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Abstract: Background: This research explores the creation of an Al-driven model to improve
anesthesia dosage precision, particularly for pediatric patients. Children present unique challenges
in anesthesia due to their developing organs and varying metabolism. Methods: Traditional methods
often rely on generalized guidelines and clinician expertise, which may not adequately address
individual variability, especially in pediatrics. To overcome these limitations, this study employs
advanced machine learning (ML) techniques, including supervised learning and ensemble methods,
to develop predictive models tailored to each patient’s characteristics. The project leverages real-
world pediatric data and addresses challenges like data preprocessing, feature engineering, and
model validation. Result: A specialized tool, AnaMo, integrates genetic programming-based
AutoML to optimize hyperparameters, ensuring robust and efficient performance. Findings
demonstrate that ML models, particularly AnaMo, significantly enhance dosing precision, reduce
risks, and streamline anesthesia management. AnaMo outperforms traditional methods by achieving
lower prediction errors and greater reliability across multiple anesthetic drugs. Conclusion: This
study emphasizes the potential of Al in transforming personalized medicine, setting benchmarks for
Al applications in pediatric anesthesia. The outcomes promise a safer, more efficient approach to
anesthesia management, tailored to the needs of individual patients.

Keywords: machine learning; AutoML; algorithm; anaesthesia; hyperparameter Tuning

1. Introduction

The administration of anesthesia plays a pivotal role in modern medicine by enabling pain-
free surgical procedures and ensuring patient safety. Anesthetics can be categorized into general,
regional, and local types, each tailored to the specific needs of surgical interventions. Drugs like
propofol, pancuronium, and atracurium serve critical roles in maintaining unconsciousness and
facilitating muscle relaxation during surgeries. Despite advancements in pharmacology, accurate
dosing remains challenging, particularly for pediatric patients, due to their developing organs and
metabolic variability. Technological advancements in anesthesia delivery have enhanced the
understanding of propofol’s mechanisms, optimizing its pharmacodynamics for faster and safer
outcomes. However, its use necessitates careful dosing and monitoring to balance efficacy with
safety, especially in vulnerable pediatric populations [1,2].

Artificial Intelligence (Al) is revolutionizing clinical care by acting as a supportive tool for
healthcare professionals rather than replacing them, as noted by [3]. In particular, Machine
Learning (ML), a branch of Al, is proving to be a game-changer, especially in resource-constrained
settings. ML enables computers to learn and improve over time by analysing training data, as
described by) [4]. This technology encompasses machine learning and deep learning (DL), with ML
functioning as a way for systems to enhance their performance through experience.

Machine learning (ML) techniques can be broadly categorized into supervised, unsupervised,
and reinforcement learning, all of which have shown great potential in healthcare. These methods

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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are being applied to areas like drug development and personalized treatment plans. However, there
remains a significant gap between Al research and its practical use in clinical anesthesia.

In the field of anesthesia, Al models are being developed to improve dosage prediction, ensuring
that treatments are tailored to individual patients. These models use patient data derived from large-
scale population studies to predict the optimal amount of anesthesia and its likely effects. Advanced
ML techniques play a key role in this process. For example, supervised learning is used to train
models on labeled datasets, while feature selection identifies the most important patient attributes
for accurate predictions. Ensemble learning further enhances the performance of these tools by
combining multiple models. To maintain reliability across different scenarios, methods like cross-
validation are employed, helping the models perform consistently well on varied datasets and
conditions.

The integration of Al into anesthesia represents a significant step forward, narrowing the gap
between innovative research and practical, real-world applications. This progress has the potential
to improve patient outcomes on a global scale.

Administering anesthesia is a critical component of patient care, requiring precision and
flexibility to address individual needs. Traditional approaches often struggle to predict the ideal drug
type and dosage due to the wide variability in how patients respond to anesthesia. This challenge is
even more pronounced in pediatric cases, where the complexity of developing organs adds another
layer of difficulty. Such unpredictability can increase risks, extend recovery times, and escalate
healthcare costs. Al-driven solutions offer a promising way to address these challenges and enhance
the safety and efficiency of anesthesia administration.

