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Abstract 
For intraoperative hypothermia prediction problem, this paper proposes a TabNet-
based intraoperative hypothermia model RFCI-TabNet. To verify the learning ability of 
TabNet for table data, the original data using a causal model for feature selection, and 
experiments were conducted on actual intraoperative hypothermia data, and the results 
showed that the method TabNet has higher prediction accuracy than the traditional 
intraoperative hypothermia model. 
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1. Introduction 

Risk prediction models are usually based on the etiology of a certain disease and are developed by 
analyzing the risk level of multiple factors to predict (assess) the probability of a certain future event 
in a population with certain characteristics in a certain situation and thus to prevent it as early as 
possible. Intraoperative hypothermia is defined as a core body temperature below 36°C in humans 
undergoing surgical treatment. Intraoperative hypothermia is preventable, and researchers have 
studied the problem of intraoperative hypothermia in depth. Kasai et al.[1] first proposed an logistic 
regression (LR) model to analyze the incidence of intraoperative hypothermia in 2002. In this study, 
five features were selected by reverse feature elimination to build the model, which had a sensitivity 
of 0.81 and specificity of 0.83, and predicted well for patients undergoing open surgery requiring 
general anesthesia. In 2008, considering the risk of bias in the prediction of the model, Rincón et al.[2] 
randomly assigned 264 patients to the training set (200) and the test set (64), and used a double 
analysis of variance and backward elimination of insignificant variables LR model selected five 
features for modeling, the AUC of the test set was 0.85 and the model fit was good. In 2014, Lundgren 
et al.[3] proposed a cold discomfort scale based on numerical scoring method, the model gave cold 
discomfort by asking patients' subjective cold sensation level, scoring human comfort from 0 to 10. 
This method can help reduce the risk of hypothermia by effectively identifying patients who 
experience cold irritation at an early stage when physical indicators cannot be measured in the field. 
In 2018, Yi et al.[4] proposed a scoring equation for intraoperative hypothermia predictors in patients 
undergoing general anesthesia. The LR model was used for 1,387 patients obtained from 3,132 
general anesthesia surgery patients nationwide, and seven risk factors were selected as modeling 
features by analyzing the literature from experts, and the validation group AUC was 0.771, 
demonstrating the model effect on a larger data set. In 2019, Pu Y et al.[5] proposed an intraoperative 
hypothermia in laparoscopic surgery patients for laparoscopic surgery patients risk prediction model. 
The model was modeled with four features selected by univariate and multifactor LR, and the 
validation group AUC was 0.791 with moderate to good model fit. In 2021, Kong et al.[6] subjected 
369 maternal data of cesarean delivery to univariate and multifactor LR analysis, and seven features 
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were selected for modeling. Sixty-four women were selected for external validation, and the model 
had 100% sensitivity, 74.0% specificity, and 79.7% accuracy, which was a good predictor for patients 
undergoing cesarean section. Currently, regarding the problem of intraoperative hypothermia risk 
prediction, domestic and international researchers mainly use LR model modeling, and there are often 
deficiencies in model evaluation. Intraoperative hypothermia risk prediction models require higher 
accuracy and the prediction performance needs to be further improved[7]. Some neural network-
based "black box models" are not available because the medical field often requires models with a 
certain degree of interpretability, resulting in less research on the application of machine learning 
algorithms in this area. 

Although many machine learning models are available, these methods have not been used for the 
problem of intraoperative hypothermia prediction. For this reason, this paper focuses on a TabNet-
based intraoperative hypothermia prediction model. In this paper, improvements are made in the 
following aspects: (1) feature selection of intraoperative hypothermia data using causal models (2) 
TabNet is applied to the intraoperative hypothermia risk prediction problem, which effectively 
improves the model accuracy. 

