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Abstract:

Monoclonal antibodies (mAbs) exhibit high inter-antibody variability in clinical
pharmacokinetics (PK), influenced by both molecular and physiological factors.
Traditional models, including PBPK and TMDD frameworks, provide mechanistic detail
but can be computationally intensive and limited in their ability to generalize across
diverse antibodies. Neural ordinary differential equations (NODESs) represent a flexible,
low-dimensional alternative that combines mechanistic interpretability with machine
learning adaptability. This study aimed to apply NODE-based modeling to characterize
inter-antibody PK variability and assess predictive generalizability across a large set of
clinical mAbs. A comprehensive dataset of 36 mAbs (21 approved and 15
investigational at the time of the source publication), comprising 143 dose-route
concentration-time profiles, was assembled, and two NODE-based frameworks were
developed: i) NODE-2CMT, a two-compartment disposition model in which a single-
hidden-unit neural network replaces an explicit Michaelis-Menten/target-mediated
elimination term, and ii) NODE-mPBPK, a second-generation two-pore minimal PBPK
model in which plasma elimination is represented entirely by the same network. Both
models were estimated in Monolix on a training set of 31 antibodies (128 profiles, 1,259
observations) and evaluated using goodness-of-fit diagnostics, prediction-corrected
visual predictive checks, and an antibody-level train/test split, with five antibodies (15

profiles, 164 observations) withheld from estimation entirely. Both frameworks described
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the training data closely, the NODE-2CMT model giving the lower objective function
value (AOFV = 553.7 at an equal number of estimated parameters). On the held-out
antibodies, and without re-estimation of any population parameter, predictive accuracy
was comparable and acceptable for both models (NODE-2CMT: absolute average fold
error [AAFE] 1.40, average fold error [AFE] 1.13, 89% of predictions within 2-fold;
NODE-mPBPK: AAFE 1.39, AFE 1.05, 92% within 2-fold), so the better in-sample fit did
not translate into better out-of-sample prediction. Direct interrogation of the fitted
networks showed that, across the observed concentration range, both learned
elimination functions were effectively linear, implying apparent plasma clearances of
6.78 mL/h (NODE-2CMT, additional to an explicit linear clearance of 3.04 mL/h) and
11.2 mL/h (NODE-mPBPK); no saturable elimination component was identified in this
dataset. Low-dimensional NODEs can be embedded in mechanistic antibody PK
models, estimated jointly with between-antibody random effects, and applied to
antibodies that did not contribute to estimation. They therefore hold promise for cross-
molecule learning and for translational PK prediction in therapeutic antibody
development, provided the learned term is reported and interpreted as a data-driven

elimination function rather than as evidence of a specific disposition mechanism.
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Introduction

Monoclonal antibodies (mAbs) constitute one of the fastest-growing classes of
therapeutics, and their pharmacokinetics (PK) differ fundamentally from those of small
molecules. Disposition is dominated by convective and lymphatic distribution into tissues,
protection from catabolism through neonatal Fc receptor (FcRn) recycling, and, for many
antibodies, binding to a pharmacological target [1, 2]. The resulting concentration—time
profiles typically combine a slow, FcRn-mediated linear elimination pathway with a
saturable, target-dependent component that becomes most apparent at low
concentrations[3, 4]. Quantitative characterization of these processes is central to dose
selection, to the design of first-in-human studies, and to the translation of preclinical data

to the clinic.

The target-mediated drug disposition (TMDD) framework provides a mechanistic account
of nonlinear antibody elimination by explicitly representing drug—target binding,
internalization, and turnover[5]. Because the full TMDD model is rarely identifiable from
typical clinical data, reduced forms such as the quasi-equilibrium and quasi-steady-state
approximations are widely used[6, 7]. These approximations remain valuable, but they
require assumptions about target expression, affinity, and turnover that are frequently
unavailable early in development, and the associated parameters are often poorly

determined when only plasma concentrations are observed.

Physiologically-based pharmacokinetic (PBPK) models offer a complementary,
mechanism-rich description in which antibody distribution is governed by plasma and
lymph flows and by size-dependent vascular reflection[8, 9]. Minimal PBPK formulations,

in particular the second-generation two-pore model of Cao and Jusko, reduce the full
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platform model to a small number of lumped tissue compartments while retaining a
physiological interpretation of extravasation and lymphatic return[8-11]. Such models
have become a standard tool in antibody development [12], yet they still embed
prespecified elimination terms and rely on fixed physiological assumptions that may not

capture molecule-specific nonlinear behavior[13].

A further challenge is that disposition varies considerably from one antibody to another,
even within a single therapeutic area. Population PBPK analyses across large collections
of antibodies have shown that much of this inter-antibody variability can be attributed to
differences in target engagement and tissue distribution rather than to FcRn-mediated
catabolism alone[13]. Characterizing this variability in a way that does not require a fully
specified target system for every molecule would be valuable for cross-molecule learning

and for prediction in data-sparse settings.

