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Purpose: Accurate identification of neuropathic pain (NeP) remains challenging in routine clinical practice. While PainDETECT is 
widely used, its sensitivity is limited by its focus on somatic symptoms. This study aimed to develop a high-sensitivity screening tool 
by integrating PainDETECT with the Brief Scale for Psychiatric Problems in Orthopaedic Patients (BS-POP) using machine learning.
Patients and Methods: Neuropathic pain was diagnosed based on comprehensive clinical evaluation including medical history, 
neurological examination, and imaging findings when available. We analyzed clinical data from 1083 consecutive patients with pain. 
The study involved two phases: evaluation of conventional tools via statistical modeling and construction of a random forest–based 
classification model.
Results: The proposed system achieved an overall accuracy of 75.6%. For NeP, the sensitivity was 70.3% and specificity was 86.0%, 
representing higher sensitivity compared with the conventional PainDETECT cutoff method (17.6%).
Conclusion: Integrating psychosocial factors via BS-POP and utilizing machine learning significantly enhances NeP screening 
performance. This system may support earlier and more appropriate pain management in clinical practice.
Keywords: neuropathic pain, painDETECT, BS-POP, machine learning, psychosocial factors, orthopedic surgery

Introduction
Neuropathic pain, defined by the International Association for the Study of Pain (IASP) as “pain caused by a lesion or 
disease of the somatosensory nervous system”,1 presents with a highly heterogeneous clinical profile. Patients often 
experience abnormal sensations such as numbness, burning, or electric shock-like pain, in addition to psychosocial 
symptoms including insomnia, depression, anxiety, and loss of vitality. These psychological factors frequently contribute 
to the persistence and exacerbation of pain, posing a major challenge in clinical management. Globally, approximately 
20% of the population suffers from chronic pain2 and a Japanese survey reported that 53% of patients with chronic spinal 
disorders have neuropathic pain.3

Because neuropathic pain arises from a wide range of etiologies, diagnosis is often difficult. Distinguishing it from 
nociceptive and psychogenic pain is essential for accurate diagnosis, and a variety of screening tools have been 
developed for this purpose. Representative instruments include PainDETECT, the Leeds Assessment of Neuropathic 
Symptoms and Signs (LANSS), and the Douleur Neuropathique 4 (DN4) questionnaire. However, these tools have 
limited sensitivity and specificity, particularly in early or mild cases.4 Moreover, most existing questionnaires focus on 
somatic symptoms and do not sufficiently capture psychosocial factors. Therefore, there is a growing need for a novel 
tool that can evaluate neuropathic pain in a more sensitive and multidimensional manner in clinical practice.
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PainDETECT5 was designed to identify characteristic symptoms of neuropathic pain and diagnose patients based on 
a scoring system, but its sensitivity and specificity remain limited.6 Clinical guidelines, such as those issued by the 
Neuropathic Pain Special Interest Group (NeuPSIG) and the European Federation of Neurological Societies (EFNS), 
caution against relying solely on screening questionnaires for diagnosis.7 A key limitation of conventional tools is that 
they insufficiently account for psychological aspects of pain, despite the fact that neuropathic pain is strongly influenced 
by insomnia, depression, anxiety, reduced vitality, and related psychosocial factors.

To address this limitation, the Brief Scale for Psychiatric Problems in Orthopaedic Patients (BS-POP) was developed 
in Japan.8 BS-POP consists of both patient- and physician-administered questionnaires, allowing simultaneous collection 
of subjective and objective assessments of psychological conditions. This dual evaluation enables quantitative assessment 
of depression, anxiety, and maladaptive behaviors related to pain. Since its development in the early 2000s by a research 
group affiliated with the Japanese Orthopaedic Association, BS-POP has been used in orthopedic practice to identify 
psychosocial barriers to recovery in patients with chronic pain and musculoskeletal disorders.9,10 Although widely 
recognized in Japan as a screening tool for psychosocial conditions, its combined use with PainDETECT for neuropathic 
pain screening has not been evaluated.

