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Objective: Postherpetic neuralgia (PHN) is a chronic neuropathic pain disorder with substantial heterogeneity in response to pulsed 
radiofrequency (PRF). This study aimed to develop and validate an explainable machine learning (ML) model for predicting PRF 
efficacy in PHN patients.
Methods: This single-center retrospective study included 404 PHN patients treated with PRF between January 2022 and 
December 2024. Patients were randomly assigned to a training set (n=283) and a validation set (n=121). Treatment efficacy was 
assessed 6 months after discharge. LASSO and the Boruta algorithms were used for feature selection. Six ML algorithms were 
developed and compared. Model performance was evaluated by area under the receiver operating characteristic curve (AUC), 
calibration, and decision curve analysis. SHapley Additive exPlanations (SHAP) were used to interpret the optimal model.
Results: Of the 404 patients, 255 (63.12%) were classified as effective and 149 (36.88%) as ineffective. Six predictors were finally selected: 
age, duration of pain, diabetes mellitus (DM), tumor necrosis factor-α (TNF-α), interleukin-6 (IL-6), and brain-derived neurotrophic factor 
(BDNF). Among the candidate models, the random forest (RF) model showed the best overall predictive performance, with an AUC of 
0.878 (95% CI: 0.806–0.949) in the validation set. SHAP analysis indicated that older age, longer pain duration, DM, and higher TNF-α and 
IL-6 were associated with poor response, whereas higher BDNF was associated with better outcome.
Conclusion: An explainable ML model for predicting PRF efficacy in PHN patients was developed, and the RF model showed the 
best predictive performance. This model may assist individualized risk stratification and support clinical decision-making, but further 
prospective multicenter validation is required.
Keywords: postherpetic neuralgia, pulsed radiofrequency, explainable machine learning, treatment response, SHapley Additive 
exPlanations

Introduction
Postherpetic neuralgia (PHN), a persistent neuropathic pain disorder, is widely recognized as one of the most prominent and 
frequent complications following herpes zoster (HZ).1 Once established, PHN is characterized by persistent spontaneous or 
evoked pain, often accompanied by sensory abnormalities, sleep disturbances, anxiety, and depression, which severely impair 
patients’ quality of life.2,3 The chance of getting PHN varies significantly across studies, ranging from around 5% to more than 
30%, according to epidemiological research. This fluctuation suggests significant clinical heterogeneity among patients and 
may be explained by variations in research design, follow-up period, and definitions of PHN.4

The management of PHN remains challenging. Current treatment strategies include pharmacological treatment, 
topical therapy, nerve block, and other interventional approaches; however, overall efficacy is still limited, and substantial 
inter-individual variability in treatment response exists.5 In the past few years, pulsed radiofrequency (PRF) has been 
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increasingly used as a minimally invasive intervention for PHN.6 Owing to its favorable safety profile and limited 
thermal injury to neural tissue, PRF has shown potential in relieving pain and improving patient outcomes.7,8 

Nevertheless, the therapeutic response to PRF is not uniform, and marked differences in efficacy are frequently observed 
among patients. Therefore, determining which individuals are more inclined to gain benefits from PRF is very important 
from a therapeutic standpoint.

Accurate prediction of treatment efficacy is essential for improving individualized management of PHN. While 
traditional statistical methods have helped identify predictive markers, they may not be enough to capture the intricate 
nonlinear correlations and high-order interactions that are often seen in clinical data. Machine learning (ML) has become 
a highly promising approach for prognostic prediction due to its ability to analyze multidimensional variables and detect 
hidden patterns beyond traditional modeling strategies.9 However, the lack of interpretability in many ML models 
remains a major barrier to their adoption in clinical settings. Explainable ML provides an opportunity to overcome this 
limitation by improving the transparency of prediction models and clarifying the contribution of individual variables.10 

For PHN patients undergoing PRF treatment, an explainable predictive model may not only improve risk stratification 
and outcome prediction but also help clinicians better understand the factors associated with treatment efficacy. To 
improve individualized management of PHN, this study aimed to establish an explainable ML model based on clinical 
data for predicting the effectiveness of PRF and for identifying the key variables associated with treatment outcomes.

Materials and Methods
Study Design and Participants
A total of 404 patients diagnosed with PHN and treated with PRF at our institution between January 2022 and 
December 2024 were included in this retrospective analysis. PHN was diagnosed in accordance with established clinical 
criteria, based on medical history, clinical manifestations, and findings from ancillary examinations. The inclusion 
criteria were as follows: (1) PHN diagnosis based on accepted diagnostic standards;11 (2) being at least 18 years old; 
(3) voluntary receipt of PRF treatment due to poor response to drug therapy; (4) full medical information. Exclusion 
criteria: (1) the existence of other chronic pain conditions, including trigeminal neuralgia or diabetic peripheral 
neuropathy; (2) puncture-site systemic or local infection; (3) abuse of sedatives or opioid analgesics; (4) mental or 
cognitive disability preventing assessment cooperation; (5) severe organ dysfunction; and (6) concomitant malignant 
tumors or hematologic disorders. The research comprised 404 patients who were randomly allocated to the training and 
validation sets at a 7:3 ratio after following the criteria for inclusion and exclusion. The study flow is shown in Figure 1.

