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Cyclosporine (CsA) is a classical immunosuppressant that requires therapeutic drug monitoring to determine
efficacy and adverse effects due to the individualized nature of its drug metabolism. Emerging computer tech-
nology has helped to give birth to new approaches to drug therapy. Pharmacokinetic models are used to identify
covariates affecting efficacy, predict changes in cyclosporine metabolism and assist in the individualization of CsA
treatment. Machine learning algorithms can be used to predict CsA concentrations and adverse events, big data
mining can identify rare adverse reactions to CsA in the real world, and the application of internet-based home

pharmacy services will yield long-term patient follow-up data. In the future, we will use more computer tech-
nology in combination with drug therapy to provide patients with a full range of pharmacy services.

Cyclosporine (CsA) was the first selective immunosuppressant in the
history of drug discovery, a compound that specifically and reversibly
inhibits lymphocytes. It ushered in a new era of immunosuppressive
therapy and made organ transplantation possible.! Since its discovery
from a fungal metabolite in 1971, the development of CsA took several
twists and turns before it was finally approved for marketing by the FDA
for organ transplantation in 1983. After nearly 40 years, CsA has become
one of the most widely used immunosuppressants in clinical practice,
mainly for organ transplantation, renal diseases and autoimmune dis-
eases. As research on CsA progressed, other pharmacological activities,
such as protection of ischaemic tissues, anti-parasitic and anti-hepatitis B,
were also gradually discovered.

CsA is a fat-soluble drug with a large molecular weight and its ab-
sorption is mainly influenced by bile, food, and the fat content of food,
with irregular oral absorption. CsA is metabolized in the body by the
hepatic P450 enzyme and the pharmacokinetic process in vivo varies
significantly between individuals.> Therefore, factors such as dose,
gastrointestinal function, and defective or impaired P450 hepatic
microsomal enzymes may affect the blood concentration of CsA. Low
concentrations may lead to rejection reactions, resulting in serious con-
sequences of graft failure; high concentrations may cause adverse effects
such as hepatotoxicity, nephrotoxicity and neurotoxicity. Therapeutic
drug monitoring (TDM) is therefore essential to guide individualised
dosing of CsA.

Advances in computer technology collide with individualized regi-
mens for the classic immunosuppressant CsA. The development of tech-
nologies such as big data, cloud computing, and artificial intelligence has
opened up new possibilities for clinical pharmacy services for CsA of
classical drugs, making individualized medication administration for CsA
more scientific, faster, and easier. Many researchers are determining the
appropriate dose of drugs by building models, algorithms of machine
learning (ML) and deep learning (DL) algorithms to determine the
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appropriate dose of CsA. Or through big data mining, we can identify
irrationalities in medication use, provide timely warnings of adverse
reactions (ADRs) and adjust treatment protocols.

The development of population pharmacokinetic (PK) models allows
reasonable estimates of parameters in patients such as individual cyclo-
sporine clearance to achieve target blood concentrations of CsA rapidly
and adequately that inform individual dosing regimens.® A study from
Shanghai* developed a PK model using a non-linear mixed-effects
modeling approach to assess the potential covariate effects on CsA PK
disposition in pediatric patients with acquired aplastic anemia (AA). It
found that body weight and total bilirubin levels were significant cova-
riates for CsA PK disposition. This study allows for the estimation of in-
dividual PK parameters in children with acquired AA and assists in
individualized regimen of CsA. The PK characteristics of CsA in renal
transplant recipients are patient- and time-dependent. a study by Mao et
al® used long-term follow-up data to develop a population PK model and
analyzed it using a non-linear mixed-effects model. It was found that
apparent clearance of CsA could be predicted over time by monitoring
body size, hematocrit, prednisolone dose, et al. This study provides an
important reference for dose adjustment and protocol optimization of
CsA in the post-transplant period. Population PK model has shown
unique advantages in the development of individualized regimens. It can
predict cyclosporine whole blood concentrations in patients with
different dosing regimens, which is important to improve the safety and
efficacy of patient dosing.