In this study, we aimed to develop a new high-sensitivity screening tool for neuropathic pain by integrating PainDETECT 
with BS-POP and applying machine learning algorithms. By incorporating psychosocial factors into the screening process, we 
sought to overcome the limitations of existing tools and provide more accurate and earlier diagnosis of neuropathic pain. The 
BS-POP questionnaires for patients and physicians are shown in Table 1 and Table 2, respectively.

Materials and Methods
Diagnostic Reference Standard
Neuropathic pain in this study was diagnosed based on comprehensive clinical judgment during routine medical practice at our 
institution. The diagnosis was determined through integration of the patient’s medical history, pain characteristics, neuroana
tomical plausibility, neurological examination findings (eg, hypoesthesia or allodynia), and imaging findings when available.

Diagnoses were made by orthopaedic surgeons involved in routine clinical care, including general orthopaedic physicians. 
Although formal application of the Neuropathic Pain Special Interest Group (NeuPSIG) grading system (possible, probable, or 
definite neuropathic pain) was not systematically performed, the diagnostic process was guided by internationally recognized 
diagnostic concepts and national clinical guidelines, with consideration of somatosensory system involvement.

Patients who were clinically judged to have a predominant neuropathic pain mechanism were classified into the 
neuropathic pain group. Patients whose symptoms were considered consistent with nociceptive mechanisms related to 

Table 1 The BS-POP Questionnaire for Patients

Questions Responses and Scores

1. Do you ever feel like crying, or do you cry? 1 No 2 Sometimes 3 Almost all the time

2. Do you always feel miserable and unhappy? 1 No 2 Sometimes 3 Almost all the time

3. Do you always feel nervous and irritated? 1 No 2 Sometimes 3 Almost all the time

4. Do you feel annoyed and aggravated over small things? 1 No 2 Sometimes 3 Almost all the time

5. Do you have a normal appetite? 3 No 2 Sometimes 1 Almost all the time

6. Are you in your best mood in the morning? 1 No 2 Sometimes 3 Almost all the time

7. Do you get somewhat tired? 1 No 2 Sometimes 3 Almost all the time

8. Are you able to put your usual effort into your work? 1 No 2 Sometimes 3 Almost all the time

9. Do you feel satisfied with the sleep you are getting? 3 No 2 Sometimes 1 Almost all the time

10. Do you have trouble falling asleep for any reason other than pain? 1 No 2 Sometimes 3 Almost all the time
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tissue injury were classified as having nociceptive pain. Cases in which the underlying pain mechanism could not be 
clearly determined were categorized as psychogenic or uncertain pain.

Screening questionnaire scores (PainDETECT and BS-POP) were not used as the sole basis for the clinical diagnosis. 
Instead, diagnoses were determined through comprehensive clinical assessment as described above. When diagnostic 
changes occurred during follow-up, the final confirmed clinical diagnosis rather than the initial diagnosis was used as the 
reference standard for analysis.

Study Design
This study consisted of two phases. In Phase 1, we evaluated the diagnostic performance of conventional screening approaches 
using statistical modeling. In Phase 2, we constructed and validated a machine learning–based classification model to improve 
screening sensitivity for neuropathic pain. The Phase 1 dataset was included within the larger Phase 2 dataset.

Phase 1: Evaluation of Conventional Tools via Statistical Modeling
We retrospectively analyzed 250 patients who visited the Department of Orthopaedic Surgery at Nihon University Itabashi 

Hospital between October 2020 and June 2021. All participants completed the PainDETECT and BS-POP questionnaires.
Each case was classified into neuropathic pain, nociceptive pain, or psychogenic/uncertain pain based on clinical 

diagnosis and national neuropathic pain guidelines. Classification was performed primarily by the attending physician, 
and cases were reclassified when diagnostic changes occurred during the clinical course.

