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Abstract—The understanding of drinking patterns leading
to alcoholism has been hindered by an inability to unobtru-
sively measure ethanol consumption over periods of weeks to
months in the community environment. An implantable ethanol
sensor is under development using microelectromechanical sys-
tems technology. For safety and user acceptability issues, the
sensor will be implanted subcutaneously and, therefore, measure
peripheral-tissue ethanol concentration. Determining ethanol
consumption and kinetics in other compartments from the time
course of peripheral-tissue ethanol concentration requires sophis-
ticated signal processing based on detailed descriptions of the
relevant physiology. A statistical signal processing system based
on detailed models of the physiology and using extended Kalman
filtering and dynamic programming tools is described which can
estimate the time series of ethanol concentration in blood, liver,
and peripheral tissue and the time series of ethanol consumption
based on peripheral-tissue ethanol concentration measurements.

Index Terms—Bio-sensor, dynamic programming, ethanol con-
sumption model, ethanol PBPK model, ethanol pharmacokinetics
model, extended Kalman smoothing.

I. INTRODUCTION

NEARLY 8% of people who use ethanol will become ad-
dicted during the course of their life [1], [2], and a large

research effort of diverse content focuses on the effects of ethanol
at levels ranging from the biochemical to the cognitive and be-
havioral. Measuring drinking behavior in natural settings over
long time intervals is, so far, an unsolved problem. Even if such
a record of voluntary ad-lib ingestion existed, the problem of
deducing the true course of the individual’s brain exposure to
alcohol is compounded by a full range of absorption, distribution,
and elimination kinetics across people ingesting the same drink.

This paper describes part of a system that is intended to open
a new window on ethanol use by enabling unobtrusive mea-
surement of the time course of ethanol concentration over pe-
riods of weeks to months in the community environment. Signal
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processing is an important part of this system. The sensor, a
microelectromechanical systems transducer with a digital-to-
analog converter, memory, and wireless telemetry link, is lo-
cated subcutaneously to address safety and user acceptability
issues. Therefore, only one ethanol concentration, that of pe-
ripheral tissue, is actually measured. The first important signal
processing task is to estimate the time courses of the other im-
portant ethanol concentrations and of the oral ethanol consump-
tion from the combination of noisy measurements of the periph-
eral-tissue ethanol concentration and knowledge of physiology.
In many applications, the estimates are not needed in real time
and/or the data are not available in real time; batch processing
is of interest and it is this type of estimation problem that we
consider in this paper.

We employ a model-based approach to estimating ethanol
concentrations and oral ethanol consumption from the noisy
measurements of peripheral-tissue ethanol concentration. The
ethanol consumption (EC) model is a statistical model of the
subject’s drinking. The physiology models, specifically the
gastrointestinal absorption (Gut) model and the physiologi-
cally-based pharmacokinetic (PBPK) model, are the models of
ethanol absorption, distribution and elimination describing a
particular individual and scalable across species. The EC, Gut,
and PBPK models together form a generative model for the
time course of ethanol. The subcutaneous bio-sensor (sensor)
model is the measurement model.

Based on the sensor output and the generative model, the
signal processing occurs in three major steps. The first step is to
estimate the time course of all the state variables in the genera-
tive model by approximately computing the time-varying condi-
tional means of all state variables using an Kalman filter (EKF)
[3, Eqs. 8.1.1 and 8.1.2, p. 194] based on an approximation to the
EC model. In order to improve the estimates, the second stage
is maximum likelihood trajectory estimation for the oral-con-
sumption time series based on the exact EC model treating the
estimates from EKF as the measured input. This second stage
is computed by a dynamic programming (DP) algorithm. The
resulting estimates are state variables and state-transition times
in the EC model. The third stage takes the state-transition times
estimated by DP and estimates consumption rates that are piece-
wise constant by least squares. The results of these three stages
of processing are accurate and robust estimates of the time series
of ethanol concentration in blood, liver, and peripheral tissue
and the time series of ethanol consumption. These estimates are
of interest in and of themselves and as inputs to pattern classifi-
cation to determine the subject’s style of drinking.

Three key difficulties have to be overcome. First, the PBPK
model is nonlinear and the state variables in the PBPK model
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are masses of ethanol in different compartments, so the state
variables are constrained to be positive. Second, the Gut model,
though linear, has a time constant on the order of 30 min to 1 h so
the oral consumption input is severely low-pass filtered before it
even excites the PBPK model. Third, statistical modeling of the
source, i.e., the oral consumption, is very challenging because
of the range of drinking style across people.

The remainder of this paper is organized as follows. In Sec-
tion II, the generative model is described, followed by a descrip-
tion of the conditional mean estimator in Section III. Parameter
identification methods are described in Section IV. The second
and third stages of processing, the maximum likelihood trajec-
tory estimator and the piecewise constant mark level estimator,
respectively, are described in Section V and results on the com-
plete system are described in Section VI. Finally, a discussion
follows in Section VII.

