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Abstract: Introduction: The severity of carpal tunnel syndrome (CTS) is evaluated by elec-
trophysiological examination as well as a patient-oriented questionnaire. We hypothesized
that machine learning could predict postoperative electrophysiological severity as well as
the scores of patient-oriented questionnaires. In this study, we developed machine learning
models to predict postoperative changes in electrophysiological severity and changes in
the Carpal Tunnel Syndrome Instrument (CTSI). Materials and Methods: Data from four
hundred and twenty hands of individuals who had been diagnosed with CTS and under-
gone carpal tunnel release were used. The features used for the machine learning model
were preoperative age, gender, distal motor latency (DML) value, sensory nerve conduction
velocity (SCV) value, preoperative electrophysiological severity stage, CTSI-SS value, and
CTSI-FS value. Logistic Regression (LR), ElesticNet (EN), Support Vector Machine (SVM),
Random Forest (RF), and LightGBM (LGBM) were used as machine learning algorithms.
A machine learning model was created to binary classify the electrophysiologic severity
at one year postoperatively. In the second experiment, regression models were created
to predict the change in CTSI-SS and CTSI-FS at one year postoperatively. Results: In
the electrophysiological severity classification model, LGBM showed the highest score
(AUC = 0.802). Preoperative DML, age, and preoperative electrophysiological severity
were important factors for model prediction. RF model showed the best performance. In
the regression model predicting the change in CTSI-SS or CTSI-FS (RMSE: 0.418, 0.333,
respectively), preoperative age and CTSI-SS or CTSI-FS scores were important factors for
model prediction. Conclusions: The machine learning model can predict postoperative
electrophysiological severity and CTSI score with high accuracy.

Keywords: CTS; machine learning; nerve conduction study

1. Introduction
CTS is the most common entrapment neuropathy of the upper extremity and is more

common in women, with a peak age range of 40–60 years [1–3]. Diagnoses are subjectively
made based on clinical findings of sensory deficit and/or thenar atrophy [4], while they
are made objectively via NCS and ultrasound examination [5]. NCS is useful not only in
diagnosing CTS but also in evaluating nerve degeneration. However, NCS is an objective
method of assessment and does not always correspond to clinical symptoms [6]. Moreover,
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electrophysiological recovery does not always support improvements in clinical outcome.
Therefore, a patient-orientated questionnaire that assesses patient-perceived symptoms and
quality of life (QOL) deterioration is important in determining the best treatment strategy
and evaluating the efficacy of the treatment. Performing an NCS and patient-orientated
questionnaire pre- and postoperatively is ideal; however, it requires time, comes with
high costs, and cooperation from patients; furthermore, in the case of NCSs, patients may
experience discomfort. If the postoperative changes determined by the NCS and patient-
orientated questionnaires are predicted by preoperative measurements, these problems
would be overcome; furthermore, it would also suggest that these approaches are a practical
choice for selecting the treatment method.

The role of nerve conduction studies (NCSs) in carpal tunnel syndrome (CTS) is not
only to diagnose CTS but also to objectively evaluate the severity of nerve damage. We have
previously reported the usefulness of preoperative evaluation and postoperative assess-
ment using the electrophysiological severity classification (Stages 1–5) based on parameters
of distal motor latency (DML) and sensory nerve conduction velocity (SCV) of the median
nerve [7]. However, patients’ main complaints are pain, numbness, and difficulty with
pinching movements, which do not correlate with electrophysiological severity [2]. There-
fore, postoperative assessments focusing on patient-oriented outcomes are also important,
as postoperative electrophysiologic severity assessment alone is insufficient to determine
treatment efficacy. The negative aspects of postoperative NCS are the costs and patient
discomfort during the procedure. Also, the use of a patient-oriented questionnaire requires
patient cooperation. Therefore, we consider if postoperative changes in NCS and patient-
oriented questionnaires could be predicted from preoperative assessments, as this would
be ideal in determining the treatment strategy. Currently, machine learning applications in
the medical field are expanding [8,9]. Further improvements in the accuracy of diagnosis
and the capability of the prediction of prognoses by machine learning may help us avoid
human error in diagnosis and in determining the treatment method. We hypothesized that
machine learning, which is a field of artificial intelligence (AI), could predict postoperative
electrophysiological severity as well as the scores of patient-oriented questionnaires. In
this study, we developed machine learning models to predict postoperative changes in
electrophysiological severity, as well as the Carpal Tunnel Syndrome Instrument (CTSI) of
the Japanese Society for Surgery of the Hand (JSSH) version; CTSI-JSSH [10].