Diagnostic performance was evaluated using three analytical models.
Model 1: Neuropathic pain was determined based on the established PainDETECT cutoff score of 19 points.
Model 2: A multiple regression model was constructed using PainDETECT questionnaire responses as explanatory 

variables, and pain type was classified according to the derived regression equation.
Model 3: Covariance structure analysis integrating PainDETECT and BS-POP variables was performed to evaluate 

latent relationships between neuropathic pain symptoms and psychosocial factors. Pain classification was determined 
based on the resulting structural equation.

Table 2 The BS-POP Questionnaire for Physicians

Questions Responses and Scores

1. The patient’s pain appears uninterrupted 1 That is not the case 2 The pain is 
intermittent

3 The patient appears to be in pain 
almost always

2. The patient has a specific way of indicating the 
symptomatic area(s)

1 That is not the case 2 The patient rubs the 
symptomatic area(s)

3 Without instruction, the patient 
removes their clothes and shows the 

symptomatic area(s)

3. The patient appears to have pain over the whole 

symptomatic area

1 That is not the case 2 Sometimes 3 Almost all the time

4. When examination or treatment is 

recommended, the patient becomes badly 
tempered, easily angered, or argumentative

1 That is not the case 2 The patient shows 

slight resistance

3 The patient shows significant 

resistance

5. When having their senses assessed, the patient 
responds excessively to stimulation

1 That is not the case 2 The patient’s 
response is slightly 

excessive

3 The patient’s response is quite 
excessive

6. The patient repeatedly asks questions regarding 

their condition or surgery

1 That is not the case 2 Sometimes 3 Almost all the time

7. The patient changes their attitude depending on 

the medical staff member

1 That is not the case 2 Somewhat 3 Significantly

8. The patient wishes that their symptoms were 

gone, even slight symptoms

1 That is not the case 2 Somewhat 3 Significantly
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Model fit for the covariance structure analysis was evaluated using goodness-of-fit indices including the Goodness-of- 
Fit Index (GFI), Comparative Fit Index (CFI), and Root Mean Square Error of Approximation (RMSEA). A model was 
considered to demonstrate acceptable fit when GFI and CFI were greater than 0.90 and RMSEA was less than 0.05.

The following cases were excluded from the analysis: (1) patients without pain complaints, (2) patients with uncertain 
diagnoses, (3) patients with pain potentially attributable to tumors, and (4) cases with incomplete questionnaire data.

Phase 2: Machine Learning–Based Classification Model
To further improve diagnostic accuracy, a machine learning–based classification model was developed using data 

from patients who visited our department between October 2020 and November 2024. A three-class classification 
framework was adopted consisting of neuropathic pain, nociceptive pain, and psychogenic/uncertain pain.

Data Preprocessing
Responses from PainDETECT and BS-POP questionnaires were converted into numerical variables and used as 
explanatory features. Demographic variables including age and sex were also incorporated as additional explanatory 
variables.

The dataset was randomly divided into five subsets. One subset (20% of the data) was reserved as an independent test 
dataset, while the remaining four subsets (80% of the data) were used for model development.

Model Development
Within the training dataset, four-fold cross-validation11 was performed. In each iteration, three subsets were used for model 
training and one subset was used as a validation dataset. This validation subset was rotated across the four iterations so that 
each subset served once as validation data. Performance metrics were averaged across the cross-validation folds.

A random forest algorithm was used to construct the classification model.12

Hyperparameters of the random forest model were optimized during cross-validation. Parameters considered during 
tuning included the number of trees, maximum tree depth, and minimum number of samples required for node splitting. 
A grid-search strategy was used to identify parameter combinations that maximized sensitivity for neuropathic pain 
detection while maintaining acceptable specificity.

Model Evaluation
Model performance was evaluated using classification metrics derived from the confusion matrix. The primary evaluation 
metrics were sensitivity and specificity because the main objective of the screening system was to maximize detection of 
neuropathic pain. Additional evaluation metrics included overall accuracy and F1 score.