Neural ordinary differential equations (NODEs) provide a route to this goal by
representing part of the system dynamics with a neural network whose parameters are
estimated from data[14]. When a neural network is embedded within a partly mechanistic
differential equation — a construction also described under the umbrella of universal
differential equations and scientific machine learning — the known structure is retained
while the unknown or poorly characterized terms are learned[15]. Neural networks are
universal function approximators[16], and NODE-based approaches have been applied
to pharmacokinetic problems including the prediction of new dosing regimens and the
modeling of time-series concentration data[17-19]. A practical obstacle for population
analysis is that high-capacity networks introduce many non-identifiable parameters that

are incompatible with nonlinear mixed-effects estimation. Bram and colleagues
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addressed this by introducing low-dimensional NODEs, in which a deliberately small
network is embedded in a compartmental model and estimated together with random
effects in standard population software such as Monolix and NONMEM]J20, 21]. This low-
dimensional design preserves estimability while allowing the data to inform the shape of

the nonlinear elimination.

In this work we apply the low-dimensional NODE concept to the clinical PK of mAbs
across many molecules. We develop two hybrid models that differ in their mechanistic
backbone: NODE-2CMT, which embeds a single-neuron network in a two-compartment
disposition model at the structural position that an explicit Michaelis—Menten or TMDD
elimination term would occupy, without imposing the saturable kinetics such a term would
carry, and NODE-mPBPK, which embeds the same network within a second-generation
two-pore minimal PBPK structure. Both models are fitted to a harmonized clinical dataset
spanning intravenous (IV) and subcutaneous (SC) administration, with antibody-to-
antibody differences represented as inter-individual variability. We evaluate the two
frameworks using goodness-of-fit diagnostics, prediction-corrected visual predictive
checks, and an antibody-level train/test split in which five antibodies were withheld from
estimation entirely, and we compare their parameter estimates, statistical fit, learned

elimination functions, and out-of-sample predictive accuracy.



142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

Methods

Clinical monoclonal antibody pharmacokinetic database

A clinical pharmacokinetic (PK) dataset for approved and investigational monoclonal
antibodies (mAbs) was assembled from publicly available sources [2-4, 22-54],
including peer-reviewed clinical pharmacology publications and regulatory review
documents when available. The database-building strategy was adapted from the inter-
antibody PK workflow reported by Kumar et al.[13], in which published mAb
concentration-time profiles were identified through literature and regulatory-source
searches and digitized when numerical datasets were not available[13]. Published PK
profile was prioritized when they provided sufficient concentration-time information after
intravenous (1V) and/ or subcutaneous (SC) administration to support model-based
characterization of disposition and absorption. Consistent with prior mAb PK database
development, profiles consisting only of trough concentrations were not included
because sparse trough-only datasets do not adequately define the absorption,
distribution, or terminal disposition phases[13]. The data from the first dosing cycle of
multiple dosing study was utilized in the analysis, all the PK profiles were digitized using
Webplot digitizer[55] to build the dataset of 36 mAbs listed in Table 1. Of these, 21 were
approved and 15 were investigational at the time of the source publication; together
they contributed 143 dose-route concentration-time profiles and 1,423 concentration

observations. Trastuzumab is not part of the present dataset.

Model Development
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Two hybrid mechanistic-neural ordinary differential equation models were developed to
characterize inter-antibody variability in clinical mAb PK: a two-compartment NODE
model (NODE-2CMT, designated NODE-2CMT in earlier drafts of this work) and a
NODE-minimal physiologically based pharmacokinetic model (NODE-mPBPK). The
NODE-2CMT model as shown in Figure 1A incorporated classical compartmental PK
terms for systemic distribution and elimination together with a learned elimination
component occupying the structural position of a Michaelis-Menten or target-mediated
term. The NODE-2CMT model described mAb disposition using a central compartment,
peripheral distribution, linear clearance, SC absorption when applicable, and an
additional learned elimination flux. The mechanistic component included linear
clearance from the central compartment and intercompartmental exchange between
central and peripheral compartment. A learned elimination flux was incorporated at the
same position in the central-compartment mass balance that a Michaelis—Menten or
target-mediated term would occupy[5, 56]. It is important to be explicit about what this
term is and is not. The learned flux is a single-hidden-unit rectified-linear-unit (ReLU)
function of the central amount and is therefore continuous and piecewise-linear in its
input. It is not a Michaelis—Menten expression, and it does not represent drug-target
binding, internalization, or target turnover. It carries none of the structural constraints of
saturable elimination: it is not bounded above, it does not approach a maximum flux,
and it can reproduce saturation-like curvature only to the extent that a single change of
slope can do so. The model is therefore designated NODE-2CMT rather than NODE-
MM-TMDD, and the embedded term is referred to throughout as a learned elimination

function motivated by, but not equivalent to, Michaelis—Menten/TMDD behaviour. The
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NODE-mPBPK as shown in Figure 1B was developed as a reduced-order
physiologically informed model representing antibody distribution and elimination using
minimal PBPK concepts, including tissue distribution processes and reflection-
coefficient terms for tight and leaky tissues[8, 9]. Minimal PBPK models have been used
to describe mAb plasma PK while retaining physiologic interpretation of tissue
distribution and lymphatic return processes. In the present model, the mPBPK
framework included distribution processes governed by physiologically interpretable
reflection-coefficient parameters representing drug transport into tight and leaky tissue
spaces[8, 9]. A neural network term was incorporated to capture inter-antibody

variability in elimination of mAbs.

The models were constructed as low-dimensional NODE pharmacometrics models, in
which pre-specified mechanistic equations were retained for known PK processes and
neural network functions were embedded within ordinary differential equation systems
to represent less well-characterized antibody-dependent processes[20, 21]. This hybrid
structure was selected to preserve mechanistic interpretability while allowing flexible
characterization of inter-antibody differences in clearance. This approach is consistent
with the scientific machine-learning framework in which mechanistic model components
describe known biological processes and neural network terms are used to learn

residual or incompletely specified dynamics[14, 20].