2. Materials and Methods
2.1. Data Collection

Before the present investigation, we obtained approval from the Ethics Committees of
our institution (Approved number: 4-04). Written informed consent was obtained from
each patient after the oral explanations of the details of the present study were given. None
of the eligible patients declined enrolment.

Four hundred and twenty hands of patients diagnosed with CTS at our hospital from
March 2013 to September 2022 were included. The diagnosis of carpal tunnel syndrome was
made by a hand surgeon based on numbness in the median nerve area, carpal tunnel Tinel’s
signs, and electrophysiology results. The severity of carpal tunnel syndrome was classified
following previous reports [7,11]. The patients underwent open carpal tunnel release (CTR)
with small skin incisions and underwent NCS and CTSI-JSSH scoring before and one year
after surgery. The average age of the patients was 68.3 ± 12.1 years (26–97 years), with
102 male and 318 female hands. Cases with diabetic peripheral neuropathy or cervical
spine disorders were excluded. For NCS, the distance between the stimulus and derivation
electrodes was set to 7 cm, and the DML of the abductor pollicis brevis was recorded with
maximum electrical stimulation at the wrist joint. SCV was measured by the retrograde
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method with maximum electrical stimulation at the wrist joint and derivation at the index
finger. The distance between the stimulus and derivation electrodes was 14 cm. The
preoperative and one-year postoperative values were classified into Stages 1–5 using the
electrophysiological severity classification with the cutoff values as DML ≧ 4.5 ms and
SCV < 40.0 m/s [7,11]. All tests were performed by the same examiner using MEB2200
(Nihon Kohden, Tokyo, Japan).

CTSI-JSSH is composed of the severity score of symptoms (CTSI-SS) and the scale of
functional status (CTSI-FS). CTSI-SS is calculated as the average of the contents of 11 items
evaluated from 1 to 5 points, with mild being 1 point and most severe being 5 points.
CTSI-FS is used for finger function evaluation, and the average of 8 questions is calculated,
with mild being 1 point and most severe being 5 points. The CTSI-JSSH questionnaire was
completed by the patients themselves outside the examination room.

2.2. Machine Learning Model Training

For machine learning, we used the scikit-learn library (ver. 1.2.2) of Python. To create
a machine learning dataset, undetectable electrophysiological data were preprocessed as
follows. Cases where DML could not be detected were replaced with DML = 20 ms. Cases
where SCV could not be detected were replaced with SCV = 0 m/s. In total, 70% of all
data were used as training data and 30% were used as test data. The features used for the
machine learning model are summarized in Table 1.

Table 1. The features used for the machine learning model.

Abbreviation Meaning

Age Age at the time of surgery

IsFemale Gender: female or male

preDML Pre-operative DML

preSCV Pre-operative SCV

prestage Pre-operative electrophysiological severity stage

preSS Pre-operative CTSI-SS score

preFS Pre-operative CTSI-FS score

The first machine learning model was created to binary classify electrophysiologic
severity at one year postoperatively. Logistic Regression (LR), Support Vector Machine
(SVM), Random Forest (RF), and LightGBM (LGBM) were used as machine learning al-
gorithms. The characteristics of each machine learning model are as follows. Logistic
Regression (LR): a linear model for binary classification, estimating probabilities using a
logistic function. Support Vector Machine (SVM): a supervised learning model finding
the optimal hyperplane to classify data points. Random Forest (RF): an ensemble learning
method using multiple decision trees to improve classification and regression performance.
LightGBM (LGBM): a gradient boosting framework that uses tree-based learning algo-
rithms for fast, accurate results. In the second experiment, LR, Elastic Net, SVM, RF, and
LGBM were used as regression models to predict the change in CTSI-SS and CTSI-FS at
one year postoperatively.
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2.3. Statistical Analysis

