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Abstract

Background: Preoperative evaluation is important, our study explored the application of machine learning methods for
anesthetic risk classification and for the evaluation of the contributions of various factors. To minimize the effects of
confounding variables during model training, we used a homogenous group with similar physiological states and ages
undergoing similar pelvic organ—related procedures not involving malignancies.

Objective: Data on women of reproductive age (age = 20-50 years) who underwent gestational or gynecological surgery
between January 1, 2017, and December 31, 2021, were obtained from the National Taiwan University Hospital Integrated
Medical Database.

Methods: We first performed an exploratory analysis and selected key features. We then performed data preprocessing to
acquire relevant features related to preoperative examination. To further enhance predictive performance, we employed the log
likelihood ratio algorithm to generate comorbidity patterns. Lastly, we input the processed features into the light gradient
boosting machine (LightGBM) model for training and subsequent prediction.

Results: A total of 10,892 patients were included. Within this data set, 9893 patients were classified as having low anesthetic
risk (American Society of Anesthesiologists physical status score 1-2), and 999 patients were classified as having high anesthetic
risk (American Society of Anesthesiologists physical status score > 2). The area under the receiver operating characteristic curve
of the LightGBM model was 90.25.

Conclusions; By combining comorbidity information and clinical laboratory data, our methodology based on the LightGBM
model provides more accurate predictions for anesthetic risk classification. Clinical Tria: This study was registered with the
Research Ethics Committee of the National Taiwan University Hospital with trial number 202204010RINB
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ABSTRACT

Background: Preoperative evaluation is important, our study explored the application of
machine learning methods for anesthetic risk classification and for the evaluation of the
contributions of various factors. To minimize the effects of confounding variables during model
training, we used a homogenous group with similar physiological states and ages undergoing
similar pelvic organ-related procedures not involving malignancies.

Objective: Data on women of reproductive age (age = 20-50 years) who underwent gestational
or gynecological surgery between January 1, 2017, and December 31, 2021, were obtained
from the National Taiwan University Hospital Integrated Medical Database.

Methods: We first performed an exploratory analysis and selected key features. We then
performed data preprocessing to acquire relevant features related to preoperative examination.
To further enhance predictive performance, we employed the log likelihood ratio algorithm to
generate comorbidity patterns. Lastly, we input the processed features into the light gradient
boosting machine (LightGBM) model for training and subsequent prediction.

Results: A total of 10,892 patients were included. Within this data set, 9893 patients were
classified as having low anesthetic risk (American Society of Anesthesiologists physical status
score 1-2), and 999 patients were classified as having high anesthetic risk (American Society of
Anesthesiologists physical status score > 2). The area under the receiver operating
characteristic curve of the LightGBM model was 90.25.

Conclusion: By combining comorbidity information and clinical laboratory data, our
methodology based on the LightGBM model provides more accurate predictions for anesthetic
risk classification.

Trial Registration: This study was registered with the Research Ethics Committee of the

National Taiwan University Hospital with trial number 202204010RINB

Keywords: Gradient boosting machine, comorbidity, gynecological and obstetric procedure,
ASA classification, preoperative evaluation

INTRODUCTION

Evaluating perioperative risk is an important part of preoperative assessment.[1] The American
Society of Anesthesiologists (ASA) physical status classification system is used to assess a patient’s
medical conditions before anesthetic induction. A healthy patient with well-controlled disease can be
classified as ASA class I or II, indicating low anesthetic risk, whereas a patient with impaired organ
function is classified as ASA class III or higher, indicating high anesthetic risk. ASA physical status
scores are correlated with the risk of postoperative complications, particularly the risk of mortality.
Effective risk prediction is the key to optimizing patient care and resource allocation in health care
settings. Patients with high anesthetic risk require more intensive postanesthetic care and longer
hospital stays than those with low anesthetic risk.[2] The ASA scoring process is not straightforward.
The score is calculated based on the experience of anesthesiologists, who make assessments
according to the status of organ function.[3,4] Only anesthesiologists with years of experience can
effectively integrate all coexisting issues into an ASA classification.[5] Assessments include
laboratory data, comorbidities, and the specific procedure. Several machine learning programs are
available; however, it is struggle to apply the findings to clinical practice. Only big data analytics can
reveal the interaction between patient organ function and anesthetic risk.[6, 7]

Advances in artificial intelligence have been made in various fields, including anesthesiology.
Machine learning can be integrated into intraoperative anesthetic practice and can be applied for
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preoperative ASA prediction. Several research groups have attempted to train a machine learning
algorithm for ASA physical status classification; however, in most cases, physicians or specialists are
still required for evaluation.[8,9] Although models in several studies have achieved high accuracy,
they have failed to address the class imbalance between ASA physical status classes, which can skew
results. In one study, the ASA physical status scores for all surgeries were evaluated by a single
anesthesiologist, who concluded that the International Classification of Diseases, Ninth Revision
(ICD-9) was the most significant contributor; however, selection bias cannot be excluded.[10] Our
study explored the application of machine learning methods for anesthetic risk classification and
evaluated the contributing factors in clinical practice. To minimize the effects of confounding
variables during training, we used a homogenous group with similar physiological states and ages
undergoing similar pelvic organ procedures not involving malignancies. We selected patients from
the gynecologic and obstetric wards based on gestation age because this provided the most uniform
criterion apart from gestation itself. We used machine learning for ASA classification and for
evaluating the contributions of International Classification of Diseases, Tenth Revision (ICD-10).

