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Random forest algorithm
for predicting postoperative
hypotension in oral cancer
resection and free flap
reconstruction surgery

Shuiting Zhang®2*, Yanling Zhang?, Xinyu Ouyang?, Hui Li* & Ruping Dai%2**

This study aimed to investigate the risk factors for low postoperative blood pressure and construct

a machine learning (ML) model based on these features for real-time prediction in patients with oral
cancer following reconstruction surgery. The retrospective cohort analysis included adults who had
undergone oral cancer resection and free flap reconstruction surgery between December 2022 and
December 2023. Patient clinical characteristics were obtained from the electronic medical records.
Seven ML techniques were attempted with postoperative hypotension (POH) (mean arterial pressure
<55 mmHg) as the primary outcome. The best-performing ML model was tuned, and the final
performance was evaluated using split-set validation, followed by risk factor identification and model
interpretability. Of the 727 patients, 412 were finally included, with 66 (16.2%) experiencing POH,
resulting in higher inpatient costs and prolonged hospitalization. With an area under the receiver
operating characteristic curve of 0.805 (95% confidence interval [CI]: 0.674-0.935), the random forest
model demonstrated excellent performance. Shapley additive explanation and feature importance
analysis revealed that systolic pressure, heart rate, tumor size, lactic acid level, diastolic pressure,
surgical time, total liquid infusion volume, and body mass index were significant risk factors for POH,
indicating the robustness of the random forest model.

Keywords Random Forest, Postoperative hypotension, Free flap reconstruction, Oral cancer, Prediction
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Surgical resection has been the mainstay treatment for oral cancers!. However, surgery can result in significant
cosmetic deformities and impair oral functions, such as mastication, deglutition, and speech?. The development
of a wide range of reconstructive options to improve the quality of life and functionality after ablative surgery is
a major advancement in the surgical treatment of oral cancer?. Because of the excellent vascularity and increased
rate of partial necrosis of the flap skin island in a pedicled flap, free flap reconstruction is currently the preferred
reconstructive process for oral cancer surgery*. However, adverse postoperative outcomes such as flap necrosis
and organ dysfunction considerably affect the prognosis and quality of life even after successful surgery*°.

Hypotension is an independent risk factor for adverse perioperative outcomes®’. Despite the sophisticated
care offered by medical professionals during the postoperative period, which is important for patient recovery,
hypotension is frequently an unintended effect. Furthermore, despite its association with substantial patient
harm and financial implications®, no studies have investigated the risk factors for postoperative hypotension
(POH) across a representative free flap reconstruction surgical population to provide therapeutic relevance to
the findings. Therefore, understanding the impact and early recognition of POH on adverse clinical outcomes
among postsurgical patients can provide better help formulate strategies for early intervention in oral cancer
resection and free flap reconstruction surgery.

Machine learning (ML) is the scientific study of algorithms and statistical models used by computers to
complete a certain task without explicit instructions®. In the self-discipline of anesthesiology, multiple machine-
learning models have been established to predict clinical outcomes after surgery, with performance comparable
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to or better than classical modeling!®. However, research into the application of these models in the POH is
limited.

In this study, we performed a retrospective cohort study on a generalizable cohort of adult patients at a public
tertiary hospital to investigate the risk variables for POH after oral cancer resection and free flap reconstruction
surgery. We anticipated that, with a comprehensive evaluation of all available perioperative parameters, multiple
important variables would be independently associated with POH. Additionally, we hypothesized that critical
clinical characteristics can be used to evaluate and build the best-performing prediction ML model, which would
vary depending on perioperative risk. These findings may guide the design of future prospective interventional
trials aimed at preventing POH.

Methods
Study design
This retrospective observational study was approved by the Research Ethics Committee of Second Xiangya
Hospital, Central South University (LYF 20240022, Changsha, China). Research participants were performed in
accordance with the Declaration of Helsinki, and each patient provided written informed consent.

The study design is illustrated in Fig. 1. No intervention measures were involved, and all protected health
information except the date of surgery and extremes of age (* 80 years) were removed before analysis. The study
outcomes, data collection, and statistical methods were established a priori.

Study population

This study included patients who had undergone oral cancer resection and free flap reconstruction surgical
procedures at a public tertiary hospital between December 1,2022, and December 31, 2023. The written informed
consent was obtained from all patients before surgery. And the participants were selected based on the availability
of the complete data relevant to this study. Adult patients (aged > 18 years) without serious complications such as
stage V chronic kidney disease were included. Patients without a history of chemotherapy and/or radiation and
those with the availability of complete data were included. In addition, patients who had undergone oral cancer
reconstruction surgery were typically admitted to the anesthesia intensive care unit (AICU) for recovery. The
final analysis included 412 patients.

