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Abstract
Quantitative systems pharmacology holds the promises of integrating results from 
laboratory animals or in vitro human systems into the design of human pharma-
cokinetic/pharmacodynamic (PK/PD) models allowing for precision and personal-
ized medicine. However, reliable and general in vitro- to- in vivo extrapolation and 
interspecies scaling methods are still lacking. Here, we developed a translational 
strategy for the anticancer drug oxaliplatin. Using ex vivo PK data in the whole 
blood of the mouse, rat, and human, a model representing the amount of platinum 
(Pt) in the plasma and in the red blood cells was designed and could faithfully fit 
each dataset independently. A “purely physiologically- based (PB)” scaling approach 
solely based on preclinical data failed to reproduce human observations, which were 
then included in the calibration. Investigating approaches in which one parameter 
was set as species- specific, whereas the others were computed by PB scaling laws, 
we concluded that allowing the Pt binding rate to plasma proteins to be species- 
specific permitted to closely fit all data, and guaranteed parameter identifiability. 
Such a strategy presenting the drawback of including all clinical datasets, we fur-
ther identified a minimal subset of human data ensuring accurate model calibration. 
Next, a “whole body” model of oxaliplatin human PK was inferred from the ex vivo 
study. Its three remaining parameters were estimated, using one third of the avail-
able patient data. Remarkably, the model achieved a good fit to the training dataset 
and successfully reproduced the unseen observations. Such validation endorsed the 
legitimacy of our scaling methodology calling for its testing with other drugs.

Study Highlights
WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?
Drug development is often hindered by difficulties in generating patient data. 
Quantitative systems pharmacology (QSP) offers to combine preclinical and 
clinical results for time-  and cost- effective clinical trial design.
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INTRODUCTION

Physiologically- based pharmacokinetic (PBPK) modeling 
is currently a widely used strategy to explore and guide 
the design of experiments, from the preclinical to the 
clinical phases.1,2 This approach combines in vitro and 
in vivo data with in silico studies, and is suitably used 
for drug discovery and development.3,4 In particular, its 
usefulness has been acknowledged through the regulatory 
support from both the US Food and Drug Administration5 
and the European Medicines Agency.6 Patient eligibility 
to a certain treatment, prediction of the effect of varying 
drug regimens and doses, or simulation of physiological 
and biochemical variability (e.g., due to species, pediatric 
age, pregnancy, obesity, disease state, etc.), are some of the 
applications of such multiscale methodologies.

The integration of in vitro, preclinical, and clinical data 
is at the core of quantitative systems pharmacology (QSP), 
and is especially useful when assessment is unlikely to be 
performed directly on patients.3 QSP models represent 
the different organs/tissues as a series of compartments 
connected by flow rates, and describe prior knowledge 
in mechanistic terms (i.e., relying on the physiology and 
the molecular events of drug action). One of the key chal-
lenges resides in model calibration, which requires data 
availability that is often sparse in patients. To address this 
issue, QSP offers to use preclinical datasets to calibrate 
human models through accurate interspecies scaling and/
or in vitro- to- in vivo extrapolation (IVIVE).7

IVIVE methods are promising tools as they aim to de-
velop human PBPK models using in vitro or ex vivo data, 
with the purpose to replace, reduce, and refine animal 
use, and improve time-  and cost- effectiveness, for risk 

and safety assessment of medical products.8 However, 
such methodology is challenging to develop as, for in-
stance, bioavailability of drugs may depend on multiple 
factors related to the specific in vitro system such that 
nonspecific migration to plastics, binding to media con-
stituents, evaporation, degradation, or metabolization.9 
Thus, existing strategies for IVIVE scaling all tend to be 
specific to the in vitro system considered, which justify 
why their use in the regulatory domain lacks acceptance 
so far.8 In parallel, interspecies scaling strategies have 
been developed in an attempt to predict human phar-
macokinetics (PKs) from experimental animal studies 
(e.g., mice, rats, monkeys, etc.). The most widely de-
veloped ones are allometry- based (i.e., size- dependent) 
approaches which assume that human parameters may 
be inferred from animal parameters adjusted by a cor-
rection factor, based on body weight or body surface 
(i.e., P = aBWm, where P is a physiological property, a 
an empirical coefficient, BW the body weight, and m the 
allometric exponent).10– 18 However, predicting human 
PK leveraging on preclinical data that come from other 
species requires a quantitative translation of the drug 
fate and action that the allometric scaling laws generally 
are unable to reflect. Hence, interspecies differences in 
drug metabolism and PKs usually preclude realistic esti-
mations of human PKs.19 Despite some recent examples 
of successful translational interspecies scaling based on 
PBPK models,20– 22 the lessons learned from both IVIVE 
and allometric scaling methods report the complexities 
of developing multiscale approaches for trustworthy 
predictions, and point out the relevance of accounting 
for species- specific physiological and molecular param-
eters. Thereby, in order to efficiently guide the design of 

WHAT QUESTION DID THIS STUDY ADDRESS?
A current bottleneck of QSP is the lack of reliable interspecies/- scale methodolo-
gies accurately integrating preclinical and clinical results into human pharma-
cokinetic/pharmacodynamic (PK/PD) models. Such challenge is complicated by 
in vitro- in vivo differences in drug PKs, and by species- specific expression of the 
proteins interacting with a given drug.
WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?
Focusing on oxaliplatin, we developed: (i) an interspecies scaling methodology to 
integrate ex vivo PK data from the mouse and rat to inform the human model, and 
(ii) a multiscale approach to design a whole- body human PK model for clinically 
relevant predictive purposes.
HOW MIGHT THIS CHANGE DRUG DISCOVERY, DEVELOPMENT, 
AND/OR THERAPEUTICS?
The proposed approach allows for reliable design of human PK models that con-
stitute critical tools for personalizing drug dose and timing toward high patient 
benefit.
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clinical trials, the conception of a general framework for 
translational scaling is still an unmet need in the field 
of QSP.23