Correlation coefficients between each parameter are displayed in the heatmap. In
this heatmap, the correlation coefficients are plotted in the range of −1.0 to 1.0, with
warm colors showing a positive correlation and cold colors showing a negative correlation.
Pearson’s correlation coefficient test was performed and items with correlation coefficients
greater than 0.4 or less than −0.4 were considered correlated. For statistical examination, a
chi-square test and paired t-test were performed on the distribution of electrophysiological
severity, CTSI-SS scores, and CTSI-FS scores. For electrophysiological severity, logistic
regression analysis was performed after grouping Stages 4 and 5 into the severe group and
Stages 1–3 into the mild and moderate group. Multivariate analysis was performed for
statistically significant variables to determine changes in CTSI-SS and CTSI-FS. Statistical
analysis was performed using the Statsmodels library (ver. 0.14.1) of Python (ver. 3.10.12),
and p < 0.05 was set as statistically significant.

For machine learning classification model evaluation, the accuracy, recall (sensitivity),
precision, and f-measure, as well as the specificity for each model, were calculated from the
confusion matrix obtained from the test data. The characteristics of each evaluation method
are as follows. Accuracy: the proportion of correctly predicted instances among all instances.
Recall: the proportion of actual positives correctly identified by the model. Precision: the
proportion of positive predictions that are truly positive. F-Measure: the harmonic mean of
precision and recall. Specificity: the proportion of actual negatives correctly identified by
the model. The AUC (Area Under the Curve) was calculated from the Receiver Operating
Characteristic (ROC) curve. The regression models were evaluated using the Root Mean
Square Error (RMSE), the Mean Absolute Error (MAE), and the coefficient of determination
(R2). Machine learning model results were presented in the form of a mean (95% confidence
interval). As a method of explainable AI (XAI), the important features in the model were
visualized using feature importance and SHAP (Shapley Additive Explanation) scores.
Feature importance is a concept that shows how important each feature is in improving the
accuracy of the model. The SHAP score is a score that quantifies how much each feature
has contributed to the prediction result of the model based on game theory.

3. Results
3.1. Statistical Analysis Results

The correlation coefficients between each parameter are shown in Figure 1 as a
heatmap, with the bottom column of the heatmap representing the correlation between
the objective and explanatory variables. Postoperative electrophysiological severity
was positively correlated with preoperative DML and preStage (correlation coefficient:
p-value = 0.52: 3.85 × 10−30, 0.40: 9.08 × 10−18, respectively) (Figure 1a). The postop-
erative CTSI-JSSH-SS change correlated positively with the preoperative CTSI-JSSH-SS
score (correlation coefficient: p-value = 0.83: 1.33 × 10−106) (Figure 1b). The postoperative
CTSI-JSSH-FS change correlated positively with the preoperative CTSI-JSSH-FS and CTSI-
JSSH-SS score (correlation coefficient: p-value = 0.87: 2.47 × 10−133, 0.48: 2.71 × 10−25,
respectively) (Figure 1c).
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Figure 1. Heatmap of the correlation coefficients between each parameter. The bottom column of the
heatmap represents the correlation between the objective and explanatory variables. Warm colors
show a strong positive correlation and cold colors have a strong negative correlation.

