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Despite considerable progress, development of glucose-
responsive insulins (GRIs) still largely depends on em-
pirical knowledge and tedious experimentation—especially
on rodents. To assist the rational design and clinical trans-
lation of the therapeutic, we present a Pharmacokinetic
AlgorithmMapping GRI Efficacies in Rodents and Humans
(PAMERAH) built upon our previous human model.
PAMERAH constitutes a framework for predicting the
therapeutic efficacy of a GRI candidate from its user-
specified mechanism of action, kinetics, and dosage,
which we show is accurate when checked against data
from experiments and literature. Results from simulated
glucose clamps also agree quantitatively with recent GRI
publications. We demonstrate that the model can be used
to explore the vast number of permutations constituting
the GRI parameter space and thereby identify the optimal
design ranges that yield desired performance. A design
guide aside, PAMERAH more importantly can facilitate
GRI’s clinical translation by connecting each candidate’s
efficacies in rats, mice, and humans. The resultant map-
ping helps to find GRIs that appear promising in rodents
but underperform in humans (i.e., false positives). Con-
versely, it also allows for the discovery of optimal human
GRI dynamics not captured by experiments on a rodent
population (false negatives). We condense such informa-
tion onto a “translatability grid” as a straightforward, visual
guide for GRI development.

Diabetes is a growing condition affecting upwards of 425
million people worldwide, with a health care burden of
U.S. $727 billion in 2017 (1). In the U.S. alone, the total

estimated cost of diagnosed diabetes exceeds $320 billion
yearly, which saw a 26% increase from 2012 to 2017 (2).
The condition is marked by high blood glucose levels, or
hyperglycemia, resulting from either impaired insulin pro-
duction (type 1 diabetes [T1DM]) or insulin resistance (type
2 diabetes). If left unchecked, hyperglycemia can result in
organ damage, disabilities, and other life-threatening com-
plications (1). Insulin, the 51–amino acid hormone secreted
from pancreatic b-cells, remains a mainstay therapeutic for
all people with diabetes.

Conventionally, glycemic control is accomplished by
scheduled insulin injections and regular blood glucose
monitoring. The open-loop nature of such a dosing scheme
renders substantial patient compliance a requirement. Alarm-
ingly, three-quarters of physicians have reported nonadher-
ence to the prescribed regimen in their patients, which can
be attributed to both the uncomfortable and the time-
consuming nature of the traditional therapy (3). The in-
trinsic drawbacks of an open-loop therapy are further
highlighted by factors such as interindividual variations,
the lag between blood glucose measurement and insulin
administration, delayed absorption, and the conserva-
tism in dosing as a result of hypoglycemia concerns (4,5).
Resnick et al. (6) estimated that the desired glycemic control
was not achieved by one-half of the patients with diabetes
surveyed. Efforts have thus been aimed toward a closed-
loop, automated system in which insulin dosing is modu-
lated in accordance with the real-time glucose concentration
in the patient’s bloodstream, akin to a functional pancreas
(7). Recently, integration of continuous glucose sensing and
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insulin pumps has shown promise in hypoglycemia reduc-
tion and sustained blood glucose suppression, although it is
currently still expensive and associated with increased risks
of complications such as infection, inflammation, and scar-
ring (8).

An alternative is the concept of a glucose-responsive
insulin (GRI). In the absence of external devices, these
therapeutics achieve controlled insulin activity in response
to the local environment through their glucose-binding
chemistries and subsequent triggered insulin release or
potency enhancement (9). A multitude of GRI constructs
have been reported over the years, often relying on glucose-
mediated degradation, swelling, gelling, or disassembly of
insulin-encapsulating carriers, which can be reversible or
irreversible (10). Recently, freely circulatingGRIs, not polymer-
encapsulated formations, have been designed by Chou et al.
(11) with simplified chemical kinetics, echoing the first GRI
concept conceived by Brownlee and Cerami in 1979 (12).

GRIs are shown to enforce tighter glycemic control, reduce
the incidence of hypoglycemic episodes, and lessen the
burden of multiple daily injections in a multitude of exper-
imental studies (4,10), yet efforts toward a mathematical
framework for their rational design have been limited to date
(9). While the localized release kinetics from certain GRIs
have been modeled before, they have not been translated
into therapeutic efficacy for design purposes. Specifically,
GRI models were not pieced together with the underlying
insulin-glucose-glucagon metabolism (13,14). Our previous
work (5) established the first framework that linked GRI
designs to their therapeutic effectiveness through pharma-
cokinetic modeling of patients with T1DM.

However, the majority of GRI research relies on sub-
stantial testing in animal models and specifically rodents
(11,15). We identify the critical importance of extending
this said mathematical framework to bridge the gap be-
tween widely used animal models and the prediction of
human clinical observations so as to expedite the search
for viable drug candidates. Given that pharmacokinetics
cannot be simply scaled between organisms in general (16)
and that almost all therapeutics are inevitably tested on
animal models such as rodents, as a start, the rational
design of GRIs may therefore greatly benefit from a math-
ematical approach specifically developed for predicted
testing in mice and rats. In this work, we present a Phar-
macokinetic Algorithm Mapping GRI Efficacies in Rodents
and Humans (PAMERAH). This in silico modeling frame-
work couples GRI kinetics to the first full-body physiology-
based model describing murine glycemic control and maps
rodent physiology to that of humans for therapeutic design.

PAMERAH can serve as a standardized platform for GRI
construction, candidate screening, design optimization, and
preclinical trial planning. Prior to any experimentation, the
model is able to predict average GRI performances and
narrow down the vast parameter space to a set of optimal
combinations of design variables for the user-defined
population and GRI mode of action. Such model-aided
preclinical research would alleviate the burden of many

trials and errors required in the traditional drug develop-
ment workflow, an implication for not just GRIs.

Moreover, our mathematical formulation allows for
a cross-comparison among mice, rats, and humans, high-
lighting their commonalities and differences. PAMERAH
shows that the optimal GRI parameter spaces overlap, but
not to a large extent, among the species, echoing the fre-
quent difficulty of replicating animal studies in humans
(17,18): the long-standing practice of informing clinical
trials with animal data is now coming under scrutiny, as
wittily described by Mak et al. (19) as “lost in translation.”
PAMERAH further allows a zoned grid to be drawn onwhich
GRI candidates are sectioned by their predicted viabilities
along the train of medicinal translation. We expect the
so-called “translatability grid” to serve as a straightforward
visual guide for planning animal testing and clinical trials.

