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Abstract

The high attrition rate of drug candidates in clinical trials is often attributed to the
use of conventional two-dimensional cell cultures and animal models that fail to
accurately recapitulate human physiology. Three-dimensional (3D) bioprinting has
emerged as a transformative technology for creating sophisticated, patient-relevant
tissue models for drug screening and toxicity assessment. Concurrently, machine
learning (ML) offers a powerful paradigm for extracting insights from complex, multi-
modal data and optimizing intricate processes. This review presents a comprehensive
and critical overview of the convergence of 3D bioprinting and ML, with a focus on
theirintegrated applications in drug development. We critically and comprehensively
analyze the various data types generated throughout the bioprinting workflow, from
process parameters and material properties to biological and “omics” data. We then
discuss the application of diverse ML approaches, from statistical methods to deep
learning, for optimizing bioprinting processes and enhancing the predictive accuracy
of drug screening. By including specific quantitative outcomes and comparative
analyses from recent studies, we provide an evidence-based perspective on the state
of the field and highlight its potential to accelerate the drug discovery pipeline.

Keywords: 3D bioprinting; Deep learning; Drug discovery; Machine learning;
Predictive modeling

1. Introduction

Drug discovery and development remain lengthy, costly, and high-risk processes,
with an average timeline exceeding a decade and costs reaching billions of dollars
per approved drug.”” A major bottleneck lies in the translation of preclinical findings
into successful clinical outcomes, as conventional two-dimensional (2D) cell cultures
and animal models often fail to replicate the complexity of human physiology.”* This
mismatch contributes to high attrition rates in late-stage clinical trials, particularly due

to unforeseen toxicity or insufficient efficacy.5*
Bioprinting has emerged as a transformative platform to address these challenges.” !

By enabling the automated fabrication of three-dimensional (3D) tissue constructs with
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precise control over architecture, cell composition, and
microenvironment,'*'* bioprinting offers physiologically
relevant models for drug screening and toxicity testing.'
These 3D models can more accurately mimic human tissue
function, improving predictive power for pharmacological
and toxicological assessments.'®** Furthermore, the
scalability and reproducibility of bioprinting make it well-
suited for experimental pipelines requiring standardized
and reproducible tissue models."

However, the full potential of bioprinting is hindered
by the complexity of its workflows and the vast amount
of heterogeneous data it generates.'” Variations in
bioprinting parameters, biomaterial properties, and
biological responses create multidimensional datasets that
are challenging to interpret using traditional statistical
approaches.”®*" Herein, machine learning (ML) offers
powerful solutions.”>*® By identifying hidden patterns,
learning from complex datasets, and enabling predictive
modeling, ML can be integrated into bioprinting systems
to optimize printing parameters, automate quality control,
and predict drug responses with higher accuracy.?**

The integration of ML with bioprinting represents a
paradigm shift toward more intelligent and automated
biomedical research workflows.'>* In such systems, ML
algorithms continuously process data from bioprinted
constructs—ranging from imaging and viability assays to
omics-based readouts—and feed back into the printing
process in real time.” This closed-loop approach not
only accelerates experimental cycles but also enhances
the reproducibility, scalability, and predictive reliability
of preclinical studies.”” As a result, the convergence of
ML and bioprinting holds significant promise for drug
development, including potential benefits for shortening
timelines, reducing costs, and improving patient safety.”**

Despite this promise, direct research integrating
ML and bioprinting specifically for drug discovery and
pharmacological testing remains scarce. Most current
efforts focus on print process optimization and quality
assessment rather than end-to-end applications in drug
pipelines. Addressing this gap is crucial for unlocking
the full translational potential of ML-driven bioprinting.
The organizational framework of this review is presented
in Figure 1. It first provides foundational principles
of bioprinting and the current applications of ML in
biomedical research. The review then explores strategies
for leveraging artificial intelligence (AI) to achieve the
data-driven optimization of bioprinting workflows and
create predictive models for drug screening and toxicity
testing. It highlights recent advances in developing
advanced models for disease and therapeutic screening
before concluding with a discussion on the future outlook

and translational roadmap for intelligent, data-driven drug
discovery platforms.

