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To provide objective diagnostic markers for fibromyalgia symptoms (FMS) diagnosis, we have created 
interpretable extreme gradient boosting (XGBoost) models using radiomics to aid in the diagnosis 
of chronic pain (CP) and to develop nomogram models for diagnosing subgroups of FMS. A group 
of 54 patients with CP and 71 healthy controls was randomly separated into training and validation 
groups, using a 7:3 ratio. Radiomics features were extracted from grey-matter and white-matter in 
the filtered mwp0* image. The Mann-Whitney U test, Spearman’s rank correlation test, and least 
absolute shrinkage and selection operator (LASSO) were utilized to select features. An XGBoost 
model was created based on these features, and Shapley Additive exPlanations (SHAP) was used 
for personalization and visual interpretation. A nomogram was developed for the diagnosis of FMS 
subgroups, utilizing radiomics scores and clinical predictors. The efficacy of the nomogram was 
evaluated using the area under the receiver operating characteristic curve, while decision curve 
analysis was employed to evaluate its clinical efficacy. The XGBoost model displays stability in the 
training validation group, indicating lower overfitting of CP model. The nomogram model combined 
with the rad-score has a greater ability to distinguish between typical and sub-clinical than the clinical 
factor model alone. We developed and validated a CP diagnosis model by XGBoost and realized 
model visualization through SHAP. The rad-score obtained by machine learning was used to build a 
nomogram model that combines clinical scales to distinguish patients with typical and sub-clinical 
fibromyalgia.
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Fibromyalgia syndrome (FMS) is a chronic disorder characterized by widespread musculoskeletal pain, fatigue, 
and tenderness in localized areas1. Identifying the underlying causes of FMS can be challenging due to its 
complex nature. The diagnosis can be difficult because there are no specific diagnostic tests. It is usually made 
based on the patient’s symptoms and a physical examination2. The diagnostic proposal criteria of 2011 and 2016 
eliminated the previous 1990 tender point exam and defined FMS as a multi-symptom disorder. Even with the 
guidance of criteria, clinician-based FMS diagnosis may lead to bias leading to overdiagnosis or underdiagnosis 
of patients, due to the subjective nature of the symptoms assessed3. Some articles use the terms sub-clinical, pre-
fibromyalgia, and incomplete fibromyalgia to describe patients who do not fully meet the guideline criteria4,5. 
Although controversial, the proper identification and management of these patients need to be addressed.

Since the diagnosis of FMS lacks objective biomarkers, a large number of neuroimaging methods have been 
used to explore its central mechanism6. The study found that the resting state blood oxygen dependent level signal 
of these brain regions such as the inferior parietal lobule, insular cortex, medial prefrontal cortex, amygdala, 
and medial hypothalamic nucleus decreased in FMS patients. Resting-state functional networks such as default 
mode network, dorsal attention network, salience network, and related functional connectivity changes have 
also been confirmed to be related to the occurrence and progression of FMS7–9. Grey-matter (GM) analysis 
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achieved abundant results through voxel-based and surface-based morphometry analyses. META analysis and 
reviews summarized GM volume changes in the amygdala, thalamus, hippocampus, insula, anterior cingulate 
cortex, and inferior frontal gyrus, which indicate that chronic pain is related to subtle brain structures and spatial 
distribution10. Microstructural changes in white-matter (WM) connectivity were also demonstrated by DTI in 
the medial lemniscus, corpus callosum, and peri-thalamic and connective tracts in FMS patients11,12. Several 
research studies, including META analysis and reviews, have been unable to consistently identify which brain 
regions undergo specific sequential changes and become the central biological marker of FMS13.

Most of the above studies have focused on regional volume or intensity measures and have not fully exploited 
the rich information contained in brain MRI14. To solve this problem, we decided to take the whole GM and WM 
as the region of interest (ROI) and use radiomics to extract characteristic parameters to reflect the changes in 
microstructure. Radiomics reflected tumor heterogeneity in initial studies, in which most features were processed 
by comparing each voxel with its neighboring voxels and saving the results as binary numbers15,16. In recent 
years, radiomics texture features with their potential as image-based biomarkers have been widely used across 
several central nervous systems studies, for Alzheimer’s17and Parkinson’s disease18as neurodegenerative diseases, 
major depression19, and schizophrenia20,21. The main advantage of applying radiomics texture features is their 
potential to capture microscopic alterations in tissue characteristics of the brain, however, the reproducibility 
and visualization of the method need to be emphasized.

