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In the field of individualized anesthesia, pharmacokinetic-pharmacodynamic
(PKPD) models are crucial as they assist in determining the appropriate
dosage for various patient groups. This research reviews the development of
primary PKPD anesthetic models proposed in the literature from 1987 to 2024.
The results from 33 studies are combined, offering a range of concepts from the
earliest contributions, such as the “pharmacokinetic mass” concept of Shibutani
et al. for fentanyl in obese patients, to the most recent developments in multi-
input control strategies for managing anesthesia depth with propofol and
remifentanil. Recent advancements are also discussed, including the propofol
model proposed by Braathen et al. for severe obesity, which employs innovative
scaling techniques to enhance dose accuracy. This study examines
physiologically based modeling approaches, reviews traditional compartmental
models, and highlights the use of nonlinear mixed-effects modeling. The review
concludes by outlining future research aimed at creating more individualized,
closed-loop anesthetic delivery systems, emphasizing significant developments
in PKPD modeling and identifying limitations in the existing techniques.

anesthesia control, dose optimization, nonlinear mixed-effects, patient-specific
covariates, pharmacodynamic prediction, pharmacokinetic modeling, population
variability

1 Introduction

General anesthesia is a medical procedure that results in loss of memory, loss of pain
perception, relaxation of the muscles, suppression of the autonomic nervous system, and
loss of consciousness (Dodds, 1999). Mechanical ventilation can assist with inadequate
breathing, but it may also compromise the airway, necessitating the use of a laryngeal mask
or an endotracheal tube. Prior to the implementation of enhanced practices and rigorous
monitoring, anesthetists faced the risk of overdosing patients. In 1937, Guedel developed a
four-stage classification system for anesthetics (Keys, 1975).

During the first stage, known as the induction stage, the patient is sedated but not yet
unconscious (Winterberg et al., 2018). The second stage, often referred to as the excited
stage or delirium stage and characterized by elevated airway sensitivity and delirium, can
pose challenges during airway manipulation (Douglas, 1958). The surgical anesthetic stage,
or stage 3, is further divided into four planes to demonstrate the extent of reflex inhibition
and muscle relaxation (Hedenstierna and Edmark, 2015). Stage 4, sometimes referred to as
the deep stage, represents an overdose that can lead to respiratory failure and circulatory
collapse if not treated promptly (Douglas, 1958; Mayer et al., 2018). Safety protocols and
ongoing technological advancements have significantly reduced mortality rates associated
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with anesthesia (Stiegler and Ruskin, 2012; Morriss et al., 2019;
Albin and Nikodemski, 2018). However, some argue that more
modern methods (Morgans and Graham, 2018) have rendered
Guedel’s classification obsolete (Shafiq et al., 2018). Nonetheless,
the term is still occasionally used to refer to inhalation induction
methods (Bhargava et al., 2004).

Anesthetic medications are administered intravenously (IV) or
intramuscularly (IM) to induce drowsiness, provide pain relief, or
induce unconsciousness for surgical procedures (Niazi and Matava,
2019). The rapid onset and control over anesthesia depth offered by
this analgesic technique are beneficial for stabilizing patients during
surgery (Butterworth IV et al., 2013).

Induction medications such as propofol or thiopental are used in
conjunction with sedatives or muscle relaxants to enhance patient
comfort (Butterworth IV et al,, 2013). Continuous monitoring using
devices such as blood pressure monitors, Electrocardiograms (ECGs),
and pulse oximeters ensure stable vital signs, allowing anesthetists to
adjust dosages as needed (City of Hope, 2022). Anesthesia is divided
into four stages: induction, maintenance, emergence, and recovery.
During induction, intravenous medications such as propofol or
etomidate are administered to rapidly induce unconsciousness
(Butterworth IV et al, 2013; City of Hope, 2022). Maintenance
involves adjusting dosages to maintain an appropriate anesthetic
depth under real-time monitoring (Niazi and Matava, 2019
Butterworth TV et al, 2013). Emergence entails progressively
lowering anesthetic levels to facilitate a smooth return to
consciousness (Butterworth IV et al, 2013; City of Hope, 2022).
Finally,
monitoring for any residual effects to ensure patient safety
(Mahoney et al., 2017).

Pharmacokinetics (PK) and pharmacodynamics (PD) are

recovery in the post-anesthesia care unit involves

fundamental concepts in many branches of pharmaceutical and
medical sciences. In biopharmaceuticals and biologicals for
diseases, PK
medications are metabolized in the body, while PD research
effects  of
Pharmacokinetic-pharmacodynamic (PK-PD) studies in healthy

inflammatory bowel studies focus on how

examines the treatments. Comparative
individuals are often employed to confirm clinical equivalence
with
treatment precision (Chaemsupaphan et al., 2024; Mascarenhas-
Melo et al, 2024). Similarly, PK-PD modeling is utilized in

toxicology to relate chemical concentrations to biological effects.

and safety, therapeutic drug monitoring enhancing

To improve toxicity predictions, researchers employ
pharmacokinetic-pharmacodynamic (PK-PD) and in vitro-in
vivo extrapolation models, and artificial intelligence (AI) is being
applied to advance research in this field (Kleinstruer and Hartung,
2024; Hoffmann et al., 2017).

For improving health and preventing disease, PK and PD are
essential for ensuring the safety and efficacy of macronutrients,
micronutrients, and phytochemicals, such as polyphenols and
carotenoids, in nutraceuticals (Puri et al., 2022; Faienza et al., 2024).
The application of PK-PD concepts

formulations and administration through the use of adjuvants and

optimizes vaccination
virus-like particles to induce effective immune responses (Le et al,
20205 Brisse et al., 2020). By employing PK to tailor treatments at the
molecular level, we can use radiopharmaceuticals to minimize adverse
effects and enhance efficacy (Dhoundiyal et al., 2024). In cell therapy,
gene therapy, and nanomedicine, PK-PD is crucial for maintaining
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safety and efficacy, particularly in optimizing delivery and therapeutic
outcomes (Ay and Reinisch, 2024; Soares et al., 2018).

PK and PD, which influence how medications move through the
body and their effects, are critical. The timing of combinations is
important because PK interactions affect drug concentrations and
can influence distribution, elimination, and absorption. Clinicians
utilize PK predictions, prioritize effects, and consider elimination
rates and recovery patterns to provide appropriate anesthetics (van
den Berg et al., 2017; Roberts and Freshwater-Turner, 2007). This
study provides a comprehensive examination of the advancements
in anesthetic modeling from 1987 to 2024, focusing on the transition
from basic PK models to intricate, patient-specific techniques. By
examining how models currently account for factors such as age,
weight, genetic variability, and control systems, the study illustrates
the trend toward precision dosing in anesthesia.

Readers can expect to discover how these evolving models
enhance efficacy, emphasizing the critical role that tailored
approaches play in modern anesthetic treatment. The studies
reviewed in this paper were selected for their contribution to
PK-PD with

structures and  nonlinear

mathematical modeling, emphasis  on

compartmental mixed-effects
(population) frameworks; accordingly, the scope is restricted to
33 clinically relevant PK-PD studies with clearly defined model
structure and interpretable parameterization. To reflect major
methodological transitions without expanding into parallel model
families, two to three representative models were highlighted per
decade, and quantitative comparisons are reported only where
studies used consistent assessment metrics, summarized explicitly
in a “consistent values” table. Methodologically, this review followed
a structured workflow of study identification and screening,
eligibility-based selection of clinically relevant compartmental/
PK-PD models,

extraction, and narrative synthesis supported by decade-wise

nonlinear mixed-effects standardized data
grouping and like-for-like comparison using only consistently
reported evaluation metrics. The papers are organized as follows:
Section 2 presents a timeline of key advances from 1987 to 2024;
Section 3 highlights the most influential models per decade; Section
4 summarizes common model approximations and study inputs/
outputs/data sources; Section 5 compares advantages and
limitations with respect to predictive performanc; Sections 6-8
provide discussion and conclusions; and Section 9 outlines

future work.

2 Timeline of aanesthesia modeling

This section provides a timeline of 33 most significant studies
from 1987 to 2024. The section describes how anesthesia PK-PD
modeling progressed from early two- and three-compartment
formulations toward more advanced approaches. While some
models explicitly build on prior frameworks (e.g., pediatric
extensions, obesity scaling, covariate refinement), others were
developed independently from general PK-PD principles rather
than derived from a single predecessor. This evolution toward
complex, closed-loop control systems employs techniques such
and physiologically based PK-PD
modeling, establishing the context for upcoming discussions on
popular model approximations.

nonlinear mixed-effects

frontiersin.org


https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2026.1741851

Tulbah and Aljamaan

2.1 Anesthesia modeling between
1987 and 1990

To forecast the distribution of propofol during infusion, Gepts
et al. (Gepts et al., 1987) created a three-compartment model open-
loop; validity via fitting measured arterial/whole-blood propofol
concentrations under constant-rate infusions in surgical patients;
Implementation: not described as a controller/device (modeling/
estimation), with central elimination in 1987 (Colburn, 1981;
Schwarz, 1978). As demonstrated in (Peck et al., 1984; Schwarz,
1978), they fitted blood
concentration data and refined the parameters for precise steady-

using triexponential equations,
state prediction. By recognizing three distinct distribution phases,
this single-input single-output (SISO) model modification of the
compartment model previously presented by Westmoreland et al.
(Colburn, 1981)-allows for the estimation of concentration at
different

management (Gepts et al., 1987). The prediction outcomes of the

dosing  rates, facilitating  effective  anesthesia

model are shown in Figure 1.

2.2 1991-1999

Between 1991 and 1999, the development of PKPD models for
anesthesia steadily progressed toward more accurate and
customized dosing approaches. In 1991, Marsh et al. opened-loop
(computer-controlled/model-driven infusion; no feedback stated);
Validation: pediatric blood-concentration data; Implementation:
computer-controlled  infusion model with microconstant
selection. Developed an innovative method for determining the
optimal response to the following problem (Marsh et al., 1991): The
modified SISO model improved prediction accuracy by reducing its
prediction bias to 0.9% and increasing the forecast accuracy to
20.1%. The central compartment volume and rate constants were
adjusted to better fit pediatric physiology, aiming to lower the risk of
dosage errors in children (Gepts et al., 1987; White and Kenny, 1990;
Browne et al., 1990; Kenny and White, 1990). The expected outcome
advancements of the model are shown in Figure 2.

Building on these early adaptations, researchers further refined
the model in the mid-1990s. In 1996, Egan et al. (1996) developed a
three-compartment PKPD model with Open-loop (no closed-loop
control stated); Validation: clinical controlled-anesthesia PK/PD
data  analyzed in NONMEM + simulation
Implementation: NONMEM mixed-effects PK-PD

software to compare remifentanil with alfentanil (Shafer and

checks;
analysis

Stanski, 1992). As remifentanil is characterized by a high
clearance and a short turnaround time (Glass et al, 1993;
Hughes et al., 1992), the model allows for accurate and effective
adjustments to anesthesia (Hull et al., 1978). Incorporating multiple
inputs (dosages, infusion rates) and outputs (effect-site, blood
concentrations) (Holford and Sheiner, 1981; Wagner, 1976;
Shafer and Varvel, 1991), the study also demonstrates the
possibility of safe, individualized dosing for controlling
anesthesia depth.

By 1997 Bailey and Shafer (1991), Minto et al. (1997a) Open-
loop; Validation: healthy-adult data with external validation against
additional participants; Implementation: GAM — NONMEM

covariate-modeling workflow. Had created a remifentanil PKPD
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model that incorporated age and lean body mass as parameters.
Using NONMEM models and EEG data (Bailey and Shafer, 1991;
Hughes et al., 1992), they reduced clearance variability (CV) (Shafer
and Varvel, 1991) and increased dose prediction accuracy. This SISO
framework, derived from previous models (Egan et al., 1996), was
designed to promote anesthetic specificity at the individual level and
maintain the proper degree of control by titrating bolus dosages and
infusion rates for elderly patients. Figure 2 displays the expected
outcomes of the model.

Later in 1997, Minto et al. (1997a), Minto et al. (1997b)
developed a PKPD model for remifentanil using a three-
compartment structure based on pre-existing PKPD models
(EEG/effect-site): Not stated as closed-loop (computer-controlled
infusion targeting EEG effect, but feedback control not explicitly
stated); Validation: EEG-based effect evaluation + simulations
across age/LBM; Implementation: computer-controlled infusion
algorithm (device not specified) (Kataria et al., 1994; Mandema
et al,, 1992a). Their use of age and lean body mass covariates to
estimate parameters, using the NONMEM and generalized additive
models (Sheiner and Beal, 1982; Hastie et al., 1993), produced a
better prediction model (Varvel et al., 1992). This SISO paradigm is
centered on the objective of PC-based personalized therapy for
effective anesthesia. Figure 2 displays the expected results of
the model.

In 1998, Egan et al. (1998) open-loop; Validation: obese vs. lean
clinical concentration-time data with NONMEM diagnostics;
Implementation: NONMEM population PK model to scale key
parameters to lean body mass (LBM) when creating a PK model
for remifentanil. Built on Egan et al. (1996; remifentanil vs.
alfentanil) (Egan et al, 1996) by extending remifentanil PK to
obese vs. lean populations and performing covariate testing; the
final NONMEM model scaled clearance and distribution volumes to
lean body mass (LBM), indicating TBW-based dosing can
overpredict concentrations in obesity. By improving dosage
prediction accuracy through LBM-based scaling (Egan et al,
1998), our SISO model, which is based on previous opioid
models (Egan et al., 1996; Minto et al., 1997b), promotes safe,
tailored anesthetic management by reducing the risk of overdose
in obese patients.

