 O™

Dropping the projection term and setting

k
(I —81A¢), if j< k,
Dk\j = =5+

1, if j=k,
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we have

Ot = U — s Ap)y +8iée + A — du i 10; @D

k k
= Doy + ) 2;Dxiié; + ), &DuiTAg = 9,870,
=0 =0

Using (21), we will be able to obtain a distributional limit.
The statement is in the following theorem. Its proof can be
obtained as in [6, Chapter 10]. In fact, in the reference, we
dealt with stochastic processes aspect of the problem by
taking continuous-time interpolations and worked with
interpolated processes, and proved a limit stochastic differ-
ential equation holding for the centered and rescaled
sequernce.

Theorem 4 Under the conditions of Theorem 3, for the
algorithm given in (13), (,~6%)/Ye, converges in distribu-
tion to N(0, Z,) a normal random variable with mean 0 and
covriance X,=F &', and (5,-©*)/Ve, converges in distri-
bution to N(0, Z;), where Z4,=En,n';.

[0164] The scaling factor 1/Ve, together with the asymp-
totic covariances X, and 24 gives thedesired rates of con-
vergence. We next demonstrate that iterate averaging and
averaging in both iterates and observations lead to improved
convergence speed. To fix the idea, we choose €, =(1/(k+1)")
with ¥<y<1. Define

Using (21), we can show that

Ap &
Wk:——g & +o0(1),
=

where o(1)—0 in probability as k—co. Similar result holds
for W,. We finally arrive at:

Theorem 5. Under the conditions of Theorem 4, for the
iterative averaging algorithms, vk(9,-6*) converges in dis-
tribution to N(0, A, "' 2,A, ") and Vk(8,-©*) converges in
distribution to N(0, Ay, '2,A,™). The conclusions con-
tinue to hold for algorithms (17) and (18).

[0165]

[0166] Consider 0, given by (13). In view of Theorem 4,
if we take e=O(1/k"" ¥ Q<y=1. Apparenetly, the best
possible scaling factor is by using €, =O(1/k). However, now
the algorithm is stochastic. The convergence rate is deter-
mined not only by the scaling factor but also by its variations
(variances). To examine further, take €, =I/k, where I is a
matrix. According to Theorem 4, VK(8,-0%) is asymptoti-
cally normal and its asymptotic covariance X, in fact

Discussion on Asymptotic Optimality
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depends on T, i.e., iq,:Zq,(F). Minimizing the covariance or
its trace with respect to I, we obtain that the “smallest”
covariance is given by Aq,'qu,(Aq,'l)'. This suggests that one
may wish to construct another sequence to estimate 2, and
use that in algorithm (13). Nevertheless, a moment of
reflection shows that such an idea is not feasible since it is
computational intersive. The results in Theorem 5 show that
by using averaging approaches, we obtain asymptotically
optimal performance of the algorithms without carrying out
the tedious estimation procedures. In addition, the use of
large step size (larger than O(1/k)) provides better transient
behavior.

[0167] Simulation and Illustration

Utility of the recursive algorithms presented in the above
subsections will be illustrated here by a numerical example.
They will be applied to the anesthesia modeling in the
subsequent sections. The example plant is expressed by the
following Wiener system

x(k) = aju(k) + apu(k — 1) +w, y(k)

XR)k) - x) ‘e

x(k)* (x(k) = x3)
+v,
X(x —x3)

=2x(k)+ Cy X3(x3 = X2)

where the true parameters are a,=2; a,=1; C;=4.1; C,=3.5.
The testing points for the expert information on the nonlin-
ear function are &,=0; £,=5; £3=10. For anesthesia applica-
tions, we always have y=0 when x=0. This information is
already incorporated in the expression. The nominal func-
tion y=2x is known and contained in the expression. Prior
information on unknown parameters are given by: range of
a,=[0, 3]; range of a,=[0, 2]; range of C,=[2,6]; range of
C,=[1, 5]. They will form €, and @, by Cartesian products.
w and v are 1.1.d. uniformly distributed random processes, in
the range [-1.5, 1.5].

[0168] The two-step structure and the stochastic approxi-
mation algorithms are used to identify 0=[a,, a,] and
6=[C,, C,]. As expected, the accuracy and convergence of
the estimates depend on the input signal (for richness in its
probing capability), step sizes, and prior information. Many
variations on these conditions are tested: for inputs: the step
input, periodic inputs of different periods and typical anes-
thesia infusion profiles; for step sizes: constant sizes of
different values, variable sizes of different initial values and
decaying rates; for prior information: different ranges. A
typical estimation error trajectory is illustrated in FIG. 3,
which has a periodic input and variable step size €, =0.5k=*~
for both 6 and © estimators. The resulting estimation:
0=[2.04,1.03] and &=[4.21, 2.99517, much improved accu-
racy from the prior expert assessment.