In this study, we developed a predictive methodology based on light gradient boosting machine
(LightGBM) model for anesthetic risk stratification for gynecologic and obstetric patients. Our
research has several key features. First, we employed machine learning methods that can analyze
large amounts of clinical data and that can identify patterns and learn relationships—an approach not
commonly used in gynecologic and obstetric anesthetic risk classification. Second, we incorporated
comorbidity information and clinical laboratory data into our model. Comorbidity information
reflects additional diseases or health issues that patients may develop during anesthesia induction and
is a crucial component of anesthetic risk assessment. Clinical laboratory data includes physiological
indicators and pathological characteristics, which enable a more comprehensive evaluation of
anesthetic risk. By integrating these two types of information into our model, we enhanced the
model’s accuracy and predictive capabilities. Lastly, we focused on model visualization and
interpretability by explaining predictions through visual input—output representation and by ranking
the importance of key features. These analyses can help physicians and clinical anesthetists better
understand the working principles of the model and can provide valuable clinical insights for
implementing improved anesthesia strategies and decision-making.

MATERIALS AND METHODS

In this section, we present our method for automatically detecting patients with high anesthetic risk.
The system architecture, which is illustrated in Figure 1, consists of four key components: National
Taiwan University Hospital Integrated Medical Database (NTUH-iMD), clinical examination feature
extraction, comorbidity pattern generation, and LightGBM. First, the clinical examination feature
extraction component retrieves clinical examination data from the NTUH-iMD and performs data
preprocessing to generate a clinical examination feature vector. Next, the comorbidity pattern
generation component accesses inpatient diagnostic data from the NTUH-iMD and uses ICD-10
codes to identify comorbidities and then generate comorbidity patterns as comorbidity 1feature
vectors. Finally, the two generated vectors are merged together as input for the LightGBM
component. Thus, a classifier can be trained to detect patients with high anesthetic risk.
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Figure 1. Proposed model system architecture.
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Ethical considerations

In this study, the inclusion criteria were female patients of reproductive age (age = 20-50 years) who
underwent gestational or gynecological surgery between January 1, 2017, and December 31, 2021,
which were obtained from the NTUH-iMD. This study was registered with the Research Ethics
Committee of the National Taiwan University Hospital with trial number 202204010RINB. The
Informed consent waiver was also approved by the same Research Ethics Committee in
202204010RINB. All the data of this study were de-identified and confidentiality protected with file
system level encryption. There are o identification of individual participants/users in any images of
the manuscript or supplementary materials.

NTUH-iMD data set

Data on women of reproductive age (age = 20-50 years) who underwent gestational or gynecological
surgery between January 1, 2017, and December 31, 2021, were obtained from the NTUH-iMD. The
study was registered with the Research Ethics Committee of the National Taiwan University Hospital
with trial number 202204010RINB. Most of the hospitalized patients with benign gynecological
procedures and patients with all gestational operations were included. Patients requiring malignant-
related procedures were excluded. Our variables encompassed patient demographic information,
such as age, surgery time, hospital level, comorbidities, pharmacy prescriptions, outpatient visits,
emergency room visits, and hospitalization. Additionally, we collected data on medication use,
including cardiovascular and renal drugs, endocrine and metabolic drugs, respiratory tract drugs,
hematologic drugs, endocrine drugs, and anti-infective agents. A total of 10,946 patients were
identified in the preliminary group. Among these patients, complete data were unavailable for 54
patients, who were subsequently excluded. Finally, we included 10,892 patients in the analysis.
Within our data set, 9,893 patients were classified as having low anesthetic risk (ASA 1-2), and 999
patients were classified as having high anesthetic risk (ASA > 2). There were 4532 (41.6%)
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inclusions received gestation related, mainly cesarean section; 6360 (58.4%) inclusions received
gynecological surgeries.

Clinical examination feature extraction

Medical examinations and anesthetic risk are inherently interconnected. We identified the 15 most
frequently conducted assessment items prior to surgery and used these items as the features in our
research model [11]. These items can be categorized into five major domains of examination:
hematology tests, renal function, coagulation, liver function, and other. Hematology tests encompass
several parameters related to different aspects of blood composition. Red blood cell count (RBC), the
quantity of red blood cells in a given blood volume, indicates the blood’s oxygen-carrying capacity
and can be used to identify anemia. Hemoglobin (Hb), a protein molecule found in red blood cells,
reflects the blood’s oxygen-carrying capacity and aids in identifying anemia. Hematocrit (Hct) is the
concentration of red blood cells in the blood, aiding in evaluating the blood’s oxygen-carrying
capacity and in identifying dehydration and polycythemia. Mean corpuscular Hb denotes the average
amount of Hb within each red blood cell, assisting in assessing the blood’s oxygen-carrying capacity
and in identifying specific types of anemia. Mean corpuscular Hb concentration, the average
concentration of Hb in a given volume of packed red blood cells, aids in evaluating the color and
concentration of Hb and in identifying anemia. Mean corpuscular volume (MCV) can be used to
measure the average size or volume of red blood cells, which helps categorize anemia as microcytic,
normocytic, or macrocytic and assists in identifying underlying causes. White blood cell count
(WBC), the total number of white blood cells in a given blood volume, provides an assessment of
immune system function, identification of infections, and monitoring of the treatment response.
Platelet count (PLT), the number of platelets in a given blood volume, can be used to evaluate the
blood’s clotting ability and to identify and monitor conditions such as thrombocytopenia or
thrombocytosis. Lastly, red cell distribution width—coefficient of variation measures the variation in
the size of red blood cells, aiding in the diagnosis of different types of anemia and monitoring the
treatment response.