2.3 2000-2009

For more individualized anesthetic dosage, the field of PKPD
modeling emerged between 2000 and 2009. Schiittler and Thmsen
(2000) developed a three-compartment PK model for propofol in
2000 and the validation-internal split (development vs. test subsets),
based on a two-compartment model described in (Marsh et al.,
1991). They assessed the model parameters using a population
method in NONMEM. Therefore, by incorporating covariates
such as body weight and age, this multi-input, multi-output
(MIMO) model was able to predict the parameters accurately,
with the drug’s clearance declining with age (Schnider et al,
1998). Figure 3 displays the model’s results.

Using nonlinear mixed-effects modeling, Venn et al. (2002)
presented a two-compartment PK model for dexmedetomidine in
intensive care unit (ICU) patients in 2002 and the validation-clinical
ICU patient data (postoperative) (Venn et al., 1999). This MIMO
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FIGURE 1
Gepts et al. results (1987).

FIGURE 2
Key predicative studies results in PK/PD (1991-1999).

model, based on the models of Shafer and Varvel and Minto et al,,
considers patient variables (weight/age) and describes sedation with
high clearance, steady distribution, and quick recovery without
complications (Venn et al, 1999; Belleville et al., 1992). The
findings of the model are shown in Figure 3.

Mertens et al. (2003) introduced three-compartment closed-
loop-TCI feedback; validation-MDPE/MDAPE vs. measured
concentrations; implemented in a Target-Controlled Infusion
(TCI) device, paradigm for remifentanil in 2003. System
identification techniques were used to assess the model’s
prediction performance (Egan et al., 1996; Minto et al., 1997b).
Several parameter sets were evaluated, and the Egan set was shown
to be the most effective (Egan et al., 1996). This MIMO model can
maintain drug plasma concentrations during anesthesia (Egan et al.,
1996) and considers the patient’s characteristics. It is based on

Frontiers in Pharmacology

previous research by Minto et al. (1997b) and Egan et al. (1996).
Figure 3 displays the model’s results.

The developments continued in 2004 when Egan et al. (2004)
presented a two-compartment PKPD model for remifentanil,
predicted (with
simulations). NONMEM software was used for population

Validation-observed  vs. concentrations
analysis, and age was considered for tailored treatment (Schnider
et al,, 1998). By considering the patient’s age and weight (Schnider
etal,, 1998), this MIMO technique, based on the work of Minto et al.
(1997b), helps to ensure safe remifentanil dosing by simulating
sedation and respiratory depression (Egan, 1995).

In 2005, Shibutani et al. (2005) proposed fentanyl dose schedules
that incorporated “pharmacokinetic mass” (Shibutani et al., 2004) to
increase accuracy in obese individuals. Validation-reported fit
statistics. This nonlinear SISO model, with a total body weight
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(TBW) correction, may yield stable plasma concentrations with a
dose accuracy of £30% (Shibutani et al., 2004), according to Shafer’s
work (Shafer et al., 1990). The strategy ensures that patients receive
fentanyl at the appropriate dosages and timings for effective
analgesia by avoiding accidental overdosing (Shibutani et al., 2004).

Yassen et al. (2006) developed a three-compartment PKPD
model and validity is bootstrap model validation in 2006 to
explain the pharmacokinetics of buprenorphine and used the
NONMEM nonlinear mixed-effects modeling framework to
simulate analgesic effects (Mandema et al,, 1992a; Jonsson and
Karlsson, 1999). The terms keo, kon, and koff, which were
previously discussed, refer to the kinetics of opioid receptor
association and dissociation, as well as drug absorption and
elimination (Yassen et al., 2005; Boas and Villiger, 1985). This
MIMO model, which is based on the bio-phase and receptor
binding models in (Yassen et al., 2005; Boas and Villiger, 1985;
Beal and Sheiner, 1999), enhances personalized pain management
by providing accurate and ceiling-free impact predictions.

Peeters et al. (2006) developed a PKPD model for midazolam in
nonventilated neonates in 2006 using NONMEM. According to
Mulla and Rey’s research, this two-compartment model accounts for
factors such as age, weight, and enzyme activity. It effectively
simulates sedation through the use of COMFORT-B (Comfort
Behavior) ratings and Bi-spectral Index (BIS) monitoring. A
variety of inputs ensure that every patient receives a safe and
appropriate dosage (Beal and Sheiner, 1999; Blumer, 1998;
Stevens et al., 2003; Mandema et al., 1992b; Carnevale and
Razack, 2002; Ista et al., 2005; Davidson et al., 2001).

Finally, in 2009, Sam et al. (2009) presented a one-compartment
PK model for pediatric remifentanil dosing in cardiac surgery
patients using NONMEM and the validation-MDPE/MDAPE
reported. built on Minto et al. (1997b) by showing the adult
model over-predicted concentrations and then proposing a
pediatric model where volume of distribution increases during
and after cardiopulmonary bypass (CPB) while clearance remains
unchanged, improving fit for infants/children undergoing bypass.
The model was adjusted for cardiopulmonary bypass (Davis et al.,
1999; Michelsen et al., 2001) and used age and weight inputs to
determine plasma concentrations, achieving a median prediction
error of 2.44%.

2.4 2010-2019

Between 2010 and 2019, significant changes were made to the
PK and PKPD models to enhance tailored anesthetic dosing. In
2010, Cortinez et al. (2010) developed a three-compartment PK
model for propofol in obese individuals using NONMEM and
scaling based on TBW with validity PC/VPC
(predictive checks/visual predictive checks) reported. This MIMO
model extends Schnider and Marsh’s models (Schnider et al., 1998;
Marsh et al., 1991) by including age as a covariate. It provides precise

allometric

clearance and distribution estimates, especially for patients who are
obese, thereby improving dose precision. Figure 4 shows the
expected outcomes of the model.

Additional advancements toward pediatric and critically ill
patient models were made

in the ensuing years. Using

NONMEM with nonlinear mixed-effects modeling, Aarons et al.
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(2011) developed a two-compartment PK model for ropivacaine and
PPX in the pediatric population in 2011 with validation via VPC and
bootstrap analysis. Through solid pooled data, our MIMO model
improved dosage across age groups by using weight and post-
menstrual age as variables for predicting clarity and distribution
(Ekstrém and Gunnarsson, 1996). Figure 4 displays the expected
outcomes of the model.

In 2012, Tirola et al. (2012) developed a two-compartment PK
model for dexmedetomidine, using NONMEM with nonlinear
mixed-effects modeling and the validation via goodness-of-fit
diagnostics and prediction-corrected VPC (Venn et al, 2002;
Dyck et al.,, 1993). Using factors such as age, cardiac output, and
albumin (Dutta et al., 2000), this MIMO model based on Venn, Lin,
and Dyck’s models (Venn et al.,, 1999; Dyck et al., 1993; Lin et al,,
2011) optimized the prolonged ICU sedation dosing in critically ill
patients. Additionally, it improved forecast accuracy and decreased
error. Figure 4 displays the expected results of the model.

Continuing the trend toward customization, Vdatilo et al.
(2013) used NONMEM with the SAEM algorithm to construct a
population PK model for dexmedetomidine in patients in ICUs in
2013 and evaluation reported using MDPE/MDAPE (prediction-
error metrics) on ICU data. This MIMO model accurately predicts
clearance and distribution by incorporating factors such as age, body
weight, and liver function (Dyck et al, 1993). It improves PK
modeling for high-variability populations, but it is not based on
any previous model. illustrates the model’s
predicted results.

Simultaneously, Borrat et al. (2013) in 2013 devised a PKPD
model to investigate the pharmacogenetic influence of A118G

Figure 4

polymorphism and model evaluation reported using goodness-of-
fit criteria (—2LL/AIC) where LL = log likelihood and AIC = Akaike
Information Criterion (Lemmens and Stanski, 2012; Bond et al.,
1998; Chou et al, 2006) and noxious stimulation (Lotsch and
Geisslinger, 2005; Klepstad et al., 2005; Klepstad et al., 2004) on
propofol-remifentanil interactions using NONMEM and a sigmoid
Emax model. This MIMO model based on control system principles
includes genetic (Lemmens and Stanski, 2012; Bond et al., 1998) and
pain factors (Lotsch and Geisslinger, 2005; Klepstad et al., 2005),
thus accurately predicting BIS scores for appropriate anesthetic
management. Figure 4 presents the model’s predicted results.

In 2015, Rongen et al. (2015) developed a three-compartment
PK model for midazolam using NONMEM with nonlinear mixed-
effects modeling and the validation via bootstrap (250 replicates)
and (stratified) VPC (Baraldo, 2008). Incorporating circadian
rhythms in bioavailability and clearance with a cosine function
(Klotz and Ziegler, 1982), this MIMO model captures 24-hour
variations, thereby optimizing dosing accuracy (Klotz and
Ziegler, 1982). Built on standard PK principles, it uses time-of-
day as an essential input (Baraldo, 2008; Klotz and Ziegler, 1982).
Figure 5 shows the model’s outcomes.

Also in 2015, van Rongen et al. (2015) formulated a two-
compartment PK model for midazolam in adolescents using
NONMEM with nonlinear mixed-effects modeling and the
validity of bootstrap and prediction-corrected VPC (Beal et al,
2009). Incorporating body weight as a covariate (Peters et al,
2011; Foster et al, 2012), this MIMO model predicts increased
distribution volume with weight while maintaining stable clearance
(Brill et al., 2014; Greenblatt et al., 1984). Built on standard PK
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FIGURE 3
Key predicative studies results in PK/PD (2000-2009).

principles, it accurately predicts drug and metabolite concentrations
(Mandema et al., 1992b; Peters et al., 2011).

That same year-2015-Jagtap et al. (2015) developed a three-
compartment PK model closed-loop (Proportional-Integral-
Derivative (PID)-controlled infusion system); performance
reported as reaching 1 pug/mL within 100 s, for propofol using
a PID controller to achieve stable dosing. Using system
identification, this SISO model maintains target anesthetic
levels in blood, muscle, and fat compartments. Independently
developed, it rapidly achieves desired concentrations, thus
enhancing control over anesthetic depth with patient-specific
adjustments (Jagtap et al., 2015). Figure 5 presents the model’s
predicted results.

The following year, 2016, Van Driest et al. (2016) constructed a
two-compartment PK model for pediatric fentanyl dosing in cardiac
surgery using NONMEM and nonlinear mixed-effects modeling
with validation via bootstrap analysis (Singleton et al., 1987; Katz
and Kelly, 1993; Saarenmaa et al., 2000). Primarily based on body
weight, this SISO model accurately predicts plasma levels
(Saarenmaa et al, 2000; Foster et al., 2008), thus minimizing
(Eleveld et al, 2017).
Independently developed, it optimizes safe, personalized dosing

invasiveness with remnant samples

across pediatric patients (Singleton et al.,, 1987; Saarenmaa et al.,
2000; Foster et al, 2008). Figure 5 displays the model’s
predicted results.

In 2017, Eleveld et al. (2017) devised an allometric PKPD model
for remifentanil using NONMEM and system identification, scaling
parameters model development using covariates (FFM/weight/age/
sex); implementation: NONMEM allometric PK-PD model
parameterization like clearance and volume (e.g., V1/V2/V3/CL/

Frontiers in Pharmacology

Q2/Q3, ke0) by fat-free mass (FFM), weight, age, and sex. This
MIMO model, based on Minto et al. (1997b), Egan et al. (1998), and
La Colla’s models (La Colla et al, 2010), provides accurate
predictions across varied populations, thereby enhancing dosing
through personalized adjustments. Figure 5 demonstrates the
model’s predicted output.

Also in 2017, Sahinovic et al. (2017) developed a PKPD model
for propofol in patients with frontal brain tumors using NONMEM
and nonlinear mixed-effects modeling, and clinical context reported
as target-controlled infusion (TCI); evaluation reported using
MDPE/MDAPE (Petersen et al., 2003). Accounting for tumor
impact, this MIMO model showed 40% higher clearance in
tumor patients, thereby requiring higher infusion rates (Chan
et al., 1999). Built on the Schnider et al. (1998), Marsh et al.
(1991), and Eleveld et al. (2014) models, it improves dosing
precision. The PD component is a sigmoidal Emax model that
includes an effect compartment concentration and an explicit “delay
parameter” (Delay) to represent the time lag between plasma
concentration and BIS response. Figure 5 presents the model’s
predicted results.

Finally, van Heusden et al. (2018) in 2017 is closed loop;
validated on 80 clinical cases and engineered a MISO control
model for anesthesia depth using propofol (stabilizing) and
remifentanil  (fast-acting) with  NeuroSENSE  monitoring.
Employing system identification techniques and based on the
Minto et al. (1997b) and Schiittler and Thmsen (2000) models,
this model maintains the target Depth of Hypnosis (DOH),
thereby
achieving stable and precise control across clinical cases. Figure 5

adapting to patient variability and disturbances,

illustrates the predicted model’s results.
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FIGURE 4
Key predicative studies results in PK/PD (2010-2014).