According to the results of the x-square test using Table 2, the postoperative electro-
physiological severity was significantly improved compared to the preoperative value.
(p = 1.0 × 10−4). According to the results of a paired t-test pre- and postoperative CTSI
scores, the mean CTSI-JSSH-SS was 2.52 ± 0.85 preoperatively and 1.33 ± 0.51 at one
year postoperatively, indicating a statistically significant decrease. (p = 2.54 × 10−76). The
CTSI-JSSH-FS score was 2.40 ± 0.96 preoperatively and 1.42 ± 0.63 at one year postopera-
tively, showing a statistically significant decrease (p = 2.97 × 10−60). In a logistic regression
analysis comparing the mild and moderate, and severe electrophysiologic severity groups
at one year postoperatively, gender, age, and preoperative DML were statistically signif-
icant variables (p = 2.60 × 10−5, p = 2.99 × 10−6, p = 3.26 × 10−11, respectively). In a
multivariate analysis of changes in CTSI-JSSH-SS scores before and after surgery, preop-
erative CTSI-JSSH-FS and preoperative CTSI-JSSH-SS scores were statistically significant
variables (p = 1.31 × 10−8, p = 0.022, respectively). In a multivariate analysis of pre-and
postoperative CTSI-JSSH-FS changes, preoperative CTSI-JSSH-FS, age, and preoperative
SCV were statistically significant variables (p = 1.59 × 10−76, p = 6.65 × 10−7, p = 0.026,
respectively). The t-values for each item in the multiple regression analysis are summarized
in Table 3 as an indication of the contribution of each item in predicting prognosis.
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Table 2. Distribution of pre-and postoperative electrophysiological severity.

Pre-Surgery (Hands) Post-Surgery (Hands)

Stage 1 3 113

Stage 2 10 108

Stage 3 59 89

Stage 4 149 68

Stage 5 198 38

unclassified 1 4

Table 3. The t-values for each item in the multiple regression analysis are summarized as an indicator
of the contribution of each item in predicting prognosis.

Change In CTSI-JHHS-FS Score Change In CTSI-JHHS-SS Score

Is Female 1.17 0.46

Age −1.37 −4.87

preDML 0.11 0.22

preSCV −0.91 −2.12

preStage −1.20 −1.75

preSS 25.8 −1.35

preFS −2.4 32.0

3.2. Results of Machine Learning Model
3.2.1. Classification Model

The performance of the LR, SVM, RF, and LGBM models in the task of classifying
the electrophysiological severity of the test data is shown in Table 4. The AUC obtained
from the ROC curve was 0.754 (0.752–0.757) for LR, 0.765 (0.763–0.768) for SVM, 0.764
(0.761–0.766) for RF, and 0.802 (0.799–0.804) for LGBM (Figure 2). The LGBM model showed
the highest score in all evaluation metrics. When visualizing the feature importance of
the LGBM model, preoperative DML, age, and preoperative electrophysiological severity
stage were important factors. The SHAP score for the same LGBM model showed that
preoperative DML, age, and gender were important factors (Figure 3).

Table 4. Model performance in electrophysiological severity classification task.

LR SVM RF LGBM

Accuracy 0.819
(0.817–0.821)

0.811
(0.809–0.812)

0.829
(0.827–0.831)

0.851
(0.849–0.853)

Recall
(Sensitivity)

0.619
(0.614–0.623)

0.671
(0.666–0.675)

0.625
(0.621–0.639)

0.697
(0.692–0.701)

Precision 0.667
(0.663–0.672)

0.630
(0.626–0.635)

0.694
(0.690–0.699)

0.724
(0.720–0.728)

F-measure 0.640
(0.636–0.643)

0.647
(0.644–0.651)

0.656
(0.652–0.659)

0.708
(0.704–0.711)

Specificity 0.890
(0.888–0.892)

0.861
(0.859–0.863)

0.902
(0.900–0.904)

0.906
(0.904–0.907)

Best Parameters
of Model

Model intercept
= −1.602

C = 100
Gamma = 0.001

Max depth = 3
Numbers of

estimators = 300

Objective = binary
Metric = binary

error
Num_leaves = 6

The performance of the LR, SVM, RF, and LGBM models in the task of classifying electrophysiological severity.
LR: Logistic Regression; SVM: Support Vector Machine; RF: Random Forest; LGBM: LightGBM.
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ical severity one year after the surgery.