Currently, there has been no research that has utilized radiomics in the study of central nervous systems 
mechanisms related to FMS. Our study aimed to identify any differences between individuals with FMS and 
healthy controls (HC) by analyzing 12 texture signatures of GM and WM using non-segmented MR images. We 
then took these signatures and input them into a machine-learning binary classification model to determine how 
each feature impacted the model, which was presented visually.

Materials and methods
Participants
A total of 131 subjects were included in this study, 6 of them were excluded by the image quality control. 71 
subjects were in the HC group, 46 of them are cases in our hospital, and 25 of them were the normal health 
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset. 54 subjects were in the CP group, 35 
of them were fibromyalgia-ness chronic pain, and 19 of them were other over 3 months chronic pain which 
includes rheumatoid arthritis, chronic low back pain, and ankylosing spondylitis. All FMS-ness patients had 
been examined by a rheumatologist and a neurologist, and divided into the typical FMS group and the sub-
clinical FMS group. The typical group fulfilled the diagnostic criteria for FMS according to the guidelines 
released by the American College of Rheumatology 2016 reversion22: (1) Presence of generalized pain (four 
quadrants and axial of five regions). (2) Symptoms have been present at a similar level for at least 3 months. (3) 
Widespread Pain Index (WPI) ≥ 7 and Symptom Severity (SS) ≥ 5, or WPI of 4–6 and SS ≥ 9. The sub-clinical 
groups exhibited similar fatigue or sleep disturbance for at least 3 months, with the presence of at least 3 regional 
pain points (WPI ≥ 3). Our hospital conducted comprehensive examinations on both groups to rule out other 
possible diagnoses. Additionally, both groups completed the self-rating anxiety scale (SAS) and self-rating 
depression scale (SDS). The Institutional Review Board (IRB) of the Zhejiang Provincial People’s Hospital (IRB 
No.2023KY053) reviewed and approved the study protocol. All patients gave their written informed consent, 
following the principles of the Declaration of Helsinki.

Image acquisition
High-resolution 3D-FSPGR images were acquired by GE Discovery 750 3.0T with the following parameters: 
TE = 2.9 ms, TR = 6.7 ms, flip angle = 15 degree, FOV = 216 × 216 mm, matrix = 256 × 256, slice thickness = 1 mm, 
192 scanning images. The date from ADNI were also acquired by the same machine and similar parameters: 
TE = 3.1 ms, TR = 7.4 ms, flip Angle = 11 degree, FOV = 216 × 216 mm, matrix = 256 × 256, slice thickness = 1 mm, 
192 scanning images.

Image preprocessing and segmentation
Data were preprocessed with the Computational Anatomy Toolbox (CAT12.8.2 r2130, ​h​t​t​p​:​/​/​w​w​w​.​n​e​u​r​o​.​u​n​i​-​j​e​
n​a​.​d​e​/​c​a​t​/​​​​​) ran under Statistical Parametric Mapping, Version 12 (SPM12, ​h​t​t​p​:​/​/​w​w​w​.​f​i​l​.​i​o​n​.​u​c​l​.​a​c​.​u​k​/​s​p​m​/​s​o​f​
t​w​a​r​e​/​s​p​m​1​2​/​​​​​)​​​2​3​​​. To ensure quality, we visually inspected all raw images for artifacts and statistically controlled 
all segmented images for inter-subject homogeneity by the ratio between weighted overall image quality and 
quartic mean Z-score. All the structural images were segmented into GM, WM, and cerebrospinal fluid (CSF), 
and were normalized to Montreal Neurological Institute (MNI) standard space by Geodesic Shooting templates. 
To preserve the volume of GM and WM, we applied “modulation” during the normalization step and then 
resampled the images to 1.5 × 1.5 × 1.5 mm3. Finally, we smoothed the modulated images with an isotropic 8 mm 
full-width half maximum Gaussian kernel. The graphical representation delineates the steps involved in the 
image processing pipeline, as illustrated in Fig. 1.