2.5 2020-2024

To Improvements in PK-PD modeling and physiologically based
pharmacokinetic (PKPD) modeling between 2020 and 2024 allowed
for more individualized dosing plans for specific patient populations.
In 2020, Grimsrud et al. (2020) developed a two-compartment PK
model for fentanyl in burned children, using NONMEM software
and allometric scaling; assessed using AIC/BIC (BIC is Bayesian
information criterion) (Choi et al.,, 2016). Body weight and total body
surface area are considered for clearance and distribution to improve
the model that represents individual differences (Grimsrud et al.,
2018). This MIMO model was developed specifically for burn
patients and aids in dose calculation with numerous factors
(Reilly et al., 1985). Figure 6 shows the outcomes of the model.

Using NONMEM software, James et al. (2022) expanded on this
precise method in 202 by creating a pediatric dexmedetomidine
population PK model two-compartment PK model for pediatric
dexmedetomidine. To increase the accuracy of the modeling, the
model uses weight and post-menstrual age to predict the
distribution and clearance, respectively (Kohli et al., 2012). The
model can precisely estimate the individual dose requirements of
each patient in the ICU based on a wide range of input criteria. Its
foundation is an established PK framework. Figure 6 displays the
expected results of the model.

Tonescu et al. (2021) also presented a Model Predictive Control
(MPC)-based MIMO
hemodynamic control utilizing MATLAB/Simulink for multi-drug

simulation model for anesthesia and

Frontiers in Pharmacology

anesthesia modeling/control evaluation in 2021. The model employs
five pharmacological inputs and a number of physiological outputs,
such as arterial pressure, cardiac output, and degree of anesthesia
(Tonescu et al., 2008). It was created independently and addresses
patient differences and disruptions to enhance the multiple drug
therapeutic control system (Ionescu et al., 2008; Padula et al., 2016.
The model’s expected outcomes are shown in Figure 6.

Using NONMEM with allometric scaling and age-based
maturation, Li et al. (2022) developed a two-compartment PK
model for intranasal dexmedetomidine in the pediatric population
for the first time in 2022 and assessed using bootstrap resampling
(1,000 datasets) and prediction-corrected VPC. The model employs
post-menstrual age and body weight as covariates and is based on the
Potts et al. (2008) model. The Monte Carlo analysis validated the
precision of its dosage predictions and PK variability in children. The
model’s expected outcomes are shown in Figure 6.

A PKPD model was created in 2023 by Morse et al. (2023) to
optimize anesthetic dosage in pediatric obesity PK-PD dosing
framework providing dosing equations, while accounting for
body composition, age, and weight. Based on variables such as
fat-free mass, the model precisely forecasts the drug concentration in
the patient’s system during anesthesia, ensuring a safe and effective
procedure. This approach reduces the risk of pediatric dose errors by
addressing the pharmacokinetics linked to obesity. Figure 6 displays
the expected outcomes of the model.

To tailor propofol dosage for obese patients, Braathen et al.
(2024) proposed a three-compartment PK model using NONMEM
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FIGURE 5
Key predicative studies results in PK/PD (2015-2019).

software and assessed using prediction-error metrics and bootstrap
(allometric scaling exponent 0.75 reported). With a median absolute
error of 1.4% and a relatively low bias, the model was created using
TBW, LBW, Predicted Normal Weight (PNWT), and allometric
scaling with an exponent of 0.75. By incorporating factors related to
obesity and an extended sample, it enhances earlier models. The
model’s expected outcomes are shown in Figure 6.

To better comprehend drug release and distribution with drug
and tissue properties including solubility, viscosity, and
inflammation, Bettonte et al. (2024) built a PBPK model for
long-acting  antiretroviral ~ medications  administered  via
intramuscular injection in 2024. Effective dosage optimization for
prolonged therapy is supported by the fact that 83% of the
anticipated values were within 1.5 times the observed values
when compared to clinical data. The model’s expected outcomes

are shown in Figure 6.

3 Decadal highlights: key studies
transforming PKPD models

This section provides an overview of the development of
1987 to 2024,
foundational contributions. It traces the evolution from the initial

anesthetic modeling from summarizing

Frontiers in Pharmacology

three-compartment model by Gepts et al. to complex multi-input
control schemes for tailored dosing. It explains how significant
research has included pediatric modifications, covariate adjustments
(such as age and LBM), and new scaling approaches to increase
prediction accuracy. This overview, which selects two to three
pivotal studies from each decade, sets the stage for the detailed
subsections that follow.

3.1 1987: foundational PK model for
continuous infusion

3.1.1 Gepts et al. model
In Gepts et al. (1987), a three-compartment PKPD model

describes propofol concentrations, using the triexponential
Equation 1:
c(t) = Ae™* + Be™P* 4 e 1)
Where:

o C(t) is the propofol blood concentration at time t;

o A, B, and C are the coefficients of the three exponential terms;

o a, B, and y are the rate constants of the three exponential terms,
representing the distribution and elimination of the drug.
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FIGURE 6
Key predicative studies results in PK/PD (2020-2024).

For infusion Equation 2:
c(T+t)y=¢, 1-eT e Ty, 1-eP Py

(! ared 2)
Defined as:

o C(T + t) is the propofol blood concentration at time T + t;

o T is the duration of the infusion, and t is the post-
infusion time;

» C;, C,, and C; are the interceptors for each exponential phase;

e a P, and y are the slopes (rate constants) of each
exponential phase.

3.2 1990s: landmark developments
3.2.1 Marsh et al. model (1991-pediatric model)
The pediatric PK model developed by Marsh et al. (1991)

built on White and Kenny (1990) and PK constants from
Gepts et al. (1987) by retaining the model-driven infusion
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framework but re-estimating the propofol micro constants for
children and increasing the allowable target concentration
(15 — 20 pg/mL). Resulted in a major shift in enhancing
anesthesia by applying adult-based parameters to children.
The three-compartment model provided a better way of
describing the kinetics of propofol during an infusion,
thereby greatly enhancing predictability while reducing
errors (Marsh et al., 1991). Some important enhancements
included increasing Vc to mL/kg and modifying the rate
constants as in Equation 3:

kio = 0.1min"', k;, = 0.085min ', ky; = 0.021min ",
ki3 = 0.033min™", k3, = 0.0033min™". (3)

Where:

o kyo is the elimination rate constant;

o ki, is the rate constant for transfer to the peripheral
compartment;

o ky; is the rate constant for transfer from the peripheral
compartment;
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K3 is the rate constant for the slow peripheral compartment.

These changes, as provided in Equation 3, helped explain the
faster distribution and clearance in children and provided a safer
standard for pediatric anesthesia.

3.2.2 Minto et al. model (1997-age and lean
body mass)

In their study, Minto et al. (1997a) included age and LBM as
covariates in a PKPD model for remifentanil, thereby improving
dosing accuracy across various age groups. The model incorporated
a three-compartment PK structure and an effect-site PD model for
individualized anesthesia care. To calculate the volume of distribution
at the time of peak effect-site concentration, we use the Equation 4:

Vd,, = Bolusdose ( 4)

ationx (1 decrease)

Terms explained:

« Bolus dose: Plain intravenous bolus dose given to the patient;

« Initial blood concentration: Concentration in the blood at
time zero;

o Percent decrease: The reduction in blood concentration

zero to the time of peak effect-site

from time

concentration (t peaky).
Also, Equation 5 is given as follows:
Bolusdose = Vg pe - Egsy - 1 — etk (5)
Where:

o Vg, pe is the volume of distribution at the time of peak effect-
site concentration;
ECsy is the effect-site concentration that produce half of the

maximum EEG response;

o ko is the rate constant representing the turnover between
plasma and the effect site;

o theak is the time required to achieve peak effect-site
concentration.

3.2.3 Minto et al. model (1997-EEG and effect-
site model)

Minto et al. (1997b) developed a three-compartment PK
model and PD framework for remifentanil, integrating EEG
data and the Hill linked drug
concentrations to effects, incorporating age and LBM to

equation. The model

improve dosing precision.
The parameter values were remodeled as Equation 6:

Pi=0r -exp 1 (6)

Where:
o P; is the value of the parameter in the individual;
« 0™ is the typical value of the parameter in the population;

e 1 is a rando; m variable with mean zero and variance w2.

The PD model used the Hill Equation 7:
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c @)

E t = Ey + (Epax — Eo) - 55—~
ffeC 0 ( ax 0) CZ+EC§0

Explained as follows:

o Effect: The observed PD response;

o E: The baseline effect;

o E. . The maximum effect;

o C.: The effect-site concentration;

o EC5y: The effect-site concentration producing 50% of Emax;
o y: The hill coefficient.

3.3 2000-2009: advances in personalized
anesthesia models

3.3.1 Venn et al. model (2002-pharmacokinetic
modeling of dexmedetomidine in ICU patients)

A PK model for dexmedetomidine in ICU patients was
developed based on age, weight, and cardiac output. The model,
a two-compartment open model with clearance and volume
parameters, establishes optimal sedation in critical care (Venn
et al., 2002). The following Equation 8 is used:

AUMC AUMCR
MRT =22 T @®)
AUC ~ AUCR

Definitions:

o MRT is the mean residence time—the average time a drug
molecule remains in the body;

o AUMC is the area under the first moment curve;

o AUC is the area under the curve.

Also, for clearance, Equation 9 is given as follows:

Dose
AUC,,

©

Clearance =

Terms explained:

o Clearance is the elimination rate of the drug;
o Dose is the amount of drug administered;
o AUC,, is the area under the curve extrapolated to infinity.

And for the volume of distribution at steady state, Equation 10 is
as follows:

_ CLx MRT

= 10
1_R (10)

Explanation:
o V is the apparent volume of distribution at steady state;
o CL is the clearance;

o MRT is the mean residence time.

For individual parameter value, Equation 11 is as follows:

Pj:PTVXexp n (11)

Where:
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e Pjis the individual parameter value;

o Pry is the typical (or median) value of the parameter;

o Exp(n) represents the individual variability around the
typical value.

3.3.2 Shibutani et al. model (2005-

pharmacokinetic mass for fentanyl dosing)
Shibutani et al. (2005) introduced the

“pharmacokinetic mass” as a novel metric to refine fentanyl

concept of

dosing, thereby addressing overdose risks in obese patients. The
model equations describe dosing relationships Equations 12-14:

Dose ug h =—167 x e PTW 1 149 (12)

This Equation 12 describes the nonlinear relation between dose
and TBW; r2 = 0.551, P < 0.001).

And for the linear
pharmacokinetic mass: r = 0.741, P < 0.001,

relationship  Equation 13 with

Dose ug h =1.22 x pharmacokineticmass—7.5  (13)

For simplified linear relation Equation 14 with minimal
deviation (+0.7%) from previous,

Dose pg h =1.12 x pharmacokineticmass (14)

Key variables:

« Dose (g/h): Required fentanyl dose per hour, calculated using
body weight or pharmacokinetic mass;

« TBW: Total body weight (kg);

 Pharmacokinetic mass: A nonlinear TBW function reflecting
fentanyl clearance;

o B: Coefficient in the TBW-dose relation.

Pharmacokinetic mass effectively standardized dosing.

3.4 2010-2019: advancing tailored models
in anesthesia: pharmacokinetics, dynamics,
and control

3.4.1 Cortinez et al. model (2010-allometric scaling
for obesity in propofol PK)

Cortinez et al. (2010) built upon Schnider et al. (1998), Marsh
et al. (1991) by developing an obesity-capable propofol PK model,
introducing allometric scaling with total body weight for clearances/
volumes and retaining an age effect on inter-compartmental
distribution parameters (Q2, V2) to improve predictions in obese
subjects. Utilized the concept of “pharmacokinetic mass” to more
accurately determine fentanyl doses for obese patients. The dosing
Equation 15 of Cortinez et al. are as follows:

TBW °
P,‘ = PTV X T x el (15)

Parameters defined:
o P;: Parameter value (e.g., CL and V) for the individual;

o Pry: Typical parameter value for the population;
o TBW: Total body weight (kg);
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o On: Allometric exponent;
o e: Variability term (mean = 0, variance = w2).

And for scaled parameter value Equation 16:

PWR

Xi
Pi=Pggx —-1 16
td Xstd ( )

Where:

o P;: Scaled parameter value;

Pyq: Standard parameter value;
o X;: Individual measure of size;

Xqq: Standard measure of size;
o PWR: Scaling exponent. For central clearance Equation 17:
TBW 0.75

CL; =CL; g4 X T (17)

Represented as follows:

e CL;: Central clearance;

o CL;, 4q: Standard clearance value;

« 0.75: Allometric exponent for clearance. And finally, for
Peripheral volume Equation 18:

V= Vaq x €709 (18)

Where:

o V,: Peripheral volume;
o V, «a Standard peripheral volume;
o kqge: Rate constant for the age effect on V.

Key Parameters:

o V;: Central volume (4.47L/70 kg);

o V,: Peripheral volume (26.6L/70kg, decreases with age);

o V;: Peripheral volume (53.8L/70 kg);

o CL;: Central clearance (2.25L/min/70 kg);

o Qy: Inter-compartment clearance (3.20 L/min/70 kg, decreases
with age);

o Q3: Inter-compartment clearance (0.52 L/min/70 kg).

