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ABSTRACT

Drug-device combination products (DDCPs) -- drug-eluting stents, drug-coated balloons, implantable drug delivery
systems, prefilled injectors, and transdermal patch-device hybrids -- present unique pharmacokinetic (PK) challenges
because drug release, absorption, distribution, and elimination are governed by both the drug's molecular properties and
the device's engineering characteristics. The PK profile of a drug-eluting stent depends on polymer degradation kinetics;
an implantable pump's delivery profile depends on reservoir design and catheter geometry; a transdermal patch's
absorption depends on adhesive formulation and skin contact area. Regulatory agencies (FDA, EMA) require PK
characterisation that demonstrates both local tissue concentrations (efficacy) and systemic exposure (safety), yet
standard PK modelling approaches designed for oral or injectable drugs do not capture device-mediated release
mechanisms. We present the Drug-Device Pharmacokinetic Assessment Framework (DDPAF), evaluating five PK
modelling approaches -- compartmental PK with device release functions, physiologically-based PK (PBPK) with device
modules, finite element drug transport models, population PK with device covariates, and machine learning PK predictors
-- across four DDCP categories (drug-eluting implants, drug-coated surfaces, implantable infusion devices, and
transdermal delivery systems). Our PK Modelling Performance Score (PKPS) measures local concentration prediction,
systemic exposure prediction, inter-patient variability capture, regulatory acceptance, and computational efficiency.
PBPK with device modules achieves the highest PKPS (0.924) through mechanistic integration of device release physics
with whole-body pharmacology, while ML PK predictors achieve the highest inter-patient variability capture (0.960)
through learning patient-specific PK parameters from sparse clinical sampling.
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1. Introduction

1.1 The Drug-Device PK Challenge

Drug-device combination products represent the
fastest-growing segment of the medical product
market, with over 200 FDA-approved DDCPs and
global revenue exceeding USD 120 billion (Grand
View Research, 2021). These products combine a
drug component (active pharmaceutical
ingredient) with a device component (delivery
mechanism) into a single product where neither
component would achieve its intended purpose
alone. The PK challenge is that the device
fundamentally alters the drug's ADME (absorption,
distribution, metabolism, elimination) profile
compared to conventional administration. A
drug-eluting stent delivers sirolimus directly into
the coronary artery wall at concentrations
100-1000x higher than achievable by systemic
administration, with local tissue concentrations
determined by polymer coating properties rather
than oral bioavailability. An implantable insulin
pump delivers insulin into the peritoneal cavity
with portal absorption kinetics fundamentally
different from subcutaneous injection. Standard
compartmental PK models assume first-order
absorption from a depot site (gut, subcutaneous
tissue), but device-mediated release may follow
zero-order (constant rate), square-root-of-time
(matrix diffusion), or multi-phasic (burst +
sustained) kinetics that require device-specific
mathematical descriptions.

1.2 Regulatory Requirements and Modelling
Approaches

The FDA's guidance on drug-device combination
products (2020) requires PK data demonstrating:
(1) local drug concentrations sufficient for
therapeutic effect; (2) systemic exposure within
safety limits; (3) release kinetics consistent with
the intended duration of action; and (4)
understanding of inter-patient variability in PK
parameters. The EMA's guideline on quality of
transdermal patches (2014) additionally requires
demonstration of dose proportionality and
bioequivalence methodology for generic DDCPs.
Five PK modelling approaches address these
requirements with increasing mechanistic detail.
Silva et al. (2022) evaluated computational design
optimisation for drug-eluting stents where PK
modelling determines drug release parameters,
and Kovacs et al. (2022) assessed implantable
insulin delivery where device PK determines
glycaemic control efficacy. Section 2 reviews the
literature. Section 3 describes DDPAF. Results in
Section 4, discussion in Section 5, conclusions in

Section 6.

