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Purpose: Facial nerve paralysis, particularly Bell’s palsy, manifests as a rapid onset of unilateral facial weakness or paralysis. Despite 
most patients recovering within three to six months, a significant proportion experience poor recovery. This study utilized six machine 
learning models to investigate the effectiveness of early treatment in Bell’s palsy.
Patients and Methods: We applied data from 17 hospitals in Scotland to predict treatment outcomes. Patients were randomized into 
four groups: Prednisolone (corticosteroids), Acyclovir (antivirals), both, and placebo. Outcomes, defined as full resolution of 
symptoms, were assessed using the House-Brackmann scale at 3 and 9 months post-treatment. We employed six different machine 
learning models to predict recovery outcomes and evaluated model performance using AUC, precision, recall, and F1-score.
Results: Among 493 patients, 72.6% recovered after three months and 89.5% after nine months. Logistic regression demonstrated the 
highest predictive performance for both 3-month (AUC = 0.751) and 9-month recovery (AUC = 0.720). Additionally, several models 
achieved Precision levels exceeding 0.9. We further employed the best-performing logistic regression for feature ranking, indicating 
that the patient’s age and prednisolone administration are the most significant predictors of recovery.
Conclusion: The results highlight the potential of machine learning models in predicting the effectiveness of early treatment. This 
study conducted a comprehensive comparison of six different machine learning models, with the logistic regression showing the 
highest predictive performance for both 3-month and 9-month recovery. Additionally, feature ranking using logistic regression 
supported the importance of Prednisolone in treatment. Notably, our findings revealed the significance of age in prognosis evaluation 
for the first time. This suggests that future research should further develop age-specific prognostic models, enabling clinicians to tailor 
individualized treatment strategies more effectively. This previously unrecognized discovery provides a foundation for prognostic 
analysis in Bell’s palsy patients.
Keywords: Bell’s palsy, machine learning, prognostic prediction, feature ranking

Introduction
Facial nerve paralysis is the loss of facial movement due to pathological changes in the facial nerve, leading to impaired 
function of the voluntary facial muscles innervated by the nerve, resulting in facial asymmetry.1 Bell’s palsy is the most 
common peripheral paralysis of the seventh cranial nerve. This idiopathic condition has a rapid onset.2 Bell’s palsy 
should be suspected in patients with acute onset of unilateral facial weakness or paralysis involving the forehead in the 
absence of other neurologic abnormalities.3 The annual incidence is 15 to 20 per 100,000, with 40,000 new cases yearly. 
The lifetime risk is 1 in 60, and the recurrence rate is 8% to 12%. Most individuals start to recover within two weeks and 
are fully recovered within three to six months.4 Although 70% of patients experience complete resolution without 
treatment, up to 30% have a poor recovery. The major cause of Bell’s palsy is believed to be a viral infection of the facial 
nerve. The viral illnesses include herpes simplex virus, varicella-zoster virus, and Epstein-Barr virus.5–10 Due to this viral 
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infection, the facial nerve swells as it passes through the temporal bone and becomes compressed within the canal. This 
condition leads to the patient being unable to control the muscles on the affected side of the face.11,12

Recovery of facial nerve function is an important indicator guiding treatment recommendations. The House- 
Brackmann facial nerve grading system can be used to describe the degree of facial nerve weakness and evaluate 
treatment outcomes.2,12,13 The primary pharmacologic therapy for Bell’s palsy or facial nerve palsy is early short-term 
oral corticosteroid treatment. According to a review published by the American Academy of Family Physicians (AAFP) 
in 2023, an oral corticosteroid regimen (Prednisone, 50 to 60 mg per day for five days, followed by a five-day taper) is 
the first-line treatment. Starting this treatment within 48 hours of symptom onset yields the most effective results. The 
potential benefit of adding antiviral therapy to the corticosteroid regimen for patients with new-onset Bell’s palsy remains 
uncertain. Due to the absence of more comprehensive data, we recommend that severe facial paralysis patients 
categorized as House-Brackmann grade IV or higher should receive a combination of oral antiviral medication and 
corticosteroids. This combination therapy may also reduce the incidence of synkinesis (involuntary contraction of certain 
facial muscles). Recommended antivirals include Acyclovir (400 mg five times per day for ten days). Treatment with 
antivirals alone is ineffective and not recommended.14–18