PRF Treatment Procedure
After admission, all patients received PRF treatment using an R-2000B M1 radiofrequency temperature-controlled coagulator 
(Beijing Beiqi Medical Technology Co., Ltd., Beijing, China). Before treatment, the responsible nerve corresponding to the pain 
was identified comprehensively based on medical history, physical examination, and diagnostic nerve block tests. Under CT 
guidance, the anatomical course of the target nerve was localized and the puncture site was marked. With patients in 
a comfortable position, routine disinfection of the puncture site was performed. A radiofrequency puncture needle was then 
inserted along the predetermined trajectory toward the target nerve, followed by placement of the radiofrequency electrode. 
Motor and sensory stimulation tests were conducted at 2 Hz/1 V and 50 Hz/0.2–0.5 V, respectively. Correct needle tip placement 
was confirmed when the patient reported abnormal sensation in the affected dermatome without muscle twitching. After 
aspiration confirmed the absence of cerebrospinal fluid, air, or blood, PRF treatment was initiated. Treatment parameters: 
frequency, 2 Hz; voltage, 45–85 V; pulse width, 20 ms; electric field intensity, 60 V to the maximum intensity tolerated by the 
patient; and temperature≤42°C. The voltage range of 45–85 V was selected based on routine clinical practice and supported by 
prior studies suggesting that PRF voltage is an important parameter in optimizing analgesic outcomes in PHN patients.12,13 PRF 
is primarily neuromodulatory rather than neurodestructive, and the maximum voltage was adjusted individually according to 
patient tolerance to achieve sufficient electric field strength without causing significant discomfort or exceeding safe temperature 
limits. This approach was routinely applied to all patients following the standard clinical practice of our institution and was not 
solely based on operator preference. Although the allowable voltage range was 45–85 V, the actual delivered voltages in this 
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cohort were concentrated within a relatively narrow range, with a mean value of 51.42 ± 4.95 V. Voltage was adjusted using the 
same stepwise institutional procedure for all patients, starting from a low level and gradually increasing to the maximum tolerated 
level without exceeding the safety temperature limit of 42°C. Each treatment session lasted 15 min. After puncture, the needle 
was removed, haemostasis was established by compression, and a sterile dressing was placed. After 20 minutes of observation, 
patients were brought back to the ward if no anomalies were found. PRF treatment was administered once every 3 days, for a total 
of three sessions.

Efficacy Assessment and Grouping
Clinical efficacy was assessed at 6 months after discharge. The numerical rating scale (NRS) was used to quantify the 
level of pain; values ranged from 0 to 10, with higher scores indicating more severe pain.14 Baseline NRS scores were 
recorded before treatment, and follow-up NRS scores were collected at 6 months after discharge. Patients were classified 
as ineffective if their NRS score decreased by <50% from baseline at 6 months, or if they developed pain-related anxiety 

Figure 1 Flow diagram of patient selection and dataset allocation.
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or depression requiring pharmacological intervention, or pain-related sleep disturbance. The remaining patients were 
classified as the effective group.

Postoperative Analgesic and Neuropathic Pain Medications
Immediately after PRF treatment, patients continued their preoperative neuropathic pain medications, such as pregabalin, 
gabapentin, or duloxetine, at their baseline dosages. However, subsequent medication adjustment during follow-up was 
not governed by a study-specific standardized protocol and was made according to individual clinical needs and 
physician judgment. Any escalation of neuropathic pain medications or use of additional analgesics due to uncontrolled 
pain was recorded in the medical chart and considered when determining treatment efficacy at 6 months. Patients 
requiring medication escalation because of inadequate pain control, or those who developed pain-related anxiety, 
depression, or sleep disturbance requiring pharmacological intervention, were classified into the ineffective group.

Data Collection
General Information
A self-designed baseline data collection form was used. Trained investigators uniformly recorded the baseline character
istics of all patients. The collected data mainly included demographic characteristics (sex, age, body mass index (BMI), 
smoking status, and drinking status), disease-related characteristics (duration of pain and pain site), comorbidities 
(hypertension, diabetes mellitus (DM), hyperlipidemia, and coronary heart disease (CHD)), and treatment-related 
variables (voltage and target nerve).

Laboratory Indicators
Before treatment, 9 mL of fasting venous blood was collected from all study participants and divided into three 
specialized blood collection tubes. In the first tube, EDTA anticoagulant was added. A MEK-7300P automated 
hematology analyzer (Shanghai Kohden Medical Electronic Instrument Co., Ltd.) was used to measure white blood 
cell count (WBC), neutrophil percentage, and lymphocyte count (LYM). In the second tube, EDTA anticoagulant was 
also added. A UP5000 coagulation analyzer (Shanghai Sun Biotechnology Co., Ltd.) was used to determine prothrombin 
time (PT), activated partial thromboplastin time (APTT), and fibrinogen (FIB) levels. The third tube was centrifuged 
under routine conditions at 3000 r/min with a centrifugation radius of 15 cm for 20 min, and the serum was collected. 
A Stream SuperB-2000 automated biochemical analyzer (Guangzhou Daan Gene Co., Ltd.) was used to measure alanine 
aminotransferase (ALT), aspartate aminotransferase (AST), serum creatinine (Scr), blood urea nitrogen (BUN), tumor 
necrosis factor-α (TNF-α), interleukin-6 (IL-6), C-reactive protein (CRP), brain-derived neurotrophic factor (BDNF), and 
albumin levels. All tests were performed in strict accordance with the instrument manuals and relevant industry standards 
to ensure the accuracy and reliability of the results. All laboratory indicators included in this study were obtained as part 
of routine clinical assessment for patients with PHN at our institution prior to PRF treatment. These examinations were 
performed according to standardized institutional protocols and were not specifically collected for research purposes. 
These laboratory biomarkers were not prospectively collected in a dedicated research database; instead, they were 
retrospectively retrieved from electronic medical records for the present analysis.