3.2.2. Regression Model

The performance of the regression model in predicting the change in CTSI-JSSH-
SS scores before and after surgery is shown in Table 5. The RF model showed the best
RMSE and R2 score among the five models. Visualizing the feature importance of the RF
model, preoperative CTSI-JSSH-SS score, preoperative CTSI-JSSH-FS score, and age were
important factors. Similarly, preoperative CTSI-JSSH-SS score, preoperative CTSI-JSSH-FS
score, and preoperative DML were important factors for the SHAP score of the RF model
(Figure 4). The performance of the model in predicting changes in CTSI-JSSH-FS before and
after surgery is shown in Table 6. The RF model had the best RSME and R2 scores of the five
models. Visualization of feature importance and SHAP values showed that preoperative
CTSI-JSSH-FS score, age, and preoperative CTSI-SS score were important factors (Figure 5).
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Table 5. Model performance in the task of detecting the change in CTSI-SS score.

LR EN SVM RF LGBM

RMSE 0.486
(0.478–0.494)

0.485
(0.476–0.494

0.487
(0.478–0.495)

0.418
(0.410–0.426)

0.475
(0.464–0.485)

MAE 0.337
(0.332–0.342)

0.336
(0.330–0.341)

0.315
(0.309–0.320)

0.285
(0.280–0.290)

0.267
(0.261–0.272)

R2 0.688
(0.679–0.697)

0.685
(0.675–0.695)

0.683
(0.672–0.694)

0.768
(0.760–0.776)

0.702
(0.691–0.713)

Best
Parameters of

Model

Model
intercept = 1.39

Alpha = 0.004
L1_ratio = 0.00

C = 0.464
Gamma = 0.021

Max depth = 5
Numbers of

estimators = 300

Learning
rate −0.073

Max depth = 3

The performance of the LR, EN, SVM, RF, and LGBM models for the task of predicting the change in the CTSI-
JSSH-SS score. LR: Logistic Regression; EN: Elastic Net; SVM: Support Vector Machine; RF: Random Forest;
LGBM: LightGBM.
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Figure 4. (a) Feature importance, (b) SHAP scores of the RF model in predicting changes in CTSI-
JSSH-SS scores one year after the surgery.

Table 6. Model performance in the task of detecting the change in CTSI-FS scores.

LR EN SVM RF LGBM

RMSE 0.405
(0.403–0.407)

0.404
(0.402–0.406)

0.399
(0.397–0.401)

0.333
(0.332–0.335)

0.375
(0.373–0.377)

MAE 0.289
(0.287–0.290)

0.288
(0.287–0.289)

0.271
(0.270–0.273)

0.238
(0.236–0.239)

0.234
(0.233–0.235)

R2 0.771
(0.769–0.774)

0.773
(0.771–0.776)

0.779
(0.776–0.781)

0.846
(0.844–0.847)

0.803
(0.801–0.806)

Best
Parameters of

Model

Model
intercept = 1.22

Alpha = 0.0021
learning_

ratio = 0.00

C = 0.464
Gamma = 0.022

Max depth = 5
Numbers of

estimators = 100

Objective =
Mean absolute error
Learning rate −0.01

Max depth = 7

The performance of the LR, EN, SVM, RF, and LGBM models in the task of predicting the change in CTSI-
JSSH-FS scores. LR: Logistic Regression; EN: Elastic Net; SVM: Support Vector Machine; RF: Random Forest;
LGBM: LightGBM.
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4. Discussion
This study established a machine learning model to predict postoperative changes in

electrophysiological severity or CTSI scores after surgery for carpal tunnel syndrome. The
LightGBM model was effective in predicting electrophysiological severity and the Random
Forest model was effective in predicting postoperative changes in CTSI scores.