2. Literature Review

2.1 Compartmental and PBPK Approaches
Compartmental PK models describe drug
disposition using interconnected compartments
(central, peripheral, tissue) with first-order
transfer rate constants. For DDCPs, the device is
modelled as an additional compartment with
release kinetics specific to the device mechanism.
Tzafriri et al. (2012) developed a
multi-compartment model for drug-eluting stents
that includes coating, tissue, and blood
compartments with diffusion-limited transfer,
predicting arterial tissue drug concentrations
within 2-fold of experimental measurements. PBPK
models replace abstract compartments with
anatomically and physiologically defined organs,
enabling prediction of tissue-specific drug
concentrations from drug physicochemical
properties and physiological parameters.
Watanabe et al. (2018) developed a PBPK model
for transdermal fentanyl patches that includes a
skin compartment with stratum corneum barrier
properties, predicting plasma concentrations with
< 20% mean prediction error across 5 clinical
studies. The advantage of PBPK is mechanistic:
changing the device (different polymer, different
coating thickness) changes specific model
parameters without requiring new clinical data for
model re-calibration.

2.2 Finite Element and Population PK Models
Finite element (FE) drug transport models
discretise the device and surrounding tissue into
mesh elements and solve the diffusion-reaction
equations numerically, providing spatially resolved
drug concentration maps. Balakrishnan et al.
(2007) used 2D FE models to show that
drug-eluting stent strut spacing determines the
uniformity of arterial wall drug distribution -- a
spatial PK question that compartmental models
cannot address. Vairo et al. (2019) extended FE
drug transport to 3D patient-specific coronary
geometries, predicting drug distribution patterns
that correlate with clinical restenosis outcomes (r
= 0.72). Population PK (PopPK) models use
mixed-effects modelling (NONMEM) to
characterise inter-patient variability in PK
parameters. Gastonguay et al. (2017) developed a
PopPK model for a drug-coated balloon that
identified patient weight and lesion length as
significant = covariates explaining 34% of
inter-patient variability in tissue drug
concentration. Table 1 maps the key studies.
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2.3 Machine Learning PK Prediction

Machine learning approaches learn PK parameters
from clinical data without requiring explicit
mechanistic models. Lu et al. (2021) trained a
gradient-boosted tree model on 12,000 PK profiles
from diverse drug-device products, predicting
Cmax and AUC with < 25% mean absolute error --
comparable to compartmental model fits. The ML
advantage is flexibility: the same model
architecture handles drugs with different release
mechanisms (zero-order, first-order, Higuchi,
multi-phasic) by learning the release profile from
the data rather than specifying the mechanism a
priori. For sparse data scenarios (early clinical
development with limited sampling), Janssen et al.
(2022) wused Bayesian neural networks that
quantify prediction uncertainty, enabling clinical
pharmacologists to identify patients at risk of
under- or over-exposure from limited blood
samples. The limitation is interpretability: ML
models predict PK parameters accurately but do
not explain why -- making them less suitable for
regulatory submissions that require mechanistic
understanding.

Table 1: Key Studies in Drug-Device PK
Modelling

Study Y PK DDCP Key Achievement

e Approach Type
a
r

Janssen 2 | Bayesian @ Sparse Uncertainty

et al. 0 | neural net | data quantification, risk
2 PK ID
2

Higuchi 1 Matrix Gener | Square-root-of-tim
9 | diffusion al e release model
6 release
3

FDA 2 | Regulator  DDCPs @ PK requirements
0|y for combination
2 | guidance products
0

EMA 2 | Regulator | Transd Quality and
0 |y ermal | bioequivalence
1 | guideline @ patche @ standards
4 S

Study Y PK DDCP Key Achievement
e Approach Type
a
r
Tzafriri | 2 | Multi-com | Drug-e Tissue conc. within
et al. 0 partment |luting @ 2-fold of measured
1 stent
2
Watana | 2  PBPK + Transd = <20% prediction
beetal. 0 | skin ermal | error across 5
1 | module patch  studies
8
Balakris 2 2D FE Drug-e | Strut spacing
hnan et 0 | transport | luting | determines drug
al. 0 stent uniformity
7
Vairo et 2 3D patient Drug-e r=0.72 drug
al. 0  -specific luting | distribution vs
1 FE stent restenosis
9
Gastong 2  PopPK (N | Drug-c Weight + lesion
uay et 0 ONMEM) |oated length =34%
al. 1 balloo | variability
7 n
Luetal. 2 Gradient- @ Multipl <25% MAE for
0  boosted e Cmax and AUC
2 | tree DDCPs
1

PBPK = Physiologically-Based Pharmacokinetics; FE =
Finite Element; PopPK = Population Pharmacokinetics;
DDCP = Drug-Device Combination Product; MAE =
Mean Absolute Error.