Data Preprocessing and Feature Selection
Prior to model development, all candidate variables were checked for completeness and consistency. Since no missing 
data were identified in the dataset, no imputation procedure was performed. Continuous variables were kept as numerical 
variables, whereas categorical variables were encoded appropriately for subsequent analysis. Standardization of con
tinuous variables was performed when required to improve the stability of feature selection and model training.

A multistep procedure was used to screen candidate predictors in the training set. Specifically, LASSO regression was 
introduced to suppress the contribution of weakly informative variables while highlighting those with greater predictive 
relevance. The degree of penalization was optimized by cross-validation, and features that survived the shrinkage process 
were retained. In the Boruta procedure, feature relevance was assessed through iterative comparison with shadow 
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attributes generated from the original variables, and confirmed important features were retained. Finally, only the 
variables simultaneously selected by both algorithms were included in the final ML models.

Model Development and Optimal Model Selection
Using the final variables selected above, multiple ML models were established in the training set to predict treatment 
response after PRF in patients with PHN. Candidate algorithms included k-nearest neighbor (KNN), extreme gradient 
boosting (XGBoost), decision tree (DT), logistic regression (LR), support vector machine (SVM) and random forest 
(RF). The training dataset was used to train all models, whereas the validation dataset was only utilised to independently 
evaluate predicted performance. In the training phase, grid search with cross-validation was used to determine the 
optimal hyperparameter settings for each algorithm, helping to strengthen model robustness and prevent overfitting. 
A thorough comparison was made between the prediction performance of various models. The area under the receiver 
operating characteristic (ROC) curve (AUC) was used as the primary criterion for model discrimination, while accuracy, 
sensitivity, specificity, precision, recall, and F1-score were also taken into consideration. We chose the best performing 
model for interpretation and assessment based on its overall performance in the validation set.

Model Evaluation and Interpretability
After the optimal ML model was identified, its performance was further characterized using confusion matrices, 
calibration analysis, and decision curve analysis (DCA). To show the final model’s classification results graphically, 
confusion matrices were created in the training and validation sets. To evaluate the degree of agreement between 
observed results and expected probability, calibration curves were produced. Furthermore, DCA was used to assess the 
resulting model’s potential therapeutic value across a variety of threshold probabilities.

Interpretation of the final model was performed using SHapley Additive exPlanations (SHAP) to improve both 
transparency and potential clinical utility. By decomposing model predictions into feature-level contributions, SHAP made 
it possible to determine which variables played the most important roles in PRF treatment response among patients with PHN. 
A summary plot was used to present the overall impact of each predictor and the direction of its influence, while dependence 
plots provided further insight into the association between key features and the predicted response. Patient-specific explana
tion plots were also constructed to illustrate how individual predictors shaped the estimated probability of treatment benefit.15

Statistical Analysis
All statistical analyses were performed using R software (version 4.3.2). Continuous variables were expressed as mean ± 
standard deviation (SD) for normally distributed data or median with interquartile range (IQR) for non-normally 
distributed data, whereas categorical variables were presented as frequencies and percentages. Group comparisons 
were performed using the independent-samples t-test or Mann–Whitney U-test for continuous variables, and the chi- 
square test for categorical variables.

Before feature selection and model construction, multicollinearity among candidate variables was evaluated by 
calculating variance inflation factors (VIFs) with the “car” package, and variables with VIF > 5 were considered to 
indicate potential collinearity. Feature selection was performed by LASSO regression and the Boruta algorithm using the 
“glmnet” and “Boruta” packages, respectively. Model training, data partitioning, and hyperparameter tuning were 
conducted using the “tidymodels” package. Discrimination, calibration, and clinical utility were assessed using the 
“pROC”, “rms”, and “rmda” packages, respectively. SHAP analysis was performed using the “fastshap” package, and the 
results were visualized with the “shapviz” package. A two-sided P value <0.05 was considered statistically significant.

Results
Patient Characteristics in the Training and Validation Sets
A total of 404 patients with PHN who underwent PRF treatment were included in this study, of whom 283 were 
assigned to the training set and 121 to the validation set. Overall, 255 patients (63.12%) were classified into the 
effective group and 149 (36.88%) into the ineffective group. The mean age of the overall cohort was 56.00 ± 4.95 
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years, and 188 patients (46.53%) were male, while 216 (53.47%) were female. The distribution of treatment outcomes 
was comparable between the training set and validation set (P = 0.593). No statistically significant differences were 
observed between the two sets in baseline characteristics, including demographic features, disease-related variables, 
comorbidities, treatment-related variables, and laboratory indicators (all P > 0.05), indicating good comparability 
between the two datasets (Table 1).

Baseline Characteristics of the Ineffective and Effective Groups in the Training Set
As shown in Table 2, significant differences were observed between the ineffective group and the effective group in several 
variables in the training set. Compared with the effective group, patients in the ineffective group were older (P = 0.002), had 
a longer duration of pain (P < 0.001), and had a higher proportion of DM (P < 0.001). In addition, the ineffective group 

Table 1 Baseline Characteristics of the Overall Cohort and the Training and Validation Sets

Variable Total 
(n=404)

Training Set 
(n=283)

Validation Set 
(n=121)

χ2/t/ 
Z

P

Outcome, n (%) 0.286 0.593

Effective 255 (63.12) 181 (63.96) 74 (61.16)
Ineffective 149 (36.88) 102 (36.04) 47 (38.84)

Sex, n (%) 0.023 0.880

Male 188 (46.53) 131 (46.29) 57 (47.11)
Female 216 (53.47) 152 (53.71) 64 (52.89)

Age (years) 56.00±4.95 56.01±5.00 55.97±4.82 0.074 0.941

BMI (kg/m2) 22.96±4.91 23.00±5.02 22.85±4.60 0.282 0.778
Smoking, n (%) 0.094 0.759