This model effectively standardized propofol dosing by
accounting for size and age variations.

3.4.2 Van Heusden et al. model (2017-MISO
control for Depth of Hypnosis)

This study (van Heusden et al., 2018) presented a novel MISO
system for anesthesia control using propofol and remifentanil with a
PID controller and Neuro SENSE monitoring. The design is
characterized by the following Equation 19:

The nominal PKPD model is defined as follows:

ar gmin max

Go,pkPD_R = GPKPD.R " ie[1,N] Mp; jo -GPKPD-R jw

(19)

The structure of the reduced controller is Equation 20:
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-2

Kre 71:Kix 71b+b 71+7
49 fie 4 Dot g l+aiq! +axq?

The design objective is Equation 21:

_ GO,PKPD_RKRGNS

M, =
4 1+ GNSPIDGO,P

= GO,PKPD_RKRSP (21)

The nonlinear stability constraint is expressed as Equation 22:

GnsGop jw PID jow wrp jw
+ GnsGor jow Kp jw wir jo <

1+GN§ jw Go,p j(() PID jw +GO,R j(() KR jw (22)

Explained as follows:

o Gy, pkpp_r: Baseline PKPD model parameter for remifentanil;

o Gpgpp_r: Subject-specific PKPD model for remifentanil;

e Mg;: A set of N PKPD models;

o Gop: Nominal model for the propofol effect;

o PID: The propofol controller;

o Gs: Monitor dynamics;

o Ggr: Baseline PKPD model for remifentanil;

o Ky: Remifentanil controller;

o wip and wir: Uncertainty bounds for propofol and
remifentanil, respectively;

o Sp: The sensitivity function for the propofol controller.

3.5 2020-2024: innovations in PKPD
modeling for personalized drug delivery and
anesthesia management

3.5.1 lonescu et al. model (2021-multi-Drug
simulation for anesthesia and hemodynamics)
This study (Ionescu et al, 2021) presented a MATLAB/
Simulink-based simulation model for optimizing anesthetic and
hemodynamic management using multiple drug dosage regimens.
Employing advanced MPC techniques (including EPSAC), the
model incorporates the three-compartment PK model Equation 23:

x1(t) = = (ki + kiz + ki3)x1 (t) + ka1, (£) + k313 (),
X2(t) = kipxy () + kar 2z (), X3 (8) = kysxy () + ks x3 (8). (23)

Specified as follows:

o x(t), x(t), x3(t): Drug concentrations in fast and slow
compartments (mg/mL);
« k;j: Transfer rates between compartments (1/min).

The dose-effect response: A nonlinear Hill Equation 24:

Y
Xe

E= EO _Emux : (24)

Cho +x!
Where:

o E(%): Predicted effect of the drug;
« x.: Effect site concentration;
o Cs0: Concentrationneededtoobtain50% of the maximum effect;
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o y: Shape parameter.

The Atracurium PK model Equation 25:

x1 = =Axy () + au(t),
X5 = =Ayx; (t) + ayu(t),
Cy = 1 (6) + % (1), (25)

Specified as:

o x;(t)(i = 1, 2): State variables;

o aj,a,: Parameters(kg/mL);

o ApAy: Elimination rates (kg/min);

o u(t): Drug infusion rate (ug/kg/min);
 Cp: Plasma concentration (pg/mL).

The Atracurium PD model Equation 26:
C=—AcC(t) + ¢, (1),
1 1
Xe = = ~Xe (t) + _C(t)>
T T

CV

NMB=100-——C
Cso + Xe (B)y

(26)

Defined as:

o C(t): Intermediate variable;

X.(t): Drug concentration in the effect compartment;
o NMB (%): Neuromuscular blockade level;
A 1(min), Cso(pg/mL), and y: Patient-independent parameters.

Effect site concentration Equation 27:

Xe (t) = _kere (t) + klexl (t) (27)

Where:
o keo: Metabolic rate of the drug;
o Ky Transfer rate from the central compartment (x;) to the

effect-site compartment (x.).

Drug infusion input Equation 28:

u(t)
28
V. (28)
Described as follows:
« u(t): Drug infusion rate (mg/ml/min);
o V;: Volume of the first (blood) compartment.
Matrix form of the model Equation 29:
x(t) —(kio +kip +ki3) ka ks 0 X1(1)
. ki ky 00 ;l %20 i
x;(t) ks 0 —ks; 0 X3(1)
Xe (t) kle 0 0 _ke() xe(t)
+l 9 iu(t) (29)
0
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This comprehensive model offers a robust foundation for
simulating drug behavior and optimizing multi-drug dosing
strategies.

3.5.2 Braathen et al. model (2024-tailored propofol
pharmacokinetics in obesity)

This study (Braathen et al, 2024) developed a three-
compartment propofol PK model for very obese patients using
allometric scaling and body composition variables (TBW, LBW,
and PNWT). For example, the model uses equations such as
Equations 30-33, 35:

Predicted Normal Weight (PNW) for males

=1.57-TBW -0.0183 - BMI - TBW —-10.5 (30)

LBW for females = Height (cm) —152.4 - 0.9055 +45.5  (31)
LBW for males = Height (cm) —152.4 - 0.9055 + 50 (32)
LBW (Lemmens) = 22 - Height (33)

LBW (Brocca) for males = Height — 100 (34)

LBW (Brocca) for females = Height — 105 (35)

These Equations 30-34, illustrate how patient-specific variables
are used to tailor propofol dosages for obese patients.

4 Common empirical
approximated models

The tables below are from the Decadal Highlights section. First,
Table 1 explains the prediction methods of these studies.

Second, Tables 2, 3 detail the models’ inputs, outputs, data sizes,
and sources, providing insights into the contributions of the models
to personalized anesthesia management.

5 Significant anesthesia prediction
model studies

This section compares and contrasts the major anesthesia
prediction models mentioned in the Decadal Highlights section.
The advantages and limitations of each model are examined, and
these comparisons are summarized in Tables 4, 5.

6 Consistent prediction-error
evaluation metrics reréorted across
studies (MDPE/MDAPE)

Table 6 summarizes the subset of included studies that report
prediction performance using the same, directly comparable
assessment-error metrics: median prediction error (MDPE) for
bias and median absolute prediction error (MDAPE) for
inaccuracy. The values are extracted as presented in the reviewed
studies to enable a consistent cross-study comparison of model
predictive performance.
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7 Discussion

Among the 33 included studies, delayed drug effect is addressed
using the conventional effect-site/link (biophase) formulation (and,
in Sahinovic et al. (2017) an explicit delay term), while no fractional-
order PK-PD models were identified, consistent with the review’s
focuses on clinically established compartmental and mixed-effects
frameworks. Clinically, the Marsh et al. (1991) propofol model has
been implemented in TCI devices for propofol dosing, and Mertens
et al. (2003) evaluated remifentanil delivery under target-controlled
infusion (TCI) during anesthesia. In the broader TCI context, this
emphasis on effect-site/link formulations is consistent with how TCI
systems operationalize “plasma mode” versus “effect-site mode,”
where an effect-site compartment is introduced specifically to
account for plasma-brain equilibration hysteresis and is
parameterized by the equilibration rate constant ke0; this linkage
underpins practical dose targeting when direct effect-site
concentrations are not measurable and must be inferred via
clinical effects (Bidkar et al., 2023).

From a model development and evaluation standpoint, the
reviewed body of work reflects the prevailing population PK/PD
workflow in which models are typically built for descriptive/
interpretive purposes using nonlinear mixed-effects methods
(commonly NONMEM), with covariate exploration dominated
and with
substantial variability in how model-building steps and validation

by demographic and organ-function predictors,

practices are reported (Dartois et al., 2007). This matters clinically
(including TCI
parameterization and “effect-site” targeting) depends not only on

because translation into decision-support
structural plausibility but also on transparent reporting of covariate
selection, goodness-of-fit/model diagnostics, and uncertainty
the has
historically shown reporting deficiencies and a need for clearer
guidance (Dartois et al., 2007).

Across the included studies, dosing accuracy is quantified using

characterization-areas  where broader literature

prediction-error metrics: Marsh et al. (1991) report propofol
delivery performance improving from bias -18.5%/precision
25.4% to bias 0.9%/precision 20.1% after deriving a pediatric
microconstant system. Accuracy is also reported via MDPE/
MDAPE, including Mertens et al. (MDPE -15% to 1%; MDAPE
19%-30%), Sam et al. (2009) (MDPE 2.44%; MDAPE 21.6%), and
Tirola et al. (2012), where covariates reduce MDPE from -5.9%
to —3.7% and MDAPE from 33.5% to 21.7%. For dosing in obesity,
the remifentanil paper (obese vs. lean) supports the conclusion that
dosing regimens should be based on lean body mass (LBM). Finally,
van Heusden et al. (2018) explicitly includes an optimization step to
minimize the two-norm of the worst-case error, reflecting
optimization in a control-theoretic sense.

Overall, these results indicate that the most practically useful
advances across the reviewed models arise from (i) reducing
systematic bias toward zero and (ii) tightening dispersion around
the target (improved precision/MDAPE), achieved through
population covariates and physiologically appropriate scaling
(e.g., LBM in obesity), and-in control oriented studies-through
explicit optimization of worst-case tracking error.
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TABLE 1 Model name and prediction method for common models.

Model name Prediction method

Gepts et al. (1987)

System identification, three-compartment model prediction

10.3389/fphar.2026.1741851

Marsh et al. (1991)

Minto et al. (1997a)

System identification, PK modeling prediction

NONMEM-based PKPD Modeling

Minto et al. (1997b)

Venn et al. (2002)

Two-compartment model & nonlinear mixed-effects modeling

PKPD modeling with NONMEM, machine learning, Generalized Additive Modeling (GAM)

Shibutani et al. (2005)

Model-based, non-linear adjustment, pharmacokinetic
Mass calculation

Cortinez et al. (2010)

van Heusden et al. (2018)

Allometric scaling, visual predictive checks, and bootstrapping

System Identification

Tonescu et al. (2021)

Braathen et al. (2024)

System identification via MPC, utilizing EPSAC and quasi-infinite horizon MPC.

System identification, nonlinear mixed effects modeling via NONMEM.

TABLE 2 Model name, inputs, outputs, data size, and source (Part 1).

Inputs Outputs Data size and source

Gepts et al. Infusion rate Css, V¢, Cl, Vd, Vss, compartmental 18 patients

(1987) Micro constants

Marsh et al. Patient weight, target plasma Predicted blood propofol concentration Data from 18pediatric patients

(1991) concentration, infusion rate

Minto et al. Age, lean body mass (LBM), remifentanil =~ Age and LBM affect remifentanil’s EEG Three simulated populations (n = 500 each), based on typical

(1997a) concentration impact. EEG correlates values forages 20, 50, and 80years, with 55 kg
with respiratory depression and pain relief. LBM.
EEG-based
dosing adjusts remifentanil by age

Minto et al. Age, gender, remifentanil concentration, = Drug effect (sedation levels, BIS), parameter | 65 healthy adults aged 20-85 years

(1997b) patient demographic data estimates, model predictions

TABLE 3 Model name, inputs, outputs, data size, and source (Part 2).

Outputs

Data size and source

Venn et al.
(2002)

(2005)

Cortinez et al.
(2010)

van Heusden
et al. (2018)

Shibutani et al.

Plasma concentrations, infusion rates, blood
samples, clinical observations

Total Body Weight (TBW)

Propofol dose, Total Body Weight (TBW), Age

Propofol and Remifentanil infusions

Pharmacokinetic parameters like half-life,
clearance, volume of distribution, Cmax, Tmax,
AUC, and MRT, which help describe drug
Absorption, distribution, and elimination

Fentanyl Dose
Propofol plasma concentration,
Clearance rates

Depth of Hypnosis (DOH), Remifentanil Effect
Site Concentration (Ce)

From post operative ICU patients, 10patients were
monitored for the first 6 h, and five patients were
monitored for the remaining 7-14 h

69patients with various body types and abdominal
surgery cases

51 patients. Open TCI
Database, HPLC samples from a clinical study

138 patients over two phases from clinical study
data

Tonescu et al.
(2021)

Dosing rates for five drugs (propofol, remifentanil,
rocuronium, dopamine/dobutamine, sodium
nitroprusside), along with patient-specific inputs
(age, height, weight, BIS) and pharmacokinetic
parameters (y, C50)

BIS (hypnosis), RASS (analgesia), NMB (neuro
muscular blockade), CO (cardiac output), and
MAP (mean arterial pressure)

24 representative patients, simulated data based
on patient characteristics

Braathen et al.
(2024)

Total body weight, lean body weight, predicted
normal weight, sex

Clearance and volume of distribution parameters
with a 1.4%median prediction error and a 21.7%
median absolute error, predicting propofol
concentrations overtime, compared against the
Marsh, Schnider, and Eleveld models

474 propofol serum measurements from
69 patients (ages 19-60,
BMI 21.6-67.3 kg/m?)
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TABLE 4 Advantages and limitations of significant anesthesia prediction models (Part 1).