Neural ordinary differential equation structure

Neural network components were implemented as low-dimensional feed-forward neural
networks embedded directly into the differential equations mentioned in Supplementary

Information (Appendix S1). Neural ordinary differential equations parameterize the
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derivative of a system state using a neural network, allowing continuous-time dynamics
to be learned from longitudinal data[14]. Low-dimensional NODEs extend this concept
for pharmacometrics applications by using compact neural networks without high-
dimensional latent states, thereby improving compatibility with standard

pharmacometrics software and nonlinear mixed-effects estimation.

For a model input x, the neural network component was represented as:

ny

fan(x) =i = Z wy;max(0,wy;x + by ;) + b,

i=1

Where ny is the number of hidden units, w, ; and b, ; are the input weight and bias for
hidden unit i, w,; is the output weight, b, is the output bias, and max(0,-) denotes the
rectified linear unit activation function. This structure follows the low-dimensional NODE
implementation described for Monolix[20, 21]. State-dependent neural terms were used

to represent antibody-dependent elimination processes.
Inter- Antibody Variability and Residual Error

Inter-antibody variability was modeled using nonlinear mixed-effect methods. Each
antibody or antibody-dose-route profile was treated analogously to an individual
modeling unit, an approach similar to prior inter-antibody population PBPK modeling in
which each antibody was treated as an individual to estimate population and antibody-
specific parameters Because the modelling unit is a published dose-route profile rather
than a subiject, the resulting random effects should not be read as inter-antibody
variability alone. A single antibody may contribute several profiles that differ in route,

dose level, study population, sampling schedule, bioanalytical method, and digitization
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error, and all of these sources of difference are absorbed into the same random-effect
terms. The variance components reported here therefore represent combined between-
profile variability, confounding inter-antibody, inter-study, inter-route, and inter-dose
contributions, and the term "inter-antibody variability" is used throughout in this broader
sense.[13]. For positive-valued mechanistic PK parameters, antibody-specific parameter

values were assumed to follow a log-normal distribution:

P = Pyop eXP(TIP,j)

Where P;is the antibody-specific parameter value for antibody j, Ppop is the typical
population value, and np,j is a normally distributed random effect with mean zero and
variance. For neural network weights and bias parameters, normal or fixed-effect
parameterization was used as appropriate because neural network parameters are not
constrained to be positive and may take either positive or negative values[21]. Random
effects were retained when supported by stable estimation, acceptable precision,
diagnostic improvement, and biological or model-based plausibility. Residual
unexplained variability was described using a combined additive and proportional error

model:

Yij = Cij + €qqa,ij + Ci

J€prop/tJ

Where Y;; is the observed concentration for observation and antibody j, C;; is the model-
predicted concentration, E and E are normally distributed additive and proportional
residual error terms, respectively. A combined residual error model was selected
because clinical mAb PK data were obtained from multiple published sources and

therefore may contain both concentration-independent and concentration-dependent
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residual variability[13]. Models were implemented in Monolix 2024R1[57] and estimated
using the stochastic approximation expectation-maximization algorithm. SAEM-based
nonlinear mixed-effects estimation and Fisher information matrix-based standard error
calculation have been used previously for inter-antibody population PK modeling in
Monolix. The NODE model-building working followed the low-dimensional NODE-PMX
implementation described by Bram et al. [21] Briefly structural models were first fit
without inter-antibody random effects to stabilize estimation of the mechanistic and
neural fixed effects. The resulting parameter estimates were then used as initial
estimates for the final nonlinear mixed effects model with inter-antibody variability[21].
Neural network weights and biases were initialized to avoid inactive ReLU units over the
observed or expected range of model inputs, consistent with recommendations for low-
dimensional NODE implementation in pharmacometric software[20, 21]. For time-
dependent neural network terms, input weights were constrained to avoid unbounded
increases at late times[21]. Final parameter precision was summarized using relative
standard error (%RSE), and standard errors were obtained from the Fisher information
matrix. Diagnostic evaluation included observed-versus-population-predicted and
observed-versus-individual-predicted concentration plots, residual diagnostic plots, and
visual predictive checks. These diagnostics were used to evaluate whether the final
models adequately described the central tendency and variability of the observed
concentration—time profiles across antibodies and routes of administration. Model
evaluation was extended beyond these in-sample diagnostics by the antibody-level

train/test analysis described in the following section.

Antibody-level train/test split and out-of-sample evaluation
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To assess whether the learned elimination functions generalize to antibodies that did not
contribute to estimation, the dataset was partitioned at the antibody level before any
model fitting. Five antibodies — daclizumab, fulranumab, nivolumab, obiltoxaximab and
raxibacumab — were withheld as a test set, contributing 15 dose-route profiles and 164
concentration observations. These molecules were selected to span the behaviours
present in the dataset: two contributed both intravenous and subcutaneous data
(daclizumab, fulranumab), one contributed dose-ranging intravenous data on a mg/kg
basis (nivolumab), and two contributed single high-dose intravenous profiles at the upper
end of the observed exposure range (obiltoxaximab, raxibacumab). The remaining 31
antibodies, comprising 128 dose-route profiles and 1,259 observations, constituted the
training set. All population parameters, random-effect variances, and residual error
parameters reported in this work were estimated from the training set alone; the test

antibodies contributed nothing to estimation.

