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Abstract
The problem of estimating breath alcohol concentration based on transdermal alcohol biosensor data is considered.

Transdermal alcohol concentration provides a promising alternative to classical methods such as breathalyzers or drinking

diaries. A physics-informed long short-term memory (LSTM) network with covariates for the solution of the estimation

problem is developed. The data-driven nature of an LSTM is augmented with a first-principles physics-based population

model for the diffusion of ethanol through the epidermal layer of the skin. The population model in an abstract parabolic

framework appears as part of a regularization term in the loss function of the LSTM. While learning, the model is

encouraged to both fit the data and to produce physically meaningful outputs. To deal with the high variation observed in

the data, a mechanism for the uncertainty quantification of the estimates based on a recently discovered relation between

Monte-Carlo dropout and Bayesian learning is used. The physics-based population model and the LSTM are trained and

tested using controlled laboratory collected breath and transdermal alcohol data collected in four sessions from 40 orally

dosed participants (50% female, ages 21–33 years, 35% BMI above 25.0) resulting in 256 usable drinking episodes

partitioned into training and testing sets. Body measurement (e.g., BMI, hip to waist ratio, etc.), personal (e.g., sex, age,

race, etc.), drinking behavior (e.g., frequent, rarely, etc.), and environmental (e.g., temperature, humidity, etc.) covariates

were also collected from participants. The importance of various covariates in the estimation is investigated using Shapley

values. It is shown that the physics-informed LSTM network can be successfully applied to drinking episodes from both the

training and test sets and that the physics-based information leads to better generalization ability on new drinking episodes

with the uncertainty quantification yielding credible bands that effectively capture the true signal. Compared to two

machine learning models from previous studies, the proposed model reduces relative L2 error in estimated breath alcohol

concentration by 58 and 72% and relative peak error by 33 and 76%.
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1 Introduction

Alcohol researchers and clinicians alike have long been

interested in qualitatively and quantitatively measuring and

tracking alcohol consumption. In particular, near-continu-

ous measurements are considered important as they can be

used for the monitoring of blood alcohol, the discovery of

addiction problems and the examination of naturalistic

drinking patterns.

However, producing meaningful quantitative measures

of alcohol consumption in naturalistic settings is a chal-

lenging task. Typically, this is based on the use of a breath

alcohol analyzer or a drinker’s self-report. Unfortunately,
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both methods have their shortcomings: Obtaining deep

lung samples (alveolar air) needed for accurate results can

be difficult and often, alcohol contained in the mouth after

drinking contaminates the results [1]. Also, the procedure

does obviously not allow for continuous measurements; the

intense exhaling cannot be repeated frequently. Clearly,

this method is not well suited for studying drinking in a

naturalistic setting. Self-reports, on the other hand, are

often inaccurate as well. It is difficult for people to judge

what quantities of alcohol they have consumed in a par-

ticular situation. If an alcoholic drink was prepared by

someone else, e.g., a drink at a bar, this process is

impractical, and even worse, it is known that alcohol

directly affects the memory function of the brain [2];

hence, a drinker’s self-report will likely lack the required

reliability.

After the consumption of alcohol, the human liver

metabolizes most of the alcohol. Some of the alcohol is

exhaled through breath, some leaves the body through

urine, and about 1% of the alcohol diffuses through the skin

[3]. The excretion of ethanol through perspiration has been

known since the 1930s [4–6]. Hence, measuring transder-

mal alcohol creates a possible alternative for the tracking

of alcohol consumed. Recently, biosensors have been

developed that are able to measure transdermal alcohol

level or concentration (TAC) [7–9]. These sensors pri-

marily function as a fuel cell: In a redox reaction, 4 elec-

trons are produced for every ethanol molecule. This

generates a current that is measured and converted into

TAC.

The availability of TAC measuring devices allows for

near-continuous measurements of alcohol consumption and

helps researchers to gain insight into alcohol metabolism

and drinking behavior in a naturalistic setting. In addition,

TAC sensors collect the data passively, i.e., contrary to

self-reports or breath alcohol analyzers no active partici-

pation of the subject is required. In this context, those

devices can be used for forensic applications such as DUI

(driving under the influence: the offense of driving a

vehicle while impaired by alcohol or drugs) monitoring and

the underlying mechanism can potentially also be extended

to other drugs. Recent interest in wearable computers could

lead to TAC biosensors being integrated into these devices

to reach the consumer market.

Researchers interested in drinking behavior and alcohol

consumption typically base their studies on breath alcohol

concentration (BrAC) or blood alcohol concentration

(BAC), which have been shown to reasonably agree [10].

Hence, in order to make TAC sensors useful for alcohol

research, the need to convert TAC signals to BAC/BrAC

signals arises. Unfortunately, the direct conversion of TAC

to BAC/BrAC has proven to be challenging due to a

number of confounding factors. Differences between

devices, a subject’s drinking behavior, and varying envi-

ronmental conditions such as temperature and humidity

lead to variations in the measurements. Intra- and inter-

individual variations are additional sources that pose fur-

ther challenges to the direct conversion from TAC to BAC/

BrAC. The porosity, thickness, tortuosity, hydration, and

vasodilation of an individual’s skin are important factors in

the functional relationship between BAC/BrAC and TAC.

In the last decade, our research team and other groups

have worked on different approaches to overcome the

difficulties in TAC-based BrAC estimation. Some early

efforts used deterministic models [11–17] for the rela-

tionship between BAC/BrAC and TAC. Some of them

were based on regression models [12], while others mod-

eled the transport of alcohol from the blood through the

epidermis by a one-dimensional diffusion equation with

unknown parameters. This diffusion model takes the form

of a partial differential equation (PDE), a class of equations

that are ubiquitous in biological and engineering models.

The idea to approach the BrAC estimation using machine

learning techniques is relatively new. In [18], the authors

used a tree-based ensemble regression algorithm to create

estimates of BrAC from transdermal data. A treatment by

our research group employed a covariate-dependent Hid-

den Markov Model to account for body-level covariates

such as height and age which was shown to yield mean-

ingful BrAC estimates together with error bands to quan-

tify the associated uncertainty [19]. We note that this was

one of the first attempts to incorporate covariate informa-

tion into the estimation of BrAC from TAC. In another

study, [20], we used a hybrid approach combining the

aforementioned PDE model with the data-driven nature of

machine learning using a physics-informed generative

adversarial network (GAN). Such a hybrid model is espe-

cially interesting in the context of the alcohol biosensor

problem. Although there is a first-principles physics model,

it is known that such a model is not able to fully explain the

observed variation in the relation between TAC and BrAC.

On the other hand, available data sets with TAC/BrAC

pairs only contain about a hundred data pairs due to the

difficult and time-consuming nature of gathering human

subject data, compare [21–23]. This scarcity of data poses a

problem for the training of complex machine learning

models. Hence, in the present work, we want to maintain

the idea of a hybrid model to enrich the data-driven qual-

ities of machine learning with the a priori physics infor-

mation. But other than in [20], where the input/output PDE

model was considered on the full domain and where a

GAN was used, here we want to make use of recent

advances in time series machine learning in combination

with an abstract evolutionary, semigroup theory-based

formulation of the PDE model. To this end, we propose a

physics-informed long short-term memory (LSTM)
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network. In this model, the data-driven nature of an LSTM

is augmented with a first-principles physics-based model

for the diffusion of ethanol through the epidermal layer of

the skin. This physical model takes the role of a regular-

ization term in the loss function of the LSTM. That way,

while learning, the model is encouraged to both fit the data

and to produce physically meaningful outputs. Moreover,

due to the high level of variation observed in the data, we

also propose a mechanism for the uncertainty quantifica-

tion of the estimates that is based on a recently discovered

relationship between Monte-Carlo dropout and Bayesian

learning.