Receiver operating characteristic (ROC) curves and area under the curve (AUC) were not evaluated because the 
present model was designed primarily as a screening tool emphasizing sensitivity and specificity.

Feature Importance Analysis and Software
Feature importance was calculated using the mean decrease in Gini impurity13 provided by the random forest algorithm.

This analysis enabled identification of questionnaire items that most strongly influenced the classification of pain types.
All machine learning analyses were conducted using Python with the scikit-learn machine learning library.

Results
Phase 1: Evaluation of Conventional Tools via Statistical Modeling
A total of 250 cases were analyzed using three models. There were 129 males and 121 females, with a mean age of 57.8 
years (range: 2–93 years). Neuropathic pain was observed in 85 cases, nociceptive pain in 121 cases, and psychogenic/ 
uncertain pain in 44 cases.

The diagnostic performance of the three models is summarized (Table 3).
Model 1 (PainDETECT cutoff score): Sensitivity was 17.6% and specificity was 97.6%, demonstrating extremely low 

sensitivity and limited clinical utility.
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Model 2 (multiple regression analysis): The regression equation F1(X), derived from PainDETECT responses (Xi, i = 1–7), 
achieved a sensitivity of 51.8% and specificity of 91.5%, showing substantial improvement compared with Model 1.

Model 3 (covariance structure analysis): A path diagram integrating PainDETECT and BS-POP is shown in Figure 1. 
The derived equation F2(X) yielded a sensitivity of 61.2% and specificity of 89.1%. These results indicate that combining 
PainDETECT with BS-POP improved screening performance compared with PainDETECT alone.

Among the 1083 patients included in Phase 2537 were male and 546 were female, with a mean age of 58.0 years 
(range, 7–95 years). Based on clinical diagnosis, 369 patients had neuropathic pain, 640 had nociceptive pain, and 74 had 
psychogenic or uncertain pain.

Table 3 Diagnostic Performance of Each Method for Neuropathic Pain

Model 1 2 3

Assessment of pain Cut-off value 
(Total Score) ≥ 19

Experimental Formula: 0.166+0.048*X1+0.056*X2-0.063*X3 
+0.029*X4-0.038*X5+0.119*X6-0.06*X7 (Xi: Response to 
PainDETECT questionnaire i) 
p<0.01

Experimental Formula: 0.129+0.042*X1 
+0.079*X2-0.064*X3+0.030*X4-0.046*X5 
+0.124*X6-0.054*X7 
(Xi: Response to PainDETECT questionnaire i) 
p<0.01

Target data Responses to 7 
questionnaires of 

PainDETECT.

Responses to 7 questionnaires of PainDETECT. Responses to 7 questionnaires of 
PainDETECT and 18 questionnaires of BS- 
POP.

Sensitivity (%) 17.6 51.8 61.2

Specificity (%) 97.6 91.5 89.1

Notes: * Indicates multiplication in the regression formula. Sensitivity and specificity were calculated for neuropathic pain detection in the Phase 1 dataset (n = 250).

Figure 1 Path diagram for covariance structure analysis integrating PainDETECT and BS-POP. Arrows represent causal relationships among variables. Blue boxes indicate 
PainDETECT questionnaire items, while green boxes represent physician-related BS-POP factors. The upper blue boxes represent patient-related BS-POP factors. Red 
dashed boxes indicate BS-POP questionnaire domains, and the blue dashed box indicates PainDETECT questionnaire items. Neuropathic pain represents the outcome 
variable in the model. Model fit indices (GFI, CFI, and RMSEA) are described in the Results section.
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The classification performance was evaluated using the independent test set (n = 217). The confusion matrix and 
performance metrics are shown in Table 4 and Table 5. The overall accuracy of the system was 75.6%. For neuropathic 
pain, the sensitivity and specificity were 70.3% and 86.0%, respectively.