[0169] Model Development for Patient BIS Responses to
Drug Infusion

[0170] Tt is a great challenge to characterize mathemati-
cally a patient’s response to drug infusion. Due to large
deviations in physical conditions, ages, metabolism, pre-
existing medical conditions, and surgical procedures,
patients demonstrate high nonlinearity and a large variations
in their responses to drug infusion. Also, detailed models of
clinical subjects on their physilogical processes are inher-
ently very complex and not suitable for clinical applications.
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On the other hand, anesthesiologists have been administer-
ing drug infusion successfully with only limited information
on patients, such as weights and medical conditions. Control
strategies of an experienced anesthesiologist are based intu-
itively on basic characteristics. such as how sensitive the
patient is to a drug infusion. The modeling approach, pre-
viously introduced captures this understanding and is briefly
summarized below.

[0171]

[0172] The model contains three building blocks, as
shown in FIG. 1 The first two blocks represent the patient
response to popofol titration and bolus injection, respec-
tively. The third block characterizes the patient response to
predictable stimulation such as incision, closing, etc. For
concreteness, we will assume that propofol is the anesthesia
drug although the model structure is generic and valid for
other anesthesia drugs.

[0173] Propofol titration is administered by an infusion
pump, whose dynamics is represented by a first-order
dynamic delay

Model Structures

1
Tis+1

where T, is the time constant of the infusion pump. T,
typically ranges from 0.2 to 2 seconds and is determined
from experiment data.

[0174] The key component of the model is the patient
dynamics, which is defined by three basic elements: (1)
Initial time delay T, after drug infusion, represented by a
transfer function ¢™*; (2) Time constant T, representing the
speed of response,

1 .
Tps+ 1’

(3) A nonlinear static function representing sensitivity of the
patient to a drug dosage at steady state, represented by a
nonlinear function f,. The meanings of these three compo-
nents are depicted in FIGS. 2a and 25.

[0175] Two possible model structures for titration are
shown in FIG. 3. depending on if the nonlinear function
preceeds the linear dynamic system (Hammerstein Model)
or follows it (Weiner Model). Both model structures are
viable in this application. For simplicity, we shall focus on
the Wiener model. The delay time T, time constant T, and
the sensitivity function vary greatly among patients and
must be established individually for each patient.

[0176] Bolus injection inputs a large amount of drug in a
short time interval. The bolus model has a structure similar
to the titration model, but with different model parameters,
that are correlated to those of the titration model.

[0177] One of the most important control tasks in infusion
control is to predict the impact of surgical stimulation on the
BIS levels. Surgical stimulation is the main cause that
induces large fluctuations in anesthetic denth during a sur-
gical procedure. Early prediction of the impact will allow
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advanced drug adjustment before a feedback signal from the
BIS monitor activates control actions. Typical surgical
stimulation includes initial surgery preparation, incision,
closing, etc. Significant surgical stimulation is predictable in
advance and can be roughly characterized by their severity
in affecting BIS values. Here we use classification levels
from 1 to 5 to represent severity of stimulation: 1 being a
minor stimulation and 5 the most significant stimulation.
Patient responses to surgical stimulation are represented by
the third model block. The block contains also a time delay
T, and a transfer function

K
Tes+1

to reflect its dynamics and a lookup table for its impact on
the BIS levels. Since a patient’s BIS sensitivity to stimula-
tion depends on hypnosis state, a scaling factor o is intro-
duced,

Stimulation Level xa=Scaled Stimulation Level

The scaled stimulation is then used to predict the impact on
the BIS measurements. Information on an upcoming stimu-
lation will be used as a pre-warning to provide a predictive
control so that the impact of the stimulation can be promptly
compensated by early tuning of drug infusion.

[0178] The BIS monitor measures the EEG signals and
performs bi-spectrum statistical analysis. Due to the pro-
cessing time and data windows required in this procedure,
the BIS monitor introduces a pure time delay (from pro-
cessing time) and a dynamics delay (related to the size of
data windows). Its relevant dynamics to control can be
represented by a system transfer function

s
Tps +1

cascaded with a nonlinear limiter with lower limit 0 and
upper limit 100 (defining the BIS range).

[0179] There are many sources of disturbances that will
also affect the BIS readings. These include unpredictable
stimulation to the patient, other drugs, electrical noises,
sensor attachment movements, environment noises, etc.
These disturbances are unpredictable and cannot be com-
pensated by early predictive control. Their impact on BIS
levels will be minimized by a feedback action.

Model Verification and Development by Clinical
Data

To verify the utility of the model structure and develop
individual patient models, clinical data are collected, after an
approval from the TRB board. One of these data sets is
described below to illustrate the process and results.

[0180] The anesthesia process was administered manually
by an anesthesiologist and lasted about 76 minutes, starting
from the initial drug administration and continuing until the
last dose of administration. The trajectories of titration and
bolus injection, as well as the corresponding BIS values are
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shown in FIG. 5. Scaled surgical stimulation trajectories are
determined by the anesthesiologist and shown in FIG. 6.