The remainder of the paper is organized as follows: In

Sect. 2, we introduce the physical model for the transport

of alcohol through the epidermal layer of the skin. Also in

this section, we reformulate the model as an abstract

parabolic evolution equation to make it readily amenable to

the training process. Then, in Sect. 3, we describe the

LSTM network that is used in this work and we show how

the physics information is included in the network training

process to obtain a physics-informed LSTM model. In

Sect. 4, we briefly explain the network architecture that we

use to handle both time-dependent and time-independent

covariates, followed in Sect. 5 by an outline of the

approach used to capture the uncertainty in our BrAC

estimates. Finally, in Sect. 6, we present some examples of

our numerical studies. We conclude with a discussion of

our results and some final remarks.

2 A diffusion model for transdermal alcohol
transport

The process of ethanol diffusion through the epidermal

layer of the skin has been carefully studied over the past

years, and several, mostly similar, physical models have

been developed to capture the physiological processes.

Here, we use a distributed parameter diffusion model that

was described in [24] and takes the form

ox

ot
ðt; gÞ ¼ q1

o2x

og2
ðt; gÞ; t[ 0; g 2 ð0; 1Þ; ð1Þ

dw

dt
ðtÞ ¼ q3

ox

og
ðt; 0Þ � q4wðtÞ; t[ 0; ð2Þ

xðt; 0Þ ¼ wðtÞ; t[ 0; ð3Þ

q1
ox

og
ðt; 1Þ ¼ q2uðtÞ; t[ 0; ð4Þ

wð0Þ ¼ w0; xð0; gÞ ¼ /0ðgÞ; g 2 ð0; 1Þ ð5Þ

yðtÞ ¼ wðtÞ; t� 0: ð6Þ

In this model, xðt; gÞ is the concentration of ethanol in the

epidermal layer at time t and depth g 2 ½0; 1� and w(t) is the
concentration of ethanol in the sensor’s collection chamber

at time t. The TAC output is denoted by y(t). In the case of

the largely dimensionless system considered above, w(t)

and y(t) coincide. The BrAC input to the model is denoted

by u(t). The dimensionless parameter q1 models the dif-

fusivity of the skin and the dimensionless q2 describes the

alcohol gain from the dermal layer of the skin. Both

parameters are unknown and un-measurable; they are

subject-dependent physiological parameters. The parame-

ters q3 and q4 are device-dependent. In what follows, we

will assume the parameters q ¼ ½q1; q2; q3; q4� to be random
and we estimate their distributions in order to use them in

the above model.

The model describes a (linear) relationship between the

BrAC u as the input of the model and the TAC y as the

output of the model. However, since the model is given in

the time-space domain, it is not directly accessible to a time

series machine learning model. Moreover, we need to

discretize the model appropriately, and we need to account

for the randomness of the parameters q. Hence, in the

following, we rewrite the initial-boundary problem (1)–(6)

as an abstract parabolic system in a Gelfand triple of Hil-

bert (and later Bochner) spaces. Then, we show how the

random parameters q can essentially be considered as

additional spatial variables, and how the resulting model

can be discretized. Here, we follow the steps that can be

found for example in [24] and [25].

First, we consider a finite time horizon, T [ 0, and we

assume a zero-order hold input, that is uðtÞ ¼ uk; t 2
½ks; ðk þ 1ÞsÞ; k ¼ 0; 1; 2; . . . with s denoting a sampling

time. Such an assumption is not unrealistic in this appli-

cation, as biosensors have a sampling time, and breath

alcohol concentration changes slowly over the course of

hours. Analogously, we define xk ¼ xkðgÞ ¼ xðks; gÞ;wk ¼
wðksÞ; and yk ¼ yðksÞ; k ¼ 0; 1; . . .;K, with Ks ¼ T . Then,

we consider the system (1)–(6) on the intervals ½ks; ðk þ
1Þs� for k ¼ 0; 1; 2; . . .;K. With the change of variables

vðt; gÞ ¼ xðt; gÞ � nðgÞuk where nðgÞ ¼ q2
q1
g, we obtain the

system

ov

ot
ðt; gÞ ¼ q1

o2v

og2
ðt; gÞ; ks\t\ðk þ 1Þs; g 2 ð0; 1Þ;

ð7Þ
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dw

dt
ðtÞ ¼ q3

ov

og
ðt; 0Þ � q4wðtÞ þ

q3q2
q1

uk; ks\t\ðk þ 1Þs;

ð8Þ

vðt; 0Þ ¼ wðtÞ; ks\tðk þ 1Þs; ð9Þ

q1
ov

og
ðt; 1Þ ¼ 0; ks\t\ðk þ 1Þs; ð10Þ

vðks; �Þ ¼ xðks; �Þ � nð�Þuk ¼ xk � nuk: ð11Þ

Let Q be a compact subset of the positive orthant of R4. For

q ¼ ½q1; q2; q3; q4� 2 Q we define Hq ¼ R� L2ð0; 1Þ with

the inner product hðh1;/1Þ; ðh2;/2Þiq ¼
q1
q3
h1h2þ

R 1
0
/1ðgÞ/2ðgÞdg. Define further the Hilbert space V ¼

fðh;/Þ 2 Hq : / 2 H1ð0; 1Þ; h ¼ /ð0Þg with the inner

product hð/1ð0Þ;/1Þ; ð/2ð0Þ;/2ÞiV ¼ /1ð0Þ/2ð0Þþ
h/0

1;/
0
2iL2ð0;1Þ. Here, h�; �iL2ð0;1Þ denotes the standard

L2ð0; 1Þ inner product.
Using standard arguments, we obtain the dense and

continuous embeddings V,!Hq,!V� and that these

embeddings are uniformly bounded with respect to q 2 Q.

Further, for each q 2 Q, we define the bilinear form

aðq; �; �Þ : V � V ! R by

aðq; /̂1; /̂2Þ ¼
q1q4
q3

/1ð0Þ/2ð0Þ þ q1

Z 1

0

/0
1ðgÞ/

0
2ðgÞdg

ð12Þ

for /1;/2 2 V and where /̂1 ¼ ð/1ð0Þ;/1Þ;
/̂2 ¼ ð/2ð0Þ;/2Þ. Since Q was assumed to be compact, the

bilinear form aðq; �; �Þ is uniformly bounded, coercive, and

continuously dependent on q 2 Q. See [24] for more

details.

Now, we define the operator AðqÞ : DomðAðqÞÞ � Hq !
Hq by hAðqÞ/̂; ŵiV�;V ¼ �aðq; /̂; ŵÞ where

DomðAðqÞÞ ¼ f/̂ ¼ ð/ð0Þ;/Þ 2 V : / 2 H2ð0; 1Þg. Note

that DomðAðqÞÞ does not depend on q. With that, one can

show that

AðqÞ/̂ ¼ AðqÞð/ð0Þ;/Þ ¼ ðq3/0ð0Þ � q4/ð0Þ; q1/00Þ
ð13Þ

for /̂ 2 DomðAðqÞÞ. Further, AðqÞ is densely defined on

Hq, regularly dissipative and self-adjoint and thus, AðqÞ is
an infinitesimal generator of a uniformly exponentially

stable, self-adjoint, analytic semigroup of bounded linear

operators, feAðqÞt : t� 0g, on Hq. For details, we refer to

[26, 27].

