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A combined radiomics and anatomical features model enhances MRI-based recognition of symptomatic nerves in primary trigeminal neuralgia
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Background: The diagnosis of primary trigeminal neuralgia (PTN) in radiology lacks the gold standard and largely depends on the identification of neurovascular compression (NVC) using magnetic resonance imaging (MRI) water imaging sequences. However, relying on this imaging sign alone often fails to accurately distinguish the symptomatic side of the nerve from asymptomatic nerves, and may even lead to incorrect diagnoses. Therefore, it is essential to develop a more effective diagnostic tool to aid radiologists in the diagnosis of TN.

Purpose: This study aims to establish a radiomics-based machine learning model integrating multi-region of interest (multiple-ROI) MRI and anatomical data, to improve the accuracy in differentiating symptomatic from asymptomatic nerves in PTN.

Methods: A retrospective analysis of MRI data and clinical anatomical data was conducted on 140 patients with clinically confirmed PTN. Symptomatic nerves of TN patients were defined as the positive group, while asymptomatic nerves served as the negative group. The ipsilateral Meckel’s cavity (MC) was included in both groups. Through dimensionality reduction analysis, four radiomics features were selected from the MC and 24 radiomics features were selected from the trigeminal cisternal segment. Thirteen anatomical features relevant to TN were identified from the literature, and analyzed using univariate logistic regression and multivariate logistic regression. Four features were confirmed as independent risk factors for TN. Logistic regression (LR) models were constructed for radiomics model and clinical anatomy, and a combined model was developed by integrating the radiomics score (Rad-Score) with the clinical anatomy model. The models’ performance was evaluated using receiver operating characteristic curve (ROC) curves, calibration curves, and decision curve analysis (DCA).

Results: The four independent clinical anatomical factors identified were: degree of neurovascular compression, site of neurovascular compression site, thickness of the trigeminal nerve root, and trigeminal pons angle (TPA). The final combined model, incorporating radiomics and clinical anatomy, achieved an area under the curve (AUC) of 0.91/0.90 (95% CI: 0.87–0.95/0.81–0.96) and an accuracy of approximately 82% in recognizing symptomatic and normal nerves.

Conclusion: The combined radiomics and anatomical model provides superior recognition efficiency for the symptomatic nerves in PTN, offering valuable support for radiologists in diagnosing TN.
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1 Introduction

Trigeminal neuralgia (TN) is a prevalent chronic neuropathic pain disorder with a lifetime prevalence ranging from 0.16 to 0.3%. It is more common in females and typically manifests between the ages of 53 and 57. TN is characterized by sudden, severe, electric shock-like or stabbing pain in areas innervated by the unilateral trigeminal nerve. These pain attacks may be triggered by minimal stimuli, or occur spontaneously (Cruccu et al., 2020; Bendtsen et al., 2020).

TN is classified into primary trigeminal neuralgia (PTN) and secondary trigeminal neuralgia (STN). STN is usually associated with identifiable neurological conditions, such as multiple sclerosis or space-occupying lesions, making its diagnosis is relatively straightforward. In contrast, the etiology of PTN is less clear, complicating its diagnosis. While NVC is a widely accepted theory for PTN, but not all PTN patients exhibit NVC, and NVC is also found in asymptomatic individuals, suggesting that it is not be the sole pathogenic factor of PTN (Cruccu et al., 2020; Adamczyk et al., 2007; Ashina et al., 2024).

Recent studies have identified localized microdemyelination in PTN patients have localized micro demyelination, which may be associated with structural and functional changes in the brain. These microdemyelinations are not always caused by NVC (Ashina et al., 2024; Wang et al., 2019). Additionally, variations in the Meckel’s cavity (MC) have been implicated in TN. For example, in percutaneous balloon compression (PBC) treatments for TN, pain relief depends on the shape and pressure exerted by the balloon on the trigeminal ganglion within the MC. Morphological differences in the MC between the Meckel cavity of TN patients and healthy individuals have also been reported (Lin et al., 2021; Jain et al., 2021; Wang et al., 2021; Li et al., 2021). Therefore, we have reason to suspect that there are differences in MC of TN patients compared with normal people. These differences may be multifaceted, such as differences in morphology, symmetry, and even nerve roots within MC. These differences may be independent of NVC.