Model hame Advantages Limitations

Gepts et al. (1987) « Estimates pharmacokinetic parameters such as Css, Vd, Vss, V¢, and Cl
Enables precise dosage predictions
Maintains a constant and safe drug dose in the body

« No incorporation of adaptive machine learning
Small sample size and limited demographic factors
Potential impact on external validity

Marsh et al. (1991)

Enhanced pediatric weight-based dosing
Reduced bias from —18.5% to 0.9%
Safe anesthetic administration

Small sample size (18pediatric patients)
No machine learning or advanced variability recognition
Limited external applicability

Glass et al. (1993) Incorporation of age and LBM for individualized dosing

Utilization of EEG data for opioid effect modeling

High computational demands
Limited generalize ability and rapid dosing instability

.
.

Minto et al. (1997b) Comprehensive covariate analysis performed using NONMEM.

Improved individualized dosing and prediction accuracy

Complex model increased bias
Small sample size and single-drug interaction focus

.
.

Venn et al. (2002)

Provision of stable sedation with rapid recovery
Predictable pharmacokinetics for effective critical care sedation

Advanced modeling requires expertise
Results are inconsistent across applications

Shibutani et al. (2005) « Weight-based dosing prevents overdose in obese patients

Based solely on total body weight (TBW)

Simple clinical application

Moderate sample size (69patients)

TABLE 5 Advantages and limitations of significant anesthesia prediction models (Part 2).

Model name Advantages

Cortinez et al. (2010)

Effective for obese patients using allometric scaling
Accurate predictions with small sample datasets

van Heusden et al. (2018) « Robust to patient variability and disturbances

Guarantee clinical flexibility for anesthesia depth control

Limitations

No incorporation of machine learning
Clinical complexity in application

Possible overshooting during induction or air way manipulation phases
Need for further development for reliability

Tonescu et al. (2021) .

Realistic simulations incorporating disturbances

Open-source model allowing flexibility for user modification | «

No direct assessment of pain delivery accuracy
Computational challenges in balancing hemodynamics

Braathen et al. (2024) « Suitable for severely obese patients

Safe and effective dosing with minimal errors

Small dataset with limited diversity
Lack of comprehensive sampling for pharmacodynamic modeling

TABLE 6 Consistent prediction-error evaluation metrics reported across studies (MDPE/MDAPE).

Year Study MDPE/MDAPE

2003 Mertens et al. (2003) MDPE = -15% to +1%; MDAPE ~19%-30% (reported across different target concentration ranges)
2009 Sam et al. (2009) MDPE = 2.44%; MDAPE = 21.6%

2012 Tirola et al. (2012) MDPE = -5.9 to —3.7; MDAPE = 33.5 to 21.7

2017 Sahinovic et al. (2017) MAPE = -20.0%; MdAPE = 23.4% (reported for the primary model in the brain-tumor group)

8 Conclusion

This review summarizes the development of anesthetic
pharmacokinetic—-pharmacodynamic (PK-PD) modeling from
1987 to 2024, with emphasis on compartmental PK structures,
effect-site/link (biophase) representations of delayed drug effect,
and population (nonlinear mixed-effects) modeling practices.
Across the included studies, recurring themes include the use of
covariates and scaling approaches to address inter-individual
variability and to support prediction in clinically relevant dosing
contexts. The reviewed models were compared with respect to
approaches, reported
evaluation metrics, and stated limitations. Overall, the literature

structural  assumptions,  estimation

indicates continued reliance on compartmental/effect-site

Frontiers in Pharmacology

frameworks  for while
highlighting the

reporting to improve cross-study comparability and to support

clinically interpretable prediction,

importance of consistent validation and

future model development and evaluation.

9 Possible research areas

Several obstacles exist within PK and PD modeling, including:
1) Personalization for Special Populations: Models for pediatric
and obese populations require further refinements to provide
accurate dosing; 2) Multi-Drug Interactions: More thorough
models are needed to predict interactions in multi-drug
regimens; 3) Real-Time Adaptation: Models must be capable of
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making real-time adaptations to reflect changing clinical
situations; 4) Genetic Variability: Future models should include
genetic components to enable personalized dosing; 5) Co-
morbidities: The effect of co-morbidities on pharmacokinetics
requires additional investigation; 6) Long-Term Predictions:
Improving long-term drug prediction for a variety of patients
is critical; and 7) Computational Efficiency: Models must be
simplified for clinical applications. This research reviewed the
development and evolution of PK-PD modeling for anesthetic
care from 1987 to 2024, focusing on more complex predictive
modeling methods, such as the transition from simple three-
compartment models to complex multi-drug control systems. The
ability of significant contributions, such as physiologically based
modeling, allometric scaling, and patient-specific variables, to
enhance patient safety, predictive validity, and dosage accuracy
was assessed. The study also analyzed several models, discussed
their advantages and disadvantages, and suggested possible
research directions for creating new models of customized,
closed-loop anesthetic delivery systems. Use of AI tools
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Author contributions

YT: Writing - review and editing. TA: Writing - review
and editing.

Funding

The author(s) declared that financial support was not received
for this work and/or its publication.

References

Aarons, L., Sadler, B., Pitsiu, M., Sjovall, J., Henriksson, J., and Molnar, V. (2011).
Population pharmacokinetic analysis of ropivacaine and its metabolite 2°,6™-
pipecoloxylidide from pooled data in neonates, infants, and children. Br. J. Anaesth.
107, 409-424. doi:10.1093/bja/aer154

Albin, M., and Nikodemski, T. (2018). Always check anaesthetic equipment.
Anaesthesiol. Intensive Ther. 50 (1), 85-86. doi:10.5603/AIT.2018.0007

Ay, C., and Reinisch, A. (2024). Gene therapy: principles, challenges and use in clinical
practice. Wien Klin. Wochenschr. doi:10.1007/s00508-024-02368-8

Bailey, J. M., and Shafer, S. L. (1991). A simple analytical solution to the three-
compartment pharmacokinetic model suitable for computer-controlled infusion
pumps. IEEE Trans. Biomed. Eng. 38, 522-525. d0i:10.1109/10.81576

Baraldo, M. (2008). The influence of circadian rhythms on the kinetics of drugs in
humans. Expert Opin. Drug Metab. Toxicol. 4, 175-192. doi:10.1517/17425255.4.
2.175

Beal, S. L., and Sheiner, L. B. (1999). NONMEM User’s Guide. San Francisco:
NONMEM Project Group, University of California.

Beal, S., Sheiner, L. B., Boeckmann, A., and Bauer, R. ]. (2009). NONMEM User’s
Guides (1989-2009). Ellicott City, MD, USA: Icon Development Solutions.

Belleville, J. P., Ward, D. S., Bloor, B. C., and Maze, M. (1992). Effects of intravenous
dexmedetomidine in humans. 1. Sedation, ventilation, and metabolic rate.
Anesthesiology 77, 1125-1133. doi:10.1097/00000542-199212000-00013

Bettonte, S., Berton, M., Battegay, M., Stader, F., and Marzolini, C. (2024).
Development of a physiologically-based pharmacokinetic model to simulate the
pharmacokinetics of intramuscular antiretroviral drugs. CPT Pharmacometrics Syst.
Pharmacol. 13, 781-794. doi:10.1002/psp4.13118

Bhargava, A. K,, Setlur, R,, and Sreevastava, D. (2004). Correlation of bispectral index
and Guedel’s stages of ether anesthesia. Anesth. Analg. 98 (1), 132-134. doi:10.1213/01.
ane.0000090740.32274.72

Frontiers in Pharmacology

10.3389/fphar.2026.1741851

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Correction note

A correction has been made to this article. Details can be found
at: 10.3389/fphar.2026.1804067.

Generative Al statement

The author(s) declared that generative Al was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure
accuracy, including review by the authors wherever possible. If
you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Bidkar, P. U, Dey, A., Chatterjee, P., Ramadurai, R., and Joy, J. J. (2023). Target-
controlled infusion - past, present, and future. J. Anaesthesiol. Clin. Pharmacol. 39.
doi:10.4103/joacp.joacp-64-23

Blumer, J. L. (1998). Clinical pharmacology of midazolam in infants and children.
Clin. Pharmacolkinet 35, 37-47. doi:10.2165/00003088-199835010-00003

Boas, R. A., and Villiger, J. W. (1985). Clinical actions of fentanyl and buprenorphine:
the significance of receptor binding. Br. J. Anaesth. 57, 192-196. doi:10.1093/bja/57.2.192

Bond, C.,, LaForge, K. S., Tian, M., Melia, D., Zhang, S., Borg, L., et al. (1998). Single-
nucleotide polymorphism in the human mu opioid receptor gene alters beta-endorphin
binding and activity: possible implications for opiate addiction. Proc. Natl. Acad. Sci. U.
S. A. 95, 9608-9613. doi:10.1073/pnas.95.16.9608

Borrat, X., Troconiz, 1. F., Valencia, J. F., Rivadulla, S., Sendino, O., Llach, J., et al.
(2013). Modeling the influence of the A118G polymorphism in the OPRM1 gene and of
noxious stimulation on the synergistic relation between propofol and remifentanil:
sedation and Analgesia in endoscopic procedures. Anesthesiology 118, 1395-1407.
doi:10.1097/ALN.0b013e31828e1544

Braathen, M. R., Rigby-Jones, A. E., Reder, J., Spigset, O., and Heier, T. (2024).

Pharmacokinetics of propofol in severely obese surgical patients. Acta Anaesthesiol.
Scand. 68 (6), 726-736. doi:10.1111/aas.14407

Brill, M. J., van Rongen, A., Houwink, A. P., Burggraaf, J., van Ramshorst, B., Wiezer,
R. ., et al. (2014). Midazolam pharmacokinetics in morbidly obese patients following
semi-simultaneous oral and intravenous administration: a comparison with healthy
volunteers. Clin. Pharmacokinet. 53, 931-941. doi:10.1007/s40262-014-0166-x

Brisse, M., Vrba, S. M., Kirk, N, Liang, Y., and Ly, H. (2020). Emerging concepts and
technologies in vaccine development. Front. Immunol. 11, 583077. doi:10.3389/fimmu.
2020.583077

Browne, B. L., Wolf, A. R., and Prys-Roberts, C. (1990). Dose requirements for
propofol in children during total i.v. anaesthesia. Br. J. Anaesth. 64, 396P.

frontiersin.org


https://doi.org/10.3389/fphar.2026.1804067
https://doi.org/10.1093/bja/aer154
https://doi.org/10.5603/AIT.2018.0007
https://doi.org/10.1007/s00508-024-02368-8
https://doi.org/10.1109/10.81576
https://doi.org/10.1517/17425255.4.2.175
https://doi.org/10.1517/17425255.4.2.175
https://doi.org/10.1097/00000542-199212000-00013
https://doi.org/10.1002/psp4.13118
https://doi.org/10.1213/01.ane.0000090740.32274.72
https://doi.org/10.1213/01.ane.0000090740.32274.72
https://doi.org/10.4103/joacp.joacp-64-23
https://doi.org/10.2165/00003088-199835010-00003
https://doi.org/10.1093/bja/57.2.192
https://doi.org/10.1073/pnas.95.16.9608
https://doi.org/10.1097/ALN.0b013e31828e1544
https://doi.org/10.1111/aas.14407
https://doi.org/10.1007/s40262-014-0166-x
https://doi.org/10.3389/fimmu.2020.583077
https://doi.org/10.3389/fimmu.2020.583077
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2026.1741851

Tulbah and Aljamaan

Butterworth IV, J. F., Mackey, D. C, and Wasnick, J. D. (2013). Clinical
Anesthesiology. 5th ed. New York, USA: McGraw-Hill, 175-181.

Carnevale, F. A., and Razack, S. (2002). An item analysis of the COMFORT scale in a
pediatric intensive care unit. Pediatr. Crit. Care Med. 3, 177-180. doi:10.1097/00130478-
200204000-00016

Chaemsupaphan, T., Leong, R. W., Vande Casteele, N., and Seow, C. H. (2024).
Review article: optimisation of biologic (monoclonal antibody) therapeutic response in
inflammatory bowel disease. Aliment. Pharmacol. Ther. 60, 1234-1243. doi:10.1111/apt.
18228

Chan, M. T., Gin, T., and Poon, W. S. (1999). Propofol requirement is decreased in
patients with large supratentorial brain tumor. Anesthesiology 90, 1571-1576. doi:10.
1097/00000542-199906000-00012

Choi, L., Ferrell, B. A., Vasilevski, E. E., Pandharipande, P. P, Heltsley, R., Ely, E. W.,
etal. (2016). Population pharmacokinetics of fentanyl in the critically ill. Crit. Care Med.
44, 64-72. doi:10.1097/CCM.0000000000001347

Chou, W. Y., Wang, C. H,, Liu, P. H,, Liu, C. C,, Tseng, C. C.,, and Jawan, B. (2006).
Human opioid receptor A118G polymorphism affects intravenous patient-controlled
analgesia morphine consumption after total abdominal hysterectomy. Anesthesiology
105, 334-337. doi:10.1097/00000542-200608000-00016

City of Hope (2022). Understanding Your Anesthesia Care at City of Hope. California,
USA: City of Hope, 1-8.