Previous studies have demonstrated the effectiveness of machine learning models in predicting clinical outcomes for 
various medical conditions and identifying prognostic factors. For instance, an AI-enabled ECG algorithm using 
a convolutional neural network was developed to detect atrial fibrillation during normal sinus rhythm, showing promising 
results in outcome prediction.19 In another study, gradient-boosting decision trees (GBDT) were compared with logistic 
regression (LR) for diabetes prediction. The results revealed that GBDT models demonstrated greater reliability and 
accuracy, especially when analyzing big data.20 In the prediction of cardiovascular risk, the integration of artificial neural 
networks (ANN) has been demonstrated to be effective and exhibit high accuracy.21,22 Dong et al illustrate this through 
their development of six ML-based prognostic models designed to predict the overall survival of patients with alpha- 
fetoprotein (AFP)-positive hepatocellular carcinoma (HCC).23 By leveraging algorithms such as XGBoost, the study 
demonstrates the robust performance of ML in forecasting survival outcomes at 1-, 3-, and 5-year intervals. The models’ 
ability to accurately process a range of demographic and clinicopathological features provides valuable insights into 
patient prognosis. The XGBoost model’s superior performance across multiple time points highlights the potential for 
these tools to assist physicians in personalizing treatment strategies for patients with AFP-positive HCC. Peng et al 
demonstrated this potential through the development of ML-based prognostic models to predict overall survival for 
prostate cancer patients with lymph node involvement. The study applied Gradient Boosting Survival Analysis (GBSA), 
Random Survival Forest (RSF), and Extra Survival Trees (EST) algorithms, comparing their performance against the 
Cox regression model. Across all models, the ML-based approaches demonstrated higher accuracy in predicting patient 
survival, outperforming the Cox regression model. The study also developed a web-based tool, making these advanced 
ML models more accessible to clinicians, which improves early medical interventions and treatment customization.24 

Doja et al explored the utility of machine learning in predicting survival outcomes for metastatic prostate cancer, which 
typically has a poor prognosis compared to earlier stages. The study developed an ensemble approach that provided the 
best results, with an accuracy of 81.4% for the entire dataset and 83.74% for the age-specific model. These findings 
underscore the potential of machine learning to enhance survival predictions by accounting for variations across different 
patient subgroups. Patients predicted to have better survival outcomes might be considered for more aggressive therapies, 
while those with poorer prognoses could benefit from palliative care and closer monitoring.25 Age has consistently 
emerged as a significant prognostic factor in machine learning-based models, highlighting its crucial role in determining 
patient outcomes. In the study by Dong et al, age was identified as one of the most important variables influencing 
survival outcomes.23 Similarly, Peng et al examined the prognostic factors for prostate cancer patients with lymph node- 
positive disease and utilized stepwise selection methods to identify eight key variables, including age.24 In the study by 
Doja et al, the age-specific model, which achieved higher accuracy (83.74%) than the model for the complete dataset, 
demonstrated the significance of age as a predictor. These results highlight the importance of incorporating age into 
prognostic models.25 By personalizing care based on prognosis, physicians can optimize resource allocation and provide 
more effective and timely interventions, ultimately enhancing patient outcomes. In summary, machine learning models 
have been proven effective in predicting various diseases.
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However, there remains a significant gap in research regarding the prognostic prediction of Bell’s palsy using 
machine learning models. Recent studies on machine learning in Bell’s palsy have primarily focused on classifica
tion and diagnosis. For instance, a study on the classification of facial paralysis developed an evaluation system 
using real-time facial animation units (FAUs) and ensemble learning classifiers, achieving high accuracy, sensitiv
ity, and specificity in classification outcomes.26 Another study introduced a deep-learning-based method for the 
early diagnosis of facial paralysis diseases, including Bell’s palsy and stroke, using a multi-task network to enhance 
diagnostic accuracy.27 Lastly, research on predicting synkinesis caused by Bell’s palsy or Ramsay Hunt syndrome 
utilized various machine learning algorithms to improve prediction accuracy over conventional methods.28