The goal of this study was to derive a general scaling 
methodology to integrate preclinical data into the design 
of clinical PBPK models for any compound, including 
those under development for which little human data 
are available. We designed such an approach for one of 
the most commonly used anticancer drug against diges-
tive cancers, oxaliplatin, for which extensive preclinical 
and clinical were available or generated to allow for full 
validation.24 We present an IVIVE and rodent- to- human 
scaling approach with a rational selection of parameter 
estimation strategies, based on model error, parameter 
estimate confidence intervals, and parameter identifi-
ability. Oxaliplatin is responsible for severe side effects, 
and large interpatient variability in toxicities and effi-
cacy has been described.25 Patient's sex plays a critical 
part, in fact, oxaliplatin hematological toxicities were al-
most twice as large in women as compared with men.26 
Oxaliplatin circadian timing of administration also led to 
differences in patients’ with colorectal cancer survival in 
a sex- dependent manner.27 Hence, mechanistic PK/phar-
macodynamic (PD) models tailored to individual pa-
tient's physiology would allow to personalize drug dose 
and timing, in order to maximize the patient's benefit.

Oxaliplatin contains molecules of platinum (Pt), which 
can irreversibly bind to plasma proteins (primarily to al-
bumin and gamma- globulins) and red blood cells (RBCs), 
becoming partitioned in the blood under three forms: total 
Pt, ultrafilterable (free) Pt, and RBC Pt.28– 30 In humans, 
more than 90% of the drug is found in a bound state, 6 h 
after administration,31 and the binding rate is known to 
vary across species, likely as a result of the different rel-
ative concentrations of the amount of plasma proteins in 
the blood.32 Importantly, this Pt- protein interaction has 
been shown to affect both the PK properties and the anti-
tumor efficacy of the treatment.33

Here, we first created a model of oxaliplatin ex vivo PK 
in the whole blood (comprising plasma and RBC compart-
ments) that was calibrated on ex vivo data coming from 
three different species (the mouse, rat, and human). We 
developed a combined physiologically based strategy for 
interspecies scaling, and parameter estimation and iden-
tifiability were extensively investigated. Then, building on 
these premises, we established a comprehensive whole- 
body model of oxaliplatin PKs, incorporating, to the for-
mer whole- blood model, two additional compartments for 
liver and other non- eliminating organs. It was thus cali-
brated using mainly preclinical data, and a minimal subset 
of human data, and this enabled accurate reproduction of 
unseen observations. This validation therefore endorsed 
the legitimacy of our ex vivo- to- in vivo scaling method.

METHODS

Ex vivo time- dependent Pt measurements 
in mouse whole blood

All procedures were performed in accordance with the 
French guidelines for animal care and experimentation 
(Directive 2010/63 and Decree 2013- 118 associated with 
5 implementing laws). The project was approved by the 
French Ministry of Research and Innovation (approval 
number APAFIS 13311- 2018020113435820). Sixteen 
8- week- old C57BL/6 male mice were kept in 12 h 
light/12 h dark cycles (LD 12:12) for 1 week. The blood 
of healthy animals was collected using cardiac puncture 
after anesthesia at ZT3. The whole blood of four to five 
mice was pooled in a total of three heparinized tubes, 
maintained at 5% CO2 at 37°C and stirred during the 
whole experiment. Oxaliplatin treatments with 20 μg/
ml were applied to the tubes at time t = 0, and 0.5 ml ali-
quots were sampled at t = 0, 0.5, 1, 2, 4, and 6 h. Samples 
were immediately centrifuged at 2000g for 10  min at 
4°C to separate the plasma and the RBCs. Then, 150 μl 
of plasma were mixed to 150 μl of phosphate- buffered 
saline (PBS) and filtered through Amicon ultra- 0.5 cen-
trifugal filter devices (Mr cutoff  =  10 kD) and centri-
fuged at 2000g for 20 min to obtain ultrafiltrate samples. 
The RBCs were washed three times with cold PBS buffer 
and re- suspended in 250 μl of cold PBS. About 150 μl of 
plasma, 250 μl of RBCs and plasma- ultrafiltrate were 
stored at −80°C until Pt determination.

Acidic lysis using one volume of nitric acid 70% during 
30 min at 50°C were done to separate Pt. Samples were 
then diluted in chloridric acid 2% and applied for Pt mea-
surement using mass spectrometry. Pt determination 
was performed by quadrupole ICPMS (iCapQ –  Thermo 
Element). The instrument was equipped with a concentric 
nebulizer (conikal 1 ml/min) and a cyclonic nebulization 
chamber. Pt was measured on masses of 194, 195, and 196 
with six runs by analysis. Standard Pt solutions were pre-
pared by weight dilution in HCl 2% (prepared from suboil-
ing distilled 37% chloridric acid) of standard 10,000 mg/L 
Pt (Spex- CertiPrep). The quality of the calibration was 
controlled every 10 samples.

Ex vivo time- dependent Pt measurements 
in rat whole blood

The rat ex vivo data come from males of 6– 8 weeks and 
~225 g of body mass.34 The animals were synchronized by 
LD 12:12 at a temperature of 22°C for at least 1 week prior 
to the experiment. They were euthanized and 4.75 ml of 
heparinized blood (250 units heparin/ml) were mixed 
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with 0.25 ml of oxaliplatin stock solution (400 μg/ml or 
1 mM) to obtain an initial oxaliplatin concentration of 
50 μM. The mixture was then incubated in 5% CO2 at 37°C 
for up to 24 h. Aliquots of 0.5 ml were taken subsequently 
at 0, 0.5, 1, 2, 4, 7, 9, and 12 h, after initial mixing. The 
samples were then analyzed for Pt recovery as bound or 
ultrafiltrate Pt in the plasma and the RBCs.