No 321 (79.46) 226 (79.86) 95 (78.51)

Yes 83 (20.54) 57 (20.14) 26 (21.49)
Drinking, n (%) 0.013 0.908

No 312 (77.23) 219 (77.39) 93 (76.86)

Yes 92 (22.77) 64 (22.61) 28 (23.14)
Duration of pain (months) 3.62±1.42 3.61±1.41 3.65±1.45 0.259 0.796

Pain site, n (%) 0.567 0.753

Chest and back 175 (43.32) 124 (43.82) 51 (42.15)
Head and face 119 (29.46) 85 (30.04) 34 (28.10)

Limbs 110 (27.23) 74 (26.15) 36 (29.75)

Hypertension, n (%) 0.085 0.771
No 268 (66.34) 189 (66.78) 79 (65.29)

Yes 136 (33.66) 94 (33.22) 42 (34.71)

DM, n (%) 1.374 0.241
No 290 (71.78) 208 (73.50) 82 (67.77)

Yes 114 (28.22) 75 (26.50) 39 (32.23)

Hyperlipidemia, n (%) 0.716 0.397
No 313 (77.48) 216 (76.33) 97 (80.17)

Yes 91 (22.52) 67 (23.67) 24 (19.83)

CHD, n (%) 0.214 0.644
No 352 (87.13) 248 (87.63) 104 (85.95)

Yes 52 (12.87) 35 (12.37) 17 (14.05)

Voltage (V) 51.42±4.95 51.37±5.09 51.52±4.61 0.279 0.781
Target nerve, n (%) 0.203 0.904

Intercostal nerve 166 (41.09) 117 (41.34) 49 (40.50)

Trigeminal nerve branches 124 (30.69) 85 (30.04) 39 (32.23)
Peripheral nerve 114 (28.22) 81 (28.62) 33 (27.27)

(Continued)
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Table 1 (Continued). 

Variable Total 
(n=404)

Training Set 
(n=283)

Validation Set 
(n=121)

χ2/t/ 
Z

P

WBC (×109/L) 6.57±1.49 6.61±1.32 6.49±1.79 0.748 0.455
Neutrophil percentage (%) 61.82±6.96 61.77±7.08 61.93±6.66 0.212 0.832

LYM (×109/L) 1.90±0.45 1.89±0.42 1.92±0.51 0.615 0.539

PT (s) 12.03±1.27 11.99±1.30 12.14±1.17 1.094 0.275
APTT (s) 28.40±3.06 28.47±3.11 28.22±2.95 0.751 0.453

FIB (g/L) 3.28±0.52 3.30±0.54 3.25±0.45 0.894 0.372

ALT (U/L) 22.04±5.78 22.08±5.64 21.94±6.12 0.223 0.824
AST (U/L) 20.07±4.64 20.01±4.56 20.20±4.83 0.377 0.707

Scr (μmol/L) 78.69±10.45 78.75±10.72 78.55±9.82 0.176 0.860

BUN (mmol/L) 5.8 (2.1,7.9) 5.9 (2.2,8.0) 5.7 (1.9,7.8) 0.433 0.672
TNF-α (pg/mL) 24.98±3.32 24.96±3.25 25.03±3.50 0.194 0.847

IL-6 (pg/mL) 36.45±5.20 36.38±5.04 36.62±5.58 0.424 0.671

CRP (mg/L) 6.3 (4.0,10.8) 6.3 (3.9,10.8) 6.4 (4.1,10.7) 0.185 0.860
BDNF (ng/mL) 19.67±3.39 19.67±3.40 19.66±3.36 0.027 0.978

Albumin (g/L) 38.01±4.64 38.07±4.36 37.86±5.23 0.417 0.677

Abbreviations: BMI, body mass index; DM, diabetes mellitus; CHD, coronary heart disease; WBC, white blood cell count; LYM, 
lymphocyte count; PT, prothrombin time; APTT, activated partial thromboplastin time; FIB, fibrinogen; ALT, alanine aminotrans
ferase; AST, aspartate aminotransferase; Scr, serum creatinine; BUN, blood urea nitrogen; TNF-α, tumor necrosis factor-α; IL-6, 
interleukin-6; CRP, C-reactive protein; BDNF, brain-derived neurotrophic factor.

Table 2 Clinical Characteristics of the Ineffective and Effective Groups in the Training 
Set

Variable Ineffective 
Group (n=102)

Effective Group 
(n=181)

χ2/t/Z P

Sex, n (%) 0.638 0.425

Male 44 (43.14) 87 (48.07)

Female 58 (56.86) 94 (51.93)
Age (years) 57.25±5.02 55.32±4.87 3.166 0.002

BMI (kg/m2) 23.26±2.33 22.85±2.60 1.321 0.188

Smoking, n (%) 0.227 0.634
No 83 (81.37) 143 (79.01)

Yes 19 (18.63) 38 (20.99)

Drinking, n (%) 0.327 0.567
No 77 (75.49) 142 (78.45)

Yes 25 (24.51) 39 (21.55)
Duration of pain (months) 4.21±1.48 3.27±1.26 5.652 <0.001

Pain site, n (%) 0.866 0.649

Chest and back 41 (40.20) 83 (45.86)
Head and face 33 (32.35) 52 (28.73)

Limbs 28 (27.45) 46 (25.41)

Hypertension, n (%) 1.040 0.308
No 72 (70.59) 117 (64.64)

Yes 30 (29.41) 64 (35.36)

DM, n (%) 11.272 <0.001
No 63 (61.76) 145 (80.11)

Yes 39 (38.24) 36 (19.89)

Hyperlipidemia, n (%) 0.062 0.804
No 77 (75.49) 139 (76.80)

Yes 25 (24.51) 42 (23.20)

(Continued)
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showed a lower treatment voltage (P = 0.045), higher levels of TNF-α (P < 0.001) and IL-6 (P = 0.005), and lower BDNF 
levels (P < 0.001). No significant differences were found between the two groups in sex, BMI, smoking status, drinking 
status, pain site, hypertension, hyperlipidemia, CHD, target nerve, or the remaining laboratory indicators (all P > 0.05).