Data source

A limited dataset of electronic medical records from inpatient settings was extracted as applicable to this study. To
ensure data accuracy, a clinician manually audits random subsets of cases to examine and verify the correctness
of the data extraction and its source. Our primary outcome and study endpoint was POH, defined as a mean
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Fig. 1. Study design. AICU anesthesia intensive care unit.
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arterial pressure (MAP) < 55 mmHg in the AICU after oral cancer resection and free flap reconstruction'!. MAP
values were measured using a blood pressure monitor and computed using the formula [(2 x diastolic blood
pressure) + systolic blood pressure]/3, as previously described'2.

Patient characteristics

The selected study variables included: (1) preoperative parameters, such as age, sex, height, weight, body mass
index (BMI), body surface area (BSA), systolic/diastolic pressure, smoking history, alcohol consumption,
Charlson comorbidity index (CCI), reoperation, biochemical data (such as leukocyte count, neutrophil ratio,
platelet count, hemoglobin, etc.), hospitalization costs, and length of stay and so on; (2) Anesthetic-surgical
factors included the American Society of Anesthesiologists (ASA) grade, emergency status, awake tracheal
intubation, surgery time, bleeding, blood transfusion, total liquid intake, use of tracheostomy, and dosage of
sufentanil, remifentanil, and midazolam. (3) Postoperative variables, including Pathology related data (tumor
size, T classification, lymph node metastasis, and tumor stage), brain natriuretic peptide, lactic acid level,
oxygenation index, procalcitonin, and erythrocyte sedimentation rate.

Boruta feature selection
The Boruta method is a feature-selection algorithm based on a random forest (RF) classifier. The purpose of the
Boruta model is to select the set of features that are most important to the dependent variable!?.

ML models

Because not all ML algorithms provided sufficient internal validation, the data were randomly partitioned into
70/30 training and test sets. Specifically, 70% of the data were used to train the ML models, and 30% were
used as the test set'%. The ML algorithms were trained on the training set in any order, and ten-fold cross-
validation was repeated three times to reduce initial overfitting. Owing to concerns regarding how different ML
models handle class imbalances, the area under the receiver operating characteristic curve was selected as the
major performance parameter. Furthermore, threshold-dependent estimates of sensitivity and specificity at the
“best” thresholds were calculated for each model. Bootstrap was calculated with 1000 stratified bootstrap repeats
using the “pROC” program. The following ML algorithms were trained: logistic regression (LR), support vector
machine (SVM), decision tree (DT), RE, extreme gradient boosting (XGBoost), K-nearest neighbor (KNN), and
light gradient boosting machine (LightGBM).

Statistical analyses

Continuous data with a normal distribution are presented as means and standard deviations, and non-
normally distributed variables are presented as medians and interquartile ranges. Categorical data are presented
as numbers and frequencies (%). Categorical variables were compared using the x2 or Fisher exact test with
Yates adjustments. Student’s t-tests were used to compare continuous variables. The association between POH
thresholds and outcomes was assessed using two-tailed hypothesis testing. Patients who met the selection
criteria were randomly divided into two cohorts: derivation and validation. Adjusted odds ratios and 95%
confidence intervals (Cls) were used to measure the effect size. All statistical analyses, ML model creation and
image production were performed using SPSS 24.0 (IBM Corp., Armonk, NY, USA), and GraphPad Prism 8.0
(La Jolla, CA, USA) and R version 4.3.3 (version 4.2.1, R Core Team, Vienna, Austria). Statistical significance
was defined as p <0.05.

Results

Study cohort and patient characteristics

Of the 727 patients who had undergone surgical intervention, free flap reconstruction surgery was not performed
in 156, and continuous arterial blood pressure was not monitored and recorded in 47 patients. In total, 412
individuals (average age of 54.2+11.0 years) who met the study requirements were included in the final analysis
(Fig. 1). Among them, POH was reported in 66 (16.2%) patients. Baseline and demographic characteristics
based on the POH events are summarized in Supplementary Table 1.

Association between POH and healthcare expenditure

The effect of POH on hospitalization costs and postoperative duration of stay was analyzed. Hospitalization costs
(99406.2 vs. 91856.4; P<0.01) and duration of stay (10.7 vs. 9.3; P<0.001) were higher among patients with POH
than in those without POH (Fig. 2A and B).

POH risk model derivation and validation using RF algorithm

Parameters influencing POH occurrence were determined using the Boruta technique, which identified the
following 10 risk factors: sodium, surgical time, partial pressure of CO2, heart rate, weight, diastolic pressure,
BSA, liquid consumption, tumor size, and systolic pressure (Fig. 3A and B).