With this, the system (7)–(11) takes the form dv̂
dt ðtÞ ¼

AðqÞv̂ðtÞ þ ðq3q2q1
; 0Þuk with v̂ðksÞ ¼ ðwk; xk � nukÞ in the

interval ks\t\ðk þ 1Þs. Define x̂k ¼ ðwk; xkÞ and the

operator ÂðqÞ ¼ eAðqÞs 2 LðHq;HqÞ. Further, define the

operator BðqÞ ¼ q3q2
q1

; 0
� �

� AðqÞð0; nÞ. Then set

B̂ðqÞ ¼
Z s

0

eAðqÞsBðqÞds ¼ AðqÞ�1eAðqÞsBðqÞjs0

¼ ðÂðqÞ � IÞAðqÞ�1BðqÞ

¼ ðI � ÂðqÞÞ ð0; nÞ � AðqÞ�1 q3q2
q1

; 0

� �� �
ð14Þ

2 LðR;HqÞ:With these definitions, we obtain the discrete-

time state space form of the model as

x̂kþ1 ¼ ðwkþ1; xkþ1Þ ¼ ðwððk þ 1ÞsÞ; xððk þ 1Þs; �ÞÞ
¼ v̂ððk þ 1ÞsÞ þ ð0; nÞuk
¼ eAðqÞsðwk; xk � nukÞ

þ
Z s

0

eAðqÞs
q3q2
q1

; 0

� �

ds uk þ ð0; nÞuk

¼ ÂðqÞx̂k þ ðI � ÂðqÞÞð0; nÞuk

þ AðqÞ�1ðÂðqÞ � IÞ q3q2
q1

; 0

� �

uk

¼ ÂðqÞx̂k þ B̂ðqÞuk:

ð15Þ

Defining further the output operator Ĉ 2 LðHq;RÞ as

Ĉðh;/Þ ¼ h for ðh;/Þ 2 Hq, our discrete time input/output

model becomes

x̂kþ1 ¼ ÂðqÞx̂k þ B̂ðqÞuk; k ¼ 0; 1; 2; . . . ð16Þ

x̂0 ¼ ðw0;/0Þ; ð17Þ

yk ¼ Ĉx̂k; k ¼ 0; 1; 2; . . .: ð18Þ

Assuming zero initial conditions for the epidermal layer of

the skin and the collection chamber of the sensor, that is

x̂0 ¼ ðw0;/0Þ ¼ ð0; 0Þ, the output y of the system takes the

form of a discrete time convolution of the input, u, with a

filter, hðqÞ, as

yk ¼
Xk�1

j¼0

ĈÂðqÞk�j�1B̂ðqÞuj

¼
Xk�1

j¼0

hk�j�1ðqÞuj; k ¼ 0; 1; 2; . . .:

ð19Þ

Here, the filter is hiðqÞ ¼ ĈÂðqÞiB̂ðqÞ; i ¼ 0; 1; 2; . . .. Using

the Trotter-Kato approximation theorem from linear

semigroup theory [28] it can be shown that the mapping

q 7!hiðqÞ is continuous, uniformly in q and i for q 2 Q and

i ¼ 0; 1; 2; . . .;K.
Now, shifting from the assumption that q is determin-

istic to the idea of q being a random vector, we denote this

random vector as q and assume that q has support in the

cube
Q4

i¼1½ai; bi� for some �1\�a\ai\bi\ �b\1.
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Define the vectors a ¼ ½ai�4i¼1, b ¼ ½bi�4i¼1 and let H � R4

be a compact parameter set. Assume further that q is dis-

tributed according to an absolutely continuous cumulative

density function, Fðq; ½a; b; q�Þ or equivalently by a push

forward measure p ¼ pð½a; b; q�Þ for q 2 H. We set h ¼
ða; b; qÞ and write pðhÞ	 f ðhÞ, where f ðhÞ ¼ f ð�; hÞ is a

density function. Based on this, we define the Bochner

spaces V ¼ L2pðQ;VÞ and H ¼ L2pðQ;HqÞ and obtain the

Gelfand triple of spaces V,!H,!V� where V� denotes

the dual of V. Further, we define the bilinear form að�; �Þ
on V�V as well as the operator A 2 LðV;V�Þ by

að/̂; ŵÞ ¼ Ep a q; /̂ðqÞ; ŵðqÞ
� �� �

¼
Z

Q

a q; /̂ðqÞ; ŵðqÞ
� �

dpðqÞ ¼ �hA/̂; ŵiV�;V

ð20Þ

for /̂; ŵ 2 V. As in the deterministic case, the operator A

is regularly dissipative and self-adjoint and thus, A is an

infinitesimal generator of a uniformly exponentially stable,

analytic semigroup of bounded, self-adjoint, linear opera-

tors, fTðtÞ : t� 0g, on H (see [26, 27, 29]). Analogously,

we define the operator B 2 LðR;HÞ by hBu; ŵi ¼

Ep hBðqÞu; ŵiq
� �

; u 2 R and set Â ¼ TðsÞ 2 LðH;HÞ,

B̂ ¼ A�1ðÂ�IÞB 2 LðR;HÞ, where I is the identity

on H. Lastly, we define the output operator Ĉ by

Ĉ/̂ ¼ EpðĈ/̂Þ 2 LðH;RÞ. With that, we obtain the dis-

crete-time system

x̂kþ1 ¼ Âx̂k þ B̂uk ð21Þ

yk ¼ Ĉxk: ð22Þ

Once again, the output yk can then be written as a con-

volution as

yk ¼
Xk�1

j¼0

ĈÂk�j�1B̂uj ¼
Xk�1

j¼0

hk�j�1uj; k ¼ 0; 1; 2; . . .:

ð23Þ

At this point, the model is in state space form, time-dis-

crete, and the randomness of q has been taken into account.

However, the filter h in (23) involves the semigroup

fTðtÞ : t� 0g that is defined on the infinite dimensional

Hilbert space h. Thus, as a last step, we need to apply finite

dimensional approximation. To this end, we construct a

series of approximating finite-dimensional subspaces VN

of V as well as sequences of operators ÂN ; B̂N , and ĈN

that approximate Â; B̂, and Ĉ, respectively. Here, by N we

denote the multi-index N ¼ ðn;m1;m2;m3;m4Þ. As before,
we assume that the random parameters qi are supported in

½ai; bi� for i ¼ 1; :::; 4. Partition ½ai; bi� into mi subintervals

of equal width for i ¼ 1; :::; 4 and denote the characteristic

function on the j-th subinterval by vmi
j for j ¼ 1; :::;mi. For

n ¼ 1; 2; . . . let f/n
j g

n
j¼0 be the standard linear B-splines on

[0, 1] with respect to the uniform mesh f0; 1n ; 2n ; . . .; 1g and

set /̂
n

j ¼ ð/n
j ð0Þ;/n

j Þ 2 V . With J we denote a multi-index

J ¼ ðj0; j1; :::; j4Þ with j0 2 f0; 1; . . .; ng and ji 2
f1; 2; . . .;mig; i ¼ 1; 2; 3; 4. We then set UN

J ¼ /̂
n

j0

Q4
i¼1 v

mi
ji

and let VN ¼ spanJfUN
J g. Then, we let PN : h ! VN be

the orthogonal projection of h onto VN . Using standard

arguments from spline theory and piecewise constant

approximation in L2, one can see that PN converges

strongly to the identity in both h and V. This shows that

the sequence VN approximates V in an appropriate way.

For the operator A we use a standard Galerkin approach to

come up with an approximation AN , and set

ÂN ¼ expðANsÞ 2 LðVN ;VNÞ, for details see [30].

Based on this, we set B̂N ¼ ðANÞ�1 ÂN �IN
� �

PNB 2
LðR;VNÞ and ĈN ¼ ĈPN . Standard arguments from

linear semigroup theory can be used to show the conver-

gence of the approximating operators. Finally, we can write

yN
k ¼

Xk�1

j¼0

ĈNðÂNÞk�j�1B̂Nuj

¼
Xk�1

j¼0

hNk�j�1uj; k ¼ 0; 1; 2; . . .

ð24Þ

for the output yN that only depends on the input u. This is

precisely the form we are going to use for the physics

information in the neural network (see the next section).