The following notation is used. Prime denotes vector or ma-
trix transpose. “Independent and identically distributed”, “prob-
ability mass function,” and “probability density function” are
abbreviated by “i.i.d.,” “pmf,” and “pdf,” respectively. The unit
step function is denoted by and the unit ramp function is
denoted by . is the identity matrix and
is the zero matrix.

II. MODEL

A. PBPK Model of Ethanol Distribution and Elimination

The PBPK model is an interconnection of three so-called
“well stirred” compartments which represent the vasculature,
liver, and all other tissues (the “periphery”). Each compartment
is described by giving the mass of ethanol in the compartment
and the mathematical model for a compartment is a first-order
nonlinear differential equation which describes the time rate
of change of the mass of ethanol in the compartment. When
ethanol enters a compartment, perfusion coefficients approxi-
mate the reality that ethanol is not instantly spread uniformly
throughout the compartment but there remains a single ethanol
concentration for each compartment. This is what is meant
by “well stirred.” Elimination of ethanol occurs from the
liver compartment via a single enzyme system which follows
Michaelis–Menten (MM) kinetics [4].

Ethanol enters the system through two pathways. The sim-
pler pathway is by venous infusion, which occurs only in a lab-
oratory setting. In this case, the ethanol is added directly to
the well-stirred vascular compartment. The more complicated
pathway is by oral intake; the ethanol is transported through
the proximal gut, absorbed in the small intestine, and enters the
portal vein before entering the liver. The Gut model describes
the transport and absorption processes while the PBPK model
has the mass flux of ethanol into the portal vein as its input.

The PBPK model is presented in detail in [5] and the equa-
tions for the PBPK model are listed in Appendix I. What mat-
ters here are the input, state, and output variables which need to
be connected to the other components of the complete model.
The external inputs to the PBPK model are the mass flows,
denoted by and (units of [Mass]/[Time]),
which are the mass flow of ethanol from the gut into the portal

vein and from a venous infusion directly into the vascular com-
partment, respectively. The state variables in the PBPK model
are the masses of ethanol in each compartment, denoted by

(units of [Mass]) where takes values for the Vascular,
for the peripheral Tissue, and for the liver parenchyma.

In addition, there are volumes for each compartment, denoted
by , and concentrations for each compartment, denoted by

. For the purposes of this paper, the
output of the PBPK model is the peripheral tissue ethanol con-
centration which is .

Define the state vector, denoted by , by
, the vector-valued function for com-

puting the derivative of the state vector, denoted by , by
where the functions are

defined in [5] and implied by the equations of Appendix I,
, and . Then the PBPK model is

(1)

(2)

with initial conditions on such that every component is
positive.

B. Gut Model

The Gut model describes the transport of ethanol from oral
ingestion through absorption in the intestines to the portal vein.
As is described in detail in [6], the experimental data is consis-
tent with a linear time-invariant system with a critically-damped
second-order impulse response. Let (units of [Mass]/
[Time]) denote the oral input mass flow and , which
was defined in Section II-A, denote the mass flow from the
gut into the portal vein. Let the impulse response be denoted
by . Then where the
factor implies that so that ethanol is con-
served. The value of is on the order of 30 min. Notice that
if for all then for all .

A state-space realization of requires a 2-D state
vector, denoted by , and is not unique. The realization we
have used is

(3)

where the 2 2 matrix has components ,
, and , , and . If

nonzero initial conditions on are used, then they must
be appropriate in order to retain the result that if
for all then for all .

C. Ethanol Consumption (EC) Model

One of the goals of the signal processing is to determine as
much as possible about the consumption of ethanol. However,
the consumption of ethanol is separated from the sensor by two
systems, the Gut and the PBPK systems, and both the Gut and
the PBPK systems are relatively low-pass in character, com-
pared to the sample interval. Therefore, a detailed model for the
time course of the consumption of ethanol is necessary.
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The key aspect of ethanol consumption in our analysis is the
presence of periods of drinking and periods of no drinking. This
approximation seems appropriate in humans, who tend to drink
in small increments or else to retain larger amounts in their
stomachs before it is released steadily for absorption in the gut.
Therefore, a two-state continuous-time Markov chain [7], [8] is
defined where State 1 corresponds to “no drinking” and State
2 corresponds to “drinking”. Each state has a variable called
a mark which is the rate of drinking (mass of ethanol per unit
time). All the values of the marks in State 1 are 0 since State 1
corresponds to “no drinking”. The marks in State 2 are drawn
randomly at each state transition from State 1 to State 2 and re-
main the same while the Markov chain is in State 2. The mark
drawn at the th state transition from State 1 to State 2 is de-
noted by . The sequence of random marks is i.i.d. with pdf
or pmf denoted by .