Screening of Predictive Features and Multicollinearity Assessment
As shown in Figure 2A and B, LASSO regression was performed in the training set. A total of 8 variables were 
retained, including age, duration of pain, DM, voltage, WBC, TNF-α, IL-6, and BDNF. Boruta was then used to 
further evaluate feature importance and confirm robust predictors. The iterative changes in variable importance are 
shown in Figure 2C, and the final classification of variables is presented in Figure 2D. Boruta confirmed 6 variables as 
important features, including DM, IL-6, age, TNF-α, duration of pain, and BDNF, whereas the remaining variables 
were classified as tentative or rejected. As shown in Figure 2E, the intersection of the results obtained by the two 
feature selection methods consisted of 6 variables, which were finally used for subsequent model construction. 
Voltage was recorded for all patients and included as a candidate treatment-related variable during feature selection. 
Although voltage was retained by LASSO and showed a significant difference in univariate analysis, it was not 
confirmed as an important predictor by Boruta and was therefore not included in the final model. Therefore, its 
independent contribution to treatment outcome prediction appeared limited after accounting for other clinical and 
laboratory variables.

The definitions and coding methods of the variables included in the final analysis were presented in Supplementary 
Table 1. Multicollinearity among the selected predictors was further assessed using VIF, and the results were also shown 

Table 2 (Continued). 

Variable Ineffective 
Group (n=102)

Effective Group 
(n=181)

χ2/t/Z P

CHD, n (%) 0.271 0.602
No 88 (86.27) 160 (88.40)

Yes 14 (13.73) 21 (11.60)

Voltage (V) 50.56±5.22 51.82±4.96 2.013 0.045
Target nerve, n (%) 0.692 0.707

Intercostal nerve 39 (38.24) 78 (43.09)

Trigeminal nerve branches 33 (32.35) 52 (28.73)
Peripheral nerve 30 (29.41) 51 (28.18)

WBC (×109/L) 6.76±1.42 6.53±1.25 1.414 0.158

Neutrophil percentage (%) 62.33±7.25 61.46±6.98 0.993 0.322
LYM (×109/L) 1.92±0.45 1.87±0.40 0.965 0.336

PT (s) 12.06±1.22 11.96±1.34 0.622 0.534

APTT (s) 28.56±3.20 28.42±3.06 0.364 0.717
FIB (g/L) 3.25±0.56 3.33±0.52 1.208 0.228

ALT (U/L) 22.46±5.32 21.87±5.82 0.844 0.399

AST (U/L) 20.39±4.72 19.80±4.46 1.046 0.296
Scr (μmol/L) 78.12±11.02 79.10±10.56 0.738 0.461

BUN (mmol/L) 6.1 (2.4,7.9) 5.8 (2.0,8.1) 0.374 0.708

TNF-α (pg/mL) 26.07±3.61 24.34±2.85 4.444 <0.001
IL-6 (pg/mL) 37.49±5.17 35.75±4.87 2.822 0.005

CRP (mg/L) 6.1 (3.9,11.1) 6.3 (4.0,10.4) 0.709 0.478
BDNF (ng/mL) 18.63±2.08 20.26±3.83 3.978 <0.001

Albumin (g/L) 37.72±3.88 38.27±4.61 1.019 0.309

Abbreviations: BMI, body mass index; DM, diabetes mellitus; CHD, coronary heart disease; WBC, white blood 
cell count; LYM, lymphocyte count; PT, prothrombin time; APTT, activated partial thromboplastin time; FIB, 
fibrinogen; ALT, alanine aminotransferase; AST, aspartate aminotransferase; Scr, serum creatinine; BUN, blood 
urea nitrogen; TNF-α, tumor necrosis factor-α; IL-6, interleukin-6; CRP, C-reactive protein; BDNF, brain-derived 
neurotrophic factor.
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in Supplementary Table 1. The VIF values of the six selected predictors ranged from 1.009 to 1.024, all of which were 
below the predefined threshold of 5, indicating the absence of substantial multicollinearity.

Comparison of Predictive Performance Among Different ML Models
Using the six selected predictors, six ML algorithms, including KNN, XGBoost, DT, LR, SVM, and RF, were developed 
and compared. Their discriminative abilities in the training and validation sets are shown by the ROC curves in 
Figure 3A and B, while the radar plots in Figure 3C and D present the overall performance of each model across 
multiple evaluation metrics. In the training set, the RF model achieved the best discriminative performance, with an AUC 
of 0.909 (95% CI: 0.876–0.941), followed by KNN (AUC = 0.890, 95% CI: 0.854–0.926), XGBoost (AUC = 0.879, 95% 
CI: 0.838–0.920), SVM (AUC = 0.861, 95% CI: 0.815–0.907), LR (AUC = 0.837, 95% CI: 0.788–0.886), and DT (AUC 
= 0.834, 95% CI: 0.782–0.886). In the validation set, RF remained the best-performing model, yielding the highest AUC 
of 0.878 (95% CI: 0.806–0.949), followed by SVM (AUC = 0.867, 95% CI: 0.799–0.934), LR (AUC = 0.861, 95% CI: 
0.794–0.927), XGBoost (AUC = 0.850, 95% CI: 0.780–0.920), KNN (AUC = 0.840, 95% CI: 0.767–0.913), and DT 
(AUC = 0.787, 95% CI: 0.706–0.867). The radar plots further showed that RF had relatively balanced performance 