Renal function tests are used to evaluate kidney function. One of the key measures is the
estimated glomerular filtration rate (EGFR), which calculates the rate at which the kidneys filter
waste products from the blood. The EGFR is used to assess kidney function and diagnose or monitor
conditions such as chronic kidney disease. Another important parameter is creatinine (CRE), a waste
product produced by muscle metabolism that is filtered by the kidneys. Measuring the CRE
concentration helps evaluate kidney function and diagnose or monitor conditions such as kidney
disease. These renal function parameters are crucial for assessing the health and functioning of the
kidneys. In addition, coagulation tests are used to evaluate the blood’s clotting ability. The
prothrombin time (PT) test measures the time it takes for blood to clot and is used to assess the
activity of clotting factors in the blood and monitor anticoagulant therapy. The activated partial
thromboplastin time (APTT) test also measures the clotting time, specifically assessing the intrinsic
pathway of coagulation. This test is used to monitor anticoagulant therapy and diagnose bleeding
disorders. Additionally, the prothrombin time international normalized ratio (PT-INR), a
standardized measure derived from the prothrombin time test, is used to monitor the effectiveness of
anticoagulant therapy and assess the risk of abnormal bleeding. These coagulation tests play a crucial
role in evaluating clotting function and in guiding treatment decisions. The last feature set is related
to liver function. Liver function tests are performed to assess the health and function of the liver.
These tests involve the measurement of various liver enzymes, which provide insights into liver
health. One such enzyme is aspartate aminotransferase (AST), which is primarily found in the liver,
heart, and skeletal muscles. Measuring AST levels aids in evaluating liver function and in identifying
liver disease or damage. AST is an important marker for assessing the overall health of the liver and
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for identifying potential liver-related issues.

In addition to the aforementioned feature sets, age was included for exploring its effect on
anesthetic risk. Finally, 16 comprehensive features were included in our model. These features
encompass various domains, namely hematologic parameters (RBC, Hb, Hct, mean corpuscular Hb,
mean corpuscular Hb concentration, MCV, WBC, PLT, red cell distribution width—coefficient of
variation), renal function tests (EGFR and CRE), coagulation tests (PT, APTT, and PT-INR), liver
function (AST), and patient age. These features provide a robust foundation for the development of
our model, enabling analysis in their respective domains. It is worthy to note that the range of values
for clinical examination and comorbidity varies significantly, which could potentially negatively
impact the performance of a machine learning model. To address this issue, we have implemented
normalization procedures utilizing the Z-score method for continuous variables. This ensures that
each feature contributes equally to the model's learning process. Such an approach is effective in
mitigating any adverse effects arising from differences in scale among the variables.
Comorbidity-integrated LightGBM model for predicting risk of gynecological and obstetric
anesthesia
Comorbidity refers to the simultaneous presence of two or more diseases, which typically affects the
overall health of a patient. Given the potential correlation and interaction between comorbidities and
anesthetic risk in clinical practice, this study incorporated comorbidities into the model to
comprehensively assess the overall risk in patients and provide more accurate predictions of
anesthetic risk. We used the log likelihood ratio (LLR), which is an effective feature selection
method that can generate representative comorbidities in patients with high anesthetic risk [12]:

p(cbVHR)Y(1—p(cbVHR))" p(cbvV-HR) (1—p(cbVv-F
plcb/™ (1=p(cb))™"

LLR(cb,HR|=2log (1)

Using a training data set comprising binary labels indicating whether patients were identified as
high risk (HR) or not high risk (-HR), we obtained primary and secondary diagnoses from inpatient
records to generate a set of co-occurring diseases, representing comorbidities as {cbi,..., cb,}. The
LLR employs a specific mechanism to calculate the probability that co-occurring diseases in high-
risk patients is not a result of chance. To illustrate this calculation, consider a specific comorbidity.
N(HR) and N(—HR) represent the numbers of high-risk and not-high-risk patients, respectively.
N(cbNHR), denoted as g, indicates the number of high-risk patients with comorbidity cb. By contrast,
N(cbN-HR), denoted as r, represents the number of not-high-risk patients with comorbidity cb. To
simplify the formula, we defined m as N(HR) — q, which represents the number of high-risk patients
without comorbidity cb, and n as N(-HR) — r, which denotes the number of not-high-risk patients
without comorbidity cb. A maximum likelihood estimation is then performed to derive the
probabilities p(cb), p(cb|HR), and p(cb|"HR) by calculating the LLR of the hypothesis that the
presence of cb in the high-risk patient set is not random. A large LLR value for co-occurring diseases
suggests a strong association with high anesthetic risk. The training data are used to rank all disease
pairs based on their respective LLR values. We selected disease pairs with high scores as
representative of comorbidity (i.e. comorbidity patterns) for the related to anesthesia.

Once the comorbidity representation was obtained, we integrated it with clinical examination
features through the direct splicing strategy to form a consolidated feature vector as the input to the
model. In this study, LightGBM was employed as the classification model training algorithm [13].
LightGBM is a highly efficient and accurate machine learning method widely used in various data
modeling and prediction tasks. It operates based on the principles of gradient boosting, in which
multiple weak learners are sequentially added to enhance the model’s performance. LightGBM is
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distinct from traditional gradient boosting machines in terms of its unique operational principles. It
employs a histogram-based decision tree algorithm that leverages binning of feature values and
histogram-based sparse feature optimization. These techniques improve training speed and memory
utilization efficiency. Additionally, LightGBM incorporates exclusive feature bundling and gradient-
based one-side sampling to further accelerate the training process. LightGBM has been extensively
applied across various machine learning tasks, including classification, regression, ranking, and
recommendation systems. Consequently, the model is widely used in data competitions and in real-
world applications [14, 15, 16].