Despite extensive research using machine learning methods on Bell’s palsy in recent years, most studies predomi
nantly focused on severity classification or diagnosis rather than treatment effectiveness or prognostic prediction. 
Prognostic prediction provides the following significant benefits for patients with Bell’s palsy. First, machine learning 
offers an effective method for prognostic prediction in large and complex datasets. Second, rather than preselecting 
factors for model development, machine learning allows the data to reveal which features are important for specific 
predictions.29 According to Tedeschi et al, while several validated tools are widely used for assessing peripheral facial 
paralysis, including Bell’s palsy, these tools have limitations that impact their effectiveness in clinical practice. The 
House-Brackmann scale, although extensively studied and easy to use, is limited by its low inter-rater reproducibility and 
inability to capture subtle differences in facial movement due to its broad categorization into six severity levels. This 
creates challenges for clinicians in accurately monitoring progress, particularly in patients with mild or moderate 
paralysis.30 Therefore, our research primarily focuses on utilizing machine learning to establish prognostic models 
aimed at enhancing the accuracy of assessments for peripheral facial nerve palsy. In this research, we utilize six different 
machine-learning models to predict the effectiveness of early treatment with corticosteroids or antiviral agents in Bell’s 
palsy patients. Although clinical guidelines for Bell’s palsy are available, no related research has been done in the field of 
machine learning. Our study makes a significant medical contribution by employing machine learning models to address 
this gap. Distinguishing between House-Brackmann grade III (obvious but not disfiguring difference between the two 
sides) and grade IV (obvious weakness and/or disfiguring asymmetry) may pose challenges as well. Additionally, we 
explored the significant factors influencing treatment effectiveness. This innovative approach not only enhances the 
predictive accuracy for early treatment outcomes but also provides valuable insights into the critical factors that influence 
recovery in Bell’s palsy patients.

Materials and Methods
Dataset
We used a public dataset from Kaggle, a data science competition platform.31 This dataset comprises data from 
17 hospitals across Scotland, where potential patients with Bell’s palsy were referred to specialized receiving centers. 
Eligible patients were randomly assigned to different study groups and monitored for a period of 9 months. The inclusion 
criteria targeted adults aged 16 years or older who presented with unilateral facial nerve weakness of no identifiable 
cause. These patients were initially seen in primary care or emergency departments and referred to a collaborating 
otorhinolaryngologist within 72 hours of symptom onset. Exclusion criteria included pregnancy, breastfeeding, uncon
trolled diabetes (glycated hemoglobin level > 8%), peptic ulcer disease, suppurative otitis media, herpes zoster, multiple 
sclerosis, systemic infection, sarcoidosis, and other rare conditions.

The initial study was carried out with the authorization of the Multicenter Research Ethics Committee for Scotland. 
All patients provided written informed consent after the aims and methods of the study had been described to them and 
after they had received an information sheet. Consequently, ethical approval was deemed unnecessary for the current 
secondary analysis. Furthermore, the initial research was conducted in accordance with the provisions of the Declaration 
of Helsinki and Good Clinical Practice guidelines, ensuring all protocols complied with relevant norms and regulations.32 

This secondary analysis followed the same approach.
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Study Design
From June 2004 to June 2006, patients were recruited through various channels, including family doctors, emergency 
departments, the national 24-hour medical telephone consultancy service, and dentists’ offices. The study maintained 
blinding for patients, recruiters, study visitors, and outcome assessors regarding group assignments. Patients underwent 
randomization twice, resulting in four study groups: Prednisolone (at a dose of 25 mg twice daily) and placebo (lactose), 
Acyclovir (400 mg five times daily) and placebo, Prednisolone and Acyclovir, and two placebo capsules. Each patient 
received two bottles of odorless capsules with an identical appearance to ensure blinding.