The diagnosis of PTN is challenging, as it can be mistaken for other causes of facial pain, such as toothache or migraine. MRI of the trigeminal nerve is commonly used to aid in diagnosis, but radiologists often rely solely on identifying NVC. This method is not always accurate, as texture differences or microdemyelination in the trigeminal cistern segment, or morphological changes in the MC may be too subtle to detect with the naked eye, even with high-resolution MRI. For example, Magown et al. (2019) study found that 32% of TN patients may not have NVC, while Kress et al. (2006) also found that a large number of normal individuals have NVC in their trigeminal nerves. Therefore, there is crucial to find a pressing need for more effective diagnostic tools that can assist radiologists in identifying PTN, thus improving diagnostic accuracy and advancing our understanding of TN pathogenesis.

Radiomics, a non-invasive approach that extracts a large number of quantitative information features from medical images, has primarily been used in oncology but is now being explored in neuroimaging and pain disorders. Radiomics can capture subtle morphological changes, signal intensity variations, and texture differences that may go unnoticed by the naked eye. Previous studies have also highlighted anatomical differences in TN patients are also different from normal people, such as variations in TPA and trigeminal nerve root thickness, which could be diagnostically significant when incorporated into a machine learning model (Barzaghi et al., 2020).

This study focuses on PTN patients, and aims to: (1) Develop a radiomics model using the MC and trigeminal cisternal segment as the target areas, and a clinical anatomical model was established based on the anatomical features. These models are then combined to create an enhanced diagnostic tool. (2) Evaluate the accuracy of identifying symptomatic nerves using NVC signs alone, verifing that NVC is not a necessary and sufficient condition for PTN and simulating the scenario where radiologists rely on visual assessment of NVC during routine diagnosis.



2 Materials and methods


2.1 Patients

This study was carried out in accordance with the declaration of Helsinki and was approved by the Ethics Committee of the hospital. The study included 140 patients with TN clinically diagnosed with TN between January 2021 and April 2023. Among the 140 patients, 139 had unilateral trigeminal neuralgia and 1 had bilateral trigeminal neuralgia, so a total of 141 symptomatic nerves and 139 normal nerves were included. One of the normal nerves was excluded due to the lack of clarity, so a total of 279 nerves were included, including 141 symptomatic nerves and 138 normal nerves.

The study comprised 141 symptomatic nerves were included in the positive group (one patient had bilateral trigeminal onset) classified as the positive group, and 138 normal nerves classified as the negative group, totaling 279 nerves. Additionally, 141 MCs ipsilateral to the nerve were included in the positive group, and 138 MCs were included in the negative group, a total of 279 nerves (one patient’s normal nerve was excluded due to unclear display). A total of 141 MCs on the ipsilateral side of the nerve were included as the positive group, and 138 MCs were negative group. MCs were also included in the same way. A total of 279 MCs were included, including 141 on the symptomatic side and 138 on the normal side.

Inclusion criteria: (1) TN patients diagnosed according to the third edition of the International Classification of Headache Disorders. (2) The MRI sequence used was t2-mix3d-tra-spair. (3) Because the nerve root is very thin, the slice thickness of MRI must be as thin as possible (≤5 mm), covering the range includes MC and trigeminal cisternal segment. (4) Patients without prior trigeminal nerve-related surgery. Exclusion criteria: (1) TN patients with unclear localization of symptomatic nerves and normal nerves. (2) Patients with poor MRI image quality. (3) Patients diagnosed with STN or conditions that could cause secondary TN, such as herpes zoster infection, multiple sclerosis, or trigeminal schwannoma.

