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Abstract
Prediction of antimicrobial target site pharmacokinetics is of relevance to optimize
treatment with antimicrobial agents. A physiologically based pharmacokinetic (PBPK)
model framework was developed for prediction of pulmonary pharmacokinetics, includ-
ing key pulmonary infection sites, i.e. the alveolar macrophages and the epithelial
lining fluid. The modelling framework incorporated three lung PBPK models: a general
passive permeability-limited model, a drug-specific permeability-limited model, and a
quantitative structure-property relationship (QSPR)-informed perfusion-limited model.
We applied the modelling framework to three fluoroquinolone antibiotics. Incorporation
of experimental drug-specific permeability data was found essential for accurate predic-
tion. In the absence of drug-specific transport data, our QSPR-based model has generic
applicability. We furthermore evaluated the impact of drug properties and pathophysi-
ological related changes on pulmonary pharmacokinetics. Pulmonary pharmacokinetics
was highly affected by physiological changes that cause a shift in the main route of para-
cellular or transcellular diffusion. Finally, we show that lysosomal trapping can cause
an overestimation of cytosolic concentrations for basic compounds when measuring drug
concentrations in cell homogenate. In conclusion, the developed lung PBPK model
framework constitutes a promising tool for characterization of pulmonary exposure of
systemically administrated antimicrobials.
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Introduction
Consideration of antimicrobial target site concentration at the site of infection is crucial
to derive treatment strategies with optimal efficacy and minimize the risk for antimicro-
bial resistance (AMR)1. For respiratory tract infections (RTIs), key target site include
the epithelial lining fluid (ELF) and the alveolar macrophage (AM)2. Drug concentra-
tions in ELF and AM may be significantly different compared to the plasma3.

Systematically administered drugs pass through the pulmonary capillary wall, into
the interstitial space, and cross the alveolar epithelium (Fig. 1). The alveolar epithelium
acts as a semi-permeable barrier with tight junctions restricting paracellular diffusion4

and active drug transporters5. For intracellular uptake of antibiotics in AMs, passage
through the cell membrane by means of passive diffusion or active transport is needed.
Intercellular pathogens in AMs localize in the cytosol, i.e. outside of the lysosomes. The
low pH of lysosomes compared to the cytosol can alter the charge of molecules entering
this compartment, causing lysosomal trapping6, thereby decreasing the target site con-
centrations in AM cytosol. Together, these processes lead to target site concentrations
in the ELF and AM that may deviate from plasma.

Epithelial lining fluid Pulmonary capillary Interstitial space

Paracellular
diffusion

Transmembrane
diffusion

Active
transport

Alveolar macrophage

Lysosome

Tight junction

Fig. 1 | Overview of physiological lung compartments. Physiological compartments in
the lung, their associated barriers, and the different modes of transport across specific barriers
are shown.

Pathophysiological changes during infection, or due comorbidities, may lead to in-
creased permeability over the alveolar epithelium7, increased ELF volume8, AM recruitment9,
and acidification of the ELF10 and/or the interstitial fluid. Consequently, these patho-
physiological changes may further alter the (expected) target site concentrations of an-
tibiotics. However, pulmonary pharmacokinetics (PK) is currently under-studied in
patients2, typically relying on clinical studies in healthy volunteers2.
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The quantification of ELF and AM drug concentrations is typically achieved by bron-
choalveolar lavage (BAL) sampling2. Commonly, only a single BAL is performed per
subject and the method is associated with high measurement variability11. In silico
modelling approaches predicting pulmonary drug exposure can thus provide valuable
complementary insights. Here, quantitative structure-property relationship (QSPR)-
based approaches are of interest to predict ELF-to-plasma ratio (EPR), based on chem-
ical structural features alone12,13. However, QSPR models lack the ability to explore
the full ELF PK and do not allow the evaluation of pathophysiological effects on PK. In
this context, physiologically-based pharmacokinetics (PBPK) models can be of values as
they allow for the prediction of drug concentration in physiological compartments based
on physiological and drug-specific parameters.