[0181] The data were then used to determine model
parameters and function forms. The Wiener model is used in
this case. The actual BIS response is compared to the model
response over the entire surgical procedure. Comparison
results are shown in FI1G. 30. Here, the inputs of titration and
bolus are the recorded real-time data. The model output
represents the patient response very well. In particular, the
model captures the key trends and magnitudes of the BIS
variations in the surgical procedure. This indicates that the
model structure contains sufficient freedom in representing
the main features of the patient response. Also, the impact of
surgical stimulation is captured by the model. These features
are of essential importance in designing control strategies
for computer-aided drug infusion.

Real-Time Identification of the Patient Model

[0182] In the previous section, by using an off-line mod-
eling process we have shown that the model structures can
represent satisfactorily the patient response to drug infusion.
In clinical applications, this model must be developed indi-
vidually for each patient and modified over the surgical
procedure. Consequently, fast real-time modeling becomes
inevitable. The main goal of real-time modeling is to obtain
the model parameters quickly and accurately.

Employing the identification method and the patient model

[0183] we will develop a fast identification method for
patient models in anesthesia infusion. The algorithm con-
tains two modules: Expert Classification Module (ECM) and
Real-Time Learning Module (RTLM). For simplicity, we
shall focus on the titration model. The Wiener model entails
alinear time-invariant system (time delay and time constant)
followed by a memoryless nonlinear function (sensitivity
function). Mathematically, this relationship is expressed as

X(s) = e U(s);

Tps+1

i = fplx)

where U(s) is the Laplace transform of the input u (the
propofol titration rate). The BIS value is related to y by

BIS,=100-Saz(y,)

where Sat is the saturation function defined by Sat(y)=y, if
0=y=100; Sat(y)=0, if y<0; and Sat(y)=100, if y>100. This
expression simply represents the fact that the drug infusion
will reduce the BIS value from its maximum value 100 (fully
awake).

[0184] Since the model parameters T, and T, have clear
physical meaning and are compatible with the accessment of
an anesthesiologist, this model allows direct inputs from
expert knowledge. For instance, a patient with fast drug
response will have a smaller T, and 7. It should be empha-
sized that such a subjective accessment is not accurate and
can serve only as initial parameter ranges.

[0185] The sensitivity function §, is a monotone increas-
ing function (the higher the drug infusion rate, the stronger
the drug impact), and §,(0)=0. In this application, m=3 is
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sufficient and typical set points are selected to be x,=50,
X,=100, x3=150. To accommodate the condition f(0)=0, the
base functions in (1) is slightly modified to

X X X
V= fpx%) = Cp—0(x) + C; — Dy (%) + C3—D3(x).
X1 X2 X3

The coeflicients difer significantly from patient to patient.
Determination of the coefficients C,, C,, C;, and T, and T,,,
will be the main task for real-time learning.

[0186]

[0187] Since control strategies must be decided at the
outset of the surgery, one must obtain initial patient char-
acteristics to determine the initial control action. Without
real-time data, these parameters must be initiated by expert
assessment. The expert knowledge of an anesthesiologist on
a patient’s drug response pattern is obtained from a patient’s
medical history and conditions. An anesthesiologist employs
the informatioin to give an initial approximate accessment,
usually expressed in linguistic terms such as “this is a patient
who may be very sensitive to propofol.”

[0188] The Expert Classification Module (ECM) repre-
sents a mapping from the linguistic assessment to initial
values Ty Ty and C,, C,, C,. Here, we ask an anesthesi-
ologist to assign a relative value between 1 and 10 to
represent a patient’s resp[onse to drug infusion, where 1
represents the slowest and 10 the fastest. A computerized
mapping translates the assessment to a bounded parameter
set on T, and T, as shown in FIG. 10.

[0189] For an individual patient, the anesthesiologist pro-
vides an initial assessment on drug sensitivity: Given the
titration rate x;, the corresponding estimated ranges of BIS
values [v,, ¥;], i=1, 2, 3. This leads to the prior parameter
uncertainty set Q,=[y,, 1 1x[¥2, ¥oIX[¥3, ¥5] where X is the
Cartisian product.

The Expert Classification Module

[0190] This framework allows seamless incorporation of
expert knowledge into the mathematical model structure
even when this knowledge is partial and approximate.

[0191] The Real-Time Learning Module

[0192] Starting from the initial model uncertainty sets Q;
and €, the Real-Time Learning Module (RTLM) employs
real-time data to learn the patient characteristics and to
improve model accuracy. Algorithm 1 is employed in this
module to identify the parameters recursively.