RESEARCH DESIGN AND METHODS

Modeling the Full-Body Glucoregulatory System
A physiological model simulating a rodent’s full-body phar-
macokinetics of glucose, insulin, and glucagon is first con-
structed, followed by its integration with GRI kinetics. The
overall workflow is summarized in Supplementary Fig. 4.

Mathematical modeling of the human glucoregulatory
system has attracted sustained attention from the diabetes
community over the years. While semimechanistic parsi-
monious models have seen some success (20,21), their
compartmentalization is not based on physiology, which
renders GRI integration difficult. This is contrasted by the
whole-body model by Sorensen (22) and its variants. The
Sorensen-like models (23–25) explicitly consider the phys-
iology, taking into account the blood flow rates, volumes,
and connectivity of organs. This allows dynamic concen-
trations to be probed and the glucose-hormone metabolism
to be altered at the organ, rather than the organism, level
(26). As with our prior physiological model of humans
(5,26), PAMERAH is divided into well-mixed compartments
symbolizing participating body parts, each equivalent nu-
merically to an ideal continuous stirred-tank reactor (CSTR),
as illustrated by Fig. 1. Blood circulates through vascular
compartments of gut, liver, kidneys, brain, muscle, and ad-
ipose tissues, carrying glucose, insulin, and glucagon; the
composition in the outlet of a vascular volume is approxi-
mated to be identical to that within the compartment—just
like a CSTR. The solutes diffuse freely between the vascular
and interstitial compartments as well where applicable,
dictated by the concentration gradients. Naturally then,
each solute s in each organ k is described as:
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where subscripts v and i denote the vascular and intersti-
tial volumes, respectively. V represents the compartmental
volume, [s] the solute concentration, Q the arterial flow
rate through the organ, and T the characteristic trans-
capillary time of mass transfer. The production and uptake
rates, Rprod and Ruptake, when applicable, are modulated by
the compartment’s glucose, insulin, and glucagon concen-
trations through logistic transfer functions. As with our
prior work (5), the subcutaneous injection depot is described
by a hexamer-dimer-monomer equilibrium ofwhich only the
dimeric/monomeric insulins (or GRIs), lumped as a single
state, are absorbed (Supplementary Table 2).

As the existing Sorensen-like mathematical models are
parameterized based on the physiology of a healthy 70-kg
man, the parameters have to be reexamined meticulously
during the model’s extension to rats and mice. While
exponential scaling laws are followed for interspecies
adaptation of parsimonious compartmental models (27),
the allometric exponents are empirical and bear little
physical meaning. On the other hand, for a physiol-
ogy-backed model like PAMERAH, a priori animal anatom-
ical measurements are used to adjust the physiological
parameters accordingly, such as the organ sizes, cardiac
outputs, arterial flows, and blood volumes (Supplementary
Table 1). As the transfer functions, which characterize the
organs’ responsiveness to glucoregulation, are not directly
adaptable to rodents, these metabolic parameters are
estimated numerically from blood glucose time trajecto-
ries measured in rats and mice. The same method is
applied to the base generation/clearance rates, which lack
consistent measured values in the published literature.
The insulin response data for rats and mice are collected
experimentally and from literature (11) (male Lewis rats
and C57BL/6J mice, healthy or with streptozotocin
[STZ]-induced diabetes; also see Supplementary Material

Text 1). To avoid overfitting, sensitivity analyses (28,29)
are performed for dimension reduction. The model re-
duction is shown to yield consistent results for mice and
rats (Supplementary Fig. 1). The most impactful 15 un-
known parameters identified, out of.120, are subsequently
fitted to data while keeping the remainder fixed (Supple-
mentary Table 2). The dimension of estimated parameters is
minimal compared with published physiology-based models
(24,30,31). Parameter estimation is performed in MATLAB
R2017a (The MathWorks, Inc.) with a pattern search
algorithm.

The Sorensen model and its many extensions treat a
patient with T1DM simply as a healthy individual with
the pancreatic parameters negated and starting concen-
trations modified (5,22). In addition to introducing these
distinctions between T1DM and healthy rodents, we also
acknowledge the more subtle differences reported be-
tween the two populations, such as the changes in glucose/
hormonal sensitivities and organ-specific base metabolic
rates upon diabetes development (32–34). These inter-
population distinctions are addressed by estimating the
eight relevant parameters separately for the T1DM and
healthy rodents (Supplementary Table 2), consistent with
current published works (21,24,35). In fact, attempts to
simulate both groups with a single, unified set of values do
not render satisfactory predictions that globally match
experiments, thus highlighting the need of the distin-
guishing parameterization. Such was concurred and dis-
cussed in detail by Schaller et al. (24), who differentiated
the healthy and diabetic populations by 26 separately
fitted variables.

Modeling the GRI
GRIs of different working mechanisms, once expressed in
mathematical terms, can be integratedwith the as-constructed

Figure 1—Schematic of the model structure. Glucose (blue) circulates around the body along with blood, which is pumped by the heart
and flows through vascular compartments of gut, liver, kidneys, brain, muscle, and adipose tissues. For the latter three, transcapillary
diffusion of glucose into interstitial spaces is captured by the interstitial compartments. Insulin or GRI (orange), introduced into the
circulation via the subcutaneous injection depot, flows through all but the brain interstitial compartment, into which insulin is unable to
penetrate. Each compartment is equivalent to a CSTR (as shown on the right), where perfect mixing is assumed. INT., interstitial; VAS.,
vascular.
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full-body physiological model, assembling into PAMERAH.
Of all GRIs, the freely circulating class presents the simplest
chemical kinetics. An example was reported by Chou et al.
(11), who introduced responsiveness into their insulin
analog by chemical modification with phenylboronic acid
as a glucose-sensing element. Note that although Chou
et al. also demonstrated a long-lasting activity with the
GRI by incorporation of an aliphatic domain, our model
focuses on the glucose responsiveness for now.

Action of the said class of GRIs can be condensed into
the following two-state kinetics, where a dormant GRI (D)
is reversibly activated by glucose (G), turning into the
active form (I):

G1D⇌
kf

kr
I

Keq 5 kf
�
kr

(3)

where kf is the forward rate constant, kr is the reverse rate
constant, and Keq is the equilibrium constant. Conse-
quently, for any solute s—where s can now be glucose,
insulin, glucagon, or dormant GRI, each with a stoichio-
metric coefficient (n) of 21, 1, 0, and 21, respectively—
the defining Eqs. 1 and 2 in compartment k become:
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where rGRI5kf½G�k½D�k 2 kr½I�k for freely circulating GRIs
described by Eq. 3. We adopt the kinetics of these GRIs for
all PAMERAH simulations presented hereafter in this re-
port for the mathematical simplicity and recent attention
attracted. Of note, it is assumed throughout this report
that the dormant GRI does not perturb the metabolic or
hormone kinetics, while the activated GRI behaves iden-
tically as native insulin. For scenarios where the activated
analog differs in potency from insulin, the assumption may
be relaxed by treating them as separate solutes, each with
a distinct set of ordinary differential equations.