Test antibodies were then evaluated without re-estimation of any population parameter.
Because the antibody-specific random effects of a molecule not seen during estimation
are by definition unknown, test-set predictions were generated by fixing the population
parameters, random-effect variances, and residual error model to the training estimates
and obtaining antibody-specific random effects as empirical Bayes estimates conditional
on the observed test data. This corresponds to the practical situation in which a limited
amount of clinical PK data becomes available for a new antibody and an established
platform model is used to describe it. It does not correspond to fully a priori prediction
from molecular or target properties alone, which the present models cannot perform

because they contain no molecular descriptors; that limitation is discussed below.
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Predictive performance on the test set was summarized using the average fold error
(AFE), the absolute average fold error (AAFE), and the proportion of predicted
concentrations falling within 2-fold of the corresponding observation. AFE was calculated
as 10 raised to the mean of log10(Cpred/Cobs) across all paired observations, and AAFE
as 10 raised to the mean of the absolute value of log10(Cpred/Cobs), where Cpred and
Cobs denote the predicted and observed concentrations. AFE quantifies systematic bias,
with values above and below 1 indicating over- and under-prediction respectively, while
AAFE quantifies overall precision, with a value of 1 indicating exact agreement. A 2-fold
criterion was adopted because it is the accuracy conventionally regarded as acceptable

for mechanistic and platform PK model predictions of monoclonal antibody exposure.
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Results

NODE-2CMT model

The NODE-2CMT model described the clinical concentration—time data of the 31
training antibodies across both routes of administration (Figure 2). Individual predictions
closely tracked the observed profiles over several orders of magnitude in concentration,
reproducing the multiphasic decline characteristic of intravenous antibody disposition as
well as the absorption-limited rise and fall seen after subcutaneous administration.
Within antibodies that contributed dose-ranging data, the model captured the separation
between dose levels. Fit quality was most consistent for antibodies with densely
sampled, multi-dose profiles and was necessarily more uncertain for antibodies

represented by sparse or single-dose data.

The estimated typical linear clearance (CL) was 3.04 mL/h with good precision (%RSE
= 8.82). The central volume of distribution (Vc) was estimated as 3,490 mL (%RSE =
5.57), and the peripheral volume of distribution (Vp) was estimated as 2,560 mL (%RSE

= 2.45). Intercompartmental clearance (Q) was estimated as 21.2 mL/h (%RSE = 4.89),
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and the subcutaneous absorption-rate constant (ka) was estimated as 0.0167 h”-1
(%RSE = 4.61). All four neural-network parameters were estimated with acceptable
precision: W11 = 0.00615 (%RSE = 12.8), b11 = 0.0295 (%RSE = 33.0), Wc21 = 0.316
(%RSE = 16.5), and bc21 = 0.0243 (%RSE = 30.5). Between-antibody variability was
retained on central volume of distribution and on the network output weight Wc21. The
estimated random-effect standard deviations were 0.608 for Vc (%RSE = 6.44) and
0.873 for Wc21 (%RSE = 7.01), with low eta-shrinkage of 2.0% and 5.7% respectively,
as described in Table 2. Residual variability was described by a combined error model
with additive and proportional components of 0.0365 pg/mL (%RSE = 10.0) and 0.154
(%RSE = 2.40). Diagnostic plots shown in Figure S1 (A and B) indicate good agreement
between observed and individual predicted concentrations across antibodies, with no
major systematic bias across the observed concentration range. The prediction-
corrected visual predictive check showed that the final model captured the central
tendency of the observed data and reproduced the overall variability in the

concentration—time profiles.

NODE-mPBPK model

The NODE-mPBPK model also described the clinical concentration—time profiles of the
31 training antibodies, as shown in Figure 3. The model included reduced-order
physiologic distribution parameters, subcutaneous absorption, and network parameters
representing antibody-dependent elimination. As shown in Table 2, the estimated
vascular reflection coefficient for tight tissues (o1) was 0.914 (%RSE = 1.63), and that
for leaky tissues (02) was 0.729 (%RSE = 2.20); both values are close to those reported

for immunoglobulin G in the second-generation minimal PBPK model. The



363 subcutaneous absorption-rate constant (ka) was estimated as 0.00735 h”*-1 (%RSE =
364  25.2). The network parameters were estimated as W11 = 56.4 (%RSE = 10.1), b11 = -
365 3.15 (%RSE = 27.9), Wc21 = 0.199 (%RSE = 11.2), and bc21 = 0.169 (%RSE = 40.7);
366 precision was therefore acceptable for all four parameters in the present fit, with the
367 output bias bc21 the least well determined. Between-antibody variability was retained
368 on the two reflection coefficients, on the absorption-rate constant, and on the network
369 output weight, with estimated standard deviations of 0.0934 (o1), 0.168 (02), 1.12 (ka),
370 and 0.116 (Wc21). Eta-shrinkage was low for Wc21 (1.9%) and moderate for o2

371 (19.6%), but was appreciable for o1 (35.9%) and high for ka (58%); the latter reflects the
372  smaller number of profiles contributing subcutaneous data, and individual ka estimates
373 should be interpreted with corresponding caution. Residual variability comprised

374  additive and proportional components of 0.0290 ug/mL (%RSE = 12.1) and 0.164

375 (%RSE = 2.44). Diagnostic plots shown in Figure S2 (A and B) demonstrated that the
376  model captured the overall concentration—time profiles across antibodies, including the
377 range of IV and SC profiles, and the prediction-corrected visual predictive check

378 showed that the model described the central tendency and dispersion of the observed

379 data.

