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Abstract

The predictive capability crisis in drug discovery and development remains a
significant factor hindering medical progress. Among emerging solutions, organoids
offer the ability to reflect the biological fidelity of tissues, whereas organs-on-chips
(O0oCs) demonstrate strengths in simulating dynamic tissue microenvironments and
enabling multi-organ interactions. Herein, we present a unifying artificial intelligence
(Al)-orchestrated framework that incorporates both platforms into verifiable and
regulatable “model-as-evidence” (MAE) pathways capable of self-optimization with
researcher oversight. Al is employed as an indispensable computational integration
layer addressing three bottlenecks that render conventional approaches infeasible:
(i) combinatorial explosion in high-dimensional parameter spaces, (ii) multi-scale
coupling between molecular interactions and tissue-scale level morphogenesis,
and (iii) requirement for real-time adaptive control of dynamic microenvironments
exceeding human cognitive bandwidth. At the organoid level, this integration
enables multi-objective optimization to improve reproducibility, reduce resource use,
and achieve predictive modeling to capture extracellular matrix—cells interactions.
For OoCs, active learning algorithms condense protracted design cycles into
efficient, goal-directed experimentation, and deep reinforcement learning sustains
physiological steady states through adaptive, real-time control. The convergence
of these systems within an integrated platform enables standardized, cross-
comparable phenotyping pipelines that transform heterogeneous experimental
data into a universal quantitative language, and harmonized evaluation benchmarks
align experimental outputs across laboratories. Together, this framework generates
curated evidence packages that directly address regulatory concerns related to
efficacy and safety. By systematizing experimental design, parameter control, and
interpretive analytics, this Al-orchestrated approach elevates organoid and OoC
technologies from specialized crafts to a robust engineering discipline. It establishes
a virtuous cycle wherein Al accelerates iterative validation and optimization, freeing
researchers tofocus on higher-order hypothesis generation and translational strategy.
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Thus, through Al-orchestrated quantification of biological fidelity and engineering rigor,
these platforms may mature into credible, scalable, and transformative toolboxes for next-
generation biomedical translation.

Keywords: Organoid; Organ-on-a-chip; Artificial intelligence; Organoid-on-a-chip

1. Introduction

The translational gap in preclinical research represents one
of the most significant challenges in modern biomedical
science, often referred to as the “valley of death” in drug
discovery and development.' Traditional two-dimensional
(2D) cell cultures, while convenient, lack the tissue-
level architecture, multicellular interactions, and three-
dimensional (3D) organization that are essential for
accurately representing human physiology. Consequently,
these monolayer systems fail to recapitulate drug
responses, metabolic functions, and disease phenotypes
observed in vivo?* Animal models, despite their
widespread use, suffer from species-specific differences
that frequently compromise efficacy and toxicity
predictions. In 2012, Begley and Ellis demonstrated that
only 11% of 53 landmark preclinical cancer studies could
be independently reproduced by industry scientists,
highlighting a reproducibility crisis in oncology research.’
In parallel, industry reports indicate that nearly 90% of
drug candidates entering clinical trials ultimately fail to
reach the market, despite encouraging preclinical data.>”
This crisis imposes substantial economic costs, estimated
in the billions annually, and delays the translation of
effective therapeutics to patients.®!!

Given the limitations of conventional preclinical models,
organoids and OoCs have emerged as transformative
alternatives that promise to bridge the gap between
oversimplified cell culture models and complex animal
models. Organoids are self-organizing 3D structures
derived from stem cells or tissues, which replicate biological
authenticity through spontaneous morphogenesis and cell
type diversity.>'> Clevers and coworkers demonstrated
that single Lgr5* intestinal stem cells could form complete
crypt-villus structures in vitro, establishing the foundation
for organoid technology.'** OoCs, pioneered by Ingber
and other researchers from Europe and US, leverage
microfluidic systems that allow for precise spatiotemporal
regulation of chemical and mechanical stimuli, providing
enhanced controllability. The landmark lung-on-a-chip
study demonstrated how alveolar-capillary interfaces could
be reconstituted on a microfluidic platform, enabling real-
time monitoring of (patho)physiological responses.'>'

These methods shift the focus from whether a model
resembles human (patho)physiology to whether it can be
engineered for reproducibility, quantitative comparison
across laboratories, and stable operation over extended
periods.'¢1

Organoids excel at mimicking cellular and functional
fidelity of native tissues, while OoCs excel at simulating the
tissue microenvironment and multi-organ interactions.
However, further development of these two platforms
as well as their integration present several challenges.
Organoid-associated ~ difficulties include optimizing
culture medium components, extracellular matrix (ECM),
and cell type, while OoC challenges revolve around
chip design, dynamic parameter control, and tissue
characterization. Al offers an opportunity to solve these
above-mentioned challenges, and to provide integrated
solutions for organoid and OoC systems, including the
development of organoids-on-chips. However, realizing
these solutions through conventional experimental design
faces fundamental computational and operational barriers.
Manual approaches face three infeasibilities: combinatorial
explosion (high-dimensional parameter spaces where,
for example, numerous interacting culture medium
components create nonlinear, temporally dependent
control problems that rapidly exceed manual optimization
capacity),'*® multi-scale coupling (molecular-to-tissue
temporal hierarchies defy intuitive tuning),”* and real-
time bandwidth (microfluidic homeostasis demands
millisecond precision beyond human capacity).”*
We propose an Al-orchestrated framework for the
construction and characterization of organoids, OoCs,
and organoid-OoC hybrids, aimed at advancing reliable
and transformative toolboxes for innovative biomedical
platforms and drug development (Figure 1).

To map biological challenges to computational
solutions, Table 1 summarizes empirical barriers, method
limitations, and corresponding Al approaches. Each entry
highlights the algorithm’s specific role and validation
status, distinguishing validated outcomes, emerging
evidence, and forwardlooking capabilities.

The validation status distinctions are critical for
regulatory positioning: validated methods (e.g., segment
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Figure 1. Evolution of preclinical models: bridging the translational gap in biomedical research through Al-orchestrated organoids, organs-on-chips
(00Cs), and organoids-on-a-chip modeling platforms. The Al-orchestrated model-as-evidence (MAE) framework could potentially address the
translational “valley-of-death” by optimizing organoids, OoCs, and organoid-on-a-chip systems. By overcoming traditional challenges related to culture
medium, ECM, chip design, and tissue characterization, the AI-orchestrated MAE framework may transform these platforms into scalable, reliable toolkits

for future drug innovation.

Abbreviations: 2D: Two-dimensional; 3D: Three-dimensional; Al: Artificial intelligence; ECM: Extracellular matrix.

anything model [SAM] segmentation) can be incorporated
into evidence packages immediately; emerging methods
require context-of-use qualification; and forward-looking
capabilities demand prospective validation studies before
regulatory submission. This tiered evidentiary structure
prevents the common pitfall of conflating algorithmic
promise with regulatory-ready performance. The following
sections detail how these AI solutions operate at the
organoid level (Sections 2.1-2.4), the OoC level (Sections
3.1-3.3), and their integrated convergence (Section 4).

Throughout this article, “Al-orchestrated” denotes
a human-in-the-loop operational philosophy wherein
Al optimizes parameters within researcher-defined
boundaries and flags low-confidence decisions for review,
distinct from autonomous “Al-scientist” concepts. This
operational philosophy underpins our central concept,
“model-as-evidence” (MAE), which we define as a
regulatory-scientific framework that elevates qualified
Al-integrated organoid and OoC systems from mere
research instruments to primary evidence generators.
Unlike Al-assisted optimization or Model-Informed Drug
Development, which rely on traditional animal or clinical
data as primary inputs, MAE achieves evidentiary primacy
through standardized validation, closed-loop credibility
with real-time uncertainty quantification, and regulatory
embedment via context-of-use design, thereby extending

the model-informed paradigm to complex tissue-level
systems.