The complete system of ordinary differential equations
for all compartments and all solutes concerned can be
constructed from the simple general Eqs. 4 and 5. A
comprehensive tutorial is provided in the Supplementary
Material Text 2 to walk the reader through the process.
Note that the equations are given in a generalizable form,
not just specific to the current model architecture, so that
a reader attempting to modify or to supplement the model
may follow exactly the same procedures outlined in the
tutorial.

Simulating GRI in a Clamp
In addition to tracking the response of the blood glucose
concentration to a single GRI injection, clamp studies (36)
are an alternative standard technique to assess glucose
responsiveness. We program PAMERAH to also simulate
glucose clamps, the results of which are compared with
recent GRI experiments as a further validation of the
model. We follow the two-period pancreatic clamp protocol
outlined in Moore et al. (37), illustrated in Supplementary
Fig. 6. The glucose concentration is clamped for 150 min at
110 mg/dL (period 1) and for another 150 min at 240mg/dL
(period 2) by continuous infusion via the peripheral vas-
cular compartment. The variable glucose infusion rate is
adjusted by a simple feedback control. Meanwhile, either
insulin lispro (1.2 mU/min) or GRI (24 mU/min) is infused
continuously throughout the 300-min clamp, together with
glucagon at its basal rate. The rates are consistent with
prior reports (37,38). In Moore et al., pancreatic endocrine
release was completely suppressed by somatostatin, simu-
lated as the corresponding differential equations bypassed
in PAMERAH. Therefore, all circulating insulin and gluca-
gon is accounted for by external infusion, except during
the short initial equilibration. The hepatic glucose load
(HGL) is calculated as ½G�heart QG

hepatic  artery 1 ½G�gut QG
gut,

and the net hepatic glucose balance (NHGB) is defined
as ½G�liver QG

liver 2HGL.

Elucidating the GRI Design Space
PAMERAH provides valuable assistance to the GRI devel-
opment process by assessing the GRI’s therapeutic efficacy
in mice and rats on the basis of its material and molecular
design. Intuitively, an adequate GRI should reduce hyper-
glycemia in a patient with diabetes for a prolonged period
(with a single bolus), while not incurring any additional risk
of hypoglycemia (9). Sometimes fatal, the latter is referred
to as the “limiting factor” in glycemic management (39). The
mathematical expression for said criteria is below:

Hyperglycemic  Risk≡
Ð t524h
t52h max

�½G�blood2½G�ub; 0
�
dt5 0

Hypoglycemic  Risk≡
Ð t524h
t50 max

�½G�lb 2 ½G�blood; 0
�
dt5 0

(

(6)

in which t5 0 marks the time of GRI administration. [G]ub
and [G]lb are the upper and lower bounds of the normo-
glycemic range, set to 240 and 75 mg/dL, respectively, for
rats (40) and 250 and 40 mg/dL for mice (41). As described
by Eq. 6, normoglycemia should be maintained for a GRI
design to be qualified: the blood glucose level should not
deviate from the normal range within 24 h of the single
GRI bolus, except for the first 120 min allowed for the
hyperglycemia to be put under control.

The properties of freely circulating GRIs are modulated
by three design variables: kf, Keq, and the dosage. We term
each distinct permutation of the three a potential GRI
design or a candidate, with its own hyper- and hypogly-
cemic risks. By probing the kf-Keq-dosage parameter space,
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the in silico preclinical simulations identify regions free
from the said risks. Finally, this simulation study is re-
peated for humans as well using the model of Bakh et al.
(5). An interspecies cross-comparison reveals the similar-
ities and dissimilarities among humans, rats, and mice and
provides insights on drug translatability.

Data and Resource Availability
The data used in this study are available from the corre-
sponding author upon request. No applicable resources
were generated or analyzed.

RESULTS

Blood glucose responses to an initial insulin injection, as
predicted by the parameterized full-body physiological
models, are presented in Fig. 2A–D alongside murine
in vivo data collected experimentally and from the pub-
lished literature (11). We show that the temporal profiles
match between model and animal data for various doses
of subcutaneous insulin administration to healthy and
T1DM rodents alike. Trajectories in Fig. 2A–D also reveal
how the effect of unmodified insulin decreases quickly
despite large injection doses. In Fig. 2E and F, we present
as an example the simulated action profiles of a freely
circulating GRI in average diabetic rats andmice. PAMERAH
predicts that in addition to suppressing the blood glucose
levels, this particular GRI candidate is also able to arrest
three postprandial glycemic excursions within 120 min,
each resultant from a 1 g/kg oral glucose meal (42), over
the course of 24 h. The corresponding insulin release
patterns (Supplementary Fig. 5) resemble published results
(15).

The validity of PAMERAH is further supported by the
agreement between simulated clamp results and experi-
mental data. In their two-period pancreatic clamp study,
Moore et al. (37) found that while the hepatic glucose loads
were comparable between the GRI and insulin groups (Fig.
3B), both the net and the unidirectional hepatic glucose
uptakes (HGUs) (Fig. 3C and D, respectively) for the GRI
study were significantly higher than the nonresponsive
insulin control at the hyperglycemic clamp level (period 2).
All these findings are matched by PAMERAH simulation in
rats (Fig. 3A–D) in addition to correctly predicting the
relative changes in each quantity after the clamp level
shift. Curiously, the simulated and actual time courses of
HGL, NHGB, and HGU agree quantitatively once normal-
ized, despite the fact that the GRI of Moore et al. was of
a different working principle and tested on dogs. This
seems to suggest a universal signature of glucose respon-
siveness: under hyperglycemic conditions, a GRI would
enhance the liver glucose uptake more effectively than
a dose of nonresponsive insulin.

PAMERAH simulation is shown to also match a separate
set of data provided by Kaarsholm et al. (43), who in-
vestigated the active GRI/insulin concentrations at various
clamp levels following a similar protocol outlined above.
Both our simulation and the data clearly show that a larger

amount of active GRI is made available at a higher glucose
level (Fig. 3E), while such a dependence is absent in the
control study (Fig. 3F). The quantitative discrepancies are
attributed to the different GRI mechanisms, to be addressed
further in the DISCUSSION.