2. Basic Algorithm Introduction 

2.1 TabNet 

 
Fig.1 TabNet structure 
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Fig. 2 Schematic diagram of the feature transformation layer consisting of a 4-layer network 

 

Deep learning has been highly successful for image, audio and text data, among others, but traditional 
deep neural networks consist of multiple multilayer perceptrons or convolutional layers with many 
parameters, which are not conducive to structured tabular data learning [8]. Integrated models of 
decision trees are widely used in many machine learning competitions for structured tabular data, 
such as XGBoost, LightGBM or Catboost. This is due to the fact that tree models can effectively 
partition tabular data through a decision flow shape and that tree models have good interpretability. 
TabNet works well for tabular data tasks by designing specific modules that are similar to decision 
trees for decision flow shapes, which retain the end-to-end learning capability of deep learning but 
have the interpretability of tree models [9-10]. TabNet constructs a neural network framework similar 
to an additive model by successive multi-step decision steps, consisting of feature transformation 
layer, attention transformation layer, etc., and the structure is shown in Fig. 1. the TabNet algorithm 
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is divided into 3 main steps:(1) for the category features in tabular data, the category features are first 
feature embedded using batch normalized BN. the TabNet algorithm each time passes the same 
features passed to each decision step, D represents the feature dimension and B represents the batch 
size. (2) The feature conversion layer is shown in Fig. 2 and consists of BN, Full connection layer 
(FC), and Gated Linear Unit (GLU). The features are converted to compute the features of the current 
input, where the parameters of the first half of the layer are shared, while the second half is not. The 
Split layer cuts the output vector of the feature conversion layer into two parts, one part is obtained 
after the Rectified Linear Unit (ReLU) and the other part is used as the input of the attention 
conversion layer. (3) The attention conversion layer is shown in Fig. 3, and the output of the previous 
step is determined by the attention conversion layer and input into the weight coefficient matrix Mask. 
The Sparsemax is used to normalize the coefficients so that the Mask matrix is sparse and non-
repetitive, Prior Scales is a weighted scaling factor with the same size as the input features, and Mask 
filters the unimportant features to complete the feature selection function. TabNet performs multi-
layer stacking for learning through the above three steps, and the output vectors of each step are 
summed by Agg The output vector of each step is summed up by Agg summation module to get the 
global importance of features (Feature attributes). 

 

FC

BN

Sparsemax

Prior scales

 
Fig. 3 Attention transformation layer 

2.2 Causal Model 

Really fast causal inference[11] (RFCI) algorithm was proposed by Diego et al. The RFCI model can 
portray the dependencies of the variables in high-dimensional data and represent the causal 
relationships in the data. The specific flow of the RFCI algorithm is shown in Algorithm 1. 

Algorithm 1 RFCI algorithm. 

Input: set of observable variables. 

Output: directed acyclic graph 𝐺. 

Step 1: construct a complete graph consisting of undirected edges containing all variables. 

Step 2: conditional independence test for each pair of nodes. 

Step 3: determine the 𝑣- and non-𝑣-structures. 

Step 4: orient as many edges as possible using orientation rules. 

Step 5: return the maximally oriented frame graph and the separating set. 

Step 6: output the directed acyclic graph 𝐺. 
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3. Introduction of RFCI-TabNet Algorithm 

To improve the prediction performance of the model, we first use RFCI for feature selection and 
model the selected features to build the RFCI-TabNet algorithm The specific algorithm flow of the 
RFCI-TabNet algorithm is shown in Algorithm 2, and its framework is shown in Fig. 4. 

Algorithm 2 RFCI-TabNet algorithm. 

Input: original data 1 1 2 2{( , ), ( , ),..., ( , )}m my y yD x x x ; base learning algorithmM . 

Output: Integrated learning classifier results. 

Step 1: Perform feature engineering via RFCI, remove irrelevant features and obtain D’. 

Step 2: Train the TabNet classifier based on the data D’, ( ')f  DM . 

Step 3: Set the threshold value to output the prediction result. 
 