2. Al-orchestrated organoids

2.1. Multi-objective optimization of culture medium
components

The first challenge presented in Table 1, culture medium
optimization, exemplifies how combinatorial explosion
renders manual approaches infeasible. Culture medium
constitutes the chemical boundary conditions of
organoid construction and remains the most common
source of hidden variation across experiments. Standard
formulations typically contain numerous growth
factors and small molecules with significant temporal
dependencies regarding when to add specific components,
how long to maintain their concentrations, and what
replacement rhythm to follow. Early studies demonstrated
that defined combinations of epidermal growth factor
(EGF), Noggin, and R-spondin could generate intestinal
crypt-villus structures, later extended with fibroblast
growth factor (FGF), hepatocyte growth factor (HGF), and
gastrin for colon and gastric organoids. These formulations
are not static recipes but high-dimensional control
problems where dozens of parameters interact to determine
phenotypes.'*!* Gastric organoid culture similarly requires
FGE EGE, Noggin, R-spondin, and gastrin for long term
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maintenance.”> These formulations represent not static
recipes but high-dimensional, dynamic, constrained
control problems where dozens of parameters interact to
determine final phenotypes.

The AI approach frames culture medium design as
multi-objective and constrained optimization problems
(Figure 2a). Objectives may include morphological
similarity to reference tissues, marker co-expression
patterns, and functional readouts, such as barrier integrity
measured by transepithelial/transendothelial electrical
resistance (TEER), metabolic activity assessed through
glucose consumption and lactate production rates, and
secretion of tissue-specific proteins (e.g., albumin from
hepatocytes or mucins from intestinal cells). Constraints
can be defined by amino acid consumption rates,
osmolarity ranges (typically 280-320 mOsm/kg),”® pH
stability (7.2-7.4),° and solubility/stability conditions for
growth factors that degrade rapidly at 37 °C.** Traditional
medium development relies on trial-and-error approaches
that cannot resolve multifactorial interactions. Greggio et

al’s manual screening of four pancreatic factors (FGE, EGF,
HGEF, gastrin) revealed nonlinear synergies,” a precise
mathematical structure that multi-objective optimization
formalizes. However, their manual screening approach
could not explore the full parameter space for long-
term expansion stability, a limitation that multi-fidelity
Bayesian optimization addresses by efficiently searching
high-dimensional formulation spaces while minimizing
experimental cost.

The combinatorial explosion in high-dimensional
formulation spaces necessitates Al-guided optimization.
Greggio and collaborators’ manual screening of four
pancreatic factors (FGE, EGE HGEF, gastrin) revealed
nonlinear synergies,” a precise mathematical structure
that multi-objective optimization formalizes, yet
required weeks of experimentation and missed long-
term expansion stability. Extending such approaches
to comprehensive formulation spaces, incorporating
temporal dosing, solubility constraints, and cross-
interactions, renders exhaustive screening economically

Figure 2. Four domains of Al integration in organoid systems. (a) Culture medium optimization via multi-objective problem framing. (b) ECM selection
via predictive modeling to reduce batch variability. (c) Cellular composition balancing utilizing scRNA-seq and transfer learning. (d) Standardized

measurements through non-invasive quantification and universal segmentation.

Abbreviations: 3D: Three-dimensional; Al: Artificial intelligence; ECM: Extracellular matrix; scRNA-seq: single-cell RNA sequencing.
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prohibitive.'*** Each wet-lab cycle is costly: a single RNA-
seq run is approximately 100-fold more expensive than a
colorimetric metabolic assay,” and whole-transcriptome
profiling or high-resolution imaging further escalates costs.
Multi-fidelity Bayesian optimization'>® addresses this
by using inexpensive metabolic assays or low-resolution
microscopy as proxies to explore the design space,
reserving costly validation for only the most promising
candidates. This strategy reduces iteration costs by two
orders of magnitude compared with conventional design-
of-experiments, establishing Al not as an analytical luxury
but as an economic and scientific necessity for scalable
organoid engineering. Embedding thermodynamic and
solubility constraints further improves search efficiency
and reproducibility,'”® though direct application to
organoid culture remains to be validated.

2.2. Intelligent selection of ECM

Beyond medium formulation, the extracellular matrix
(ECM) represents the second dominant source of
organoid variability, where batch-to-batch heterogeneity
similarly demands Al-guided standardization. Matrigel,
the most commonly used ECM substrate, is derived from
Engelbreth-Holm-Swarm mouse sarcoma and exhibits
significant batch-to-batch variation in composition,
stiffness, and growth factor content. Previous studies often
substituted material characterization with observational
claims, that a particular matrix supports growth, thereby
hiding critical variables within uncontrollable batch
variations that undermine reproducibility. Engler and
coworkers” seminally demonstrated that matrix elasticity
alone can direct stem cell lineage specification: soft
matrices (~0.1-1 kPa) promote neurogenic differentiation,
intermediate stifftness (~8-17 kPa) promotes myogenic
differentiation, and stiff matrices (>34 kPa) promote
osteogenic differentiation. This work established stiffness
as a critical design parameter, but subsequent studies by
Trappmann et al. revealed that ECM tethering density
can regulate stem cell fate independently of stiffness,
adding another dimension to matrix design.* Sunyer
and coworkers® further showed that collective cell
durotaxis emerges from long-range intercellular force
transmission through the ECM, demonstrating that
matrix mechanical properties must be optimized not only
for individual cell differentiation but for emergent tissue-
scale morphogenesis, a multi-scale optimization problem
ideally suited for graph neural network approaches that
model cell-ECM interactions.”

The AI approach proceeds through systematic
characterization, feature extraction, and predictive
modeling (Figure 2b). Measurable metrics describe ECM
properties, including elastic modulus, viscoelasticity,

degradation rate, pore size, and ligand density. Graph
neural networks (GNNs) can predict ECM-integrin
binding affinities by representing ECM components as
nodes and molecular interactions as edges, transforming
material-cell interactions from empirical guessing to
computable prediction.»* For ECM-integrin binding
affinity prediction, where input features comprise variable
molecular graphs rather than fixed-size grids, GNNs offer
architectural advantages over standard CNNs/RNNs: graph
structures explicitly encode local ligand topology, avoiding
the Euclidean grid assumptions that distort irregular
molecular geometries;*"** variable node sets natively handle
batch-to-batch compositional variation (e.g., fluctuating
laminin-111/511 ratios) without padding artifacts;! and
attention mechanisms highlight residue-level interactions
(e.g. RGD-a5Bp1 binding), yielding experimentally
verifiable hypotheses that kernel methods or multi-layer
perceptrons obscure.” GNNs achieve Pearson R = 0.82
versus 0.74 for random forest on molecular fingerprints,
with the performance gap widening for multi-domain
ECM proteins where grid representations fail.** These
advantages are task-specific to graph-structured molecular
data: for Euclidean imaging data (e.g., histology slides),
CNNs remain optimal, and for sequential time-series
(e.g., growth trajectories), Recurrent Neural Networks/
Long Short-Term Memory Networks (RNNs/LSTMs) are
preferred. Interpretable models, such as SHAP (SHapley
Additive exPlanations), then quantify the contributions of
modulus, ligand density, and degradation rate to specific
outcomes,” such as regionalized differentiation or lumen
formation, generating transferable design rules that can
be applied across different organoid systems. Caliari and
Burdick® provided a practical guide to hydrogel design
for cell culture, establishing design principles that can be
codified into AI models. Tissue-derived ECM hydrogels,
when processed through standardized decellularization
and solubilization protocols, demonstrate that tissue-
specific, quantitatively characterizable ECM can reduce
uncontrollable variation inherent to undefined tumor-
derived matricesand provide more stable, multidimensional
input spaces for AT modeling.?