Following its validation with experimental results,
PAMERAH is subsequently applied to systematically screen
the freely circulating GRI candidates by simulating the
murine glycemic responses to each. The varied design
parameters therefore form a three-dimensional GRI Design
Space (GRIDS), shown as the boxes in Fig. 4 and probed by
PAMERAH. Each point in GRIDS represents a unique
combination of kf, Keq, and dosage, which we term as one
design. Our mathematical model gauges the hypo- and
hyperglycemic risks associated with each such design and
thereby identifies the qualified GRI candidates free of the
risks (i.e., those predicted to maintain normoglycemia
over at least 24 h, as governed by Eq. 6). The qualified
designs within GRIDS constitute what we call optimal
design regions (ODRs), represented as the shaded geom-
etries in Fig. 4A–C, which are respectively ODRs of healthy
rats, T1DM rats, and the intersection. Those for mice and
humans are found in Supplementary Fig. 7.We observe that
the diabetic ODR is bounded from beneath by a global
minimum effective dose of 115 6 5 mg/kg (marked by the
gray planes in Fig. 4B), below which no design is able to
contain hyperglycemia for a day (Fig. 4D). The global
minimum doses for mice and humans are 105 6 5 and
12.256 0.25 mg/kg, respectively. The latter is of a reduced
uncertainty because the low-dosage portion of the human
GRIDS is explored with a refined resolution (Supplemen-
tary Fig. 7C).

A cross-comparison among the ODRs of rats, mice, and
humans (Fig. 5A and B) reveals the interspecies common-
alities and distinctions. While the ODRs for rats and mice
overlap to a moderate extent, a fairly limited subset of
optimal GRI designs in rodents is predicted to be also
acceptable to humans. Acknowledging the GRI dosage as
an easily adjustable design parameter neglecting solubility,
we relax the corresponding dimension (Fig. 5C). The three-
dimensional GRIDS is thereby collapsed into a two-
dimensional plane on which combinations of kf and Keq are
zoned by their performances in different species: we are
able to identify designs effective in rodents only, humans
only, neither, or both, each respectively constituting 12.0%,
14.1%, 60.3%, and 13.6% of all designs within the particular
variable bounds. This zoning scheme can serve as a simple
guideline for GRI translation as discussed in more detail
below.

DISCUSSION

In this work, we developed the modeling framework
PAMERAH as a platform relating a GRI’s design to its
therapeutic efficacy in rats and mice. On the basis of the
full-body physiology, the pharmacokinetic model simulates
the absorption, circulation, uptake, generation, and clear-
ance of glucose, glucagon, as well as GRI or nonresponsive
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Figure 2—Blood glucose responses in rodents to a single insulin injection. A–D: The agreement between murine in vivo data (squares) and
the predicted glycemic responses (curves) to various doses of nonresponsive insulin administered at t5 0. PAMERAHpredictionsmatchwell
with experimental measurements from healthy (A) and T1DM rats (B) as well as healthy (C) and T1DMmice (D). Curves for rats are presented
individually to avoid overlapping of data points and confidence limits, which indicate 61 SD. Data were collected from male Lewis rats, the
diabetes of which was induced by STZ (Supplementary Material Text 1). Measurements on mice (male C57BL/6J, STZ) are extracted from
Chou et al. (11). The corresponding error bars are absent because they were undefined in Chou et al., and the clustered error bars cannot be
precisely digitized from the original figures. E and F: The 24-h action profiles of a GRI example (kf 5 0.1 L/mol-min, Keq 5 0.02 L/mol,
dosage 5 300 mg/kg) in average diabetic rats (E) and mice (F ). The blood glucose concentration drops to the normoglycemic range within
120 min after the initial injection at t 5 0 and each of the three meal ingestions (1 g/kg glucose at t 5 420, 720, and 1,080 min), periods
represented by the unshaded areas. The peak postprandial concentrations are respectively 423.8, 434.9, and 450.2 mg/dL for diabetic rats
and 415.2, 430.5, and 450.4 mg/dL for diabetic mice. The dashed lines indicate the upper bounds of normoglycemic ranges. Conc.,
concentration.
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insulin by treating each organ as a well-mixed CSTR. With
key parameters calibrated by in vivo data, we demonstrate
that PAMERAH predicts the dynamic blood glucose responses
and clamp results in rodents for insulin as well as for GRIs
of user-specified kinetics (Figs. 2 and 3). In the following
discussion, we highlight how PAMERAH aids the rational
design process of GRI and its translation to the clinic.

Model-Aided GRI Design
PAMERAH is able to explore the parameter space and
predict the average performance of each combination of
design variables, thus narrowing down the vast pool of GRI
candidates in silico, thereby providing directions to GRI
preclinical research as evidenced by GRIDS and ODRs in
Fig. 4. The ODR geometries also strengthen validity of the
model predictions. We observe that the diabetic rat ODR
assumes a signature L shape (Fig. 4B, bottom) and, conse-
quently, so does the ODR for normal and diabetic popula-
tions combined (Fig. 4C). Concurring with prior reports (5),
the L geometry results from the balance between rapid

action and sustained control. On one hand, GRI candidates
of slow kinetics, marked by a small kf or Keq, are unable to
reduce blood glucose concentration in time to the normo-
glycemic range (Fig. 4B, middle). On the other hand, GRIs of
large kf and Keq rapidly convert to active insulin; conse-
quently, they either deplete prematurely, unable to sustain
the potency over 24 h (Fig. 4B, middle), or overcorrect the
hyperglycemia, thus triggering hypoglycemic episodes (Fig.
4B, top). The latter also explains the missing corner in Fig.
4A, which characterizes the ODR of the healthy popula-
tion, for which the hyperglycemic risk is absent. Con-
sistent with mouse and human GRIDS probed as well
(Supplementary Fig. 7), the observations above suggest
a good agreement between PAMERAH predictions and
qualitative expectations.