There was a study compared physiologically based pharmacokinetic
(PBPK) model based predictions of trough levels for the oral application
of CsA with observed trough levels from TDM.® Most patients predicted
trough levels were in good accordance with observed drug levels, the
PBPK model shows a satisfying accuracy with a small systematic bias and
reasonable precision. But the PBPK model does not fully cover the high
intraindividual variability in CsA levels observed. In the long term, the
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PBPK model could provide a valuable contribution to pharmacokinetic
studies of clinical drug therapy, taking into account that clinical and
other patient-related factors may improve the performance of the model.

ML algorithms have also been applied to support clinical drug treat-
ment decisions. It has unique advantages in processing big data, high-
dimensional data, and conducting predictive studies, and its applica-
tion in pharmacy has been intensifying in recent years.” ML algorithms
can be used to predict concentrations, and adverse events.® As ML models
can capture complex relationships between variables and analyze
high-dimensional data from clinical practice, these models have a high
degree of accuracy when predicting clinical outcomes. ML algorithms
could learn hidden patterns from the data and are therefore suitable for
use with patients who are in an unstable state or during initial dose
optimization.” A study based on machine learning techniques to build
predictive models that can predict CsA levels 34 days in advance during
the early hospitalization phase after hematopoietic stem cell trans-
plantation (HSCT).!? HSCT patients may generate a large amount of
clinical data with complex underlying relationships, and machine
learning can capture non-linear variable relationships to build predictive
models which provides a new idea for the accurate management of CsA.
In the future, machine learning will be applied to more aspects of drug
therapy, such as drug efficacy monitoring, antimicrobial resistance pre-
diction, drug interaction prediction, drug adherence prediction and drug
cost-effectiveness prediction. And with the incorporation of more data
and the widespread use of machine learning techniques, the prediction
results of machine learning-based drug treatment models will become
more and more accurate.

Computer methods with data analysis and modeling as other impor-
tant alternatives greatly support the final decision-making in the transi-
tion from research to clinical applications, such as the diagnosis and
treatment of various types of adverse reactions.'! Specific databases such
as the FDA Adverse Event Reporting System (FAERS), the SIDER database
of drug side effect resources, and the Healthcare Cost and Utilization
Project (HCUP) provide public datasets that can be used to analyze ADRs
and support the control of adverse events. ADR signal mining based on
the FAERS database can identify rare adverse reactions such as pro-
gressive multifocal leukoencephalopathy,'? and drug-induced gingival
hyperplasia'® caused by CsA. When suspected adverse reactions are
identified in the clinic, evidence of such adverse reactions occurring
when the drug is used in the real world can be observed by means of data
mining. The number of articles on FAERS in PubMed has increased each
year since 2013, indicating that data mining is increasingly accepted and
mastered as a research method.

In China, patients only go to the hospital when they have a medical
condition, and there is often a lack of long-term follow-up data after
leaving the hospital to inform patients of their home medication use. As
an immunosuppressant that relies on drug concentration monitoring to
determine efficacy and adverse effects, cyclosporine is suitable for a new
model of home pharmacy services. The use of the Internet and mobile
phone applications to monitor patients' medication use and obtain
feedback on patients' actual dosage records and physical condition can
better help improve patient compliance, adjust the dosage, and reduce
the occurrence of adverse reactions. Smart disease management systems
are now being used in China to provide continuous pharmacological care
for rheumatic patients during the COVID-19 epidemic period.'* How-
ever, there is no application development on cyclosporine home phar-
macy service yet, and it is hoped that the home pharmacy service can be
improved in the future to provide a full range of pharmacy services for
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patients using cyclosporine. This will also become a major trend in the
application of intelligent pharmacy.

The current rapid development of artificial intelligence technology
has opened up new possibilities for intelligent pharmacy. In the future,
the intelligence of pharmacy services will also increase significantly, and
the people will enjoy a more refined, convenient and warm pharmacy
service. It is our goal to use computer technology for pharmacy treatment
services, and ultimately to achieve whole-life health management for
patients.
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