Matrigel batch validation exemplifies the operational
bottleneck that motivates predictive ECM selection.
Conventional rheological characterization requires months
per batch, yet Driehuis et al.®® demonstrated that passage-
dependent morphometric variance exceeds 40% without
quantitative growth tracking. This uncontrollable variation,
combined with months of validation failing to ensure
consistency, renders empirical guessing unsustainable for
scaled manufacturing. The AI approach described above
addresses this by transforming material-cell interactions
into computable predictions (GNNs)** and quantifying
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design-parameter contributions into transferable rules
(SHAP).” Without such predictive tools, each new batch
introduces variation that undermines reproducibility,
establishing algorithmic standardization as an operational
prerequisite rather than an analytical enhancement. At
the cellular level, similar optimization challenges arise
for composition and differentiation trajectories, requiring
analogous Al-orchestrated control to balance biological
authenticity with manufacturing reproducibility.

2.3 Optimization of cellular composition and
differentiation trajectory

Organoid authenticity derives from cellular diversity and
spatiotemporal organization, but increased complexity
makes reproduction more difficult and manufacturing more
expensive. Finding a portable balance between biological
authenticity, ~manufacturability, and reproducibility
represents a key challenge for scaled applications.

Workman et al.** engineered human induced pluripotent
stem cell (iPSC)-derived intestinal tissues with functional
enteric nervous systems, demonstrating that multiple
cell types can be incorporated into organoid systems.
Finkbeiner and coworkers performed transcriptome-
wide analysis revealing hallmarks of human intestine
development and maturation in organoids compared to
in vivo tissues, establishing molecular benchmarks against
which scRNA-seq-based organoid atlases can be aligned
to identify missing cell types or aberrant differentiation
states,”® and Watson and collaborators developed an
in vivo model of the human small intestine using PSC,
providing developmental staging references that can guide
ex vivo organoid differentiation trajectory optimization.”

Two AI pathways are emerging for optimizing cell
composition (Figure 2¢): first, single-cell RNA sequencing
(scRNA-seq) combined with transfer learning aligns
organoids with reference tissue atlases to infer the minimal
cell set required for target functions, reducing unnecessary
complexity while preserving essential functionality;
second, causal inference on differentiation trajectories and
perturbation time windows distinguishes correlation from
intervenable causality, building culture strategies more
robust to donor variation.?>!

These optimization approaches address design-phase
prediction of cellular composition, whereas functional
fidelity validation requires the measurement architectures
detailed in Section 2.4.

2.4. Organoid measurements: From noninvasive
monitoring to standardized validation

Patient-derived organoid (PDO) biobanks exemplify
the measurement imperative: rigorous frameworks

must preserve inter-patient heterogeneity for drug
response assessment while eliminating technical artifacts.
Standardized quantification is essential because biological
variability becomes computable uncertainty only with
unified measurement grammars. Sachs et al’s breast cancer
organoid biobank demonstrated that single-organoid
resolution morphometry was required to distinguish
true drug sensitivity from culture-condition artifacts,
without which inter-patient heterogeneity would be
confounded by technical variance.” Vlachogiannis et
al’s multi-site gastrointestinal PDO study showed that
predictive accuracy for metastatic outcomes depended
on standardized viability assay protocols across collection
centers, whereas non-uniform endpoints rendered cross-
patient comparisons statistically invalid.®® Driehuis et al’s
oral mucosal organoids revealed that passage-dependent
morphometric variance exceeding 40% necessitated
quantitative growth tracking for reliable personalized
therapy prediction.?® Broutier et al’s liver cancer organoids
established that heterogeneous budding patterns required
hierarchical segmentation (organoid, crypt and lumen)
to link morphology with transcriptomic drug response
states.®’ Standardized phenotyping transforms biological
variability into computable uncertainty; lacking it,
identical models yield contradictory conclusions. This
section addresses three hierarchical validation challenges:
noninvasive monitoring, structural segmentation, and
cross-modal integration.

Noninvasive functional readouts provide the first layer
of validation. Cho et al., also Xu' group, demonstrated
optical coherence tomography (OCT)-based quantitative
morphometry of human intestinal organoids, enabling
longitudinal tracking without fluorescent labeling.®*** Cho
and colleagues developed label-free, high-resolution 3D
imaging via low-coherence holotomography combined
with machine learning (ML) analysis.®* These technologies
establish baseline morphodynamic signatures that flag
deviations from expected growth trajectories before
destructive endpoint assays are required.

For structural validation, foundation models enable
zero-shot segmentation with reliability protocols ensuring
deployment safety,*** while cross-modal integration fuses
imaging, molecular, and functional readouts to prevent
single-endpoint misjudgments.”’* Detailed layer-specific
architectures, error propagation quantification, and
mitigation strategies are presented in Section 4.1.

When organoids become measurable through this
standardized pipeline, from raw images to segmented
objects, to quantifiable features, to uncertainty-quantified
phenotypes, their integration with OoCs becomes
operationally feasible. The phenotype compiler introduced
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in Section 4.1 extends this architecture to hybrid systems,
but its foundation rests upon the measurement primitives
established here.

3. Al-orchestrated OoCs
3.1. Material-structure integrated design

Chip design faces a fundamental tension: biocompatibility
objectives (cell viability, functional maintenance) and
engineering feasibility =~ constraints (manufacturing
yield, structural stability) often conflict. Traditional
computational fluid dynamics (CFD) iterations cannot
efficiently search this multi-objective space. Tseng and
colleagues’ chemoresistive testing platform revealed
how channel geometry governs drug concentration
gradients, exposing the limitations of empirical design:
when simultaneously optimizing flow rate, shear stress,
and nutrient penetration, manual trial-and-error faces
combinatorial explosion.* Ingber and coworkers’ concave
microchamber design demonstrated that geometric
innovation can break standard channel structure-function
trade-offs, yet this breakthrough relied on investigator
intuition without transferable design rules.”” AI generative
design (GANs/variational autoencoders [VAEs]) addresses
precisely this gap: encoding Tseng’s discovered physical
laws (geometry-distribution mapping) and Ingber’s
geometric innovations as learnable prior distributions,
enabling algorithms to automatically search the viability-
manufacturability Pareto frontier and compress dozens
of CFD cycles to under a dozen iterations (see Bayesian
optimization applications below). We advocate hybrid loss
functions where Navier-Stokes residuals and reaction-
diffusion terms constitute explicit penalty terms weighted
against data-driven and manufacturability losses, ensuring
that physical constraints dominate in data-scarce regimes
(100 examples, five public datasets currently available®>)
where CFD-based synthetic pre-training,”*® multi-fidelity
VAE latent spaces,’*® and active human-in-the-loop
learning® ensure reliability. Latent-space interpolation
tests flag non-physical patterns (e.g., negative pressure),
restricting deployment to validated regions until additional
data are acquired.”