We envisage the PAMERAH-aided rational design of
GRI boosting the productivity of drug developers by
(partially) substituting the conventional workflow, where
each empirically designed and often laboriously synthe-
sized candidate is experimented in vitro and in vivo for its

Figure 3—Glucose clamp results simulated by PAMERAH compared with experiments. A: Glucose is clamped at 110 mg/dL (period 1) and
240 mg/dL (period 2) for 150 min each with constant infusion of either nonresponsive insulin or GRI, as described in RESEARCH DESIGN AND

METHODS. B–D: Consistent with the published experimental data (37), the HGLs (B) for insulin and GRI do not differ at either clamp level. While
the NHGBs (C) are positive in period 1, they switch signs at the higher clamp level, indicating a change from net glucose production to
consumption in the liver. As with experiments (right), GRI induces a larger change than the nonresponsive control in period 2. Similarly, while
both the GRI and the insulin groups trigger a surge in unidirectional HGU (D) at t5 150 min, GRI is more effective, a feature captured by the
simulation. Data in B–D are normalized by the respective period 2 steady-state values for the insulin group due to the differences in GRI
mechanisms and test animals. *P , 0.05 for GRI vs. control. E and F: Responsiveness of GRI and insulin to various glucose levels is shown
alongside data from clamps (43). While the amount of active GRI released is increasing with the clamp level (E), the concentration of
nonresponsive insulin (F ) shows no dependence. Note that in the clamps described, GRI is solely responsible for the observed
responsiveness because the pancreatic insulin production is inhibited by somatostatin. The concentrations in E and F are normalized
by the corresponding values at 120 mg/dL. The prenormalization GRI concentrations ranged from 165.8 mU/L (at 120 mg/dL) to 290.4 mU/L
(at 280 mg/dL) for simulations in rats and from 761.5 to 933.3 mU/L for MK-2640 in dogs. All experimental data are digitized from published
figures. Conc., concentration.
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efficacy evaluation (11,44). The same evaluation may now
be performed in silico at effectively no cost, even before
the physical existence of any GRI prototype, a benefit
enjoyed only by mechanistic, physiological models like
PAMERAH and not data-driven empirical models (45). The
medicinal chemists may then proceed, focusing on just the
optimized, most promising lot—the ODRs (46). This would
be especially helpful to GRI researchers without access to
automated combinatorial chemistry or screening. The facil-
itated designing process aside, PAMERAH also provides
information on the minimum effective doses and may
potentially lighten the dependency on animal testing, to
which the model supplies a rational starting point. Fur-
thermore, such a physiological model for preclinical
species, supported by in vivo measurements, promotes
the confidence in the corresponding human models, as
argued by Jones et al. (47,48): simulations in rodents are
an essential intermediate step toward accurate predic-
tions of human pharmacokinetics at the clinical stage, as
concluded from a PhRMA initiative (45).

Model-Aided GRI Translation
Cross-comparing the optimal designs for different species
is shown to reveal the commonalities and distinctions
among rats, mice, and humans (Fig. 5) and, therefore, the
potential interspecies translatability of drug candidates.
While the ODRs for diabetes all assume the characteristic
L geometry, the minimal overlaps between rodent and
human ODRs (Fig. 5A and B) hint that a large portion of
GRI designs, again each defined by a combination of kf,
Keq, and dosage in this report, would render adequate,
sustained glycemic control in rodents yet fail clinically,
which we call false-positive preclinical results. In other
words, PAMERAH predicts a high attrition rate if GRI
constructs are translated to the clinical trial stage with
the same parameters as in rodents, hence echoing the
published poor rates of successful translation (18,49):
the well-known estimate of Hackam and Redelmeier (17)
was that only 37% of animal studies were successfully
replicated in human trials. A Tufts University investiga-
tion further communicated that the clinical translation of

Figure 4—Exploring the optimal combinations of GRI design parameters for efficacy in rodents. PAMERAH explores the GRIDS and
evaluates the hypo- and hyperglycemic risks associated with each GRI candidate for both healthy (A) and diabetic (B) rats. The shaded areas
in GRIDS are the ODRs, which represent those combinations of kf, Keq, and dosage free of hypoglycemic (top), hyperglycemic (middle), or
both (bottom, intersection of the other two single-risk ODRs) risks. The gray planes inBmark the global minimum effective dosage in diabetic
rats. The GRI designs, which incur neither risk in normal and diabetic rats alike, are shaded blue (C ). The characteristic L shape is consistent
with prior reports (5), better visualized by contour plots (D) sliced at fixed GRI dosages (30, 150, and 300 mg/kg) (marked gray in the GRIDS).
The colors in D correspond to the sum of all hypo- and hyperglycemic risks combined, with dark blue representing desirable GRI constructs
that maintain normoglycemia over 24 h. ODRs and GRIDS for mice and humans are found in Supplementary Fig. 7. The inverted U symbol
indicates intersection.
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antidiabetic drugs is even riskier compared with other
pharmaceuticals (50). For instance, Merck’s MK-2640,
the only GRI we know of that entered the clinical trial
stage, did not achieve the same level of glucose respon-
siveness in humans as in preclinical models (43,51).

In addition to the false positives, the overlaid GRIDSs
in Fig. 5 by the same token identify the GRI candidates
deemed unsuitable in rodents but potentially effective in
humans (i.e., the false negatives). While many agree that
the opportunity cost of the false negative is greater than
the false positive (52), little is known about the extent to
which we wrongly discontinue a viable drug design on the

basis of negative preclinical outcomes because such a can-
didate is usually eliminated from further confirmation.
The available analyses on this topic target false negatives at
a single clinical stage, which is more of a decision variable
controllable by the trial sample size (52)—conceptually
distinct from the false negatives pertaining to rodent
model translatability. PAMERAH predictions on “what
should have passed,” in addition to “what should not
have,” therefore adds helpful new knowledge. We further
note that the same methodology is applicable to thera-
peutics beyond GRIs. For example, Jones et al. (48) sim-
ulated pharmacokinetic actions of several small-molecule

Figure 5—Evaluating the GRI translatability from rodents to humans. A: The commonalities (solid) between ODRs (colored and outlined) of
humans and rats (left), humans andmice (middle), and rats andmice (right).B: TheODR intersection (solid) is marked among all three species.
The limited overlap between human and rodent ODRs forecasts the difficulties in interspecies translation of the therapeutic.C: By relaxing the
dosage variable (0–330 mg/kg) and allowing it to assume flexible values for different species, we project the three-dimensional GRIDS onto
a two-dimensional kf-Keq plot. We call the plot a translatability grid on which GRI designs are zoned according to their translatability. GRI
constructs in zone 1 are predicted to be effective in both rodents and humans. They therefore translate well among species with appropriate
dosages. Zones 2 and 3 represent the false-negative designs eliminated in rodent studies yet potentially clinically viable. Zones 4 and 5 are
examples of false positives that appear effective in rat/mouse trials but do not translate well into humans. They will likely meet attrition at the
clinical stage.
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candidates in both preclinical animals and humans; while
the compounds had been finalized before the said study,
the physiology-based models could have assisted the de-
sign and translation processes, akin to PAMERAH, were
they available at the earlier stages of drug development.