These results suggest that the machine learning model integrating PainDETECT and BS-POP improved diagnostic 
accuracy.

The confusion matrix of the classification model is shown (Table 4).
Values represent the number of patients classified into each category by the machine learning model.
Performance metrics derived from the confusion matrix are summarized (Table 5).
Sensitivity and specificity are shown for each pain type.
An example of evaluating the feature importance of explanatory variables is shown (Figure 2). The overall config

uration of the diagnostic classification system is shown (Figure 3).
The requirements for this screening system and the implementation plan are shown (Table 6).

Discussion
In this study, we developed a novel screening system for neuropathic pain that demonstrated higher sensitivity than 
previously reported tools. The primary novelty of this study lies in the integration of somatic symptom assessment 
(PainDETECT) and psychosocial evaluation (BS-POP) within a machine learning–based diagnostic framework for 
neuropathic pain screening.

The system achieved an overall accuracy of 75.6%, with sensitivity and specificity for neuropathic pain of 70.3% and 
86.0%, respectively. These values represent a substantial improvement compared with conventional methods, which have 
often reported sensitivities as low as 10–20%.

The sensitivity of the conventional PainDETECT cutoff observed in the present study (17.6%) was lower than that 
reported in several previous validation studies. One possible explanation is the clinical characteristics of the study 
population. Our cohort consisted primarily of patients presenting to an orthopedic department with heterogeneous pain 
conditions, including early-stage or mixed pain mechanisms. In such populations, neuropathic features may be less 
pronounced, which can reduce the sensitivity of symptom-based questionnaires such as PainDETECT. In addition, strict 
application of the conventional cutoff score may further decrease sensitivity in clinical screening settings.

Table 4 Confusion Matrix of the Machine Learning Classification Model

Predicted Neuropathic Predicted Nociceptive

Neuropathic 52 22

Nociceptive 17 112

Psychogenic / uncertain pain 3 11

Notes: Rows indicate the actual clinical diagnosis, and columns represent the predicted classification by 
the machine learning model. The confusion matrix is presented for neuropathic pain detection (neuro
pathic vs. non-neuropathic pain). The matrix corresponds to the independent test dataset (20% of the 
Phase 2 cohort; n = 217).

Table 5 Performance Metrics Derived 
from the Confusion Matrix

Sensitivity Specificity

Neuropathic 70.3% 86.0%

Nociceptive 86.8% 62.5%

Notes: Sensitivity and specificity were calculated 
from the confusion matrix shown in Table 4. 
Performance metrics were evaluated using the inde
pendent test dataset (n = 217).
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One likely explanation for this improvement is the incorporation of psychosocial factors into the screening process. In 
neuropathic pain, heightened fear and anxiety regarding pain often trigger hypervigilance and avoidance behaviors, 
leading to reduced activity, disuse syndrome, functional decline, and depression. This vicious cycle, known as the fear- 
avoidance model, highlights the impact of catastrophic thinking and negative emotions on patient quality of life. By 
integrating PainDETECT, which qualitatively evaluates pain, with BS-POP, which quantifies psychosocial conditions, we 

Figure 3 Configuration of the diagnostic classification system. Questionnaire responses from PainDETECT and BS-POP were used as input variables for the machine 
learning model. The random forest algorithm classified patients into three pain categories: neuropathic pain, nociceptive pain, and other pain types. Color indicators 
represent different stages of the analytical process: Orange boxes indicate model development (training data creation and ensemble learning), blue boxes indicate input, 
classification, and output categories, and the red box indicates the analysis of pain-related factors and generation of explanatory data.

Figure 2 Example of feature importance evaluation using the random forest model. Each bar indicates the relative contribution of questionnaire items to classification 
accuracy. Feature importance was calculated using Gini importance derived from the random forest algorithm. * Variables correspond to the question numbers of the BS- 
POP and PainDETECT question.
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created a diagnostic model that more comprehensively reflects patient status. BS-POP provides both patient- and 
physician-based assessments, enabling a multidimensional evaluation of depression, anxiety, and stress, which are 
often overlooked by PainDETECT alone.