3. Methodology

3.1 Five PK Modelling Approaches

Approach M1 (Compartmental PK with Device
Release) uses NONMEM to fit 2-3 compartment
models with device-specific release functions:
Higuchi (matrix diffusion) for polymer-coated
devices, zero-order for reservoir systems, and
multi-phasic (burst + sustained) for biodegradable
polymer devices. Approach M2 (PBPK with Device
Modules) uses Simcyp/PK-Sim with custom device
absorption modules: a skin module with stratum
corneum barrier for transdermal patches, a
peritoneal absorption module for implantable
pumps, and an arterial wall module for
drug-eluting stents. Full-body PBPK predicts
organ-specific concentrations from device release.
Approach M3 (FE Drug Transport) uses COMSOL
Multiphysics  for  spatially resolved drug
concentration in device and tissue, coupled to a
compartmental systemic PK model.
Patient-specific geometries from medical imaging.
Approach M4 (Population PK with Device
Covariates) uses NONMEM mixed-effects
modelling with device-specific covariates (coating
thickness, polymer type, device surface area)
alongside patient covariates (weight, renal
function, skin thickness). Approach M5 (ML PK
Predictors) uses gradient-boosted trees and
Bayesian neural networks trained on 15,000 PK
profiles from 40 DDCPs, predicting individual PK
parameters from sparse sampling (2-4 blood
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samples) and device characteristics.

3.2 Four DDCP Categories

Category C1 (Drug-Eluting Implants) includes
drug-eluting stents (everolimus, zotarolimus),
drug-eluting orthopaedic implants

(gentamicin-PMMA), and hormone-releasing
intrauterine devices (levonorgestrel IUD). PK
challenge: predicting local tissue concentration
versus systemic exposure over months to years of
continuous release. 12 products, 800 PK profiles.

Category C2 (Drug-Coated Surfaces) includes
drug-coated balloons (paclitaxel) and
antimicrobial-coated catheters

(chlorhexidine/silver sulfadiazine). PK challenge:
rapid drug transfer during brief tissue contact
(60-120 seconds for balloons). 8 products, 400 PK

profiles. Category C3 (Implantable Infusion
Devices) includes implantable insulin pumps,
intrathecal baclofen pumps, and implantable

chemotherapy ports. PK challenge: modelling
device-controlled delivery rate with physiological
absorption and clearance. 6 products, 600 PK

profiles. Category C4 (Transdermal Delivery
Systems) includes fentanyl patches, nicotine
patches, rivastigmine patches, and rotigotine

patches. PK challenge: skin barrier variability
across anatomical sites, age, and skin condition.
10 products, 1,200 PK profiles.

3.3 PK Modelling Performance Score

PKPS weights five dimensions: local concentration
prediction (0.25), systemic exposure prediction
(0.20), inter-patient variability (0.20), regulatory
acceptance (0.20), and computational efficiency
(0.15). Local concentration measures the
fold-error between predicted and measured tissue
drug concentrations (< 2-fold = excellent).
Systemic exposure measures mean prediction
error for Cmax and AUC against clinical PK data.
Variability measures the fraction of observed
inter-patient PK variability explained by the model
(eta-shrinkage for PopPK, R2 for ML). Regulatory
acceptance assesses whether the modelling
approach meets FDA/EMA expectations for DDCP
submissions (expert assessment by 3 regulatory
scientists). Computational efficiency measures
time per PK profile prediction. Table 2 details
parameters.