Our nerves were randomly divided into training and validation groups at a 7:3 ratio. One of the two nerves of a patient may be located in the training group, the other in the validation group, or the two nerves may be in the same group at the same time.



2.2 MRI water imaging parameters

Preoperative MRI scans were performed using a 3.0 T United Imaging MRI scanner (Discover uMR 790). The MRI sequence uses a specific neural water imaging sequence used was t2-mix3d-tra-spair, with the following parameters are as follows: TR = 1,300 ms; TE = 258 ms; FOV = 180 × 200 mm; scan slice thickness = 0.5 cm; voxel size = 0.5 × 0.5 × 0.5 cm.



2.3 Identification of NVC

NVC identification of nerve was conducted by two radiologists with 10 years of experience in diagnosing neurological/pain disorders who were blinded to the symptomatic side of the patients during analysis. If they have differences, the third professor with 27 years of experience in neuroimaging diagnosis will resolve them.

We classify NVC was classified into four levels: Level I: Separation—blood vessels are distant from nerves, with cerebrospinal fluid (CSF) signal visible between them. Level II: Contact —nerve and blood vessel are in close proximity, without a CSF signal shadow between them. Level III: Compression—blood vessels compress the nerve, causing indentation and local tortuosity. Level IV: Shifting—severe compression by blood vessels results in nerve displacement, atrophy, and thinning. These levels are illustrated in Figure 1. For subsequent analysis, Level I was considered NVC-negative, while Levels II-IV were deemed NVC-positive, simulating radiologists’ reliance on visual assessment of NVC for diagnosing symptomatic nerves in actual work, that is, the nerves with NVC positive are judged as symptomatic nerves, and the nerves with NVC negative are normal nerves (Hung et al., 2017; Baroni et al., 2023).

[image: Figure 1]

FIGURE 1
 Measurement of the degree of neurovascular compression. (A-D) Represent level I, II, III and IV respectively.




2.4 Measurement of other clinical anatomic indicators

Thirteen anatomical indicators, identified from the literature as potentially differing between TN patients and healthy individuals, were selected. These indicators included the degree and site of NVC, neurovascular compression or adjacent sites (the compression point is proximal or distal) (Zhao et al., 2022), thickness of responsible blood vessels, maximum MC diameter of MC, maximum transverse MC diameter of MC, maximum MC cross-sectional area, trigeminal nerve root thickness (Li et al., 2024), length of trigeminal nerve cistern segment length, area of the anterior pool of the cerebral bridge, nerve vertical height (Li et al., 2024; Kundakci et al., 2022), TPA, angle of the petrous ridge (APR), and trigeminal nerve angles (ATN) (Hung et al., 2017; Barzaghi et al., 2021; Brinzeu et al., 2018; Zhong et al., 2022). Figure 2 shows the measurement methods for some anatomical indices. Univariate logistic regression analysis and multivariate logistic regression analyses were used to screen these anatomical characteristics, identifying independent risk factors for TN. were selected.

[image: Figure 2]

FIGURE 2
 Measurement methods of some anatomical indexes. (A) Neurovascular compression or the adjacent site is distal; (B) Neurovascular compression or the adjacent site is proximal; (C) Measurement of TPA; (D) Nerve vertical height.




2.5 Image segmentation and radiomics feature extraction

The research steps of radiomics are shown in Figure 3. Image segmentation was performed using 3D Slicer (Version 5.2.1)1 and its radiomics plugin. Feature extraction and model establishment of models were conducted using R language software (Version 4.2.2).2

[image: Figure 3]

FIGURE 3
 Research steps of radiomics.