3 A physics-informed long short-term
memory network

We develop a BrAC estimator based on a Long Short-Term

Memory Network as developed by Hochreiter and Sch-

midhuber in [31]. These networks are a class of recurrent

neural networks and are especially useful for time-series

data as they are able to process sequences of data and

remember temporal features over long time spans.

The whole network can be thought of as T LSTM units

stacked next to each other, where T denotes the number of

time steps. In a single unit, there is a cell state c as well as a

forget gate f, an input gate i, and an output gate o that are

used to regulate the flow of information through the net-

work. Denoting the time by the subscript t, the equations

for these gates are given by
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ft ¼ rðWf yt þ Uf ht�1 þ bf Þ ð25Þ

it ¼ rðWiyt þ Uiht�1 þ biÞ ð26Þ

ot ¼ rðWoyt þ Uoht�1 þ boÞ: ð27Þ

Here, ht denotes the so-called hidden state that is passed

from one time step t � 1 to the next, t, and yt denotes the

input to the network at time t, in our case y ¼ ðy1; . . .; yTÞ is
a TAC signal or a vector of multiple time-dependent

covariates, for example TAC and heart rate. The quantity ft
denotes the forget gate. Here, the current input yt is

weighted by a matrix Wf and the previous hidden state ht�1

is weighted by a matrix Uf . Then, a bias term bf is added

and a sigmoid function rðxÞ ¼ 1=ð1þ e�xÞ is applied to

the result. Similar computations apply to the input gate it
and the output gate ot. Moreover, a new candidate cell state

~ct is computed as ~ct ¼ tanhðWcyt þ Ucht�1 þ bcÞ and based
on the forget gate and the input gate the cell state is

updated according to

ct ¼ ft 
 ct�1 þ it 
 ~ct; ð28Þ

where 
 denotes an elementwise product. Here, the roles of

the input and the forget gate become clear: the forget gate

regulates how much of the previous cell state ct�1 is kept,

and the input gate determines how much of the new can-

didate state ~ct is added. Finally, the new hidden state ht is

computed as ht ¼ ot 
 tanhðctÞ. The essential idea of this

process is as follows: In a classical recurrent network

where every layer is connected to the previous layer, the

backpropagation algorithm to adjust the network’s weights

yields exploding or vanishing gradients. Thus, the network

cannot be trained properly, in particular the hidden layers

that are closer to the input layer than to the output layer are

not treated in an effective way, compare [32]. As a remedy,

Hochreiter and Schmidhuber in [31] proposed a network

that carefully regulates the information flow within the

network by introducing various gates in the network (input,

output, and forget). Figure 1 provides a schematic illus-

tration of a single LSTM unit or cell as described above.

In many applications, the output of the LSTM network

is solely based on the last hidden state hT . However, in our

situation we feed the network with a TAC sequence y ¼
ðy1; . . .; yTÞ and want the output to be the corresponding

estimated BrAC sequence ~u ¼ ð~u1; . . .; ~uTÞ. This is known
as the sequence-to-sequence setting. The complexity of an

LSTM network is mainly governed by the dimensionality

of the output ht. Thus, in order to get scalar values ~ut based
on ht, we apply a feed-forward network to the hidden states

ht whose output is the desired estimated BrAC value at

time t, ~ut.

When training such a network, the matrices Wf , Wi, Wo,

Wc, Uf , Ui, Uo, and Uc as well as the bias terms bf , bi, bo,

and bc are adjusted to minimize a given loss function. Such

a loss function typically relies on a difference between the

network output and the true output. Hence, a simple loss

function could be given by L ¼ MSEðu; ~uÞ, where u

denotes the true BrAC signal and ~u denotes the estimated

BrAC (eBrAC) signal, and MSE is the mean squared error

between the two signals.

As described in Sect. 1, the available data sets to train

the network on are quite small for the alcohol biosensor

problem. This lack of data may result in several problems.

First, the insufficient amount of data may hinder the

model’s ability to learn appropriately, i.e., the network

does not learn a suitable relationship between TAC and

BrAC signals, and second, the model may tend to overfit on

the training data set and thus its generalization capabilities

can be poor. To avoid these issues, here we propose a

physics-informed learning scheme where the a priori phy-

sics information derived from the physical model (1)–(6) is

used as a regularization term.

Based on the mechanisms developed in [20, 33–36], we

can obtain a physics-informed LSTM network by aug-

menting the loss function with an additional penalty term.

Moreover, since the natural input and output of LSTM

networks are time series (rather than data points ðt; gÞ in the
time-space domain), we can make use of the previously

described formulation of the system (1)–(6) as an abstract

parabolic system and its discretization in both time and

space.

In [37], the authors use the minimization problem

u� ¼ arg min
~u

XT

k¼1

jyN
k ð~uÞ � yij2 þ jj~ujj2 ð29Þ

for the input or BrAC estimation. Here, jj~ujj denotes a

regularization term with a suitable norm jj � jj and yNð~uÞ
denotes the forward solution of the physical model, i.e., the

eTAC based on the eBrAC using the discretized forward

population model as in (24).

In this work, we want to make use of this idea in the

context of the LSTM network. To this end, we propose toFig. 1 Schematic illustration of a single LSTM cell. The figure shows

the information flow in a cell between the various gates
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augment the loss function of the neural network that is fully

based on data by a physics term involving the squared

difference between yNð~uÞ and y, i.e., the TAC output of the

eBrAC ~u under the physical model (24) is encouraged to

match the true TAC output y. That way, the network is

physics-informed in the sense that physically meaningless

eBrAC signals are penalized and this additional penalty

shall help the network to learn, although the available

training data set is rather small.

More precisely, we define the loss function as

L ¼ MSEðu; ~uÞ þ b MSEðy;yNÞ þ j1k~uk22 þ j2SVð~uÞ
� �

;

ð30Þ

where MSE denotes the mean squared error, k � k2 is the

Euclidean norm, and SVðxÞ ¼
P

iðxi � xiþ1Þ2 is the

squared variation of x. j1 and j2 denote tuning parameters,

and b is the parameter that governs how much emphasis is

placed on the physical information. Assuming that the

number of drinking episodes in the training batch is Nb, the

loss function can be written as

L ¼ 1

Nb

XNb

j¼1

1

T

XT

t¼1

ðuj;t � ~uj;tÞ2 þ b yj;t � yN
j;t

� �2� � 

þbj1
XT

t¼1

~u2j;t þ bj2
XT�1

t¼1

ð~uj;t � ~uj;tþ1Þ2
!

:

ð31Þ

Note that the deconvolution of BrAC from TAC based on

the minimization problem (29) as used in [37] is not suit-

able for real-time BrAC estimation. That is, eBrAC signals

can change based on new incoming data. Assume a

recorded TAC signal y ¼ ðy1; . . .; yT ; yTþ1Þ. Then, the two

sequences u�ðy1; . . .; yTÞð ÞTt¼1 and u�ðy1; . . .; yT ; yTþ1Þð ÞTt¼1

are not necessarily identical. Our proposed physics-in-

formed LSTM network does not possess this property; the

eBrAC signal ~uð ÞTt¼1 is only based on y1; . . .; yT . This

enables our approach to yield eBrAC signals in real time, a

feature that is especially relevant for the use of BrAC

estimation in wearables.

4 Network architecture

As mentioned in Sect. 1, TAC is not only a function of

BrAC. Instead, the expression from BrAC to TAC depends

on a variety of other covariates as well. These can roughly

be grouped into body covariates, drinking episode level

covariates and behavioral covariates. Body covariates

include, but are not limited to, gender, age, body mass

index, ethnicity, and resting metabolism. On the drinking

episode level, the alcohol dosing pattern, ambient

temperature, blood pressure, and heart rate might influence

the functional relationship between BrAC and TAC.