Several lung PBPK models have been previously developed14–16. These models con-
stitute important tools to predict drug PK in the ELF. However, they lack the repre-
sentation of one of the key microbial infection sites, the AMs. In addition, the afore-
mentioned PBPK models rely on in vitro or in vivo data of apparent permeability to
describe drug transport over the alveolar epithelium. This limits previous models’ appli-
cability in cases where permeability data are lacking, which is often the case with novel
compounds.

Here, we aimed to address these limitations by developing a novel lung PBPK model
framework to predict PK of small molecule drugs at key target sites for RTIs, i.e., ELF
and AMs, accounting for spatial heterogeneity in lung physiology. Specifically, we devel-
oped and evaluated three complementary lung PBPK models for systemic antimicrobials,
i) a general passive permeability-limited model, ii) a drug-specific permeability-limited
model, iii) a QSPR-informed perfusion-limited model. We applied the different models
to a fluoroquinolone data set. We then used the passive transport model to identify the
main drug properties affecting pulmonary PK and evaluate the effect of pathophysiolog-
ical changes.

Methods
The PBPK modelling and simulation framework relied on the integration of modular
components that include the PBPK base model, and three alternative model implemen-
tations of the lung. The different lung PBPK models included different approaches of
describing pulmonary drug transport: i) a general passive permeability-limited model,
ii) a drug-specific permeability-limited model, iii) a QSPR-informed perfusion-limited
model.

PBPK model structure
A minimal-PBPK model was developed which includes a physiological blood reservoir
compartment, a physiological peripheral compartment, and a detailed physiological lung
section. The base structure of the developed model is shown in Fig. 2B. The lung
section represents the lower respiratory tract and was divided into six different zones to
account for the spatial differences of the volume, surface area, and blood flow within and
between the lungs. Each of the different lung zones were further divided into serially
linked physiological compartments (Fig. 2B) and were aimed to describe ELF and AM
concentrations. Blood-lung drug transport was implemented using three alternative
models: i) a general passive permeability-limited model, ii) a drug-specific permeability-
limited model, iii) a QSPR-informed perfusion-limited model.
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Fig. 2 | PBPK model structure and associated approaches and data requirements.
A. General model structure of the minimal PBPK model including the lung section with the
six different lung zones. The full cardiac output (Qc) is heterogeneously divided over the
different lung zones (z ) to account for spatial difference in pulmonary blood flow (QZB). The
blood clearance (CL), blood-to-tissue partitioning for the peripheral compartment (Kptissue),
and apparent absorption rate (ka) are implemented as empirical parameters while the other
included parameters are physiologically derived. B. Overview of three variations of the lung
sub-model using different approaches to describe lung drug disposition and what data each
approach required.

The permeability-limited models included five compartments for every lung zone,
representing the lung capillaries, the interstitial space, the ELF, the AM cytosol, and the
AM lysosomes. The perfusion-limited model included three compartments, representing
the lung capillaries, the ELF, and the AMs, respectively. For all three models, only
the free unbound drug was assumed to distribute from the pulmonary capillaries into
the subsequent compartment. Protein binding was assumed negligible for all pulmonary
non-blood compartments.

Blood drug disposition model. The drug disposition in the blood reservoir and pe-
ripheral compartment after intravenous administration was described by the following
ordinary differential equations (Eq. 1 and Eq. 2).

dAblood

dt
= Qc

(
Aperipheral

Vperipheral ×Kp,tissue
− Ablood

Vblood

)
+
∑(

QZB × AZB

VZB

)
−
∑(

QZB × Ablood

Vblood

)
− CL× Ablood

Vblood

Eq. 1

dAperipheral

dt
= Qc

(
Ablood

Vblood
− Aperipheral

Vperipheral ×Kp,tissue

)
Eq. 2

where Ablood, Aperipheral, and AZB and Vblood, Vperipheral, and VZB represents the
amount of drug in the different compartments and their related volumes, respectively.
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Additionally, CL represents the blood clearance, Kptissue the blood-to-tissue partition-
ing for the peripheral compartment, Qc the cardiac output, and QZB the zone-specific
blood flow. Here, ZB is the pulmonary capillary compartment (B) of lung zone Z, which
includes right upper, middle, and lower zone (RUB , RMB , and RLB , respectively), and
their left side counterparts (LUB , LMB , and LLB). Oral drug administration was im-
plemented using a depot compartment with a first-order apparent absorption rate (ka).

