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ABSTRACT

Pharmacokinetic and pharmacodynamic (PK/PD) models are used to predict drug transport in the
body and to assess treatment efficacy and optimal dosage. The kinetic parameters embedded in
the models, which define transport across body compartments or drug efficacy, can be linked to
patient-specific characteristics; understanding the parameter space-model output relationship is
critical towards linking patient population heterogeneity to the therapeutic outcome variability.
Global Sensitivity Analysis (GSA) is a well-established tool used to examine parameter-to-param-
eter interactions, shedding light on underlying interactions towards enhanced system understand-
ing. Despite its potential and usefulness, GSA performance is dependent to the model complexity;
large-scale and nonlinear PK/PD models, which often have large sets of parameters, can render
GSA challenging to perform, requiring excessive computational effort. Proposed approaches to
reduce GSA complexity, such as segmentation in parameter subsets or the introduction of surro-
gate metamodels, become less effective as the number of kinetic parameters grows. In this work,
we investigate the potential of Machine Learning (ML) to reduce the complexity of PK/PD models
by exploring how the level of hybridisation can impact the GSA performance and, critically,
whether the use of surrogates affects the resulting model sensitivity to parametric uncertainty.
We show that ML-based surrogates can reliably identify parameter interactions and sensitivities
while requiring only a limited number of simulations of the reference mechanistic model. Further,
surrogates models effectively reduce the computational expenditure of GSA of multi-dimensional
nonlinear PK/PD models. The accelerated execution of GSA enables performing patient cohort-
specific analysis, with potential applications for optimal study design and for precision medicine.
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INTRODUCTION

The efficacy of a pharmacological treatment de-
pends on achieving adequate drug concentration at the
designated target site within the body. Once adminis-
tered, drug molecules undergo absorption, distribution,
metabolism, and excretion (ADME) processes that col-
lectively determine the drug’s fate within the organism.
Pharmacokinetics (PK) is the scientific discipline that
studies these processes. Experimental PK traditionally in-
volves administering a drug to a biological system,
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collecting samples (typically blood) at multiple time
points, and measuring the drug concentration. This pro-
duces a concentration-time profile. If a relationship be-
tween concentration and pharmacological effect can be
established, PK can be adopted as a surrogate indicator
of the expected efficacy or toxicity. This information is
essential for guiding dosing regimens, ensuring patient
safety, and informing early-stage clinical drug develop-
ment.

The field of PK has been substantially advanced by
the introduction of mathematical modelling and
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simulation approaches, collectively known as pharmaco-
metrics. Classic pharmacometric analyses rely on ordi-
nary differential equations to simulate drug concentration
profiles in blood [1,2]. Over time, several PK modelling
approaches have emerged: Population PK adopts nonlin-
ear mixed-effects modelling to characterize the variabil-
ity in PK parameters across patients; Physiologically-
Based Pharmacokinetic (PBPK) models focus on an ana-
tomically-based and physiology-driven representation of
ADME processes to support inter-species extrapolation;
PK/PD (pharmacodynamics) models link drug concentra-
tions to biological effects to predict therapeutic and ad-
verse outcomes.

Quantitative Systems Pharmacology (QSP) is a re-
lated modelling discipline that builds upon the pharmaco-
metric approach by incorporating systems biology con-
cepts [3]. QSP models can be used to link molecular, cel-
lular, tissue, and organ-level data into multi-scale, mech-
anistic frameworks. QSP has a broad application space,
models typically capture the dynamics of a biological
system undergoing disease progression with or without
the modulatory intervention of a therapy and considering
the inter-individual differences. This integrative ap-
proach enables the bridging of empirical data and mech-
anistic understanding, thereby informing rational drug
design, hypothesis testing, and personalized therapeutic
strategies.