Within 3 to 5 days after randomization, a researcher conducted a baseline assessment either at the patient’s home or 
a doctor’s office. Follow-up assessments were conducted at three months. If recovery was incomplete (grade 2 or higher 
on the House-Brackmann scale) at this visit, an additional assessment was conducted at nine months.32

After thorough consideration, we collected 493 patients and ten variables related to patient characteristics. These 
variables comprise patient ID, sex, age, baseline score on the House-Brackmann scale, time between symptom onset and 
treatment initiation, treatment group, receipt of Prednisolone, receipt of Acyclovir, full recovery at three months, and full 
recovery at nine months.

Study Outcomes
Recovery of facial nerve function is an important outcome, and the initial severity of facial weakness provides valuable 
prognostic information.11 To objectively assess facial function among Bell’s palsy patients, clinicians employ standardized 
scales, with the House-Brackmann facial nerve grading system being the predominant choice. This system categorizes facial 
function into six grades, ranging from grade I (no weakness) to grade VI (complete weakness) (Table 1).12–14

The study outcomes include two key indicators:

1. Full recovery at three months: This indicates the patient’s facial nerve function has returned to grade I within three 
months.

2. Full recovery at nine months: This indicates the patient’s facial nerve function has returned to grade I within nine 
months.

Model Development
We perform model development and statistical analysis in JupyterLab. Initially, the overall study was randomized into 
a training (80%) and testing dataset (20%) as per the Pareto principle.33

Table 1 House-Brackmann Facial Nerve Grading System

Grade Definition

I Normal facial function in all areas
II Gross: slight weakness noticeable on close inspection; may have very slight synkinesis 

At rest: normal symmetry and tone 

Motion: forehead - moderate to good function; eye - complete closure with minimum effort; mouth - slight asymmetry.
III Gross: obvious but not disfiguring difference between two sides; noticeable but not severe synkinesis, contracture, and/or hemi-facial 

spasm. 

At rest: normal symmetry and tone 
Motion: forehead - slight to moderate movement; eye - complete closure with effort; mouth - slightly weak with maximum effort.

IV Gross: obvious weakness and/or disfiguring asymmetry 

At rest: normal symmetry and tone 
Motion: forehead - none; eye - incomplete closure; mouth - asymmetric with maximum effort.

V Gross: only barely perceptible motion 

At rest: asymmetry 
Motion: forehead - none; eye - incomplete closure; mouth - slight movement

VI No movement
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We preprocessed the dataset. Among the ten patient characteristics, seven were identified as categorical variables: sex, 
the time between the onset of symptoms and the start of treatment, treatment group, received Prednisolone, received 
Acyclovir, full recovery in 3 months, and full recovery in 9 months. After identifying the categorical variables, we 
proceeded with data labeling.

The study outcomes in the dataset exhibit an imbalance. This includes “full recovery in 3 months” and “full recovery 
in 9 months”. We resolved data imbalance in classification by employing the random oversampling approach34 for the 
training dataset. Subsequently, we evaluated the model’s performance through 5-fold cross-validation. Cross-validation is 
a key technique in machine learning because it helps evaluate a model’s performance on unseen data and detect 
overfitting. By using cross-validation, the risk of overfitting is mitigated, leading to a more accurate assessment of the 
model’s performance.35

To predict study outcomes in Bell’s palsy, we employed six methods from different machine learning areas. In 
addition to focusing on improving predictive accuracy, our rationale for selecting machine learning models also 
prioritized ensuring better interpretability of the results.36 This allows for a more effective analysis of the key features 
driving the predictions, which led us to select the following six machine learning models for the predictive analysis.

