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ABSTRACT
In therapeutic drug monitoring, plasma drug concentrations are used to guide dosing decisions, significantly improving out-
comes for many therapeutic interventions. Due to the cumbersome, laboratory-based approaches used to measure such drug 
concentrations, however, such monitoring is slow to return actionable information to the clinician and is performed far less 
frequently than would be optimal. In response, approaches are being developed by which in vivo drug concentrations can be 
monitored in real time and at high frequency in the subcutaneous or intradermal interstitial fluid—measurements that are safe, 
convenient, and minimally invasive. In the furtherance of this approach, here, we explore theoretically the ability to use such 
high-frequency sub- or intradermal measurements to estimate the corresponding plasma concentration–time courses, as the 
latter remain the basis of effectively all clinical decision making. Doing so, we find that, given various physiologically and tech-
nologically plausible assumptions, it is possible to accurately estimate plasma concentration–time courses from measurements 
of interstitial fluid taken at two nonredundant sites in the interstitial fluid. This ability to derive clinically important plasma 
pharmacokinetics using minimally invasive subcutaneous or intradermal sensor placements has the potential to significantly 
improve the precision and reach of therapeutic drug monitoring and, with that, the safety and efficacy of drug delivery.

1   |   Introduction

Because it demonstrably improves safety and efficacy, thera-
peutic drug monitoring (TDM), the individualization of dos-
ages to maintain in vivo drug concentrations within specified 
parameters, is a key element of the standard of care for many 
pharmacological therapies [1]. Unfortunately, however, cur-
rent therapeutic monitoring approaches require blood draws 
and benchtop laboratory analysis, the cumbersome nature 
and slow “time-to-answer” of which have significantly limited 

the adoption of TDM [2]. Even when TDM is employed, it 
typically relies on only one or two measurements per drug 
administration [3–5]; such sparse sampling greatly reduces 
the precision with which the drug pharmacokinetics can be 
characterized, likely also reducing TDM's clinical value [4]. 
Against this background, recent advances in the real time, 
in vivo measurement of drug concentrations promise a poten-
tial revolution in such monitoring. Specifically, the ability of 
microns-diameter, millimeter-long electrochemical, aptamer-
based (EAB) sensors to provide seconds-resolved, real-time 
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measurements of free drug concentrations in  situ in the liv-
ing body [6–10] provides a route toward vastly improving the 
convenience and accuracy of TDM, and thus also its clinical 
impact.

Most of the subsecond-resolved, EAB-derived free drug mea-
surements reported to date have been collected in plasma using 
intravenous sensors (e.g., [6, 11–14]), the invasiveness of which 
is less than ideal for day-to-day clinical use. That is, to achieve 
widespread applicability, it is likely that real-time drug mea-
surements are best performed in the interstitial fluid (ISF) of the 
subcutaneous or intradermal space, a sample matrix that EAB 
sensors can access far less invasively and far more safely than 
plasma measurements [9, 10]; a strategy that has already been 
successfully applied to blood sugar with the continuous glucose 
monitor. To apply ISF-derived free drug concentration data to 
patient care, however, requires an ability to convert these mea-
surements into clinically accurate estimates of the plasma free 
drug concentrations, which remain the basis of effectively all 

clinical decision making. Thus motivated, in this paper we the-
oretically explore scenarios in which highly time-resolved mea-
surements of drug concentrations in the ISF might be used to 
accurately estimate plasma concentration–time profiles.

2   |   Methods

The scenarios we explore in this work employ three assump-
tions. The first is that the drug in question is not eliminated 
from the body via local metabolism in the tissue compartment 
that is being observed. Given that we are considering obser-
vations in the subcutaneous or intradermal interstitial fluid 
(ISF), this assumption holds for most drugs, the majority of 
which are cleared hepatically or renally eliminated [15]. The 
second assumption is that the plasma and the ISF are the 
only relevant compartments (e.g., that the drug does not pen-
etrate cells, or the ISF is in rapid equilibrium with intracel-
lular fluids, rendering inter- and intracellular fluid a single 
compartment) and the free drug transfers between them only 
via passive diffusion (or, mathematically equivalently, via the 
bulk, pressure-driven flow of fluid into the tissues from the 
capillaries and out of tissue via the lymph system), an assump-
tion that is commonly ascribed to (and found to hold reason-
ably well for) glucose [16, 17], and that likely holds for many 
drugs, including such important therapeutic drug-monitoring 
targets as the antibiotics vancomycin and the aminoglyco-
sides, which are not metabolized in humans [18, 19]. The third 
assumption is that the rate constants describing molecular 
transport between the ISF and the plasma are, as their name 
implies, constant (we note that continuous glucose monitors 
have a “lock out period,” presumably because tissues take time 
to “adjust” to the insertion of the device before the transport 
rate stabilizes). Under these assumptions, transport between 
the plasma and the ISF is described by,

where CISF(t) and CP(t) are the time-dependent free drug concen-
trations in the ISF and plasma, respectively, and kD is the rate 
constant for the target molecule's distribution between the two 
compartments [20].