Input Data

Feature Engineering

TabNet

Output
 

Fig. 4 RFCI-TabNet algorithm 

4. Experimental Results and Comparison 

4.1 Dataset 

Table 1. Dataset 

Features Actual meaning Type 

1x  
Does preoperative hypothermia occur Boolean 

2x  
Preoperative body temperature Continuous 

3x  
Gender Boolean 

4x  
Age Discrete 

5x  
ASA Classification ordered 

6x  
BMI Continuous 

7x  
Type of surgery Unordered type of classification 

8x  
Duration of anesthesia Continuous 

9x  
Volume of fluid infusion Continuous 

10x
 

Blood loss Continuous 

11x
 

Flush Boolean 

12x
 

Whether intraoperative hypothermia occurs Boolean 



International Core Journal of Engineering Volume 8 Issue 6, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202206_8(6).0074

 

551 

 

The data set in this paper is actual hypothermia data with 295 samples. The data set has two types of 
outcomes: those with intraoperative hypothermia and those without intraoperative hypothermia. The 
overall incidence of intraoperative hypothermia was approximately 67.80%. After data preprocessing 
to remove samples with excessive missing data, 290 of these samples were ultimately used for 
modeling. Table 1 illustrates the raw data specifics of the intraoperative hypothermia dataset. 

4.2 Evaluation Metrics 

In this paper, we divide the data set into training set (75%) and test set (25%), and use five-fold cross-
validation to calculate AUC (Area under the curve) to reasonably evaluate the model performance in 
the presence of imbalance in intraoperative hypothermia samples.AUC is the ROC (Receiver 
Operating characteristic) curve under the The horizontal axis of the ROC is the True Positive Rate 
(TPR) and the vertical axis is the False Positive Rate (FPR). The True Positive Rate (TPR) represents 
the probability that a true positive class will be found. The calculation formula is. 

 

𝑇𝑃𝑅 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (1) 

 

False Positive Rate (FPR) represents the proportion of all negative classes that the classifier considers 
to be positive. The calculation formula is. 

 

𝐹𝑃𝑅 =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
  (2) 

 

where TP indicates that the true positive class samples are predicted as positive classes and are 
predicted correctly; FP indicates that the true negative class samples are predicted as positive cases 
and are predicted incorrectly; FN indicates that the true positive class samples are predicted as 
negative classes and are predicted incorrectly; and TN indicates that the true negative class samples 
are predicted as negative classes and are predicted correctly. 

4.3 Analysis and Comparison of Results 

In this paper, we will validate the proposed method based on the intraoperative hypothermia dataset, 
and compare the RFCI-TabNet algorithm with the TabNet method, based on the original data's and 
after selecting the data based on the RFCI respectively. To ensure fairness, all experiments were 
conducted under Intel Core i7-10700 CPU running environment using Python3. 

The TabNet algorithm based on raw data was first modeled based on the raw data of intraoperative 
hypothermia. The model based on the RFCI causal model first went through a causal model from the 
raw data. the characteristic causal relationships output by the RFCI algorithm are shown in Fig. 5, 
which clearly shows that many factors such as preoperative body temperature and BMI directly or 
indirectly affect the occurrence of intraoperative hypothermia condition. According to the causal 
model, the x3, x4 and x5 features that are not correlated with the outcome x12, i.e., the three features 
of gender, age and ASA, can be eliminated. the RFCI-TabNet method builds a TabNet classifier based 
on the remaining eight features. The results of the two methods are shown in Table 2. 
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Fig.5 Causal model of intraoperative hypothermia risk 

 

As can be seen from Table 2, the AUC of the TabNet algorithm for the original data is 0.7518; the 
AUC of the TabNet algorithm trained on the data selected according to the RFCI causal model 
features is 0.8092, which is higher than that of the TabNet algorithm for the original data, because 
the RFCI eliminates irrelevant features and improves the modeling accuracy performance. 

 

Table 2. Table of experimental results 

Method Number of features AUC 

TabNet  11 0.7518 

RFCI-TabNet 8 0.8092 

5. Conclusion 

In order to improve the prediction performance of the intraoperative hypothermia model, we propose 
an RFCI-TabNet algorithm. Compared with other existing models, literature [4] based on LR model 
with an AUC of 0.771 and literature [5] based on logistic regression model for intraoperative 
hypothermia model with an AUC of 0.791, the model performance is lower. Therefore, the 
performance of the TabNet-based intraoperative hypothermia model proposed in this paper is superior. 
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