380 Characterization of the learned elimination functions

381 Because individual network weights carry no direct interpretation, the fitted networks were
382 interrogated as functions: the learned elimination flux fNN was evaluated across the full
383 range of network inputs actually visited by the training data, with the realized input
384  distribution shown as a rug beneath each curve (Figure S3). In both models the learned

385 function was, over that range, indistinguishable from a straight line.
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In the NODE-2CMT model the hidden-unit input bias was positive (b11 = 0.0295) while
the network input, the central amount, is non-negative. The ReLU unit was therefore
active over the whole of its domain, and the learned flux reduced exactly to the affine
function fNN = Wc21 - W11 - Ap + (Wc21 - b11 + bc21) =1.94 x 1072 - Ap + 0.0336, with
no breakpoint anywhere in the observed or extrapolated range. Expressed on a
concentration basis this corresponds to fNN = 6.78 - Cp + 0.0336, that is, an apparent
additional plasma clearance of 6.78 mL/h that does not vary with concentration. The fitted
model is thus functionally a two-compartment model with first-order elimination, in which
the total apparent clearance is the sum of the explicit linear clearance and the learned

contribution, 3.04 + 6.78 = 9.82 mL/h, or 0.236 L/day.

In the NODE-mPBPK model the hidden-unit input bias was negative (b11 = -3.15), so the
ReLU unit was inactive below a plasma concentration of -b11/W11 = 0.0559 ug/mL and
active above it. The learned flux was therefore genuinely piecewise-linear, but the
breakpoint lay at or below the lowest observed concentrations, so that across essentially
the entire observed range the function was again linear, fNN = 11.2 - Cp - 0.458. This
corresponds to an apparent plasma clearance of 11.2 mL/h, or 0.269 L/day. Because
plasma elimination in this structure is represented entirely by the network, this value is
the model estimate of total apparent clearance rather than an increment to an explicit

clearance term.

Two observations follow. First, both apparent clearances fall within the range reported for
endogenous and therapeutic immunoglobulin G, so the networks recovered
physiologically plausible elimination without being constrained to do so. Second, and

more consequential for interpretation, neither network identified a saturable elimination
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component in this dataset. The capacity to represent a change of slope was available in
both models and was used in only one of them, at a concentration below the observed
range. The learned terms should accordingly be read as data-driven, effectively linear
elimination functions and not as evidence of target-mediated disposition. This is
consistent with the composition of the dataset, which consists predominantly of mean
profiles at or near clinically used dose levels, where any target-mediated pathway is

frequently saturated and contributes comparatively little to the observed decline.

Prediction of antibodies withheld from estimation

Neither model saw daclizumab, fulranumab, nivolumab, obiltoxaximab or raxibacumab
during estimation. Applying the training population parameters to these five antibodies
gave comparable and acceptable accuracy for both frameworks across 164 held-out
observations spanning approximately five orders of magnitude in concentration (Figure
4, Table 3). The NODE-2CMT model achieved an AAFE of 1.40 and an AFE of 1.13, with
89% of predictions falling within 2-fold of the observed concentration. The NODE-mPBPK
model achieved an AAFE of 1.39 and an AFE of 1.05, with 92% within 2-fold. Precision
was therefore essentially identical between the two models, while the NODE-mPBPK
model showed less systematic bias; the AFE of 1.13 for the NODE-2CMT model indicates

a modest overall tendency to over-predict.

Individual fits to the test antibodies are shown in Figure S4. Both models reproduced the
intravenous and subcutaneous profiles of daclizumab, the dose-ranging intravenous and
subcutaneous profiles of fulranumab, the mg/kg-based intravenous profiles of nivolumab,
and the single high-dose intravenous profiles of obiltoxaximab and raxibacumab,

including the approximately 1,000-fold difference in peak concentration between the
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fulranumab and raxibacumab arms. The largest deviations for both models occurred at
the lowest observed fulranumab concentrations, close to the assay lower limit of

quantification, and at the earliest raxibacumab sampling time.

The ordering of the two models reversed between in-sample fit and out-of-sample
prediction: the NODE-2CMT model gave the substantially lower objective function value
on the training data but did not predict the held-out antibodies more accurately. Likelihood-
based comparison of structurally different models on the estimation dataset therefore
does not by itself establish which model will transfer to new molecules, and the two
frameworks are better regarded as comparable in predictive performance on this dataset

than as ranked.

Comparison of NODE-2CMT and NODE-mPBPK models

Both hybrid NODE frameworks recapitulated the observed clinical PK profiles of the 31
training antibodies. On the training data the NODE-2CMT model provided a lower
objective function value and lower information criteria than the NODE-mPBPK model
(OFV 5,433.36 versus 5,987.05; AIC 5,459.36 versus 6,013.05; BIC 5,496.44 versus
6,050.13), a difference of 553.69 points in objective function value at an equal number
of estimated parameters (13 in each model), together with better goodness-of-fit (Figure
S1Aand S2 A) and visual predictive check (Figure S1 B and S2 B) diagnostics.
Because the two models differ structurally rather than hierarchically, these criteria
should be interpreted as descriptive model-comparison metrics rather than as a formal
statistical test, and, as described above, the advantage on the training data did not carry

over to the antibodies withheld from estimation.
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The NODE-2CMT model provided precise estimates for classical pharmacokinetic
parameters, including clearance, distribution volumes, intercompartmental clearance,
and absorption. The NODE-mPBPK model provided physiologically interpretable tissue-
distribution parameters with high precision and, in the present analysis, acceptable
precision for all four network parameters (Table 2). Overall, the results demonstrate that
low-dimensional NODEs can be incorporated into mechanistic antibody PK models,
estimated jointly with between-profile random effects across a diverse clinical mAb

dataset, and applied to antibodies that did not contribute to estimation.