1. Logistic regression: A process of modeling the probability of a discrete outcome given an input variable.37

2. eXtreme Gradient Boosting (XGBoost): A decision-based tree ensemble algorithm that is classified as embedded 
feature selection.38

3. Support vector machine (SVM): A machine learning algorithm that categorizes data by identifying an optimal line 
or hyperplane that maximizes the margin between classes.39–41

4. Random forest: An ensemble of tree predictors, which builds several decision trees during training and outputs the 
mode of the classes for classification.42

5. Decision tree: A decision support tool that uses a tree-like model of decisions and their possible consequences.37

6. Multilayer perceptron (MLP): A supplement of a feed-forward neural network that consists of at least three layers 
of nodes.43

By employing these diverse machine learning models, we aimed to identify the most effective approach for predicting 
treatment outcomes in patients with Bell’s palsy. The performance of each model was rigorously evaluated to ensure the 
reliability and accuracy of our predictions.

Model Evaluation
Model performance was assessed with the area under the receiver operating characteristic (ROC) curve (AUC),44 

precision, recall, and F1 score. All evaluation metrics were obtained from the test dataset. A confusion matrix is 
important in assessing the classification efficiency of all classifiers. It offers details about the real and forecast 
classifications.45 There are four components in the confusion matrix: true positive (TP), true negative (TN), false positive 
(FP), and false negative (FN). The evaluation indices are defined as:

TP indicates cases where the model accurately predicts that patients will achieve full recovery within the specified 
time frame (either three months or nine months, as indicated in the dataset). Conversely, TN signifies cases where the 
model correctly predicts that patients will not achieve full recovery within the same timeframe. These definitions of TP 
and TN are essential for evaluating the model’s performance. By analyzing the confusion matrix, we can better 
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understand the model’s strengths and weaknesses, thereby enabling more informed decisions regarding the use of 
corticosteroids or antiviral agents in the early treatment of Bell’s palsy.

Results
Baseline Characteristics
A total of 493 patients were eligible for analysis, and the baseline characteristics of clinical information are presented in 
Table 2. The mean age of the patients was 44.9 ± 14.6 years, and 48.3% were female. Out of the 250 people who received 
Prednisolone and the 248 people who received Acyclovir, a total of 127 people simultaneously took both medications. 
After treatment, 72.6% of patients recovered after three months, and nearly ninety percent (89.5%) recovered after nine 
months.

Model Performance
We employed six machine learning models, including logistic regression, eXtreme Gradient Boosting (XGBoost), 
support vector machine (SVM), random forest, decision tree, and multilayer perceptron (MLP), to predict the recovery 
outcomes after treatment. First, we investigate the full recovery in 3 months. Table 3 illustrates the performance of each 
machine-learning model. Compared with the other models, the models built using the logistic regression had the highest 
AUC value (AUC = 0.751). The Decision Tree model achieved the highest precision (0.850), while the Random Forest 
model demonstrated the best recall (0.765) and a competitive F1 score (0.769) (Figure 1A). Another study outcome is full 
recovery in 9 months, utilizing the aforementioned machine learning models. The performance of each machine learning 
model is depicted in Table 3. Similarly, we analyze the performance of each machine-learning model. Compared with the 
other models, the models built using the logistic regression had the highest AUC value (AUC = 0.720). Notably, the 
precision for predicting a full recovery in 9 months was exceptional across several models, with Logistic Regression, 
SVM, Decision Tree, and MLP all achieving precision scores above 90%. The Logistic Regression model, which 
achieved the highest AUC value, also showed a remarkable precision of 0.941. The Decision Tree demonstrated the 
highest precision (0.945), while the Random Forest model excelled with the best recall (0.909) and a high F1 score 

Table 2 Baseline Characteristics of Bell’s Palsy Patient

Characteristics All (n = 493)

Age (Years) 44.9 ± 14.6

Baseline score on House-Brackmann scale 3.7 ± 1.1

Gender, n (%)

Male 255 (51.7)
Female 238 (48.3)