A radiologist with a 10 years of neuroimaging experience, blinded to patient clinical histories, conducted the image segmentation. All images were resampled all images to a voxel size of 1 × 1 × 1 mm3 using B-spline i 5 mm 5 mm nterpolation, and then normalized. Two regions of interest (ROIs) were defined: the trigeminal cisternal segment, which starts from the origin of the trigeminal nerve origin at the pons to the entrance of the MC; and the MC itself, including all its contents. The ROIs were delineated layer by layer on the cross-sectional images to reconstruct the volume of interest (VOI). For each VOI, 1,316 radiomics features were extracted, including morphological features, texture, and higher-order features. Intra-observer reproducibility and measure the stability of radiomics characteristics were evaluated by re-segmenting the VOI in 20 randomly selected patients after 1 month. The VOI of 20 randomly selected patients was re segmented by another professor in the field of pain imaging in our department of radiology to assess inter observer reproducibility and stability.

All features were standardized using Z-scores, and those with high stability were retained, ICC (Intra-and inter correlation coefficient) > 0.75. The Least Absolute Shrinkage and Selection Operator (LASSO) regression model with 10-fold cross-validation was used to select non-zero coefficient features. The Rad-Score for each case was calculated by using the formula Rad-Score = radiomics feature value × coefficient + intercept (Park et al., 2020; Zhang et al., 2024).



2.6 Model construction and evaluation

The prediction model was constructed using R language software. Radiomics features extracted from the two VOIS of MC and trigeminal cisternal segment were used to build separate radiomics models, which were then combined to create a new radiomics model, with Rad-Score calculated. Independent risk factors for TN were used to construct a clinical model, and the clinical model was combined with Rad-Score to create a final model. A nomogram was drawn based on the combined model. Due to its simplicity and wide application in radiomics, logistic regression (LR) was employed to construct all models in this study.

The performance of each model was evaluated using ROC curves, with Delong tests used to analyze the differences in performance. Clinical applicability was assessed using DCA curves, and model calibration was evaluated using a calibration curves.



2.7 Statistical analysis

All statistical analyses were conducted using SPSS (version 26.0, IBM Corp., Armonk, NY) and R. Normally distributed continuous variables were analyzed using two independent sample t-tests, while non-normally distributed variables were analyzed using Mann–Whitney U tests. Categorical data were analyzed using chi-square test or Fisher’s exact tests, with p < 0.05 considered statistically significant. The “glmnet” package in R was used for LASSO regression, “pROC” for plotting ROC curves and calculating AUC values, “rms” for plotting nomograms and calibration curves, and “dcurves” for DCA plotting DCA.




3 Results


3.1 Screening results of clinical anatomical features

Baseline patient data of patients are detailed in Table 1. Univariate and multivariate logistic regression analyses identified four independent risk factors for PTN: degree of neurovascular compression, site of neurovascular compression, thickness of trigeminal nerve root, and TPA.



TABLE 1 Clinical characteristics of patients.
[image: Table1]



3.2 Screening results of radiomics features

A total of 2,632 radiomics features were extracted from the two ROIs, encompassing 28 shape features, 504 first-order statistical features, 672 GLCM features, 392 GLDM features, 448 GLRLM features, 448 GLSZM features, and 140 NGTDM features. After filtering for high stability (ICC > 0.75), 2,461 features were retained. LASSO regression further narrowed this down to screen, and a total of 28 radiomics features were selected, including 4 from the MC and 24 from the trigeminal cisternal segment. The specific process of LASSO regression process is illustrated in Figure 4. Table 2 provides details about the selected radiomics features.

[image: Figure 4]

FIGURE 4
 Radiomics feature selection uses LASSO regression. (A) The LASSO coefficient of radiomics features converges. (B) Penalty parameter (Lambda) selection, using the minimum deviation standard for 10 fold cross validation. The dashed line represents the optimal value of the penalty parameter (log (Lambda) = -3.0265) selected based on the minimum mean squared error criterion, resulting in 28 non-zero coefficient features.