The temporal dynamics of the Markov chain are defined by
the probability mass function on the initial state of the Markov
chain and by the rates for transitions from State 1 to State 2 and
from State 2 to State 1 which are denoted by and , re-
spectively. The largest time constant of the Markov chain, which
is the inverse of the smallest eigenvalue of the 2 2 matrix of
transition rates and has value about 6 h, is much smaller than
the interval of interest which is about four weeks. Therefore, to
avoid unnecessary additional parameter estimation associated
with the initial state of the Markov chain it is assumed that the
initial state is the steady state. The rate functions are required to
be nonnegative but are otherwise unconstrained.

Using constant rates, it was difficult to get Markov chain tra-
jectories that reflected the diversity of human drinking. For in-
stance, no drinking for a long time (more than a day) is in-
termixed with daily (within a day) drinking. Therefore, time
variation of the rates was introduced and, since little is known,
stochastic time variation was used making this a doubly sto-
chastic model. In particular, each rate is modeled as a mean
plus a first-order autoregressive (AR) process driven by a white
Gaussian stochastic process with zero mean and constant power
spectral density or for or , respectively. For
the transition from State 1 to State 2, the rate model is

(4)

(5)

where is a white Gaussian stochastic process with mean
zero and power spectral density . The model for the transi-
tion from State 2 to State 1 is the same but with “1,2” replaced
by “2,1.” Notice that these models do not guarantee that the rates
will be nonnegative and that constraint will be added when the
rates are used.

D. Sensor Model

The sensor comprises a transducer, digital to analog con-
verter, short-range wireless telemetry link, antenna, and battery
all packaged into a capsule suitable for subcutaneous implan-
tation. The transducer employs piezoresistive microcantilevers
coated on one side with an ethanol-sensitive plastic. Trans-
duction occurs in the vapor phase protected from molecules

larger than ethanol by a nanoporous silicon membrane. The
transducer is under simultaneous development so its precise
performance is uncertain. However, the bandwidth of the Gut
and PBPK systems is quite narrow and the sensor is broad-band
in comparison. Preliminary tests indicate that the sensor will
have a noise standard deviation that is less than 5% of the peak
value. In addition to the noise, we consider a time varying bias
which is modeled as a first-order AR process (denoted by ).
The requirement to save a series of sensed values for later
telemetry is implemented digitally; thus, we treat the sensor
as a discrete-time device. In order to save battery power, the
discrete-time sampling interval, denoted by , is on the order
of 1 min. Therefore, by (2), the sensor model is

(6)

where and are independent, is an i.i.d. white
Gaussian noise with zero mean and known variance , and

is an i.i.d. white Gaussian noise with zero mean and
known variance . Alternatively, the sensor can be modeled
using a constant coefficient of variation (CCV) model which is

. Numerical results showing
the robustness of processing based on the model of (6) when
truth is the CCV model are described in Section VI.

III. TIME-VARYING CONDITIONAL MEAN

OF THE STATE VARIABLES

Using the model described in Section II, the goal is to
compute estimates of the time-varying oral intake of ethanol

and the time-varying mass of ethanol in each of
the three PBPK compartments ( , , and ).
However, the complexity of the model makes it intractable to
compute exact estimates for any standard estimation criteria
such as maximum likelihood.

One approach, as sketched in Section I, is to focus on con-
ditional mean estimators and approximate computation of such
estimators using the EKF [9]–[12] [3, Eqs. 8.1.1 and 8.1.2, p.
194] techniques. EKF techniques are designed for discrete-time
models in the form

(7)

(8)

where and are i.i.d. Gaussian sequences with zero mean
and known covariance. Therefore, the model of Section II re-
quires alteration in two aspects: it must be transformed to dis-
crete time and the EC part, which is the input model, must be
approximated by a Gaussian model. In order to improve perfor-
mance, a smoothing approach based on EKF ideas is used rather
than a filtering approach directly using EKF ideas.

A. Gaussian Equivalent EC Model

The EC model described in Section II-C plays the role of the
process noise in (7). Because , the output of the
EC model, is not a Gaussian sequence, the EC model is approx-
imated by a Gaussian model, which we refer to as the equivalent
Gaussian model, with the same first- and second-order statistics.
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In Appendix II, the equivalent Gaussian model is derived for
the case where the rates and are constant with re-
spect to time. The same state-space realization is used when the
rates vary with time, in particular, when the rates are themselves
stochastic processes as in (4) and (5), because the variations in
the rates are arranged to be at a much slower time scale than the
transitions in the Markov chain. Therefore, this is a quasi-static
approximation.