Using the selected variables, seven ML models were developed. After training, the model run on the test set
had an area under the receiver operating characteristic curve of 0.726 (95% CI, 0.596-0.847), 0.805 (95% CI,
0.674-0.935), 0.635 (95% CI, 0.506-0.764), 0.716 (95% CI, 0.588-0.844), 0.744 (95% CI, 0.667-0.820), 0.612
(95% CI, 0.468-0.755), and 0.691 (95% CI, 0.563-0.819) for DT, RE, LightGBM, SVM, LR, SVM, and XGboost,
respectively. Receiver operating characteristic curves and confusion matrix at “best” thresholds for RF method
are illustrated in Fig. 4A and B and Supplementary Fig. 1.
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Fig. 2. Increased burden in patients with oral cancer with postoperative hypotension (POH). (A,B), Patients
with POH (vs. non-POH) have significantly higher healthcare expenditure (A) and prolonged hospitalization
(B).

Feature importance evaluation and model interpretability

Accepting a prediction model that is not directly explainable and interpretable may not be feasible for the
clinicians; therefore, variable importance and Shapley additive explanation (SHAP) analyses were used to
identify key risk factors for POH and interpret the final model output by calculating each variable’s contribution
to the prediction. The feature importance plot revealed that systolic pressure, heart rate, tumor size, lactic acid,
diastolic pressure, surgical time, liquid intake, and BMI were independent predictors of POH in oral cancer
resection and free flap reconstructive surgery, which can facilitate the understanding of how a single feature
affects the output of the prediction model (Fig. 5A and B). Furthermore, the SHAP explanation analyzes how a
particular prediction is created for a specific individual using individualized input data. Figure 6A and B showed
specific cases of high- and low-risk POH in oral cancer resection and free flap reconstruction surgery based on
different features, respectively.
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Fig. 3. Variable shrinkage and selection using the Boruta algorithm. (A), Boruta feature selection model
identified 10 of the 50 variables that demonstrated a strong association with POH. The horizontal axis displays
the number of variables, while the vertical axis shows the root mean square error value of each variable. (B),
Classifier run of Boruta analysis. Every curve represents the Z-value of each variable in the model calculation.

Discussion

In our study, 50 perioperative clinical parameters and seven ML models were investigated and assessed for POH
prediction analyses in oral cancer patients undergoing free flap reconstruction surgery. Predictive risk factors
were identified, and a prediction model was constructed for patients who required reconstructive surgery using
RF models, which outperformed other algorithms, along with clinical and laboratory data easily extracted from
the electronic medical record system.

The postoperative period is crucial, and POH in particular has been associated with serious complications'.
Khanna et al. reported that increasing levels of hypotension, which were previously considered normal, may
predispose to cardiac injury, death, and renal injury in surgical ICU patients!®. Tetsuya et al. found that a 5-mm
Hg decrease in the lowest MAP was associated with a 28% increase in the risk of acute renal injury following
non-cardiac surgery for the lowest MAP <80 mmHg'”. Moreover, a significantly higher rate of postoperative
symptomatic hypotension was observed in the abdominal free flap breast reconstruction'®. However, to date,
no study has analyzed this association in patients undergoing surgeries for oral cancer resection and flap repair.
This retrospective study focused on the causes of POH in patients admitted to the AICU undergoing oral cancer

Scientific Reports |

(2025) 15:5452 | https://doi.org/10.1038/s41598-025-89621-w

nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

A ROC curve

1.00

0.75

Sensitivity
o
()
o

— DT AUC = 0.726 (0.596-0.847)

0.25 RF AUC = 0.805 (0.674-0.935)
’ — LightGBM AUC = 0.635 (0.506-0.764)
— SVM AUC = 0.716 (0.588-0.844)
— LR AUC = 0.744 (0.667-0.820)
— SVM AUC = 0.612 (0.468-0.755)
0.00 — XGboost AUC = 0.691 (0.563-0.819)
1.00 0.75 0.50 0.25 0.00
1 - Specificity
Predicted
B Hypotension Non-hypotension
c
S
2
5 8 11
o
o
>
_T 9
3 60
2 s 30
2 0
c
2
<3 11
>
<
<
(<]
p4

Random Forest

Fig. 4. Performance of ML models. (A), ROC curves of the seven ML models, the random forest (RF)
outperformed all the six other ML models. (B), Confusion matrix of RE. ML, machine learning; ROC: Receiver
operating characteristic; KNN: K-nearest neighbours; RF: Random forest; DT: Decision Trees; LR: Logistic
regression; SVM: Support vector machine; XGBoost: Extreme gradient boosting; Light GBM: Light Gradient
Boosting Machine.

reconstructive surgery to facilitate early management. Consistent with previous studies, POH was defined as an
MAP less than 55 mmHg.