Discussion

We developed two low-dimensional neural ODE models for the clinical pharmacokinetics
of monoclonal antibodies and showed that both can reproduce the disposition of a large
and chemically diverse set of antibodies while characterizing inter-antibody variability. By
embedding a deliberately small neural network within established mechanistic structures
— a two-compartment disposition model and a second-generation minimal PBPK model
— the approach learns the elimination contribution directly from concentration—time data
rather than prescribing its functional form in advance. To our knowledge, this is among
the first applications of the low-dimensional NODE concept to inter-antibody variability
across a harmonized clinical mAb dataset of this breadth, and the first in which such a

model is evaluated on antibodies withheld from estimation.

The two frameworks behaved in complementary ways. The NODE-2CMT model achieved

a better statistical fit to the training data with fewer estimated structural parameters,
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making it an attractive default when a parsimonious description is desired. The NODE-
mPBPK model grounds the learned elimination within an explicitly physiological
distribution structure and showed marginally less systematic bias on the held-out
antibodies, which may make it preferable when mechanistic interpretation of tissue
distribution is important or when extrapolation across dosing routes is required. Because
out-of-sample accuracy was effectively equivalent, the choice between the two is better
made on interpretive grounds than on fit statistics. The estimated reflection coefficients in
the minimal-PBPK model were close to literature expectations for immunoglobulin G,
indicating that embedding a neural network for elimination did not distort the physiological

component of the model[8, 9].

The individual neural-network parameters were estimated with lower precision than the
physiological parameters, although in the present analysis no network parameter
exceeded a relative standard error of 41%. This is a known property of low-dimensional
NODEs: the network is a flexible functional element rather than a set of mechanistic
constants, and it is the learned function and its influence on the predicted profile — not
the individual weights — that carry meaning[20, 21]. We do not, however, regard that
argument as sufficient on its own. If the weights carry no interpretation, the burden of
interpretation falls on the learned function, and the function should therefore be reported
rather than merely asserted to be meaningful. We accordingly evaluated the learned
elimination flux directly over its realized input domain (Figure S3) instead of relying on
parameter precision alone, and that diagnostic proved informative in a way the weights
were not: it showed that both networks collapsed onto effectively linear elimination, that

the implied apparent clearances of 6.78 and 11.2 mL/h are physiologically plausible for



499

500

501

502

503

504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

immunoglobulin G, and that the available capacity to represent saturation went essentially
unused. We would encourage this diagnostic — plotting the learned term across the input
values the data actually visit, together with a rug of those inputs — as routine practice
whenever neural terms are embedded in pharmacometric models, since it converts an
otherwise opaque component into an inspectable function and makes overclaiming
considerably harder. It also follows that the network parameters are not comparable
across the two models, because each network receives a differently scaled input and
operates within a different structural context; only the resulting functions can meaningfully

be compared.

Several limitations should be acknowledged, of which the most consequential concerns
the modelling unit. The dataset was assembled from published, largely digitized mean
concentration—time profiles, and each dose-route profile was treated as a separate
estimation unit. A single antibody may contribute several such profiles — adalimumab, for
example, contributes both intravenous and subcutaneous data, and several antibodies
contribute multiple dose levels or more than one study population — and differences
between those profiles may arise from route, dose, study design, patient population,
sampling density, bioanalytical assay, or digitization error as readily as from any intrinsic
property of the molecule. The random effects estimated here are therefore not pure inter-
antibody variability: they represent between-profile variability that confounds inter-
antibody, inter-study, inter-route, and inter-dose contributions, and the magnitude of the
estimated omega values, together with the individual parameter estimates derived from
them, should be interpreted with that confounding in mind. Disentangling these

components would require either individual-subject data or a hierarchical structure with
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antibody nested above study and route, neither of which the present data support.
Relatedly, because the analysis describes representative rather than individual profiles,

classical covariate analyses of patient factors were outside its scope.

Further limitations follow from the model structure and from the evaluation design. The
models did not incorporate explicit target-system descriptors such as antigen expression
or affinity, which are the mechanistic drivers of target-mediated elimination; the network
instead summarizes their net effect on plasma disposition, and, as shown above, that net
effect was linear in this dataset. The single-neuron architecture, chosen for identifiability,
permits at most one change of slope and therefore constrains the class of elimination
functions that can be represented; a network with additional hidden units, appropriately
regularized, might resolve curvature that the present architecture cannot, and the
absence of detected saturation should not be read as strong evidence that none exists.
Because the network learns within the support of the observed data, predictions outside
the observed concentration and dose ranges should be treated with caution, and the non-
smoothness of the ReLU activation, while convenient, is a modeling choice that could be
revisited. Finally, the out-of-sample evaluation rests on a single split of five antibodies, so
the reported accuracy is itself uncertain; repeated splits or a full leave-one-antibody-out
analysis would give a more stable estimate of generalization. Test-antibody random
effects were obtained conditional on the observed test data, so the reported accuracy
reflects the use of an established platform model to describe a new antibody for which
some clinical PK data already exist, and not fully a priori prediction from molecular

properties alone.
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These results position low-dimensional NODEs as a complement to, rather than a
replacement for, mechanistic modeling of antibody pharmacokinetics. They are most
useful when the target system is incompletely characterized, when a common framework
is needed to learn across many molecules, or when rapid, data-efficient description is
required early in development. Natural extensions include informing the network input
with molecular or target descriptors so that disposition can be predicted for new
antibodies from their properties, the use of slightly larger but appropriately regularized
networks, integration of the learned elimination within larger quantitative systems
pharmacology models, and prospective evaluation in first-in-human prediction[58, 59].
The learned elimination functions could also serve as informative priors for subsequent

mechanistic analyses.