A second issue concerns positivity. This arises in two senses.
First, the Gut and PBPK models are designed for the case where

for all . The choice of positive mean value in
the Gaussian equivalent model typically results in such posi-
tivity with high probability but no Gaussian equivalent model
guarantees positivity at all times, and, therefore, one of the stan-
dard methods is used to ensure the positivity. Specifically, a unit
ramp function (which is defined at the end of Section I) is in-
troduced which sets negative values of to 0. Alterna-
tively, an absolute value or a squaring can be used. Second, the
rates and are Gaussian autoregressive stochastic
processes and, therefore, can take negative values. Therefore,
before the rates of transition from no drinking to drinking and
vice versa are used in the formulas for the quasi-static Gaussian
equivalent model, they are passed through ramp functions which
could also be replaced by the alternative methods.

In summary, based on Appendix II, the Gaussian equivalent
EC model (with output ) is (4) and (5) and

(9)

(10)

where is a zero-mean white Gaussian
process with power spectral density 1,

,
, ,

,

, and and
are the mean and variance of the mark distribution .

Notice that the Gaussian equivalent EC model depends only on
the mean and variance of the mark distribution so more details
of the mark distribution are not required.

B. Transformation to Discrete Time

The forward Euler approximation [13] is used to discretize
the differential equations. The sampling intervals are [PBPK,
(1), Gut, (3) and Gaussian equivalent EC model, (9)] and
[autoregressive models for the rates of the Markov chain tran-
sitions, (5)]. Consistent with the quasistatic approximation in
Section III-A, we assure that is an integer.

C. Fixed Lag Smoothing at Multiple Sampling Rates

Since, as described in Section I, this paper concerns batch
processing, it is possible to compute the conditional mean
of the state at time given either all the measurements (a
so-called fixed interval smoother) or the measurements up

to and including time (a so-called -order fixed lag
smoother). In all batch processing cases with optimal estimators
and no model mismatch, fixed interval smoothing has better
performance than fixed lag smoothing. However, in a previous
study of smoothing for finite-state Markov processes (the EC
model belongs to this class), it was reported that beyond a
certain lag there is no further improvement by increasing the
number of lags [14]. That is, fixed lag smoothing with enough
lags performs almost as well as fixed interval smoothing. For
this reason, we use fixed lag smoothing with a large lag as
seems typical in practice. In discrete time, a fixed lag smoother
and a filter are closely related by state augmentation [3].

If the original state has dimension and an -order fixed
lag smoother is desired then the augmented state (of dimension

) contains the original state at the current time and each
of the immediate past times. The state update equation [3,
Eq. 7.3.3, p. 177] has block rows that are shifts and one block
row that executes the original state update present in the original
dynamical system.

In addition to different sampling rates for the discrete-time
approximations to the PBPK, Gut, and Gaussian equivalent EC
models (interval ) and the rates of the Markov chain transi-
tions (interval ), as described in Section III-B, it is natural to
have different orders of lag. In particular, since the rates of the
Markov chain transitions vary slowly, it is natural to have a much
larger order lag for the rates than for the other variables. In par-
ticular, we have used lags of min for the PBPK, Gut, and
Gaussian equivalent EC variables and lags of min
for the rates of the Markov chain transitions. For differences in
lag order of this size, direct application of the augmentation idea
of the previous paragraph leads to a high computational burden.
However [15], it is possible to organize the computations so that
the burden is reduced by a factor of 60.

As is described in Section VI-A, simulations were performed
in order to determine an acceptable value for the lag . Per-
formance of the EKF was measured by the square root of the
normalized mean square error defined in (11). Based on these
results is set to 60 min in the remainder of this paper.

IV. IDENTIFICATION OF THE PARAMETERS

The single parameter of the Gut model, the time constant
in Section II-B, and the parameters of the PBPK model

are determined as described in [5], [6], [16], and [17]. The re-
sulting values are1 min, dL/min,

L, L, L,
mg/min, and (for all values

of ), L , , and mg/dL where
, , , , L, and are defined in Appendix I.

For the sensor, the noise standard deviation is determined
by qualitative examination of in vitro experiments with proto-
types of the transducer, and has the value 5% of the maximum
value of the peripheral tissue ethanol concentration, which is
approximately two thirds of the common legal limit of 0.08
mg/dL. The parameters for the time varying bias are
and .

1In keeping with the bulk of ethanol pharmacokinetic research, we use units
of minutes (min) for time, liters (L) or deciliters (dL) for volume, centimeters
(cm) for distance, and milligrams (mg) or kilograms (kg) for mass.
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Fig. 1. EC: (a) finite number of mark levels possible in State 2; (b) one mark
level possible in each of the states derived from State 2.