Time between onset of symptoms and start of treatment, n (%)
Within 24 hr 249 (50.5)

>24 to ≤48 hr 205 (41.6)

>48 to ≤72 hr 39 (7.9)

Treatment Group, n (%)

Prednisolone–Placebo 123 (24.9)
Acyclovir–Prednisolone 127 (25.8)

Acyclovir–Placebo 121 (24.5)
Placebo–Placebo 122 (24.7)

Received Prednisolone, n (%) 250 (50.7)
Received Acyclovir, n (%) 248 (50.3)

Full Recovery in 3 Months, n (%) 358 (72.6)
Full Recovery in 9 Months, n (%) 441 (89.5)
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(0.903) (Figure 1B). Notably, the number of recovered patients at 3 months and 9 months were 358 and 441, respectively. 
We found that the precision of the Decision Tree model at 3 months and 9 months was 0.850 and 0.945, respectively, 
with a statistically significant difference (p<0.01). Additionally, the recall for the Random Forest model at 3 months and 
9 months was 0.765 and 0.909, also showing a statistically significant difference (p<0.01). Furthermore, the F1 score for 
the 3-month and 9-month models was 0.769 and 0.903, respectively, with a statistically significant difference (p<0.01). 
These results further support the conclusion that the 9-month timeframe is sufficient to observe meaningful outcomes in 
Bell’s palsy recovery.

Figure 1 Plots of the model performance. (A), Receiver operating curve (ROC) in predicting full recovery in 3 months. (B), Receiver operating curve (ROC) in predicting 
a full recovery in 9 months.

Table 3 Comparison of the Performance of Different 
Machine Learning Models

Algorithm AUC Precision Recall F1 score

Prediction of full recovery in 3 months

LR 0.751 0.837 0.687 0.755
XGBoost 0.663 0.766 0.749 0.757

SVM 0.711 0.835 0.662 0.738

Random Forest 0.676 0.772 0.765 0.769
Decision Tree 0.710 0.850 0.556 0.672

MLP 0.742 0.842 0.626 0.718

Prediction of full recovery in 9 months

LR 0.720 0.941 0.685 0.793

XGBoost 0.597 0.899 0.891 0.895

SVM 0.691 0.929 0.537 0.681
Random Forest 0.609 0.897 0.909 0.903

Decision Tree 0.669 0.945 0.580 0.719

MLP 0.709 0.937 0.669 0.780

Abbreviations: AUC, area under the receiver operating characteristic 
(ROC) curve; LR, logistic regression; XGBoost, eXtreme Gradient 
Boosting; SVM, support vector machine; MLP, multilayer perceptron.
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Feature Ranking
To investigate the factors influencing recovery in Bell’s palsy, we perform feature selection in this dataset. Given that the 
logistic regression model achieved the highest AUC among the six machine learning models for predicting full recovery 
at both 3- months and 9-month, we selected logistic regression for the analysis of feature importance. Subsequently, 
logistic regression was used to generate the ranking results. The ranking results, as depicted in Figure 2, provide 
a detailed analysis of the importance of features in predicting full recovery at both three months and nine months.

For full recovery in 3 months (Figure 2A), age emerged as the most significant predictor with the highest permutation 
importance. The administration of Prednisolone was identified as the second most important factor, highlighting its 
therapeutic efficacy. Similarly, for full recovery in 9 months (Figure 2B), age remained the most significant predictor. 
This underscores its long-term influence on recovery. The administration of Prednisolone continued to be a contributing 
factor.

Despite the differences in permutation importance values for each feature between the 3-month and 9-month recovery 
periods, the results are consistent. Age and the administration of Prednisolone consistently ranked as the top two most 
important factors in both timeframes. These findings collectively highlight the dominant role of age and the therapeutic 
value of Prednisolone in both short-term and long-term recovery from Bell’s palsy. Understanding the importance of 
these features can guide clinicians in making informed decisions. This insight enables them to adjust treatments based on 
individual patient characteristics, thereby optimizing clinical outcomes.