Machine learning (ML) offers a promising solution to these challenges by enabling the creation
of predictive models tailored to each patient. These models improve safety and outcomes by
providing more accurate drug and dosage recommendations, as highlighted by [5].

Ensuring the correct dosage of anesthesia medication during surgery is essential for a safe and
effective anesthetic experience. Traditionally, anesthesiologists rely on their expertise, training, and
clinical judgment to determine the appropriate dose. However, with advancements in artificial
intelligence (AI) and its integration into medical practices, this process is poised to evolve, as
highlighted by [6]. Al-driven models have the potential to support anesthesiologists by providing
data-driven insights and recommendations, improving precision, and enhancing patient safety
during surgical procedures.

Artificial intelligence (AI) has shown immense potential in healthcare, transforming areas such
as diagnosis, treatment recommendations, and predictive. For instance a machine learning model
capable of analyzing data to classify individuals suffering from depression, providing valuable
insights for mental health management. Similarly, neural network model was designed to aid in the
diagnosis of schizophrenia, demonstrating Al's growing role in advancing precision and efficiency
in mental health care. These developments highlight the expanding possibilities of Al in supporting
and enhancing clinical decision-making [6-10].

Techniques like machine learning, fuzzy logic, and neural networks are essential for training
models that can execute complex calculations and emulate brain functions, paving the way for Al to
support anesthesia management. Although the use of Al in anesthesia is still emerging, there is a
growing interest in exploring its diverse applications [11-13].

Different machine learning (ML) models are suited to specific types of applications, and selecting
the most effective model for a given task is not straightforward. Testing and fine-tuning every
possible ML algorithm is rarely feasible, as this process can be both complex and extremely time-
consuming.

This is where Automated Machine Learning (AutoML) systems become valuable. AutoML
systems streamline the process of finding the most effective ML model and configuring it optimally
by automatically tuning hyperparameters and identifying the best model architecture within defined
time limits.
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AutoML systems automate the entire ML pipeline, covering four main phases: data preparation,
feature engineering, model generation, and model evaluation. Users only need to provide their data,
and the AutoML system will identify and implement the optimal approach for their specific
application.

2. Related Works

Various machine learning techniques were compared to multiple linear regression (MLR) for
predicting stable tacrolimus doses in renal transplant recipients. Tang and colleagues employed eight
machine learning algorithms, including Support Vector Regression (SVR), Artificial Neural
Networks (ANN), Regression Tree (RT), Random Forest Regression (RFR), Boosted Regression Tree
(BRT), and Bayesian Additive Regression Trees (BART). Their findings showed that the Regression
Tree model performed best, providing both high accuracy and clinical interpretability, their study
also highlighted the advantages of machine learning techniques over traditional statistical models,
such as MLR, in pharmacogenetic studies. Machine learning models demonstrated a higher power to
manage non-linear data and interpret complex interactions within large datasets, including genetic
data, which is often crucial in personalized medicine. It was also observed that the ideal dosing rate
of the Regression Tree was 4% higher than MLR, illustrating the potential for machine learning
models to improve clinical outcomes through better dose prediction [14].

ML algorithms can be categorized into three main types: supervised, unsupervised, and
reinforcement learning. Among these, supervised learning is frequently used to classify or label new
data based on previously labeled datasets [15]. Furthermore, ML can uncover complex, nonlinear
interactions between variables, minimizing errors in predictions by aligning them closely with actual
measured values [16].

For instance, algorithms like decision trees and random forest (SVMs) are employed prediction
of a continuous trait using machine learning techniques with application to warfarin dose prediction
[17]. Additionally, ML models assist healthcare practitioners in selecting appropriate therapies by
analyzing large, complex datasets, such as electronic health records and medical imaging data [18].
Several studies have demonstrated the potential of ML in anesthesia. Similarly, neural networks was
utilized to predict the depth of anesthesia, achieving high classification accuracy [19]. Other
researchers, focused on pain assessment, using ML to enhance post-anesthesia care by predicting
patient responses to analgesia. This study supports the Incorporation of machine learning in clinical
settings for dose optimization. By leveraging patient-specific factors, machine learning models like
Regression Tree can enhance precision in dosing, which is essential in minimizing risks and
improving patient safety in immunosuppressive therapy [20].