Ex vivo time- dependent Pt measurements 
in human whole blood and oxaliplatin PK 
in patients with cancer

Oxaliplatin was mixed with human blood and incubated at 
37°C.35 Aliquots of 1 ml were taken at 0, 1, 2, 3, 4, 5, and 6 h 
post mixing, and analyzed for Pt content in the plasma (ul-
trafiltrate and total Pt) and the RBCs. Three separate experi-
ments were undertaken for oxaliplatin concentrations of 5, 
10, and 20 μg/ml. The results were collated because there 
was no significant effect of the initial drug concentration on 
the percentage of total Pt recovered in each compartment.

The in vivo human data came from patients (7 men 
and 6 women) with advanced- stage solid tumors and 
normal renal function receiving oxaliplatin (130 mg/
m2) administered over a 2 h infusion.36 Blood samples 
were taken before, during, and after the treatment, and 
were assessed for Pt concentration in the total plasma, 
the plasma ultrafiltrate, and the RBCs. Individual data 
points were used to compute means and SDs as follows. 
Data points were aggregated by bins of duration 0.5  h 
over the first 4 h when the kinetics was stiff, and of 4 h 
subsequently, ensuring to have at least two points per 
time interval.

Mathematical modeling and 
parameter estimation

The physiologically- based (PB) model of Pt ex vivo PKs in 
the whole blood was based on ordinary differential equa-
tions, solved using the ode45 solver from Matlab (R2021b, 
MathWorks). Model parameters were estimated using a 
least squares approach.37 The model goodness- of- fit was 
assessed by:

where yi and σi are respectively mean and SD of the mea-
sured value at time ti, and f

(
�, ti

)
 the value predicted by the 

model, at time ti, with parameters � ∈
(
R+

)N. The optimal 
parameters �̂ were defined by:

The numerical minimization task was performed using the 
Covariance Matrix Adaptation Evolution Strategy (CMAES) 
programmed in Matlab, which is successful at handling com-
plex cost function landscapes involving a large number of 
parameters and possible local minima.38 The search interval 
for the parameters was set to [0.01, 10]. To avoid possible local 
minima, we started with five different initial guesses for each 
parameter, uniformly chosen over the search interval.

The model- to- data error 2 was classically defined as:

The combined error for multispecies simultaneous fit 
was defined as the sum of the model error for each species.

To compare the goodness- of- fit of the model in differ-
ent scenarios, we defined the metric  as the ratio between 
the error obtained for one species independent fit and the 
error derived from the current multispecies fit:

Parameter identifiability

Structural parameter identifiability was performed 
using the software DAISY (Differential Algebra for 
Identifiability of SYstems),39 written in REDUCE. 
Practical identifiability was assessed by the method of 
profile likelihoods,40 that establishes whether a param-
eter θ is practically identifiable from a predefined set of 
data, and provides its confidence interval (CI) provided 
a certain confidence level, here set to α  =  0.05. The 
likelihood- based CIs are defined by:

where the threshold Δα is the α quantile of the χ2- distribution 
with degree of freedom (df) = 1.

In practice, after finding the optimal parameter set �̂, 
the profile likelihoods are computed for each parameter θi 
by fixing it to a specific value and re- optimizing all other 
parameters. This step is repeated for a range of values of 
θi, covering several orders of magnitude. The points at 
which the profile likelihood intersects the threshold Δα 
are the lower and upper bounds of the CI of θi. However, 
if the profile likelihood does not pass through the thresh-
old, then the CI is infinite and the parameter is said to be 
nonidentifiable.41
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RESULTS

A mechanism- based model of oxaliplatin 
PK in the ex vivo whole blood

The PBPK model of oxaliplatin in the whole blood describes 
the drug fate when administered ex vivo into the blood 
sampled from drug- naive individuals (Supplementary 
File  S1, Section 1.1). Oxaliplatin diffuses in the tube as 
free Pt, then either binds to plasma proteins, or permeates 
into the RBCs and potentially binds to intracellular 
proteins.28,29 To mimic these dynamics, our oxaliplatin 
PK model describes Pt levels, in the plasma and the RBC 
compartments, either in free or bound states (Figure 1a). 
Pt binding/unbinding and cellular transport rates are 
derived from the law of mass action and Fick's first 
law, respectively. Plasma or RBC intracellular proteins 
are assumed to be in large excess as compared with Pt 
quantities so that they were modeled as constant values 
in the equations. The binding processes were dynamically 
modeled as both ex vivo and clinical data showed that the 
steady- state hypothesis assuming proportionality between 
total and unbound Pt was not fulfilled (e.g. see Figure 2). 
The bound Pt fractions were assumed not to be able to 
move between compartments. Binding and unbinding 
rates were supposedly different between plasma (kp

b
 and 

k
p
u) and RBC (kb and ku) to account for different protein 

content. Pt unbinding, although much slower than the 
other reactions, was included into the model to ensure 
the existence of model steady- states with non- zero values 
of unbound Pt, as observed in the datasets. This may 
represent whenever a Pt- bound protein decays, hence 
releasing Pt in its unbound state.

The system initial conditions were set to account for 
oxaliplatin being unbound in the plasma at time t = 0. All 
model parameters were tested for global identifiability 
using DAISY (see Methods), and resulted to be structur-
ally identifiable without the need for initial conditions to 
be present.

The flowchart displayed in Figure  1c illustrates the 
methodological strategy undertaken for the design of our 
ex vivo interspecies scaling approach. It is broken down 
into four sequential steps with specific modeling assump-
tions on parameter scaling and data integration to build 
reliable human PBPK models from multispecies data.