While we also examine the case of measurements at a single 
site in the ISF (1), our main results consider measurements per-
formed simultaneously at two, nonidentical sites. Hence, based 
on (1), we have the following pair of equations for which we will 
build our estimation methods.

where C1(t) and C2(t) are the free drug concentration–time 
courses in the interstitial fluid at the two measurement sites, 
CP(t) is the plasma drug concentration–time course, and k1, k2 
are the diffusion rate constants for drug transport between the 
plasma and the interstitial fluid at each of two sites. Our goal in 

(1)dCISF(t)

dt
= kD

(
CP(t) − CISF(t)

)
,

dC1(t)

dt
= k1

(
CP(t) − C1(t)

)

(2)
dC2(t)

dt
= k2

(
CP(t) − C2(t)

)
,

Summary

•	 What is the current knowledge on the topic?
○	 Therapeutic drug monitoring (TDM) relies on 

plasma drug concentrations to guide dosing and 
thus enhance outcomes. However, due to their re-
liance on lab-based methods, plasma concentration 
measurements are infrequent and slow to return ac-
tionable results. Recent advances in high-frequency, 
real-time drug measurements in the subcutane-
ous or intradermal interstitial fluid (ISF) suggest a 
means of circumventing these issues, but at present, 
there is no predictive model for relating such meas-
urements to the plasma drug concentrations on 
which clinical decision making is based Here, we 
explore this knowledge gap.

•	 What question did this study address?
○	 How might high-precision, high-frequency drug 

concentration measurements performed in the ISF 
be used to accurately estimate plasma drug concen-
tration–time courses, which remain central to clini-
cal decision making?

•	 What does this study add to our knowledge?
○	 The study demonstrates theoretically that, provided 

measurements are collected from two distinct sub-
cutaneous or intradermal sites, plasma drug concen-
tration profiles might be accurately estimated from 
ISF measurements. This approach leverages physi-
ologically and technologically feasible assumptions 
to achieve precise plasma concentration estimations 
from less invasive monitoring techniques.

•	 How might this change clinical pharmacology or 
translational science?
○	 By facilitating real-time therapeutic drug moni-

toring via minimally invasive subcutaneous or in-
tradermal sensors, this method could significantly 
enhance dosing precision in clinical settings. As 
such, it offers a practical pathway to broaden TDM 
adoption, potentially increasing safety and efficacy 
in drug delivery and advancing personalized treat-
ment strategies in clinical pharmacology.
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this work is to estimate the plasma concentration CP(t) based on 
the concentration measurements C1(t) and C2(t), which we do in 
two distinct ways.

2.1   |   Known Pharmacokinetic Order

We start by studying the case when the structure of plasma phar-
macokinetics is known. In particular, we assume that the drug 
pharmacokinetics in plasma follow a sum of exponential decays 
produced by a generic, stable, linear time-invariant system. We 
define this structure more rigorously as follows,

Definition  1. The plasma is said to exhibit nth order pharma-
cokinetics if the concentration–time profile after a drug infusion 
can be expressed as a sum of n exponential decay terms of the 
form,

where the kEi for i = 1, 2, … ,n are distinct rate constants asso-
ciated with different pharmacokinetic processes (e.g., elimina-
tion, distribution into the tissues) and the Ai are relative weights 
of each process.

Remark 1.  Equation (3) represents the response to a particular 
infusion into the plasma, taking place before the start of observa-
tions (which occurs at time zero in (3)), that is, there are no addi-
tional drug infusions after time zero. Assuming that the underlying 
dynamics follow a linear, time-invariant compartmental model, 
meaning the pharmacokinetics is governed by constant diffusion 
rate constants [20], this response also uniquely defines the input–
output relation from a generic infusion to the drug concentration 
[21]. In other words, we can use the response given by Equation (3) 
to predict the drug concentration profile for any complex infusion 
profile. We state this observation formally as follows.

Proposition 1.  Assume that the pharmacokinetic response 
is generated by a linear, time-invariant compartmental system 
and that the input drug infusion is constant over time intervals 
of length ts. Then the input is defined by a time series of infusion 
rates, u(0),u

(
ts
)
, … ,u

(
Nts

)
, and the output by a time series of 

plasma concentration values, CP(0),CP
(
ts
)
, … ,CP

(
Nts

)
, that 

satisfy the following relationship:

where the input is assumed to remain constant between the suc-
cessive time points, and CP(t) stands for the nth order plasma 
pharmacokinetics driven by the generic input, u(t) (which is 
not necessarily zero after time t = 0). (For proof see Supporting 
Information).

In our first approach to estimating plasma pharmacokinetics 
from measurements performed in the ISF, we assume that the 
underlying pharmacokinetic order in the sense of Definition 1 
of the plasma concentration–time profile is known and, there-
fore, we have a difference equation of the form (4) in Proposition 

1 that defines the relation between the drug concentration in 
plasma at a given time and the details of the infusion history. 
We note that since our focus is to study the values of CP(t) at 
sampling times t = 0, ts, … ,Nts, it is convenient to convert the 
differential Equation (2) into a difference equation. To do that 
we need to make an assumption about how the CP(t) behaves 
between two sampling instances. Here, we use the simplest as-
sumption and assume that it remains approximately constant, 
which is justified when the sampling time, ts, is much smaller 
than the time constants associated with the pharmacokinetics 
in plasma; given the few-seconds resolution of EAB sensor mea-
surements, this likely holds. This results in the following differ-
ence equations:

where C1(t) and C2(t) stand for the concentration values at the 
first and second ISF measurement sites at time t . Further, we 
assume that the measurements of the ISF concentration–time 
profiles are “corrupted” by zero-mean Gaussian noise with vari-
ances σ2