2. Fundamentals of bioprinting

Bioprinting refers to the automated, layer-by-layer
fabrication of 3D biological structures using living
cells, biomaterials, and supporting factors." This
technology enables precise spatial control over cell
placement and scaffold architecture, allowing researchers
to recreate complex tissue microenvironments with
high fidelity.” Unlike traditional tissue engineering
approaches, bioprinting offers improved reproducibility,
customization, and scalability, making it a powerful tool
for building functional biological systems for a wide range
of biomedical applications.

2.1. Core principles and workflow

The bioprinting workflow typically begins with the
preparation of bioinks, which are biomaterial formulations
designed for both printability and biological compatibility.
These formulations may include cell-laden hydrogels,
microparticles, and other components.”?’ Automated
bioprinting platforms then deposit these bioinks in a
layer-by-layer fashion with precise spatial control, guided
by computer-aided design models.** Post-printing, the
constructs undergo processes such as crosslinking,
maturation, and culture under controlled environmental
conditions to achieve functional tissue properties.”> The
entire workflow is integrated with high-content analytical
systems—including imaging platforms, viability assays,
and biochemical sensors—that enable rapid and consistent
data acquisition across large sample sets.'”* The core
principles and stages of this workflow are illustrated in
Figure 2.

2.2, Bioprinting technologies

Various bioprinting modalities have been adapted for high-
throughput applications, each with distinct strengths.””*
Inkjet bioprinting enables rapid, droplet-based deposition
of low-viscosity bioinks, ideal for miniaturized tissue
constructs, and cost-efficient screening.” Microextrusion
systems allow for continuous filament deposition of more
viscous bioinks, supporting higher cell densities and better
structural stability, though often at the expense of printing
speed.*”* Light-based methods, such as stereolithography
and digital light processing, use photopolymerization
to achieve high resolution and complex architectures,
making them valuable for creating intricate tissue
microenvironments.*™** Increasingly, hybrid platforms
combine these approaches to balance throughput,
resolution, and biomaterial compatibility for different
experimental needs.'**
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1. Introduction

Drug discovery and development face challenges of high cost and low
success rates. By integrating bioprinting with machine learning (ML),
this review explores how to build an intelligent, data-driven platform
for creating more predictive 3D models, thereby accelerating drug
screening and toxicity testing.

2. Fundamentals of bioprinting

e Core principles and workflow

¢ Printing technologies for bioprinting

o Key performance metrics

» Data acquisition and analysis

¢ Applications of bioprinting in drug screening and toxicity testing
e Current limitations of bioprinting

3. Machine learning techniques for predictive modeling

« Types of machine learning approaches
¢ Machine learning for predictive modeling in biomedical research

4. Machine learning for bioprinting process optimization

o Data preprocessing and feature engineering

o Model development for prediction and optimization
e Closed-loop feedback and real-time adaptation

o Case studies and emerging applications

« Integration challenges and technical considerations

5. Bridging machine learning and bioprinting for drug screening:
opportunities and roadmap

By bridging ML with bioprinting, a new paradigm for drug discovery is
emerging, encompassing direct applications like high-throughput
screening on advanced 3D models as well as indirect support through
computational prediction and rapid diagnostics.

6. Challenges and future perspectives

This section discusses the current challenges in integrating bioprinting
and ML and outlines how emerging technologies, such as multimodal
data fusion, explainable Al, and digital twins, will shape the future of
the field.

7. Conclusions

This section summarizes the potential of the convergence of ML and
bioprinting to enhance the efficiency of drug screening, reduce costs,
and enable personalized drug development, while highlighting the
importance of standardization and interdisciplinary collaboration to
overcome remaining challenges.

\4

Figure 1. An overview of the organizational framework of this review. The framework first provides foundational principles of bioprinting and machine
learning, then explores their synergistic applications in data-driven bioprinting workflows and drug discovery, and finally concludes with a discussion on
the future outlook and translational roadmap.
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Figure 2. Bioprinting workflow. The process comprises three main stages: pre-bioprinting (cell cultures and bioink preparation, including cell selection and
construct design), processing (layer-by-layer deposition of bioinks using different bioprinting technologies), and post-bioprinting (construct stabilization
via crosslinking and maturation in controlled environments). Abbreviation: ECM, extracellular matrix.