[0193]

[0194] The algorithm is evaluated by using the collected
clinical data. Under manual control of drug infusion by an
anesthesiologist, the popofol titration, bolus injection, sut-
gical stimulation, and the patient response are recorded. The
actual samling interval for the BIS trajectory is 5 seconds
and the rate change of the drug infusion is timed and
recorded manually. For the convenience of data processing,
the data are then reformated and resampled (interpolation) to
form a synchronized input-output data with sampling inter-
val 1 second.

Verification

[0195] To illustrate, we shall concentrate on identification
of the titration model. To estimate the parameters in the
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titration block, the data in the interval where the bolus and
stimulation impact is minimal are used. A data window of 8
minutes is used in the identification process. The identifi-
cation proceeds as follows.

[0196] First, a grid of potential values of the time delay T,
and the time constant T, is generated. In this particular
application, a grid width of 2 seconds is used for T, and a
grid width of 5 seconds is used for T,, resulting in a grid
space G of size myxm, (T, TJ), 1=1,. .., my, j=1... .,

. Due to robustness in feedback and predictive control,
this level of precision is sufficient. For each selection of the
values from the grids, we estimate the sensitivity function by
optimized data fitting (least-squares). Then the fitting errors
are compared over the grid space G. The optimal (T,
T,™") is selected that minimizes the fitting error.

[0197] The actual BIS response is then compared to the
model response over the entire surgical procedure. FIG. 31
shows the model BIS trajectory versus the actual BIS data
from the patient.

[0198] Real-time medical decisions are exemplified by
general anesthesia for attaining an adequate anesthetic depth
(consciousness level of a patient), analgesia (pain manage-
ment), sedation control in ICU (intensive care units), fluid
resuscitation in trauma cases, circulation control (ventilation
and mechanical circulation), etc. In all s these medical
decision processes, one of the most critical requirements is
to predict the impact of the inputs (drug infusion rates, fluid
flow rates, airway pressure and flow rates, etc.) on the
outcomes (consciousness levels, pain scores, blood pres-
sures, heart rates, oxygen saturation, etc.). This prediction
capability is not necessarily “control-oriented,”” although its
control implication is obvious. It can be used for display,
warning, predictive diagnosis, decision analysis, outcome
comparison, etc.

[0199] The core function of this prediction capability is
embedded in establishing, in real-time, a reliable model that
relates the (multiple) inputs to the (multiple) outcomes.
Apparently, this is a real-time identification problem. This
problem offers a great challenge and opportunity for advanc-
ing system identification.

[0200] The major challenges that must be addressed
include:
[0201] (1) Reliability and safety are mandatory. Theoreti-

cal analysis and limited simulation must be further enhanced
by a more comprehensive evaluation process. Eventually
reliability must be established statistically via clinical trials.

[0202] (2) The characteristics of patient responses dem-
onstrate significant nonlinearity and time variation.

[0203] (3) Unlike industry applications, patient responses
depend critically on patient medical conditions, surgical
procedures, and drug interactions; and hence they are not
repeatable. Models must be established individually and in
real-time.

[0204] (4) This is not a data rich environment. At the
starting time interval before substantial data become avail-
able one must rely on expert assessment to initiate the model
and decision process. This implies that the modeling process
must allow a seamless combination of assessment and
data-generated estimation.
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[0205] (5) Since data points are limited, low-complexity
models and fast identification are always preferred.

[0206] (6) Due to medical constraints, the inputs are not
allowed to be arbitrarily selected for best identification
experiments or probing excitation.

[0207] These challenges, together with traditional focus of
system identification on linear, well defined, and repeatable
environment, have resulted in a gap between theoretical
results in identification and applications to medical applica-
tions.

Patient Model Structures

[0208] In an attempt to understand the potential of system
identification in this important application area, we have
identified anesthesia decisions as a typical setting for study-
ing the system identification problem. Some preliminary
findings on the utility of Wiener model structures (Hammer-
stein models can be similarly applied), combination of
assessment and real-time estimation, and identification algo-
rithms are summarized below.

[0209] The goals of general anesthesia are to achieve
hypnosis and analgesia simultaneously throughout a surgical
operation while maintaining the vital functions of the body.
One of the most critical tasks of anesthesia is to attain an
adequate anesthetic depth.

[0210] The newly marketed BIS monitor provides a viable
direct measurement of anesthesia depth. To facilitate control
strategy development for improved anesthesia performance,
it is highly desirable to develop representative models of
BIS responses to drug infusion. Since patients differ dra-
matically in metabolism, pre-existing medical conditions,
and surgical procedures, individualized models must be
established for each patient with limited patient information
and data points. A knowledge-based and control-oriented
modeling approach was introduced recently and applied to
develop a feedback and predictive control strategy for
anesthesia infusion. The models retain only the key charac-
teristics of patient responses that are essential for control
strategy development and can be determined by either data
or expert knowledge. Furthermore, an identification algo-
rithm has been introduced for updating the patient model in
real-time.