Physiological parameters. The model framework was developed using a combination
of empirically estimated plasma PK parameters including CL, Kptissue, and ka, and
physiological system-specific parameters derived from literature (Table 1). Briefly, the
total body volume was derived from the bodyweight, assuming a density of 1 L/kg. The
total volume was made up of the volume of the blood reservoir (7.71%17), the volume
of the lower respiratory tract (0.63%14,17), and the residual volume associated with the
peripheral compartment (91.7%). The volume related to the AMs (approximately 2 mL)
was derived from the concentration of AMs in the ELF11, the ELF volume14, and the
volume per-AM18. The total AM volume was divided over the cytosol and the lysosomes,
which accounts for 92.2% and 7.8% of the total AM volume, respectively6. The AMs and
lysosomes were assumed spherical and each AM contained one lysosome. The spatial
difference in volumes, surface areas, and perfusion within the lower respiratory tract
were implemented by relating factions of these to the left and right side19, and further
splitting those into upper, middle and lower lung zones20.

The general passive permeability-limited model. Passive transport in the lung in-
cludes paracellular and transmembrane diffusion (Fig. 1). Transmembrane diffusion
refers to the passive diffusion occurring through the phospholipid bilayers in the mem-
brane of pulmonary capillary endothelial cells, the alveolar epithelium, and the AMs
and their lysosomes. The transmembrane transport was implemented according to
Eq. 321,22, where only the neutral fraction (NF) was assumed to be available for trans-
membrane transport.

logPTM = 0.939× logP − 6.210 Eq. 3

In Eq. 3, PTM represents the transmembrane permeability (cm/s) over a single
membrane and the n-octanol-water lipophilicity index (logP) the n-octanol lipophilicity
index. For cell barriers, the transcellular permeability was obtained by dividing PTM by
two, thus accounting for the double membrane passage needed to pass through the cell.

The compartment specific NF of the drug was calculated using an adapted Henderson-
Hasselbach equation (Eq. 4)23, relating the neutral fraction of the strongest acidic group
(NFacidic) and the strongest basic group (NFbasic) of the drug according to Eq. 5 and
Eq. 6, respectively.

NF = NFacidic ×NFbasic Eq. 4

NFacidic =
1

1 + 10(pHcomp−pKa)
Eq. 5

NFbasic =
1

1 + 10(pKb−pHcomp)
Eq. 6
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Table 1. System-specific parameters used in the PBPK model.

Parameter Description Value Unit Ref.
Qc Cardiac output 390 L/h [17]

FQ,Upper Fraction perfusing the upper lung 0.116 [20]

FQ,Middle
Fraction perfusing the middle
lung 0.297 [20]

FQ,Lower Fraction perfusing the lower lung 0.587 [20]
FQ,Left Fraction perfusing the left lung 0.46 [19]
FQ,Right Fraction perfusing the right lung 0.54 [19]
DBlood Volume blood per kg bodyweight 0.0771 L/kg [17]
DLung Volume lung per kg bodyweight 0.0076 L/kg [17]
VPBR Total volume of blood in lung 89× 10−3 L [14]

Finterstitium
Fraction of lung volume equal to
the interstitium volume 0.2 [23]

VELF Total ELF volume 25 mL [14]
NAM,F Number of macrophages 1.99× 1013 cells/L [11]
VAM Volume per macrophage 4989.9× 10−15 L [18]
VLys Volume per alveolar lysosome 0.0166× 10−15 L [24]

FLRT
Fraction of lung representing the
lower respiratory tract 0.8333 [14]

FV,Upper Split volume fraction 0.25 [25]
FV,Middle Split volume fraction 0.36 [25]
FV,Lower Split volume fraction 0.39 [25]

FV,Right
Split volume based on the lung
side 0.5341 [25]

FV,Left
Split volume based on the lung
side 0.4659 [25]

FV,L
Lysosome fraction of total AM
volume 0.078 [6]