Radiomics signatures extraction
Radiomics features were extracted using the PyRadiomics open-source Python package (version 2.1.0; ​h​t​t​p​s​
:​/​/​p​y​r​a​d​i​o​m​i​c​s​.​r​e​a​d​t​h​e​d​o​c​s​.​i​o​/​​​​​)​​​2​4​​​. The width of discretization bins for feature extraction was fixed to 25. We 
extracted the standard feature classes, which included shape, first-order, texture, wavelet, exponential, and 
square transform features25. ComBaTool and z-scores were then used to normalize the features. ComBaTool, a 
free online application (https://forlhac.shinyapps.io/Shiny_ComBat/)26, was used to pool features and minimize 
inter-scanner variability. Principal component analysis was utilized to visualize the effects of Combat on feature 
uniformization27. Finally, all radiomics features were standardized using z-scores. All features were extracted 
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from transformed mwp0* images with the individual masks of GM and WM. Details can be found in the 
software package and the source code28.

Feature selection and binary logistic regression (LR) model construction
The patients were selected using random stratified sampling, with consistent control of the CP/HC ratio in the 
training and validation groups at 7:3. The model was constructed and features were selected from both GM and 
WM to distinguish between the two groups. The selected features were screened through three steps: (1) include 
features with significant differences using an independent-sample t-test or Mann-Whitney U test (p < 0.05). 
(2) Elimination of internal redundant features using Spearman’s rank correlation test (threshold of 0.8). (3) 
Reduction of inter-sequence redundancy and selection of the best predictive features using the least absolute 
shrinkage and selection operator (LASSO)- binary logistic regression model. The best lambda to determine non-
zero regression coefficient variables was determined through a 10-fold cross-validation process. Important WM 
and GM features were used to construct respective models through logistic analysis. After eliminating a feature, 
logistic modeling analysis is conducted by merging the characteristics of both regions.

Establishment and validation of the XGBoost model
To classify CPs and HCs in the validation dataset, an XGBoost model was built using the training dataset. 
GridSearchCV was used to optimize the model parameters. The radiomics signatures were arranged and 
combined, and cross-validation was used to return evaluation index scores for all parameter combinations. The 
optimal value was selected as the parameter corresponding to the combination with the highest score, and the 
model prediction probability is taken as rad-score.

To comprehend the reasons for the complexity of XGBoost models, Shapley Additive exPlanations (SHAP) 
is utilized for analyzing the correlation between features and outputs in the XGBoost “black box“29. With SHAP 
analysis, the contribution of each feature to changes in the model output is represented by its SHAP value. 
The prediction results are linearly decomposed into the influence of individual features, which enables the 
calculation of feature importance and visualization of the role of different features in the model based on their 
sensitivity to changes in output.

Combined nomogram model building
The combined model was established using the rad-score of the radiomics model with the best prediction 
performance and the highly related clinical indicators of FMS by logistic regression analysis, which was presented 
in the form of a nomogram30. The accuracy of quantitative prediction was evaluated using the area under curve 
(AUC). The consistency between the predicted results and the actual results was evaluated using a calibration 
curve, and its clinical effectiveness was evaluated using a decision curve analysis (DCA).

Figure 1.  Flowchart of the study.
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Statistical analysis
The study used two software programs, SPSS 26.0 and R software (4.1.3, http://www.r-project.org), to perform 
statistical analysis. A statistically significant difference was considered when P< 0.05. Clinical data were analyzed 
using the SPSS software. The chi-square test was used for classified variable analysis, the t-test for continuous 
variables of normal distribution, and the Mann–Whitney U test for abnormal or unknown distribution. 
Univariate and multivariate logistic analyses were performed to identify clinical indicators that have a high 
correlation with FMS. The R software was used to establish and evaluate the nomogram. The software packages 
“car”, “rms”, “pROC”, and “DecisionCurve” were used to analyze the nomogram, receiver operating characteristic 
(ROC) curve, calibration curve, and decision curve analysis (DCA)31.