For mechanistic approaches like PBPK or QSP,
model parameterization is critical. During model design,
the parameterization strategy has implications on model
identifiability and model fit. During model application, al-
ternative parameterization of the same underlying model
structure is used to characterize the diversity across pa-
tient population or disease status and therefore project
the consequential disease progression/treatment varia-
bility. Here, sensitivity analysis is adopted to study the
role of the various model parameters on the model end-
point. Collectively, identifiability and sensitivity analyses
are fundamental tools employed to determine whether
unique parameter values can be inferred from available
data, to ascertain whether model structures require sim-
plification, and to quantify how parameter values influ-
ence model outputs of interest.

Classical sensitivity analysis involves perturbing in-
dividual parameters from a reference set and evaluating
changes in model outputs. In contrast, global sensitivity
analysis (GSA) considers the entire parameter space,
recognizing that biological parameters often exist as dis-
tributions rather than fixed values. GSA identifies which
parameters most strongly influence model outputs
across a wide range of plausible parameter values,
thereby providing a more comprehensive understanding
of parameter importance under uncertainty. Some con-
crete examples of applications of GSA in QSP include: (i)
identification of disease pathways which significantly
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influence outcome and should therefore be primary focus
of research, (i) support of patient stratification, by se-
lecting those whose characteristics are more strongly as-
sociated to an endpoint of interest, (iii) model complexity
reduction, by identifying the most relevant model com-
ponents related to the endpoint of interest and therefore
reducing the structure to include only them, or (iv) pro-
vide rationale for the creation of reduced-order surrogate
models.

Each individual patient has unique characteristics,
such as age, and sex, or the presence of adverse condi-
tions. When performing GSA, these individual character-
istics are aggregated into a broader parameter space
representing an entire cohort, meaning the sensitivity
analysis results reflect the response of the whole ensem-
ble rather than specific individuals. This generalization,
while necessary for computational tractability, can lead
to suboptimal decisions in experimental design for pre-
clinical trials, particularly when certain subpopulations
(such as pediatric patients within a mixed-age popula-
tion, or critically-ill patients in a mixed-health population)
have distinct characteristics that significantly influence
the PK/PD response and the resultant sensitivity [4], [5].
The developed therapeutic strategy might under- or
over-dosage specific cohorts within the population and
result in sub-optimal therapeutic outcomes. The ability to
perform cohort-specific GSA would enable more tar-
geted sensitivity analyses, allowing for better under-
standing of parameter importance within specific sub-
populations and potentially leading to more effective ex-
perimental designs for these groups and improved para-
metric identifiability.

GSA of a mechanistic PK model for a single set of
parametric bounds requires a high number of simulations
and computational time; this approach quickly becomes
intractable if cohort-specific GSA with multiple sets of
parameters is to be explored. One approach to reduce
GSA complexity involves parameter grouping, which
does not however universally consider the whole para-
metric domain [6]. Metamodelling-based GSA methods
struggle with high-dimensional problems as they become
computationally intractable to train and predict [7].

Machine-learning surrogates have been widely used
by the Process Systems community to reduce the com-
putational expenditure of complex mechanistic models
[8]. After training on a set of input and output samples
generated by the mechanistic model, the surrogate can
predict model outputs quicker, albeit at a reduced fidelity
if the surrogate structure and training points are not cho-
sen carefully; surrogate accuracy is affected by the num-
ber of training samples used, surrogate type and surro-
gate structure, which is generally problem-specific and
therefore must be tailored to the mechanistic model
available.