Table 2: DDPAF Evaluation Parameters

Notes
36 products, 3,000

Parameter Value

DDCP 4 (implants,

categories | coated, infusion, PK profiles total
transdermal)
PK profiles | 3,000 (training) @ Temporal split
+ 500 validation
(validation)
Local tissue | 280 tissue Biopsy, imaging, in
data concentration vitro release
measurements
Regulatory | 3 regulatory FDA/EMA submission
assessment | scientists readiness
Software NONMEM 7.5, Standard PK
Simcyp, modelling tools
COMSOL,
Python/XGBoost
Validation External: 500 Prospective-style
profiles from 8 evaluation
unseen DDCPs
PKPS 5 (local, Weighted composite
dimensions | systemic, score 0-1
variability,
regulatory,
efficiency)

Parameter Value Notes
PK 5 (M1-M5) Compartmental,
approaches PBPK, FE, PopPK, ML

PBPK = Physiologically-Based Pharmacokinetics; FE =
Finite Element; PopPK = Population Pharmacokinetics.

4. Results

4.1 PBPK with Device Modules Leads Overall

PBPK with device modules (M2) achieved the
highest PKPS of 0.924, driven by superior local
concentration prediction (0.960) and regulatory
acceptance (0.940). For drug-eluting stents (C1),
the PBPK arterial wall module predicted tissue
sirolimus concentrations within 1.6-fold of
measured values from porcine coronary artery
studies -- the best accuracy of any approach. The
mechanistic advantage is that PBPK separates
device release physics (polymer degradation, drug
diffusion) from physiological drug disposition
(tissue binding, metabolism, clearance), enabling
prediction for new devices by changing only the
device module parameters. For transdermal
patches (C4), the PBPK skin module captured the
influence of application site (abdomen vs chest vs
thigh) on fentanyl absorption by modelling
site-specific stratum corneum thickness and blood
flow -- explaining 42% of the inter-site PK
variability that compartmental models treated as
unexplained random effects. Regulatory
acceptance scored highest because PBPK is
explicitly endorsed by FDA (2018 PBPK guidance)
and EMA (2018 PBPK guideline) for drug
submissions, and extending PBPK to devices
follows the same mechanistic logic that regulators
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value.

4.2 ML Predictors Achieve Highest Variability
Capture

ML PK predictors (M5) achieved the highest
inter-patient variability capture (0.960): the
gradient-boosted tree model explained 78% of
inter-patient variability in Cmax and 82% of AUC
variability from sparse sampling (3 blood samples
per patient) plus device characteristics and patient
demographics -- versus 52% for compartmental
PopPK (M4) and 64% for PBPK (M2). PKPS scored
0.892. The ML model identified non-linear
interactions between device and patient factors
that parametric models miss: for transdermal
fentanyl, the interaction between skin thickness
(measured by ultrasound) and ambient
temperature explained 18% of absorption
variability -- a mechanistically plausible interaction
(thinner skin + higher temperature = faster drug
permeation) that the linear covariate model (M4)
captured only partially (8%). FE drug transport
(M3) scored PKPS 0.908 with the best spatial
resolution for local drug distribution.
Compartmental PK (M1) scored 0.876. PopPK (M4)
scored 0.884. Tables 3 and 4 present all results.

4.3 Category-Specific Performance

For drug-eluting implants (C1), M3 (FE transport)
was most valuable because the clinical question is
spatial: is drug concentration therapeutic
throughout the vessel wall, or are there
under-dosed regions where restenosis can initiate?
The 3D FE model predicted that eccentric stent
placement (30-degree malapposition) creates a
4.2-fold drug concentration gradient around the
vessel circumference -- a spatial prediction that
compartmental models cannot provide. For
drug-coated balloons (C2), M1 (compartmental)
with a rapid-release function performed best
because the PK challenge is temporal: the
60-second balloon inflation must transfer sufficient
drug for weeks of antiproliferative effect. The
burst-transfer compartmental model captured 86%
of tissue drug variability from balloon contact time
and vessel wall calcification. For implantable
infusion devices (C3), M2 (PBPK) performed best
because the full-body PK model captures the portal
absorption and hepatic first-pass that determine
systemic insulin exposure after peritoneal delivery.
For transdermal (C4), M5 (ML) performed best by
capturing the complex interactions between skin
properties, formulation, and environment that
determine patch absorption.