Colburn, W. A. (1981). Simultaneous pharmacokinetic and pharmacodynamic
modelling. J. Pharmacokinet. Biopharm. 9, 367-388. doi:10.1007/BF01059272

Cortinez, L. I, Anderson, B. J,, Penna, A., Holford, N. H. G., Struys, M. M. R. F,,
Sepulveda, P., et al. (2010). Influence of obesity on propofol pharmacokinetics:
derivation of a pharmacokinetic model. Br. J. Anaesth. 105, 448-456. doi:10.1093/
bja/aeq195

Dartois, C., Brendel, K., Comets, E., Laffont, C. M., Laveille, C., Tranchand, B., et al.
(2007). Overview of model-building strategies in population PK/PD analyses:
2002-2004 literature survey. Br. J. Clin. Pharmacol. 64, 603-612. doi:10.1111/j.1365-
2125.2007.02975.x

Davidson, A.J., McCann, M. E., Devavaram, P., Auble, S. A., Sullivan, L. ., Gillis, J. M.,
etal. (2001). The differences in the bispectral index between infants and children during
emergence from anesthesia after circumcision surgery. Anesth. Analg. 93, 326-330.
doi:10.1097/00000539-200108000-00017

Davis, P. J., Wilson, A. S., Siewers, R. D., Pigula, F. A,, and Landsman, I. S. (1999). The
effects of cardiopulmonary bypass on remifentanil kinetics in children undergoing atrial
septal defect repair. Anesth. Analg. 89, 904-908. doi:10.1097/00000539-199910000-
00016

Dhoundiyal, S., Srivastava, S., Kumar, S., Singh, G., Ashique, S., Pal, R,, et al. (2024).
Radiopharmaceuticals: navigating the frontier of precision medicine and therapeutic
innovation. Eur. J. Med. Res. 29, 26. doi:10.1186/s40001-023-01627-0

Dodds, C. (1999). General anaesthesia: practical recommendations and recent
advances. Drugs 58 (3), 453-467. doi:10.2165/00003495-199958030-00006

Douglas, B. L. (1958). A re-evaluation of Guedel’s stages of anesthesia: with particular
reference to the ambulatory dental general anesthetic patient. J. Am. Dent. Soc.
Anesthesiol. 5 (1), 11-14.

Dutta, S., Lal, R., Karol, M. D., Cohen, T., and Ebert, T. (2000). Influence of cardiac
output on 808 dexmedetomidine pharmacokinetics. J. Pharm. Sci. 89, 519-527. doi:10.
1002/(SICI)1520-6017(200004)89:4<519::AID-JP§9>3.0.CO;2-U

Dyck, J. B., Maze, M., Haack, C., Azarnoff, D. L., Vuorilehto, L., and Shafer, S. L.
(1993). Computer-controlled infusion of intravenous dexmedetomidine hydrochloride
in adult human volunteers. Anesthesiology 78, 821-828. doi:10.1097/00000542-
199305000-00003

Egan, T. D. (1995). Remifentanil pharmacokinetics and pharmacodynamics: a
preliminary appraisal. Clin. Pharmacokinet. 29, 80-94. do0i:10.2165/00003088-
199529020-00003

Egan, T. D., Minto, C. F.,, Hermann, D. J., Barr, J., Muir, K. T., and Shafer, S. L. (1996).
Remifentanil Versus alfentanil: comparative pharmacokinetics and pharmacodynamics
in healthy adult Male volunteers. Anesthesiology 84, 821-833. doi:10.1097/00000542-
199604000-00009

Egan, T. D., Huizinga, B., Gupta, S. K,, Jaarsma, R. L., Sperry, R. ], Yee, J. B, et al.

(1998). Remifentanil pharmacokinetics in Obese versus lean patients. Anesthesiology 89,
562-573. doi:10.1097/00000542-199809000-00004

Egan, T., Kern, S. E., Muir, K. T., and White, J. (2004). Remifentanil by bolus injection:
a safety, pharmacokinetic, pharmacodynamic, and age effect investigation in human
volunteers. Clin. Investig. 92, 335-343. doi:10.1093/bja/aeh075

Ekstrom, G., and Gunnarsson, U. B. (1996). Ropivacaine, a new amide-type local
anesthetic agent, is metabolized by cytochromes P450 1A and 3A in human liver
microsomes. Drug Metab. Dispos. 24, 955-961.

Eleveld, D. J., Proost, J. H., Cortinez, L. I, Absalom, A. R,, and Struys, M. M. R. F.
(2014). A general purpose pharmacokinetic model for propofol. Anesth. Analg. 118,
1221-1237. doi:10.1213/ANE.0000000000000165

Eleveld, D. ], Proost, J. H., Vereecke, H., Vuyk, J., Absalom, A. R., Struys, M. M. R. F,,

et al. (2017). An allometric model of remifentanil pharmacokinetics and

Frontiers in Pharmacology

17

10.3389/fphar.2026.1741851

pharmacodynamics. 126, 1005-1018. doi:10.1097/ALN.

0000000000001634

Faienza, M. F., Giardinelli, S., Annicchiarico, A., Chiarito, M., Barile, B., Corbo, F.,
etal. (2024). Nutraceuticals and functional foods: a comprehensive review of their role in
bone health. Int. J. Mol. Sci. 25, 5873. doi:10.3390/ijms25115873

Foster, D., Upton, R., Christrup, L., and Popper, L. (2008). Pharmacokinetics and
pharmacodynamics of intranasal versus intravenous fentanyl in patients with pain after
oral surgery. Ann. Pharmacother. 42, 1380-1387. doi:10.1345/aph.1L168

Anesthesiology

Foster, B. J., Platt, R. W., and Zemel, B. S. (2012). Development and validation of a
predictive equation for lean body mass in children and adolescents. Ann. Hum. Biol. 39,
171-182. doi:10.3109/03014460.2012.681800

Gepts, E., Camu, F., Cockshott, I. D., and Douglas, E. J. (1987). Disposition of propofol
administered as constant rate intravenous infusions in humans. Anesth. Analg. 66,
1256-1263. doi:10.1213/00000539-198712000-00010

Glass, P. S. A., Hardman, D., Kamiyama, Y., Quill, T. J., Marton, G., Donn, K. H., et al.
(1993). Preliminary pharmacokinetics and pharmacodynamics of an ultra-short acting
opioid: remifentanil (GI87084B). Anesth. Analg. 77, 1031-1040. doi:10.1213/00000539-
199311000-00028

Greenblatt, D. J., Abernethy, D. R,, Locniskar, A., Harmatz, J. S., Limjuco, R. A., and
Shader, R. I. (1984). Effect of age, gender, and obesity on midazolam Kkinetics.
Anesthesiology 61, 27-35. doi:10.1097/00000542-198407000-00006

Grimsrud, K. N., Ivanova, X., Sherwin, C. M., Palmieri, T. L., and Tran, N. K. (2018).
Identification of cytochrome P450 polymorphisms in burn patients and impact on
fentanyl pharmacokinetics: a pilot study. J. Burn Care Res. 40, 91-96. doi:10.1093/jbcr/
iry053

Grimsrud, K. N., Lima, K. M., Tran, N. K., and Palmieri, T. L. (2020). Characterizing
fentanyl variability using population pharmacokinetics in pediatric burn patients.
J. Burn Care Res. 41, 8-14. doi:10.1093/jbcr/irz144

Hastie, T. J. (1993). “Generalized additive models,” in Statistical Models. Editors
J. M. Chambers, and T. J. Hastie (London: Chapman Hall), 249-307.

Hedenstierna, G., and Edmark, L. (2015). Effects of anesthesia on the respiratory
system. Best Pract. & Res. Clin. Anaesthesiol. 29 (3), 273-284. doi:10.1016/j.bpa.2015.
08.008

Hoffmann, S., de Vries, R. B. M, Stephens, M. L., Beck, N. B, Dirven, H. A. A. M.,
Fowle IIL, J. R,, et al. (2017). A primer on systematic reviews in toxicology. Arch. Toxicol.
91, 2551-2575. doi:10.1007/500204-017-1980-3

Holford, N. H. G., and Sheiner, L. B. (1981). Understanding the dose-effect
relationship: clinical application of pharmacokinetic-pharmacodynamic models. Clin.
Pharmacokinet. 6, 429-453. doi:10.2165/00003088-198106060-00002

Hughes, M. A, Glass, P. S. A., and Jacobs, J. R. (1992). Context-sensitive half-time in
multicompartment pharmacokinetic models for intravenous anesthetic drugs.
Anesthesiology 76, 334-341. doi:10.1097/00000542-199203000-00003

Hull, C. J., van Beem, H. B. H., McLeod, K., Sibbald, A., and Watson, M. J. (1978). A
pharmacodynamic model for pancuronium. Br. J. Anaesth. 50, 1113-1123. doi:10.1093/
bja/50.11.1113

Tirola, T., Thmsen, H., Laitio, R., Kentala, E., Aantaa, R., Kurvinen, J.-P., et al. (2012).
Population pharmacokinetics of dexmedetomidine during long-term sedation in
intensive care patients. Br. J. Anaesth. 108, 460-468. doi:10.1093/bja/aer441

Ionescu, C., De Keyser, R, Torrico, B., De Smet, T, Struys, M. M. R. F., and Normey-
Rico, J. (2008). Robust predictive control strategy applied for propofol dosing using BIS
as a controlled variable during anesthesia. IEEE Trans. Biomed. Eng. 55 (9), 2161-2170.
doi:10.1109/TBME.2008.923142

Ionescu, C. M., Neckebroek, M., Ghita, M., and Copot, D. (2021). An open source
patient simulator for design and evaluation of computer-based multiple drug dosing
control for anesthetic and hemodynamic variables. IEEE Access 9, 142-149. doi:10.1109/
access.2021.3049880

Ista, E., van Dijk, M., Tibboel, D., and de Hoog, M. (2005). Assessment of sedation levels in
pediatric intensive care patients can be improved by using the COMFORT “behavior” scale.
Pediatr. Crit. Care Med. 6, 58-63. doi:10.1097/01.PCC.0000149318.40279.1A

Jagtap, N., Bhole, K., and Malge, S. (2015). Target controlled anesthetic drug infusion.
IEEE Conf. Proc., 1362-1366. doi:10.1109/ICIC.2015.7150960

James, N. T., Breyear, J. H., Caprioli, R., Edwards, T., Hachey, B., Kannankeril, P. J.,
et al. (2021). Population pharmacokinetic analysis of dexmedetomidine in children
using real-world data from electronic health records and remnant specimens. Br. J. Clin.
Pharmacol. 88, 2885-2898. doi:10.1111/bcp.15194

Jonsson, E. N., and Karlsson, M. O. (1999). Xpose: an S-PLUS based population
pharmacokinetic/pharmacodynamic model building aid for NONMEM. Comput.
Methods Programs Biomed. 58, 51-64. doi:10.1016/s0169-2607(98)00067-4

Kataria, B. K., Ved, S. A., Nicodemus, H. F.,, Hoy, G. R,, Lea, D., Dubois, M. Y.,
etal. (1994). The pharmacokinetics of propofol in children using three different data
analysis approaches. Anesthesiology 80, 104-122. doi:10.1097/00000542-199401000-
00018

Katz, R, and Kelly, H. W. (1993). Pharmacokinetics of continuous infusions of
fentanyl in critically ill children. Crit. Care Med. 21, 995-1000. doi:10.1097/00003246-
199307000-00012

frontiersin.org


https://doi.org/10.1097/00130478-200204000-00016
https://doi.org/10.1097/00130478-200204000-00016
https://doi.org/10.1111/apt.18228
https://doi.org/10.1111/apt.18228
https://doi.org/10.1097/00000542-199906000-00012
https://doi.org/10.1097/00000542-199906000-00012
https://doi.org/10.1097/CCM.0000000000001347
https://doi.org/10.1097/00000542-200608000-00016
https://doi.org/10.1007/BF01059272
https://doi.org/10.1093/bja/aeq195
https://doi.org/10.1093/bja/aeq195
https://doi.org/10.1111/j.1365-2125.2007.02975.x
https://doi.org/10.1111/j.1365-2125.2007.02975.x
https://doi.org/10.1097/00000539-200108000-00017
https://doi.org/10.1097/00000539-199910000-00016
https://doi.org/10.1097/00000539-199910000-00016
https://doi.org/10.1186/s40001-023-01627-0
https://doi.org/10.2165/00003495-199958030-00006
https://doi.org/10.1002/(SICI)1520-6017(200004)89:4%3c519::AID-JPS9%3e3.0.CO;2-U
https://doi.org/10.1002/(SICI)1520-6017(200004)89:4%3c519::AID-JPS9%3e3.0.CO;2-U
https://doi.org/10.1097/00000542-199305000-00003
https://doi.org/10.1097/00000542-199305000-00003
https://doi.org/10.2165/00003088-199529020-00003
https://doi.org/10.2165/00003088-199529020-00003
https://doi.org/10.1097/00000542-199604000-00009
https://doi.org/10.1097/00000542-199604000-00009
https://doi.org/10.1097/00000542-199809000-00004
https://doi.org/10.1093/bja/aeh075
https://doi.org/10.1213/ANE.0000000000000165
https://doi.org/10.1097/ALN.0000000000001634
https://doi.org/10.1097/ALN.0000000000001634
https://doi.org/10.3390/ijms25115873
https://doi.org/10.1345/aph.1L168
https://doi.org/10.3109/03014460.2012.681800
https://doi.org/10.1213/00000539-198712000-00010
https://doi.org/10.1213/00000539-199311000-00028
https://doi.org/10.1213/00000539-199311000-00028
https://doi.org/10.1097/00000542-198407000-00006
https://doi.org/10.1093/jbcr/iry053
https://doi.org/10.1093/jbcr/iry053
https://doi.org/10.1093/jbcr/irz144
https://doi.org/10.1016/j.bpa.2015.08.008
https://doi.org/10.1016/j.bpa.2015.08.008
https://doi.org/10.1007/s00204-017-1980-3
https://doi.org/10.2165/00003088-198106060-00002
https://doi.org/10.1097/00000542-199203000-00003
https://doi.org/10.1093/bja/50.11.1113
https://doi.org/10.1093/bja/50.11.1113
https://doi.org/10.1093/bja/aer441
https://doi.org/10.1109/TBME.2008.923142
https://doi.org/10.1109/access.2021.3049880
https://doi.org/10.1109/access.2021.3049880
https://doi.org/10.1097/01.PCC.0000149318.40279.1A
https://doi.org/10.1109/ICIC.2015.7150960
https://doi.org/10.1111/bcp.15194
https://doi.org/10.1016/s0169-2607(98)00067-4
https://doi.org/10.1097/00000542-199401000-00018
https://doi.org/10.1097/00000542-199401000-00018
https://doi.org/10.1097/00003246-199307000-00012
https://doi.org/10.1097/00003246-199307000-00012
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2026.1741851