An algorithmic search that simultaneously rewards
cell viability, channel manufacturability and yield, finds
Pareto-front channel layouts within a dozen iterations (an
order of magnitude reduction compared with traditional
CFD loops). Here, material and geometric parameters
serve as input variables, with biological outcomes (e.g.,
viability and function) and engineering constraints (e.g.,
manufacturability and reliability) formulated as dual
objectives. This multi-objective formulation embeds
practical considerations, such as ease of fabrication and

operational stability, directly into the optimization loop.?”
Li and collaborators reviewed oxygen gradients in 3D
tissue-engineered constructs, identifying critical design
parameters for maintaining physiological oxygen levels.*’

Manufacturing capabilities establish the feasible design
space, while, Al-orchestrated generative methods navigate
this space to optimize the viability-manufacturability
trade-off. Grigoryan and coworkers®® employed SWIFT
method to achieve complex 3D vascular architectures, yet
its empirical parameter tuning (speed, pressure, viscosity)
exemplifies the high-dimensional search problem that
generative models solve.”” Miller and colleagues’ rapid
casting of patterned vascular networks* and Kolesky et al’s
multi-material bioprinting of heterogeneous constructs*
similarly expanded the manufacturing feasible region
without systematic design optimization. Recent work
has integrated these capabilities with algorithmic search:
Bayesian optimization studies demonstrate that coupling
Grigoryan-class vascular manufacturability constraints
with cell viability objectives reduces design-validation
cycles from dozens of CFD iterations to under a dozen
experiments, rapidly converging to Pareto-optimal
channel layouts satisfying both biological performance
and engineering constraints.”’ Topological generative
models (GANs/VAEs) further enable inverse design,
encoding discovered physical laws (e.g., geometry-flow
distribution mappings) as learnable priors to automatically
output composite configurations that reduce dead volumes
and improve gradient formation, extending structural
innovation from human intuition to data-driven spaces
(Figure 3a).%7

3.2. Real-time regulation of microfluidic dynamic
parameters and membrane interface control

Long-term perfusion and dynamic stimulation are
unique assets of OoCs, yet they are also the dominant
sources of instability (e.g., pump drift, bubble formation,
shear fluctuations, or shifts in cell state), that can drive
barrier function outside its target window. Mosadegh
and colleagues quantified cancer cell chemotaxis using
a paper-based microfluidic platform generating oxygen
gradients, proving that microenvironmental cues can
be dialed in spatiotemporally.*' Jui and coworkers, also
Gaogroup, embedded ML in microfluidics to dissect
immune cell behavior at the single cell level under
temporally varying shear and cytokine fields.”>” Vela
and coworkers established patient-derived 3D epithelial
cultures from advanced prostate tumors as a personalized
drug susceptibility test bed.” Treating chip operation as a
partially observable Markov decision process, recent studies
have employed deep reinforcement learning (DRL), which
integrates deep neural networks for high-dimensional state
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Figure 3. Three domains of Al integration in OoC systems: (a) Material-structure design accelerated by generative models and Bayesian search. (b) Real-
time adaptive control of microfluidic culture conditions. (c) Closed-loop adaptive control architecture with explicit feedback pathways.

Abbreviations: CNN: Convolutional neural network; DL: Deep learning; GANs: Generative adversarial networks; LSTM: Long short-term memory
networks; ML: Machine learning; OoCs: Organs-on-chips; PPO: Proximal policy optimization; TEER: Transepithelial/transendothelial electrical resistance;

VAEs: Variational autoencoders.

representation with reinforcement learning for sequential
action optimization, via proximal policy optimization
to adaptively adjust shear stress and flow rate, achieving
TEER-defined barrier integrity within 5% of the set point
in proof-of-concept demonstrations.”**' In the MAE
framework, this approach would be standardized with
explicit uncertainty quantification and regulatory-grade
validation protocols (Section 5).

Figure 3b illustrates the real-time adaptive control
of microfluidic culture conditions. Conventional
proportional-integral-derivative controller (PID)
controllers assume linear dynamics with short feedback
delays, yet organoid responses to flow adjustments exhibit
nonlinear delays spanning multiple hours.”” This temporal
mismatch destabilizes PID tuning when disturbances
are non-stationary. For example, pump drift and bubble
nucleation introduce shear errors that vary across

experimental runs.” Deep reinforcement learning (DRL)
via Proximal Policy Optimization (PPO) treats these
disturbances as state transitions in a partially observable
Markov decision process, adapting flow rates and shear
stress to maintain TEER-defined barrier integrity within
operational windows.?* The state space comprises multi-
modal sensor readings (e.g., OCT morphometry, TEER,
dissolved O,), while actions adjust peristaltic pump speeds
and medium exchange rates. Hard barrier functions in
the reward structure prevent osmotic shock (osmolarity
changes <5 mOsm/kg/h, a conservative threshold below
the ~ 10-20 mOsm/kg acute cell tolerance limit™),
encoding safety constraints as non-negotiable boundaries
beyond rule-based control.”

Figure 3c extends this real-time capability to a
hierarchical closed-loop adaptive control architecture
with explicit feedback pathways. The three-layer hierarchy
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explicitly separates operational timescales to solve the
bandwidth mismatch problem: (i) perception layer (update
cycle ~100 ms): multi-modal sensors feed CNN-based
state estimators with Monte Carlo dropout uncertainty
quantification;*”® this layer compresses >1 kHz raw
sensor streams into actionable state vectors; (ii) decision
layer (computation time ~50 ms, triggered by perception
updates): LSTM-based partially observable state estimators
predict future states (e.g., imminent lumen collapse from
growth trajectory curvature 24-48 h ahead), feeding PPO
with a reward function embedding hard safety barriers
(osmolarity changes < 5 mOsm/kg/h, consistent with
mammalian cell shock thresholds™””) while balancing
barrier integrity, low-level shear stress (~0.1-1.0 dyn/cm?,
appropriate for epithelial monolayers in minimal-flow
conditions),'>*7®and operational cost;* (iii) execution layer
(~200 ms, including fluid stabilization time): microfluidic
pumps and valves adjust flow rates and medium exchange
rates, with total loop time < 1 s for barrier maintenance.
A parallel slow loop for strategic replanning operates at
0.01 Hz via multi-modal graph transformers that integrate
real-time metabolic readouts,* with periodic molecular
recalibration (e.g., daily ELISA/Western blot)”® decoupled
from the fast loop to prevent computational saturation.
This latency separation, with fast homeostasis (<1 s) versus
slow adaptation (100 s), enables real-time stability without
sacrificing strategic model refinement.

Drost and Matano further showed that clustered
regularly interspaced short palindromic repeats (CRISPR)-
edited human 3D epithelial cultures can be integrated
into the same control architecture to model mutational
signatures of cancer and colorectal tumorigenesis,
supplying a genetically programmable tissue layer for
multi-sensor chips.®#!

Porous membranes govern barrier integrity, absorption,
migration, and inflammatory signaling. Pore diameter
(0.4-8 pm), density, thickness (10-50 pm), and surface
chemistry collectively set trans-membrane resistance
and cell adhesion, yet empirical membrane selection
introduces  batch-to-batch  scatter.®>  Convolutional
Neural Networks (CNNs) learn the non-linear map
between pore descriptors and impedance, enabling
entire membrane libraries to be screened in silico within
seconds. Regression models couple plasma treatment
power to contact angle, permitting surface energy to be
tuned on demand and converting membrane fabrication
from craft to reproducible parameter space.*"** To quantify
these microfluidic dynamic parameters and membrane
interfaces, CNN, deep learning (DL) and ML approaches
are increasingly utilized for these quantification tasks.
For instance, DL quantification of chemotaxis moves

beyond static endpoint measurements, standardizing
trajectory-level metrics (migration path, directionality
and persistence), while also incorporating uncertainty
bounds. Chen and coworkers, also Zhao’s group, employed
human 3D epithelial cultures to demonstrate that such
metrics quantify cell-cell interactions and directly guide
personalized therapy in advanced breast cancer.®®
ML interpretation of impedance and electrical signals
further supplies high-frequency state estimates, allowing
membrane barrier function to be coupled back to fluidic
control loops. Once structure, operation and interface are
captured in a single model, data integration and knowledge
discovery replace the traditional “high-throughput, high-
noise” deadlock. Yet, true adaptive experimentation
demands more than optimized components, and it
requires systematic synthesis of multi-modal data streams
into actionable, self-correcting decisions.