Results
Patient characteristics
The statistical analysis results for the baseline data of the HC and CP groups are shown in Table 1. FMS is widely 
recognized as a condition that is more prevalent in women, with a reported incidence ratio of women to men 
ranging from 2:1 to 7:1. The ratio of females (37 cases) to males (17 cases)in chronic pain cohort is also close to 
2:1. Additionally, to mitigate gender as a potential confounding factor affecting brain structure, we controlled for 
the gender ratio in the normal control group by randomly sampling more female cases from the ADNI database. 
This approach ensured that there was no statistically significant difference in the gender composition between 
the CP group and the HC group. There were significant differences in CSF (P = 0.02) and related CSF (P = 0.027). 
However, other baseline characteristics were not significantly different between the two groups. The statistical 
analysis results for the sub-groups are shown in Table 2. In addition to WPI (P < 0.001), SS (P < 0.001), and SAS 
(P = 0.052), there were no significant differences in typical and sub-clinical groups.

Radiomics features selection and LR model
A total of 944 features were obtained from GM and WM in the filtered mwp0* image. 242 features of WM 
and 121 features of GM were found significant for chronic pain in the Mann–Whitney U test. Spearman’s rank 
correlation test further screened the features and obtained 42 WM features and 32 GM features. In the LASSO 
model, λ was chosen by ten-fold cross-validation, and log(λ) of -2.987 and − 2.727 were the optimal subset 
for radiomics features of WM and GM. 15 WM features and 9 GM features were finally selected. Through 
Spearman correlation analysis (with a threshold value of 0.8), a redundant feature was identified and removed. 
The remaining 23 features (15 WM and 8 GM features) were used to construct the LR model, with each feature’s 
respective coefficient factored into the linear combination. Waterfall plots showed the rad-score for individuals 
in the training cohort and validation cohort (Supplementary Material).

Establishment and validation of the XGBoost model
GridSearchCV was used to further optimize the modeling parameters from the features selected by LASSO 
dimensionality reduction. The classified bar chart of the SHAP summary plots was obtained by extracting 
the average absolute value of SHAP for 12 radiomics signatures to show the global significance (Fig.  2A). 
The Beeswarm graph for both training and validation groups showed features such as wavelet.HLL_glcm_
ClusterShade, square_ngtdm_Complexity of WM, and wavelet.LLH_glcm_MaximumProbability of GM was 

Chronic pain (n=54) Healthy control (n=71) p

Age
59 54

0.502
[44.25, 66.00] [45.50, 65.50]

Gender 0.683

Female 37 (68.5) 45 (63.4)

Male 17 (31.5) 26 (36.6)

TIV
1387.5 1444

0.219
[1337.00, 1501.50] [1330.00, 1524.50]

CSF
279 318

0.02*
[258.00, 362.50] [286.50, 359.50]

Related.CSF
0.2 0.23

0.027*
[0.19, 0.25] [0.21, 0.25]

GM
624.5 631

0.737
[603.50, 654.50] [594.50, 681.00]

Related.GM
0.45 0.44

0.164
[0.43, 0.47] [0.43, 0.46]

WM
462 478

0.608
[439.25, 504.50] [436.00, 508.00]

Related.WM
0.33 0.33

0.216
[0.32, 0.35] [0.32, 0.35]

Table 1.  The baseline data of CP and HC groups. *Signicant level at p<0.05.
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consistently among the top 3, indicating that they are highly representative (Fig.  2B). SHAP value plot is a 
heatmap used to interpret the output of a machine learning model, which visually shows how the top 3 features 
and the remaining 9 features affect model predictions. The plot visualizes feature importance on a color scale, 
with each row representing different features and columns representing individual instances. The color intensity 
correlates with the SHAP value; red indicates a high positive impact on the model’s output prediction while blue 
indicates a negative impact (Fig. 2C).

Performance comparison
The AUC of training group are (Fig. 3A), respectively, GM 0.880 (95% CI, 0.808–0.943), WM 0.940 (95% CI, 
0.884–0.979), rad-score 0.974 (95% CI, 0.939–0.996), and XGBoost model 0.966 (95% CI, 0.927–0.992). The 
AUC of validation groups are, respectively, GM 0.854 (95% CI, 0.705–0.966), WM 0.875 (95% CI, 0.740–
0.974), rad-score 0.884 (95% CI, 0.773–0.974), and XGBoost model 0.932 (95% CI, 0.821-1.000). The radar 
charts (Fig. 3B) show the performance of models in six dimensions accuracy, sensitivity, specificity, precision, 
F1_score, and Matthew’s correlation coefficient (MCC). In the training group, the rad-score model has higher 
accuracy, sensitivity, and specificity. However, the XGBoost model displays stability in both the training group 
and validation group, indicating lower model overfitting.