Comparative analysis models

We conducted a comprehensive comparative analysis of several widely used predictive models to
assess their suitability for anesthetic risk stratification. We selected a set of well-known machine
learning approaches as baseline for our evaluation. The first model considered was Naive Bayes
(NB), a probabilistic classifier that applies Bayes’ theorem. The Naive Bayes classifier assumes
independence between features and is computationally efficient. The second model was logistic
regression, a linear classifier that models the relationship between independent variables and the log
odds of the dependent variable. Logistic regression (LR) is widely used in medical research due to its
interpretability and ability to analyze both categorical and continuous variables. We also included the
k-nearest neighbor algorithm (KNN), a nonparametric method that classifies instances based on their
proximity to labeled instances in the training set. The k-nearest neighbor algorithm is flexible and
can analyze various types of data, making it suitable for anesthetic risk stratification. Another model
in our comparison was the decision tree (DT), a tree-based model that creates decision rules based on
feature thresholds. Decision trees offer interpretability and can capture nonlinear relationships, which
are crucial for understanding the underlying factors influencing anesthetic risk. Lastly, we considered
the support vector machine (SVM), a binary classifier that finds an optimal hyperplane to separate
data into different classes. Support vector machines are particularly effective for high-dimensional
data and can capture nonlinear relationships using kernel functions.

In addition to the aforementioned models, we considered three other prominent methods for our
comparative analysis: random forest (RF), XGBoost (XGB), LightGBM (LGBM), and multilayer
perceptron (MLP). Random forest is an ensemble learning method that combines multiple decision
trees to make predictions. It addresses issues such as overfitting and instability by aggregating the
predictions of individual trees. Random forest is robust and is known for its ability to examine high-
dimensional data. Additionally, it provides valuable insights through feature importance measures,
which help identify the most influential variables in the anesthetic risk stratification process.
XGBoost [17], another ensemble learning method, utilizes gradient boosting to construct a powerful
predictive model. It is known for its computational efficiency and ability to address missing data
effectively. XGBoost also provides feature importance measures, allowing researchers to understand
the relative contributions of different features to the anesthetic risk stratification process. To improve
our proposed method, we incorporated LightGBM, which is a high-performance gradient boosting
framework that excels in examining large-scale data sets. Its efficient tree-based learning algorithm
enables rapid training and prediction. With optimized memory usage and excellent parallelization,
LightGBM excels in complex machine learning and data analysis tasks, making it a powerful tool for
addressing real-world challenges. Lastly, we included the multilayer perceptron [18], a neural
network inspired by the structure and function of the human brain. MLP can capture complex
relationships and patterns in data, making it well-suited for tasks involving intricate interactions.
MLP excels at learning from large data sets, which is advantageous for anesthetic risk stratification,
in which a comprehensive understanding of the patient’s medical history is crucial.

Through the evaluation of these models, our objective was to determine an optimal approach for
precise anesthetic risk stratification, considering interpretability, computational efficiency, and
capturing complex relationships.
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Evaluation data set and experimental settings

To ensure the reliability of our experimental results, a 10-fold cross-validation approach was
conducted. This approach is widely employed in research to assess the performance and
generalizability of machine learning models. In 10-fold cross-validation [12], the data set is divided
into 10 subsets of approximately equal size. The training and evaluation process is then performed 10
times, with each fold serving as the validation set while the remaining nine folds are used for
training. By rotating the validation set across all 10 folds, we obtain a more comprehensive
evaluation of our model’s performance. This rigorous validation technique mitigates the effects of
random variations and provides a robust assessment of the effectiveness of our approach.
Furthermore, to address the class imbalance issue commonly found in medical data sets, we
employed the synthetic minority oversampling technique for effective resampling. The synthetic
minority oversampling technique operates by randomly selecting an instance from the minority class
and identifying its k-nearest neighbors within the same class. A synthetic instance is then generated
by randomly selecting one of these neighbors, and a line segment is formed between the selected
instance and the neighbor in the feature space. These synthetic instances are created as a combination
of the two chosen instances, a and b, ensuring convexity. By utilizing the synthetic minority
oversampling technique, we balanced the data distribution between positive and negative instances.
In our specific experiment, we oversampled clinical narratives, vital signs, and patient demographic
data from the minority classes to achieve this balance [19].

In our experimental settings, we implemented a MLP comprising three fully connected layers.
The configuration begins with an input layer featuring neurons equal in number to the input features,
followed by an intermediary layer where the neuron count is halved. The architecture culminates in
an output layer with a single neuron, designed to represent the probability of high risk. The activation
function employed throughout is ReLU, and the loss function utilized is binary cross entropy.
Optimization was carried out using the Adam optimizer, set to a learning rate of 0.001. For our SVM
model, we chose an RBF (Radial Basis Function) kernel. Furthermore, we employed LightGBM with
the following parameter configurations to optimize its performance for our specific task. The “gbdt”
boosting type utilizes gradient boosting with decision trees, and the choice of 31 leaves provides a
balance between model complexity and generalization. Setting the maximum depth to —1 allows the
trees to grow without any restrictions on depth. A learning rate of 0.1 controls the contribution of
each tree in the ensemble. We trained the model with 100 estimators to capture sufficient complexity
and avoid overfitting. Additionally, we assigned the class weights of 0.1 and 0.9 to the minority (0)
and majority (1) classes, respectively, to address any class imbalance present in the data set.