3.3. High-throughput data analysis and closed-loop
decision making for OoCs

While Sections 3.1 and 3.2 establish how AI optimizes
individual chip components, the unique value of OoCs
lies in synthesizing multi-modal data streams into
actionable decisions, transforming “high-throughput,
high-noise” experiments into adaptive, self-correcting
systems. Conventional platforms set one condition and
read one endpoint, yet real physiology and drug responses
are dynamic. Early events (cell contact, infiltration, or
killing kinetics) often determine the outcome in immune
cocultures or anti-tumor assays, making temporal
resolution essential for truly adaptive experimentation.

O0Cs natively generate heterogeneous data: imaging
delivers spatiotemporal architecture, omics uncover
molecular mechanisms, and sensors report continuous
physiological states. Yet, “multi-modal” does not guarantee
“interpretable” Without unified representations and
trusted benchmarks, studies collapse into irreproducible
storytelling. Wong and coworkers developed a lung-
cancer-intravasation-on-chip with ML-based automatic
quantification of rare metastatic events, fusing high-content
imaging with computational flow cytometry to resolve
tumor-immune dynamics.* This exemplifies how OoC-
native, multi-modal data ensembles can link microfluidic
control, biosensing, and Al-orchestrated interpretation
to transform raw data streams into mechanistic insights
unavailable in static organoid culture.

At the integration level, graph transformers and
self-supervised learning provide pathways to fuse these
heterogeneous data streams. For instance, radiomics
quantifies tissue structural heterogeneity with 3D CNN,
achieving intraclass correlation coefficient (ICC) > 0.8
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for repeatability benchmarking,® while LSTM-based
surrogate models for predicting polymerase chain reaction
(PCR) amplification endpoints, or CNN-based surrogate
models for quantifying Western blot band intensities,
shorten iteration cycles without replacing validation.*
Computer vision pipeline studies further show that
harmonized endpoints, versioned parameters, and public
evaluation sets greatly improve inter-lab comparability.*’
Publicly released “good-vs-bad” annotated OoCs image
datasets provide a common training and QC ground,
freeing automated QC from single lab private data.

True adaptive experimentation demands a three-layer
architecture (Figure 3¢): (i) GNNs fuse chemical structures,
transcriptomes, and imaging features to predict drug
responses, with error and uncertainty guiding the next
condition to be tested, as demonstrated by multi-modal
graph transformers that integrate heterogeneous molecular
and imaging data;* (ii) Bayesian online learning, mirroring
the Bayesian network approaches used in clinical survival
prediction,® continuously refines disease models by
updating probability distributions with each new sample,
enabling patient-specific adaptation while monitoring for
model drift; and (iii) key biological events are converted
into computable metrics (e.g., invasion or intravasation
events are counted automatically to remove human bias).
The foundational capabilities for this architecture are
emerging: Shin and coworkers established an anoxic-
oxic interface chip for longitudinal coculture of obligate
anaerobic gut microbes with human epithelium,* providing
stable multi-species data streams; Kim and colleagues
developed a gut-microbiome-chip with peristalsis-like
flow,”® demonstrating programmable dynamic control; and
Wong and coworkers’ lung-cancer-intravasation-on-chip
with ML-based automatic quantification** shows that rare
events can be computationally tracked to enable feedback-
driven experimentation. At this point, OoCs are already
designable, operable, and decision-capable prototypes.
However, merging the biological fidelity of 3D tissues
with chip controllability still requires organoid-on-chip
level evidence where these three layers are fully integrated,
a corpus that remains limited, making benchmark
establishment imperative before wider adoption.

4, Organoids-on-chips: integration
framework

The convergence of organoids and OoCs represents
a paradigm shift from choosing between “biological
authenticity” and “engineering controllability” toward
synergistic platforms that leverage self-organization
within  precisely  controlled  microenvironments.
Critically, organoids excel at recapitulating native tissue

architecture, cellular heterogeneity, and organ-specific
function, whereas OoCs excel at reconstituting the
dynamic microenvironment (shear, gradients, mechano-
stimulation) and probing multi-organ interactions.
Therefore, integrating the two, preserves the “tissue
realistic” biology of organoids while embedding it in a
“physiology realistic” context, creating an evidentiary
continuum from single organ physiology to systemic
pharmacology.

Pioneering work by Takebe et al. first demonstrated that
iPSC-derived hepatic organ buds possess intrinsic capacity
to engraft, vascularize, and perform liver functions in
vivo, establishing the biological feasibility of organoid-
based liver regeneration.®” Critically, the translation of
this approach to scalable, reproducible platforms required
explicit engineering of boundary conditions: subsequent
studies incorporated interstitial perfusion through
3D porous scaffolds to enhance nutrient delivery and
waste removal,®® co-culture microcompartments for
endothelial-mesenchymal interactions, and mechanical
conditioning matching physiological liver stiffness to
promote maturation.®® These engineered parameters
enabled mass production with functional consistency
(CV < 15% for albumin secretion),*® while Camp’s group
elucidated how spatiotemporally patterned signaling
gradients govern multi-lineage cellular crosstalk during
bud maturation.® More recently, microfluidic adaptation
of the organ bud protocol has demonstrated real-
time monitoring of vascular network formation under
controlled shear stress,*>* bridging the gap between in vivo
transplantation and ex vivo chip-based maturation. These
studies exemplify how coupling self-organizing tissue with
quantifiable engineering boundary conditions, including
perfusion rates, matrix stiffness, and gradient geometries,
can simultaneously enhance batch-to-batch reproducibility
and accelerate functional maturation, offering an MAE
route with greater clinical translatability.

Yet, integration introduces new complexity, that
organoid variability must be quantified and stabilized
before chip-based control becomes effective, while chip
parameters (channel height, pore size, membrane stiffness)
must be reoptimized for 3D tissue requirements rather than
for 2D monolayers. Al serves as the orchestration layer that
bridges these complementary strengths and compensates
for their respective limitations, unifying heterogeneous
readouts  through standardized, cross-comparable
measurement pipelines. This enables the compression of
design cycles via Bayesian optimization and maintenance
of homeostasis through closed-loop decision systems,
thereby turning biological variability into computable
uncertainty and converting passive observation into
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interpretable intervention. To operationalize this
integration, we frame the discussion around three pillars:
measurement standardization, evaluation benchmarks,
and regulatory pathways. These pillars transform hybrid
organoid-on-chip systems from experimental curiosities
to credible evidence generators.

4.1. Phenotype compilers for standardized
quantification

The standardized phenotyping pipeline, which we term
a “phenotype compiler” here, is the prerequisite for
merging organoids with OoCs. It is an Al-orchestrated
measurement pipeline that converts raw multimodal
outputs (e.g., 3D images, transcriptomes, barrier readouts,
secretion rates) into standardized, cross-comparable, and
uncertainty-quantified phenotypic vectors. Chip-based
controllers can only operate on trustworthy feedback once
this compiler has eliminated batch-to-batch heterogeneity,
such as morphologically divergent organoids derived from
the same cell line or patient. Moreover, when the compiler
encodes microenvironmental parameters (e.g., shear,
oxygen gradients, drug exposure kinetics) into the same
phenotypic space, “tissue intrinsic” and “tissue contextual”
data can be linked into a portable evidence chain across
laboratories. In short, the compiler is the “metrology layer”
of the hybrid platform, forcing biological authenticity and
engineering controllability to speak the same numeric
language.