[0211] Due to complications in human metabolism and
nerve systems, we do not perceive that the system dictates
any specific model structure as especially superior. Simple
model structures that can capture the key characteristics and
maintain physiological meanings of model parameters will
be preferable since they will allow easy interface with
physicians and fast model updates.

[0212] As previously noted, we have tested the validity of
Wiener structures in representing the patient dynamics. The
patient dynamics is defined by three basic elements:

[0213] (1) Initial time delay <, after drug infusion;

[0214] (2) Time constant T, representing the speed of
response;

[0215] (3) A nonlinear static function f, representing sen-
sitivity of the patient to a drug dosage at steady state.

[0216] The meanings of these three components are
depicted in FIGS. 2a and 2b.

[0217] This model structure can be mathematically repre-
sented by a Wiener model with input u and output vy,
x=Gu+"w, y=f(x)+"v where G is a dynamic linear system,
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fis a memoryless nonlinear function, and “w and ~v are
noises. X is an intermediate variable that cannot be directly
measured. In our applications here, G and f represent the
transient and steady-state behavior of a patient’s response to
a drug infusion input, respectively. G can be discretized and
represented by an ARMA model:

X=,0+W,
where
[ T O AT A K L I PR a.,bo

»“n.

or approximated by a MA model with sufficiently high
orders.

[0218] The sensitivity function f can be modeled by either
a linear combination of some pre-selected base functions or
a parameterized nonlinear function. The delay time T,,, time
constant T, and the sensitivity function f vary greatly
among patients and must be established individually for
each patient.

[0219] To verify the utility of the model structure and
develop individual patient models, clinical data are col-
lected. One of these data sets is described below to illustrate
the process and results. The anesthesia process was admin-
istered manually by an anesthesiologist and lasted about 76
minutes, starting from the initial drug administration and
continuing until the last dose of administration.

[0220] To verify the capability of the model structure, the
data were used to determine model parameters and function
forms, by an off-line estimation method (an optimal nonlin-
ear LS estimator). The actual response is compared with the
model response over the entire surgical procedure. Com-
parison results are shown in FIG. 10a to 10d. Here, the
inputs of drug titration (continuous drug flow) and bolus
(drug injection of a short duration) are the recorded real-time
data. The model captures the key trends and magnitudes of
the output variations in the surgical procedure. This indi-
cates that the model structure, though very simple, contains
sufficient freedom in representing the main features of the
patient response. Also, the impact of surgical stimulation is
captured by the model.

Reliability Evaluation of Identification Algorithms

[0221] Despite well established theoretical results on
many identification algorithms, our studies indicate that to
enhance reliability of system identification in medical appli-
cations, some well developed algorithms must be signifi-
cantly re-evaluated and modified beyond routine conver-
gence analysis. Our criteria for evaluating an algorithm
include:

[0222] (1) Accuracy and convergence (estimation errors);
[0223] (2) Robustness (error excursion frequencies);
[0224] (3) Model complexity (number of parameters);
[0225] (4) Time complexity (data points required); and
[0226] (5) Usage convenience (requirements of delicate

tuning or sensitive dependence on initial values are not
desirable).

[0227] To understand the reliability of various identifica-
tion methods on Wiener models and anesthesia patient
models, the following platforms are used as a benchmark.
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Platform 1: A Simulated Wiener System

[0228] The example plant is expressed by the Wiener
system:

X = Ay + Gty + Wy,

Cix(x—6)  Coxe (% — &)
ye=2x+ + +

&6 -6) &HE-&)

where the true parameters are a,=2; a,=1; C,;=4.1; C,=3.5.
The testing points for the expert information on the nonlin-
ear function are §,=5; E,=10. For anesthesia applications,
we always have y,;=0 when x,=0. The nominal function
y=2X, is known and contained in the expression. Prior
information on unknown parameters are given by: range of
a,=[0, 3]; range of a,=[0, 2]; range of C,=[2, 6]; range of
G 5]

w, and v, are i.i.d. uniformly distributed random processes,
in the range [-1.5, 1.5].

Platform 2: An Anesthesia Patient Model

[0229] From the patient data illustrated in Figure \ref
{model}, the titration model is first extracted by an off-line
method. The method eliminates the impact of surgical
stimulation and drug impact from bolus injection, and pro-
duces a BIS response of the drug propofol titration on the
patient as shown in FIGS. 194 and 195.

Recursive Algorithms

[0230] Model parameter updating algorithms must be used
to estimate the parameters of the Wiener model, especially
the linear dynamic part. There have been established many
valid recursive algorithms in a wide variety of applications.
Our objective here is to evaluate the accuracy and conver-
gence of different recursive algorithms under this applica-
tion. Here a linear system is used

=150 =0.7p,540.9u,_+0.5u_,+e =, O+e,

where e 1s an 1.1.d. Gaussian disturbance with zero mean and
unit variance.