We acknowledge that in contrast to kinetic variables kf
and Keq, the GRI dosage is a more flexible dimension.
Figure 5C displays the outcome when the dosage dimen-
sion is relaxed and allowed to assume different values (per
body mass) for different species. Projecting the three-
dimensional GRIDS along the dosage axis onto the kf-Keq

plane issues a graphic (Fig. 5C) loosely analogous to
a Clarke error grid (53) but with zones representing the
design’s translatability instead of a measurement’s clinical
accuracy. We see that each three-dimensional ODR is now
compressed to a two-dimensional L shape, inside which
a GRI design (of a certain kf-Keq combination) is effective
within some dosage range. The overlap between ODRs of
humans and either rodent (mice or rats) marks the true-
positive designs predicted to translate well into the clinic:
they are effective regardless of species (Fig. 5C, zone 1).
They, nevertheless, only make up 13.6% of the total plane,
comparable to the identified false positives (12.0%; zones
2 and 3): The numbers are roughly interpreted as an
attrition rate of almost one-half for the candidates success-
ful in rodents. On the other hand, it is surprising that
14.1% of possible GRI constructs are wrongly disqualified
(false negative; zones 4 and 5), equivalent to approximately
one-half of the clinically adequate designs being excluded
from potentially entering the human trials. This observation
highlights the need for predictive tools such as PAMERAH
since animal models can possess parametric regions that do
notmap to human performance.We note that the exact area
percentages depend on the GRIDS bounds (Supplementary
Fig. 8), and a reasonable upper dosage bound should be set
based on, say, solubility limitations (54). Although the
attrition in developing a GRI may also result from non-
efficacy-related factors, such as toxicity and commercial
unprofitability (46), and that certain combinations of kf-
Keq may be more attainable than the others, the idea of
this translatability grid, drawn frommodel predictions, is
widely applicable and offers a straightforward visualiza-
tion for early-stage decision making just like the Clarke
error grid. The translatability grid makes possible a mod-
ified paradigm in medicinal translation: a higher priority
to clinical evaluation may now be granted to the true
positives over the false positives, and the false negatives
identified proceed to further trials in preclinical models
closer to humans (e.g., pigs, nonhuman primates).

Outlook and Summary
The approach that we describe is of considerable flexibility.
To start with, the application space is not constrained to
just freely circulating GRIs taken as a proof of concept here
since GRI kinetics in PAMERAH are independent from the
organism physiology and are therefore adaptable to reflect
alternative glucose-responsive mechanisms, established or

hypothetical. For example, one of our ongoing projects is
to model the aforementionedMK-2640, which responds to
glucose via a competitive clearance mechanism (43) illus-
trated in Supplementary Fig. 2. We have already demon-
strated that the predicted hepatic impacts of a freely
circulating GRI match that of MK-2640 well and that their
trends of active GRI concentrations versus clamp levels
agree qualitatively (Fig. 3). It is therefore reasonable to
argue that PAMERAH can be extended to describe the
MK-2640 action with an updated set of chemical kinetics.
Although MK-2640’s glucose responsive activity is consid-
erably more involved, we have shown that the competitive
receptor binding and subsequent clearance can be modeled
equally well as the simpler kinetics explored earlier
(Supplementary Material Text 3), supported by the con-
vincing fit to in vitro binding assay measurements (Sup-
plementary Fig. 3). Ultimately, mappingMK-2640’s animal
and human design spaces can possibly reveal why the
translation was difficult (51).

Along the same lines, PAMERAH may be built upon
non-Sorenson–like physiology as well, such as the acclaimed
Dalla Man, or UVA/Padova, model (55), the adaptability of
which is demonstrated in our prior work on human phar-
macokinetics (5). Similar procedures may be taken to de-
velop mathematical models of other animal species as well.
From a model customization perspective, the GRIDS can be
subject-tailored by updating the parameter estimation with
any new data available (45), alongside a priori parameter-
ization of the individual physiology (24) discussed in detail
by Peters (16). Such will supplement the future studies on
intrapopulation variabilities (56) in GRI responses and the
associated implications on ODRs. We acknowledge that,
while information on population averages suffices for early
GRI design and screening as in the case of this report, the
capability to predict the variabilities will form the basis of
individualized health care and fine-tuning of the drug. Such
capability is lacking in the current iteration of PAMERAH
andwill be addressed. As described in Cobelli et al. (57), joint
probability distribution of free parameters can be recon-
structed from population data, after which a pool of virtual
individuals can be generated.

Future iterations of the model will also take into account
additional factors that affect the overall GRI performance,
such as pH, temperature, and exercises. Physical activities,
for instance, redistribute the blood flow and modify the
glucose production/uptake (25). From the modeling per-
spective, the corresponding variables can be correlated
to the exercise intensity, following methodologies out-
lined previously (25,58). Finally, we envision PAMERAH
being used for planning GRI regimens in the future: will
a recipe involving multiple kinetics be even superior to
a single GRI?

GRIs represent “a new horizon in therapeutic technol-
ogy” that offers a closed-loop control strategy alternative
to continuous insulin infusion (9). However, their design
and screening, largely at the early preclinical research stage,
have been reliant on empirical knowledge and repeated
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experimentation.Wepresent amodeling platform, PAMERAH,
that predicts a GRI’s efficacy in rats and mice from its
properties. It is therefore able to explore the targeted
GRIDS and identify the pool of optimal candidates before
any experiments, thereby providing some rational guid-
ance to the preclinical GRI research. Built upon prior
human physiological models, our platform is shown to
gauge a design’s translatability from animal subjects to
clinical patients and thereby generate the translatability
grid. We hope PAMERAH helps to establish an improved
drug development workflow and accelerate the develop-
ment of GRIs for individuals with T1DM.