Ex vivo oxaliplatin PK model faithfully 
fits the mouse, rat, and human datasets 
independently

As a first step, the ex vivo model was calibrated for each 
species independently, in order to retrieve the error 

associated with the best possible fit of each dataset, 
referred to as ℰ2 (see Methods; strategy (1) in Figure 1c). 
This value served as a reference for the next parts where 
multispecies datasets were combined together. The 
model was able to closely fit each dataset, for plasma or 
RBC, total and ultrafiltrate Pt forms (cf. independent fits 
with full datasets in Table 1). The practical identifiability 
of each species PK parameters was also investigated (see 
Methods). Although all parameters were shown to be 
practically identifiable, many of them showed very large 
CIs of several orders of magnitude, which demonstrate 
the lack of precision for relying on a dataset from only 
one species (Figure  2d– f). The rat dataset was the 
most complete as it provided time- resolved profiles 
for all model variables, so that the parameter CIs were 
remarkably smaller than for the mouse and human 
datasets. In particular, the RBC binding rate kb and the 
RBC uptake kout resulted identifiable for human data 
but with large CIs.

Furthermore, we investigated the human parameter 
identifiability in a more realistic scenario where clinical 
data availability could be challenging. Thereby, this time 
we only used total plasma Pt levels for model calibration, 
according to most common measurements in the litera-
ture.42– 44 We therefore studied the effect of restraining the 
full human dataset (longitudinal concentrations of total 
and free Pt in the plasma, and total Pt in the RBCs, de-
noted by Ptot, Pf, and Rtot, respectively) to either Ptot and Pf 
or Ptot and Rtot, or only Ptot. This allowed to assess which 
experimental variables had the most important repercus-
sions in terms of parameter identifiability (Figure 2g– i). 
Our results showed that Pf measurements were critical for 
the practical identifiability of the three parameters related 
to RBC binding, unbinding, and uptake rates (i.e., kb, ku, 
and kout, respectively). Conversely, the exclusion of Rtot 
data did not hinder identifiability of any parameter, but 
each of them was determined within larger CIs (Table 1). 
Unsurprisingly, in the most data- restrained case, where 
we only included Ptot, all parameters (but one, kin) became 
nonidentifiable.

The goodness- of- fit using only partial human data was 
affected in a similar manner, as quantified by an increased 
error ℰ2 as compared to the one obtained when using all 
human datasets (cf. independent fits with partial datasets 
in Table 1).

Interspecies model scaling: purely PB 
strategy without use of human data did not 
yield accurate predictions

We have discussed, in the previous section, that patient 
data is often limited, and that this can substantially stretch 
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F I G U R E  1  Schematic of oxaliplatin PK models and flowchart of the methodologies. (a) The ex vivo whole- blood model consists of 
four compartments and describes the Pt binding states in the plasma and the RBCs. Model parameters are the Pt binding and unbinding 
rates in the plasma (kp

b
 and kpu), or in the RBCs (kb and ku), the uptake and efflux rates between the plasma and RBCs (kin and kout). (b) The 

in vivo whole- body model complements the former whole- blood model with the liver and the other non- eliminating organs. The Pt is 
first injected into the plasma (D(t)), from where a part undergoes renal clearance, and the rest transits back and forth the liver, RBC, and 
organs’ compartments. (c) Sequence of the scaling strategies. Strategy (1) is scaling- free and consists in the independent fit of each dataset, 
estimating species- specific values for each model parameter (colored matrix columns), and providing the minimal model- to- data error as 
a reference for goodness- of- fit quantification for the following approaches. Strategy (2) is a “purely PB” scaling (i.e., based on the common 
estimation of the six model parameters [gray matrix columns]), using only the preclinical (mouse and rat) datasets for model fit, and 
retrieving the human parameters through scaling laws. This approach failed to provide a good fit. Strategies (3) and (4) are hybrid as they 
include a species- specific estimation of a single parameter, whereas five common parameters were calculated and subsequently scaled for 
each species by PB laws. They integrate the three datasets. Strategy (3) concluded that the species- specific estimation of plasma binding rate 
k
p

b
 was the only method leading to proper data fit. Strategy (4) built up on this information and undertook this methodology with partial use 

of human data which led to equivalent fit but partial loss of parameter identifiability. M, R, H, mouse, rat, human; PB, physiologically- based; 
PK, pharmacokinetic; RBC, red blood cell.
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the distance between actual and predicted PK parameters, 
directly entailing poor in silico predictions. In response to 
such limitations, IVIVE concepts have emerged in view of 
minimizing the amount of clinical data needed to faith-
fully calibrate human PK models through the use of pre-
clinical datasets, through interspecies model scaling.

We therefore developed a method based on physiolog-
ical scaling laws, which conserved the structure of the 
ex vivo mouse, rat, and human models, adjusting the PK 
parameters by species- dependent physiological constants 
(strategy (2) in Figure 1c). More precisely, for each species 
S, the plasma Pt binding rate (kp

b
S) was assumed propor-

tional to the total plasma protein concentration, thus say-
ing that the reaction follows the law of mass action with 
circulating protein being in large excess as compared to 
Pt. Similarly, RBC Pt binding (kS

b
) was defined as propor-

tional to the levels of hemoglobin, assuming that hemo-
globin interspecies variation is representative of changes 
in total RBC protein concentrations, because it is the most 
abundant protein in the RBCs.45 Pt transport rates in and 
out of the RBCs were re- scaled by the species- specific 
total RBC surface, calculated as the product of the RBC 
count and the surface area (SA) of a single RBC. Finally, 
the unbinding processes were considered as passive, 

hence, parameters kpu and ku were assumed to be species- 
independent. All these considerations are then formalized 
by the following relations:

where the physiological quantities were derived from the 
literature for all three species (Table S2 in Supplementary 
File S1, Section 2).