1
, σ2

2
, respectively. We denote the two noisy ISF measure-

ments by y1
(
kts

)
 and y2

(
kts

)
 for k = 0, 1, … ,N for the two sites 

such that,the system equations

where C1
(
kts

)
 and C2

(
kts

)
 are the true concentration values at 

the measurement sites and the ε1(k) and ε2(k) are zero-mean 
Gaussian measurement noises at the kth measurement. This al-
lows us to formulate the log-likelihood of the observed measure-
ments for given parameter values.

This formulation along with the system equations given in (5) 
allows us to cast the problem of estimating the parameter values 
θ =

({
αi, βi−1

}n
i=1
, k1, k2σ

2
1
, σ2

2

)
 as well as the plasma concentration 

CP(t) for t = 0, ts, … ,Nts as the following maximum-likelihood 
optimization

where the maximization is taken over a set defined by the 
equality constraints (4) and (5), and the inequality constraints 
over 

{
αi, βi−1

}n
i=1

 listed in Proposition S1, as well as positivity 
constraints on the diffusion rates k1, k2, and the noise vari-
ances σ2

1
, σ2

2
.

If the pharmacokinetic order of the drug, n, is known (from 
the literature or from prior studies) we can use nonlinear pro-
gramming tools [22, 23] to solve the problem (8) and infer the 
pharmacokinetics of the plasma. Alternatively, however, if 
the true pharmacokinetic order is unknown, we can solve the 

(3)CP(t) =
∑n

i=1
Aie

−kEi t , ��� ��� t ≥ 0,

(4)CP
(
kts

)
+
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i=1
αiCP

(
(k − i)ts

)
=
∑n−1

i=0
βiu

(
(k − i)ts

)
,
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(
(k + 1)ts

)
= e−k1tsC1

(
kts

)
+
(
1 − ek1ts

)
CP

(
kts

)

(5)C2
(
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)
= e−k2tsC2

(
kts

)
+
(
1 − ek2ts

)
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(
kts

)

y1
(
kts

)
= C1

(
kts

)
+ ε1(k)

(6)y2
(
kts

)
= C2

(
kts

)
+ �2(k)

(7)

J
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αi, βi−1
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i=1
, k1, k2σ

2
1
, σ2

2

)
=
∑2

j=1

N +1

2
log

(
2πσ2j

)

−
1

2σ2
j

∑N

k=0

(
yj
(
kts

)
−Cj

(
kts

))2

(8)max
θ,C1(t),C2(t),CP (t) ��� t = 0,ts ,… ,Nts

J(θ)
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problem (8) for a number of “candidate” pharmacokinetic orders 
and then use statistical tests to determine which is the most ap-
propriate descriptor. For this we use the Bayesian information 
criterion (BIC) [24, 25],

where np = 2n + 4 is the number of parameters estimated, 
k̂1, k̂2,

{
�̂i, β̂i−1

}n

i=1
, σ̂1, σ̂2 are the estimates of the model parameters, 

as introduced in (2), (5), (7) for an assumed model order n in 
plasma. This measure allows us to select the most appropriate 
model to explain the observed measurements C1(t),C2(t).

2.2   |   Minimum Assumptions Fit

In the above-described approaches, we assumed that plasma 
pharmacokinetics are well described as the sum of some number 
of exponentials after an intravenous drug infusion. We can also, 
however, estimate CP(t) from measurements of C1(t) and C2(t) 
without making any assumptions about the functional structure 
of the plasma pharmacokinetics. We start by noting that the equa-
tions describing the pharmacokinetics of dual ISF compartments 
(2) can be rearranged to have a familiar regression structure with 
the plasma concentrations CP(t) as part of the regression vector.

where C1, C2 and CP  are vectors of values C1(t),C2(t), and CP(t) 
over the available time instants, dC1 and dC2 are vectors of val-
ues dC1(t)

dt
,
dC2(t)

dt
, respectively, 0 is a vector of zeros and I is the 

identity matrix of appropriate sizes.

Equation  (10) allows the estimation of the diffusion coeffi-
cients k1, k2 and the plasma concentration values CP(t) that 
appear in the right-hand side vector, based on the left-hand 
side vector and the matrix at the center. However, to form this 
matrix we need to compute derivatives of concentration–time 
profiles at the ISF measurement sites. To accomplish this, we 
use a second-order smoothing-spline approach to estimate 
the derivatives of C1(t) and C2(t). We selected a second order 
spline because the minimum required smoothness level that 
supports the continuous derivatives of the ISF concentration 
we require. We note that higher order splines would thus also 
work, but this would extend the minimum window of data 
employed, harming time resolution. To do this, we fit second 
order polynomials to the data as follows:

for Tj ≤ t < Tj+1, j = 0, 1, … ,Ns and i = 1, 2, where 
[
Tj,Tj+1

)
 are 

smoothing intervals over which the data will be smoothed by 
a polynomial fit, 

(
ai,j, bi,j, ci,j

)
 are the coefficients for such poly-

nomials and Ns is the number of such intervals. We take the 
smoothing intervals to be of all equal length, corresponding to 
knot locations given by Tj = jnsT, meaning that each smoothing 

interval will be of length nsT. Then for a given interval length ns , 
we define the cost function for our fit as

where

subject to constraints

where θ is the collection of all parameters that affects the 
overall cost, σ2

i
 is the measurement noise variance and 

θi =
(
ai,j, bi,j, ci,j

)Ns

j=0
 is the collection of Ns + 1 sets of polyno-

mial coefficients for the ith compartment, pj = p − jns is the 
difference between p and the largest integer that is smaller 
than p and divisible by ns, and Yi(pT) is the noisy measurement 
from the ith compartment at time instant pT, and CP

(
jnsT

)
 is 

the value of plasma concentration levels at time jnsT, that is, 
once every nsT periods. Here, we note that the smoothness 
constraints (14), (15), follow from the spline structure to make 
sure that the values of concentration, or their derivatives do 
not suddenly change every spline period, that is, every nsT 
time intervals. We also note that the dynamics constraints (16) 
allows us to link two concentration–time profiles and they fol-
low from the assumption on the dynamics we made earlier (2) 
with the spline structure given at (13).

3   |   Results

3.1   |   Estimating Plasma Pharmacokinetics From 
Single-Site ISF Measurements

The easiest method for estimating the plasma drug concen-
tration–time course, CP(t), using concentration measurements 
performed in the ISF, CISF(t), arises when (i) the assumption of 
passive diffusion (and the accompanying dynamics described 
by Equation  (1)) holds and (ii) the timescale associated with 
diffusion between the plasma and the ISF(∼ 1∕kD) is signifi-
cantly shorter than the timescale of the most rapid, clinically 
relevant changes in plasma concentration. Specifically, as 
the difference between these timescales increases, the time 
course of the drug in the ISF approaches its time course in 
the plasma and thus the latter can be estimated by assuming 
it is equivalent to the former. Of note, due to glucose's low mo-
lecular weight (and thus its rapid diffusion into the tissues) 

(9)BICn = nplog(2N ) + 2J
(
k̂1, k̂2,

{
�̂i, β̂i−1

}n

i=1
, σ̂2

1
, σ̂2

2

)
,

(10)

�
C1

C2

�
=

�
−dC1 0 I

0 −dC2 I

�⎡⎢⎢⎢⎣

1∕k1

1∕k2

Cp

⎤⎥⎥⎥⎦
,

(11)Ci(t) = ai,j
(
t−Tj

)2
+ bi,j

(
t − Tj

)
+ ci,j

(12)

Jns (θ) =

N − 1∑
p= 0

∑2

i=1

N

2
log

(
2πσ2i

)
+

1

2�2
i

(
Yi(pT)−Ci

(
pT; θi

))2
,

(13)

Ci
(
pT; θi

)
= ai,j

(
pjT

)2
+ bi,j

(
pjT

)
+ ci,j, for i = 1, 2 and j = 0, … ,Ns

(14)ci,j+1 =
(
nsT

)2
ai,j +

(
nsT

)
bi,j + ci,j

(15)bi,j+1 =
(
2nsT

)
ai,j + bi,j

(16)bi,j = kDi

(
CP

(
jnsT

)
− ci,j

)
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and the relatively small magnitude and slow timescale with 
which its plasma concentrations fluctuate (e.g., the concen-
tration rise and fall after eating is typically less than 2-fold 
and occurs over many minutes), this scenario is a reasonable 
approximation for the relationship between its plasma and ISF 
concentrations, and thus continuous glucose monitors employ 
this assumption in their analysis [26]. To put this idea on a 
more quantitative footing, here, we have modeled a drug that 
exhibits first-order elimination kinetics,

where kE is the first order elimination rate constant and the 
Cmax is the maximum plasma concentration seen after an in-
stantaneous bolus drug injection at time t = 0. Under this sce-
nario, we find that, even when the injection is assumed to be 
instantaneous (rendering the correspondence between the 
C
plasma
max  in blood and ISF poorer than it would be were the drug 

infused slowly), if kD is 10-fold greater than kE, the plasma 
and ISF pharmacokinetics track one another rather closely 
(Figure 1A). Specifically, in this scenario the half-life observed 
in ISF is only 15% slower than the half-life seen in plasma 
(Figure  1B). Similarly, the maximum concentration reached 
in the ISF, CISF

max, is within about 20% of the plasma maximum, 
C
plasma
max , (Figure 1C). Note that this scenario is similar to the sit-

uation for glucose monitoring, as glucose, being a fairly small 
molecule, diffuses into the tissues rather rapidly relative to the 
timescale of its plasma fluctuations under any normal physio-
logical scenario, that is, in the absence of rapid intravenous de-
livery of the sugar. As kD approaches kE, however, the accuracy 
of simply assuming that the plasma time course equals the ISF 
time course degrades. For example, when kD is only 3-fold faster 
than kE the half-life in ISF is about 50% longer than that seen in 
plasma and CISF

max falls approximately 40% short of Cplasma
max . And 

when kD equals kE, the half-life in ISF stretches to ~240% that of 
the plasma and CISF

max falls to only 1/3 of the Cplasma
max .