2.3. Key performance metrics

For bioprinting to be impactful in drug discovery, several
performance parameters are critical. Among them,
throughput—defined as the number of tissue constructs
produced per wunit time—determines scalability.*
Resolution influences how accurately microenvironmental
features are reproduced, which can affect cell behaviors and
drug responses.’**”* Reproducibility ensures consistency
in geometry, cell distribution, and viability across large
batches, all of which are essential for generating reliable
screening data.” Biological fidelity—the ability of printed
constructs to replicate relevant in vivo functions—
directly impacts the predictive value of assays.”*
Finally, integration compatibility with automated liquid
handling, microfluidic systems, and high-content imaging
is essential to streamline workflows in industrial and
research settings.”!

2.4. Data acquisition and analysis

Bioprinting platforms are a foundation for integrating with
ML because they generate vast amounts of heterogeneous
data. The first critical step is the systematic collection
of these high-quality, multi-modal datasets. These

data streams, which include those from fluorescence
imaging, live-dead staining assays, metabolic activity
measurements, and multi-omics profiling, provide critical
information about the biological constructs.” This is
complemented by detailed process parameters such as
nozzle pressure, extrusion speed, and bioink rheology
collected from embedded sensors.*>** The quality, diversity,
and completeness of these datasets directly influence the
accuracy and generalizability of downstream ML models.*
Table 1 provides a comprehensive overview of the various
data types generated throughout the bioprinting workflow,
detailing their common processing methods and the
associated ML models and tasks.

2.5. Applications of bioprinting in drug screening
and toxicity testing

In practice, bioprinting has been applied to generate
a diverse range of tissue models for both efficacy and
toxicity studies.®**® Examples include liver spheroids for
drug metabolism analysis, tumor organoids for cancer
drug sensitivity profiling, and cardiac microtissues for
cardiotoxicity evaluation.'***®” These 3D constructs can
be tailored to represent specific patient populations or
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disease states, offering valuable platforms for personalized
medicine  research.®®®® By  enabling large-scale,
physiologically relevant testing, bioprinting holds promise
for improving early-stage decision-making and reducing
the rate of costly late-stage clinical trial failures.”” Table 2
provides a summary of relevant studies (since 2020) that
highlight the application of bioprinting in drug screening
and toxicity testing.

2.6. Current limitations of bioprinting

Despite its potential, bioprinting still faces challenges. The
range of bioinks that combine printability with long-term
biological functionality remains limited, constraining the
diversity of tissue constructs.” Standardized metrics for
assessing construct quality and performance are lacking,
making it difficult to compare results across laboratories.”
Biological complexity—such as multi-tissue interactions,
immune responses, and long-term maturation—remains
difficult to reproduce at scale’*”” Additionally, the
sheer volume of heterogeneous data generated through
bioprinting platforms creates a bottleneck in analysis
and interpretation, underscoring the need for advanced
computational approaches, including ML, to fully harness
the technology’s capabilities.

3. Machine learning techniques for
predictive modeling

Machine learning, a subset of AI, has emerged as a
powerful computational approach for uncovering
patterns, making predictions, and optimizing processes
in complex biomedical systems.***® In drug discovery and
development, ML algorithms are capable of analyzing vast,
heterogeneous datasets, including chemical structures,
molecular interaction profiles, genomic and proteomic
data, imaging outputs, and clinical records.”'® Through
learning from these diverse inputs, ML can predict
compound eflicacy, identify potential toxicity, and
even suggest novel molecular designs with improved
pharmacological properties.'®" This data-driven approach
has the potential to accelerate early-stage research, reduce
experimental costs, and increase the success rate of clinical
translation.'” The fundamental concepts of ML are
illustrated in Figure 3.