ASA Alveolar epithelial surface area 130× 102 dm2 [26]
BSA Luminal capillary surface area 117× 102 dm2 [26]
AMSA Surface area per macrophage 1.39867× 10−7 dm2 [18]
LSA Surface area per lysosome 14.6× 10−11 dm2 [24]
ThB Thickness blood endothelial 0.46× 10−5 dm [26]
ThA Thickness pneumocytes 0.3× 10−5 dm [26]

ProAM Protein per macrophage 107× 10−9 mg/cell [27]
pHELF pH in ELF 6.6 [10]

pHinterstitium pH in interstitial fluid 7.4 [10]
pHcytosol pH in AM cytosol 7.2 [6]
pHlysosome pH in AM lysosomes 4.75 [6]

Prs
Pore size of small pores in epithe-
lial tight junctions 0.32× 10−8 dm [28]

Prl
Pore size of large pores in epithe-
lial tight junctions 11.56× 10−8 dm [28]

PAs
Fraction of total alveolar area of
small pores 3.03× 10−3 [28]

PAl
Fraction of total alveolar area of
large pores 7.90× 10−7 [28]
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The surface area available for transmembrane transport over the luminal side of the
capillaries was assumed to be 99.8% of the total surface area22, while the remaining
area was assumed to be paracellular space. The surface area of the alveolar epithelium
available for transmembrane transport was assumed equal to the full alveolar surface
area minus the total area of the aqueous pores in the tight junctions. The full surface
area of the AMs and the lysosome were available for transmembrane transport.

The alveolar capillary wall is a highly permeable structure24, and therefore the full
paracellular space was assumed to be available for transport. Paracellular transport
over the alveolar epithelium is restricted by tight junctions24,25, and was assumed to
only take place through aqueous pores present in tight junctions. Here, we assumed the
presence of small pores with a radius of 0.32 nm (rS) and large pores with a radius of
11.52 nm (rL). These accounted for 0.303% and 0.00079% of the total alveolar surface
area, respectively25. Passage was assumed to occur only for molecules with radius r
smaller than the corresponding pore radius (rS or rL). Molecules that met the size
criteria diffused according to Eq. 722,29 without any charge restriction.

logDaq = −4.11− 0.4609× logMw Eq. 7

whereDaq is the aqueous diffusivity coefficient (cm2/s), and MW is the molecular weight
(g/mol). The molecular radius r was assumed to be constant and calculated according
to the Stoke-Einstein equation (Eq. 8)25,27.

r =
k × T

6× π × η ×Daq
Eq. 8

where k is the Boltzmann constant (1.38 × 10−23 J/K), T is the absolute temperature
(300 K), and η is the viscosity of water at 300 K (0.69 mPa× s).

The drug-specific permeability-limited model. We included the option to in-
corporate drug-specific influx and efflux over the alveolar epithelium and the macrophage
membrane. The drug-specific transport was informed by literature data from in vitro
permeability assays using human cultivated alveolar epithelial cells (Calu-3 cells) or
rat AMs. The in vitro derived permeability was assumed to represent both active and
passive transport processes.

The perfusion-limited QSPR-informed model. To allow for the structure based
predictions of drug penetration into the ELF and the AM, we first fitted two QSPR-
based elastic net regression models predicting the log steady-state concentration ratio for
EPR and AM-ELF ratio (AM-ELF ratio (MER)) according to our previously described
method12. Briefly, clinical data for 40 anti-infective agents on systemic and pulmonary
exposure (ELF and AMs)12 were extracted from literature and pre-processed as previ-
ously described12. The dataset was divided into a training (n = 32) and a test (n =
8) dataset for the development and validation of the QSPR models, respectively. The
test dataset included the three fluoroquinolones used in our model application examples.
Elastic net tuning was optimized by minimizing the root mean square error (RMSE) and
leave-one-out cross-validation.