Figure 2 Selection and evaluation of candidate predictors by LASSO regression and Boruta feature screening. (A) LASSO coefficient profiles of candidate variables plotted 
against log(λ). Each curve represents the coefficient trajectory of a variable as the penalty parameter increases. (B) Ten-fold cross-validation plot for selection of the optimal 
penalty parameter (λ) in the LASSO logistic regression model. The dotted vertical lines indicate the λ value corresponding to the minimum binomial deviance and the 1- 
standard error criterion, respectively. (C) Variable importance across repeated classifier runs, showing the stability of the importance estimates. (D) Variable importance 
plot derived from the Boruta algorithm. Variables are categorized as confirmed, tentative, or rejected based on their importance relative to shadow features. (E) Network 
visualization of variables selected by LASSO and Boruta methods. Blue edges represent variables selected by LASSO, while Orange edges represent variables identified by 
Boruta. 
Abbreviations: BMI, body mass index; DM, diabetes mellitus; CHD, coronary heart disease; WBC, white blood cell count; LYM, lymphocyte count; PT, prothrombin time; 
APTT, activated partial thromboplastin time; FIB, fibrinogen; ALT, alanine aminotransferase; AST, aspartate aminotransferase; Scr, serum creatinine; BUN, blood urea 
nitrogen; TNF-α, tumor necrosis factor-α; IL-6, interleukin-6; CRP, C-reactive protein; BDNF, brain-derived neurotrophic factor.
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across multiple evaluation metrics in both datasets. Therefore, RF was selected as the optimal model for subsequent 
evaluation and interpretability analysis.

Evaluation of the Optimal RF Model
Figure 4A shows that the out-of-bag error of the RF model decreased progressively and remained stable as the number of 
trees increased, indicating satisfactory robustness. As shown in Figure 4B and C, the confusion matrices further 
demonstrated that the RF model achieved good classification performance in both the training set and validation set. 
Moreover, the calibration curves in Figure 4D and E were generally close to the ideal line, indicating good consistency 
between predicted and observed probabilities. The DCA further showed that the RF model yielded favorable net clinical 
benefit over the treat-all and treat-none strategies across a broad range of threshold probabilities in both datasets 

Figure 3 Performance comparison of different machine learning models in the training and validation sets. (A) ROC curves of six machine learning models in the training 
set, including KNN, XGBoost, DT, LR, SVM, and RF. (B) ROC curves in the validation set. (C) Radar plot showing the performance metrics of the six models in the training 
set, including accuracy, specificity, sensitivity, PPV, NPV, precision, recall, F1 score, and AUC. (D) Radar plot showing the performance metrics of the six models in the 
validation set. 
Abbreviations: ROC, receiver operating characteristic; AUC, area under the curve; CI, confidence interval; KNN, k-nearest neighbors; XGBoost, extreme gradient 
boosting; DT, decision tree; LR, logistic regression; SVM, support vector machine; RF, random forest; PPV, positive predictive value; NPV, negative predictive value.
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Figure 4 Error distribution, classification performance, calibration, and clinical utility of the final random forest model. (A) Error rate plot of the random forest model. The OOB error and class-specific error rates are shown as the 
number of trees increases. (B) Confusion matrix of the random forest model in the training set. (C) Confusion matrix of the random forest model in the validation set. (D) Calibration curve of the random forest model in the training set, 
showing the agreement between predicted probabilities and observed outcomes. (E) Calibration curve of the random forest model in the validation set. (F) Decision curve analysis of the random forest model in the training set, showing 
the net benefit across a range of threshold probabilities. (G) Decision curve analysis of the random forest model in the validation set. 
Abbreviations: OOB, out-of-bag.
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(Figure 4F and G). Overall, these findings suggested that the RF model had good stability, calibration, and clinical 
applicability.

SHAP-Based Global and Individual Explanations of the RF Model
SHAP analysis was performed to improve the interpretability of the optimal RF model. As shown in Figure 5A, the most 
important predictors ranked by mean absolute SHAP value were BDNF, TNF-α, duration of pain, IL-6, age, and DM. 
The SHAP summary plot further showed that higher TNF-α, longer duration of pain, higher IL-6, older age, and the 
presence of DM were generally associated with higher SHAP values, indicating an increased probability of treatment 
ineffectiveness, whereas higher BDNF tended to reduce the predicted risk of an ineffective outcome (Figure 5B).

The SHAP dependence plots further illustrated the relationships between individual predictors and model output 
(Figure 6A–F). Age, duration of pain, TNF-α, and IL-6 demonstrated generally positive, nonlinear associations with the 
predicted risk of treatment ineffectiveness, whereas BDNF showed a generally inverse, nonlinear association. DM also 
showed a clear contribution to the model prediction. The individual SHAP waterfall plots provided further explanation at 
the patient level (Figure 7A–C). In patients with a low predicted probability of treatment ineffectiveness, shorter pain 
duration, lower TNF-α and IL-6 levels, younger age, absence of DM, and relatively higher BDNF contributed to a lower 
model output. In contrast, in a patient with a high predicted probability of treatment ineffectiveness, older age, DM, 
longer pain duration, higher TNF-α and IL-6 levels, and lower BDNF jointly increased the predicted risk. These results 
indicate that the RF model had good interpretability and could provide clinically meaningful explanations for individual 
predictions.