3.1. Types of machine learning approaches

Different classes of ML methods are applied to biomedical
problems, each suited to particular data types and research
objectives.!”*!* Supervised learning methods, such as
random forests (RFs)'® and support vector machines,'
are trained on labeled datasets to predict specific
outcomes, such as drug responses and cell viability. A
key subfield of supervised learning is deep learning
(DL), which utilizes multi-layered neural networks to

learn complex patterns. Deep neural networks and their
specialized architectures, such as convolutional neural
networks, have proven particularly effective in processing
high-dimensional data, including images and time-series
signals, enabling rapid, automated analysis of microscopy
images and real-time quality control.'””'®® Unsupervised
learning methods, including clustering algorithms and
dimensionality reduction techniques, are used to reveal
hidden structures in unlabeled datasets, for example,
the identification of disease subtypes from patient omics
profiles.'” Reinforcement learning methods allow systems
to improve decision-making through iterative trial-
and-error processes, a strategy increasingly explored in
automated experimental design.''

3.2. Machine learning for predictive modeling in
biomedical research

In drug screening and toxicity testing, ML has been
successfully used to predict oft-target effects, model dose—
response relationships, and stratify compounds based on
their predicted therapeutic potential''"'". Algorithms
trained on large public toxicity datasets can predict the
safety profiles of novel molecules.!*!** Furthermore, ML
can optimize experimental workflows by selecting the
most informative combinations of parameters to test,
thereby reducing the number of experiments required
without sacrificing predictive accuracy."®'”

While different ML methods can be broadly categorized,
their practical application depends on the specific
bioprinting data type and research goal.''® Supervised
learning is most suitable for bioprinting datasets with
labeled outcomes, such as predicting the final cell viability
from process parameters or anticipating drug response from
omics data. Its strength lies in its ability to provide clear,
quantifiable predictions, though it relies on the availability
of large, high-quality labeled datasets. In contrast,
unsupervised learning excels at exploring unlabeled data
to uncover hidden patterns, making it invaluable for tasks
such as identifying new tissue phenotypes or grouping
similar bioink formulations without prior knowledge.
Meanwhile, DL, the powerful subset of these methods,
is particularly effective with high-dimensional data. For
example, a standard deep neural network can be used to
model complex, non-linear relationships in multi-modal
datasets, and convolutional neural networks are the go-
to choices for image-based data, enabling automated
defect detection and morphological analysis.''*'* Finally,
reinforcement learning is suited for dynamic, real-time
optimization, allowing the bioprinting system to learn
and autonomously adjust parameters to achieve a desired
outcome without direct human intervention.'” This
predictive capability is particularly relevant in bioprinting,
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Figure 3. Machine learning (ML) techniques. (A) An overview of the main ML paradigms, illustrating the three primary types of ML: supervised learning,
which uses labeled data for tasks such as classification (sorting data points into categories) and regression (predicting a continuous value); unsupervised
learning, which discovers hidden structures in unlabeled data, as seen in clustering (grouping similar data points) and generative models (creating new
data from learned patterns); and reinforcement learning, where an agent learns to make optimal decisions through a system of rewards and punishments.
(B) The architecture of an artificial neural network is the basis of deep learning. It shows how information is processed from an input layer, through
multiple hidden layers, to an output layer, mimicking the structure and function of a biological neuron.
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where ML-driven approaches have been used to analyze
bioprinted structures for drug response profiling'>¢%!2
and to predict key biological outcomes, such as cell
viability and tissue maturation.”»**'** For example, deep
convolutional neural networks have been applied to
analyze optical coherence tomography data to enable the
automated detection and growth tracking of bioprinted
organoid clusters.'?'** This predictive capability extends
to optimizing printing parameters to improve throughput
and print fidelity in cellular droplet bioprinting.'*>'*
These applications demonstrate the direct utility of ML in
enhancing the precision of the bioprinting process.

4. Machine learning for bioprinting
process optimization

As experimental technologies such as bioprinting
continue to evolve, the application of ML becomes
increasingly important. Bioprinting platforms generate
multidimensional ~ datasets encompassing imaging,
viability metrics, molecular readouts, and environmental
parameters, all of which can be integrated into ML models

for more efficient and adaptive experimentation.*>'¥” By
enabling automated analysis, real-time feedback, and
predictive modeling, ML provides the computational
backbone needed to transform high-throughput
experimental platforms into intelligent, closed-loop
systems capable of continuously improving their
performance.'?®'* A conceptual pipeline of how Al-driven
multi-modal sensing can achieve comprehensive results in
such a system is shown in Figure 4.