Under the assumptions we have employed, measurements per-
formed in the ISF can also provide clinically important con-
straints on plasma pharmacokinetics in scenarios in which, in 

contrast to the scenario described above, the timescales of the 
most rapid changes in plasma concentration are similar to the 
timescales of distribution into the ISF. Specifically, while ISF 
drug time courses might not clearly define Cplasma

max , as long as 
Equation  (1) holds, ISF-derived measurements can be used to 
determine plasma drug exposure (as the “area under the curve”; 
AUCplasma). This is because, under the assumptions employed 
here, AUCplasma asymptotically approaches the area under the 
curve observed in the ISF (AUCISF), and thus the latter can be 
used to estimate the former to any desired precision degree if 
one collects data for sufficiently long. We state this result more 
rigorously in the following theorem, the proof of which is pro-
vided in the Supporting Information.

Theorem 1.  Let CP(t) and CISF(t) denote the drug concentra-
tion–time profiles in the plasma and the ISF, respectively, and de-
fine the respective areas under the curves (AUC) as

If AUCplasma is finite, then, under the passive diffusion assump-
tion (1) with kD > 0, we have

While Theorem 1 provides a means of estimating AUCplasma 
from AUCISF, it does not provide a means of estimating the un-
derlying plasma concentration–time profile, a result that would 
presumably be of still greater clinical value.

Even under the simplifying approximations we have invoked, 
a drug's plasma concentration–time course cannot be uniquely 
determined from measurement of its concentration at a single 
site in the ISF. To understand why this is true, consider a drug 
that obeys a simple two-compartment model where the drug 
pharmacokinetics in the plasma is dominated by a constant 
elimination rate, as assumed in (17), and the drug can only enter 
to and exit from the ISF through passive means from and to the 

(17)CP(t) = Cmaxe
−kEt ,

(18)AUCplasma =

∞

∫
0

CP(t)dt,AUCISF =

∞

∫
0

CISF(t)dt.

(19)AUCplasma = AUCISF.

FIGURE 1    |    (A) As long as (i) the rate constant for distribution between the plasma and the ISF, kD, is at least a few-fold higher than the fastest 
rate of change in the plasma concentrations (here, the elimination rate from the blood, kE)and (ii) the drug transport between ISF and the plasma is 
governed by passive diffusion (equation (1), then drug concentrations in plasma (black curve) reasonably approximate those seen in the ISF (colored 
curves). (B) As shown, for example, when the distribution rate constant is 10 times more rapid than the elimination rate constant the half-life (after 
the peak concentration is achieved) seen in the ISF is only about 15% slower than that seen in the plasma and (C) the peak concentration in ISF, CISF

max 
reaches 80% of Cplasma

max . The ratios considered in panel A are highlighted using the same colors in panel B and C.
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plasma, as given in (1). Under these circumstances the drug's 
pharmacokinetics are described by:

where kE is the rate constant for elimination from the plasma, 
kD is the rate constant for transport between the plasma and the 
ISF, VP is the apparent distribution volume of the plasma, and 
CP(t) and CISF(t) are the concentration–time courses in plasma 
and ISF, respectively. Even for this simplest case, which is de-
scribed by only 3 unknown parameters (kE , kD and VP), there 
are always two plasma time courses (differing in kE and kD) [27] 

that could produce the given ISF time course (see Proposition 
S2 and Figure  2B), such that time courses collected at a sin-
gle site in the ISF will always produce ambiguous estimates of 
the plasma time course. And the situation for models that in-
clude more than two compartments is still worse. For example, 
there are infinitely many plasma time courses consistent with a 
given ISF time course under a three-compartmental model (see 
Proposition S3 and Figure 3A).

3.2   |   Dual Measurement Sites

Provided that our assumptions hold (i.e., that equation (1) holds), a 
solution exists by which we can resolve the ambiguous estimates of 

(20)

dCP(t)

dt
=−kECP(t)+

1

VP
u(t)

dCISF(t)

dt
=kD

(
CP(t)−CISF(t)

)

FIGURE 2    |    Even under a simple, two-compartment model, observations in the secondary compartment (here, ISF) do not provide enough infor-
mation to unambiguously predict the concentrations in the central compartment (here, plasma) (A) This simple model includes drug delivery into the 
plasma followed by transport into the ISF compartment with a distribution rate constant, kD and elimination from the plasma via first-order kinetics 
with an elimination rate constant, kE. (B) Even under this highly simplified model, there are two, distinctly different plasma concentration–time 
profiles that could produce any observed ISF concentration–time profile.

FIGURE 3    |    (A) Due to a mathematical redundancy, observations collected at a single site in the ISF are unable to uniquely define the plasma con-
centration–time course that is generating them (see Proposition S2), thus leading to infinitely many mathematically equivalent estimates of plasma 
concentration–time profiles. (B) Under the assumptions employed here, however, we can overcome this ambiguity by employing observations from a 
pair of nonredundant ISF measurement sites (red and blue) differing in the rate constants that describes drug transport between these sites and the 
plasma. (C) Such a pair of measurements can be used to derive a unique estimate of the plasma concentration–time profile.
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plasma pharmacokinetics: the use of measurements performed at 
two, nonredundant sites in the ISF for which kD differs by some de-
gree. This scenario is described by equation (2). To state this obser-
vation more formally, we first define a concept of “unambiguity.”