Another advantage of the proposed system is its simplicity and feasibility in clinical settings. Patients can complete 
the questionnaires while waiting for consultation, allowing rapid screening for neuropathic pain.

This approach may facilitate rapid screening in clinical settings. In addition, future digital implementation may allow 
patient-reported monitoring of pain states and treatment responses. However, the clinical impact of such applications 
requires further investigation.

The use of random forest models also provided an additional benefit: quantification of variable importance. As 
illustrated in Figure 2, the algorithm allows clinicians to visualize which questionnaire items most strongly influence 
diagnostic outcomes. For instance, if “difficulty at work (BS8)” shows high importance, targeted interventions such as 
workplace adjustments or stress management may be prioritized. In this way, psychosocial feedback can be integrated 
into treatment planning, potentially improving outcomes and patient satisfaction while raising the quality of pain 
management.

In addition to improving classification performance, the machine learning framework enabled a data-driven evalua
tion of the relative importance of questionnaire items. This approach may provide clinicians with additional insights into 
the psychosocial and functional factors associated with different pain mechanisms.

In recent years, machine learning approaches have increasingly been applied in medical research for diagnostic 
support and risk prediction. In the present study, we adopted a random forest–based ensemble learning approach because 
the dataset consisted mainly of questionnaire-based variables and the overall sample size was relatively limited. 
Ensemble learning methods are known to perform well with structured datasets and moderate sample sizes, making 
them suitable for the present study design.

Despite the limited dataset, the model achieved relatively high sensitivity for neuropathic pain detection. This finding 
suggests that integrating psychosocial information with conventional pain questionnaires may enhance the ability to 
identify neuropathic pain mechanisms in clinical practice.

Limitations
This study has several limitations. Neuropathic pain was analyzed as a single category encompassing conditions such as 
myelopathy, cauda equina syndrome, and radiculopathy. Disease-specific characteristics were not separately considered, 
which may have influenced diagnostic accuracy. Further analyses stratified by disease type will be necessary to confirm 
clinical utility and refine the model.

In addition, the diagnosis of neuropathic pain was based on comprehensive clinical evaluation rather than 
a standardized grading system such as NeuPSIG, which may have introduced some degree of diagnostic variability.

This was also a retrospective study conducted at a single institution, which may limit the generalizability of the 
findings.

Future studies using larger multicenter datasets and external validation will be necessary to further confirm the 
robustness and clinical applicability of the proposed screening system.

Table 6 Requirements for the Screening System and Implementation Plan

Item Requirement(s) Implementation Plan

Characteristics of 
the system

Easy to operate; results are immediately available Digitization of the screening tool

Accuracy Sensitivity >85%; Specificity >85% Improvement of model accuracy and addition of predictive features

Type of data Structured text data consisting of numeric questionnaire 
responses; small dataset

Machine learning algorithms: decision trees and ensemble learning with K-fold 
cross-validation

Interpretability Required Analysis of relationships between explanatory variables and evaluation of their 
contributions to sensitivity
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Conclusion
By integrating PainDETECT with the Brief Scale for Psychiatric Problems in Orthopaedic Patients (BS-POP) and applying 
machine learning techniques, we developed a novel screening system capable of classifying three types of pain—neuropathic, 
nociceptive, and psychogenic—achieving an overall accuracy of 75.6%.

The integration of psychosocial factors addressed important limitations of conventional screening tools and enabled 
a more comprehensive assessment of pain mechanisms.

This approach may facilitate earlier identification of neuropathic pain in clinical settings. However, further validation 
in independent populations is required before broader clinical application can be considered.

Further validation studies are warranted to establish the generalizability and clinical impact of this screening system.
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