This  work

explores how machine-learning
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Table 1: Kinetic parameter descriptions with lower and upper bounds for training and GSA

N Training Training GSA GSA
Name Description LB UB LB UB
jorp Mass transfer coefficient from poorly-perfused tis- 0.191 0.767 0.240 0.720
sues to plasma compartments
jowr Mass transfer coefﬂuent from plasma to poorly-per- 0.191 0.767 0.240 0.720
fused tissues compartments
oo Mass transfer coefficient from plasma to highly-per- 0.265 1.06 0.331 0.99
fused organs compartments
o Mass transfer coefficient from highly-perfused organs 0.0179 0.0715 0.0224 0.0671
to plasma compartments
kb Plasma elimination kinetic rate constant 0.69 2.77 0.866 2.60
ki Tissues elimination kinetic rate constant 0.0253 0.101 0.0317 0.0950
EffLiver Hepatic efficiency of elimination 0.0576 0.231 0.0720 0.216
EffFlasma Kidney efficiency of elimination 0.158 0.631 0.197 0.590
surrogates can be used to reduce the computationalex- METHODOLOGY

penditure involved with generating predictions for GSA
and enable cohort-specific GSA of PK models. Im-
portantly, the goal of GSA is to probe the PK model and
corresponding parameter space for improved under-
standing and assessment of parameter identifiability, and
not to identify influential parameters to formulate a re-
duced-order model and train a smaller surrogate. GSA is
first carried out with a mechanistic PK model to confirm
the high computational expenditure involved with the
method, and use the identified sensitivity indices as ref-
erence for the surrogate-enabled GSA. Feed-forward
Neural Networks and Random Forests surrogates are
then trained on a much-smaller number of samples and
used to generate GSA samples in a fraction of the time
required with a fully-mechanistic methodology. The ef-
fort to reach GSA convergence and sensitivity index mis-
identification are assessed.

Poorly-perfused Highly-perfused
Tissues Organs
F 3 ry
Jp-PT JpT-P JP-HO Juo.p
F!_n*l—‘lz\.-smz\
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G Plasma
—
ki
F 3
(A OHY ona
v -
Gastro-intestinal | ¢/ P\;_ . Fgliver
Circulatory System d Liver e

Figure 1: Compartmental structure of the mechanistic PK
model from Abbiati (2016) [1]
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Mechanistic PK models

In this work we employ a validated minimal-PBPK
model from Abbiati et al. (2016) [1], that describes the
transport of a small-molecule drug, Remifentanil, through
the human body (Figure 1). The model is experimentally
validated against measurements from 6 patients and 4
drug dosages, and is therefore suitable to be used as a
platform for cohort-specific PK modelling, as well as co-
hort-specific GSA.

The model assumes the drug is administered intra-
venously (IV) to the plasma compartment and is
distributed via the circulatory system to the liver and the
other body organs, here lumped into the Poorly-perfused
Tissues (PT) (fat, bones, heart, skin, muscles) and Highly-
perfused organs (HP) (brain, kidneys, spleen) compart-
ments. The model considers mass transfer between the
plasma and the two compartments (PT and HP), as well
as elimination of the drug from the PT, plasma and liver
compartments. The model predicts the drug concentra-
tion profiles for each of the 5 compartments, using 8 in-
put parameters (Table 1). To reduce the computational
expenditure, the scalar Area Under the Curve (AUC) out-
put is considered. The AUC, often used with PK models,
is the concentration profile integral over time for each
compartment and measures drug exposure in the body
[9]. The reader is referred to Abbiati et al. (2016) [1] for
the complete set of model equations and further model
formulation details.

The mechanistic model used in this work comprises
8 ordinary differential equations which were solved in Py-
thon with an implicit time-stepping algorithm (tg,q =
120 min, abstol = 107%, relative tol. = 1072). The AUC is cal-
culated with trapezoidal integration of the calculated
concentration profiles.
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Surrogate modelling

Here, surrogate models are developed and as-
sessed for their suitability as computationally-efficient
substitutes of the mechanistic model. Table 1 summa-
rises the upper and lower bounds used for the training of
the models, as well as the GSA later on. To ensure that
the surrogate models are not performing extrapolation
during GSA, the bounds of the SA are chosen to be tighter
than the ones used for the training of the surrogates.
Latin Hypercube sampling (LHS) is used to generate
4096 training data points. Input samples are standard-
ized in the [—1, 1] interval before training the surrogate
models. The surrogates are trained to predict each out-
put’'s AUC for a given combination of kinetic parameters.