Continuous monitoring of interstitial fluid ethanol consump-
tion has yet to be achieved in people; there are no in vivo ethanol
consumption trajectories from which to estimate the parameters
in the EC or Gaussian equivalent EC model. However, based on
his clinical expertise, O’Connor has provided nine trajectories
each of duration 4 weeks for nine different classes of ethanol
user. The nine users are social drinker, binge drinker, salesman,
two different graduate students, street person, working alco-
holic, wine at dinner, and lunch and dinner drinker. Because the
time series are of long duration, they are displayed as images in
this paper (e.g., Fig. 4). Subsequently, these trajectories will be
referred to as prototypical clinical oral ethanol input trajectories.

The six parameters describing the dynamics (three for the
State 1 to 2 transition and three for the State 2 to 1 transition)
were set based on qualitative ideas, e.g., and were set
to the expected durations of an interval of drinking The resulting
values are min , min ,

, and . The
sampling intervals are min (forward Euler discretiza-
tion) and min (autoregressive Markov chain transition
rate model).

The final parameter is the pdf or pmf on the marks condi-
tional on being in the drinking state (State 2). Unlike the other
parameters, this distribution is identified for each individual tra-
jectory. First the range of human drinking rate is discretized into
six levels. Then each level is assumed to have an equal prior
probability. Finally, by approximately computing the likelihood
for each discrete-level value by an EKF, the posterior pmf over
the levels is computed. This pmf is then used in all of the signal
processing.

V. MAXIMUM LIKELIHOOD TRAJECTORY ESTIMATE OF THE

ETHANOL CONSUMPTION AND LEAST SQUARES

ESTIMATION OF MARK LEVELS

The EC model (Section II-C, Fig. 1) is a two-state contin-
uous-time marked Markov chain. For computation, it is dis-
cretized with sampling interval min which was chosen
because the Gut model has a repeated pole with time constant

30 min. The goal is to compute the maximum likelihood state
trajectory from measurements of the marks where the measure-
ments are not perfect, i.e., if is the state (measurement)
at time and is the state trajectory (measurement tra-
jectory) from time to time then the state trajectory estimate
(itself a function of ) is .
The corrupted measurements of the marks and the variances of
the measurements are actually the oral input estimates from the
EKF and the variances of the oral input estimates as calculated
by the EKF. The EKF-computed variances are only an approx-
imation to the true variances of the errors. The errors are cor-
related but the correlations are ignored in the derivation of the
maximum likelihood trajectory estimator. To include the cor-
relations would require additional modeling and parameter esti-
mation, along with a significantly more complex maximum like-
lihood trajectory estimator implementation, which was not pur-
sued here. However, the correlation between errors and states is
included. The mean and variance conditional on the estimated
states can be computed from the EKF-computed mean and vari-
ance and then applied to the maximum likelihood trajectory
estimation. Significantly, this does not require any additional
modeling.

For arbitrary probability distributions for the mark condi-
tioned on the state, maximum likelihood trajectory estimation
is very difficult, though perhaps it can be approximated by the
types of methods described in [18]. However, if the probability
distribution is discrete with a finite number of values, then the
calculation is tractable, because the original Markov chain,
shown in Fig. 1(a), is equivalent to a second Markov chain,
shown in Fig. 1(b), which has only one possible mark value for
each state. Then, with only one possible mark value for each
state, the maximum likelihood trajectory estimation problem is
a standard problem in hidden Markov models [19], which can
be solved by forward dynamic programming.

The third and final stage of the processing is least squares es-
timation of mark levels using the Markov chain transition times
that were determined in the second stage by DP and the contin-
uous-valued oral input estimate determined in the first stage by
the EKF. The time between an estimated State 1 (no drinking)
to State 2 (drinking) transition and the following estimated State
2 to State 1 transition is divided into 60 min segments starting at
the time of the estimated State 1 to State 2 trajectory and ending
with a short segment just before the estimated State 2 to State
1 transition. Within each segment the estimated mark level is
determined by solving a linear least squares problem where the
regressor is a constant within the segment.

VI. NUMERICAL RESULTS

To evaluate the performance of the estimator in each stage,
three quantitative criteria are considered. The first criterion is
the square root of the normalized mean square error (MSE),
which tracks sample-by-sample accuracy, and is defined by

(11)

For ethanol research, it is important to accurately estimate the
total amount of ethanol consumed and it would be desirable for
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Fig. 2. MSE for the EKF estimates as a function of the number of lags in the EKF. The input is the binge drinker from the set of nine prototypical clinical oral
ethanol input trajectories described in Section IV. (a) MSE for the oral input and gut absorption variables; (b) MSE for the three concentrations in the PBPK model.

the estimator to conserve this quantity. Therefore, we define a
second criterion, denoted by AREA, by

(12)

which measures how well the estimator determines the total
amount of ethanol consumed. The last criterion measures the
timing accuracy of the estimated oral input time series. It is im-
portant to measure this quantity since a practical approach is to
consider the oral consumption time series as periods of drinking
alternating with periods of no drinking. Two quantities,
and , are computed as follows. First, each estimated
transition is matched to the true transition closest in time to the
estimated transition even if this means that one true transition
is matched to two estimated transitions, or that a true transition
is left unmatched. Second, the sample means and variances of
the difference between true and estimated times are computed,
omitting differences greater than 60 min.