Discussion
Machine learning models are adept at managing large and complex datasets, improving the accuracy of prognostic 
predictions compared to traditional methods. Despite the growing interest in applying machine learning to prognostic 
prediction, several areas related to Bell’s palsy remain under-researched.

In comparing our study on predicting treatment effectiveness in Bell’s palsy with the work of Gaber et al,26 it is 
evident that while both studies leverage machine learning techniques to address issues related to facial paralysis, they 
diverge in their primary objectives and methodologies. Gaber et al focus on classifying the severity of facial paralysis 
using real-time facial animation units (FAUs), emphasizing a quantitative assessment of facial paralysis severity rather 
than treatment prediction. In contrast, we aim to identify predictive factors that influence treatment success, thereby 
offering a clinical tool to optimize therapeutic strategies. In comparing our study on early treatment effectiveness 
prediction in Bell’s palsy with the work of Umirzakova et al,27 notable distinctions emerge regarding focus and 
methodology. While both studies emphasize the significance of early intervention, our research is pioneering in its 
application of machine learning to predict clinical treatment outcomes. Conversely, Umirzakova et al focus on develop
ing a deep-learning-based diagnostic framework aimed at early detection of facial paralysis conditions, such as Bell’s 
palsy and stroke. This image-based diagnostic emphasis, while innovative, does not directly address treatment outcomes, 
thus limiting its applicability in clinical prognosis. Our study focuses on clinical treatment outcomes, while the other 
emphasizes diagnosis using geometric and semantic cues in images. In comparing our study on predicting early treatment 
effectiveness in Bell’s palsy with the research by Kishimoto-Urata et al,28 we observe both similarities and differences in 
focus and methodology within the realm of machine learning applications in facial paralysis. Our study is 

Figure 2 Feature importance analysis. (A), Full recovery in 3 months. (B), Full recovery in 9 months.
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groundbreaking in its exploration of logistic regression models to predict treatment outcomes. Conversely, Kishimoto- 
Urata et al focus on predicting synkinesis. Their study demonstrates a higher predictive capability for synkinesis, with an 
AUC of 0.910 based on electrophysiological tests, nerve excitability, and scaling systems, which is higher than our 
study’s AUC. However, our study’s focus on early treatment effectiveness is a different clinical outcome, emphasizing 
recovery instead of synkinesis probability. The common themes reveal an effort to leverage machine learning in clinical 
applications pertaining to Bell’s palsy, encompassing classification, diagnosis, treatment prediction, and complication 
forecasting. Our research notably concentrates on treatment outcomes, while the other studies focus primarily on 
diagnostic accuracy and severity assessment. Moreover, feature selection plays a crucial role across all studies. Our 
study highlights age and Prednisolone as key predictors for Bell’s palsy recovery, which had not been previously 
investigated. Future research might benefit from integrating the diagnostic methods in deep learning studies with our 
treatment outcome predictions to create a holistic predictive model.

To our knowledge, this study represents the first investigation into machine learning models aimed at predicting the 
effectiveness of early corticosteroid and antiviral treatment in patients with Bell’s palsy. We employed six machine 
learning models to predict recovery outcomes and evaluated model performance using AUC, precision, recall, and F1 
score. Our research findings demonstrate that the logistic regression model exhibited the highest predictive performance 
for both 3-month and 9-month recovery outcomes. Specifically, the logistic regression model achieved an AUC of 0.751 
for a 3-month recovery and 0.720 for a 9-month recovery. Notably, the logistic regression also showed a remarkable 
precision of 0.941 for a 9-month recovery. The results indicate the robustness and reliability of the logistic regression 
model in predicting Bell’s palsy treatment outcomes.