Table 2: Collected hyper-parameters for the neural net
and random-forests surrogates

Surr. Hyper-parameter
RF # of estimators Max depth
100 25
# of hid- : -
den lay- # of neu- Learning Training
NN ers rons rate epochs
5 32 0.015 450

Random Forests (RF) and feed-forward neural nets
(NN) single-output surrogates from the scikit-learn
library are tested in this work. RF hyper-parameters (# of
estimators and maximum depth of the ensemble) are op-
timised by grid-searching possible surrogate structures
with 5-fold cross-validation to minimise the test root-
mean-squared error (RMSE). NN hyper-parameters (# of
hidden layers, # of neurons in each layer, learning rate,
training epochs) are similarly optimised using the Optuna
library and a ‘Tree-structured Parzen’ algorithm to effi-
ciently search the possible combinations. Although the
optimal NN structures differ between each output, they
are fixed to a single, common combination before the
surrogates are used for GSA. The final hyper-parameters
are collected in Table 2.

Global sensitivity analysis

The GSA method is model-agnostic and proceeds
identically regardless of the model type used. Variance-
based GSA (Sobol method) is performed using the SALIB
library to calculate first-, second- and total-order sensi-
tivity indices [10]. To perform GSA for a given parameter
domain, an input matrix with N(2D + 2) parameter combi-
nations is generated by SALIB which follows a quasi-ran-
dom Sobol sequence (N is a power of 2 and D is the num-
ber of input dimensions). Each combination is then simu-
lated to collect predicted AUC values for each output, af-
ter which sensitivity indices can be calculated. GSA con-
vergence for each output is assessed by summing all pa-
rameter’s first- and second- order indices; convergence
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is indicated by sums which approach 1 and the identified
sensitivities remain stable across different sample sizes,
as suggested by Sarrazin et al. (2016) [11]. First-order
Sobol’ sensitivity indices quantify the independent effect
that a varying parameter 6; has on the model output of
interest, neglecting cross-parameter interactions. In its’
computation, the effect of other parameters is averaged
out, such that they can be excluded. Total-order Sobol’
sensitivity indices instead group both the independent
effect and the cross-parameter interactions of 6;, calcu-
lated by subtracting the effect of all other parameters.
The reader is referred to Saltelli (2008) [10] for further
details.

RESULTS AND DISCUSSION

The calculated first-, second- and total-order sen-
sitivity indices for each of the 5 outputs of the mechanis-
tic model are reported in Figure 2 and Table 3. The cho-
sen sensitivity threshold (Sy 1ot = 0.05) to segregate pa-
rameters into critical and non-critical sets indicates non-
critical parameters cause less than 5% variance of the
output variable of interest. The same critical set of pa-
rameters (jpr_p, jo-p7, kE) is identified for the first 4 out-
puts (CPIasmar
Crr, Caics, Criver) Of the model, while a larger set (jpr-p,
Jp-pT.jp-HOHO-p, KE) is identified for Cyo. Non-negligible
second-order interactions between the critical parame-
ters are also identified, indicating the presence of corre-
lations between parameters which can impede effective
parameter estimation and identification of PK models. In
the context of PK/PD models parametrised against meas-
urements from human patients, the plasma is the only
compartment considered to be easily-measurable as
sampling other compartments involves invasive proce-
dures. The sensitivity indices reveal that only 3 out of 8
parameters are identifiable within the parameter domain
used for GSA. Three of the non-critical parameters,
Jp-no» juo-p @nd Effflasma directly affect the plasma com-
partment to a lesser extent than the critical parameters
and inestimable. The remaining two parameters, k{ and
Effliver, already classed as non-critical with respect to the
Cpr and Cy;yer Outputs respectively, do not cause signifi-
cant-enough interactions in the plasma to be estimable
by drug concentration measurements in the plasma
alone.