The data presented establish the intuitive concept that the risk of POH varies according to the underlying
patient and procedural parameters. Systolic pressure, heart rate, tumor size, lactic acid level, diastolic pressure,
surgical time, total liquid infusion volume, and BMI were predictive variables for POH in oral cancer resection
and free flap reconstructive surgery. Alessandro et al. demonstrated that patients with a low preoperative MAP
were at an increased risk of POH, which could be attributed to the decreased capacity'®. The hormonal activity
in the body, liquid capacity, drug use, and a patient’s preoperative MAP are all obviously interrelated, and
postoperative recovery takes time. As a result, it is understandable that preoperative MAP has been noticed
to be a significant predictor of POH following tumor removal. Furthermore, individuals undergoing free flap
reconstruction surgery are more likely to have large tumors that require longer surgical process, which may result
in greater fluid and/or blood loss. Another study proposed preoperative heart rate variability as a predictor of
perioperative outcomes because it can provide information on preexisting comorbidities and physiological status
as well as dynamic observation of physiological interactions with perioperative events?’. Moreover, the increase
in arterial lactate in hemodynamically unstable individuals is related to shock and was a predictor of prolonged
hospitalization, and lower BMI was an independent predictor of the occurrence of hypotension?!. Interestingly,
the patient’s total liquid infusion volume was independently correlated with POH. One possible reason for these
findings is that preoperative variables such as surgical time and BMI, associated with the total liquid infusion
volume, demonstrated stronger independent correlations with POH. Additionally, studies have suggested that
the POH may be influenced by the surgeon’s experience or expertise. However, as surgical proficiency improves
and plateaus, the rate of reoperations due to flap necrosis in our facility remains quite low??.

Our findings highlighted the reliability and interpretability of the RF algorithm in predicting the POH
risk. Certain ML algorithms have been applied in perioperative treatment, such as predicting sepsis, acute
renal injury following cardiac surgery, and postoperative adverse events****. Given their superior performance
in ensemble learning, RF algorithms outperform other models in predicting mortality among patients with
myocardial infarction undergoing cardiac surgery®>?. To date, only one study has demonstrated that RF model
exhibits the best predictive performance, with an accuracy of 90% in preventing intraoperative hypotension
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Fig. 5. Feature importance evaluation based on the RF. (A) Summary plots of SHAP values based on the

RE. The size of the dots shows the magnitude of the feature’s impact, with larger dots denoting a stronger
impact. (B) Feature importance plot based on the RF in terms of accuracy and Gini analysis. A higher value
on the X-axis indicates greater importance of the feature in the corresponding model. SHAP: Shapley additive
explanation; RF: Random forest.

during cesarean section surgery?’. However, to our knowledge, no studies have analyzed the application of RF
algorithms to predict POH in surgical operations, especially in patients with oral cancer who underwent free flap
reconstruction surgery. In this study, with an area under the receiver operating characteristic curve of 0.805 (95%
CI: 0.674-0.935), the RF model outperformed the other six ML models. Furthermore, the SHAP explanation was
analyzed based on the RF analysis to determine high- and low-risk POH predictions for individual patients.
Overall, our data suggest the potential for aggressive real-time monitoring or to trigger an alert to notify
clinicians of early intervention in oral cancer resection and free flap reconstruction surgery.

This study had certain limitations. First, this single-center study used a dataset extracted over a one-year
period. Utilizing a larger dataset with a longer timeframe could have yielded slightly different results, as clinical
practice may have evolved over the duration of the study. Second, because this was a retrospective study, several
features closely associated with POH were not easily available as discrete values in the electronic health records
for incorporation into the model. For example, the postoperative wound drainage volume, free flap necrosis,
details of airway management, and preoperative laboratory values may have improved the discrimination and
clinical value of the model. Finally, considering the intermittent recording of MAP, there was the potential
for unstable MAP readings and potentially missing instances of POH, especially during the night shifts with
relatively fewer staff. Further prospective studies with larger sample sizes are warranted.

Conclusion

The incidence of POH in patients undergoing inpatient oral cancer resection and free flap reconstruction surgical
procedures is 16.2%. An explainable RF model was successfully developed to predict POH based on clinical data
that were easily extracted from electronic health systems. Notably, the SHAP explanation based on RF analyzes
how specific predictions were made for individual patients by integrating personalized input data. Our findings
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will enable the triggering of an alert to notify clinicians for early intervention and could help guide the design of
future prospective interventional trials aimed at preventing POH.

Data availability
The data used to support the findings of this study are included within the article.
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