4.1. Data preprocessing and feature engineering

Before ML models can be trained, raw bioprinting data
require preprocessing to remove noise, standardize
formats, and extract relevant features.'>” While a summary
of common methods has been provided in Table 1, the
specific approach is highly dependent on the data type
and research objective. For imaging data, which includes
microscopy and high-content screening, the process often
begins with image preprocessing steps, such as denoising,
normalization, and artifact removal, to ensure data
quality.**"*" This is followed by segmentation to isolate
biological entities, such as cells, nuclei, and organoids.

Single sensor

° o 0 o
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Figure 4. An artificial intelligence-driven multi-modal sensing pipeline for achieving comprehensive results in bioprinting. The workflow starts with data
collection from diverse sensors and bioprinter logs. In data preprocessing and feature extraction, these data streams are processed by deep learning models
to extract key features. The machine learning modeling step uses these features to predict important outcomes. Finally, in bioprinting process optimization,
the model’s predictions are used to provide real-time feedback for autonomous adjustments to the bioprinting process, ensuring a closed-loop system for

continuous improvement.
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Feature engineering then quantifies these elements into
morphological descriptors, such as size, shape, porosity,
and cellular distribution.

For sensor-based process data, such as time-series
readouts of nozzle pressure and temperature, advanced
techniques, including sensor fusion and time-series
analysis, are used to integrate disparate signals.'*>!** These
processed data streams are aligned with experimental
metadata to enable the modeling of complex, non-linear
relationships, and the detection of anomalies for predictive
maintenance. Similarly, with omics datasets, which
are often high-dimensional, specialized pipelines are
required. After initial quality control and normalization,
techniques like dimensionality reduction are crucial to
mitigate redundancy and focus on the most informative
genes or proteins.”’*'*> Feature engineering—whether
handcrafted or automatically learned through DL—plays
a key role in transforming raw bioprinting data into
informative representations that capture both biological
and manufacturing variables."**'*” These refined features
form the basis for robust ML models that can accurately
predict a wide range of outcomes.

4.2. Model development for prediction

and optimization

Machine learning models can serve multiple purposes
within bioprinting workflows."*® Predictive models are
trained to forecast biological responses, such as drugefficacy
or toxicity, based on construct features and experimental
parameters.”*>'*" Optimization models, often employing
reinforcement learning or Bayesian optimization, can
identify optimal combinations of printing parameters,
bioink compositions, and culture conditions to achieve
desired outcomes.'”'*! In addition, generative models,
such as variational autoencoders and generative adversarial
networks, can be used to design novel tissue architectures
with tailored functional properties.”**'** The choice of
algorithm depends on the prediction target, dataset size,
and desired interpretability.

4.3. Closed-loop feedback and real-time adaptation

A defining feature of truly “smart” bioprinting systems is
the implementation of closed-loop feedback, where ML
models continuously analyze experimental data and adjust
bioprinting parameters in real time."***** For example, if
imaging data indicate uneven cell distribution or structural
collapse, the system can automatically recalibrate nozzle
pressure, printing speed, or crosslinking intensity to
correct the issue in subsequent prints.”>'** This adaptive
control reduces variability, improves reproducibility, and
minimizes material waste. Real-time integration requires
seamless communication among ML algorithms, printer

control software, and data acquisition systems, supported
by low-latency computation.'*

4.4. Case studies and emerging applications

The integration of ML into bioprinting is moving beyond
theoretical concepts and is being applied in concrete
research to enhance the entire workflow. For example,
ML models are now used to predict optimal printing
parameters, such as extrusion pressure and laser power,
to minimize trial-and-error and material waste.!*"!*
Furthermore, Al-driven image analysis provides real-time
feedback on construct fidelity and cell viability, allowing for
immediate process adjustments to ensure quality control.'*!
These advancements in process optimization are paving the
way for fully automated and intelligent biomanufacturing.
Table 3 provides a summary of representative studies,
detailing the specific bioprinting modalities, constructs,
and ML approaches used in these applications.