Feed-forward neural networks (NNs) and Random
Forests (RF) full-order surrogates are trained on 4096
Latin Hypercube samples from the mechanistic model.
The surrogates are then used to generate the necessary
Sobol-indexed samples for GSA. While other surrogate
models (such as Gaussian Process regressors and Radial
Basis Function interpolators) were tested, they could not
reliably approximate the PK model and were therefore
omitted from the presented work.
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Figure 2: 1st, 2nd Order Sensitivity Indices of the mechanistic model for a) Cpasma, P) Cor, €) Caics, d) Crivers €) Cho,
calculated with 1179648 simulations

Table 3: Total-order sensitivity indices of the mechanis-
tic model calculated with 1179648 simulations

Mechanistic Model

Partaer:e— Total-Order Sensitivity Indices S yech.
Cpasma  Cer Coics  Cliver Cro
jerp 0.16 05 016  0.16 0.07
Jppr 0.13 044 0.13  0.13 0.05
Jo-Ho 0.02 001 002 0.02 0.29
Juo-p 0 0 0 0 0.30
kf 085 0.36 085  0.83 0.42
ki 0.01  0.02 0.01 0.01 0
EffLiver 0 0 0 0.02 0
EffPlasma 0.04 0.02 0.04 0.03 0.02

Importantly, LHS is chosen over a Sobol’ sequence
for the generation of training data as it led to more accu-
rate surrogates, as Sobol sequences do not capture
points at the parametric bounds as effectively. The gen-
eration of GSA samples with surrogates introduces mini-
mal computational expenditure compared to the training
data generation and GSA decomposition and analysis,
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making the LHS more effective than a Sobol’ sequence
for surrogate training. Fewer training samples (1024)
were also assessed. The trained surrogates however had
low AUC prediction accuracy, which led to different GSA
indices compared to the mechanistic model. Each surro-
gate’s AUC prediction error was generally lowest in the
middle of the parametric bounds, increasing as the lower
or upper bounds were approached.

Table 4: GSA convergence sums for an increasing num-
ber of samples of the mechanistic model

Output 294,912 1,179,648

P Simulations Simulations
CPlasma 0.93 0.98
Cor 0.9 0.97
Coics 0.93 0.98
Cliver 0.93 0.98
Cho 0.96 0.99

Convergence sums for increasing numbers of sam-
ples are reported in Table 4. The computational difficulty
involved in performing GSA of PK models is evident by
the results with 295,000 samples; the low sums indicate
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that for all outputs except Cpo GSA remains un-con-
verged. Over 1 million simulations are needed to observe
stable sensitivity indices and achieve GSA convergence
of the mechanistic PK model, which in turn leads to high
computational expenditure requirements to perform GSA
and examine model and parametric sensitivity.

After GSA convergence was confirmed, limited sen-
sitivity indices mispredictions from the two surrogates
are identified. The NN-derived simulation results lead to
a converged GSA with the same number of samples as
the mechanistic PK model. As observed from the negligi-
ble deviation in indices reported in Table 5, NN-derived
GSA identified the same critical sets of parameters for
each output, along with identical sensitivity and identifi-
ability trends of the mechanistic model in a fraction of the
time. Sensitivity index errors with respect to each output
and parameter are limited to 1-3% at most and can be
considered identical to the mechanistic-derived results.
RF-derived GSA instead requires an increased number of
samples for GSA to fully converge, and on average had
greater sensitivity mispredictions than the NN surrogate.
While identical critical parameter sets are identified for
the first four outputs, only jp_po,jno-p and kE are identified
as critical with respect to Cyo; Sj,,,, 7 and Sj, .t are un-
derpredicted to be below the critical threshold. For this
reason, RF-enabled GSA leads to different parameter
criticality conclusions compared to the mechanistic and
NN-enabled GSA.