TABLE 2 Basic information of radiomics characteristics.
[image: Table2]



3.3 Simulating radiologists’ visual recognition of symptomatic nerves

To simulate the diagnostic process used by radiologists, a machine learning model was constructed using only NVC as a variable. In this model, NVC was treated as a binary variable, where any nerve with NVC was considered symptomatic nerve, and nerves without NVC were considered normal nerve. The ROC curve for this model is shown in Figure 5, demonstrating its limited diagnostic performance.

[image: Figure 5]

FIGURE 5
 Accuracy of simulating radiologists’ visual recognition of symptomatic nerves. (A,B) Represent the training and validation groups, respectively.




3.4 Performance of the final model

The four radiomics features from the MC were used to construct the Meckel’s cavity radiomics model, while the 24 radiomics features from the trigeminal cisternal segment were used to construct the trigeminal radiomics model. The performance of these models is summarized in Table 3. By combining the radiomics features from both ROIs, a more robust radiomics model was constructed. The four independent clinical anatomical features were used to build a clinical model, which was then combined with Rad-Score to form the final model. The nomogram based on the combined model is shown in Figure 6. Among all variables in the nomogram, Rad-Score had the greatest impact on diagnostic performance, emphasizing the importance of the radiomics model. The performance of the combined model. The results of these three models in both the training and validation groups is detailed in Table 4. All 5 models were built using LR.



TABLE 3 Performance of Meckel’s cavity radiomics model and trigeminal nerve radiomics model.
[image: Table3]

[image: Figure 6]

FIGURE 6
 Nomogram for identifying PTN symptom nerves.




TABLE 4 Performance of clinical model, radiomics model, and combined model.
[image: Table4]

The ROC curves for all models are presented in Figure 7. Overall, the performance of the combined model outperformed the others, with the radiomics model being the second best, followed by the trigeminal radiomics model, the clinical model is the fourth, and finally the Meckel’s cavity radiomics model. The AUC values for the combined model reached 0.91 and 0.90 in the training and validation groups, respectively, which was significantly outperforming the performance of other models. With p < 0.05 as the standard, the Delong test was used to analyze whether the performance differences between the combined model and the radiomics model, the clinical model, the trigeminal radiomics model, and the Meckel cavityradiomics model were statistically significant. The Delong test results for both groups are shown in Figures 8, 9 indicating that the combined model significantly outperforms others (p < 0.05). The DCA curves (Figure 10) further support the superior clinical utility of the combined model. The calibration curves for the combined model in both groups (Figure 11) show. Of course, the accuracy of the combined model is also much greater than the accuracy of radiologists’ visual recognition of symptomatic nerves. The radiomics model also has stronger diagnostic performance than the MC radiomics model and trigeminal radiomics model alone (p-values were 0.0001/0.002, 0.07/0.01, respectively).

[image: Figure 7]

FIGURE 7
 ROC curves of all models. (A,B) Represent the training and validation groups, respectively.


[image: Figure 8]

FIGURE 8
 Delong test of combined model and other models in the training group. (A) Radiomics model of Meckel cavity; (B) Clinical model; (C) Radiomics model of trigeminal nerve; (D) Radiomics model.


[image: Figure 9]

FIGURE 9
 Delong test of combined model and other models in the validation group. (A) Radiomics model of Meckel cavity; (B) Clinical model; (C) Radiomics model of trigeminal nerve; (D) Radiomics model.


[image: Figure 10]

FIGURE 10
 Comparison of DCA curves of five models.


[image: Figure 11]

FIGURE 11
 Calibration curve of combined model of training group (A) and validation group (B). The abscissa is the predicted probability and the ordinate is the actual probability.


The DCA curves of the five models are shown in Figure 10. The black curve representing the combined model in the figure does not intersect with the horizontal axis and the vertical axis, indicating that the model has good clinical application ability. And in all abscissa ranges, the black curve is higher than any other curve, which means that the clinical value of the combined model is the highest among all models. Figure 11 shows the correction curves of the combined model in the training group and the validation group respectively, and both ends of the curve fit well with the ideal curve. The predicted probability of the combined model is in good agreement between predicted and actual probabilities.