Conclusion

Two low-dimensional neural ODE models — one built on a two-compartment structure
and one on a second-generation minimal PBPK structure — described the clinical
pharmacokinetics of 31 monoclonal antibodies and, without re-estimation of any
population parameter, described the profiles of five further antibodies withheld from
estimation with an absolute average fold error of approximately 1.4 and roughly 90% of
predictions within 2-fold. The two-compartment NODE provided the more parsimonious
and statistically favoured description of the training data, while the minimal-PBPK NODE
showed marginally less bias on the held-out antibodies within an explicitly physiological
framework; the two were otherwise equivalent in out-of-sample accuracy. Direct
interrogation of the fitted networks showed that both learned elimination functions were

effectively linear across the observed concentration range and implied physiologically
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plausible apparent clearances, but provided no evidence of saturable elimination in this
dataset. Low-dimensional NODEs are therefore a workable and inspectable means of
learning elimination behaviour across many molecules within a mechanistic scaffold,
provided the learned term is reported as a function and interpreted as such rather than

as a mechanism.

Data Availability

The data analyzed in this study were derived from publicly available sources, including
peer-reviewed publications and regulatory review documents, as cited in the article.
Concentration—time data were digitized from the published pharmacokinetic profiles and
compiled into a harmonized dataset for model development and evaluation. The
compiled dataset generated and analyzed during the current study is available from the

corresponding author upon reasonable request.

Figure 1. Structural schematics of the two low-dimensional neural ODE (NODE) models
developed to characterize inter-antibody variability in monoclonal antibody
pharmacokinetics. (A) NODE-2CMT model. A two-compartment disposition structure
comprising a central compartment (C_c) and a peripheral compartment (C_p)
connected by inter-compartmental clearance (Q), with linear clearance (CL) from the
central compartment. A low-dimensional feed-forward neural network (dashed arrow) is

embedded into the central-compartment elimination to capture concentration-
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dependent, antibody-specific disposition at the structural position that an explicit
Michaelis—Menten/target-mediated drug disposition term would occupy; the network
does not impose saturable kinetics. Subcutaneous doses, when applicable, enter the
central compartment through a first-order absorption process. (B) NODE-mPBPK
model. A second-generation two-pore minimal physiologically-based structure in which
antibody distributes from plasma into tight- and leaky-tissue compartments governed by
vascular reflection coefficients o, and o, and lymph flows L; and L., drains into a
common lymph compartment, and returns to plasma via total lymph flow L. Intravenous
doses enter the plasma compartment directly (IV), and plasma elimination is
represented entirely by the embedded neural network (dashed arrow). Physiological

volumes and lymph flows were fixed to literature values for immunoglobulin G.

Figure 2. Individual NODE-2CMT model fits to clinical concentration—time data for the
31 antibodies of the training set. Each panel corresponds to a single antibody and route
of administration (intravenous, I1V; subcutaneous, SC), as indicated in the panel header.
Points are observed concentrations and solid lines are individual model predictions;
colors distinguish dose levels within each panel. Concentrations (ug/mL) are shown on
a log,o scale against time (hours). Antibodies withheld as the test set are not shown
here; their fits are given in Figure S4. The model reproduced both the multiphasic IV
disposition and the absorption-limited SC profiles across antibodies spanning a wide

range of clearances and exposures.

Figure 3. Individual NODE-mPBPK model fits to clinical concentration—time data for the
31 antibodies of the training set. Panels, symbols, lines, colors, and axes are as

described for Figure 2; each panel shows a single antibody and route of administration
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with observed concentrations (points) and individual model predictions (lines) on a
semi-logarithmic scale. The minimal-PBPK NODE structure captured the central
tendency and the between-profile dispersion of the observed profiles across both IV and

SC administration.

Figure 4. Predicted versus observed concentrations for the five antibodies withheld from
estimation. (A) NODE-2CMT model. (B) NODE-mPBPK model. Each point is a single
observation from the held-out test set (n = 164 observations from daclizumab,
fulranumab, nivolumab, obiltoxaximab and raxibacumab); colours distinguish antibodies.
The solid line is the line of identity and the dashed lines delimit the 2-fold error envelope;
both axes are log10-scaled. Summary statistics are given in each panel header: absolute
average fold error (AAFE), average fold error (AFE), and the percentage of predictions
falling within 2-fold of the corresponding observation. Population parameters, random-
effect variances, and residual error parameters were estimated from the 31 training
antibodies only and were not re-estimated for the test set; antibody-specific random
effects for the test antibodies were obtained as empirical Bayes estimates conditional on

the observed test data.
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656 Table 1. Summary of published clinical datasets used to develop and evaluate the proposed
657 NODE-based PK framework. The dataset comprises 36 monoclonal antibodies, of which 21 were
658 approved and 15 investigational at the time of the source publication. Thirty-one antibodies

659 formed the training set; five (daclizumab, fulranumab, nivolumab, obiltoxaximab and

660 raxibacumab) were withheld at the antibody level as an independent test set and contributed

661 nothing to parameter estimation. Trastuzumab is not part of this dataset.