ML models to predict anesthetic infusion events, while [21] introduced time-delay estimation
for predictive control in general anesthesia. These studies highlight the effectiveness of ML in
optimizing anesthesiologist decisions and improving patient care. ML algorithms can process clinical
charts more efficiently and accurately than manual review processes, enabling healthcare providers
to uncover hidden risk factors and healthcare gaps, enhance risk score accuracy, and make better-
informed decisions for improved patient care, [22]. Moreover, ML can automate various healthcare
operations, such as claims processing, revenue cycle management, and clinical documentation,
thereby increasing the efficiency of healthcare workflows. Machine learning (ML) has demonstrated
substantial potential in anesthesia, particularly in optimizing personalized anesthesia dosage.
Multiple studies have explored the use of Al-driven algorithms to enhance the precision of anesthesia
delivery, improve patient safety, and support anesthesiologists in making data-driven decisions [23].

The study titled “Prediction of Pharmacokinetic Parameters Using a Genetic Algorithm
Combined with an Artificial Neural Network for a Series of Alkaloid Drugs” highlights the
application of artificial intelligence, specifically genetic algorithms (GA) and artificial neural
networks (ANN), in pharmacokinetics. The research emphasizes the development of predictive
models for systemic clearance, volume of distribution, and plasma protein binding of alkaloid drugs.
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These models utilize molecular descriptors derived from three-dimensional structural data to
enhance prediction accuracy.

The integration of GA with ANN addresses the limitations of each technique: GA optimizes the
selection of molecular descriptors, while ANN constructs robust predictive models. This combined
approach demonstrates acceptable efficiency, as evidenced by normalized root mean square error
(NRMSE) values, and aligns with advancements in machine learning for healthcare applications, such
as personalized drug dosing and predictive analytics discussed earlier. The findings underscore the
role of Al in enhancing pharmacokinetic predictions and its broader potential in improving clinical
outcomes, particularly through tailored therapeutic strategies. [24]

The study, Predicting Anaesthetic Infusion Events Using Machine Learning, addresses the
shortcomings of manual anaesthetic dosage methods by leveraging machine learning models like
Linear Regression, Decision Tree Regression, and Gradient Boosting Regression. Gradient Boosting
Regression emerged as the most effective, offering superior accuracy and reducing medication errors.
A user-friendly interface was designed to aid healthcare practitioners, enhancing clinical decision-
making.

Key system features include personalised dosage recommendations, automation for efficiency,
error reduction, data-driven insights, and adaptability through continuous learning. Future
directions include expanding datasets, refining features, and exploring ensemble methods to improve
predictive capabilities. This work underscores the potential of machine learning to enhance patient
safety and streamline clinical workflows in anaesthesia management. [25-29]

3. Materials

The project leveraged a robust computational setup, featuring an HP system equipped with an
Intel Core i5 processor and 8 GB RAM. Central to the analysis were Python and the Anaconda
Integrated Development Environment (IDE), with Python’s simplicity and versatile libraries playing
a critical role in handling data and building models. Jupyter Notebook, part of the Anaconda
ecosystem, was the preferred interface for coding, visualisation, and text-based exploration.

Data Collection and Augmentation

The dataset, sourced from Lagos State Teaching Hospital (LUTH), included 606 anonymised
records of paediatric patients under anaesthesia. Data points ranged from age and weight to drug
types and dosages. To enrich the dataset and ensure better model performance, synthetic data
augmentation expanded the records to 1,200 samples while maintaining realistic distributions.

Preprocessing and Feature Engineering

Data preparation entailed meticulous cleaning, including handling missing values, outliers,

and normalisation of features such as age and weight. These factors were the key predictors for
determining dosages of drugs like propofol and atracurium. Additionally, a correlation matrix
revealed strong relationships between patient features and drug dosages, guiding model
development. The dataset was scaled using the “StandardScalerKey.