4.5. Integration challenges and

technical considerations

While the potential benefits are substantial, several
barriers hinder seamless ML-bioprinting integration.
Data heterogeneity across imaging platforms, bioink
formulations, and cell sources complicates model training
and transferability.’ The need for large, high-quality labeled
datasets can be a bottleneck, particularly for rare disease
models and patient-specific constructs. Additionally,
ensuring that ML models are interpretable and compliant
with regulatory standards is essential for eventual clinical
translation.”” Overcoming these challenges requires
not only advances in algorithmic development but also
the standardization of bioprinting protocols, improved
interoperability between hardware and software, and the
adoption of open data sharing practices.

5. Bridging machine learning and
bioprinting for drug screening:
opportunities and roadmap

Theintegration of ML with bioprinting offers transformative
opportunities for drug screening by enabling data-driven,
predictive, and automated experimentation. By combining
the precise fabrication capabilities of bioprinting with
MLs ability to extract patterns and make predictions
from complex datasets, researchers can move beyond
conventional trial-and-error approaches and establish
more efficient and reproducible workflows. This synergy
allows for not only the optimization of tissue construct
design and printing parameters but also the anticipation
of functional outcomes, such as drug response, toxicity,
and phenotypic changes. As a conceptual roadmap for this
integrated workflow, Figure 5 highlights the opportunities
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Table 3. Representative studies on the integration of machine learning with bioprinting

Dataset source ML method Bioprinting Construct type/ Main findings References
modality model
A dataset of 48 prints with HML with Extrusion- 3D alginate Developed an HML framework to predict 125
systematically varied print LASSO based hydrogel features dominant build parameters for high-
parameters bioprinting fidelity 3D prints, reducing the need for
iterative testing and identifying process
maps for optimization.
Data collected from 75 Supervised Extrusion- Cell-laden ML models trained on literature data can 149
published papers on regression and  based alginate and predict printing outcomes (cell viability,
extrusion-based bioprinting classification bioprinting gelatin composite  filament diameter, extrusion pressure)
models filaments and show the potential for optimizing

bioprinting experimental design.

Patient-derived glioblastomas
and tumor-associated
macrophages bioprinted into

Multi-algorithm
ML, including
a weighted

Light-based
bioprinting

3D-bioprinted
patient-derived
glioma tissues

Developed an integrated workflow of 3D
bioprinting and ML to predict glioma
treatment responses, with the ensemble

60

3D models ensemble model (complex model outperforming individual
multicellular algorithms and identifying promising
models) compounds.
A dataset of cellular Multilayer Droplet-based  Cellular droplets Developed an ML-enhanced platform 2
droplets (over 50 printed perceptron and  bioprinting to optimize five key printing parameters
simultaneously) decision tree and predict cellular droplet size with
high accuracy, enabling reproducible and
scalable organoid production.
Experimental data from Bayesian Extrusion- 3D scaffolds Bayesian optimization drastically reduced 7
GelMA and HAMA bioinks optimization based from GelMA and  the number of experiments needed
bioprinting HAMA bioinks to identify optimal print parameters,
enabling the quantitative assessment
of printability for reproducible scaffold
fabrication.
Experimental data from the Bayesian Extrusion- 3D complex tissue  Employed ML to assist in developing an 150
development of a chitosan- optimization based constructs from optimized biomaterial ink with suitable
gelatin-agarose ink bioprinting an optimized printability, rheological properties, and
chitosan-gelatin-  biocompatibility for fabricating 3D tissue
agarose biomaterial ~constructs.
ink
224 datapoints from 3D Gradient Extrusion- Single-layer GBR achieved the best prediction 1
printing experiments; 9 boosting based hydrogel filaments  accuracy for filament morphology;
CAD images; a self-designed ~ regressionand ~ bioprinting and multilayer the application of eight ML methods
“complexity index” eight other ML lattice constructs facilitated parameter optimization;
algorithms combining ML with extrusion printing
reduced experimental iterations and
improved reproducibility and fidelity.
Experimental dataset of Support vector  Extrusion- 3D-printed objects  Developed an ML-embedded graphical 191
extrusion-based bioprinting regression based based on CAD user interface to optimize printing
with NIH/3T3 fibroblasts, bioprinting images parameters and predict print outcome,
varying pressure, speed, and reducing trial-and-error and waste.
nozzle diameter
High-throughput droplet Supervised Droplet-based ~ Cellular Developed an ML-driven platform to 129
images and an extensive ML models, bioprinting droplets and 3D predict and control cellular droplet
dataset generated by the including RE, microtissues volume, promising to advance the mass
bioprinting platform ANN, and production of organoids and microtissues
others with precise volume control.