4 Discussion

This study successfully developed a combined model integrating radiomics features extracted from the two ROIs of trigeminal nerve and Meckel’s cavity (MC) with clinical anatomical data to identify symptomatic nerves in primary trigeminal neuralgia (PTN). The model demonstrated robust diagnostic performance, significantly enhancing accuracy compared to traditional visual assessment methods.


4.1 Pathophysiological insights into PTN

The simulation of radiologists’ visual identification of symptomatic nerves based solely on neurovascular compression (NVC) showed poor accuracy, highlighting the limitations of this approach. Similar findings were reported by Darrow et al. (2022), where even senior neuroradiologists struggled to accurately identify symptomatic nerves by naked eyes is indeed limited, and radiologists have a high error rate. These results suggest that NVC alone is insufficient as a diagnostic criterion for PTN. Additional factors, such as minor anatomical changes or demyelination, likely play critical roles. This supports the hypothesis that NVC acts more as a trigger rather than a direct cause of PTN, with other factors such as minor anatomical alterations [e.g., trigeminal pons angle (TPA)] trigeminal neuritis, and microstructural changes in the trigeminal nerve contributing to the disease’s pathogenesis (Hutchins et al., 1990; Cheng et al., 2015). Many pathological studies have shown that the nerve roots with lesions exhibit tiny local demyelination changes (Love and Coakham, 2001). We speculate that factors such as vascular compression, trigeminal neuritis, minor anatomical changes (like those identified in this study), and lesions in the anterior pontine area could increase the excitability of demyelinated trigeminal nerve axons. These factors could further lead to the generation of spontaneous ectopic impulses and ephaptic transmission between nociceptive and non-nociceptive fibers, ultimately triggering pain (Mousavi et al., 2024; Mannerak et al., 2021). In addition to the morphological changes in the Meckel’s Cavity mentioned earlier, factors such as the absence of MC, encephalitis, abnormal enhancement of neural signals in MC due to viral infection, and persistent compression of ganglia by the trigeminal artery within MC may also act as triggering factors for trigeminal neuralgia (Jain et al., 2021; Wang et al., 2021; Li et al., 2021; Malhotra et al., 2018; Li et al., 2023).

This study identified four anatomical factors that can be used to establish a model. The degree of neurovascular compression is easy to understand, and the greater the degree of compression, the more likely it is to cause PTN. The compression of nerve vessels at the proximal end is more likely to cause PTN. Our hypothesis is that the area near the brainstem of the trigeminal nerve is the transition point from the central nervous system to the periphery, where NVC is more likely to cause demyelination changes (Garcia et al., 2012). The smaller the TPA, the easier it is for nerves to become symptomatic nerves. Our hypothesis is that the smaller the TPA, the easier it is for the trigeminal nerve root to come into contact with the arachnoid membrane around the brainstem and undergo demyelination changes. Finally, demyelination of the trigeminal nerve caused by various reasons can lead to atrophy and thinning of the nerve itself, resulting in PTN.

Therefore, we believe that the aforementioned triggering factors for PTN likely exist, but some factors may be too subtle to be easily recognized by the naked eye. It is theoretically feasible to diagnose PTN through radiomics, accurate measurement, and machine learning modeling. For instance, Lin et al. (2021) demonstrated the abnormality of flatness in the MC of PTN patients using radiomics. Our study also underscores the feasibility of using radiomics for PTN diagnosis, indirectly suggesting that NVC is not the cause of PTN, but rather a triggering factor. This opens new avenues for exploring the pathogenesis of PTN.