Correlation matrix of the features: The correlation matrix below reveals several important
relationships between patient characteristics as shown in Figure 1 (age, weight and gender) and the
administered drug dosages. Drugs like propofol, suxamethonium, pancuronium and atracurium
exhibit stronger positive correlations with age, gender and weight.
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cmap = "Y1GnBu")
plt.title("Correlation Matrix");

Correlation Matrix
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weight
0.8

propofol(mg)

suxamethonium 0.09 0.6

pancuronium
- 04
paracetamol(mg)

artacurium

-0.2

gender_ M-  0.06 0.08 0.09 0.09 0.05 0.07 0.09 1.00

propofolimg) -
suxamethonium -
pancuronium -
paracetamol(mg) -
artacurium -
gender_M

Figure 1. 0: Heat map of input data.

- Data Splitting: An 80-20 split was used for training and testing datasets to enhance model
generalisation.

Machine Learning Models: The study utilized machine learning algorithms including linear
regression, decision trees, and gradient boosting. Data from healthcare records were preprocessed to
address missing values and normalize features. Models were trained using an 80/20 train-test split,
and hyperparameters were optimized via genetic programming. Evaluation metrics such as Mean
Squared Error (MSE) and R-squared values were employed to assess performance. Several regression
models were developed to predict anaesthetic drug dosages, including:

Building a Model:

This process involves building various machine learning models as shown in Figure 2.0 starting
from data collection to model deployment, predicting the dosage based on patient features such as
age and weight. The models utilized include Random Forest Regressor, Linear Regression, XGBoost,
and and AnaMo (Automated Neural Architecture Model Optimiser), was implemented. AnaMo
stood out due to its innovative use of genetic programming to optimise neural network
configurations. Through evolutionary cycles involving selection, crossover, and mutation, AnaMo
refined its predictive accuracy.Models were evaluated using metrics such as:

- Mean Squared Error (MSE)

- Root Mean Squared Error (RMSE)
- Mean Absolute Error (MAE)

- R-squared (R?)

doi:10.20944/preprints202502.0065.v1
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Model Deployment

Deploys model in production, with continuous performance tracking

Figure 2. 0: flow diagram representing the AnaMo model structure generation process.

An (Automated Neural Architecture Model Optimizer): AnaMo was designed which applies
genetic programming to the hyperparameter optimization of neural networks. The AnaMo model,
based on a neural network architecture, computes its output through a sequence of forward
propagation steps as shown in Figure 3.0 the AnaMo model’s output computation involves
processing inputs through layered transformations and applying weights, biases, and activations to
produce accurate predictions tailored to the specific features of each patient

Input Layer
Receives input features (age, weight, drug type) for each patient.

- . ~

v

Hidden Layers & Neurons
Calculates weighted sum of inputs and applies activation functions.

- T K

v

Output Layer

Aggregates final values to produce a prediction, e.g., dosage.

2 T ~

v

Objective Function
Computes error (€.g., MSE) based on prediction vs. actual target.

- ! =

v

Backpropagation & Weight Updates
Adjusts weights/biases using gradient descent to minimize error.
T
p— ' ‘<

v

Final Prediction
Uses optimized weights to compute predictions for new data inputs.

Figure 3. 0: flow chart illustrating the AnaMo model’s output computation process.

1. Neural Network Architecture

The core of the AnaMo model is a neural network where each layer is defined by:
- Layer configuration: The number of neurons [; in each layer i of the network.
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- Activation functions: The activation function a; for each layer (e.g., ReLU, Tanh, Sigmoid).
For a given input x, the network’s prediction ¥’ is calculated by forward propagation:
h; = a;(W;h;_; + b))fori = 1,2, ..., L 1
where: h; is the output of layer i,
W; and b; are the weights and biases for layer i,
L is the total number of layers.
The final layer’s output gives the model prediction:
y =h,

Evaluation Metrics

After selecting the best configuration, the model is evaluated using metrics beyond MSE:
The model aims to minimize the Mean Squared Error (MSE) on the training dataset, defined as:
MSE = ~¥7, 2
where:
y; is the actual target value,
¥"; is the model’s predicted value,
n is the number of samples.