[0231] The evaluated algorithms include the following
four types. For the first three algorithms, since the tunable
parameters have dramatic impact on their performance, their
values are optimized in each run.

(1) Adaptive Filtering

c T
O =0 + l_r¢x(yr -¢;6),0<r=<L
(2) Adaptive Filtering with Averaging

» c N
Or1 =0+ I_r¢r(yr - @TGr)a O<rsl;

1 1
01 =0, - [_01 +

— B,
+1 frl
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(3) One-step Modified Optimal Projection

O1 =0+ 1 (v — ¢Z-gr)-

¢
a+¢le,
(4) Recursive Least Squares

Prgr

K= ———— Py = (I -KgD)P;
t 1+¢Z-Pr¢r 1 = ( r¢r) t

Ot =0 + Ky (3, — ¢1Tor)-

[0232] The algorithms are started with the same initial
estimate, which is obtained by using an LS estimate with 10
data points. Then the recursive algorithms are performed for
1000 data points. For each algorithm, the estimation errors
during the last 20 time points are averaged. The averaged
error is used as a measure of identification accuracy. The
simulation is repeated 50 times. The 50 estimation errors are
plotted in the right column of FIGS. 20a to 204 for algorithm
comparison. Also, the 50th error trajectory for each algo-
rithm is illustrated in the left column.

[0233] Tt seems clear that the recursive least squares
algorithm outperforms the rest in two aspects: (1) It provides
more accurate estimates; (2) It does not require any variable
tuning. It is noted that we have optimized variables for each
run in other algorithms. In real applications, these variables
cannot be optimized over each sample path. Consequently,
the actual performance of these algorithms will be worse
than what we have demonstrated in this simulation. In fact,
when the variables are fixed, we encountered occasionally
parameter divergence in adaptive filtering or projection
algorithms. In general, the RLS may require slightly more
computational time. However, this is not an issue in this case
since the model order is small in patient models. Conse-
quently, we will use LS algorithms in our identification of
patient models.

Block Recursion

A two-step recursive estimation algorithm has been pro-
posed for identifying the patient model in real-time. The
procedure can be briefly summarized as follows:

Two-step Procedure. We start at time k=0 with
[0234] 0, (the parameters for the linear part) and

[0235] O, (the parameters for the nonlinear part).

Step 1: At time k, the available @, is used to map the output
y,. backwards to obtain the “intermediate”output x,. Then u,.
and X, are used to update 0, ;.

Step 2: From the obtained 6, ,, we map u,,, forward to
obtain X, ,. Then X, ,, and y,,, are used to update 8, , from

b,

[0236] Selection of recursive algorithms, averaging, pro-
jection into a bounded set, step size selection, and conver-
gence analysis have previously been presented. This algo-
rithm is computationally very efficient.

[0237] To evaluate its reliability, a known system is used
that works reasonably well when initial estimates are close
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to true values. However, when initial estimates are further
away from true values the algorithm demonstrated irregular
behavior that includes parameter divergence, slow param-
eter drifting, and large output prediction errors. In other
words, it is not a reliable algorithm.

[0238] Consequently, the algorithm is modified into a
block recursive algorithm. In this modified algorithm, the
parameters are not updated upon receiving each observation.
But rather, a block of m observations is used collectively to
update the model parameters. Starting with the most recent
estimate as an initial condition, the algorithm searches for
the optimal parameters that minimize the output errors
between the model output and measured output in the data
block. This modified algorithm have shown a greatly
improved reliability. For the system (2), we used the block
size 10 to run a simulation of 800 data points with a random
input. The simulation was repeated 50 times and demon-
strated good prediction capability in each run. A typical
result is shown in FIG. 21. On the other hand, parameter
convergence is not always demonstrated.

Optimization Efficiency

[0239] For a nonlinear system, optimization carries poten-
tially large computational burdens. As shown in the previous
section, overly simplified algorithms may suffer loss of
reliability. In search of efficient optimization methods during
a block recursion, an embedded optimization method was
employed. In this method, for given parameters of the
nonlinear part of the model, the parameters of the linear part
are optimized by the least squares algorithm that is compu-
tationally very simple. Consequently, only the parameters of
the nonlinear function must be searched. In our evaluation,
global grid search, local grid search (around the initial
estimate), simplex optimization methods were tested. The
simplex method finds similar parameter values but requires
on average only about one twentieth of computational time
required by the grid search methods.

Parameterization of Nonlinear Functions

[0240] The memoryless function f in the Wiener model
represents steady-state sensitivity: The impact of the input
(drug amount) on the outcome. Theoretically, a memoryless
and continuous nonlinear function can be approximated by
a polynomial function to any degree of accuracy when the
order of the polynomial is allowed to increase. However, the
parameters of the polynomial usually do not carry any
physical meaning. It has been proposed that the following
functions are more suitable to connect with expert assess-
ment.