At first, we adopted a “purely PB” approach, in which the 
parameters of the human model were estimated from the 
combination of preclinical datasets. We thus estimated the six 
common biochemical parameters (Kp

b
, Kb, K

p
u, Ku, Kin, and Kout) 

based on the mouse and rat observations, and then obtained 
human- specific PK parameters (kp

b
H , kH

b
, kH

in
, and kHout) apply-

ing the above- described PB laws (1)– (4). However, the human 

(1)k
p
b
S = K

p
b
× Total plasma proteinS

(2)kS
b
= Kb × RBC hemoglobinS

(3)kS
in
= Kin × RBC countS × SAS

(4)kSout = Kout × RBC countS × SAS

F I G U R E  2  Model best fit and parameter identifiability for the ex vivo oxaliplatin PK model. Best fit for independently fitted (a) mouse, 
(b) rat, or (c) human datasets. Error bars represent SDs. Profile likelihood for the parameters of the single- species model based on (d) mouse, 
(e) rat, or (f) human whole dataset. (g– i) Profile likelihood for the parameters with partial use of the human datasets. The 95% confidence 
interval level for parameter identifiability is indicated by a horizontal threshold in panels d– i. PK, pharmacokinetic.
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predictions recovered from mouse and rat data combined in 
such a way, revealed a large model- to- data error (Figure 3). For 
mouse, rat, and human fits, respectively, the error ℰ2 resulted 
equal to 6.22, 5.49, and 120.87; the latter being an increase of 

~28 folds as compared to the best possible human fit. This 
demonstrated that the “purely PB” approach was inadequate 
to reproduce the human observations, and required the refine-
ment of the former PB scaling assumptions.

T A B L E  1  Best- fit par

Units Mouse (all) Rat (all) Human (all)

Independent fits (full datasets)

Plasma binding kp
b

h(−1) 0.48 [0.34, 0.77] 0.36 [0.34, 0.38] 1.45 [1.28, 1.67]

RBC binding kb h(−1) 3.70 [1.50, 31.81] 9.37 [6.55, 14.42] 2.61 [0.84, 12.79]

Plasma unbinding kpu h(−1) 0.18 [0.05, 0.38] 0.09 [0.08, 0.11] 0.24 [0.19, 0.31]

RBC unbinding ku h(−1) 0.29 [0.16, 0.70] 1.66 [1.09, 2.69] 0.39 [0.19, 1.50]

RBC uptake kin ml/h 11.56 [4.69, 34.63] 1.80 [1.72, 1.90] 3.40 [2.58, 4.54]

RBC efflux kout ml/h 29.67 [5.77, 139.34] 1.01 [0.81, 1.26] 3.80 [0.96, 16.40]

Error �2 a.u. 2.62 5.28 4.38

Units Human (Ptot and Pf) Human (Ptot and Rtot) Human (Ptot)

Independent fits (partial datasets)

Plasma binding kp
b

h(−1) 1.49 [1.33, 1.74] 2.19 [1.73, 2.70] 0.10 [0, 1.07]

RBC binding kb h(−1) 1.50 [0.41, 3.75] 147.00 [26.28, 938.74] 9.36 [5.08, >103]

Plasma unbinding kpu h(−1) 0.26 [0.21, 0.33] 0.39 [0.27, 0.53] 0.10 [0, >103]

RBC unbinding ku h(−1) 0.24 [0.04, 0.53] 10.00 [1.78, 61.23] 10.00 [0.02, 134.59]

RBC uptake kin ml/h 4.42 [3.22, 5.97] 3.55 [2.78, 4.48] 0.19 [1.04, 1.72]

RBC efflux kout ml/h 4.63 [1.58, 12.93] 9.86 [1.93, 54.49] 0.43 [0.01, 46.89]

Error �2 a.u. 5.25 6.37 16.43

Units Mouse (all) Rat (all) Human (all)

Joint inter- species fits (full datasets)

Plasma binding kp
b

h(−1) 0.49 [0.06, 1.36] 0.39 [0.21, 0.62] 1.18 [0.92, 2.85]

RBC binding kb h(−1) 7.70 [2.54, 57.70] 7.76 [2.56, 58.15] 8.95 [2.95, 67.09]

Plasma unbinding kpu h(−1) 0.14 [0.00, 0.37] 0.14 [0.00, 0.37] 0.14 [0.00, 0.37]

RBC unbinding ku h(−1) 1.31 [0.17, 5.48] 1.31 [0.17, 5.48] 1.31 [0.17, 5.48]

RBC uptake kin ml/h 2.29 [1.46, 3.54] 1.94 [1.24, 3.00] 2.12 [1.35, 3.28]

RBC efflux kout ml/h 1.73 [0.12, 10.07] 1.47 [0.10, 8.55] 1.61 [0.11, 9.35]

Error �2 (individual) a.u. 4.46 6.24 6.37

Error �2 (combined) a.u. 5.55 5.55 5.55

Units Mouse (all) Rat (all) Human (all)

Joint interspecies fits (partial datasets)

Plasma binding kp
b

h(−1) 0.47 [0.09, 1.25] 0.36 [0.21, 0.61] 1.18 [0.62, 2.32]

RBC binding kb h(−1) 8.82 [3.01, 51.50] 8.89 [3.03, 51.90] 10.26 [3.50, 59.88]

Plasma unbinding kpu h(−1) 0.11 [0.00, 0.33] 0.11 [0.00, 0.33] 0.11 [0.00, 0.33]

RBC unbinding ku h(−1) 1.55 [0.24, 6.07] 1.55 [0.24, 6.07] 1.55 [0.24, 6.07]

RBC uptake kin ml/h 2.16 [1.51, 3.36] 1.84 [1.28, 2.86] 2.01 [1.40, 3.12]

RBC efflux kout ml/h 1.40 [0.10, 7.21] 1.19 [0.08, 6.12] 1.30 [0.09, 6.69]

Error �2 (individual) a.u. 5.01 5.37 8.17

Error �2 (combined) a.u. 6.34 6.34 6.34

Abbreviation: RBC, red blood cell.
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Interspecies model scaling: combining 
physiologically- based scaling and 
partial use of human data revealed an 
accurate strategy

The outcome of the “purely PB” scaling hypothesis could 
not provide confident predictions for the considered 
human sets of data. We therefore investigated a novel 
scaling methodology that allowed us to accurately 
calibrate the human model integrating the human data to 
the preclinical (rodent) data (strategy (3) in Figure 1c).