4.2 Developing imaging quantitative standards for PTN diagnosis

In this study, we selected some characteristics of PTN patients that may differ from normal individuals, and after screening, we ultimately identified four independent risk factors for PTN, such as TPA, which differ from those in normal individuals. Beyond radiomics, it is also possible to develop a set of diagnostic criteria based on clinical anatomical features that radiologists can use. These criteria, primarily based on anatomical parameters, can be easily measured using high-resolution MRI. Additionally, the models constructed based on these clinical anatomical features demonstrated high accuracy (AUC = 0.81/0.78) (Xu et al., 2024). Other features that can also be included in this set of imaging standards. Patients with PTN may exhibit changes in brain lobe morphology, solar pontine lesions (SPL), increased pontine volume, and variations in adjacent vascular structures (Kundakci et al., 2022; Zhang et al., 2022; Tang et al., 2020; Tohyama et al., 2020). In addition to water imaging, PTN patients also show changes in enhanced sequences, diffusion-weighted imaging sequences (DWI), diffusion tensor imaging (DTI), functional MRI (fMRI), and magnetic resonance spectroscopy sequences (MRS) sequences (Alper et al., 2017; Arda et al., 2021; Leal et al., 2019; Wu et al., 2020). Although some anatomical features did not show predictive value in this study, but it does not mean that they might still be related to PTN. Measurement errors and interrelationships between variables could explain their lack of significance. Therefore, features such as the angle of the petrous ridge (APR) and trigeminal nerve angles (ATN), which were not included in this study, could also be considered for future diagnostic criteria.

In general, there are many anatomical features that can help identify PTN symptomatic nerves in PTN. The key to developing a quantitative diagnostic standard for PTN imaging lies in selecting a few common features with strong diagnostic performance and simple measurement methods. Constructing a structured and quantitative imaging diagnostic template using these features could significantly improve radiologists’ diagnostic accuracy in PTN.



4.3 Speculation on the location of PTN etiology

This study selected two regions of interest (ROIs), the trigeminal cisternal segment and MC, were selected for radiomics analysis. The combined radiomics model outperformed models constructed from individual ROIs, suggesting that both the MC and trigeminal cisternal segment are potential sites of PTN pathogenesis. The higher performance of the trigeminal radiomics model suggests that the etiology may primarily reside in the trigeminal cisternal segment, which is also consistent with the current research (Gambeta et al., 2020). Although some studies have reported secondary changes in the peripheral branches of the trigeminal nerve in PTN patients, which are not easily observed by MRI (Marinkovic et al., 2009), the high accuracy of the radiomics model constructed in this study is high enough (AUC: 0.87) supports the focus on the MC and trigeminal cisternal segment in clinical practice.



4.4 Limitations and future directions

This study has several limitations. First of all, as a retrospective study, the sample size is relatively small, and it does not include a normal population. Efforts are underway to collect more patient data and include healthy volunteers for follow-up studies. Second, PTN patients with some etiologies located in peripheral branches (e.g., supraorbital neuralgia) may have been included in this study, but the selected ROIs did not encompass these peripheral branches. Excluding these patients may improve the model’s performance. Lastly, incorporating additional imaging sequences beyond water imaging (e.g., DTI, fMRI) and expanding the ROIs to include structures such as the midbrain aqueduct and striatum could yield meaningful results (Ge et al., 2023). Furthermore, incorporating additional anatomical features (e.g., characteristics of responsible vessels) can also be incorporated into clinical anatomical models could enhance their diagnostic utility (Holste et al., 2020).




5 Conclusion

Significant differences exist in the symptomatic side nerves, symptomatic side MCs, and some clinical anatomical features among PTN patients. These differences can be captured through radiomics or precise measurements. The machine learning model developed based on the differences in these indicators can accurately identifies symptomatic nerves in PTN patients, outperforming traditional visual diagnostic methods. This study provides an effective auxiliary tool for radiologists in diagnosing PTN and offers new insights into the pathological and physiological mechanisms of PTN.
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