Definition 2.  Consider a model with an output y(t), such as 
model (2) with output y(t) that may include only C1(t), only C2(t) 
or both C1(t) and C2(t). We say that the parameters defining the 
model, such as diffusion rates k1, k2 and plasma concentration 
profile CP(t), are uniquely identifiable if any two nonidentical 
sets of variable values corresponds to two distinct outputs.

Using the notion of unique identifiability, we can state the main 
result of this work as the following theorem.

Theorem 2.  Let CP(t) denote the drug concentration–time 
profile in the plasma. Assume that C1(t) and C2(t) denote two 
different ISF concentration–time profiles resulting from CP(t) 
under the simple diffusion dynamics of (2) with diffusion rate 
constants k1 and k2, respectively. If we assume zero concentrations 
C1(t) = C2(t) = CP(t) = 0 before time t = 0,

1.	 k1 and CP(t) are not uniquely identifiable by using only C1(t). 
Similarly, k2 and CP(t) are not uniquely identifiable by using 
only with C2(t)

2.	 k1, k2 and CP(t) are uniquely identifiable by using both C1(t) 
and C2(t) if k1 ≠ k2.

(For the proof, see Supporting Information)

Next, we explore the implications of this result, starting with a 
fairly constrained scenario before progressing to significantly 
less constrained scenarios.

We first demonstrate that the plasma concentration–time 
course can be uniquely estimated from dual, nonredundant ISF 
measurements in the simplifying case of having some a priori 
knowledge of the structure of the drug's plasma time course. 
Specifically, we assume that the plasma time course seen fol-
lowing a drug infusion can be described as the sum of a specific, 
known number, n, of exponential decays,

where Ai and kEi are the relative magnitude and the elimination 
rate constant, respectively, of the ith exponential decay.

We call the number of exponential decay profiles appearing the 
pharmacokinetic order (see Definition 1), for example the sim-
ple example (17) is of pharmacokinetic order 1 (i.e., is a one-
compartment model). We can then estimate the distribution 
coefficients, along with the parameters that define the plasma 
concentration–time profile, from the observed, noisy ISF mea-
surements and the known intravenous drug infusion profile. To 
demonstrate this, we simulated systems in which (a) the plasma 
pharmacokinetics are of pharmacokinetic order 1, 2 or 3, (b) the 
signal-to-noise ratio (SNR) of the ISF measurements is 30 and the 
rate constants for distribution into the tissues at the two observa-
tion sites differ by some factor. The SNR value is consistent with 
recently reported subcutaneous measurements [9] and given the 
improvements in the EAB sensor platform, we only expect this 
ratio to be improved as the technology is optimized. In our first 
analysis, we assumed that the rate constants for distribution to 
the two ISF sites are k1 = 0.15 min−1 and k2 = 0.075 min−1, that 
is, they differ by a factor of 2 to generate the data. Under these 
circumstances, the plasma drug time course and the distribution 
rate constants, k1 and k2, can be estimated from the paired ISF 
measurements uniquely and with excellent precision (Figure 4).

Although in the above study we employed a priori knowledge of 
the order of the plasma pharmacokinetics (Figure 4), the abil-
ity to estimate plasma concentration–time courses from time-
resolved measurements at two ISF sites does not actually require 
such foreknowledge. One way to achieve accurate plasma esti-
mates without foreknowledge of their structure is to perform 
fits to a set of candidate pharmacokinetic orders, and then use 
a selection criterion such as the Bayesian Information Criterion 
(BIC; see Methods for details) to determine the preferred model. 
BIC punishes the model complexity while rewarding the fit qual-
ity, which results in selecting the least complex model that still 
explains the data well [25]. To illustrate this approach, we gen-
erated realistically noisy ISF data driven by second-order com-
partmental plasma kinetics and then fit the resulting ISF data 
assuming first-, second-, or third-order compartmental models. 
The BIC values associated with the three models, 1169, 481, 
and 492 for first-, second-, and third-order models, respectively, 
correctly identified the second-order model (lowest BIC) as the 
appropriate model for the plasma pharmacokinetics (Figure 5).(21)CP(t) =

∑n

i=1
Aie

−kEi t ,

FIGURE 4    |    Assuming we have foreknowledge of the appropriate pharmacokinetic model, a nonredundant pair of noisy ISF measurements (red 
and blue curves) can be used to estimate plasma concentration–time courses with high precision. Here, we have employed compartmental models 
of order 1, 2, and 3 in panels A, B, C, respectively. The fitted ISF profiles and the estimated plasma profiles are shown by dashed green lines, and the 
true plasma profiles as solid black line. Here, the distribution rate constants for the two nonredundant ISF sites differ by a factor of 2.
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FIGURE 5    |    Assuming the plasma concentration–time courses follows one of the pharmacokinetic models in an applied set of models, we can use 
the Bayesian Information Criterion (BIC) to select the plasma pharmacokinetic model most likely to explain an observed, nonredundant pair of ISF 
concentration–time profiles. (A–C) Here, the “true” plasma pharmacokinetics follow a second order compartmental model (Equation (5) with n = 2 
and where the noise–free true concentration–time profile in plasma is given by the black solid line and the fits are presented under the assumption of 
plasma pharmacokinetics follow compartmental models of order one (A), two (B) or three (C). The minimal value of BIC is associated with the second 
order model, thus correctly indicating that it is the most appropriate model.