Assessing the computational expenditure, the
mechanistic GSA took 14291 s (14190 s for sample gen-
eration) and the NN GSA took 243 s (137 s for net training
on CPU) to simulate 1.1 million samples, while the RF GSA
took 911 s (13 s for RF training) to simulate 4.7 million
samples. Surrogate-enabled GSA leads to a noticeable
reduction in runtime. Regardless of the surrogates’ train-
ing requirement, the mechanistic GSA was slower by at
least 1 order of magnitude, highlighting the surrogate’s
ability to lighten the computational burden involved with
GSA while producing GSA results.

Table 5: NN-derived total-order sensitivity index devia-
tions from the mechanistic model

Neural Net - S yecn. — Sonn.

Parameter pasma  Cpr Coeics Cliver  Cho
Jorp 0.01  0.02 o._o1 0.01 0
Jp-PT 0.01 0.02 0.01 0.02 0
Jp-HO 0 0 0 0 0
JHO-P 0 0 0 0 0

kEP 0.01 0.01 0.01 0 0

KT 0 0 0 0 0

EfflLiver 0 0 0 0 0

EffPlasma 0 0 0 0 0
Conv. Sum 0.96 0.95 0.95 0.97 0.98
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Table 6: RF-derived total-order sensitivity index devia-
tions from the mechanistic model

Parame- Random Forests - S§ vean. — So.xr.
ter Cpiasma  Cpr Coics  Cliver Cho
Jorp 0 0 0 0 0.03
Jopr 002 002 002 002 003
oo 002 001 002 001 -0.01
o 0 0 0 0 -0.01
kEP 0 0 0 -0.02 -0.02
kg 0.01 0.02 0.01 0.01 0
EffLiver 0 0 0 0.01 0
EffPlasma 0.02 0.01 0.02 0.02 0.01
Conv. h97 096 097 097  0.98
Sum

Syst Control Trans 4:2334-2340 (2025)

CONCLUSIONS

Global Sensitivity Analysis is a necessary tool for the
development and application of PK and QSP models since
it informs model structure design and enables parametric
analysis. These are crucial to characterize biological var-
iability across the patient population in relation to disease
features and response to therapy. However, the large
computational requirements of GSA when applied to
large-scale and non-linear models limits its adoption and
application in the pharma R&D space. In this work, we
have shown how GSA computational requirements can
be lowered by integrating machine-learning surrogates
of the original mechanistic ODE model, trained on a sig-
nificantly reduced number of mechanistic simulations,
into the GSA framework. We tested two surrogate models
based on Random Forests and on Feed-forward neural
nets. The GSA with Random Forests surrogates identified
a slightly-reduced critical set of parameters compared to
the GSA conducted with the reference ODE-based
model. Feed-forward neural nets were instead able to ac-
curately predict mechanistic model outputs and conse-
quently identify identical sensitivity indices and parame-
ter criticality with minimal error (maximum deviation
<3%). We show that surrogates can reliably capture pa-
rameter interactions from a limited set of training data
derived from the ODE-based PK model and with a frac-
tion of the computational expenditure compared to a fully
ODE-based workflow. The ML-enhanced GSA is suitable
for PBPK models given their mathematical features (ODE-
based, non-linear and multi-parametric). The methodol-
ogy is expected to be applicable to other modelling ap-
proaches, like PK/PD and QSP, that have similar mathe-
matical characteristics. Surrogate-based GSA approach
is especially valuable for the pharma R&D modeling com-
munity when implementing large differential equation-
based model like PBPK or QSP, which typically require
thorough identifiability and sensitivity analyses, as well
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as intensive computation for generating or simulating vir-
tual patient populations. Future work should explore the
rapid generation of individualised GSA profiles to assess
optimal cohort-specific measurement strategies for ef-
fective parameter estimation of PK/PD and QSP models.
Instead of lumping cohorts into a single population, co-
hort-specific GSA assessments can support clinical trial
and PBPK model development. Drug dosage regimens
can be more effectively tailored to population subsets,
improving the therapeutic outcomes of all patients.
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