In recent years, there has been an increasing number of reports using AI models
for the diagnosis and treatment of CTS [12–14]. Most of them report on the utility of
AI models in the diagnosis of CTS. Park et al. [12] proposed an AI model to classify the
electrophysiological severity of CTS as mild, moderate, and severe based on age, body size,
questionnaire responses, and ultrasound findings. Among seven machine learning models,
eXtremeGradient Boosting (XGB) was the most accurate [12]. Tsamis et al. [13] created
a machine learning model by generating multiple parameters from DML, motor nerve
conduction velocity, SCV, compound motor action potential, and sensory nerve action
potential waveforms. They reported that the accuracy of this model in diagnosing CTS was
higher than that of conventional NCS. Shinohara et al. [14] reported that deep learning on
the ultrasound image of the median nerve provided a highly accurate diagnosis without
nerve conduction studies. On the other hand, there are a few papers regarding the changes
in NCS and patient-oriented questionnaires after CTS treatment. Elseddick et al. [15]
used CTSI, NCS, and ultrasound imaging data to predict the cross-sectional area of the
median nerve on ultrasound images at one, three, and six months after median nerve hydro-
release treatment. The results showed that the multilayer perceptron model performed
the best, with R2 values of 0.906, 0.684, and 0.667 at one-, three- and six months post-
treatment, respectively. They also reported that CTSI scores improved after the treatment,
but they did not create a machine-learning model to predict the change in post-treatment
CTSI. Harrison et al. [16] developed a binary classification model to predict whether
the rate of Quick DASH improvement after CTR surgery would exceed the minimal
clinically important difference (MCID), with predictive accuracies of 0.72 and 0.76 for
improvements in functional and symptom scores after CTR surgery, respectively. In the
study, they excluded items 7 and 8 among the Quick DASH disability items because those
items are related to social activities. Itsubo et al. [17] compared the responsiveness of
patients with the Quick DASH-JSSH and CTSI-JSSH three months after CTR and reported
that CTSI-JSSH showed higher responsiveness than DASH-JSSH. Therefore, we selected
CTSI-JSSH as a patient-oriented questionnaire. There are several reports on MCIDs for
CTSI, with values ranging from 1.04~1.4 for CTSI-SS and 0.4~1.6 for CTSI-FS [18–20]. De
Kleermaeker et al. [21] reported that MCID cutoff values were not constant and should be
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determined based on individual preoperative CTSI scores. The change in CTSI-JSSH score
in this study was 1.20 for CTSI-JSSH-SS and 0.99 for CTSI-JSSH-FS, which is comparable
to the findings pf previous reports [18–21]. The RF model showed the highest score in the
CTSI-JSSH-SS prediction model. The preoperative CTSI-JSSH score and age were the most
important predictors. The RF model also showed the best performance in the prediction of
CTSI-JSSH-FS. The important predictors in the RF model were the preoperative CTSI-JSSH
score and age. Itsubo et al. [17] reported that improvements in the CTSI-JSSH score at six
months postoperatively correlated with the CTSI-JSSH score itself, rather than with the
preoperative electrophysiologic severity. Our results were consistent with their report. In
this study, the R2 values were 0.768 for CTSI-JSSH-SS and 0.846 for CTSI-JSSH-FS. Although
the R2 values are not as high as in other studies [15], this study is valuable as the first report
of changes in CTSI-JSSH after surgery using machine learning.

To summarize the results of this study on CTSI-JSSH, the Random Forest model was
the best predictor of postoperative change, with a lower preoperative severity score and
functional score and younger age being important for predicting postoperative CTSI cores.

This is also the first study to use machine learning to predict the change in electro-
physiological severity after CTR. The LGBM model showed the highest accuracy in the
electrophysiological severity prediction model. Preoperative DML and age were the most
important features for prediction. These have been reported as statistically significant
factors that influence the change in electrophysiological severity after CTR surgery [18],
and the machine learning predictions in this study showed similar trends. This result is
similar to the items significant in the Pearson’s correlation coefficient test.

The limitations of this study are as follows. First, since the study included patients
who had undergone CTR, the number of electrophysiological mild cases (Stages 1 and 2)
was small. Second, the number of explanatory factors was small: blood tests, BMI, and
medical history were not included as explanatory factors.

5. Conclusions
Machine learning models were used to predict the changes in the electrophysiologic

severity and CTSI-JSSH score one year after surgery. Important features for prediction were
preoperative DML and age in the electrophysiological severity classification model, and
preoperative CTSI-JSSH scores and age in the CTSI-JSSH-SS&FS prediction model.
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