FIGURE 6    |    Measurements collected at two nonredundant ISF sites are sufficient to accurately estimate the plasma concentration–time profile 
even in the absence of any foreknowledge of the structure of the plasma pharmacokinetics. To demonstrate this “Minimum Assumptions Fit” ap-
proach, here, we have employed two scenarios: One in which the plasma kinetics follow a single-compartment model (A, B), and another in which 
the plasma concentration exhibits the effect of enterohepatic reabsorption (EHR), a pharmacokinetic mechanism that can generate significantly non-
monotonic plasma concentration–time courses [29] (C, D). We used these two plasma profiles (solid black lines in panels B and D) to generate pairs of 
corresponding ISF time courses (blue and red dots, panels A and C) to which we added simulated noise at typical experimental levels (signal-to-noise 
ratio = 30). Fitting the resulting noisy ISF profiles (green lines, panels A and C) returns estimates (blue dots, panels B and D) that mirror the true 
plasma drug profiles (black curves, panels B and D) to a clinically relevant degree of accuracy. Here (panels B and D), the 95% confidence intervals 
for our estimates are shown as solid blue lines. The estimated interpolated values in between freely estimated values are shown by the green dashed 
lines (B, D). For model and pharmacokinetic parameters, see Tables S1 and S2.
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While assumed foreknowledge of the structure of the plasma 
pharmacokinetics (e.g., that it is described by a compartmental 
model of some order) improves the accuracy our plasma time 
course estimates from nonredundant ISF measurements, it is 
nevertheless possible to use such ISF measurements to estimate 
plasma time courses even without making such assumptions 
(Theorem 2). That is, it is possible to estimate plasma concen-
tration–time courses from noisy ISF measurements even when 
the structure of the plasma pharmacokinetics is unknown or 
does not follow any particular model, an approach we have 
termed the “Minimum Assumptions Fit.” Achieving this re-
quires that, in addition to estimating CP(t), we also estimate the 
rate constants, k1 and k2, associated with the measurements, 
C1(t) and C2(t), collected at sites 1 and 2. A difficulty in doing 
so, however, is that, because they are related to the first deriva-
tives of C1(t) and C2(t), the estimates of k1 and k2 are particularly 
sensitive to noise. To circumvent this, we have used a second 
order polynomial spline approach to “smooth” the noisy concen-
tration measurements. This said, fitting a second order polyno-
mial to every sampling interval would overfit the observations, 
rendering the estimation of rate constants and CP(t) impossible. 

To circumvent this requires selection of an appropriate time in-
terval over which to smooth the observed data (by fitting the 
spline), which we performed using the Akaike Information 
Criterion (AIC), a common model selection criterion suitable 
for predictive models [28]. A limitation of this approach is that 
it constrains us to estimating only a few points of the plasma 
concentration, with the values in between being obtained by 
interpolation. Given the few-second resolution of subcutaneous 
EAB sensor measurements [9], however, this “down sampling” 
would be of little clinical consequence. For more details, see 
Minimum Assumptions Fit in Methods.

To explore the effectiveness of our Minimum Assumptions Fit 
approach, we employed two examples of known plasma phar-
macokinetics, one exhibiting the same second order plasma 
pharmacokinetics (2PK) as our previous example, and a second 
following the enterohepatic reabsorption (EHR) model, as our 
test beds (Figure  6). The latter model is particularly challeng-
ing, as this class of pharmacokinetics produces significantly 
nonmonotonic plasma time courses [29]. Once again, we used 
simulations with distribution rate constants of k1 = 0.15 min−1 

FIGURE 7    |    Even when the difference between the two ISF measurement sites becomes small (i.e., the rate constants for diffusion to theme be-
come close), we still retain the ability to estimate the plasma pharmacokinetics with clinically relevant accuracy. To demonstrate this, we employed 
the two plasma concentration–time courses described above: One when the plasma kinetics a single-compartment model (A, B), and another when 
the plasma concentration exhibits the effect of enterohepatic recirculation, a mechanism that generates particularly complex, nonmonotonic phar-
macokinetic behavior (C, D). Using these two plasma time courses we then generated pairs of noisy ISF time courses using pairs of distribution rate 
constants that differ by as much as a factor of 2 or as little as 10% (A, C). Fitting these “measured” ISF time courses returns the original plasma drug 
profiles (solid black lines) to a clinically valuable but diminishing degree of accuracy even when the two distribution constants differ by as little as 
10%. Our fits are shown by dots with 95% confidence intervals shown as solid lines with the colors matching the ratio between diffusion rates.
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FIGURE 8    |     Legend on next page.
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and k2 = 0.075 min−1 and an experimentally justifiable noise at 
a signal-to-noise ratio of 30. The Minimum Assumptions Fit ap-
proach is able to accurately estimate plasma time courses under 
clinically plausible conditions without any prior knowledge of 
the structure of the plasma pharmacokinetics. To achieve this, 
our AIC-based procedure selected smoothing intervals of 4 min 
and 5 min for the 2PK and EHR examples, respectively, and thus 
estimates the plasma concentration with these time resolutions. 
The resulting estimated plasma concentration–time courses 
match the true plasma pharmacokinetics quite well. For exam-
ple, the approach's estimates of Cplasma