Additionally, we performed a feature ranking analysis based on logistic regression. The feature ranking analysis 
revealed that the patient’s age and Prednisolone administration were the most significant predictors of recovery. Current 
clinical guidelines primarily prioritize the use of corticosteroids in initial treatment decisions. Our results are consistent 
with previous research that has highlighted the efficacy of corticosteroids in improving recovery rates among Bell’s palsy 
patients. This further strengthens the robustness of the existing literature. Notably, we also discovered for the first time 
that the patient’s age outweighs the importance of Prednisolone administration (Figure 2). This not only confirms the 
importance of corticosteroids emphasized in current guidelines but also identifies age as a key factor influencing 
recovery. Objective quantification of important factors can help refine existing treatment guidelines and ensure that 
clinicians incorporate age into treatment plans.

The identification of age and Prednisolone administration as critical predictors of recovery holds substantial 
implications for tailoring treatment plans. The broader impact of these findings lies in the potential for more targeted 
and effective treatment regimens, especially for patients who may be at higher risk for poor recovery. The main 
contribution of this study lies in emphasizing the role of Prednisolone, reinforcing the importance of early corticosteroid 
use, which aligns with current guidelines, while also providing quantitative evidence to support its continued use. 
Additionally, our findings that patient age significantly impacts prognosis introduce a new dimension to patient 
assessment, which may lead to more age-specific treatment considerations. This underscores the importance of early 
intervention, especially in older patients who may face a higher likelihood of incomplete recovery. From a clinical 
practice standpoint, the integration of machine learning models can enable clinicians to better stratify patients based on 
their risk of poor recovery, allowing for more aggressive or tailored treatments when necessary. Furthermore, these 
findings call for additional research into how machine learning methods can be extended and applied to other conditions 
with similar prognostic uncertainty. Finally, this study underscores the broader potential of machine learning as 
a predictive tool, highlighting its valuable role in advancing precision medicine.

This study’s primary contribution lies in shaping future research directions and treatment strategies. For the first time, 
we have identified that the patient’s age outweighs the importance of Prednisolone administration in prognostic 
prediction. Future research can comprehensively explore the impact of age as a prognostic factor across diverse 
populations. Our future work involves further research to validate our model in different populations and settings to 
ensure its broader applicability. We will replicate the proposed method with larger, more diverse datasets, which would 
strengthen its plausibility and generalizability. In the meantime, more varied data-balancing strategies will be considered. 
Expanding the dataset to include diverse populations and additional variables could further enhance the predictive 
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accuracy of our model. Moreover, our study found that age is a significant factor influencing classification outcomes. 
Therefore, incorporating age into further prognostic analysis is crucial. Future studies could encompass a wider age 
range, including adolescent populations under 16 years old. Personalized treatment plans could include targeted 
interventions, such as optimizing medication regimens based on age-specific considerations. For instance, younger 
patients may respond differently to medications or therapies compared to elderly patients. Therefore, tailoring treatment 
plans according to the patient’s age can ultimately improve recovery rates and overall patient care.

Conclusions
This study demonstrates the potential of machine learning models in predicting recovery outcomes of early treatment in Bell’s 
palsy patients. Particularly noteworthy is the logistic regression model, demonstrating the highest predictive performance in 
assessing recovery at both three months (AUC = 0.751) and nine months (AUC = 0.720). Notably, the logistic regression also 
showed a remarkable precision of 0.941 for a 9-month recovery. The quantitative rankings reveal that the patient’s age and 
prednisolone administration are significant predictive factors for recovery. Our findings represent the initial discovery that the 
patient’s age outweighs the importance of Prednisolone administration in recovery predictions. Age emerged as the top 
predictor, emphasizing its critical role in both short-term and long-term recovery outcomes. Prednisolone administration also 
demonstrated substantial importance, confirming its therapeutic value as outlined in current clinical guidelines. The study 
underscores the potential of machine learning in enhancing prognostic predictions for Bell’s palsy treatment outcomes. By 
identifying age and Prednisolone administration as crucial predictive factors, researchers can further explore the impact of age 
on prognosis prediction. Age-specific therapeutic strategies could enhance personalized treatment. Further research across 
diverse healthcare settings may validate these models, advancing personalized medicine in facial nerve paralysis management.
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