Tulbah and Aljamaan

Kenny, G. N. C,, and White, M. (1990). A portable computerised control system for
propofol infusion. Anaesthesia 45, 692-693. doi:10.1111/j.1365-2044.1990.tb14416.x

Keys, T. E. (1975). Historical vignettes: Dr. Arthur Ernest Guedel 1883-1956. Anesth.
& Analgesia 54 (4), 442-443. doi:10.1213/00000539-197507000-00008

Kleinstruer, N., and Hartung, T. (2024). Artificial intelligence (AI)—it’s the end of the
tox as we know it (and I feel fine). Arch. Toxicol. 98, 735-754. doi:10.1007/s00204-023-
03666-2

Klepstad, P., Rakvég, T. T., Kaasa, S., Holthe, M., Dale, O., Borchgrevink, P. C,, et al.
(2004). The 118 A > G polymorphism in the human mu-opioid receptor gene may
increase morphine requirements in patients with pain caused by malignant disease. Acta
Anaesthesiol. Scand. 48, 1232-1239. doi:10.1111/j.1399-6576.2004.00517.x

Klepstad, P., Dale, O., Skorpen, F., Borchgrevink, P. C., and Kaasa, S. (2005). Genetic
variability and clinical efficacy of morphine. Acta Anaesthesiol. Scand. 49, 902-908.
doi:10.1111/§.1399-6576.2005.00772.x

Klotz, U., and Ziegler, G. (1982). Physiologic and temporal variation in hepatic
elimination of midazolam. Clin. Pharmacol. Ther. 32, 107-112. doi:10.1038/clpt.1982.133

Kohli, U., Pandharipande, P., Muszkat, M., Sofowora, G. G., Friedman, E. A,
Scheinin, M., et al. (2012). CYP2A6 genetic variation and dexmedetomidine
disposition. Eur. J. Clin. Pharmacol. 68 (6), 937-942. doi:10.1007/s00228-011-1208-z

La Colla, L., Albertin, A., La Colla, G., Porta, A., Aldegheri, G., Di Candia, D.,
et al. (2010). Predictive performance of the ‘Minto’ remifentanil pharmacokinetic
parameter set in morbidly obese patients ensuing from a new method for
calculating lean body mass. Clin. Pharmacokinet. 49, 131-139. doi:10.2165/
11317690-000000000-00000

Le, T. T., Andreadakis, Z., Kumar, A., Gémez Roman, R., Tollefsen, S., Saville, M.,
et al. (2020). The COVID-19 vaccine development landscape. Nat. Rev. Drug Discov. 19,
305-306. doi:10.1038/d41573-020-00073-5

Lemmens, H. J., and Stanski, D. R. (2012). Individualized dosing with anesthetic
agents. Clin. Pharmacol. Ther. 92, 417-419. doi:10.1038/clpt.2012.131

Li, B. L., Guan, Y. P, Yuen, V. M., Wei, W., Huang, M., Zhang, M. Z., et al. (2022).
Population pharmacokinetics of intranasal dexmedetomidine in infants and young
children. Anesthesiology 137, 163-175. doi:10.1097/ALN.0000000000004258

Lin, L., Guo, X,, Zhang, M. Z., Qu, C.],, Sun, Y., and Bai, J. (2011). Pharmacokinetics
of dexmedetomidine in Chinese post-surgical intensive care unit patients. Acta
Anaesthesiol. Scand. 55, 359-367. d0i:10.1111/j.1399-6576.2010.02392.x

Lotsch, J., and Geisslinger, G. (2005). Are mu-opioid receptor polymorphisms
important for clinical opioid therapy? Trends Mol. Med. 11, 82-89. doi:10.1016/j.
molmed.2004.12.006

Mahoney, P. F., Jeyanathan, J., Wood, P., Craven, R., and Mercer, S. (2017). Anesthesia
Handbook. Geneva, Switzerland: International Committee of the Red Cross, 77-78.

Mandema, J. W., Verotta, D., and Sheiner, L. B. (1992a). Building population
pharmacokinetic-pharmacodynamic models. 1. Models for covariate effects.
J. Pharmacokinet. Biopharm. 20, 511-528. doi:10.1007/BF01061469

Mandema, ]. W., Tuk, B., van Steveninck, A. L., Breimer, D. D., Cohen, A. F., and Danhof,
M. (1992b). Pharmacokinetic-pharmacodynamic modeling of the central nervous system
effects of midazolam and its main metabolite alpha-hydroxymidazolam in healthy
volunteers. Clin. Pharmacol. Ther. 51, 715-728. doi:10.1038/clpt.1992.84

Marsh, B., White, M., Morton, N., and Kenny, G. N. C. (1991). Pharmacokinetic
model driven infusion of propofol in children. Br. J. Anaesth. 67, 41-48. doi:10.1093/bja/
67.1.41

Mascarenhas-Melo, F., Diaz, M., Gongalves, M. B. S., Vieira, P., Bell, V., Viana,
S., et al. (2024). An overview of biosimilars—development, quality, regulatory
issues, and management in healthcare. Pharmaceut 17, 235-253. d0i:10.3390/
ph17020235

Mayer, S., Boyd, J., Collins, A., Kennedy, M. C., Fairbairn, N., and McNeil, R. (2018).
Characterizing fentanyl-related overdoses and implications for overdose response:
findings from a rapid ethnographic study in Vancouver. Drug Alcohol Dependence
193, 69-74. doi:10.1016/j.drugalcdep.2018.09.006

Mertens, M. J., Engbers, F. H. M., Burm, A. G. L., and Vuyk, J. (2003). Predictive
performance of computer-controlled infusion of remifentanil during propofol/
remifentanil anaesthesia. Br. J. Anaesth. 90, 132-141. doi:10.1093/bja/aeg046

Michelsen, L. G., Holford, N. H. G., Lu, W., Hoke, J. F., Hug, C. C., and Bailey, J. M.
(2001). The pharmacokinetics of remifentanil in patients undergoing coronary artery
bypass grafting with cardiopulmonary bypass. Anesth. Analg. 93, 1100-1105. doi:10.
1097/00000539-200111000-00006

Minto, C. F., Schnider, T. W., and Shafer, S. L. (1997a). Pharmacokinetics and
pharmacodynamics of remifentanil: II. Model application. Anesthesiology 86, 24-33.
doi:10.1097/00000542-199701000-00005

Minto, C. F., Schnider, T. W., Egan, T. D., Youngs, E. J., Lemmens, H. J. M., Gambus,
P. L., et al. (1997b). Influence of age and gender on the pharmacokinetics and
pharmacodynamics of remifentanil. Anesthesiology 86, 10-23. doi:10.1097/00000542-
199701000-00004

Morgans, L. B., and Graham, N. (2018). Ether anesthesia in the austere environment:
an exposure and education. J. Special Operations Med. 18 (2), 142-146. doi:10.55460/
3U1IM-40IB

Frontiers in Pharmacology

18

10.3389/fphar.2026.1741851

Morriss, W., Ottaway, A., Milenovic, M., Gore-Booth, J., Haylock-Loor, C., Onajin-
Obembe, B., et al. (2019). A global anesthesia training framework. Anesth. & Analgesia
128 (2), 383-387. doi:10.1213/ANE.0000000000003928

Morse, J. D., Cortinez, L. I, and Anderson, B. J. (2023). Considerations for
intravenous anesthesia dose in obese children: understanding PKPD. J. Clin. Med.
12, 1642. doi:10.3390/jcm 12041642

Niazi, A., and Matava, C. (2019-2020). Anesthesia for Medical Students. A Concise
Clerkship Manual for Medical Students. 3rd ed. Toronto, Canada: University of Toronto,
75-77.

Padula, F., Tonescu, C., Latronico, N., Paltenghi, M., Visioli, A., and Vivacqua, G.
(2016). Inversion-based propofol dosing for intravenous induction of hypnosis.
Commun. Nonlinear Sci. Numer. Simul. 39, 481-494. doi:10.1016/j.cnsns.2016.04.003

Peck, C. C,, Beal, S. L., Sheiner, L. B., and Nichols, A. I. (1984). Extended least squares
nonlinear regression: a possible solution to the “choice of weights” problem in analysis of
individual pharmacokinetic data. J. Pharmacokinet. Biopharm. 12, 545-558. doi:10.
1007/BF01060132

Peeters, M. Y. M., DeJongh, J., Prins, S. A., Knibbe, C. A. J., Matét, R. A., Warris, C.,
et al. (2006). Pharmacokinetics and pharmacodynamics of midazolam and metabolites
in nonventilated infants after craniofacial surgery. Anesthesiology 105, 1135-1146.
doi:10.1097/00000542-200612000-00013

Peters, A. M., Snelling, H. L., Glass, D. M., and Bird, N. J. (2011). Estimation of lean
body mass in children. Br. J. Anaesth. 106, 719-723. doi:10.1093/bja/aer057

Petersen, K. D., Landsfeldt, U., Cold, G. E., Petersen, C. B., Mau, S., Hauerberg, J., et al.
(2003). Intracranial pressure and cerebral hemodynamic in patients with cerebral
tumors: a randomized prospective study of patients subjected to craniotomy in
propofol-fentanyl,  isoflurane-fentanyl, —or  sevoflurane-fentanyl  anesthesia.
Anesthesiology 98, 329-336. doi:10.1097/00000542-200302000-00010

Potts, A. L., Warman, G. R., and Anderson, B.J. (2008). Dexmedetomidine disposition
in children: a population analysis. Paediatr. Anaesth. 18, 722-730. doi:10.1111/j.1460-
9592.2008.02653.x

Puri, V., Nagpal, M., Singh, I, Dhingra, G. A., Huanbutta, K., Dheer, D., et al. (2022).
A comprehensive review on nutraceuticals: therapy support and formulation challenges.
Nutrients 14, 4637. doi:10.3390/nu14214637

Reilly, C. S, Wood, A. J., and Wood, M. (1985). Variability of fentanyl pharmacokinetics
in man. Computer predicted plasma concentrations for three intravenous dosage regimens.
Anaesthesia 40, 837-843. doi:10.1111/j.1365-2044.1985.tb11043.x

Roberts, F., and Freshwater-Turner, D. (2007). Pharmacokinetics and anaesthesia.
Cont. Educ. Anaesth. Crit. Care Pain 7, 25-29. doi:10.1093/bjaceaccp/mkl058

Rongen, A. V., Kervezee, L., Brill, M. J. E., Meir, H. V., Hartigh, J. D., Guchelaar, H.-J.,
etal. (2015). Population pharmacokinetic model characterizing 24-hour variation in the
pharmacokinetics of oral and intravenous midazolam in healthy volunteers. CPT
Pharmacometrics Syst. Pharmacol. 4 (8), 454-464. doi:10.1002/psp4.12007

Saarenmaa, E., Neuvonen, P. J., and Fellman, V. (2000). Gestational age and birth
weight effects on plasma clearance of fentanyl in newborn infants. J. Pediatr. 136,
767-770. doi:10.1016/50022-3476(00)98837-1

Sahinovic, M. M., Eleveld, D. J., Miyabe-Nishiwaki, T., Struys, M. M. R. F., and
Absalom, A. R. (2017). Pharmacokinetics and pharmacodynamics of propofol: changes
in patients with frontal brain tumours. Br. J. Anaesth. 118, 901-909. doi:10.1093/bja/
aex134

Sam, W. J., Hammer, G. B., and Drover, D. R. (2009). Population pharmacokinetics of
remifentanil in infants and children undergoing cardiac surgery. BMC Anesthesiol. 9, 5.
doi:10.1186/1471-2253-9-5

Schnider, T. W., Minto, C. F., Gambus, P. L., Andresen, C., Goodale, D. B., Shafer, S.
L., et al. (1998). The influence of method of administration and covariates on the
pharmacokinetics of propofol in adult volunteers. Anesthesiology 88, 1170-1182. doi:10.
1097/00000542-199805000-00006

Schiittler, J., and Thmsen, H. (2000). Population pharmacokinetics of propofol: a
multicenter study. Anesthesiology 92, 727-738. doi:10.1097/00000542-200003000-00017