Finally, behavioral covariates such as the past 28 or 90 day

drinking behavior can lead to adaptions in the body and

hence affect the diffusion process as well. Accounting for

all these covariates in the model might explain the

observed variance in the TAC expression and eventually

lead to improved BrAC estimates.

When handling the various covariates, the issue arises

that some covariates depend on time, such as TAC, heart

rate, and ambient temperature, while others are constant

over time, such as the age or the gender of the human

subject. Consequently, these covariates should be treated

differently within the neural network. Here, we propose a

network architecture consisting of three separate networks.

Network 1 is a physics-informed LSTM network as

described above to process the time-dependent covariates.

Network 2 is a standard feed-forward network that pro-

cesses the time-independent covariates. Finally, in network

3 the outputs of these networks are combined in a feed-

forward network to yield the eBrAC. A schematic diagram

of the three networks is shown in Fig. 2. To be more pre-

cise, the input to network 1 is time series that contain

equally spaced measurements of TAC. In some of our

numerical studies, we also process heart rate time series in

this network, see Sect. 6. In that case, the processed time

series are two-dimensional. The outputs of network 1 are

again time series, and we choose the dimension of the

output space to be 50. At the same time, network 2 pro-

cesses 25 time-independent covariates per drinking episode

in a fully connected feed-forward network (see ‘‘Appendix

A’’ for a list of the covariates). The output dimension of

this network is 5. Then, at every time step, we concatenate

the outputs of network 1 and network 2 and pass the

resulting vector of dimension 55 to another fully connected

Fig. 2 Structure of the proposed network for the handling of the time-

dependent covariates (grouped as ‘‘TAC’’) and the time-independent

covariates
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network, network 3, whose output is a one-dimensional

time series, the eBrAC signal.

5 Uncertainty quantification using dropout

Given the observed large variance in BrAC/TAC data

pairs, a completely deterministic approach to BrAC esti-

mation does not appear to be very promising. Therefore, to

account for the variability and uncertainty not explained by

the model, a quantitative assessment of the uncertainty is

key to meaningful estimates. Previous works [37, 38],

relying fully on the physical model (1)–(6), assumed the

parameters q 2 Q to be random and estimated their distri-

bution. Based on this distribution, values for q were sam-

pled to produce credible bands for the eBrAC. Although

the present work also uses the model (1)–(6), we do not aim

at estimating the distribution of q, but we aim at fitting the

network parameters x where x ¼ fWg with W ¼
ðWf ;Wi;Wo;Wc;Uf ;Ui;Uo;Uc; bf ; bi; bo; bcÞ is the set of

all the network parameters to fit. In this context, an

uncertainty quantification could be based on the idea of a

Bayesian neural network. In Bayesian neural networks, the

network parameters x are assumed to be random following

some prior distribution. The goal is then to come up with a

posterior distribution for x based on the data. The primary

caveat of a Bayesian network is the complexity of these

models, so that more sophisticated models quickly become

intractable. As a remedy, a common method is to consider

an approximation to the full posterior distribution, a pro-

cess that is known as variational inference [39]. Only

recently, a remarkable connection between this variational

inference and the common regularization technique known

as Monte-Carlo dropout was found by Gal in [40]. Here, we

will briefly describe the uncertainty quantification that is

derived from this relation, following the steps taken in [41].

To this end, we consider a simple problem where the

input y and output u of the network are scalar. Later, we

will make the appropriate adaptions for the time series

network considered here. We consider the network

parameters x to be random and we assume they have some

prior distribution pðxÞ. Further, we need to define a like-

lihood distribution pðujy;xÞ, i.e., the output distribution

given the observed variables y and the network parameters

x. Such a likelihood can be taken to be a Gaussian as

pðujy;xÞ	N u; fxðyÞ; sð Þ; ð32Þ

where fx denotes the parameterized function that relates

the input y and the network output u by u ¼ fxðyÞ. In our

case, f will be a physics-informed LSTM network as

described above. Moreover, s denotes the variance or

noise.

Let Y and U be given datasets. Then, using Bayes’

theorem, obtain the posterior distribution of x as

pðxjY ;UÞ ¼ pðUjY;xÞpðxÞ
pðUjYÞ : ð33Þ

The denominator of this expression, pðUjYÞ is known as

the model evidence. Written out, it takes the form of an

integral

pðY jXÞ ¼
Z

pðY jX;xÞpðxÞdx: ð34Þ

This integration is called marginalization and it is well

known that the exact marginalization often becomes

unfeasible for more complex problems. This is also the

case for the LSTM network considered here. Hence, we

choose to look for a variational approximation qh to

approximate the posterior distribution as

qhðxÞ � pðxjY ;UÞ. Here, a distribution q, parameterized

by h, is chosen such that it is easy to evaluate. A com-

prehensive text on the topic of variational approximation

can be found in [39]. Ideally, we want the approximation

qhðxÞ to be as close to the true posterior distribution

pðxjY ;UÞ as possible. To achieve this, our goal is to

minimize the Kullback–Leibler divergence between the

two distributions with respect to the parameter h. This

divergence is given by

KLðqhðxÞjjpðxjY ;UÞÞ ¼
Z

qhðxÞ
qhðxÞ

pðxjY;UÞ dx: ð35Þ

Minimizing the Kullback–Leibler divergence is equivalent

to maximizing the so called evidence lower bound (ELBO)

with respect to the parameterization h. This ELBO is

defined as
Z

qhðxÞ log pðUjY;xÞdx� KLðqhðxÞjjpðxÞÞ: ð36Þ

The described method is known as variational inference

and is well established in the field of Bayesian modeling.

Written out, the ELBO takes the form

XN

i¼1

Z
qhðxÞ log pðuijf xðyiÞÞdx� KLðqhðxÞjjpðxÞÞ;

ð37Þ

where N denotes the number of data pairs ðyi; uiÞ. Now, let
us take a more specific look at the time series problem

considered here. In this case, the inputs take the form yi ¼
ðyi;1; yi;2; . . .; yi;TÞ and the outputs take the form

~ui ¼ ð~ui;1; ~ui;2; . . .; ~ui;TÞ. For simplicity, we drop the index i

for now and focus on the time index t. Then, the LSTM

network described in Sect. 3 defines functions fxh that

relate the hidden states ht with the input arguments as ht ¼
fxh ðyt; ht�1Þ for t ¼ 1; . . .;T . Further, the output ~ut depends
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on the hidden state ht of the LSTM network and the output

k of the time-independent covariate network via

~ut ¼ fxu ðht; kÞ. In that way, the full output sequence ~u can

be expressed as

~u ¼ fxu ðh0; . . .; hT ; y1; . . .; yT ; kÞ
¼ fxu h0; f

x
h y1; h0ð Þ; . . .; fxh

�

yT ; f
x
h yT�1; f

x
h :::fxh y1; h0ð Þ
� �� �� �

; y1; . . .; yT ; k
�

ð38Þ

where h0 ¼ 0.

Using this notation, the objective from (37) takes the

form

XN

i¼1

Z
qhðxÞ log pðyijfxu ðh0; . . .; hT ; x1; . . .; xT ; kÞÞdx

� KLðqhðxÞjjpðxÞÞ:
ð39Þ

Then, to approximate the integral, we use Monte-Carlo

integration and obtain the objective

XN

i¼1

log pðyijf x̂y ðh0; . . .; hT ; x1; . . .; xT ; kÞÞ

� KLðqhðxÞjjpðxÞÞ;
ð40Þ

that is based on a single sample x̂ from the variational

distribution qðxÞ. It is known that (40) is an unbiased

estimator for (39). For more information on Monte-Carlo

integration we refer to [42].