Because PB scaling imposes a proportionality rule for 
any given parameter that depends on the species, here, 
the main idea was to relax this constraint for exactly one 
parameter and allow independent species- specific estima-
tion of that one parameter, in order to maximally improve 
human data fit. Hence, we applied this strategy on each of 
the six parameters of the model. In practice, for example, 
if the plasma binding rate was to be fitted by species, the 
corresponding PB scaling law (1) would be replaced by:

where Kp
b
S now took different values for each species S. This 

procedure increases the number of parameters to estimate 
to eight, instead of six.

We assumed one PK parameter (Kp
b
, Kb, K

p
u , Ku,

Kin, Kout) at a time as species- specific, to explore in a 
mechanistic manner the validity of each PB law one- by- 
one. We ran the optimization algorithm for mouse, rat and 
human, simultaneously, and computed the goodness- of- fit 

 from the combined error ℰ2 for the three species (see 
Methods). The overall best fit ( = 0.80) was obtained 
with species- specific plasma Pt binding rates kp

b
 (Table 2), 

which was a great improvement from the “purely PB” 
scaling case (strategy (2),  = 0.12) and was closest to the 
reference best- fit obtained from the independent parame-
ter estimation by species (strategy (1),  = 1). Allowing the 
Pt plasma binding rate to be different for each of the three 
species was the only strategy that significantly increased 
the overall goodness- of- fit. Hence, it indicated that the 
corresponding PB law was largely responsible for the fail-
ure of the purely PB fit (strategy (2)).

The advantage of this approach is that the number of 
parameters and computational complexity stayed man-
ageable while improving goodness- of- fit for all three spe-
cies combined, with respect to any other strategy.

Notably, these findings allowed us to define an accu-
rate interspecies scaling strategy, yet based on the whole 
available human dataset (Figure 4a– c). Our aim was then 
to investigate the impact of the partial incorporation 
of the human dataset on both model fit and parameter 
identifiability, only using Ptot data points (strategy (4) in 
Figure 1c).

On the one hand, the best- fit models were very satis-
factory, providing reasonably small errors ℰ2 (Figure 4d– f; 
joint fits in Table 1). The optimal values of each species- 
specific parameter were similar whether human data 
were included in its totality or at the bare minimum 
(Table 1). Even though the ℰ2 error for the human model 
was slightly increased by 1.30- fold for partial versus full 
data integration, the fitness error for all species combined 

(1)k
p
b
S = K

p
b
S × Total plasma proteinS

F I G U R E  3  Best- fit models after calibration using the “purely PB” strategy. Human model was obtained from the rodent- derived optimal 
parameters corrected by human- specific scaling factors. PB, physiologically- based.
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only underwent a negligible augmentation of 1.07- folds 
(Table  1). On the other hand, parameter identifiability 
was also comparatively similar: the CIs for the model in-
formed with partial human data were slightly larger, es-
pecially for the parameter kpu that became nonidentifiable 
(Figure 4g,h).

The integration of preclinical data and the use of inter-
species scaling allowed to achieve identifiability of almost 

all parameters of the human model solely using the Ptot 
dataset, which was instead not possible through the cal-
ibration of the human model without mouse and rat in-
formation (Figure 2i). Hence, these results suggested that 
such an interspecies scaling approach may prove promis-
ing in reducing the amount of patient- derived data needed 
to design predictive PK models.

Next, we expanded the ex vivo study to explore oxalipla-
tin PKs at the whole- body level. We thus built on the ex vivo 
whole- blood PK model and estimated human parameters 
translating them into an in vivo framework, according to the 
IVIVE principles. As a result, we developed an extended ox-
aliplatin whole- body PK model relevant for clinical studies.

A mechanism- based model of oxaliplatin 
whole- body PKs

The model of oxaliplatin whole- body PKs in human data 
included the whole- blood core compartments (plasma 
and RBCs) which were supplemented with represen-
tation of the liver, that is an important site for both 
drug metabolism and metastasis for colorectal cancers, 
and the rest of the non- eliminating tissues, referred to 
as “organs” hereafter (Figure  1b). Unbound Pt in the 

T A B L E  2  Model goodness

Goodness- of- fit (a.u.)

Mouse Rat Human MRH

Independent fit 1 1 1 1

Simultaneous fit

Similar k's for all 0.43 0.96 0.04 0.12

Species- specific kp
b

0.6 0.9 0.73 0.8

Species- specific kb 0.65 0.42 0.19 0.33

Species- specific kpu 0.64 0.42 0.26 0.37

Species- specific ku 0.7 0.42 0.19 0.33

Species- specific kin 0.68 0.25 0.23 0.27

Species- specific kout 0.63 0.44 0.21 0.35

Abbreviation: MRH, mouse, rat, human.