max , which because it reflects 
a single, fleeting time point, is one of the more difficult param-
eters to estimate, are 53 ± 2 μM and 49 ± 3 μM (95% confidence 
intervals are calculated by using standard deviations derived 
analytically from solving the optimization problems) versus the 
“true” values of 57.3 μM and 49.8 μM for the 2PK and EHR cases, 
respectively (Figure 6).

Our ability to accurately estimate plasma concentration depends 
on the assumption that the measurement sites are nonredun-
dant. That is, that the distribution rates k1 and k2 of each site 
differ by some appropriate degree. This, of course, raises the 
question of how strongly the accuracy of our estimated plasma 
time courses depends on the magnitude of this difference. To 
answer this, we next ran the Minimum Assumptions Fit proce-
dure for data generated using distribution rate constants pairs 
differing by as much as 2-fold (as per our prior examples) or by 
as little as 10%, again keeping the signal-to-noise ratio of the ISF 
measurements fixed at the experimentally observed value of 30. 
Doing so, we find that, not surprisingly, as two distribution rates 
approach one another, the estimation of the plasma profiles be-
come more uncertain (Figure  7). Nevertheless, we can retain 
clinically useful accuracy even when the two distribution rate 
constants are quite similar. For example, even when the distri-
bution rates differ by as little as 10%, the estimated Cplasma

max  which 
again, is the most difficult parameter to accurately estimate, are, 
at 57 ± 12 μM and 41 ± 18 μM, reasonably tightly constrained on 
the true values of 57.3 and 49.8 μM for the 2PK and EHR exam-
ples, respectively.

Finally, our approach holds irrespective of the dosing regimen. 
To see this, we expanded our study of the 2PK example to in-
clude symmetric and asymmetric double infusions (Figure  8). 
In each case, our approach performed quite similarly to how 
it performed for the single-infusion examples presented above. 
Specifically, once again using distribution rates that differ by 
50% (k1 = 0.15 min−1 and k2 = 0.075 min−1), we recover the true 
plasma AUC with accuracies better than 0.5% for all examples 
(see Table S2 for details).

We close by noting that the factors that define the rate con-
stant for diffusion between the plasma and any given site in 

the ISF remain unknown, and thus the likelihood of observ-
ing rate constants at different sites in the ISF that differ is also 
unknown. That said, we hypothesize that attaching sensors to 
different regions of the body or sampling at different depths 
in or below the skin may achieve this due to site-specific dif-
ferences in the degree of vascularization. We hope that the 
theoretical work we describe here will motivate experimental 
studies of this effect.

4   |   Discussion

Here, we have shown that, under the assumptions that the 
drug in question is eliminated from the body via the plasma 
and not via the tissues that are under observation, the plasma 
and ISF are the only relevant compartments and that they com-
municate via passive diffusion, we can estimate plasma drug 
time courses with clinically acceptable accuracy using realisti-
cally noisy, highly time-resolved measurements performed in 
the ISF. Specifically, we find the following. (i) Provided that the 
time scale for distribution into the ISF is several-fold more rapid 
than the time scale over which plasma concentrations mean-
ingfully change, ISF time courses closely parallel plasma time 
courses. (ii) For drugs for which this condition does not hold, 
plasma concentration–time courses can still be accurately esti-
mated from measurements collected at a pair of ISF sites, pro-
vided the latter differ even slightly in the time scales with which 
the drug diffuses to them. Indeed, under the assumptions we 
have employed, we can estimate plasma concentration–time 
profiles with clinical accuracy even without a priori knowledge 
of the structure of the plasma time course and even when the 
distribution rate constants associated with the two ISF mea-
surement sites differ by as little as 10%. Should this theoretical 
development hold true in clinical populations, the resulting 
ability to estimate plasma pharmacokinetics from minimally 
invasive subcutaneous or intradermal sensor placements has 
the potential to significantly improve the precision and reach of 
therapeutic drug monitoring and, with that, the safety and ef-
ficacy of drug delivery.
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FIGURE 8    |    Our approach retains good accuracy irrespective of the exact drug infusion profile. For example, shown here are infusion profiles that 
include (A) two identical infusions, (B) two infusions of the same duration but different infusion rates, (C) the same infusion rate applied over two 
different infusion durations, (D) the same total drug amount infused over different durations. In these examples we employed a drug with second-
order plasma pharmacokinetics and distribution rate constants differing by 50% (k1 = 0.15 min−1 and k2 = 0.075 min−1). In each example we recover 
the true plasma AUC with accuracies of better than 0.5% and Cmax with accuracies of better than 10% except for the first Cmax of the different diffusion 
duration case, for which the discrepancy is approximately 20%. For model and pharmacokinetic parameters, see Tables S1 and S2.
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