Abbreviations: ANN, artificial neural network; CAD, computer-aided design; GelMA, gelatin methacryloyl; GBR, gradient boosting regression; HAMA,
hyaluronic acid methacrylate; HML, hierarchical machine learning; LASSO, least absolute shrinkage and selection operator; ML, machine learning; RE,

random forest.
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for combining bioprinting and ML to revolutionize
drug screening.

In the short term, ML can be employed to optimize

efficiency and data utilization. Predictive models, such
as random forests, which are trained on historical
bioprinting and assay data, can guide the selection of

bioprinting experimental designs, improving both bioink formulations, printing parameters (e.g., pressure,
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Figure 5. An artificial intelligence (AI)-powered drug screening workflow integrating bioprinting and machine learning (ML). This framework outlines a
comprehensive data-driven approach, from generating multi-modal data with 3D bioprinting and high-throughput screening to using AI/ML models for
predictive analysis. The workflow includes a feedback loop that informs new experimental designs, enabling efficient and iterative drug discovery.
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speed, and nozzle diameter), and culture conditions,
reducing the number of iterations needed to achieve
high-quality constructs.”’ This approach maximizes the
informational content of each experiment and supports
the rapid generation of reproducible tissue models suitable
for downstream drug screening applications.

In the medium term, closed-loop platforms can be
developed in which ML algorithms continuously monitor
data from in-line sensors (e.g., cameras for real-time
image analysis and embedded pressure sensors), viability
assays, and biochemical readouts, and then adjust printing
parameters in real time.”™ By integrating predictive
models for toxicity or drug response into this feedback
system, bioprinting pipelines can be dynamically tuned
to produce tissue constructs with consistent properties
and functional readouts. Such adaptive systems will
enhance reproducibility, enable multi-day experimental
runs, and reduce variability in pharmacological testing.
Additionally, the development of more interpretable Al
models will be crucial to facilitate regulatory approval and
clinical translation.

Looking toward the long term, the combination of
ML and bioprinting could facilitate the development of
truly personalized and disease-specific tissue constructs.
Advances in bioink design informed by patient-derived
data, along with AI-driven tissue modeling, can allow for
the generation of “digital twins” or in silico models that
recapitulate individual genetic or pathological contexts.!*!**
These approaches will support patient-specific drug
testing, the identification of optimal therapeutic regimens,
and the exploration of complex multi-tissue interactions.
Ultimately, Al-guided bioprinting can enable the in
silico design and in vitro fabrication of highly predictive
tissue models, forming a new paradigm for preclinical
drug development.

Several recent studies have demonstrated the feasibility
of integrating ML into bioprinting workflows for drug
screening and toxicity testing. For example, in a study on
nephrotoxicity testing, researchers used bioprinted renal
spheroids and a DL approach to automatically analyze
microscopic images. The study found that the bioprinted
spheroids showed enhanced sensitivity to cisplatin, with
an inhibitory concentration leading to 50% cell death
(IC,,) of 9 + 3 uM compared to 17 + 2 uM for conventional
monolayers. Furthermore, the DL algorithm was able
to distinguish between no, mild, and severe treatment
effects with a balanced accuracy of 78.7%.*' Similarly, in
a study on glioma, researchers integrated 3D bioprinting
and multi-algorithm ML to assess treatment responses.
The bioprinted patient-derived glioma tissues successtully
mimicked the molecular properties and drug responses of