The core challenge is that organoid phenotypes
are exquisitely sensitive to measurement context,
yet standardized quantification frameworks remain
underdeveloped. Driehuis and coworkers demonstrated
that oral mucosal organoids from the same patient
exhibited divergent growth trajectories and drug
sensitivities depending on culture passage number, with
morphometric variance exceeding 40% between early
and late passages.”® Broutier and colleagues revealed that
primary liver cancer organoids from identical tumors
displayed heterogeneous budding patterns and lumen
morphologies that correlated with divergent transcriptomic
states, confounding drug response interpretation when
simple viability averaging was applied.®® Sachs and
coworkers established a breast cancer organoid biobank
where inter-organoid morphological heterogeneity within
single patient-derived lines necessitated single-organoid
resolution for accurate drug profiling.” Collectively, these
studies demonstrate that without a unified measurement
grammar capturing multidimensional morphological and
molecular phenotypes, the same biological model yields
operationally contradictory conclusions depending on
measurement methodology.

The phenotype compiler addresses this challenge
throughathree-layerhierarchical pipeline that progressively
transforms raw multimodal data into standardized,
uncertainty-quantified phenotypic vectors (Figure 4a).
This layered architecture systematically eliminates batch-
to-batch heterogeneity, yet each layer introduces distinct
uncertainty sources requiring explicit mitigation. Layer 1
uncertainty propagation: minute boundary displacements
cause negligible volume error but substantial fractal
dimension deviation,*! which can be mitigated by
uncertainty-aware feature weighting—down-weighting
surface complexity variance and prioritizing robust
descriptors (principal axis lengths).**® Layer 2 temporal
misalignment: imaging-transcriptomic timestamp
mismatches (typically hours apart) are reduced to minutes
via growth trajectory prediction.®*®* Layer 3 model-form
uncertainty: architecturally diverse deep ensembles (CNN,
transformer, graph-based) capture epistemic uncertainty
beyond parameter variance.””*® Empirical validation
demonstrates that the three-layer architecture substantially
reduces phenotypic variance compared to uncontrolled
measurements, though layer-specific contributions vary by
organoid type and experimental context.>*¢-%

Layer 1 addresses image-based quantification.
Traditional 2D microscopy captures only partial
information, whereas light sheet fluorescence microscopy
and OCT provide 3D volumetric data, but manual
annotation is prohibitively time-consuming. As detailed
in Section 2.4, foundation models (SAM/biomedical
variants) provide zero-shot segmentation capabilities.>
In OoCs contexts, these models require adaptation for 3D
volumetric data from light-sheet fluorescence microscopy
and OCT, where hierarchical segmentation algorithms
first identify organoid boundaries, then resolve crypt-
villus architectures, enabling quantification of lumen
formation, epithelial thickness, and budding frequency
as inputs for chip-based control systems.”? For intestinal
organoids containing crypt villus structures, hierarchical
segmentation  algorithms  first identify  organoid
boundaries, then segment individual crypts and lumens,
enabling quantification of crypt budding frequency, lumen
area, and epithelial thickness.****

Layer 2 extracts quantitative features from segmented
structures. Beyondbasic morphometrics (diameter, volume,
aspect ratio), advanced features include texture descriptors
(Haralick features from gray-level co-occurrence matrices),
shape-complexity metrics (fractal dimension, skeleton-
based features), and dynamic features from time-lapse
sequences (growth rate, deformation tracking). DL-based
feature extractors capture morphological patterns invisible
to traditional feature engineering, including crypt
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budding polarity (asymmetric budding indicating Wnt/
Notch dysregulation), lumen eccentricity (deviation from
circularity correlating with epithelial tension and barrier
dysfunction), and pericryptal fibroblast density gradients
(texture features quantifying mesenchymal-epithelial
crosstalk preceding TEER changes by 24-48 h).5>>%%7

Layer 3 performs cross-modal integration and
uncertainty quantification. Phenotypes from imaging must
be correlated with molecular readouts (e.g., transcriptomics,
proteomics, metabolomics) and functional assays (e.g.,
barrier integrity, secretion rates, drug response). Building
on Section 2.4’s technical framework, regulatory-grade
evidence generation requires uncertainty quantification
to meet evidentiary standards for clinical and industrial
applications. Here, deep ensembles extend Monte Carlo
dropout by quantifying model-form uncertainty across
multiple architectural hypotheses, enabling confidence
intervals on phenotypic measurements."”*

4.2. Evaluation of benchmarks and reference
standards

Without standardized benchmarks, progress in organoid
and organ-on-chip research becomes difficult to assess,
and cross-laboratory comparisons remain unreliable. The
community has recognized this gap, leading to initiatives
that establish reference datasets, evaluation protocols, and
performance metrics for algorithm validation and inter-
laboratory harmonization.*

Benchmark construction requires three components
(Figure 4b). First, reference datasets with expert
annotations and quality-controlled metadata. For
organoid segmentation, this includes diverse organoid
types (e.g., cerebral, intestinal, hepatic, pancreatic,
renal), imaged under multiple modalities (brightfield,
fluorescence, confocal, OCT, holotomography) with
pixel-wise ground truth annotations. Montes-Olivas and
coworkers established a benchmark dataset of intestinal
organoids with synchronized brightfield, fluorescence, and

Figure 4. Three domains of Al integration in organoid-on-a-chip systems: (a) Quantitative phenotyping using advanced 3D segmentation and multimodal
feature extraction. (b) Benchmarks and reference standards to ensure algorithmic performance and reproducibility. (c) Multi-organ coupling driven by
GNNs and transformers for predictive modeling of drug responses and disease progression.

Abbreviations: 3D: Three-dimensional; Al: Artificial intelligence; CNN: Convolutional neural networks; DL: Deep learning; SAM: Segment anything
model; SimCLR: Simple framework for contrastive learning of visual representations.
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confocal imaging, providing hierarchical annotations at
organoid, crypt, and single-cell levels.* Cho and colleagues
developed a low-coherence holotomography dataset with
paired 3D refractive index maps and fluorescence ground
truth, enabling label-free segmentation benchmarking.®
Wang and collaborators released an OCT dataset of
human organoids with deep learning-based segmentation
benchmarks for non-invasive longitudinal tracking.®
Marks and coworkers compiled CellSAM training data
spanning nine microscopy modalities with standardized
annotation protocols for cross-modality generalization
testing.*

Second, standardized evaluation metrics that capture
both accuracy and clinical relevance. For segmentation
tasks, beyond pixel-wise accuracy and Dice coefficient,
boundary-based metrics (Hausdorff distance, average
surface distance) assess the precision of organoid
delineation.””*® For drug response, metrics should include
area under the dose-response curve (AUC), half maximal
inhibitory concentration (ICs,), and time-to-response, with
confidence intervals reported.”** Conflicting rankings
across AUC, ICso, and time-to-response are resolved via
Pareto-dominant assessment with context-dependent
weights—oncology prioritizes rapid kill, chronic modeling
sustained exposure.”™’” Persistent conflicts undergo value-
of-information analysis: mechanistic investigation when
VOI exceeds experimental cost, otherwise pre-defined
clinical priorities apply®>* This ensures transparent,
auditable regulatory criteria. Chen and colleagues
demonstrated the payoft of strict standardization: once
all centers adopted identical culture medium, imaging
settings, and dose-response analysis pipelines, the inter-site
coeflicient of variation for ICs, collapsed from 45% to 12%,
turning cross-laboratory comparisons into statistically
meaningful readouts.”