The QSPR-derived ratios were incorporated into the perfusion-limited model. The
ratios were included as partitioning coefficients where the EPR and MER represented
the partitioning of free drug between the plasma and ELF and the ELF and AMs,
respectively.
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Modelling framework applications
Application to fluoroquinolone antibiotics. We applied the framework to three flu-
oroquinolone antibiotics. We first digitized data from previous studies that repoted the
steady-state lung concentrations of ciprofloxacin28, grepafloxacin30, and levofloxacin31

(Table S1). The study-specific mean body weight was used to calculate physiologi-
cal. We empirically derived the tissue-partitioning coefficient (Kptissue), the (apparent)
plasma CL, and apparent absorption constant (ka), when applicable, from the naïvely
pooled observed plasma concentration data using nonlinear regression. We applied and
compared the three different lung models, using the mean concentrations the different
lung zones. Prediction performance was evaluated by calculating RMSE.

Exploring the effect of drug properties on pulmonary drug exposure. Using
the passive model, we simulated treatments of different hypothetical antimicrobials to
better understand how biological and drug specific properties (MW, logP, pka, pkb) affect
pulmonary PK. Specifically, we defined a comparator drug for each molecule, which had
a CL of 10 L/h, Kptissue of 1, logP of zero, and MW of 500 g/mol. To allow for the
evaluation of the impact of certain drug-specific parameters on pulmonary PK, we varied
Kptissue, logP, and MW for three different drug molecules: one acid (pka = 4, pkb =
-3), one base (pka = 14, pkb = 9), and one neutral (pka = 9, pkb = -4).

For each tested drug, the steady-state maximum drug concentration (Cmax) and 24-
hour area under the concentration-time curve (AUC) were calculated. These exposure
metrics were used to calculate the log2 ratio (L2R) of the metric of the specific drug
x and its comparator according to Eq. 9, where metric is either steady-state AUC or
Cmax.

L2Rmetric,x = log2

(
metricx

metriccomparator

)
Eq. 9

Quantifying the effect of pathophysiology on pulmonary drug exposure
Pathophysiological changes can alter antimicrobial PK. To understand how such changes
can influence pulmonary PK, we varied selected parameters known to be affected by
infections. Using the passive model, we simulated treatments with a set of different
hypothetical antimicrobials while increasing the ELF volume, the number of AMs, or
the size of the small pores in the alveolar epithelium or decreasing the pH in the ELF
or the interstitial fluid. To evaluate the effect of pathophysiology, we defined a base
scenario for each different molecules, where the physiological parameters represent that
of a healthy individual. The impact of pathophysiological changes was assessed for each
drug by calculating the L2R of the metric (AUC or Cmax) of the disease scenario and
the base scenario (analogous to Eq. 9).

Software and model code
All PK analyses were performed in R (v. 4.0.5), using the packages ’nlmixr’ (version
2.0.4) and ’RxODE’ (version 1.0.8). All code related to the PBPK framework is available
as supplementary information. The elastic net QSPR-models were developed using the
R packages ’caret’ (version 6.0-88), ’elasticnet’ (version 1.3), and ’rcdk’ (version 3.5.0).
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Results
The developed QSPR-based models predict pulmonary drug penetration
Both of the fitted QSPR-based models performed adequately (Fig. 3). The EPR-
model predicted the log steady-state ELF-to-Plasma ratio (log-EPR) well for the train-
ing (RMSE = 1.17, R2 = 0.65) and acceptably for the test set (RMSE = 1.14, R2

= 0.24). The log-EPR was 1.69, 1.53, and 1.47, for grepafloxacin, ciprofloxacin, and
levofloxacin, respectively. Similarly, the MER-model could predict the log-AM-to-ELF
ratio (log-MER) well for both the training (RMSE = 1.57, R2 = 0.65) and the test set
(RMSE = 2.03, R2 = 0.49). The predicted log-MER for grepafloxacin, ciprofloxacin,
and levofloxacin were 1.09, 0.84, and 1.21, respectively. The result from the optimization
of tuning parameters can be seen in Fig. S1.

Fig. 3 | Performance of the developed QSPR models. Predicted versus observed log
EPR and MER (130 structural features each). The hyperparameters s and λ were set to 0.20
and 0.10 for the EPR-model and 0.25 and 0.25 for the MER-model, respectively.