Finally, for the parameterization of qhðxÞ, we follow the

approach of Hinton/van Camp [43] to factorize over the

weight matrices Wj of the network as

qhðxÞ ¼
Y

j

qMj
ðWjÞ ð41Þ

where Mj ¼ meanðWjÞ denotes the mean weight matrix and

qMj
ðWjÞ is given by qMj

ðWjÞ ¼ Mj � Z where Z is a diagonal

matrix whose elements zk;k are i.i.d. Bernoulli distributed as

zk;k 	BernoulliðpÞ with p 2 ½0; 1� to be defined.

This choice for the variational distribution immediately

gives rise to the mentioned technique of dropout [44].

Dropout is a common stochastic regularization technique,

usually used to prevent a neural network from overfitting.

Using dropout, in each training iteration, a randomly

selected set of neurons in the network is deactivated. The

main idea behind this is that the ever-changing structure of

the network hinders it to just learn and reproduce the

training data. Also, since the network architecture is dif-

ferent on every training batch, one can consider the final

outcome as an average over an ensemble of slightly dif-

ferent neural networks. For a more detailed description of

dropout regularization, we refer the reader to [44]. Usually,

a certain percentage p is chosen and then a p fraction of all

the neurons is masked randomly in every training step. This

description is equivalent to randomly setting columns of

the weight matrices Mj to zero, which in turn is equivalent

to the multiplication ofMj with the random diagonal matrix

Z whose entries are Bernoulli(p) distributed.

In [40, 41], it is shown that finding the optimal network

parameters x in a neural network using dropout is essen-

tially the same objective as the variational inference

objective in (37) with the special choice of variational

distribution qhðxÞ as in (41). This implies that every neural

network trained with dropout can be considered as a special

type of Bayesian neural network. It is this observation that

enables us to obtain an uncertainty quantification in the

sense of a Bayesian neural network within a feasible

computational time. In practice, this remarkable connection

means that a neural network, trained using dropout, can be

used to assess the uncertainty of the outcomes in the

inference phase by simply using dropout in the inference

phase as well. Hence, by sampling from the Bernoulli

random matrix Z we automatically obtain samples of the

approximate posterior qðxÞ that can be used to generate

samples of the eBrAC ~u. Thus, based on samples

x̂k; k ¼ 1; . . .;M, we get a means to produce samples of

the eBrAC sequences ~uk ¼ f x̂k
u ðy1; . . .; yTÞ; k ¼ 1; . . .;M.

It is then straightforward to obtain quantities like the mean

eBrAC signal as

�u ¼ 1

M

XM

k¼1

f x̂k
u ðy1; . . .; yTÞ; ð42Þ

as well as credible regions that contain a certain percentage

of all the observed samples. In Sect. 6, we will demonstrate

this uncertainty quantification technique using data from

actual drinking episodes.

6 Numerical studies

6.1 Data

The data that have been used for our numerical studies

consist of BrAC, TAC, and covariate data from a sample of

40 participants (50% female, ages 21–33 years, 35% BMI

� 25.0), who each completed four laboratory drinking

sessions. Each participant consumed the same amount of

alcohol in all four sessions, which was designed to reach a

maximum BrAC peak of .080 (the legal limit for intoxi-

cation in the US) for that person based on body water

weight. There were three patterns of consumption: partic-

ipants consumed the alcohol in 15 min (single dose) in two

of the sessions, in two 15 min periods spaced 30 min apart

(Dual Dose) in one session, and over 60 min (Steady Dose)

in one session. An Intoximeter IV breath analyzer
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(Intoximeters, Inc., St. Louis, MO) was used to obtain

BrAC, and two SCRAM-CAM devices (Alcohol Moni-

toring Systems, AMS, Littleton, CO) were placed on the

upper arms to obtain TAC. Measurements were taken at

10 min intervals over the entire BrAC curve. After BrAC

returned to .000, the TAC devices continued to record

automatically at 30 min intervals until TAC also returned

to .000. Several sets of BrAC-TAC data were excluded

from analyses due to a change in the protocol, and with two

sets of TAC data recorded in each session, our final sample

consisted of 256 BrAC-TAC datasets [45]. We also

obtained covariates that may affect the BrAC-TAC rela-

tionship, including person-level covariates of sex, age,

race/ethnicity, body measurements (e.g., hip and waist

measurements, percent body fat), and past 90-day drinking

behavior and session-level covariates of alcohol dosing

pattern and blood pressure readings. A complete list of the

covariates available to us is given in ‘‘Appendix A’’.

6.2 Fitting the population model

Before the proposed physics-informed LSTM model can be

trained, we first need to find the parameters for the forward

population model as in Sect. 2. Here, we use a two-step

process. In the first step, we fit the raw parameters q ¼
½q1; q2; q3; q4� to the individual drinking episodes from the

BrAC-TAC dataset using techniques for solving inverse

problems for distributed parameter systems that can be

found in [11, 15, 17, 26, 46]. Then, in the second step, we

remove those episodes for which any of the fitted param-

eters were larger than 1.5 times the right hand boundary of

the third quartile for that parameter, and use the remaining

parameter values for q to fit scaled Gamma distributions to

q1; q2; q3 and q4 using the method of moments [47]. In this,

we based the scaling on the n th order statistic qi;ðnÞ for

i ¼ 1; 2; 3; 4. Note that our theory does not require the

independence of qi, i ¼ 1; . . .; 4. However, for simplicity

we assume independence in this treatment here. Also note

that the choice of a Gamma distribution is not a necessity,

but the Gamma distribution is flexible enough to appro-

priately model the distribution of the parameters, see

below. Using this process, we obtained the distributions

q1 	 q1;ðnÞq1 with q1;ðnÞ ¼ 3:64 and

q1 	Gammað3:31; 0:12Þ, q2 	 q2;ðnÞq2 with q2;ðnÞ ¼ 5:99

and q2 	Gammað4:60; 0:095Þ, q3 	 q3;ðnÞq3 with q3;ðnÞ ¼
3:49 and q3 	Gammað2:21; 0:14Þ, and q4 	 q4;ðnÞq4 with

q4;ðnÞ ¼ 4:70 and q4 	Gammað5:80; 0:074Þ. Figure 3

shows histograms of the individually fitted parameters qi
and the distribution fit for i ¼ 1; 2; 3; 4.

6.3 Numerical results

We split the 256 sets of BrAC-TAC data into a training set

containing 192 episodes and a test set with the remaining

64 episodes, with all of each participant’s episodes placed

either in the training or in the test set to reduce the effects

of non-independence of repeated drinking episodes within

participants. If not stated otherwise, the only input to the

LSTM network is the TAC data, the time-independent

covariates are handled according to Sect. 4. All results

displayed below show predictions on the test set using an

LSTM network that has been trained solely on the training

set. The physics-informed LSTM network was imple-

mented in Python, using the deep learning application

programming interface Keras. To train the model, we used

the Adam optimizer [48]. For the choice of the parameters

in the Gamma distributions for q1; . . .; q4 we used the

values found in the previous subsection.

The particular episodes used to demonstrate our

approach were selected because they were generally rep-

resentative of the particular aspect of our method we were

intending to illustrate. Figure 4 depicts four drinking epi-

sodes from the test set. It shows the true BrAC signal u as

well as the eBrAC signal ~u which is the mean of 1000

sampled eBrAC signals using the method outlined in

Sect. 5 together with 95% credible regions for the BrAC

signal. Overall, we see that the mean eBrAC signal quite

nicely matches the BrAC signal. The magnitude of the

peak is not accurately captured in some cases, but this

comes as no surprise, given the observed variation in the

data. Moreover, the shown credible regions for the BrAC

signal appear to accurately capture the uncertainty of the

prediction: the true BrAC signal is within these bounds

most of the time.

6.4 Error evaluation

When evaluating the goodness of fit of the model, four

quantities are of particular interest. These are the relative

L2 error (rL2), the relative peak error which is the relative

distance between the peak of the true BrAC signal and the

eBrAC signal (rP), the relative error of the area under the

curve (rAUC), and the absolute difference between the

peak times of the BrAC signal and the eBrAC signal

(jDTj).
Table 1 shows these error values for the trained model

on both the training and the test set. As can be seen, the

errors on training set and test set are very similar. This

indicates that the model generalizes fairly well and does

not overfit.