Acknowledgments. The authors thank Prof. Daniel Anderson (Department
of Chemical Engineering, Massachusetts Institute of Technology), Dr. Sanjoy Dutta
(JDRF), Jeehwan Kim (Department of Mechanical Engineering, Massachusetts
Institute of Technology), Pingwei Liu (School of Chemical and Biological Engi-
neering, Zhejiang University), Tianxiang Liu (Department of Chemical Engineering,
Massachusetts Institute of Technology), Dr. Jonathan Rosen (JDRF), Wen-Jun
Wang (School of Chemical and Biological Engineering, Zhejiang University), and Ge
Zhang (Department of Chemical Engineering, Massachusetts Institute of Tech-
nology) for fruitful discussions. The authors also acknowledge the joint JDRF and
Helmsley Charitable Trust–sponsored workshop “Next Generation Insulins and
Physiology” held in New York, April 2019.
Funding. This work is supported by JDRF grant 3-SRA-2017-426-A-N.
Duality of Interest. No potential conflicts of interest relevant to this article
were reported.
Author Contributions. J.F.Y. studied the optimal GRIDS, analyzed the
results, and drafted the manuscript. J.F.Y. and X.G. performed the sensitivity
analyses and subsequent parameter estimation. J.F.Y., X.G., N.A.B., and M.S.S.
conceived the mathematical model. J.F.Y. and N.A.B. constructed the model. K.C.,
N.F.B.P., F.I.-B., and M.A.W. performed the animal experiments and analyzed the
data. All authors commented on and edited the manuscript. M.S.S. is the guarantor
of this work and, as such, had full access to all the data in the study and takes
responsibility for the integrity of the data and the accuracy of the data analysis.
Prior Presentation. Parts of this study were presented at the JDRF-
Helmsley Next Generation Insulins and Physiology Workshop, New York, NY, 9 April
2019, and the 2019 American Institute of Chemical Engineers Annual Meeting,
Orlando, FL, 10–15 November 2019.

References
1. International Diabetes Federation. IDF Diabetes Atlas. 8th ed. Brussels,
Belgium, International Diabetes Federation, 2017
2. Yang W, Dall TM, Beronjia K, et al.; American Diabetes Association. Economic
costs of diabetes in the U.S. in 2017. Diabetes Care 2018;41:917–928
3. Peyrot M, Barnett AH, Meneghini LF, Schumm-Draeger P-M. Insulin
adherence behaviours and barriers in the multinational Global Attitudes of
Patients and Physicians in Insulin Therapy study. Diabet Med 2012;29:682–
689
4. Veiseh O, Tang BC, Whitehead KA, Anderson DG, Langer R. Managing di-
abetes with nanomedicine: challenges and opportunities. Nat Rev Drug Discov
2015;14:45–57
5. Bakh NA, Bisker G, Lee MA, Gong X, Strano MS. Rational design of glucose-
responsive insulin using pharmacokinetic modeling. Adv Healthc Mater 2017;6:1–10
6. Resnick HE, Foster GL, Bardsley J, Ratner RE. Achievement of American
Diabetes Association clinical practice recommendations among U.S. adults with
diabetes, 1999–2002: the National Health and Nutrition Examination Survey.
Diabetes Care 2006;29:531–537
7. Zaykov AN, Mayer JP, DiMarchi RD. Pursuit of a perfect insulin. Nat Rev Drug
Discov 2016;15:425–439

8. Pickup JC. Management of diabetes mellitus: is the pump mightier than the
pen? Nat Rev Endocrinol 2012;8:425–433
9. Bakh NA, Cortinas AB, Weiss MA, et al. Glucose-responsive insulin by
molecular and physical design. Nat Chem 2017;9:937–943
10. VandenBerg MA, Webber MJ. Biologically inspired and chemically derived
methods for glucose-responsive insulin therapy. Adv Healthc Mater 2019;8:
e1801466
11. Chou DH-C, Webber MJ, Tang BC, et al. Glucose-responsive insulin activity
by covalent modification with aliphatic phenylboronic acid conjugates. Proc Natl
Acad Sci U S A 2015;112:2401–2406
12. Brownlee M, Cerami A. A glucose-controlled insulin-delivery system:
semisynthetic insulin bound to lectin. Science 1979;206:1190–1191
13. Drozdov AD, Christiansen JD. Swelling of glucose-responsive gels func-
tionalized with boronic acid. J Mech Behav Biomed Mater 2017;65:533–541
14. Abdekhodaie MJ, Wu XY. Modeling of a glucose sensitive composite
membrane for closed-loop insulin delivery. J Membr Sci 2009;335:21–31
15. Matsumoto A, Tanaka M, Matsumoto H, et al. Synthetic “smart gel” provides
glucose-responsive insulin delivery in diabetic mice. Sci Adv 2017;3:eaaq0723
16. Peters SA. Physiologically-Based Pharmacokinetic (PBPK) Modeling and
Simulations: Principles, Methods, and Applications in the Pharmaceutical Industry.
Hoboken, NJ, John Wiley & Sons, Inc., 2012
17. Hackam DG, Redelmeier DA. Translation of research evidence from animals
to humans. JAMA 2006;296:1731–1732
18. Perel P, Roberts I, Sena E, et al. Comparison of treatment effects between
animal experiments and clinical trials: systematic review. BMJ 2007;334:197–200
19. Mak IWY, Evaniew N, Ghert M. Lost in translation: animal models and clinical
trials in cancer treatment. Am J Transl Res 2014;6:114–118
20. Hovorka R, Chassin LJ, Ellmerer M, Plank J, Wilinska ME. A simulation model
of glucose regulation in the critically ill. Physiol Meas 2008;29:959–978
21. Silber HE, Jauslin PM, Frey N, Gieschke R, Simonsson USH, Karlsson MO. An
integrated model for glucose and insulin regulation in healthy volunteers and type
2 diabetic patients following intravenous glucose provocations. J Clin Pharmacol
2007;47:1159–1171
22. Sorensen JT. A Physiologic Model of Glucose Metabolism in Man and Its Use
to Design and Assess Improved Insulin Therapies for Diabetes. Cambridge, MA,
Massachusetts Institute of Technology, 1985
23. Parker RS, Doyle FJ, Ward JH, Peppas NA. Robust H∞ glucose control in
diabetes using a physiological model. AIChE J 2000;46:2537–2549
24. Schaller S, Willmann S, Lippert J, et al. A generic integrated physiologically
based whole-body model of the glucose-insulin-glucagon regulatory system. CPT
Pharmacometrics Syst Pharmacol 2013;2:e65
25. Hernández-Ordoñez M, Campos-Delgado DU. An extension to the com-
partmental model of type 1 diabetic patients to reproduce exercise periods with
glycogen depletion and replenishment. J Biomech 2008;41:744–752
26. Bisker G, Iverson NM, Ahn J, Strano MS. A pharmacokinetic model of a tissue
implantable insulin sensor. Adv Healthc Mater 2015;4:87–97
27. Alskär O, Karlsson MO, Kjellsson MC. Model-based interspecies scaling
of glucose homeostasis. CPT Pharmacometrics Syst Pharmacol 2017;6:778–786
28. Zhu JY, Dittmeyer R, Hofmann H. Application of sensitivity analysis to the
reduction of a complex kinetic model for the homogeneous oxidative coupling of
methane. Chem Eng Process 1993;32:167–176
29. Dickinson RP, Gelinas RJ. Sensitivity analysis of ordinary differential equation
systems-A direct method. J Comput Phys 1976;21:123–143
30. Vahidi O, Kwok KE, Gopaluni RB, Knop FK. A comprehensive compartmental
model of blood glucose regulation for healthy and type 2 diabetic subjects. Med
Biol Eng Comput 2016;54:1383–1398
31. Niederalt C, Kuepfer L, Solodenko J, et al. A generic whole body physio-
logically based pharmacokinetic model for therapeutic proteins in PK-Sim. J
Pharmacokinet Pharmacodyn 2018;45:235–257
32. Matzke GR, Frye RF, Early JJ, Straka RJ, Carson SW. Evaluation of the
influence of diabetes mellitus on antipyrine metabolism and CYP1A2 and CYP2D6
activity. Pharmacotherapy 2000;20:182–190