Name Status Analysis set Reference
Adalimumab Approved Training [22]
Belimumab Approved Training [33]
Benralizumab Approved Training [54]
Canakinumab Approved Training [29]
Daclizumab Approved Test [35]
Enokizumab Investigational Training [26]
Fulranumab Investigational Test [46]
Gevokizumab Approved Training [28]
Guselkumab Approved Training [40]
Mepolizumab Approved Training [27]
Olokizumab Investigational Training [32]
Ralpancizumab Investigational Training [42]
Risankizumab Approved Training [50, 60]
Secukinumab Approved Training [48]
Tezepelumab Approved Training [47]
Cemiplimab Approved Training [51]
Cetrelimab Investigational Training [53]
Crenezumab Investigational Training [49]
Enavatuzumab Investigational Training [44]
Farletuzumab Investigational Training [34]
Gedivumab Investigational Training [13]
Infliximab Approved Training [41]
Ipilimumab Approved Training [31]
Lesofavumab Investigational Training [43]
Lexatumumab Investigational Training [25]
Nesvacumab Investigational Training [38]
Nivolumab Approved Test [45]
Obiltoxaximab Approved Test [37]
Ozanezumab Investigational Training [13]
Pateclizumab Investigational Training [30]
Pembrolizumab Approved Training [39]
Raxibacumab Approved Test [52]
Reslizumab Approved Training [36]
Siltuximab Approved Training [24]
Tefibazumab Investigational Training [23]
Ublituximab Approved Training [61]




662  Table 2. Final population parameter estimates for the NODE-2CMT and NODE-mPBPK models,

663 estimated from the 31-antibody training set (128 dose-route profiles, 1,259 observations).

Parameter Description NODE-2CMT NODE-mPBPK

Estimate (RSE %) Estimate (RSE %)

Structural and disposition parameters

CL Linear clearance from the central 3.04 (8.82) —

compartment (mL h™)

Ve Central volume of distribution (mL) 3490 (5.57) —
Vo Peripheral volume of distribution 2560 (2.45) —
(mL)
Q Inter-compartmental clearance (mL 21.2 (4.89) —
h™)
ka First-order subcutaneous 0.0167 (4.61) 0.00735 (25.2)

absorption rate (h™)

o1 Vascular reflection coefficient, tight — 0.914 (1.63)
tissues
02 Vascular reflection coefficient, — 0.729 (2.20)

leaky tissues

Embedded neural-network parameters?

W11 Input-layer weight 0.00615 (12.8) 56.4 (10.1)
b1 Input-layer bias 0.0295 (33.0) -3.15(27.9)
W21 Output-layer weight 0.316 (16.5) 0.199 (11.2)
b2,1 Output-layer bias 0.0243 (30.5) 0.169 (40.7)

Inter-antibody variability (w, as SD of n)

Wve [IV on central volume 0.608 (6.44) —

Wo IV on o1 — 0.0934 (14.9)

Wo2 IV on o2 — 0.168 (10.1)
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Wka [V on subcutaneous absorption — 1.12 (15.3)

rate

Ww2,1 [IV on neural-network output 0.873 (7.01) 0.116 (6.68)

weight

a Neural-network weights and biases are latent parameters without direct biological interpretation; their
values depend on the scaling of the network input and are not comparable between the two models. Larger
relative standard errors for these parameters are an expected property of low-dimensional neural ODEs.
The learned elimination function itself, rather than the individual weights, is characterized in Figure S3.

Table 3. Predictive performance of the two models on the five antibodies withheld from
estimation (daclizumab, fulranumab, nivolumab, obiltoxaximab, raxibacumab). AFE,
average fold error; AAFE, absolute average fold error. Population parameters, random-
effect variances and residual error parameters were fixed to the training-set estimates
and were not re-estimated; antibody-specific random effects were obtained as empirical

Bayes estimates conditional on the observed test data.

Model n AFE AAFE Within 2-fold (%)
observations

NODE-2CMT 164 1.13 1.40 89

NODE-mPBPK 164 1.05 1.39 92

Estimates are population (fixed-effect) values obtained in Monolix 2024R1 by the SAEM algorithm; values

“

in parentheses are relative standard errors (RSE %). “—” indicates a parameter that is not present in the
corresponding model. In the NODE-mPBPK model, the physiological volumes and lymph flows were fixed
to literature values for immunoglobulin G and are not listed. w denotes the standard deviation of the
corresponding random effect;, because the estimation unit is a published dose-route profile rather than a

subject, these terms represent combined between-profile variability (inter-antibody, inter-study, inter-route

and inter-dose) rather than inter-antibody variability alone. Model fit statistics for the training set were:



682  NODE-2CMT, OFV 5,433.36, AIC 5,459.36, BIC 5,496.44; NODE-mPBPK, OFV 5,987.05, AIC 6,013.05,
683 BIC 6,050.13, each with 13 estimated parameters. Residual error parameters (combined model) were a =

684 0.0365 ug/mL and b = 0.154 for NODE-2CMT and a = 0.0290 ug/mL and b = 0.164 for NODE-mPBPK.
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