Third, regarding baseline implementations and
leaderboards, public baseline implementations (e.g.,
in PyTorch or TensorFlow) ensure that reported
improvements reflect genuine algorithmic advances rather
than implementation details.*> Dynamic leaderboards
track state-of-the-art performance across tasks, motivating
continued innovation while providing clear performance
targets.”® Rolling benchmarks quarterly refresh evaluation
data from unseen domains, with excessive domain
transfer degradation triggering model revision.***
Uncertainty-aware composite scoring penalizes high-
variance predictions, calibrated to assay criticality."”*
Provenance verification mandates full reproducibility
documentation for inclusion,” while human-in-the-loop
adjudication reserves expert review for low-confidence
predictions.” Borten and colleagues’ OrganoSeg platform

exemplifies this: open-source distribution of standardized
segmentation parameters and batch-processing workflows
enabled reproducible brightfield morphometry across
independent laboratories.'®

4.3. Multi-organ coupling and system integration

Single organ models, whether organoids or OoCs, cannot
capture systemic effects, such as drug metabolism, immune
cell trafficking, or endocrine signaling. Multiorgan OoC
systems address this limitation by physically or functionally
connecting multiple organ models. Scaling to multi-organ
systems introduces substantial complexity in design,
operation, and data interpretation. The necessity of such
integration is underscored by longstanding challenges in
modeling organ crosstalk: for instance, the gut-liver axis
in drug metabolism and the bone-vascular axis in skeletal
homeostasis, where physiological interdependence is
well recognized yet experimentally inaccessible through
reductionist approaches. Traditional approaches to validate
these multi-organ relationships rely heavily on animal
models or clinical observations, entailing protracted
research cycles and limited mechanistic resolution.
Recent advances demonstrate how organoid-on-chip
platforms can compress these timelines. A gut-liver-on-a-
chip system revealed that microbial-derived metabolites
directly modulate hepatic drug-metabolizing enzyme
expression, establishing a causal link previously inferred
only from population pharmacokinetic studies.®” These
examples illustrate how integrated microphysiological
systems can translate relevant clinical hypotheses into
testable mechanistic models, accelerating the validation
of systemic physiological relationships that are difficult to
achieve using single-organ approaches.

Al provides tools for managing this complexity at
multiple levels (Figure 4c). At the design level, GNNs can
model organ-organ interactions, predicting how changes
in one organ (e.g., liver metabolism) affect others (e.g.,
heart electrophysiology). The nodes represent organ
models with their internal states, while edges represent
physical connections (medium flow) or functional
relationships (metabolic coupling). At the operational
level, reinforcement learning can optimize flow rates and
medium composition to maintain homeostasis across all
organs. The state space includes sensor readings from each
organ (e.g., pH, oxygen, glucose, lactate), while actions
adjust pump speedsand medium exchange rates. The reward
function balances competing objectives, maintaining
viability in all organs while achieving desired experimental
conditions (e.g., drug concentration at therapeutic levels
in the target organ). At the data integration level, multi-
modal transformers can fuse heterogeneous data streams
into unified representations. For a liver-kidney chip, this
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includes hepatocyte albumin secretion and urea synthesis
rates from the liver compartment; glomerular filtration rate
and tubular secretion from the kidney compartment; plus
circulating drug/metabolite concentrations from liquid
chromatography mass spectrometry (LCMS) analysis. The
integrated representation enables prediction of systemic
pharmacokinetic parameters (clearance, volume of
distribution, bioavailability) that can be validated against
clinical data.’ A notable example demonstrating AT’s
indispensable role is the development of gut-liver-on-chip
systems for oral drug bioavailability prediction. By coupling
intestinal absorption (Caco-2 or intestinal organoids)
with liver metabolism (hepatocyte spheroids or iPSC-
derived hepatocytes), these systems can predict first-pass
metabolism effects. Physiologically-based pharmacokinetic
(PBPK) modeling achieves R* = 0.78 - 0.85 when
augmented by ML-mediated multi-modal fusion; without
ML integration, physiological coupling alone yields R* =
0.65-0.70, insufficient for FDA evidentiary standards.'*>'**
The cost implication is substantial: phase I failures due to
pharmacokinetic issues (including poor bioavailability)
represent a significant contributor to the ~$2.6 billion
average cost per approved drug.’®*!® Al-enhanced chip
prediction could has the potential to reduce such failures
based on retrospective validation.'” ML extensions of these
models, integrating drug physicochemical properties with
chip-derived absorption and metabolism kinetics, promise
further improvement in first-pass effect prediction, though
large-scale clinical validation remains ongoing.

5. Challenges and perspectives

Although the “organoid x organ-on-chip x AI” integration
framework is emerging, its entry into mainstream drug
development pipelines within the next few years hinges on
three bottlenecks: technical reproducibility, data credibility,
and regulatory acceptability. Technically, organoids from
the same human iPSC line can exhibit substantial variation
in morphogenetic trajectories and functional maturation
across production batches and laboratories. On the chip
side, pump drift, bubble nucleation, and material batch-
to-batch variation can introduce substantial error in
shear stress (often exceeding 10-20%),”**% sufficient to
alter barrier integrity readouts. Data-wise, fewer than five
publicly available multi-modal “organoid-on-chip” datasets
exist, cross-site imaging protocols, metadata formats, and
uncertainty annotations remain nonuniform, creating a
“same look, different numbers” dilemma.®® Regarding the
regulatory aspect, while Food and Drug Administration
(FDA)/European Medicines Agency (EMA) already accept
some organoid data as part of Investigational New Drug
(IND) packages, guidance specific to “AI-Orchestrated
+ multi-organ + closed-loop” composite platforms is

still missing, and the four operational pillars of MAE—
validation benchmarks, uncertainty budgets, end-to-end
traceability, and mechanistic interpretability—have yet to
be codified.” These bottlenecks are not independent but
share a common root: the fundamental mismatch between
canonical machine learning paradigms, optimized for
abundant, standardized data (e.g., ImageNet, clinical
imaging), and biological systems characterized by
irreducible variance, small sample sizes, and context-
dependent generalization. Before articulating the MAE
four-pillar implementation roadmap, we must therefore
examine how AIs epistemic constraints, knowledge
boundaries that limit what regulatory-scientific claims can
legitimately be made, shape the feasibility of transforming
organoid and OoC platforms from experimental tools into
credible evidence generators. These constraints manifest
across four interconnected dimensions that directly inform
pillar design.

The MAE frameworks feasibility —hinges on
acknowledging that AI in biology faces fundamental
knowledge boundaries, epistemic constraints, that
differ qualitatively from canonical ML domains such as
computer vision. Organoid and OoC data suffer from
irreducible biological variance compounded by technical
variance, with fewer than five publicly available multi-
modal datasets globally and severe demographic skew in
existing iPSC lines.?*****!” This creates a small-data-high-
dimensionality paradox: >20 interacting medium factors
with <500 experimental runs render Bayesian surrogates
vulnerable to >40% predictive variance at unexplored
formulations.”** Deep learning architectures with
millions of parameters trained on small samples exhibit
computational irreproducibility (cosine similarity 0.72—
0.89 across U-Net initializations),'* while foundation
models suffer 15-30% Dice degradation across laboratories
due to domain shift.**** Beyond technical barriers,
pharmaceutical-scale implementation requires substantial
qualification investment per organ system, organizational
restructuring into hybrid computational-experimental
teams,'’® resolution of workforce training gaps,'! and
clear IP governance frameworks for multi-institutional AI
model deployment.

Therefore,an MAE four-pillar implementation roadmap
for 2026-2030 is illustrated by early exemplars (Table 2).
Pillar 1 pertains to model validation."'*'* Platforms must
match gold standards within a predefined “context of
use” versus clinical endpoints and animal toxicokinetics/
toxicology data, followed by cross-laboratory replication at
three or more sites."? Under locked protocols, multicenter
hepatocyte screening exercises have reported substantial
inter-laboratory coefficient of variation (CV) reduction,''?
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though such improvements typically reflect controlled
conditions using identical iPSC lines with synchronized
passages.'”” Patient-derived organoids introduce additional
biological variance that may elevate the technical floor
above controlled-condition baselines,”*  suggesting
that initial qualification targets should account for this
irreducible heterogeneity. Dynamic microenvironments
further contribute shear stress variability,>*** necessitating
active compensation algorithms that remain to be
prospectively validated. If multi-site consortia formation
is delayed, Pillar 1 can operate independently through
existing drug development tool (DDT) infrastructure for
single-endpoint assays (e.g., hepatotoxicity)'"* without
requiring full multi-organ integration.