native tumors, with the GlioML ensemble model achieving
a median R* value of 0.83 for World Health Organization
grade IV gliomas, significantly outperforming individual
algorithms. This model also showed high predictive
accuracy for recurrent glioblastoma, with an R* value as
high as 0.94, validating the use of bioprinted models and
computational predictors for robust, gene-expression-
based drug screening.” Another study showcased how
to leverage bioprinting and ML for drug screening at the
single-organoid level,® successfully identifying organoids
that were transiently or persistently sensitive or resistant
to specific therapies. The study’s XGBoost classifier, used
to filter organoid data, achieved a high cross-validation
score of 93.1 + 1.3% with an area under the curve of
0.966 + 0.020. This approach successfully quantified drug
responses, revealing, for example, that when treated with
10 uM neratinib, only 4.5% of MCEF-7 cell clusters grew,
while in another cell line (BT-474) treated with 10 uM
lapatinib, 73.7% of cell clusters lost mass. This ability
to quantify intra-sample heterogeneity highlights the
platform’s potential for robust drug screening.

Beyond these direct drug screening applications,
the convergence of bioprinting and Al technology also
enables other critical biomedical functions that indirectly
support therapeutic development. In the early stages of
drug discovery, Al plays a crucial role in predicting the
absorption, distribution, metabolism, excretion, and
toxicity (ADMET) properties of drugs. For example,
a study developed Al-based ADMET models that can
rapidly and efficiently predict the properties of molecules
using computational methods rather than physical
bioprinting."”® Moreover, this synergy opens up new
avenues for diagnostics that inform therapeutic decisions.
One study combined acoustic bioprinting with Al-assisted
spectroscopy for the high-throughput identification of
bacteria in blood.””® This platform is indirectly linked to
drug therapy by enabling rapid pathogen identification—a
critical first step in guiding the selection of appropriate
antimicrobial drugs and combating antibiotic resistance.
This highlights the potential for this synergistic technology
to streamline not only drug development but also the
targeted application of existing treatments.

6. Challenges and future perspectives

Integrating ML with bioprinting offers significant promise
for drug screening and toxicity testing, but several barriers
remain. Data heterogeneity—arising from differences in
imaging systems, bioink formulations, and cell sources—
limits model generalizability, while the scarcity of large,
high-quality labeled datasets hinders robust algorithm
training. Technical integration requires custom interfaces
and real-time processing pipelines, while biological
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complexity means that even advanced models struggle
to replicate multi-tissue interactions or long-term drug
effects.'*'>” Concerns over interpretability, reproducibility,
and regulatory compliance further slow adoption. Notably,
despite the conceptual synergy, there is still a lack of direct,
systematic research focusing on the integration of ML with
bioprinting specifically for drug discovery and preclinical
testing; most studies remain either proof-of-concept or
focused separately on each field.

Future advances can address these limitations. Multi-
modal data fusion will allow the integration of imaging,
omics, biomechanical, and environmental datasets
into unified predictive frameworks, while explainable
AT can enhance trust and regulatory acceptance. Edge
computing and embedded AI may enable real-time,
on-device analysis, improving closed-loop bioprinting
control. Meanwhile, digital twin models can simulate
and optimize experiments before printing, saving
time and resources. Standardized protocols, shared
databases, and interoperable software will be critical
for scalability. Through sustained interdisciplinary
collaboration, ML-enhanced bioprinting platforms can
revolutionize preclinical testing by accelerating discovery,
reducing costs, and enabling personalized predictive
drug evaluation.

7. Conclusion

In conclusion, the convergence of ML and 3D bioprinting
presents a transformative paradigm for drug discovery and
toxicology testing. By enabling data-driven optimization of
bioprinting processes and providing a powerful framework
for analyzing complex biological readouts, ML-augmented
bioprinting systems are poised to address key limitations
of conventional preclinical models. This review has
demonstrated how diverse ML methods can be applied
across the entire bioprinting workflow, from predicting
material printability and optimizing process parameters
to enhancing the predictive accuracy of drug response in
physiologically relevant 3D tissue models. The inclusion
of specific quantitative results from recent case studies
underscores the tangible benefits of this integration,
moving the field beyond conceptual discussions and
towards verifiable, evidence-based applications. While
significant challenges remain, particularly in the
standardization of data collection and the development
of more robust, universal models, the rapid advancement
in both fields points to a promising future. The continued
synergy between ML and bioprinting holds the potential to
accelerate the development of personalized, effective, and
safer therapeutics, ultimately bridging the gap between
preclinical research and clinical success.
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