diabetes.diabetesjournals.org Yang and Associates 1825



33. Basu A, Basu R, Shah P, et al. Type 2 diabetes impairs splanchnic uptake of
glucose but does not alter intestinal glucose absorption during enteral glucose
feeding: additional evidence for a defect in hepatic glucokinase activity. Diabetes
2001;50:1351–1362
34. Bergman RN, Phillips LS, Cobelli C. Physiologic evaluation of factors con-
trolling glucose tolerance in man: measurement of insulin sensitivity and beta-cell
glucose sensitivity from the response to intravenous glucose. J Clin Invest 1981;
68:1456–1467
35. Schaller S, Lippert J, Schaupp L, Pieber TR, Schuppert A, Eissing T. Robust
PBPK/PD-based model predictive control of blood glucose. IEEE Trans Biomed Eng
2016;63:1492–1504
36. DeFronzo RA, Tobin JD, Andres R. Glucose clamp technique: a method for
quantifying insulin secretion and resistance. Am J Physiol 1979;237:E214–E223
37. Moore MC, Kelley DE, Camacho RC, et al. Superior glycemic control with
a glucose-responsive insulin analog: hepatic and nonhepatic impacts. Diabetes
2018;67:1173–1181
38. Rossetti L, Smith D, Shulman GI, Papachristou D, DeFronzo RA. Correction of
hyperglycemia with phlorizin normalizes tissue sensitivity to insulin in diabetic rats.
J Clin Invest 1987;79:1510–1515
39. Workgroup on Hypoglycemia, American Diabetes Association. Defining and
reporting hypoglycemia in diabetes: a report from the American Diabetes As-
sociation Workgroup on Hypoglycemia. Diabetes Care 2005;28:1245–1249
40. Maheandiran M, Mylvaganam S, Wu C, et al. Severe hypoglycemia in
a juvenile diabetic rat model: presence and severity of seizures are associated with
mortality. PLoS One 2013;8:e83168
41. Grant CW, Duclos SK, Moran-Paul CM, et al. Development of standardized
insulin treatment protocols for spontaneous rodent models of type 1 diabetes.
Comp Med 2012;62:381–390
42. Pospisilik JA, Martin J, Doty T, et al. Dipeptidyl peptidase IV inhibitor
treatment stimulates b-cell survival and islet neogenesis in streptozotocin-induced
diabetic rats. Diabetes 2003;52:741–750
43. Kaarsholm NC, Lin S, Yan L, et al. Engineering glucose responsiveness into
insulin. Diabetes 2018;67:299–308
44. Patek SD, Bequette BW, Breton M, et al. In silico preclinical trials: meth-
odology and engineering guide to closed-loop control in type 1 diabetes mellitus. J
Diabetes Sci Technol 2009;3:269–282

45. Jones HM, Chen Y, Gibson C, et al. Physiologically based pharmacokinetic
modeling in drug discovery and development: a pharmaceutical industry per-
spective. Clin Pharmacol Ther 2015;97:247–262
46. van de Waterbeemd H, Gifford E. ADMET in silico modelling: towards prediction
paradise? Nat Rev Drug Discov 2003;2:192–204
47. Jones H, Rowland-Yeo K. Basic concepts in physiologically based phar-
macokinetic modeling in drug discovery and development. CPT Pharmacometrics
Syst Pharmacol 2013;2:e63
48. Jones HM, Parrott N, Jorga K, Lavé T. A novel strategy for physiologically based
predictions of human pharmacokinetics. Clin Pharmacokinet 2006;45:511–542
49. van der Worp HB, Howells DW, Sena ES, et al. Can animal models of disease
reliably inform human studies? PLoS Med 2010;7:e1000245
50. The Tufts Center for the Study of Drug Development. Diabetes drug de-
velopment is riskier compared to all drug development. Tufts CSDD Impact Reports
2016;18(5)
51. Krug AW, Visser SAG, Tsai K, et al. Clinical evaluation of MK-2640: an insulin
analog with glucose-responsive properties. Clin Pharmacol Ther 2019;105:417–
425
52. Lindborg SR, Persinger CC, Sashegyi A, Mallinckrodt C, Ruberg SJ. Statistical
refocusing in the design of Phase II trials offers promise of increased R&D
productivity. Nat Rev Drug Discov 2014;13:638–640
53. Clarke WL, Cox D, Gonder-Frederick LA, Carter W, Pohl SL. Evaluating clinical
accuracy of systems for self-monitoring of blood glucose. Diabetes Care 1987;10:
622–628
54. Williams HD, Trevaskis NL, Charman SA, et al. Strategies to address low drug
solubility in discovery and development. Pharmacol Rev 2013;65:315–499
55. Dalla Man C, Rizza RA, Cobelli C. Meal simulation model of the glucose-
insulin system. IEEE Trans Biomed Eng 2007;54:1740–1749
56. Willmann S, Höhn K, Edginton A, et al. Development of a physiology-based
whole-body population model for assessing the influence of individual variability
on the pharmacokinetics of drugs. J Pharmacokinet Pharmacodyn 2007;34:401–
431
57. Cobelli C, Man CD, Sparacino G, Magni L, De Nicolao G, Kovatchev BP.
Diabetes: models, signals, and control. IEEE Rev Biomed Eng 2009;2:54–96
58. Roy A, Parker RS. Dynamic modeling of exercise effects on plasma glucose
and insulin levels. J Diabetes Sci Technol 2007;1:338–347

1826 GRI Model Connecting Humans and Rodents Diabetes Volume 69, August 2020