[0241] A physician’s knowledge can be expressed as fol-
lows: Given m typical x amounts &, . . ., &, the approxi-
mate ranges of the predicted steady-state outcomes are [y;,
Vil oo o [V Viol- We parameterize f by:
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where @,(x) is the m™ order polynomial:

@, (x) satisfies @,(§)=0, j=i; @,(§;)=1. Consequently, the
prior expert information becomes precisely the prior interval
information on the parameters ©=[C,, ..., C.]; C e[y,y;],
i=1,...,m

[0242] This knowledge will serve as the prior information
on the unknown parameters 6 and ®. Consequently, the
parameters will have clear physical meanings and expert
assessment can be integrated seamlessly into this param-
eterization.

[0243] Interestingly, for computational purposes this
parameterization implies further complications. Understand-
ing that the nonlinear function in this application represents
a drug’s steady-state impact on the patient outcome. Hence
it must obey the basic monotone principle: the more the drug
infusion rate, the more the impact on the patient. Unfortu-
nately, this requirement is not naturally embedded in the
polynomial parameterization. In fact, in a box of parameter
values for the polynomials in the resulting nonlinear func-
tions are not always monotone. Also, for the same param-
eters, the corresponding function may become non-mono-
tone when the range of the drug rates is enlarged.
Consequently, in search of optimal parameters during sys-
tem identification, monotonicity must be laboriously
checked in each evaluation and sometimes leads to the
failure of a local search.

[0244] A remedy of this situation is found by using a
different parameterization of the nonlinear function. The
following two-parameter function is employed: Suppose
that x takes values in [0,b].

= )

where erf(*) is the standard error function, and the param-
eters r and o define variation in y at x=b and curvatures of
the erf function in x €[o,b]. Since it is very simple to find a
box in r-co. space under which the resulting nonlinear
functions are always monotone, it greatly improves time
complexity in search algorithms. In FIGS. 24, 25, and 26,
the ranges of searched nonlinear functions are included in
the bottom plots.

Model Complexity and Time Complexity

[0245] Model complexity and time complexity are espe-
cially important in medical applications due to limited data
points, input probing richness, requirements of prompt deci-
sions, and time varying natures of patient models. In this
evaluation the patient model in FIGS. 194 and 195 is used.
Since actual model order and structures are unknown to the
designer, we simply use either MA or ARMA models of
various orders and evaluate their prediction capability. The
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input data are the real drug infusion rates which do not
provide much richness in excitation. The total surgery lasted
about 4000 seconds. We used the first 400 seconds of the
data for system identification for ARMA models, and 1000
data points for MA models since their orders are much
higher. Then the prediction capability of the identified model
is evaluated by applying it to the entire data. It is noted that
during the first 400 seconds, the input changes its value only
once.

[0246] Conceptually, it is arguable that for a linear stable
system, it is always possible to approximate it by a FIR
model (moving average). This model structure can signifi-
cantly simplify theoretical analysis. However, a comparison
of FIGS. 22 and 23 shows clearly that to capture the
dynamics of the actual system, the order of the MA model
must be very high. This is highly undesirable in this appli-
cation since 200 parameters in this model is a very high
model complexity. It also increases identification time com-
plexity. Since an overall patient model contains many model
blocks of similar types, the MA structure will imply a very
large parameter set for system identification when the over-
all system is considered.

[0247] FIGS. 24, 25, and 26 show the prediction capability
of ARMA models of orders 1, 4 and 10, respectively. It is
seen that ARMA models can capture the dynamics of the
system with much lower orders than MA models.

[0248] Insum, itis noted that: (1) Wiener or Hammerstein
models have great potential utility in modeling patient
dynamics; (2) Reliable identification is a stringent require-
ment that mandates a modified evaluation criterion on
identification algorithms; (3) Within the framework of reli-
able identification, all components of a system identification
must be carefully examined in terms of robustness, reliabil-
ity, model complexity, time complexity, accuracy, and track-
ing capability for time varying parameters.

[0249] Although the invention has been described in terms
of specific embodiments and applications, persons skilled in
the art may, in light of this teaching, generate additional
embodiments without exceeding the scope or departing from
the spirit of the claimed invention. Accordingly, it is to be
understood that the drawing and description in this disclo-
sure are proffered to facilitate comprehension of the inven-
tion and should not be construed to limit the scope thereof.

What is claimed is:

1. A method of assisting a human expert in reducing
predictable variations in the depth of anesthesia during the
administration of a medical anesthesia drug to a patient, the
method comprising the step of solving:

x x x
y= L) = Cr =01 (0) + G —Py(x) + C3 —D3(x)
X1 X2 X3

where the coefficients C,, C,, C;, as well as the time periods
T, (initial time delay after drug infusion) and T, (time
constant representing speed of response) are initiated by
assessment of a human expert.