Sub-group analyses and nomogram validation
We used the radiomics model of chronic pain for the subgroup analysis of FMS. We found that there were 
significant differences in SAS (P = 0.052), and rad-score (p = 0.04) had an excellent ability to distinguish typical 
and sub-clinical groups. Combined with the conventional clinical factors and radiomics signature, a clinical and 
radiomics nomogram was built, as presented in Fig. 4A. The AUC value of the ROC curve and DCA (Fig. 4B) 
were used to evaluate the ability of the model to classify typical and sub-clinical groups. The nomogram model 
with SAS as the clinical factor has more accuracy and sensitivity (AUC 0.697 (0.514–0.863), accuracy 0.714, 
sensitivity 0.81, specificity 0.571), while the nomogram model combined with the rad-score has extremely high 
specificity (AUC 0.724 (0.544–0.874), accuracy 0.657, sensitivity 0.476, specificity 0.929).

Discussion
We utilized machine learning techniques to choose radiomics features from the GM and WM of MR images. Then 
we proceeded with constructing two diagnostic models to differentiate CP patients from normal populations. 
The XGBoost model exhibits the best discrimination power among the two models and was further confirmed to 
demonstrate superior calibration and clinical utility. To further explore the biomarkers of FMS, we assumed the 
diagnostic model of CP also could be applied to the differentiation of symptom severity in FMS; this hypothesis 
was verified. The radiomics nomogram model incorporating the radiomics signature and clinical psychological 
scale exhibited a higher power for classifying the typical and sub-clinical groups of FMS patients. At last, SHAP 
and nomogram provided reasonable visual interpretations of the classification model, including positive and 
negative effects.

Pain is an unpleasant sensory and emotional experience associated with actual or potential tissue damage 
or an experience similar thereto, which is defined by the International Classification of Diseases (ICD-11). CP 
refers to persistent or recurrent episodes of more than 3 months, involving multiple factors such as biological, 
psychological, and social. Absence of objective and quantitative tools for diagnosis, measurements of brain 
structure or activity would be potential biomarkers of disease, like the amygdala, hippocampus, striatum, 
anterior insula, and prefrontal cortex, which were confirmed related to CP32. There are differences in gender, 
age, pain distribution, and intensity of each individual, which may be the reason why many studies on the 
central mechanism have no consistent results33. Inspired by some literature12,28, we separately extract texture 
information of gray-matter and white-matter from unsegmented brain T1WI. And using the method of machine 
learning, the rad-score score is generated through ten-fold cross-validation LASSO and Logistic regression to 

Sub-clinical FMS (n=14) Typical FMS (n=21) p

Age
49.5 45

0.4
[43.25, 58.75] [38.00, 58.00]

Gender 0.233

Female 14 (100.0) 17 (81.0)

Male 0 (0.0) 4 (19.0)

SDS
45 50

0.296
[42.25, 53.12] [45.00, 58.75]

SAS
47.5 52.5

0.052
[45.50, 52.19] [48.75, 57.00]

WPI
4 9

<0.001*
[3.00, 6.00] [7.00, 14.00]

SS
3 6

<0.001*
[2.25, 3.75] [5.00, 8.00]