Root Mean Squared Error (RMSE):

RMSE =+ 3
1. R-Squared (Coefficient of Determination):
RZ=1-3", 4

where y’ is the mean of actual values y;

Ethical Considerations

Ethical approval (ADM/DSCST/HREC/APP/6639) was obtained, and patient confidentiality was
maintained. All procedures adhered to ethical guidelines for human data usage in research.

Model Deployment

Finalised models were deployed using Visual Studio Code, ensuring reproducibility through
serialisation using tools like ‘joblib". Deployment processes enabled real-world dosage predictions.

4. Results and Discussion

The study evaluates four machine learning models AnaMo, Linear Regression, Random Forest,
and XGBoost on their ability to predict the concentrations of various anaesthetic drugs. The
performance of each model was assessed using key metrics: Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), and R2

This report presents a comparative analysis of four machine learning models Linear Regression,
Random Forest, and XGBoost as shown in Figure 4a and 4.b showing machine learning result,
evaluated on their ability to predict propofol concentration. The comparison is based on three
performance metrics: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R? score
as shown in figure. These metrics provide insights into each model’s prediction accuracy, error
consistency, and ability to capture variance in the data.

1. Propofol Prediction
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Linear Regression Random Forest Xg Boost
0.567164 0.647143 0.679553
13.099482 12.798796 11.671968

490.329565 399.727083 363.011332

22.143386 19.993176  19.052856

(@
AnaMo: R?=0.7024, RMSE = 18.3608, MAE = 11.0305.

Propofol RMSE Comparison Propofol MAE Comparison Propofol R* Comparison

RMSE
g

ning Model for Suxamethonium

Figure 4. a: image showing the result of propofol prediction. b: Image showing the comparative analysis of four

machine learning models for propofol.

¢  Results: AnaMo achieved an R? of 0.7024, indicating moderate explanatory power. It
outperformed other models in accuracy and error consistency, with an RMSE of 18.36 and an
MAE of 11.03.
AnaMo’s optimised architecture demonstrated its capability to handle the complexity of
propofol dosage predictions better than Linear Regression, Random Forest, and XGBoost.

2. Suxamethonium Prediction

This report provides a comparative analysis of the four models as shown in Figure 5a, 5b. Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R? score, which collectively provide
insights into each model’s prediction accuracy, error consistency, and capability to explain the
variance in the dataset.

Linear Regression Random Forest Xg Boost

0.872895 0.873797 0.872905
3.723273 3.738340  3.889568
52.870433 52.494956 52.866093

7.271206 7.245340  7.270907

(@
AnaMo result: R?=0.8963, RMSE = 6.5673, MAE = 3.7663.

RMSE Comparisan E MAE Comparison ‘Suxamethonium R* Comparison
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Figure 5. a: Image showing Suxa result. b: Image showing the comparative analysis of four machine learning

models for suxamethonium.

1. AnaMo excelled with a high R? indicating strong reliability and precision for predicting
suxamethonium concentrations.

2. The low RMSE and MAE highlight AnaMo’s ability to handle variance and minimise prediction
errors.

3. Artacurium Prediction

This analysis compares the models AnaMo, Linear Regression, Random Forest, and as shown in
Figure 6a and Figure 6b. Linear Regression and Random Forest show comparable, moderate
performance, making them viable alternatives but less precise than AnaMo. XGBoost shows the
highest RMSE and MAE with the lowest R? score, indicating it is the least suitable model for
artacurium prediction. AnaMo is the most accurate and reliable model for predicting artacurium
concentration, while XGBoost is less effective for this task.

Linear Regression Random Forest Xg Boost

0.782940 0.875380 0.735169

1.511279 1.474026 1.738914

10.456842 6.003532 12.758189

3.233704 2450211 3.571861

(a)
AnaMo: R2 =0.8839, RMSE = 2.3645, MAE = 1.4820.

Artacurium RMSE Comparisan Artacurium MAE Comparison Artacurium R? Comparison

(b)

Figure 6. a: Image showing Atrac result. b: Image showing the comparative analysis of four machine learning

models for atrac.