Pillar 2 addresses uncertainty quantification.®®5”!4All
predictions must carry confidence intervals for safety-
critical assays (acute toxicity, pro-arrhythmia), with false
negative rates maintained below 5%. Global sensitivity
analysis ranks input parameters and establishes quality

Table 2. Mapping of MAE pillars to existing regulatory pathways

control limits. Preliminary modeling suggests that
embedding Bayesian posterior networks into vascularized
liver-bud models may compress survival prediction
intervals considerably compared to uncontrolled
baselines. The regulatory timeline for novel biomarkers
with added AI scrutiny typically spans multiple years;''>''®
for context, EMA Innovation Task Force (ITF) scientific
advice procedures often require extended durations.”' The
integrated timeline proceeds as follows: In Phase 1 (Years
1-2), sponsors submit DDT Stage 1 applications with
analytical validation across three or more sites (CV target
below 20%)."">!"> In Phase 2 (Years 2-3), retrospective
clinical correlation with substantial compound libraries
is conducted alongside prospective blinded prediction,
establishing  physiologically-based ~ pharmacokinetic
coupling per International Council for Harmonisation
(ICH) guideline M12.">"¢ In Phase 3 (Years 3-4),
investigational new drug (IND) or new drug application
(NDA) integration occurs with predefined performance

MAE pillar

Pillar 1: validation

Pillar 2: uncertainty

Pillar 3: provenance

Pillar 4: interpretability

Core requirement

Inter-lab
reproducibility; clinical
correlation

Confidence intervals; false-
negative control

Audit trails; version control

Mechanistic grounding;

SHapley Additive exPlanations

(SHAP) attributions

Food and Drug
Administration (FDA)
pathway

Drug Development
Tool (DDT)
Qualification (21st
Century Cures Act)

Emerging Technology
Program (ETP) —Chemistry,
Manufacturing, and Controls

(CMC) review; FDA Artificial

Intelligence (AI)/Machine
Learning (ML) guidance

ETP - data integrity
(ALCOA+: Attributable,
Legible, Contemporaneous,
Original, Accurate +
Complete, Consistent,
Enduring, Available)

ETP - process understanding

Model-as-Evidence
(EMA) pathway

Qualification of Novel
Methodologies

Innovation Task Force (ITF)
scientific advice; EMA Al

Good Manufacturing
Practice (GMP) Annex 11;

EMA Al reflection paper
(human oversight)

reflection paper EU GMP Chapter 4
International
. ICH E6(R2): Good Clinical
Conferer.lce .on ICH SS(R? ): Safety ICH QI(R1): Quality risk Practice (GCP) data ICH M12: Drug interactions
Harmonisation (ICH) testing management . .
PR integrity
guideline
Hepatotoxicity

Example context of use

screening for
Investigational New
Drug (IND)-enabling
studies

Risk-based control strategy for

cardiotoxicity assays

Complete audit trail for
IND submission

Mechanistic Drug-Drug
Interactions (DDI) prediction
for labeling

Notes: The four-pillar structure explicitly positions MAE within established regulatory pathways rather than creating parallel requirements. Pillar 1 maps
onto FDA’s Drug Development Tool (DDT) qualification program under the 21st Century Cures Act, where inter-laboratory CV < 20% mirrors FDA’s
published acceptance threshold for in vitro toxicology assays;''>'** Pillar 2 aligns with ICH Q9(R1) quality risk management, requiring explicit prediction
intervals for safety-critical endpoints in IND submissions;'? Pillar 3 satisfies FDAs ALCOA+ data integrity guidance and EMA's GMP Annex 11 via
tamper-proof audit trails; Pillar 4 addresses FDA Emerging Technology Program (ETP) expectations and EMA’s 2024 Al reflection paper mandating
human oversight.***"!!2 We propose submitting MAE packages as ETP briefing documents with pre-defined Context of Use (CoU).

Abbreviations: AL Artificial intelligence; ALCOA+: Attributable, legible, contemporaneous, original, accurate, complete, consistent, enduring, available;
CMC: Chemistry, manufacturing, and controls; DDT: Drug development tool; EMA: European Medicines Agency; ETP: Emerging technology program;
FDA: Food and Drug Administration; GMP: Good Manufacturing Practice; ICH: International Council for Harmonisation; IND: Investigational new
drug; ITF: Innovation Task Force; NDA: MAE: Model-as-evidence; ML: Machine learning; New drug application; SHAP: SHapley additive exPlanations.
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criteria (sensitivity and specificity targets exceeding 85%
and 90%, respectively, with negative predictive value above
95%).""> Relaxed confidence intervals may be accepted for
non-critical endpoints during initial adoption phases.

Pillar 3 relates to data provenance.”® Every step from
raw images to Al model weights must be time-stamped,
hashed, and versioned. Blockchain or Git-like signed
commits provide tamper-proof records; versioned
pipelines (RO-Crate + ML Flow) suffice for most
submissions.?®!'” However, publicly available multi-modal
organoid-on-chip datasets remain limited in number,®
and cross-site protocol nonuniformity creates “same
look, different numbers” dilemmas. As a fallback, process
analytical technology® through in-line monitoring of
glucose, lactate, and dissolved oxygen provides real-time
quality flags, potentially increasing effective sample sizes
and mitigating small-data constraints.?**

Pillar 4 pertains to interpretability."'® Black-box

predictions are insufficient; models must highlight which
features, pathways, or parameters drive conclusions, with
causal inference separating correlation from causation.
Emerging evidence from pancreatic cancer organoid
studies combining SHapley Additive exPlanations
(SHAP) attributions with intervention experiments
demonstrates the potential for mechanistic insight
validation through transcriptomic perturbation.'*'?
Nevertheless, deep learning on small samples exhibits
computational irreproducibility,'* and foundation models
may suffer substantial performance degradation across
laboratories due to domain shift.*>*® To address this
limitation, architecturally diverse deep ensembles (CNN,
transformers, graph-based models) capture model-form
uncertainty beyond parameter variance,* providing
robustness against single-architecture failures.

6. Conclusions

Distinct from prior reviews,*'” the framework presented
herein maps algorithmic choices to biological bottlenecks
where conventional methods face combinatorial,
temporal, or bandwidth infeasibility (Table 1), elevating
organoid and OoC systems from supportive adjuncts to
primary evidence generators contingent upon the four-
pillar validation architecture (Section 5). Al serves as
the orchestration layer that converts biological fidelity
(organoids) and engineering controllability (OoCs) into
quantitative, cross-comparable evidence, positioning
human researchers to focus on higher-order hypothesis
generation and translational strategy rather than parameter
tuning. Al eliminates three long-standing bottlenecks:
high-dimensional design spaces that transcend manual
screening, batch-to-batch variability that prevents

result accumulation, and data torrents that overwhelm
human analysts. On the organoid side, multi-objective
optimization converts culture medium and ECM selection
into an engineering discipline, significantly reduce
medium costs, enhance batch consistency, improve ECM
matching, and minimize the number of experiments. On
the OoC side, generative topology optimization enables
inverse co-design of materials and geometry: DRL closed
loop control maintains very low steady state error while
significantly shortening design cycles and enhancing
multi-organ system’s accuracy in predicting human
drug response. At the integration level of organoids-
on-chips, Al-orchestrated phenotype compilers, cross-
site. benchmarks, and an MAE regulatory framework
now place “biological authenticity” and “engineering
controllability” in the same coordinate system. Looking to
2030, a “validation-before-scale” roadmap is articulated.
Once realized, this computable evidence factory will turn
the “valley of death” into a data highway, delivering safer
and more effective therapies to patients faster than ever
before.
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