The proposed framework allows for the time-dependent

input data to be vector valued as well. Hence, it is easy to
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incorporate multiple time-dependent covariates into the

model. In Table 2, we show the resulting error values when

TAC and the heart rate are used as input signals for the

LSTM network. As can be seen, the model including the

heart rate performs slightly better on the training set, but no

clear statement can be made for the test set. It appears that

the heart rate does not improve the performance or the

Fig. 3 Scaled histograms of individually fitted qi parameters together with probability density functions of distributional fits

Fig. 4 Performance of the physics-informed LSTM model on four drinking sessions from the test set. The figures show the BrAC data u, the
predicted mean eBrAC signal �u, and credible regions for the BrAC signal

Table 1 Error values on training and test set

rL2 rP rAUC jDTj

Training 0.2168 0.1650 0.1496 0.2186

Test 0.2183 0.1565 0.1590 0.2547

Table 2 Error values on training and test set, heart rate included

rL2 rP rAUC jDTj

Training 0.2065 0.1536 0.1287 0.2339

Test 0.2295 0.1491 0.1682 0.2538
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insight of the model significantly. More on the importance

of covariates in Sect. 6.8.

6.5 Impact of the parameter b

As described in Sect. 3, we use the parameter b to balance

the data and the physics information in the loss function

(30). Intuitively, a lower b yields an estimate that aligns

best with the training data, while a larger b tries to match

the computed TAC signal of the estimate, yNð~uÞ, with the

true TAC signal y. Figures 5 and 6 show the numerical

results for varying values of b based on two drinking ses-

sions from the test set. In either figure, we display results

for b 2 f0:01; 0:05; 0:1; 0:25g. In Fig. 5, the signals u and y
are roughly of the same magnitude. For b ¼ 0:01, the

agreement between y and yNð~uÞ is rather poor and also ~u

does not quite match the signal u, see Fig. 5a. For b ¼ 0:05

(Fig. 5b), the regularization mechanism yields a TAC

signal yNð~uÞ that better matches y. Also the agreement

between u and ~u is good. For even larger values of b the

agreement between yNð~uÞ and y becomes significantly

better, compare Fig. 5c and d. However, the estimated

signal ~u deteriorates (see Fig. 5c), and even becomes

unphysical as the negative values in Fig. 5d show. This

indicates that indeed an intermediate value of b yields the

best balance between data-fitting and physical knowledge.

How important the physics information actually is can be

seen in Fig. 6. Here, the TAC signal y is of much smaller

magnitude than the BrAC signal u. Since situations like

these are rare in the training data, the model with little to

no physics information yields an estimated signal ~u that is

close to zero, compare Fig. 6a. Then, as b increases, the

signal ~u clearly shows a drinking episode, see Fig. 6b. Note

that also in this case higher values for b lead to a non-

physical behavior, as Fig. 6c and d show. Note further that

although the signal ~u in Fig. 6b does not match the true

signal u, the result is much better than in the non-physics-

informed case where there appears to be no drinking at all.

Hence, the physics-informed mechanism proves especially

useful in situations that are not or barely covered in the

training data. Thus, this mechanism is important for the

extrapolation or generalization capabilities of the model.

When looking at Figs. 5 and 6, the eBrAC signal

becomes less smooth as the regularization parameter b
increases, i.e., it starts to oscillate. This is somewhat

counterintuitive, as a regularization usually enhances the

regularity. However, in the context of this work, the phy-

sics-informed regularization is not meant to make the

Fig. 5 Results of the BrAC estimation using different values for the parameter b on a single drinking episode
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eBrAC signal smoother, but to make it physically mean-

ingful. In that sense, the observation is not contradictory.

Note that the loss function in (30) also contains terms

related to the variation of the eBrAC signal. By fine tuning

the parameters j1 and j2 in (30) a higher smoothness of the

eBrAC signals could be obtained. We do not discuss this

matter in the proof of concept reported here.

6.6 Role of the bias terms

The LSTM network described in Sect. 3 includes bias

terms bf , bi, bo in the forget, input, and output gate,

respectively. These bias terms can be used to encode a

general behavior of drinking sessions that is present in

most episodes from the training set. A problem, however,

arises if the training set is rather small or does not cover the

whole range of realistic samples, as in the context of this

alcohol biosensor problem. Then, features present in

training drinking episodes can mistakenly be generalized to

be features of every drinking episode. This results in a

tradeoff: strong bias terms yield good results on the train-

ing data set, but might not be applicable to data coming

from outside. Without bias terms, on the other hand, the

estimated signals might be missing important information.

Figure 7 demonstrates this behavior. In Fig. 7a, the eBrAC

signals obtained with or without bias terms are very simi-

lar. The only difference is that the estimate with bias terms

correctly predicts the start of the drinking episode, whereas

the estimate without bias does not. The reason for this

behavior is the delay between the TAC and the BrAC

signal. In Fig. 7b, both estimates predict the start of the

episode correctly, but the estimate without bias terms

shows some non-physical behavior. Figure 7c, however,

shows an example where the estimate with bias is far off

the true signal, whereas the estimate without bias captures

the true signal much better. We can attribute this behavior

to a TAC signal that has a lower magnitude than most TAC

signals in the training data. These observations suggest that

an LSTM model without the bias terms will be advanta-

geous for the application to a wide variety of different

drinking episodes.

6.7 Results on field data

So far, the BrAC and TAC for all the presented results were

collected in the laboratory under controlled conditions

following a prescribed dosing protocol. Now, we want to

use our approach for the estimation of BrAC under

Fig. 6 Results of the BrAC estimation using different values for the parameter b on a single drinking episode
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naturalistic drinking conditions in the field. In [19], it was

shown that the direct application of a BrAC-estimating

model to field data can be difficult, especially if the natu-

ralistic drinking episodes differ a lot from the training

drinking episodes with regards to shape and magnitude.

The three naturalistic drinking episodes considered here

were collected by one of the authors (S.E.L.) using the

WrisTAS 7TM transdermal alcohol biosensor (Giner, Inc.,

Waltham, Massachusetts). We trained a non-physics-in-

formed LSTM model (labeled LSTM) and a physics-in-

formed model (labeled PILSTM) with the training set

described earlier, containing only laboratory controlled

drinking episodes. Figure 8 shows that the overall perfor-

mance of the models on the naturalistic drinking data is

worse compared to the laboratory controlled drinking ses-

sions. However, the PILSTM yields results that still capture

the essential dynamics of the true signals with respect to

shape and magnitude, whereas the default LSTM shows

erratic behavior. This can especially be seen in Fig. 8a and

b where the non-physics-informed estimates exhibit com-

pletely unphysical artifacts toward the end of the episodes.

The use of the physics regularization effectively suppresses

these artifacts. Even episodes without these artifacts dis-

play significant oscillation, see Fig. 8b. We believe that

this can be attributed to the fact that the TAC signals from

the field episodes are quite different than those of the

training set. Hence, the model could not appropriately learn

these situations. Of course, a possible remedy would be the

use of a richer training set that includes a variety of natu-

ralistic drinking episodes. Unfortunately, as described

earlier, data gathering for the problem at hand is expensive

and time-consuming. Thus, the physics-informed mecha-

nism appears to be valuable in that it mitigates this lack of

training data.