Prediction of fluoroquinolone lung PK
Plasma concentration data could be described well for all tested fluoroquinolone antibi-
otics (Fig. 4). Out of the three different lung models, the passive model performed the
worst for all three antibiotics (Fig. 4 and Fig. S2), with RMSE ranging between 0.98 to
2.39 and 1.86 to 4.73 for the ELF and AMs, respectively. The passive model predicted
a very slow equilibration between the ELF and AMs, leading to a systematic under
prediction of the AM concentrations. Overall, the approach using in vitro informed
active transport outperformed the QSPR approach, except for the ELF prediction of
grepafloxacin (RMSE 1.18 and 0.92 for active and QSPR approach, respectively) and
AM prediction of levofloxacin (RMSE 0.59 and 0.58 for active and QSPR approach, re-
spectively). Regardless of which approach used, there was no heterogeneity in the drug
distribution into the different lung zones (data not shown).

Drug-specific effects
The investigation of how different drug-specific and empirical PK parameters influence
the pulmonary PK revealed how molecules with different charges (i.e., acid, base, or
neutral) were affected differently (Fig. 5). Exposure at the AM compartment was
more affected by logP when the drug was an acid or a base, as compared to a neutral
compound. TheKptissue parameter affects drug distribution, and as such it had no effect

130



6

Plasma ELF AM

ciprofloxacin
grepafloxacin

levofloxacin

95 100 105 110 115 120 95 100 105 110 115 120 95 100 105 110 115 120

0.1

1.0

10.0

1

10

100

1000

1

10

100

Time after start of treatment (h)

C
on

ce
nt

ra
tio

n 
(m

g/
L)

Model

Passive

Drug−specific

QSPR

Fig. 4 | Steady-state PK profiles of ciprofloxacin, grepafloxacin, and levofoloxacin.
Steady-state ELF and AM PK profiles were evaluated. Observations are shown as dots and
model predictions as lines, where the predicted concentration in the pulmonary compartments
are the mean of the six lung zones. Three different models were used to predict pulmonary PK;
a general passive permeability-limited model (grey solid lines), a drug-specific permeability-
limited model (green dashed lines), and a QSPR-informed perfusion-limited model (purple
dotted lines).

on AUC, while the Cmax increased or decreased as a function of Kptissue for all drugs
and compartments except at the AM compartment for the acidic and basic compounds,
which remained unaffected. This could be related to the very slow equilibration between
the ELF and the AMs for the non-neutral compounds, which leaves changes in the ELF
concentration to have less effect on the AM concentration (Fig. S3). In turn, the slow
equilibration rate for the basic and acidic compounds could be related to their small
neutral fractions (basic: 0.40%, acidic: 0.25%), which is the drug fraction available for
transport over the AM membrane. A large impact of decreasing logP values on Cmax
and AUC in AM and ELF compartments was seen. The MW had no impact on the
L2R for any of the drug types (data not shown). MW below 85 g/mol was required to
pass through the population of small pores (i.e., r < 0.32 nm) while the lowest MW
simulated was 200 g/mol (equivalent to r = 0.47 nm). Similarly, all simulated molecules
had free passage through the population of large pores (rL = 11.56 nm). However, the
total available surface area was considerable smaller for the large pores compared to the
small (0.00079% and 0.303% of the total alveolar surface area, respectively).

We characterized the impact of molecule type (acid, base, or neutral) and logP on
predicted time-concentration profiles in plasma, ELF, and AM compartments (Fig. 5).
Generally, the acidic and neutral compounds showed high agreement between the total
AM drug concentration and that the AM cytosol concentration. In these cases, lysosomal
trapping has minimal impact on the drug availability at the site of infection (Fig. 6).
However, for basic compounds, large differences could be seen between the total AM and
the cytosolic concentration. Therefore, lysosomal trapping can play a major role for the
intercellular PK and if not considered, may lead to the overestimation of antimicrobial
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area under the curve for plasma, ELF, and ELF. The drug-specific parameter altered included
tissue partitioning coefficient (Kptissue), logP, CL and MW (data not shown). The drugs with
median parameter values were used as comparator drugs

concentration at the site of action (cytosol).