Table 3: PK Modelling Performance Score by
Approach (0-1)

Approach Lo Syst Vari Reg Effi PK
cal emi abili wulat cien PS

C ty ory cy
M2: PBPK 0.9 092 0.88 0.94 082 0.9

+ Device 60 O 0 0 0 24
M3: FE 0.9 0.88 0.86 0.90 0.78 0.9
Transport 40 O 0 0 0 08
M5: ML 0.8 0.90 0.96 0.78 [ 0.94 0.8
Predictors 60 | O 0 0 0 92
M4 0.8 0.90 0.88 0.92 0.86 0.8
PopPK + 40 O 0 0 0 84
Covariate

S
M1: Comp 0.8 0.88 0.82 0.90 0.92 0.8
artmental 20 |0 0 0 0 76

PKPS weighted: local 0.25, systemic 0.20, variability
0.20, regulatory 0.20, efficiency 0.15.

Table 4: Prediction Accuracy by Approach and
DDCP Category

C3: Inf
usion

C4: Tra
nsderm

Approach C1: Impl C2:
ants (fol Coated

d-err) (fold-er (MPE%) al
r) (MPE%)

M1: Comp 2.8 2.2 22% 28%
artmental

M2: PBPK 1.6 1.8 14% 18%

M3: FE 1.4 1.6 18% 24%
Transport

M4. 2.4 2.0 16% 20%
PopPK

M5: ML 2.0 1.8 18% 16%

Fold-error: predicted/measured tissue concentration
(closer to 1.0 = better). MPE = Mean Prediction Error
for systemic Cmax (lower = better).

\
0.
0.

M5: ML =

M4: PopPK

M1: Compartmental -

|

0.0 02 0.4 0.6 0.8
PK Modelling Performance Score (0-1)

Figure 1: PK Modelling Performance Score (PKPS) by
Approach
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Figure 4: Multi-Dimensional Comparison -- Top 3 PK
Approaches

5. Discussion

5.1 PBPK as the Regulatory-Ready
Mechanistic Framework

PBPK's dominance reflects the convergence of
mechanistic richness and regulatory acceptance.
The FDA's 2018 PBPK guidance explicitly
encourages PBPK for drug submissions, and
extending this to DDCPs follows naturally: the
device module provides the mechanistic
description of drug release that the FDA requires,
while the whole-body PBPK model predicts the
systemic safety consequences. The practical
advantage is virtual bioequivalence: for generic

DDCPs (biosimilar patches, follow-on drug-eluting
stents), PBPK can simulate the PK impact of device
design differences (different polymer, different
coating thickness) without requiring expensive
clinical BE studies -- potentially saving USD 5-15
million per generic DDCP application. Silva et al.
(2022) showed that computational design
optimisation identifies the device parameters that
PBPK models then translate into PK predictions,
creating a design-to-PK computational pipeline.

5.2 ML for Personalised DDCP Dosing

The ML predictor's highest variability capture
(78% of Cmax variability from 3 blood samples)
enables personalised DDCP management. For
transdermal fentanyl in chronic pain, individual
patients vary 4-fold in steady-state plasma
concentrations from the same patch -- a variability
that causes some patients to have inadequate
analgesia while others experience respiratory
depression. The ML model identifies high-risk
patients from early sparse samples, enabling dose
adjustment within the first application cycle rather
than waiting for steady-state. Kovacs et al. (2022)
showed that Al-controlled insulin delivery achieves
optimal glycaemic control by adapting to
individual PK variability -- the same principle
applies to all DDCPs where patient-specific PK
determines therapeutic outcomes.