2. The method of claim 1, where the human expert
performs the step of assigning a relative value between 1 and
10 to represent the patient’s response to infusion of the
anesthesia drug, where 1 represents the slowest and 10
represents the fastest.
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3. The method of claim 1, wherein typical set points are
selected to be approximately x,=50, x, =100, and x; =150.

4. A method of determining a model that corresponds to
a predicted response of a patient to anesthesia drug delivery,
the method comprising the steps of:

first determining an initial time delay T, after drug infu-
sion for the patient;

second determining a time constant T, representing speed
of response of the patient; and

third determining a nonlinear static function f, represent-
ing the sensitivity of the patient to a dosage of the
anesthesia drug at steady state.

5. The method of claim 4, wherein said steps of first,
second, and third determining are implemented in a Weiner
structure.

6. The method of claim 4, wherein said steps of first,
second, and third determining are implemented in a Ham-
merstein structure.

7. A system for determining a predicted response of a
patient to the administration of an anesthesia drug, the
system comprising:

a first memory for storing patient dynamics information
relating to the infusion of a bolus dosage of anesthesia
drug, said first memory having a first output for pro-
ducing a first output signal corresponding to a first
anesthesia level;

a second memory for storing patient dynamics informa-
tion relating to the infusion of a titrated dosage of
anesthesia drug, said second memory having a second
output for producing a second output signal corre-
sponding to a second anesthesia level,

a third memory for storing patient dynamics information
relating to the patient’s predicted response to events of
surgical stimulation, said third memory having a third
output for producing a third output signal correspond-
ing to an anesthesia effect level,

a signal combiner arrangement for receiving the first and
second output signals and the anesthesia effect level,
and producing at an output thereof a combined anes-
thesia effect signal;

a limiter coupled to the output of said signal combiner for
establishing maximum and minimum values of the
combined anesthesia signal; and

a virtual anesthesia monitor for producing an anesthesia

value responsive to the combined anesthesia signal.

8. The system of claim 7, wherein the first, second, and
third anesthesia levels correspond to respective BIS levels,
the anesthesia effect level is a BIS level, and the combined
anesthesia signal is a combined BIS level signal.

9. The system of claim 8, wherein the virtual anesthesia
monitor is a virtual BIS monitor for producing a BIS value
responsive to the combined BIS signal.

10. The system of claim 7, wherein there is further
provided a source of known unpredictable disturbances for
producing an unpredictable disturbances signal, and said
signal combiner arrangement is arranged to receive the
unpredictable disturbances signal and the combined anes-
thesia effect signal is responsive to the unpredictable dis-
turbances signal.



THMBW(EF)

[ i (S RIR) A ()

RIB(ERR)AGE)

HERB(ERR)AE)

FRI&RBHA

RHAA

BEG®)

B IR IR T B T BISH B E X REA TR RN R A0 B4 mx:-ﬁ{ﬁfk
T, BEBEREMNRLA SR, SRENETLANTERNS
EUE , W EDREH N R RB MRS, WRREE

RATR% 2EX BRI RN RS

US20070015972A1 NI (»&E)B

US10/561074

EXR5
BN

REER

ERB
B
BREE

IXRS
Ep?
REER

WANG LE YI
WANG HONG
YIN GANG GEORGE

WANG, LE YI
WANG, HONG
YIN, GANG GEORGE

patsnap

2007-01-18

2004-06-21

A61B5/00 G06G7/48 A61M31/00 A61B5/0476 A61B5/0484 A61M5/142 A61M5/172

A61B5/0476 A61B5/0484 A61B5/4821 A61M2230/10 A61M5/1723 A61M2202/0241 A61M2205/52

A61M5/142 G16H20/17 G16H20/40 GO6F19/3468 GO6F19/3481

60/479937 2003-06-19 US

uS8998808

Espacenet USPTO

‘BIS Monlior Slgnal
‘Blood Pressure

Learning and Identification

Real-Time
Module

Anesthesta Kuowledge-Based
Wiener Model Structure

Knowledge
Mapping

Expert
essment

STRELH  HATRIMEENSBNDELR. REESER ; ! !
R £ 3 AATREZWHENRBATNRHER, 8T BEN N R
TYRER AR EIER | M0 R R TR R ERNS BN T I i ]

RRHESBISER KAVR B, T 425 AR 55 F AR R 51 AIBISKF K

o

Display Interface

Graphical Display, Numerical Display,
‘Warning Indicators, Information Message Display

1

-
L

Safety Assessment Module

]

[

Safety Specification
Database



https://share-analytics.zhihuiya.com/view/1f747513-9448-4022-a1f6-475415450215
https://worldwide.espacenet.com/patent/search/family/033539240/publication/US2007015972A1?q=US2007015972A1
http://appft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PG01&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.html&r=1&f=G&l=50&s1=%2220070015972%22.PGNR.&OS=DN/20070015972&RS=DN/20070015972