The performance of our model for predicting gynecological and obstetric mortality was
evaluated using precision, recall, and F;-score metrics. Additionally, micro-averaged metrics were
employed to assess the overall performance of the models. These evaluation measures were
determined based on a contingency table that captured the predictions for a specific target criterion,
C.. Precision (P(C))), recall (R(C))), and F; score (F1(C;)) were calculated as follows:

P(C)= TP(C,) o
" TP|C,| FP(C))

RiC)=— P1C) ©)
" TP|C| FN(C)
_2xP(C)xR(C)

Fl(Ci>_ P(Ci) R(Ci) (4)
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n

2. UF,(C)

Macro(Cl.):%

where TP(C;) represents the number of true positives, which are instances correctly classified as
positive, and FP(C;) represents the number of false positives, which are negative instances
mistakenly classified as positive. Similarly, TN(C;) and FN(C;) denote the number of true negatives
and false negatives, respectively. The F; score provides a comprehensive assessment of the relative
effectiveness of the compared methods. As mentioned in the NTUH-iMD Dataset section, the data
set contained fewer high-risk than low-risk patients. The ratio of high-risk to low-risk patients was
approximately 10:1. A macro-averaging (Macro (C;)) approach was used to calculate the overall
performance of each model, allowing for a more comprehensive and objective evaluation of each
model’s performance.

In addition to precision and recall, sensitivity and specificity were applied as evaluation
metrics to analyze the performance of our model. Sensitivity measures the proportion of correctly
identified positive instances, reflecting the model’s ability to accurately detect true positives.
Specificity quantifies the proportion of correctly identified negative instances, indicating the model’s
ability to correctly identify true negatives. These metrics provide insights into the model’s overall
accuracy in identifying positive and negative instances. To visually assess the performance of our
model and quantify its discriminatory power, we used the receiver operating characteristic curve. The
receiver operating characteristic curve illustrates the trade-off between true positive rate (sensitivity)
and false positive rate (1 — specificity) at various classification thresholds. This curve provides a
visual representation of the model’s performance across a range of classification thresholds. To
further quantify discriminatory ability, we employed area under the receiver operating characteristic
curve as a performance metric. Area under the receiver operating characteristic curve provides a
single scalar value that measures the overall performance of the model. A higher value for area under
the receiver operating characteristic curve indicates that the model more effectively and accurately
distinguishes between positive and negative instances.

)

RESULTS

Our approach incorporated a single parameter ¢, which represents the number of comorbidity
patterns used for data representation. To investigate the effect of this parameter, we conducted
experiments by varying ¢ from 0 to 100 in increments of 10. The model’s predictive performance
under different parameter settings is illustrated in Figure 2. Precision and recall rates were generally
positively correlated with ¢. This can be attributed to the fact that a higher value of z allows our
model to consider a larger number of comorbidity patterns that are strongly associated with high
anesthetic risk. Consequently, this setting enhances the detection of high anesthetic risk. Optimal
detection performance was achieved when ¢ was set to 60 (Figure 2). Accordingly, this value was
employed in subsequent evaluations.
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Figure 3. Network visualization of comorbidities associated with anesthesia risk.

Tsai et &

As shown in Figure 3, the network visualization illustrates the comorbidity patterns associated
with anesthesia risk, generated from our study's data. The thickness of the lines represents varying
degrees of association strength between comorbidities, quantified by their respective LLR values. We
have categorized these associations into five levels of strength, with level 1 being the strongest and
level 5 the weakest, each denoted by different colors for clarity. It is worthy to note that 014.10
(severe pre-eclampsia, unspecified trimester) is the most important component of comorbidity
patterns, which is linked to many other diseases, indicating a strong association with increased
anesthesia risk. Based on clinical evidence, this suggests that severe pre-eclampsia increases the risk
of anesthesia-related complications during surgery. This visualization serves not only as a tool for
visualizing data but also as a critical aid in understanding potential implications in clinical practice.

We further compared some well-known machine learning, ensemble learning, and deep learning
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models for comprehensive analysis (Table 1). As a benchmark method, the decision tree model
exhibited the lowest performance among all models evaluated. Its performance on all metrics was
less than satisfactory, possibly due to the model’s simplicity, which renders it unable to efficiently
capture the intricacy of the data. The NB classifier demonstrated intermediate overall performance.
Despite its precision and recall not being particularly high, it maintained a relatively balanced
equilibrium between these two metrics. This suggests that the NB classifier can regulate false
positives and false negatives with equal efficacy. The precision of LR was on par with that of NB,
but it showed higher recall, indicating that it identified a larger number of true positive cases. The
SVM model demonstrated moderate performance in our anesthesia risk assessment, achieving
precision, recall, and F;-scores of 56.77%, 57.80%, and 57.28% respectively. It uses a hyperplane for
data classification and excels in managing non-linear boundaries through the application of an RBF
kernel. A high-dimensional medical dataset like those in anesthesia risk has numerous variables and
overlapping classes, making this capability especially useful. SVM was able to balance precision and
recall effectively, ensuring a reliable level of accuracy.

In contrast to standard machine learning methods, ensemble learning methods, such as XGB and
LGBM, tend to deliver superior overall performance. Both methods exhibited balanced results across
all metrics, with their overall efficiency achieving F;-score more than 57%. RF exhibited very high
precision, implying a high proportion of true positives among all predicted positives. However, it had
lower recall, indicating that many true positives were missed in the process. The performance of the
MLP resembled that of RF, possibly because the MLP and RF are universal function approximators
that can solve complex nonlinear problems. Remarkably, our proposed method maintained a balance
between precision and recall while achieving the best F;i-score (60.78%), outperforming the other
models. This result suggests that our method can accurately predict anesthetic risk, ensuring patient
safety. Finally, we assessed the performance of the compared methods by employing receiver
operating characteristic curves [12]. Our method exhibited superior area under the receiver operating
characteristic curve values compared with most of the compared methods (Figure 4). This finding
implies that our method demonstrates a high level of accuracy for detecting high anesthetic risk.