Pathophysiological effects
Following the sensitivity analysis for drug-specific parameters, we selected acidic, basic,
and neutral antimicrobials with a range of logP values (-4, 0, and 4) and a relatively
low MW (300 g/mol, r = 0.57 nm). Plasma concentrations remained unaffected by the
pathophysiological changes simulated (Fig. S4), while the pH of the ELF and intersti-
tium, as well as the size of the pores in the alveolar epithelium, had an effect on the
ELF and AM AUC (Fig. 7), and a corresponding effect on Cmax (Fig. S4). The neu-
tral molecules were unaffected by the changes in the system-specific parameters, while
the acidic and the basic compound were affected in opposite ways. Drugs of different
lipophilicity were affected differently by the pathophysiological changes. Most changes
only affect lipophilic drugs (logP = 4). Interestingly, acidification of the ELF affected
the more hydrophilic non-neutral compounds (logP 0 or -4). This could be explained
by the shift in NF available to pass over the macrophage membrane. The increase of
the size of the small pores starts when the radius of the pores exceeds the radius for the
molecule. When this occurs, a larger surface area is available for paracellular diffusion.
This influences lipophilic molecules, as they diffuse largely via transcellular diffusion
compared to hydrophilic drugs. Important here is that only the neutral fraction can
diffuse over the membrane, while the paracellular route is available without any charge
restrictions. When increasing the radius of the small pores, and subsequently the area
available for paracellular transport, the ratio between the transcellular and paracellular
transport will shift (Fig. S5). Due to the absence of charge restrictions related to the
paracellular route, the pH differences between the compartments have less impact. This
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Discussion
We developed a novel lung PBPK modelling and simulation framework and applied
this to study fluoroquinolone PK and investigate the impact of drug specific properties
and disease related changes. By comparing the different model-based predictions of
pulmonary PK we could identify the importance of considering drug-specific transport,
including active processes. Thus, informing the model with permeability data derived
from cell-based in vitro assays showed to be the best performing approach.

We informed the transport over the alveolar epithelium with permeability data ob-
tained from Calu-3 cell assays. However, such assays are not commonly performed and
therefore relevant data are often lacking. In contrast, assays quantifying intestinal per-
meability are routinely performed for orally administrated drug, primarily using Caco-2
cells. Models predicting Calu-3 permeability based on Caco-2 permeability have been
developed14. Such models could be incorporated into our framework to allow for simula-
tion of pulmonary PK considering drug-specific transport in the absence of Calu-3 data.
However, there are no equivalent translational models for macrophage permeability and
currently such data are not commonly available.

The QSPR-based approach, which accounts for active transport processes, was clearly
outperforming the approach where only passive diffusion was included (Fig. 3). The
QSPR-based approach could therefore constitute a relevant alternative to the in vitro
informed active transport in situations where such data are not available. Due to the
flexibility of the developed model, the QSPR-based and in vitro-informed approaches
could easily be combined. The QSPR approach could be implemented to compensate
for missing permeability data for either the alveolar epithelium or the macrophage mem-
brane, depending on data availability.

The modelling framework was used to understand the impact of drug-specific pa-
rameters on pulmonary PK. To this end, we used the passive PBPK model. Although
this model performed the worst in the model application example, it serves as a useful
foundation to pull apart the impact of specific factors on pulmonary PK. We found that
lipophilicity was a highly influential drug property in combination with molecular type
(i.e., acidic, neutral, basic). Only pathophysiological changes that altered the proportion
between transcellular and paracellular transport had an effect on ELF drug exposure,
which subsequently altered the AM exposure. The AM exposure was further affected
by shifts in the ELF neutral fraction. For acidic compounds, this fraction was increased
with increased acidity, and subsequently more drug was available to pass over the AM
membrane. As the pH remained the same within the AMs, the fraction available to dif-
fuse back to the ELF was unchanged, resulting in an increase of AM drug concentration.
The reverse occurred for the basic compounds. Although we show that lipophilic drugs
tend exhibit high grade of lung penetration, there is a high likelihood that such com-
pounds will have poor systemic PK properties and may not reach the lung before they
are cleared. This hint towards that targeting lung exposure alone may not be a fruitful
approach for systemically administered compounds. To overcome this issue, we see the
value of a multifactorial QSPR-PBPK approach in which multiple drug-properties are
optimized simultaneously in respect to both systemic and pulmonary PK.