F I G U R E  4  Interspecies scaling and identifiability based on mouse, rat, and human datasets combined. (a– c) Model best- fit for the 
hybrid PB scaling strategy where the plasma binding rates kp

b
 were fitted for each species individually, using all mouse, rat, and human 

datasets; (e– g) model best- fit using the same approach as for (a– c) restraining the use of human data to only Ptot. Profile likelihoods for 
identifiability of the six parameters of the human model with (g) full or (h) partial data integration (see Table 1 for the optimal values and 
the CIs). CI, confidence intervals; PB, physiologically- based; Pt, platinum.
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plasma could either enter or exit the liver and the organs 
compartments at the rates kl

in
 or klout, and ko

in
 or koout, re-

spectively. As oxaliplatin is mainly eliminated through 
the kidneys, a clearance term was added in the plasma 
compartment (cp).46

Using the study of oxaliplatin ex vivo PK in the human 
whole blood, we adjusted the ex vivo parameters for the 
whole- body scale as follows. First, the plasma and RBC 
Pt unbinding and binding rates (kpu and kp

b
, and ku and kb, 

respectively), remained unchanged from the ex vivo case 
because these processes followed the law of mass action. 
Pt transport between plasma and RBC followed Fick's 
first law, which states that the transport rate is propor-
tional to the surface of contact between both compart-
ments. Hence, the in vivo RBC transport rates, hereafter 
denoted as kr

in
 and krout, were obtained by proportionally 

scaling the ex vivo transport rates, kin and kout, using the 
total numbers of RBCs in the ex vivo and in vivo settings. 

Concerning the liver and the organs compartments, we 
assumed Pt unbinding and binding rates to be the same 
as in the RBCs, and, for the sake of simplicity, we set the 
plasma uptake rate equal to the efflux rate (i.e. kl

in
= klout 

for the liver and ko
in
= koout) for the organs (Supplementary 

File S1, Section 1.2).
To calibrate the oxaliplatin in vivo model, we made 

use of patient- derived data from ref. 36, that consisted of 
measurements of free and total plasma Pt (Pf and Ptot), 
and total RBC Pt (Rtot). Restricting our calibration to a 
minimal subset of data (i.e., Ptot only), we estimated the 
parameters for liver and organs transport (kl

in∕out
 and 

ko
in∕out

), and plasma clearance (cp; Figure  5a). Both re-
maining datasets were then used for validation purposes 
(Figure 5a,b).

Time- dependent oxaliplatin intravenous injection 
(D(t)) was added to the plasma compartment. According 
to the original clinical trial,36 a 2  h drug infusion was 

F I G U R E  5  Model best- fit and parameter identifiability of the in vivo human model. (a– b) Plasma and RBC Pt levels. Open triangles 
correspond to data points used for parameter estimation, whereas filled symbols are the validation dataset. (c) Liver Pt levels. Gray lines 
represent model variation for kl

in∕out
 values varied in its CI, with ko

in∕out
 and cp set to their best- fit estimation. (e) Amount of Pt cleared from 

the plasma compartment over time. The data point corresponds to 55% of drug cleared at the end of the simulation, as estimated from the 
literature. The open symbol indicates the data point was used for parameter estimation. (f) Profile likelihoods showing the identifiability of 
the three parameters of the in vivo model. PK, pharmacokinetic; Pt, platinum; RBC, red blood cell.



12 |   CATOZZI et al.

administered to patients every 3 weeks. A single cycle was 
then modeled by the term:

where the oxaliplatin dose is 130 mg/m2,36 the oxaliplatin 
molar mass is 397.2858 g/mol, and the human body surface 
area mean across sexes (SA) is 1.75 m2.47

Importantly, the total amount of oxaliplatin cleared in 
human 5 days post- injection was estimated to ~55% of the 
total dose.46 This information was taken into account in 
the parameter estimation as follows. The renal clearance 
constraint was included in the cost function, which trans-
lated in the minimization of the following term:

where Cl
(
tf
)
 is the quantity of Pt cleared through the kid-

neys at final time, and std_clear is the standard deviation of 
Cl
(
tf
)
. The std_clear term was not documented in the liter-

ature, and was set to the minimal value ensuring the con-
straint was fulfilled (i.e., ±0.1% of the total dose).

We found that our model was able to fit nicely the 
Ptot data that was used for calibration. All three parame-
ters of the models were found to be identifiable and dis-
played small CIs (Figure 5f). Optimal values were given 
by kl

in∕out
= 5589ml∕h (profile likelihood- derived CI 

[4184, 7106]), ko
in∕out

= 88393ml∕h (CI [87600, 91552]), 
cp = 1.376 h−1 (CI [1.375, 1.377]).

We then evaluated the ability of the model to repro-
duce unseen data. The actual observations of free Pt 
in the plasma (Pf) were very close to the predicted ones 
(Figure 5a). On the opposite, Pt levels in RBCs (Rtot) were 
underestimated starting from 6  h after drug administra-
tion with an average deviation of ~35% (Figure 5b).

Finally, we investigated the robustness of the model 
predictions for Pt levels in the liver by varying the param-
eter kl

in∕out
, which showed the largest CI. The parameter's 

variation within the lower and upper bounds values of its 
CI (keeping ko

in∕out
 and cp set to their best- fit estimation), 

only minimally affected the Pt time- concentration in the 
liver (Figure 5c).

DISCUSSION

The goal of this work was to provide a general interspecies 
and interscale translational methodology for reliable 
predictions of whole- body drug PKs in patients from both 

preclinical and clinical information. Two main translational 
questions were addressed: (1) the scaling across species, in 
an ex vivo setting, and (2) the multiscale ex vivo- to- in vivo 
extrapolation, for a given species (i.e., human).