To summarize, we evaluated several anesthetic risk prediction models. Our proposed model
outperformed the other models in terms of precision, recall, F1-score, and area under the receiver
operating characteristic curve. These findings highlight that our method can effectively predict
anesthetic risk and enhance patient safety in medical procedures. More specifically, by incorporating
comorbidity features into the model, the risk level of patients can be determined more accurately.
This strategy can improve the predictive performance of the model, making it more reliable and
practical and ultimately enabling more comprehensive and personalized risk assessment. This
improvement can lead to better decision-making, anesthesia management, and overall health care
quality for patients.

Table 1. Performance of compared predictive models.

Mel\t’{lLo i P/R/F (%) Ensel\n/}gﬁjgsd DL P/R/F: (%)
NB 55.16/58.75/56.90 | RF 67.67/51.83 /58.70
LR 55.43/62.19/58.62 | XGB 58.25 / 56.68 / 57.45
KNN 67.64/51.96/58.77 | LGBM 62.93/53.67/57.93
DT 53.70/53.99/53.84 | MLP 65.48 / 52.28 / 58.14
SVM 56.77/57.80/57.28 | Our Method 60.26 / 61.40 / 60.78
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DISCUSSION

In line with the objectives delineated in the introduction, this study successfully developed and
validated a predictive methodology using the LightGBM model for anesthetic risk stratification in
gynecologic and obstetric patients. Our findings affirm the efficacy of employing advanced machine
learning techniques to analyze substantial clinical datasets for identifying nuanced patterns and
relationships not typically discernible through conventional methods in anesthetic risk classification.
Significantly, the integration of comorbidity information and clinical laboratory data enhanced the
accuracy and predictive capabilities of our model by incorporating physiological indicators and
pathological characteristics, thus improving the identification of patients at higher anesthetic risk.
Furthermore, our methodological innovations prioritize model interpretability and visualization,
enabling healthcare professionals to gain a deeper understanding of the predictive mechanisms at
play and assisting in effective anesthesia strategy development and patient safety enhancement.

Analyzing the characteristics used in models is crucial for understanding the patterns and
relationships within the data. By examining these features, we can gain insights into how the model
works, identify biases, and ascertain which attributes are key to forecasting the target variable.
Evaluating feature significance can reveal the relative importance of each attribute within the model
and identify the attributes that considerably affect the model’s efficiency. By investigating these
features, we can improve our understanding of the data and enhance the overall effectiveness of our
model. Permutation feature importance is a prominent machine learning technique used to determine
feature significance; in this technique, feature values are randomly shuffled, the model is retrained,
and the effect of the shuffled features on performance is assessed [20]. A marked decline in
performance upon shuffling suggests high importance, whereas a minimal effect indicates a low
contribution. The permutation feature importance algorithm, therefore, helps identify the features
with the most influence on the model’s output. The versatility of permutation feature importance
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enables its application across different models, including LightGBM. In our research, we applied this
technique to assess the predictive strength of various clinical factors.

The feature importance results were subsequently averaged. The importance of the original
features under 10-fold cross-validation was evaluated using permutation feature importance (Figure
5). The 6 most important features were WBC, AST, EGFR, age, PT, and PLT. WBC, which indicates
the number of leukocytes in your body, achieved the highest importance score (0.04). Therefore, the
immune system, which defends against infection and disease, is the most important factor. AST,
EGFR, age, and hematologic factors were also important. Because our data were homogenous in
terms of sex and surgical type, the model focused on the main physiological difference between
gynecologic and obstetric patients, which is gestation. Because WBC are commonly suspected
infection or inflammation [21], we can conclude that in our result the WBC pose the highest risk
factor of preoperative assessment [22]. Liver function and renal function undergo changes during
gestation, which affects high-risk prediction [23, 24]. In clinical practice, physicians and anesthetists
should consider whether the complete blood count and coagulation tests are necessary components of
a preoperative blood examination [25]. This model suggests that the WBC, AST, EGFR, PT, and PLT
are more relevant and cost-effective factors that should be considered in the preoperative blood
examination.

We further analyzed the comorbidity feature patterns generated in this study. In total, 60
comorbidity feature patterns were employed in our model and divided into five rankings according to
their LLR weighting (Table 2). Notably, the comorbidities that posed the highest risk were gestation-
related, with severe preeclampsia-related hypertension posing the highest risk. The second highest
ranking comorbidities were severe preeclampsia-related hyperglycemia and fetal distress.
Determining ASA physical status scores for obstetric patients is not straightforward. According to the
ASA physical status guidelines (2020 revision), normal pregnancy is not considered a disease; yet, it
is classified as ASA physical status score II due to the distinct physiological state of parturient [26].
However, little guidance is available on how to adjust for the many complications of pregnancy [27].
Obstetric anesthesiologists, when determining whether a cesarean section is necessary, consider
complex gestation complications rather than age alone [28, 29]. From this study, pregnant women
with pathological conditions, such as those involving preeclampsia-related hypertension or
hyperglycemia, should be classified as high-risk cases. Given the effect of gestation on organ
function and potential threats to maternal well-being (e.g., infections) or preanesthetic physical
status, all abnormal conditions should be considered together.

LIMITATION

This study focuses exclusively on gynecologic and obstetric patients from the National Taiwan
University Hospital-Integrated Medical Database, which began recording pertinent patient
assessment data prior to anesthesia in 2019. Consequently, the scope of our analysis is constrained by
the duration of data availability. Additionally, as our dataset predominantly comprises Taiwanese
individuals, the findings may not be directly generalizable to other ethnic groups. This ethnic
homogeneity limits the broader applicability of our results and underscores the need for caution
when extrapolating these findings to diverse populations.