A. Statistical Results

A total of 70 sequences, each seven days in duration, were
generated from the entire model, i.e., EC, Gut, PBPK, and
sensor. Let be the quantity of interest. Approximations to the
mean and variance of were computed by time averaging
over a seven- day sequence and then the sample mean and vari-
ance of were computed by averaging over the 70 sequences.
The parameter values of the Gut model and the PBPK model
are described in Section IV except for the mark level, ,
which is 0.22 mg/min. The sensor model has one parameter, the
noise standard deviation , which was 0.05 of the maximum
level of the alcohol concentration on the peripheral tissue where
the 0.05 value was based on preliminary data for the sensor.
The sampling interval for the sensor is set to 1 min. The
sampling interval used in the forward Euler discretization is
set to 1 min.

Fig. 2 shows the effect on EKF performance of the number of
lags in terms of MSEs for all the states (oral input, mass flow in
the Gut model, and the three concentrations in the PBPK model)
as a function of the number of lags. The simulator which creates

the data and the EKF which analyzes the data share the same
parameters. All of the time series except for the oral input are
relatively accurately estimated when the size of the lag reaches
50 min while Fig. 2(a) suggests that at least 60 min is required to
achieve the best possible performance for the oral input. Based
on these and similar results, the value of min was
chosen.

Fig. 3 shows performance, with respect to the three criteria,
as a function of sensor noise to signal ratio (NSR) for a range
of NSRs around the nominal NSR which is 5%, i.e., the NSR
for which the sensor noise standard deviation is 5% of the peak
signal value. The range is to . The first
measure of performance is the oral input MSE. The complete
three-stage algorithm shows improved performance over the ini-
tial stage as the sensor NSR increases (i.e., the right edge of the
plot) in Fig. 3(a). With respect to the AREA criterion, as shown
in Fig. 3(b), while the Stage 1 algorithm (the EKF) performs
rather poorly, the Stage 3 algorithm achieves a satisfactory 10%
error. Finally, as shown in Fig. 3(c) regarding timing accuracy,
the mean error for both Off to On and On to Off is less than
10 min until the high end of the NSR range (i.e., the right edge
of the plot). This is rather good performance considering the
amount of low pass filtering that exists between the oral input
and the sensor measurement.

B. Results on Prototypical Clinical Oral Ethanol Input
Trajectories

As described in Section IV, sensor time series data can be
computed from the nine prototypical clinical oral ethanol input
trajectories as inputs to the generative model, with the parameter
values of Section IV. As a part of this computation, simulated
time series data for all of the other time series in the genera-
tive model are also computed including the concentrations of
ethanol in the portal vein, liver, arteries, veins, and peripheral
tissue. Since these concentrations can differ substantially, it is
of pharmacokinetic interest and possibly of clinical interest to
estimate all of these time series from sensor data.

As indicated in Section II-C, it is challenging to state sta-
tistical models for the clinical oral input time series because
of their unusual properties. For instance, there are both daily
and weekly patterns. Therefore, the success of the estimators on



HAN et al.: MODELS AND SIGNAL PROCESSING FOR AN IMPLANTED ETHANOL BIO-SENSOR 609

Fig. 3. MSE (a), AREA [(ethanol conservation, (b)], and T and
T [timing of transitions from drinking to no drinking and visa versa,
(c)] results as a function of sensor noise to signal ratio (NSR) for Stage 1
and Stage 3 oral input estimates. The error bars indicate �1 sample standard
deviations. In (b), the Stage 2 result is superimposed on the Stage 3 result.

these prototypical clinical oral ethanol input trajectories is po-
tentially of greater importance than the success of the estimator
on statistically-generated time series.

Fig. 4 displays the true and estimated time series for one
of the prototypical clinical oral ethanol input trajectories,
specifically, the binge drinker. Performance in estimating the
PBPK variables, , , and , and
on the Gut output, , is quite good. Performance in

Fig. 4. Results for the binge drinker.

