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the final cell product. Moreover, advanced AI-driven sensors and 
spectrometry tools maximize the monitoring of cell culture that 
improve the control of cell growth and viability.6

Real-time and personalized process control and production 
scheduling are necessary to scale up CAR-T cell manufacturing, 
and this becomes the responsibility of AI. Relevant to this context, 
the AIDPATH project has been implementing digital twins to 
bioreactors for CAR-T cell expansion based on nutrient consumption 
and metabolite production that can allude timely predictions of 
cell expansion completion to achieve cell dose targets (UC1).7A 
second system uses “soft sensors,” which build upon available 
bioreactor sensors to combine multiple sensor inputs into real-time 
notifications (UC2).8,9 Scheduling algorithms (UC3) are able to align 
parallel manufacturing cycles across different patients to cope with 
these uncertainties through the cell-expansion process time and the 
time they will be ready to treat the patients.10

Progress will include dynamic control of bioreactor parameters 
based upon individual patient needs to enable highly individualized 
CAR-T cell therapies. In the context in which personalized 
patient-centered therapies are paramount, AI-powered clinical 
decision support systems (UC5) assist in matching the CAR-T cell 
characteristics and complementary therapies to individual patients 
in accordance to their profiles by establishing a balance between 
efficacious therapeutic effect and safety.11,12

These advancements in AI-driven personalization do not end with 
the manufacturing and preparatory stages. AI is also proving crucial 
for monitoring and adjusting CAR-T therapy post-administration. 
Following infusion, the therapeutic journey of CAR-T cells within a 
patient is highly individualized, involving complex interactions with 
the host’s immune system. AI-enabled systems monitor patients for 
any early signs of potential complications, such as cytokine release 
syndrome (CRS) and neurotoxicity, which are common adverse 
effects associated with CAR-T therapy.13 Real-time data analysis, 
derived from patient biomarkers and physiological indicators, 

provides predictive alerts to healthcare teams, enabling rapid 
responses that can mitigate the severity of these complications. 
This is especially beneficial for managing cases remotely, where 
AI-driven wearables and monitoring devices continuously track 
patient health indicators, thus ensuring prompt intervention when 
necessary.14

In addition to immediate patient safety, AI enhances the long-
term monitoring of patients by predicting therapeutic outcomes 
and relapse risk. Through sophisticated algorithms that integrate 
genomic, proteomic, and metabolic data, AI is instrumental in 
identifying patients at risk for recurrence. Predictive modeling 
can guide follow-up care, suggesting additional interventions or 
alternative therapies as needed. These approaches not only increase 
the safety and effectiveness of CAR-T treatments but also provide 
a more sustainable, individualized approach to post-therapy 
management.15

The integration of AI into CAR-T cell therapy represents a 
significant advancement in precision medicine, facilitating highly 
individualized treatment protocols. By synthesizing patient-
specific data from diverse sources-such as genetic profiles, 
cellular characteristics, and clinical biomarkers-AI constructs a 
comprehensive patient profile that optimally guides each stage of the 
therapeutic process.16 This data-driven, tailored approach ensures 
that CAR-T therapy precisely targets cancer cells while aligning 
with the patient’s unique biological profile, thereby minimizing 
adverse reactions and maximizing therapeutic efficacy. Additionally, 
AI-enhanced CRISPR-Cas9 technology further advances CAR-T 
therapy by reducing off-target gene edits, thereby increasing 
treatment safety and expanding the applicability of CAR-T cells to 
target solid tumors and a broader array of cancer types.17,18

The future of AI-driven CAR-T therapy holds promising potential 
for further personalization.19 Emerging research is focused on using 
AI to dynamically adapt CAR-T cell dosages and combinations with 
other immunotherapies in real-time based on a patient’s response to 
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Introduction
Artificial intelligence (AI) is playing a larger role in CAR-T cell 

therapy, contributing to different stages of the pipeline regarding 
patient selection, in-vivo activity, and post CAR-T cell treatment 
monitoring. Much of the work is centered around the use of AI 
in patient follow-up, particularly in being able to predict adverse 
effects including cytokine release syndrome (CRS) and sepsis after 
therapy. Instrumented wearable systems are built to keep track of 
physiological parameters so that quick changes can be remotely 
monitored and acted upon.1–3

During the selection of the patient, biomarker analysis driven 
by AI is essential to choose the right patients, which improves 
therapeutic effectiveness, resulting from an optimized CAR-T cell 
selection. During the preparatory stages, selection and timing of 
healthy CD3-T cell extraction—proposed to maximize therapeutic 
impact—is aided by AI algorithms to refine accuracy.4,5 In addition, 
some examples of predictive assessments during genetic engineering 
and expansion of cells predict the quality and clinical activity of 
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treatment.20 This adaptability could lead to even greater efficacy in 
fighting resistant cancer types and improving patient quality of life. 
As AI technologies evolve, they are expected to seamlessly integrate 
with healthcare practices, making personalized CAR-T therapy a 
practical reality for broader patient populations.

As AI-driven technologies continue to evolve, the potential 
for CAR-T therapy to offer truly personalized cancer treatments 
expands. Current research explores how AI might predict not only 
adverse effects and therapeutic efficacy but also patient-specific 
therapeutic timelines.21 Through deep learning and machine learning 
algorithms, AI is enabling CAR-T therapy to adapt dynamically over 
time, adjusting to each patient’s unique physiological responses to 
optimize therapeutic outcomes.22 With this adaptability, CAR-T 
cells may one day be capable of on-the-fly adjustments in dosage, 
timing, and even genetic modifications based on real-time feedback 
from the patient’s condition, ensuring precision on an unprecedented 
scale.23,24

In clinical practice, AI-enabled digital twins—virtual models that 
replicate the biological systems of CAR-T patients—are starting to 
simulate individual responses to CAR-T therapy, allowing clinicians 
to test and tweak treatment variables without risk to the patient. 
These digital twins are created by integrating a range of patient 
data, including genomic information, immune system biomarkers, 
and treatment response histories, into predictive AI models. By 
simulating how a specific CAR-T therapy might interact with a 
patient’s unique biology, digital twins empower clinicians to refine 
treatment protocols for better precision.25–27

Moreover, as CAR-T therapy continues to expand beyond 
hematologic malignancies to solid tumors, AI plays a pivotal role 
in overcoming the challenges specific to these cancers. Solid tumors 
present obstacles like physical barriers and immunosuppressive 
microenvironments, which can reduce CAR-T efficacy.28 AI is being 
harnessed to identify and engineer CAR-T cells with enhanced 
targeting capabilities and adaptability to the tumor environment, 
allowing these cells to penetrate and function effectively within solid 
tumors. This marks a significant shift in CAR-T therapy applications, 
broadening its scope to a wider array of cancer types.29,30

Conclusion
Ultimately, as AI-driven CAR-T therapy develops, there are 

implications for regulatory and ethical frameworks. AI introduces 
complex considerations around data security, patient consent, 
and algorithmic transparency.31 As treatment becomes more 
individualized, ensuring that AI models operate fairly and safely 
across diverse patient populations will be essential. Regulations are 
adapting to meet these challenges, with AI governance frameworks 
emerging to safeguard patient rights and ensure equitable access to 
advanced therapies.
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