- Results: AnaMo again emerged as the top performer, with an R? of 0.8839, an RMSE of 2.36, and
an MAE of 1.48. Linear Regression and Random Forest were moderate alternatives, while
XGBoost exhibited the weakest performance with higher error rates and lower explanatory
power.

- The results underscore AnaMo’s dominance in predicting atracurium concentration, attributed
to its genetic programming-based optimisation

4. Pancuronium Prediction

As shown in Figure 7a and 7b AnaMo and Linear Regression are the most effective models for
predicting pancuronium concentration, displaying the lowest errors and highest explanatory power.
Random Forest can be considered a viable option, though slightly less consistent, while XGBoost
performs poorly and is less reliable for this application. AnaMo’s genetic programming-based
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optimization likely contributes to its superior performance, result is shown in Table 4.4, making it a
strong choice for accurate pancuronium concentration predictions.

Linear Regression Random Forest Xg Boost
0.754852 0.681893 0.426929
0.296872 0.325674 0.344685
0.378810 0.491548 0.885527

0.615475 0.701105 0.941025

(a)
1. AnaMo: R2 =0.7689, RMSE = 0.5974, MAE = 0.2959.

Pancuronium RMSE Comparison Pancuronium MAE Comparison Pancuronium R? Comparison

(b)

Figure 7. a: Image showing Pancuronium result. b: Image showing the comparative analysis of four machine

learning models for pancuronium.

2. AnaMo and Linear Regression were the most effective models, demonstrating strong
predictive accuracy and low error rates, with AnaMo achieving an R? of 0.7689, an RMSE of 0.597,
and an MAE of 0.296. Random Forest was a viable option but less consistent, while XGBoost struggled
to perform well.

3. AnaMo’s ability to adapt and optimise parameters for pancuronium predictions was evident,
providing precise and consistent results.Random Forest performed reasonably well but less
consistently than AnaMo, while XGBoost lagged significantly.

Discussion

AnaMo consistently outperformed traditional models (Linear Regression, Random Forest, and
XGBoost) due to its use of genetic programming for hyperparameter optimisation. This enabled
AnaMo to adapt to different data distributions and provide precise dosage predictions. It particularly
excelled in predicting suxamethonium and artacurium concentrations, with high R? scores and low
error metrics AnaMo’s robustness and adaptability as the leading model for predicting anaesthetic
drug concentrations. Its ability to handle diverse datasets and maintain low error rates across various
drugs makes it the most reliable choice. Other models, while useful in simpler scenarios, lagged
behind in predictive power, especially for complex drugs like propofol and atracurium. These
findings set a solid foundation for applying AnaMo in real-world medical contexts.

Key Findings and Contributions

This study evaluates machine learning (ML) models for predicting drug concentrations in
pediatric anesthesia and highlights the AnaMo model as the most effective due to its genetic
programming-based hyperparameter optimization. The analysis provides a comprehensive
comparison of models and benchmarks their performance metrics, such as RMSE, MAE, and R?,
offering insights into predictive modeling in healthcare.
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Challenges in Personalized Medicine

Data Privacy and Security: Pediatric data management involves ethical concerns and securing
consent from guardians.

Data Integration: Combining diverse data sources, including medical records, genetic profiles,
and real-time physiological data, presents logistical complexities.

Clinical Implications

Al-powered models like AnaMo can:

1. Enhance Precision: Provide accurate, real-time dosage predictions, particularly important for
pediatric patients with rapidly changing physiological conditions.

2. Improve Workflow Efficiency: Reduce time and effort for anesthesiologists while allowing real-
time adjustments during procedures.

3.  Retain Human Oversight: Serve as decision-support tools, aiding but not replacing clinical
judgment.

Conclusions

The study validates AnaMo as the most accurate and reliable model for drug concentration
predictions in pediatric anesthesia. Its potential to enhance patient safety and clinical efficiency is
significant but requires addressing challenges in data quality, generalizability, and ethical
compliance for broader adoption.
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