TABLE I
PERFORMANCE FOR THE ENTIRE SET OF PROTOTYPICAL CLINICAL ORAL

ETHANOL INPUT TRAJECTORIES WITH THE MATCHED OR THE MISMATCHED

ESTIMATORS. ALL PERFORMANCE MEASURES CONCERN THE ORAL INPUT

M (t). EACH TRIPLE OF ROWS CONCERNS ON THE ESTIMATES WITH

MATCHED PARAMETERS AND SENSOR MODEL, WITH THE MISMATCHED GUT

PARAMETER WITH THE DEVIATION OF 30%, AND WITH THE ALTERNATIVE

SENSOR MODEL (CCV MODEL), RESPECTIVELY

estimating the oral input, , is not as good because
the oral input is separated from the other variables by the Gut
and the Gut is a low pass filter with a low cutoff frequency.
Nonetheless, extensive information about the oral input is still
determined by the estimator from the sensor measurements.
The three performance criteria are tabulated in the first triple
of rows in Table I. The MSE performance improves through
each stage of the processing. The AREA performance, i.e.,
ethanol conservation, improves dramatically between the first
and second stages and then improves further with the third
stage to a final value of 5%. The timing of transitions (third
stage only) is accurate to 10 min.
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C. Results on Stochastic Trajectories Generated From
Prototypical Clinical Oral Ethanol Input Trajectories

The prototypical clinical oral ethanol input trajectories are
idealizations of the true drinking patterns. In particular, the tra-
jectories are piecewise constant over intervals of an hour (de-
noted by ). In order to more fully demonstrate the performance
of our algorithm, we desire more realistic and stochastic exam-
ples. It is difficult to construct a statistical model of these time
series containing just a few parameters due to the long corre-
lation time (e.g., one week) of the time series. Therefore, we
constructed a statistical model for how to perturb the existing
prototypical clinical oral ethanol input trajectories. Three types
of change are considered. The first is to dither the transitions in
the time series by random delays drawn from a pdf that is uni-
form on where has units of time. The second is
to allow many changes in drinking rate during the interval of
drinking by dividing the interval (now with dithered endpoints)
into subintervals of duration . Whether drinking occurs during
a subinterval is determined by a Bernoulli process with success
(i.e., does drink) probability of . The third is to randomize the
drinking rate in any subinterval for which drinking occurs. In
particular, for each subinterval in which a Bernoulli success oc-
curs, the rate is proportional, with proportionality constant ,
to an i.i.d. random variable drawn from a pdf which is the em-
pirical pdf for that particular prototypical clinical oral ethanol
input trajectory. In the other subintervals, the rate is zero. By
having only a fraction of intervals with drinking but scaling
the amount of drinking by , the expected amount of drink
is equal to the amount that occurred in the prototypical clinical
oral ethanol input trajectory. However, the variance of the total
amount of drink is where is the total amount
of drink in the prototypical clinical oral ethanol input trajectory
and . In order for the standard deviation of the total
amount of drink to be small, it is necessary for to be near 1. In
particular, in order to achieve a standard deviation that is 20%
of the mean, was chosen to be 0.75 since the ratio of standard
deviation to mean is .

Oral inputs were simulated for a variety of values for in
the range of 6 to 30 min (recall that the prototypical clinical
oral ethanol input trajectories were piecewise constant over 1
h intervals). These simulations were then used as input to the
Gut, PBPK, and sensor systems in order to generate the corre-
sponding sensor time series. These time series were processed
as described previously with the exception that in Step 3, the
window for the least squares calculation is duration , not .
Performance statistics were computed as described previously
in Section VI-A and are graphed in Fig. 5. Comparing Figs. 3
and 5, performance is at least as good on the stochastic trajecto-
ries generated from the prototypical clinical oral ethanol input
trajectories as it is (same 5% NSR level) on the prototypical clin-
ical oral ethanol input trajectories themselves.

D. Results on the Cases With Mismatched Model and
Parameters

Since the parameters in the PBPK model and the mark levels
in the EC model are obtained from system identification pro-
cedures, in this section calculations demonstrating robustness

Fig. 5. Results based on a stochastic version of the lunch and dinner drinker
prtotypical clinical oral ethanol input trajectory plotted as a function of the time
� at an NSR of 5%. MSE (a), AREA [ethanol conservation, (b)], and T

and T [iming of transitions from drinking to non drinking and visa versa,
(c)] esults as a function of sensor NSR for Stage 1 and Stage 3 oral input esti-
mates. The error bars indicate � sample standard deviasons.

to parameter variation focused on variation in the one param-
eter of the Gut model and alteration in the form of the sensor
model are presented. The variation in is 30% of the nominal
value and the alteration in the form of the sensor model is to
use a CCV (constant coefficient of variation, see Section II-D)
model with the same noise level used in the nominal model. In
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all instances, time series are generated using the altered or the
CCV sensor model and then processed using the nominal or
the nominal sensor model. Table I shows the results achieved for
each case: matched, variation, and CCV sensor model. Using
the MSE and AREA criteria, the estimation is robust since per-
formance in the two mismatched cases is essentially the same as
the matched case. Using the timing criteria (On to Off and Off to
On) performance is reduced but the uncertainty is still substan-
tially smaller than the discretization that satisfactorily described
the clinical situation, as reflected in the prototypical clinical oral
ethanol input trajectories.