Schwarz, G. (1978). Estimating the dimension of a model. Ann. Stat. 6, 461-464.
doi:10.1214/a0s/1176344136

Shafer, S. L., and Stanski, D. R. (1992). Improving the clinical utility of
anesthetic drug pharmacokinetics. Anesthesiology 76, 327-330. doi:10.1097/
00000542-199203000-00001

Shafer, S. L., and Varvel, J. R. (1991). Pharmacokinetics, pharmacodynamics and
rational opioid selection. Anesthesiology 74, 53-63. doi:10.1097/00000542-199101000-
00010

Shafer, S. L., Varvel, J. R., Aziz, N., and Scott, J. C. (1990). Pharmacokinetics of
fentanyl administered by computer-controlled infusion pump. Anesthesiology 73,
1091-1102. doi:10.1097/00000542-199012000-00005

Shafig, F., Hameed, F., and Siddiqui, K. (2018). Use of Guedel Airway as a guide to
insert nasogastric tube under general anaesthesia: a simple and logical way. Pak J. Med.
Sci. 34 (5), 1305-1306. doi:10.12669/pjms.345.16572

Sheiner, L. B., and Beal, S. L. (1982). Bayesian individualization of pharmacokinetics:
simple implementation and comparison with non-Bayesian methods. J. Pharm. Sci. 71,
1344-1348. doi:10.1002/jps.2600711209

frontiersin.org


https://doi.org/10.1111/j.1365-2044.1990.tb14416.x
https://doi.org/10.1213/00000539-197507000-00008
https://doi.org/10.1007/s00204-023-03666-2
https://doi.org/10.1007/s00204-023-03666-2
https://doi.org/10.1111/j.1399-6576.2004.00517.x
https://doi.org/10.1111/j.1399-6576.2005.00772.x
https://doi.org/10.1038/clpt.1982.133
https://doi.org/10.1007/s00228-011-1208-z
https://doi.org/10.2165/11317690-000000000-00000
https://doi.org/10.2165/11317690-000000000-00000
https://doi.org/10.1038/d41573-020-00073-5
https://doi.org/10.1038/clpt.2012.131
https://doi.org/10.1097/ALN.0000000000004258
https://doi.org/10.1111/j.1399-6576.2010.02392.x
https://doi.org/10.1016/j.molmed.2004.12.006
https://doi.org/10.1016/j.molmed.2004.12.006
https://doi.org/10.1007/BF01061469
https://doi.org/10.1038/clpt.1992.84
https://doi.org/10.1093/bja/67.1.41
https://doi.org/10.1093/bja/67.1.41
https://doi.org/10.3390/ph17020235
https://doi.org/10.3390/ph17020235
https://doi.org/10.1016/j.drugalcdep.2018.09.006
https://doi.org/10.1093/bja/aeg046
https://doi.org/10.1097/00000539-200111000-00006
https://doi.org/10.1097/00000539-200111000-00006
https://doi.org/10.1097/00000542-199701000-00005
https://doi.org/10.1097/00000542-199701000-00004
https://doi.org/10.1097/00000542-199701000-00004
https://doi.org/10.55460/3U1M-4OIB
https://doi.org/10.55460/3U1M-4OIB
https://doi.org/10.1213/ANE.0000000000003928
https://doi.org/10.3390/jcm12041642
https://doi.org/10.1016/j.cnsns.2016.04.003
https://doi.org/10.1007/BF01060132
https://doi.org/10.1007/BF01060132
https://doi.org/10.1097/00000542-200612000-00013
https://doi.org/10.1093/bja/aer057
https://doi.org/10.1097/00000542-200302000-00010
https://doi.org/10.1111/j.1460-9592.2008.02653.x
https://doi.org/10.1111/j.1460-9592.2008.02653.x
https://doi.org/10.3390/nu14214637
https://doi.org/10.1111/j.1365-2044.1985.tb11043.x
https://doi.org/10.1093/bjaceaccp/mkl058
https://doi.org/10.1002/psp4.12007
https://doi.org/10.1016/S0022-3476(00)98837-1
https://doi.org/10.1093/bja/aex134
https://doi.org/10.1093/bja/aex134
https://doi.org/10.1186/1471-2253-9-5
https://doi.org/10.1097/00000542-199805000-00006
https://doi.org/10.1097/00000542-199805000-00006
https://doi.org/10.1097/00000542-200003000-00017
https://doi.org/10.1214/aos/1176344136
https://doi.org/10.1097/00000542-199203000-00001
https://doi.org/10.1097/00000542-199203000-00001
https://doi.org/10.1097/00000542-199101000-00010
https://doi.org/10.1097/00000542-199101000-00010
https://doi.org/10.1097/00000542-199012000-00005
https://doi.org/10.12669/pjms.345.16572
https://doi.org/10.1002/jps.2600711209
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2026.1741851

Tulbah and Aljamaan

Shibutani, K., Inchiosa, M. A, Jr., Sawada, K., and Bairamian, M. (2004). Accuracy of
pharmacokinetic models for predicting plasma fentanyl concentrations in lean and
obese surgical patients: derivation of dosing weight (“pharmacokinetic mass”).
Anesthesiology 101, 603-613. doi:10.1097/00000542-200409000-00008

Shibutani, K., Inchiosa, M. A., Jr., Sawada, K., and Bairamian, M. (2005).
Pharmacokinetic mass of fentanyl for postoperative analgesia in lean and obese
patients. BJA Br. J. Anaesth. 95, 377-383. doi:10.1093/bja/aeil95

Singleton, M. A., Rosen, J. I, and Fisher, D. M. (1987). Plasma concentrations of
fentanyl in infants, children and adults. Can. J. Anaesth. 34, 152-155. doi:10.1007/
BF03015333

Soares, S., Sousa, J., Pais, A., and Vitorino, C. (2018). Nanomedicine: principles,
properties, and regulatory issues. Front. Chem. 6, 360. doi:10.3389/fchem.2018.00360

Stevens, J. C., Hines, R. N, Gu, C., Koukouritaki, S. B., Manro, J. R., Tandler, P. J., et al.
(2003). Developmental expression of the major human hepatic CYP3A enzymes.
J. Pharmacol. Exp. Ther. 307, 573-582. doi:10.1124/jpet.103.054841

Stiegler, M. P., and Ruskin, K. J. (2012). Decision-making and safety in anesthesiology.
Curr. Opin. Anaesthesiol. 25 (6), 724-729. doi:10.1097/ACO.0b013e328359307a

Vaatilo, P. A., Ahtola-Satild, T., Wighton, A., Sarapohja, T., Pohjanjousi, P.,
and Garratt, C. (2013). Population pharmacokinetics of dexmedetomidine in
critically ill patients. Clin. 814 Drug Investig. 33, 579-587. d0i:10.1007/s40261-
013-0101-1

van den Berg, J. P., Vereecke, H. E. M., Proost, J. H., Eleveld, D. J., Wietasch, J. K. G.,
Absalom, A. R, et al. (2017). Pharmacokinetic and pharmacodynamic interactions in
anaesthesia: a review of current knowledge and how it can be used to optimize anaesthetic
drug administration. Br. J. Anaesth. 118, 44-57. doi:10.1093/bja/aew312

Van Driest, S. L., Marshall, M. D., Hachey, B., Beck, C., Crum, K., Owen, J,, et al.
(2016). Pragmatic pharmacology: population pharmacokinetic analysis of fentanyl using
remnant samples from children after cardiac surgery. Br. J. Clin. Pharmacol. 81,
1165-1174. doi:10.1111/bcp.12903

van Heusden, K., Ansermino, J. M., and Dumont, G. A. (2018). Robust MISO control
of propofol-remifentanil anesthesia guided by the NeuroSENSE monitor. IEEE Trans.
Control Syst. Technol. 26, 1758-1770. doi:10.1109/tcst.2017.2735359

Frontiers in Pharmacology

19

10.3389/fphar.2026.1741851

van Rongen, A., Vaughns, J. D., Moorthy, G. S., Barrett, J. S., Knibbe, C. A.J., and van
den Anker, J. N. (2015). Population pharmacokinetics of midazolam and its
metabolites in overweight and obese adolescents. Br. J. Clin. Pharmacol. 80 (5),
1185-1196. doi:10.1111/bcp.12693

Varvel, J. R., Donoho, D. L., and Shafer, S. L. (1992). Measuring the predictive
performance of computer-controlled infusion pumps. J. Pharmacokinet. Biopharm. 20,
63-94. doi:10.1007/BF01143186

Venn, R., Bradshaw, C., Spencer, R., Grounds, R. M., Caudwell, E., Naughton, C,, et al.
(1999). Preliminary UK experience of dexmedetomidine, a novel agent for postoperative
sedation in the intensive care unit. Anaesthesia 54, 1136-1142. doi:10.1046/j.1365-2044.
1999.01114.x

Venn, R. M., Karol, M. D., and Grounds, R. M. (2002). Pharmacokinetics of
dexmedetomidine infusions for sedation of postoperative patients requiring intensive
care. Br. J. Anaesth. 88, P669-P675. doi:10.1093/bja/88.5.669

Wagner, J. G. (1976). Linear pharmacokinetic equations allowing direct calculation of
many needed pharmacokinetic parameters from the coefficients and exponents of
polyexponential equations which have been fitted to the data. J. Pharmacokinet.
Biopharm. 4, 443-467. doi:10.1007/BF01062831

White, M., and Kenny, G. N. C. (1990). Intravenous propofol anaesthesia using a
computerised infusion system. Anaesthesia 45, 204-209. doi:10.1111/j.1365-2044.1990.
tb14685.x

Winterberg, A. V., Colella, C. L., Weber, K. A, and Varughese, A. M. (2018). The child
induction behavioral assessment tool: a tool to facilitate the electronic documentation of
behavioral responses to anesthesia inductions. J. Perianesthesia Nurs. 33 (3), 296-303.el.
doi:10.1016/j.jopan.2016.10.004

Yassen, A., Olofsen, E., Dahan, A., and Danhof, M. (2005).
Pharmacokinetic-pharmacodynamic modeling of the antinociceptive effect of
buprenorphine and fentanyl in rats: role of receptor equilibration kinetics.
J. Pharmacol. Exp. Ther. 313, 1136-1149. doi:10.1124/jpet.104.082560

Yassen, A., Olofsen, E., Romberg, R,, Sarton, E., Danhof, M., and Dahan, A. (2006).
Mechanism-based pharmacokinetic-pharmacodynamic modeling of the antinociceptive
effect of buprenorphine in healthy volunteers. Anesthesiology 104, 1232-1242. doi:10.
1097/00000542-200606000-00019

frontiersin.org


https://doi.org/10.1097/00000542-200409000-00008
https://doi.org/10.1093/bja/aei195
https://doi.org/10.1007/BF03015333
https://doi.org/10.1007/BF03015333
https://doi.org/10.3389/fchem.2018.00360
https://doi.org/10.1124/jpet.103.054841
https://doi.org/10.1097/ACO.0b013e328359307a
https://doi.org/10.1007/s40261-013-0101-1
https://doi.org/10.1007/s40261-013-0101-1
https://doi.org/10.1093/bja/aew312
https://doi.org/10.1111/bcp.12903
https://doi.org/10.1109/tcst.2017.2735359
https://doi.org/10.1111/bcp.12693
https://doi.org/10.1007/BF01143186
https://doi.org/10.1046/j.1365-2044.1999.01114.x
https://doi.org/10.1046/j.1365-2044.1999.01114.x
https://doi.org/10.1093/bja/88.5.669
https://doi.org/10.1007/BF01062831
https://doi.org/10.1111/j.1365-2044.1990.tb14685.x
https://doi.org/10.1111/j.1365-2044.1990.tb14685.x
https://doi.org/10.1016/j.jopan.2016.10.004
https://doi.org/10.1124/jpet.104.082560
https://doi.org/10.1097/00000542-200606000-00019
https://doi.org/10.1097/00000542-200606000-00019
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2026.1741851

	Advances in pharmacokinetic-pharmacodynamic modeling for anesthesia, 1987–2024: a review
	1 Introduction
	2 Timeline of aanesthesia modeling
	2.1 Anesthesia modeling between 1987 and 1990
	2.2 1991–1999
	2.3 2000–2009
	2.4 2010–2019
	2.5 2020–2024

	3 Decadal highlights: key studies transforming PKPD models
	3.1 1987: foundational PK model for continuous infusion
	3.1.1 Gepts et al. model

	3.2 1990s: landmark developments
	3.2.1 Marsh et al. model (1991-pediatric model)

	3.3 2000–2009: advances in personalized anesthesia models
	3.4 2010–2019: advancing tailored models in anesthesia: pharmacokinetics, dynamics, and control
	3.4.1 Cortínez et al. model (2010-allometric scaling for obesity in propofol PK)
	3.4.2 Van Heusden et al. model (2017-MISO control for Depth of Hypnosis)

	3.5 2020–2024: innovations in PKPD modeling for personalized drug delivery and anesthesia management
	3.5.1 Ionescu et al. model (2021-multi-Drug simulation for anesthesia and hemodynamics)
	3.5.2 Braathen et al. model (2024-tailored propofol pharmacokinetics in obesity)


	4 Common empirical approximated models
	5 Significant anesthesia prediction model studies
	6 Consistent prediction-error evaluation metrics reported across studies (MDPE/MDAPE)