Furthermore, the current research employs a binary classification framework for anesthetic risk,
distinguishing only between the presence and absence of anesthesia-related risk. Anesthetic
outcomes may be oversimplified with this approach, although it is useful for preliminary risk
stratification. Future iterations of this research will aim to develop more nuanced models that classify
anesthetic risk into multiple categories, thereby enhancing the precision of risk assessments.

CONCLUSION
In conclusion, this study not only advances the application of machine learning in the field of
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anesthetic risk classification for gynecologic and obstetric patients but also sets a precedent for the
integration of comprehensive clinical data in medical predictive models. Utilizing the LightGBM
model, our approach enhances predictive accuracy by effectively synthesizing comorbidity
information with clinical laboratory data. This methodology does not merely improve anesthetic risk
assessments; it facilitates a deeper understanding of the underlying factors influencing patient
outcomes, thereby enabling more informed clinical decision-making. Besides its immediate clinical
utility, our model's visualization and explanatory analyses expand the discourse on how machine
learning can be strategically applied to enhance surgical outcomes and patient safety. These findings
underscore the potential for sophisticated, data-driven approaches to transform patient care by
providing anesthesiologists with precise, actionable information tailored to individual patient
profiles.

In the future, we plan to incorporate a wider variety of clinical variables and patient-specific
factors into our anesthetic risk stratification models. In addition to refining the models' accuracy,
we'll explore their applicability across different medical fields, potentially extending beyond
gynecology and obstetrics. The ultimate objective is to develop a dynamic, personalized anesthetic
risk stratification framework that integrates multiple risk factors, employs advanced machine
learning techniques, and leverages real-time data to substantially enhance the quality of patient care
across healthcare settings.

Declarations

- Ethics approval and consent to participate

This study was approved by the Institutional Review Board of the National Taiwan University
Hospital (Trial Registration 202204010RINB). The requirement for informed consent was waived by
the National Taiwan University Hospital Research Ethics Committee due to the retrospective and
anonymous nature of the claims data. All procedures performed in this study involving human
participants were in accordance with the ethical standards of the Institutional Review Board of the
National Taiwan University Hospital and with the 1964 Helsinki Declaration and its later
amendments or comparable ethical standards.

-Consent for publication

Not applicable

-Author Contributions

FFT and YCC wrote the main manuscript.

FFT and BCS and HMY complete the IRB application and collected data.
YCC instructed the figures.

YCC and YWC analyzed data and instructed the tables.

MHH and HMY proposed the idea and coordinated the whole project.

All authors reviewed the manuscript.

https://preprints.jmir.org/preprint/54097 [unpublished, peer-reviewed preprint]



JMIR Preprints Tsa et d

-FUNDING

-ACKNOWLEDGMENT
This manuscript was edited by Wallace Academic Editing. Special gratitude to Prof. Yi-Chia Lee and
Department of Medical Research, National Taiwan University Hospital.

- DATA AVAILABILITY

The data that support the findings of this study are available from National Taiwan University
Hospital but restrictions apply to the availability of these data, which were used under license for the
current study and so are not publicly available. Data are however available from the authors upon
reasonable request and with permission of National Taiwan University Hospital.

REFERENCES

1.

10.

11.

Hackett NJ, De Oliveira GS, Jain UK, Kim JY. ASA class is a reliable independent predictor of medical
complications and mortality following surgery. Int J Surg. 2015 Jun;18:184-90.

Lupei MI, Chipman JG, Beilman GJ, Oancea SC, Konia MR. The association between ASA status and
other risk stratification models on postoperative intensive care unit outcomes. Anesth Analg. 2014
May;118(5):989-94.

Curtis B, Laurent GG, Colin PD, Lee AF, Robert GH, Steven RM, Christina M, Timothy N, Martha P,
Babu GW. Perioperative Neurological Evaluation and Management to Lower the Risk of Acute Stroke in
Patients Undergoing Noncardiac, Nonneurological Surgery: A Scientific Statement From the American
Heart Association/American Stroke Association. Circulation. 2021 May 11;143(19):e923-e946.

Wijeysundera DN. Predicting outcomes: Is there utility in risk scores? Can J Anaesth. 2016
Feb;63(2):148-58.

Visnjevac O, Davari-Farid S, Lee J, Pourafkari L, Arora P, Dosluoglu HH, Nader ND. The effect of adding
functional classification to ASA status for predicting 30-day mortality. Anesth Analg. 2015
Jul;121(1):110-116.

Le Manach Y, Collins G, Rodseth R, Le Bihan-Benjamin C, Biccard B, Riou B, Devereaux PJ, Landais P.
Preoperative Score to Predict Postoperative Mortality (POSPOM): Derivation and Validation.
Anesthesiology. 2016 Mar;124(3):570-9.

Terekhov MA, Ehrenfeld JM, Wanderer JP. Preoperative Surgical Risk Predictions Are Not Meaningfully
Improved by Including the Surgical Apgar Score: An Analysis of the Risk Quantification Index and
Present-On-Admission Risk Models. Anesthesiology. 2015 Nov;123(5):1059-66.

Pozhitkov, A., Seth, N., Kidambi, T. D., Raytis, J., Achuthan, S., & Lew, M. W. (2021). Machine learning
algorithm to perform ASA Physical Status Classification. medRxiv, 2021-10.

Mayhew D, Mendonca V, Murthy BVS. A review of ASA physical status - historical perspectives and
modern developments. Anaesthesia. 2019 Mar;74(3):373-379.