Table 2.  The baseline of patients with typical and sub-clinical FMS. *Signicant level at p<0.05.
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Figure 2.  SHAP plots of the XGBoost model. (A) The classified bar charts of the SHAP summary plots show 
the influence of each parameter on the XGBoost model. (B) The top 3 features remain ahead in the Beeswarm 
map, which shows the relationship between the characteristic value and the predicted probability through 
colors, including positive (f12) and negative (f4 and f20) predictive effects (The corresponding table of feature 
names and numbers is shown in Supplementary Table 2). (C) The f(x) curve at the top is the model prediction 
for the instance, the x-axis is for each instance, the feature importance is displayed in descending order in the 
y-axis, and the color describes the direction and strength of the influence of the feature on the instance (red 
indicates a high positive impact on the model’s output prediction while blue indicates a negative impact).
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establish a binary classification model of CP. The AUC of the WM model in the training group was 0.940 (95%CI 
0.886–0.979), and the AUC of the test group was 0.875 (95%CI 0.740–0.974), which performed better than 
the gray matter model. This suggests that microstructural damage of white-matter can be more significantly 
reflected by radiomics features, compared with the changes of gray matter (training AUC 0.880, 95%CI 0.804–
0.944; validation AUC 0.854, 95%CI 0.705–0.966).

Important requirements for machine learning models are their repeatability and interpretability. XGBoost 
is a massively parallel Boosting Tree algorithm that can prevent overfitting by selecting an appropriate model 
complexity. According to GridSearchCV optimization parameters, we calculated the importance of the 23 
features selected by LASSO and found that 12 of them had strong model contributions. The model established 
by XGBoost has similar excellent performances in both the training group (AUC 0.966) and the validation 
group (AUC 0.932), indicating that it has a lower degree of overfitting than the Logistic model. Despite the 
‘black box’ nature of machine learning, XGBoost showed better interpretability than other machine learning 
methods. SHAP analysis was performed to show 3 features have the top three contributions in both the training 
and validation group. Two of them are Gray Level Co-occurrence Matrix (GLCM) Features and one of them 
is Neighbouring Gray Tone Difference Matrix (NGTDM) Feature, which all describe the gray relationship 
with neighborhood pixels in the image. The heterogeneity in GW and WM image texture was quantitatively 
evaluated from the aspects of ray-level distribution symmetry, uniformity, and complexity, reflecting gray matter 
atrophy34and white-matter microstructural damage33.

Figure 3.  Both the ROC curve and the radar chart show the excellent diagnostic performance of the LR model 
and the XGBoost model, while the XGBoost model has a lower degree of overfitting.
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Our findings suggest that the diagnostic markers identified through radiomics features from MR images could 
potentially transform the way FMS subgroups are diagnosed. We use the CP diagnostic model to distinguish 
between typical and sub-clinical groups of FMSs and found that a high score on the psychological scale SAS was 
a clinical predictor of severe symptoms. A number of studies have reported that combining radiomics signatures 
with clinical risk factors can improve the accuracy of predictive models30,35. We established a nomogram model 
including clinical features and rad-score for FMS subgroup differentiation, and its diagnostic efficiency was 
high, indicating that the degree of discrimination of the nomogram model was good. The individual clinical 
feature model has more accuracy and sensitivity, while the combined model has better performance and higher 
specificity. The radiomics nomogram model, which combines radiomics signatures with clinical psychological 
scales, could serve as a predictive tool to assess the severity of symptoms and guide personalized therapy. We 
hope these markers could complement existing clinical assessment methods by providing a more objective and 
quantitative approach, enabling clinicians to make more informed decisions regarding treatment plans and 
monitor disease progression.

We acknowledge several potential limitations and challenges in their implementation within a clinical 
setting. First, this study did not test the model’s generalization using external validation due to the lack of data 
from public chronic pain databases and other centers. Future studies should aim to validate these models across 
different cohorts and healthcare settings in multicenter and large sample sizes. Second, this study did not include 
other fMRI sequences commonly used in clinical practice, such as DTI and fMRI. We expect to further explore 
whether this information can be used to establish diagnostic models in subsequent studies. Finally, the efficacy 
evaluation of chronic pain is also highly subjective, and objective evaluation methods are also required. Due to 
factors such as patient compliance, the data volume of longitudinal studies is insufficient.

Conclusion
We developed and validated a chronic pain diagnosis model by XGBoost and realize model visualization 
through SHAP. A radiomics nomogram model was created using the rad-score from machine learning. This 
model combines clinical scales to differentiate between patients with typical and subclinical fibromyalgia. It is a 
powerful tool for clinical diagnosis and assessment of FMS patients.

Data availability
The datasets generated during and/or analysed during the current study are available from the corresponding 
author on reasonable request.
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