First, we developed a PB model of oxaliplatin ex vivo 
PK to predict the drug transport and binding within the 
whole blood of three different species: mouse, rat, and 
human. The model successfully fitted each of the three 
datasets independently, hence providing a solid basis 
for investigating the use of preclinical data for clinical 
predictions. We applied a purely PB interspecies scaling 
method, based on species- specific blood physiological 
constants, in order to predict Pt whole- blood kinetics 
in human, solely based on mouse and rat datasets. This 
approach failed, so we designed a new hybrid strategy 
combining the estimation of one species- specific param-
eter with PB scaling. This time, we showed that the es-
timation of one parameter, for example, the Pt binding 
rate to plasma proteins (kp

b
) in a species- specific manner, 

with the other five parameters adjusted by PB scaling, 
was sufficient to account for the variance between the 
drug PKs in the three different species. Notably, our pro-
posed methodology permitted to maximize the number 
of parameters common to all species, hence reducing 
the degrees of freedom of the approach and increasing 
its reliability and translational power. However, this re-
sult about species- specific kp

b
 suggested that the equa-

tion used to scale Pt binding rate in the plasma was not 
a valid assumption. Indeed, the interspecies ratios of cir-
culating protein concentrations were lower as compared 
to those of kp

b
's (Table 1 and Table S2 in Supplementary 

File S1). Hence, the use of total plasma protein concen-
trations might not be a good proxy of Pt binding to cir-
culating protein. More specifically, the plasma protein 
composition and relative proportions may vary across 
species which could explain the lack of predictability 
power of this lumped physiological value.33,48 Moreover, 
circadian rhythms of circulating protein concentrations 
have been documented in humans,49 rats,50 and mice51 
and a correction for possible measurement bias might 
be needed. Considering that human and rat are, respec-
tively, diurnal and nocturnal species, we could assume 
a phase opposition in plasma protein circadian rhythms 
between both. Because the maximum circulating pro-
tein concentrations in human was estimated to ~±7.5 g/
dl,49 and the minimum in Rat to 4.83 g/dl50 which led 
to a ratio of 0.64. However, the ratio kp

b
Rat∕k

p
b
Human was 

equal to 0.33 so that the protein variability attributable 
to the circadian rhythms is insufficient to account for 
the calculated difference in Pt plasma binding rate be-
tween rat and human (cf. strategy (3) in Table 1).

Additionally, we investigated parameter identifiability 
depending on the use of different datasets. We showed 

D(t)=

(
tot_dose∕2 for t≤2

0 otherwise
with tot_dose=

oxa_dose×SA

oxa_mol_mass
=572.6 �M

Cl
(
tf
)
∕ tot_dose − 0.55

std_clear
with tf = 120 h
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that focusing on subsets of the human dataset led to deg-
radation, if not loss, of the identifiability of several param-
eters. Remarkably, the key to recover identifiability for the 
human model was to complement those human subsets 
with mouse and rat information. This is highly relevant in 
clinical context, as the difficulties related to patient data 
collection must be taken into account.

Our second research question dealt with the IVIVE 
challenge and aimed to predict oxaliplatin whole- body PKs 
in human. For that, the ex vivo model was incorporated 
into a larger whole- body in vivo PBPK model accounting 
for the liver and other non- eliminating organs. The PK 
parameters of plasma and RBC binding/unbinding were 
used directly into the new model, whereas RBC transport 
parameters were scaled from the ex vivo model according 
to RBC surfaces. The three remaining model parameters 
were calibrated to in vivo human data on total plasma Pt 
time- course profiles which were well fitted. Furthermore, 
the best- fit model was able to achieve a good fit to un-
seen observations on free plasma Pt kinetics. Regarding 
RBCs, the model underestimated Pt data, which indicated 
that the scaling method of the RBC transport parameters 
may need to be refined. The liver predictions also have an 
added value because, according to our knowledge, those 
data have not yet been assessed in patients with cancer 
due to technical hurdles. Such information may be critical 
in the context of malignancies associated with liver metas-
tases. Trustworthy simulation of liver drug concentrations 
is essential for estimating patient- specific dosimetry and 
timing. Thus, experimental confirmation of our results 
would be of high importance.

The physiological relevance of our parameter estimates 
is detailed hereafter by comparison to previously reported 
values. Our whole- body PK model led to oxaliplatin ul-
trafiltrate clearance of 4.0702 L/h. This was comparable 
to the values computed in studies using bi- compartment 
models (i.e., 4.81 ± 1.93,52 and 8.5 ± 0.29 L/h in women and 
14.1 ± 1.15 L/h in men).53 It was slightly lower than the lit-
erature values, reported in classical PK analyses based on 
model- independent approaches, which ranged from 9.3 
to 26.5  L/h.31,46 Those studies do not explicitly consider 
the dynamics of Pt binding so that comparison of bind-
ing parameters were not possible. Furthermore, published 
compartmental models include different numbers of 
compartments with different volumes as compared to our 
model so that transport parameters were not comparable.

One promising expansion of the current work would 
envisage the applicability of this methodology to other 
drugs, because the framework we presented here is rather 
general. Accurately integrating preclinical results into 
the design of mechanistic whole- body human drug PK 
models would allow for the optimization of clinical trial 
design, in a cost-  and time- effective manner. Importantly, 

such a tool allows to integrate patient biomarkers, covari-
ates, pharmacogenomics, or molecular information, such 
as liver enzyme activity, for individualized prediction of 
drug PKs. The model ability to describe and mechanisti-
cally explain interpatient variability is crucial to predict 
drug response and resistance toward treatment personal-
ization. Another important aspect that revealed decisive in 
therapy response is related to the circadian timing system, 
that rhythmically controls most physiological processes 
over the 24 h span.25 The circadian rhythms in tumor and 
healthy tissues may largely affect drug response and can 
be included in mechanistic PK/PD models to strategically 
exploit them for drug timing optimization.54 Furthermore, 
oxaliplatin PKs, antitumor efficacy, and toxicities were 
shown to depend on the dosing- time both in preclinical 
and clinical studies.30,54 Such a circadian- related variabil-
ity could not be investigated in the present study as tim-
ing of blood sampling, although reported for the mouse 
experiments (ZT3, Methods section), was not indicated 
either in the rat or in the human datasets. Hence, further 
mechanism- based circadian studies of oxaliplatin PKs are 
required.

In conclusion, our work incorporated and unified 
concepts of both interspecies and IVIVE scaling, and il-
lustrated a modeling framework based on QSP that over-
comes the common bottlenecks encountered in either 
field. The proposed approaches and their application into 
the clinics will mark an important achievement in the ra-
tional design of more effective cancer treatment strategies.
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