VII. DISCUSSION

In this paper, a three-stage algorithm is described for esti-
mating liver, blood, and peripheral tissue ethanol concentrations
and ethanol ingestion from sensor time series measurements of
interstitial fluid ethanol concentration. The computational com-
plexity is low, in part because it is possible to exploit multiple
sampling rates in the EKF. The algorithm exploits the fact that
only batch processing is needed in order to be adaptive to the
data. With regard to the estimated oral ethanol input, the goal
is really to tell a story, i.e., that drinking started and stopped
at certain times with a certain total amount consumed. Thus,
we consider a variety of performance measures that focus on
such stories in addition to MSE. We believe that the signal pro-
cessing system described here is sufficient to meet the goals of
the alcohol research community, and may be the best that can be
achieved because of the extensive nonlinear low pass filtering
the occurs between the oral input and the sensor data. With this
system, we are able to provide clinically-relevant levels of per-
formance both in Monte Carlo simulation and with the nine pro-
totypical clinical oral ethanol input trajectories based on clin-
ical practice. Sensor experimental data is not yet available be-
cause this project, though funded by NIH, is being run using
the DARPA co-development model and the sensor is only now
about to enter in vivo testing in animal models. Development
of the sensor is costly, but the “planning” analysis carried out in
this paper justifies the expectation that the sensor and signal pro-
cessing system will be able to achieve the sponsor’s objectives.

During the next two years, we expect to replicate this work
with experimental data as data from sensors implanted in rats
become available. The PBPK models of alcohol absorption, dis-
tribution and elimination easily scale across species and alcohol
research in rodents affords a complete record of the time course
of ingested alcohol consumption for each animal. All the signal
processing described here will be directly applicable to these
experiments.

APPENDIX I
EQUATIONS FOR THE PBPK MODEL

The PBPK model is composed of three nonlinear ordinary
differential equations for the state variables (13)–(15)

(13)

(14)

(15)

where the subscriptions are PV for portal vein, HA for hepatic
artery, and HV for hepatic vein; the eight mass flux equations
needed to evaluate (13)–(15), which are the two external in-
puts and and the six internal variables

, , , , , and
[(16), (17), (18), (19), (20), and 21, respectively]

(16)

(17)

(18)

(19)

(20)

(21)

and [(22) and (23), respectively]

(22)

(23)

and

,

where and

The following constants are required: the volumes of the
three compartments, denoted by , , and ; the
Michaelis-Menten constants, denoted by and ;
the cardiac output, denoted by ; the fraction of cardiac
output that is delivered to the liver and the fraction of the
total liver supply that is delivered by the portal vein, denoted
by and , respectively, and the fraction of ethanol in a
vessel or compartment that is transported to a connected vessel
or compartment, denoted by , , , , and

. The right hand sides of (13)–(15) define the functions
, , and , respectively.

APPENDIX II
GAUSSIAN EQUIVALENT MODEL FOR A SINGLY-STOCHASTIC

VERSION OF THE EC MODEL

For let be the state of a two-state con-
tinuous-time discrete-state Markov chain with constant rate pa-
rameters and . Let for be the transition times.
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Let be the mark chosen at the th transition. The sequence
of marks are independent random variables. Since there are only
two states, the pmf on the mark, which depends on the old and
new states at the transition, actually depends only on the new
state which is . Define and

. With this notation, the output of the
EC model is .
For the Markov chain , the infinitesimal rate matrix, de-
noted by , is [7, Chap. 4, Sec. 8, pp. 150–152] ,

, , and , and if
is defined by and
is the matrix with elements then [7, Chap. 4, Sec. 8, pp.
150–152], for (see the equation shown at the bottom of
the page). Define . The expected value of
the output is

(24)

The Markov chain is assumed to start in the steady state, which
is and in the steady
state (24) simplifies to .
The autocorrelation function of the output is

where is such
that and is such that .
By the total probability theorem

When it follows that and are independent
random variables. However, when it is possible that

( and are the same random variable, de-
scribed below as “no transition”) or that ( and

are independent random variables, described below as
“transition”). Assume that , condition on the “transi-
tion” and “no transition” events, use the fact that the probability

, no transition) is the probability that
an exponentially distributed random variable (parameter )
is larger than , write and , and assume
that the process was started in the steady state to get that

(25)

Since is real-valued, it follows that
and, therefore, (25), which is restricted to , can

be generalized to arbitrary by replacing by . The au-
tocovariance function, , is

which has Fourier transform

which is rational. Therefore, it can be realized as a finite-di-
mensional linear system driven by a zero-mean white noise with
power spectral density 1 which in turn can be realized as a fi-
nite-dimensional continuous-time state-space system [20, Chap.
2, Sec. 2.9, pp. 33–34] and one such realization is described in
the body of the paper.
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