Zhang L, Fabbri D, Lasko TA, Ehrenfeld JM, Wanderer JP. A System for Automated Determination of
Perioperative Patient Acuity. J Med Syst. 2018 May 30;42(7):123.

Zambouri A. Preoperative evaluation and preparation for anesthesia and surgery. Hippokratia. 2007
Jan;11(1):13-21. PMID: 19582171; PMCID: PMC2464262.

https://preprints.jmir.org/preprint/54097 [unpublished, peer-reviewed preprint]



JMIR Preprints Tsai et d

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Schiitze, H., Manning, C. D., & Raghavan, P. (2008). Introduction to information retrieval (Vol. 39, pp.
234-265). Cambridge: Cambridge University Press.

Ke, G., Meng, Q., Finley, T., Wang, T., Chen, W., Ma, W,, ... & Liu, T. Y. (2017). Lightgbm: A highly
efficient gradient boosting decision tree. Advances in neural information processing systems, 30.

Merghadi, A., Yunus, A. P., Dou, J., Whiteley, J., ThaiPham, B., Bui, D. T., ... & Abderrahmane, B. (2020).
Machine learning methods for landslide susceptibility studies: A comparative overview of algorithm
performance. Earth-Science Reviews, 207, 103225.

Borisov, V., Leemann, T., Seller, K., Haug, J., Pawelczyk, M., & Kasneci, G. (2022). Deep neural
networks and tabular data: A survey. IEEE Transactions on Neural Networks and Learning Systems.

Gorishniy, Y., Rubachev, I., Khrulkov, V., & Babenko, A. (2021). Revisiting deep learning models for
tabular data. Advances in Neural Information Processing Systems, 34, 18932-18943.

Chen, T., & Guestrin, C. (2016, August). Xgboost: A scalable tree boosting system. In Proceedings of the
22nd acm sigkdd international conference on knowledge discovery and data mining (pp. 785-794).

Murtagh, F. (1991). Multilayer perceptrons for classification and regression. Neurocomputing, 2(5-6),
183-197.

Li DC, Liu CW, Hu SC. A learning method for the class imbalance problem with medical data sets.
Comput Biol Med. 2010 May;40(5):509-18.

Altmann, A., Tolosi, L., Sander, O., & Lengauer, T. (2010). Permutation importance: a corrected feature
importance measure. Bioinformatics, 26(10), 1340-1347.

Samuel D., Brian S., Sue P., Lawence 1., Manu V. (2021). White blood cells in pregnancy: reference
intervals for before and after delivery. EBioMedicine, Dec 74, 103715.

Jeremiah RB, R. C. L., Kristine C., Cathy S.R., Lawrence J. D., Richard A. B., Robert E. H., Susan R. H.,
Patricia H., Cheryl J., Helen D., Benjamin M. W.,, Dennis D., Kelly L., Reed D. Q., Patrick C. M., David
J. M., Anthony W.D. (2013). Preoperative white blood cell count and risk of 30-day readmission after
cardiac surgery. International Journal of Inflammation 2013, ID781024.

Maria G., Valentina C., Filomena M. (2020) The interpretation of liver function tests in pregnancy. Best
Practice & Research Clinical Gastroenterology 44-45, 101667.

Kate W., Lucy C., Katherine C., Louise E., Matt H., Liz L., Germ M., Durba M., Catherine NP., Philip W.,
Rebecca W., and Kate B. (2019) Clinical practice guideline on pregnancy and renal disease. BMC
Nephrology 20:401.

Frederick T. O. (2016) Preoperative evaluation of the surgical patient. Science Medicine Missouri
Medicine 113:3 p.196-201.

Atilio B. M., Holly A. M., Tong J. G., James D. R., Tede S., William D. W., Moeen K. P., and John R. S.
(2006). Use of a Modifier Reduces Inconsistency in the American Society of Anesthesiologists Physical
Status Classification. ANESTH ANALG 102 p.1231-3.

Wang HC, Tsai PS, Li KY, Fan YC, Huang CJ (2017). Perioperative risk factors for postpartum
pulmonary embolism in Taiwanese Cesarean section women. Asian Journal of Anesthesiology 2017: 55

https://preprints.jmir.org/preprint/54097 [unpublished, peer-reviewed preprint]



JMIR Preprints Tsai et d

28. Rydah E., Eugene D., Mette J., Rikke D. M. (2019). Cesarean section on a rise—Does advanced maternal
age explain the increase? A population register-based study. PLOSONE Jan 24: 0210655

29. Emmanuel A., Yariv Y. (2021). The impact of advanced maternal age on pregnancy outcome. Best
Practice & Research Clinical Obstetrics and Gynaecology 70: 2e9

https://preprints.jmir.org/preprint/54097 [unpublished, peer-reviewed preprint]



JMIR Preprints Tsai et d

Supplementary Files

Untitled.
URL.: http://asset.jmir.pub/assets/edb46202b8a2cdal 28bc259d5a4f 8f bb.docx

https://preprints.jmir.org/preprint/54097 [unpublished, peer-reviewed preprint]



JMIR Preprints Tsai et d

Multimedia Appendixes

Permutation feature importance evaluation of 16 features.
URL.: http://asset.jmir.pub/assets/22895186fd9361b52096bb02340fd11c. pdf

Table 2. Comorbidity feature patterns for high-risk ASA identification.
URL.: http://asset.jmir.pub/assets/c98d65393cf88586ed42d83cd1000d87.docx

https://preprints.jmir.org/preprint/54097 [unpublished, peer-reviewed preprint]


http://www.tcpdf.org

	Table of Contents
	Original Manuscript
	Supplementary Files
	
	Multimedia Appendixes
	Multimedia Appendix 1
	Multimedia Appendix 2