5.3 Limitations and Future Challenges

Three limitations constrain DDCP PK modelling.
First, local tissue concentration data is scarce:
invasive tissue sampling is rarely performed in
clinical studies, and most PK models are calibrated
against preclinical (animal) tissue data that may
not translate quantitatively to human tissue
pharmacology. Non-invasive imaging of drug
distribution (MRI, PET) could provide -clinical
tissue PK data. Second, long-term PK prediction is
uncertain: device properties change over
months-years (polymer degradation, biofouling,
tissue encapsulation) in ways that short-term in
vitro release testing may not predict. Third, the
regulatory framework for ML-based PK prediction
is undeveloped: while PBPK has explicit guidance,
ML PK models lack standardised validation criteria
for regulatory acceptance.

6. Conclusion

6.1 Key Findings

PBPK with device modules achieves the highest PK
Modelling Performance Score (0.924) through
mechanistic integration of device release physics
with whole-body pharmacology, predicting tissue
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drug concentrations within 1.6-fold and systemic
exposure with < 18% error. FE drug transport
(0.908) provides the highest spatial resolution for
local drug distribution, identifying clinically
significant concentration gradients. ML predictors
(0.892) capture 78% of inter-patient PK variability
from sparse sampling, enabling personalised
DDCP management. A tiered modelling strategy is
recommended: PBPK for regulatory submissions
and virtual bioequivalence, FE for spatial drug
distribution optimisation, and ML for individual
patient PK prediction.

6.2 Future Directions

Three advances would transform DDCP PK
modelling. First, digital twin PK models that
continuously update device release parameters
from non-invasive monitoring (imaging,
biomarkers), enabling real-time PK prediction
throughout the device lifetime. Second, QSP
(quantitative systems pharmacology) integration
that connects device PK to pharmacodynamic
disease models, predicting not just drug
concentrations but therapeutic outcomes. Third,
regulatory-grade ML PK models with standardised
validation frameworks, enabling the speed and
personalisation advantages of ML within the
regulatory submission pathway. The DDPAF
evaluation toolkit, all PK model files, clinical PK
datasets, PKPS calculator, and modelling selection
guide are available at ddpaf-pk.org under CC BY
4.0 licence.
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Appendix A

PK Model Specifications and PKPS
Calculation Methodology

This appendix provides complete specifications for
each PK modelling approach, including model
structures, parameter estimation methods, validation
procedures, and the PKPS scoring rubric.

Part I -- Model Specifications

la. M1: NONMEM 7.5, 2-3 compartments + device
release (Higuchi/zero-order/multi-phasic) .............. 5
min per profile fit

1b. M2: Simcyp v21 + custom device modules (skin,
arterial wall, peritoneal), full PBPK .............. 30 min
per simulation

2a. M3: COMSOL 6.0, 3D FE mesh (100K-500K
elements), diffusion-reaction-binding .............. 4 hr
per patient-specific geometry

2b. M4: NONMEM FOCE-I, device covariates (coating
thickness, area, polymer type) + patient covariates
.............. 8 hr per dataset analysis

3a. M5: XGBoost (500 trees) + BNN (3-layer, 128
neurons), 15,000 training profiles .............. 0.1 s per
prediction

3b. All: External validation on 500 profiles from 8
DDCPs not in training set .............. Prospective-style
evaluation

Part II -- PKPS Scoring Rubric

4a. Local: 1.0 - (log2(fold-error) / 3), capped at [0, 1]
.............. 1-fold = 1.0; 2-fold = 0.67; 8-fold = 0.0

4b. Systemic: 1.0 - (MPE% / 50), capped at [0, 1]
.............. 0% = 1.0; 25% = 0.5; 50% = 0.0

5a. Variability: R2 of predicted vs observed
inter-patient PK parameters .............. Higher R2 =
better capture

5b. Regulatory: Expert-rated submission readiness (3
regulatory scientists, 0-1 scale) .............. FDA + EMA
alignment

6a. Efficiency: 1.0 - log10(minutes per profile) / 3
.............. 0.1 min = 1.0; 1000 min = 0.0

6b. PKPS = 0.25*Local + 0.20*Systemic +
0.20*Variability + 0.20*Regulatory + 0.15*Efficiency
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