6.8 Importance of covariates using shapley
values

As outlined in Sect. 1, the proposed BrAC estimation

model is one of the first to include a range of covariates,

such as body covariates, session level covariates, and

behavioral covariates. Hence, thus far, only little is known

about the importance of these covariates for the BrAC

estimation and how they affect the TAC expression. Here,

we want to qualitatively and quantitatively assess the

importance of the covariates. To this end, we employ an

idea from cooperative game theory, the so-called Shapley

values [49]. Named after Lloyd Shapley, Shapley values

Fig. 7 Results of the BrAC estimation using models with and without bias terms. We display three drinking episodes from the test set
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can be applied to machine learning problems to find each

covariate’s contribution to the result.

Formally, Shapley values are defined as follows.

Assume a set D of d players together with a function w :

2D ! R such that wð;Þ ¼ 0. The function w maps every

subset S of players to the so-called worth of coalition, i.e.,

the reward that the players in S can obtain cooperatively.

Now, in the setting of machine learning, the players can be

thought of as the covariates and the worth of coalition is the

output of the network when the covariates in S were used as

input. Then, based on this definition, Shapley values assign

to every single player i its contribution /iðwÞ according to

the formula

/iðwÞ ¼
X

S�Dnfig

S!ðd � S� 1Þ!
d!

wðS [ figÞ � wðSÞð Þ

¼ 1

d

X

S�Dnfig

d � 1

S

� ��1

wðS [ figÞ � wðSÞð Þ:

ð43Þ

well as the operator The essential idea behind this is as

follows. For every possible coalition S that does not include

player i, the gain of adding i to that coalition, i.e.,

wðS [ figÞ � wðSÞð Þ is computed. Then, this contribution

of player i is averaged over all possible coalitions. To apply

this characterization to our problem, we need to come up

with a suitable function w. We choose w(S) to be the area

under the curve (AUC) of the eBrAC signal when the

covariates in S have been used for prediction.

Figure 9 displays the importance and influence of a

selection of the available covariates using Shapley values

on our whole data set.

When interpreting these results, one should keep in

mind that the data basis is fairly small. Hence, outlier

values in the data set may distort the results. Moreover, the

chosen function w only measures effects that are averaged

over the drinking episode. If some covariates affect the

eBrAC signal at a specific point during the episode, the

function w would not be able to measure this accurately.

We note that these are serious limitations of this approach.

Figure 9 shows that the body covariates such as body mass

index, resting metabolism, skeletal muscle, age, and some

blood pressure characteristics are among the most impor-

tant covariates. The picture drawn here is that younger,

physically more active persons with a lower BMI have a

higher predicted BrAC AUC than older, physically less

active persons with a higher BMI. Unfortunately, only little

is known about the biology of BrAC to TAC expression. It

Fig. 8 Application of the LSTM model to field data drinking sessions. We show the BrAC data, eBrAC signals obtained from the LSTM model

without physics (labeled LSTM), and eBrAC signals obtained from the physics-informed LSTM model (labeled PILSTM)
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is hence difficult to check these observations for

plausibility.

A typical BrAC signal has an AUC value on the order of

� 0:15. Based on the obtained results, even the most

important covariates have an impact of only 0.01 on the

estimated signal. This suggests that while the covariates are

important to consider in the model, they do not signifi-

cantly affect the result. Note that we observe that the

participants’ gender appears to be of importance with a

clear distinction between male and female subjects. For

male participants, the BrAC estimations have a larger AUC

than for females. However, we also observe a difference in

the baseline BrAC AUC between males and females of

about 0.029. It is thus unclear whether the observed effect

can really be attributed to the gender or whether the

underlying calibrated alcohol dosing of the experiment led

Fig. 9 Shapley values of a

selection of covariates. For a

description of the covariates,

refer to ‘‘Appendix A’’. The

order of the covariates is based

on the Shapley value

importance. Longer bars

indicate more data points in that

region, while points indicate

single data points. The color

encoding can be seen as a heat

map: high covariate values are

red, low values are blue. For 0/1

covariates such as ‘‘female’’ red

means ‘‘yes’’ and blue means

‘‘no.’’ The impact of a covariate

on the BrAC AUC is indicated

by the distance from the grey

middle bar
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to these differences. This demonstrates the difficulty in

interpreting Shapley values correctly. Similar observations

can be made for the ethnicity and dosing pattern. Further

research is required.

7 Discussion and remarks

In this work, we considered a physics-informed LSTM

model for the estimation of breath alcohol based on

transdermal alcohol. We proposed a network architecture

that takes into account both time-dependent and time-in-

dependent covariates, and we showed how the information

encoded in a PDE model can be made readily accessible to

a time series network using linear semigroup theory. In

addition, we demonstrated how the dropout regularization

technique can be employed to yield approximations to

credible bands for the estimated signals. In a rather

extensive numerical study, we presented results on an

actual laboratory collected data set, and we investigated the

interplay between the data-driven terms and the physics-

driven terms in the loss function.

This study was motivated by the desire to improve

earlier approaches and methodologies for the estimation of

BrAC from biosensor TAC measurements using recent

advances in time series machine learning. The proof-of-

concept presented in this work is very encouraging and

shows advantages in two particular aspects. First, the

flexibility of the underlying neural network models allows

for the incorporation of covariate information that has not

been taken into account so far. Second, the hybrid com-

bination of a data-driven approach with a physical model

appears to be especially valuable in the scarce data setting

that is a fundamental characteristic of this application.

Further, we compare the performance of the LSTM

model reported on here with two other machine learning

models for the TAC-based BrAC estimation. One of these

models is a generative adversarial network-based (GAN)

approach that can be found in [20], and the other one is a

covariate-dependent hidden Markov model (HMM) [19].

In Table 3, we assemble the average error values of the

three models for comparison. As in Table 1, we display the

average relative L2 error, the average relative peak error,

the average relative area under the curve (AUC) error, and

the average absolute peak time error. All error values have

been computed on the test set. Based on this comparison,

the LSTM model appears very competitive: Compared to

the HMM, it reduces the relative L2 error by 58%, the

relative peak error by 33%, the relative AUC error by 48%,

and the time to peak error by 35%. Compared to the GAN

model, this reduction is even 72% (rL2), 76% (rP), 75%

(rAUC), 62% (jDTj). A more in-depth controlled compar-

ative study of these models is in progress.

Looking ahead, we intend to collect a larger training

data set that better reflects the possible variations that occur

in naturalistic drinking episodes. This would allow us to

train the model in a more robust way, and to better assess

the model’s generalization capabilities.

Appendix A List of Covariates

Name Description

Session Type Single, dual, or steady

Gender Male or female

Ethnicity African/African-American, Asian, caucasian,

hispanics, or mixed

BMI Body mass index

RM Resting metabolism

SM Skeletal muscle

Wais_Hip waist-to-Hip ratio

AGE Age of participants in years

ATE Number of hours from eating to start of drinking

session

WATER Number of hours from time last drank water to time

start drinking

CAL_LUN Amount of calories for lunch

BPBase_S Systolic blood pressure at rest

BPBase_D Diastolic blood pressure at rest

BPPeak_S Systolic blood pressure at peak

BPPeak_D Diastolic blood pressure at peak

BPLow_S_S Lowest systolic blood pressure reading before lunch

BPLow_S_D Diastolic blood pressure reading at lowest systolic

reading before lunch

BPLow_D_S Systolic blood pressure reading at lowest diastolic

reading before lunch

BPLow_D_D Lowest diastolic blood pressure reading before lunch

28d_M Past 28 days: maximum number of drinks on single

day

28d_B Number of binge days (5 drinks for women, 4 for

men)

28d_T Total number of drinks

90d_M Past 90 days: maximum number of drinks on single

day

Table 3 Comparison of error values on test set

rL2 rP rAUC jDTj

GAN 0.7761 0.6713 0.6467 0.6764

HMM 0.5174 0.2349 0.3091 0.3958

LSTM 0.2183 0.1565 0.1590 0.2547
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Name Description

90d_B Number of binge days (5 drinks for women, 4 for

men)

90d_T Total number of drinks
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