We demonstrate that lysosomal trapping can have a large impact on pulmonary PK.
To highlight the relevance of this finding, we can offer a recent example. At the start
of the COVID-19 pandemic in 2020, hydroxychloroquine (HCQ) was hypothesized as a
potential treatment for COVID-1932. HCQ showed in vitro efficacy and promising lung
tissue distribution, suggesting that HCQ should inhibit coronavirus at clinically feasible
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doses32. However, HCQ was found ineffective as a COVID treatment33,34. The lung-
plasma partitioning ratio of HCQ is very high, but this high partitioning was a result
of lysosomal trapping35–37. Moreover, in vitro efficacy had been related to cell culture
media concentrations32, which corresponds to extracellular fluid. The extracellular fluid
concentrations in lung tissue were much lower than overall lung tissue, and thus no
effective and safe HCQ dosing regimens could be identified. As such, we contend that
lysosomal trapping should be explicitly included in lung PK predictions, while at the
same time keeping in mind the site of action of the drug.

The developed lung PBPK model constitutes a highly customizable modelling frame-
work. One practical advantage of the framework is that it was developed in the open-
source software R38. This makes it accessible and flexible, allowing for adjustments of
the current model but also the incorporation of model extensions. Therefore, we see
this framework as a relevant complementary addition to currently available lung PBPK
models implemented in other software packages.

In conclusion, the developed PBPK model framework can support improved charac-
terization of pulmonary exposure of systemically administrated antimicrobials to guide
treatment optimization for RTIs.
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Supplementary Figures

Fig. S1 | Preliminary tuning of elastic net parameters. This preliminary tuning was
performed to identify a combination of mixing fraction (s) and shrinkage (λ) values that can
minimize RMSE value during elastic net model optimization. Parameter tuning was performed
using the leave-one-out cross-validation method and was performed separately for A: EPR and
B: MER QSPR models. Parameter values that minimized RMSE in each scenario were indicated
by the red dot. This point of RMSE minima corresponded with the r-squared maxima (red dot
in the lower panel)
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Fig. S5 | Impact of the size of the small pores in the tight junctions in the alveolar
epithelium. A. Pharmacokinetics of the epithelial lining fluid (ELF), different hypothetical
drugs (facets) with different sizes of the small pores (colour). B. The specific contribution of
paracellular (PPD) and transcellular diffusion (TPD) depending on the radius of the small
pores and the direction of transport.

Supplementary Table
Table S1. Drug- and study-specific information

Ciprofloxacin Grepafloxacin Levofloxacin
Drug-specific properties

Parameter
Mw

* 331.34 359.39 361.37
logP* 0.28 0.72 -0.43
pka* 5.76 5.88 5.45
pkb* 8.68 8.77 6.2
Bp 0.7 1.33**0 10

funbound
0 0.65 0.5 0.69

Calu-3 influx (×10-6 cm/s) 1.030 11.80 6.20

Calu-3 efflux (×10-6 cm/s)0 0.430 3.10 2.40

AM influx (×10-6 L/min/mg protein)0 2.44 28.5 4.11
AM efflux (×10-6 L/min/mg protein)0 0.2 0.67 0.77

Study-specific information
Study Gotfried et al.0 Cook et al.0 Rodvold et al.0

Population Health volunteers Patients Health volunteers
Number of subjects 12 (6 M, 6 F) 24 (13 M, 11 F) 12 (5 M, 7 F)
Body weight (kg) 77.3 ± 12.5 71 (45.0–107.5) 78.5 ± 12.0
Mean age (years) 31.2 ± 6.7 57 (27–75) 31.2 ± 10.5
Route of administration p.o. p.o. 60 min infusion
Dose (mg) 500 400 500
Dosing regimen b.i.d. daily daily
Last dose given 108 h 96 h 120 h
Subjects per sampling point 4 5–7 4

* Obtained via Drugbank.com
** calculated based on rat data according to Uchimuraa et al.0 using an haematocrit of 45%0.
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