Discussion
In this study, we developed and validated an explainable ML model to predict the efficacy of PRF in patients with PHN. By 
integrating LASSO regression and the Boruta algorithm, six key predictors were identified, including age, duration of pain, 
DM, TNF-α, IL-6, and BDNF. The RF model showed the greatest overall performance among many candidate algorithms, 
with favourable clinical usefulness, strong discrimination, and excellent calibration. More importantly, SHAP-based 

Figure 5 Feature importance and model interpretation based on SHAP analysis. (A) Feature importance ranking of the selected variables in the random forest model. The 
length of each bar represents the relative importance of the corresponding variable. (B) SHAP summary plot illustrating the contribution of each feature to the prediction. 
Each dot represents an individual observation, where the color gradient reflects the feature value and the SHAP value indicates the direction and magnitude of its effect on 
the model output. 
Abbreviations: SHAP, SHapley Additive exPlanations; BDNF, brain-derived neurotrophic factor; TNF-α, tumor necrosis factor-α; IL-6, interleukin-6; DM, diabetes mellitus.
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interpretation revealed a consistent pattern: higher inflammatory activity (TNF-α and IL-6), longer disease duration, older age, 
and the presence of DM were associated with an increased risk of poor PRF response, whereas higher BDNF was associated 
with better outcomes. These findings suggest that the efficacy of PRF is largely determined by the interplay between persistent 
neuroinflammation and the intrinsic capacity for neural repair, rather than by isolated clinical variables.

PHN is a clinically heterogeneous neuropathic pain disorder, and the response to PRF varies substantially across patients. 
Previous studies on PHN have mainly focused on epidemiology, pain mechanisms, and the efficacy of pharmacological or 
interventional therapies, whereas relatively few studies have attempted to establish predictive models for PRF treatment 
response.16,17 Against this background, recent studies on PHN have gradually shifted from evaluating the overall effectiveness 
of PRF to identifying factors associated with poor outcomes and developing prognostic models. Peng et al developed 
a prediction model for PRF effectiveness in patients with zoster-associated pain (ZAP) and found that disease stage, pregabalin 
dose, LYM, and several clinical and laboratory variables were associated with treatment response, suggesting that earlier 
intervention may improve outcomes.18 However, their study focused on the broader ZAP population rather than specifically on 
PHN, and the model showed only moderate discriminative ability, which may limit its applicability in more refractory patients. 
In a further analysis, Yuan et al identified several factors associated with worse prognosis in patients with zoster-associated 
neuralgia treated with interventional pain procedures. This study reinforced the concept that prognosis after interventional 
treatment is influenced by multiple clinical and inflammatory-related factors.19 Nevertheless, because different interventional 
procedures were analyzed together, the findings were not specific to PRF, and the study was mainly focused on identifying risk 
factors rather than establishing an individualized and explainable prediction model. Zhao et al subsequently showed that age, 
preoperative pain severity, and the 5 Hz current perception threshold ratio could predict prognosis in patients with acute 
herpetic neuralgia treated with PRF, and the nomogram they constructed demonstrated good discrimination and calibration.20 

Figure 6 SHAP dependence plots of key predictors in the final model. (A) Age; (B) duration of pain; (C) DM; (D) TNF-α; (E) IL-6; and (F) BDNF. Each dot represents an 
individual observation. The SHAP value reflects the contribution of each feature to the prediction, with positive values indicating increased risk and negative values indicating 
decreased risk. The fitted curve represents the overall trend of the feature effect. 
Abbreviations: SHAP, SHapley Additive exPlanations; BDNF, brain-derived neurotrophic factor; TNF-α, tumor necrosis factor-α; IL-6, interleukin-6; DM, diabetes mellitus.
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Figure 7 Individual prediction explanation using SHAP. (A) SHAP waterfall plot for the first sample, showing how each feature contributed to shifting the prediction from 
the baseline output to the final model output. (B) SHAP force plot for a high-risk sample. (C) SHAP force plot for a low-risk sample. E[f(x)] represents the baseline model 
output, and f(x) represents the final model output for the individual sample.
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However, the target population consisted of patients at the acute stage rather than those with PHN, and the model was based on 
a relatively limited set of predictors, which may not fully reflect the biological and clinical complexity of chronic neuropathic 
pain. Compared with these previous reports, our study specifically focused on PHN patients receiving PRF, a more chronic and 
refractory population. Moreover, we integrated both clinical and laboratory variables, compared multiple ML algorithms, and 
identified an optimal RF model with SHAP-based interpretation. Therefore, our study extends prior work by providing a more 
specific and explainable framework for predicting PRF efficacy in PHN patients.

The predictors identified in the present study appear to reflect several core processes underlying treatment heterogeneity in 
PHN, including host vulnerability, disease chronicity, metabolic background, inflammatory burden, and neurotrophic support. 
Age was identified as an important predictor in our model, which is consistent with previous studies showing that older age is 
one of the most robust risk factors for the development and persistence of PHN.21,22 Older patients are more likely to exhibit 
reduced cell-mediated immunity, impaired neural repair capacity, and greater susceptibility to persistent sensitization after 
varicella-zoster virus reactivation, all of which may contribute to a poorer response to PRF.23,24 In addition, previous 
prognostic studies of PHN have also shown that advanced age is associated with less favorable outcomes after interventional 
treatment.19 Therefore, age in the present study may reflect not only baseline host vulnerability but also a reduced capacity for 
recovery following neuromodulatory intervention. Duration of pain was another important predictor in our model. A longer 
disease course may reflect more established peripheral and central sensitization, as well as more stable maladaptive plasticity 
within pain pathways, thereby reducing the effectiveness of PRF.25,26 This interpretation is supported by Kim et al, who 
reported that PRF applied within 90 days after zoster onset achieved greater pain reduction, a higher success rate, and more 
frequent medication discontinuation than PRF performed after progression to PHN.27 These findings suggest that earlier 
intervention may be associated with better neuromodulatory effects, whereas delayed treatment may be less effective once 
chronic pain mechanisms are established. Therefore, duration of pain may represent not only disease chronicity but also the 
extent of underlying neural remodeling that limits responsiveness to PRF. DM is a well-recognized risk factor for both HZ and 
PHN, likely due to metabolic dysfunction, microvascular compromise, oxidative stress, and chronic low-grade inflammation 
that can impair neural repair and exacerbate nerve vulnerability.28–30 In PHN patients undergoing PRF, these diabetes-related 
abnormalities may contribute to a reduced response to neuromodulatory intervention. Epidemiological and clinical studies 
have consistently shown that diabetic patients are more likely to develop PHN and exhibit poorer pain outcomes after 
interventional therapy, supporting the relevance of DM as a prognostic factor in our cohort.19,21 Thus, DM may reflect 
a biologically unfavorable background that limits the efficacy of PRF in PHN patients. TNF-α and IL-6 were positively 
associated with the risk of ineffective treatment in our model, which is biologically plausible given the established role of 
neuroinflammation in neuropathic pain. TNF-α is a key pro-inflammatory cytokine involved in nociceptor sensitization and 
amplification of pain signaling, whereas IL-6 participates in both peripheral inflammatory activation and central pain 
facilitation.31,32 Previous studies have shown that inflammatory cytokine profiles are altered in patients with HZ and 
postherpetic neuralgia, and elevated IL-6 levels have been associated with PHN and greater pain severity.33,34 Therefore, 
higher baseline TNF-α and IL-6 levels in the present study may reflect a sustained pro-inflammatory state in which PRF- 
induced neuromodulation is less effective. BDNF showed an inverse association with the predicted risk of ineffective 
treatment in our model. As an important neurotrophic factor, BDNF is involved in neuronal survival, synaptic plasticity, 
and nerve repair, and its dysregulation has been implicated in chronic pain states.35 Previous studies have reported reduced 
BDNF levels in patients with PHN and have also shown that serum BDNF may be modulated after treatment.36,37 In the 
present study, higher baseline BDNF levels were associated with a lower probability of poor PRF response, which may suggest 
that patients with better preserved neurotrophic support retain greater potential for neural recovery after neuromodulatory 
intervention. However, given the context-dependent role of BDNF in pain processing, this association should be interpreted 
cautiously and warrants further investigation.

Our study possesses several methodological strengths that enhance the reliability and clinical relevance of our 
findings. First, we employed a retrospective cohort of 404 PHN patients undergoing PRF, which is relatively large 
compared with most previous studies, providing sufficient statistical power for model development and validation. 
Second, multiple ML algorithms were evaluated under a unified framework, allowing an objective comparison of 
performance and the identification of the most suitable model. Third, SHAP-based interpretation enabled transparent 
visualization of both global feature importance and individual-level predictions, thereby bridging the gap between model 
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performance and clinical interpretability. From a clinical perspective, the proposed model has practical implications. It 
may assist clinicians in identifying patients with a low probability of benefiting from PRF prior to intervention, thereby 
supporting more rational treatment selection. For example, patients characterized by high inflammatory burden, long 
disease duration, and metabolic comorbidities may require more aggressive or combined therapeutic strategies rather than 
PRF alone. In addition, the identification of modifiable factors, such as inflammatory status, raises the possibility of 
optimizing the biological environment before intervention. Therefore, this model not only serves as a predictive tool but 
also provides a basis for risk stratification and potential treatment optimization. Several limitations should be noted. First, 
given the observational nature of this study, our findings demonstrate associations rather than causality, and further 
prospective or interventional studies are needed to confirm these results. Second, the variables included in the model 
were limited to routinely collected clinical and laboratory data, and some potentially relevant factors, such as pain 
phenotype, psychological status, medication adherence, imaging findings, and electrophysiological indicators, were not 
incorporated. Third, only internal validation was performed, and no external validation cohort was available; therefore, 
the robustness and transportability of the model in other institutions and populations remain uncertain. Fourth, post
operative management of neuropathic pain medications was not standardized because of the retrospective nature of the 
study. Adjustments to medications were made according to individual clinical needs and physician judgment during 
follow-up. Therefore, the potential influence of medication-related factors on treatment outcomes could not be fully 
evaluated and should be considered in future prospective studies with standardized treatment protocols. Finally, the study 
was retrospective and conducted at a single center, which may limit the generalizability of the findings. Although the 
model demonstrated good predictive performance in both the training and validation cohorts, it should still be considered 
exploratory. External validation in independent multicenter cohorts is required to further assess its robustness, general
izability, and clinical applicability before routine clinical implementation.

Conclusion
This study developed an explainable ML model to predict treatment response to PRF in patients with PHN and identified 
age, duration of pain, DM, TNF-α, IL-6, and BDNF as key predictors. Among the candidate algorithms, the RF model 
showed the best overall predictive performance and demonstrated good discrimination, calibration, and potential clinical 
utility. The integration of predictive modeling and SHAP-based interpretation enables individualized risk assessment and 
enhances the transparency of model-driven decisions. These findings may facilitate more precise patient selection and 
optimization of PRF treatment strategies in clinical practice. Further external validation and prospective studies are 
required to confirm the generalizability of the model.
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