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Purpose: Inflammatory markers are known to be associated with many diseases, but their role in Meige syndrome (MS) remains 
unclear. This study aimed to develop and validate a nomogram for the risk prediction of MS based on inflammatory markers.
Patient Data and Methods: Data from 448 consecutive patients with MS at the Third People’s Hospital of Henan Province between 
January 2022 and December 2023 were retrospectively reviewed. The MS cohort was randomly divided into separate training and 
validation sets. A nomogram was constructed using a multivariate logistic regression model based on data from the training set. The 
model’s performance was validated through cross-validation, receiver operating characteristic (ROC) curve analysis, calibration curve 
analysis and decision curve analysis (DCA).
Results: A total of five predictors, including red blood cell distribution width (RDW), hemoglobin (HGB), high-density lipoprotein 
cholesterol (HDL-C), the lymphocyte-to-monocyte ratio (LMR), and the systemic immune-inflammation index (SII), were identified 
using multivariate logistic regression from a total of 11 variables. The cross-validation results indicated the stability of the model 
constructed with the above five predictors. The model showed moderate predictive ability, with an area under the ROC curve of 0.767 
in the training set and 0.735 in the validation set. The calibration curve and DCA results indicate that the model has strong consistency 
and significant potential for clinical application.
Conclusion: We constructed a nomogram based on five risk predictors, RDW, HGB, HDL-C, the LMR and the SII, to predict MS and 
enhance the predictive accuracy for identifying MS risk.
Keywords: Meige syndrome, inflammatory marker, nomogram, LMR, SII

Introduction
Meige syndrome (MS), also known as a rare adult-onset dystonia described by the French neurologist Henry Meige in 1910, is 
characterized by blepharospasm, oromandibular dystonia and cervical dystonia.1 MS generally affects individuals between the 
ages of 40 and 70, with a higher incidence observed in women than in men,2 the etiology and pathogenesis of MS are not fully 
understood. Secondary cases of MS can occur following the prolonged use of neuroleptics or the presence of underlying brain 
disorders. The current clinical treatments available for MS patients include oral medication, Botulinum toxin (BoNT) 
injection, deep brain stimulation (DBS), and surgical treatments.3–5 Currently, the diagnosis of MS relies primarily on 
patients’ symptoms, and there is no usable gold standard diagnostic test. Thus, there is an unmet need for the identification 
of reliable biomarkers in the diagnosis of MS.
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Additionally, MS is a neural network disorder in which connections between the basal ganglia and supplementary 
motor areas, premotor cortex, sensorimotor cortex, parietal cortex and precuneus are altered.6 Some research has 
suggested that MS is mainly associated with an aberrant acetylcholine/dopamine balance, whereas other studies have 
proposed that cortical inhibition reduction and alterations in neuronal plasticity may cause MS.7 In neural network 
disorders, increased levels of inflammatory molecules can lead to progressive neurodegeneration and functional impair-
ment, which are characteristic of neuroinflammation.8,9 Many studies have indicated that neuroinflammation plays 
a significant role in the pathological processes of different neurodegenerative diseases and brain injuries, such as 
Alzheimer’s disease (AD), Parkinson’s disease (PD) and multiple system atrophy (MSA).10–12 In the brain, both glial 
and immune cells can be activated by peripherally-derived inflammatory mediators and brain-derived inflammatory 
cytokines, chemokines, beta-amyloid 1–42 (Aβ1-42) peptide, α-synuclein, corticotropin-releasing hormone (CRH), 
amyloid precursor proteins (APP) and substance P (SP), leading to the release of neurotoxic mediators and inflammatory 
factors, as well as the progression of chronic neuroinflammation and neurodegeneration.13 The close association between 
neuroinflammation and neurodegeneration suggests that neuroinflammatory mechanisms may trigger neuronal degenera-
tion, leading to neurotoxicity and neuronal cell loss.14

In recent years, complete blood cell count (CBC)-derived parameters such as the neutrophil-to-lymphocyte ratio 
(NLR), neutrophil-to-monocyte ratio (NMR), lymphocyte-to-monocyte ratio (LMR), system inflammation response 
index (SIRI), systemic immune-inflammation index (SII) and pan-immune inflammation value (PIV) have been reported 
to act as valuable inflammatory markers in neurological diseases,15,16 which may support the potential hypothesis of 
inflammatory etiopathogenesis. These parameters can be easily analyzed from blood samples obtained under normal 
laboratory conditions, with low-cost and reproducible tests. To our knowledge, this study is the first to explore the 
relationship between these blood-based inflammatory indicators and MS, with the largest number of MS samples. The 
goal of the current study was to explore possible indicators for predicting the diagnosis of MS.

Materials and Methods
Study Population
This was a single-center retrospective study. Patients with MS from around the country were admitted to the Third 
People’s Hospital of Henan Province from January 2022 to December 2023 and screened according to the inclusion and 
exclusion criteria. This study was approved by the Third People’s Hospital of Henan Province Research Ethics 
Committee (2024-SZSYKY-009). Written informed consent was obtained from all patients/participants prior to their 
involvement in the study. This study was conducted according to the Declaration of Helsinki and institutional guidelines.

The inclusion criteria were as follows: all patients were diagnosed with primary MS by two clinicians according to 
the clinical criteria. The exclusion criteria were as follows: (1) infection, blood system diseases or immune system 
diseases present; (2) severe organ function injuries; (3) other dystonic disorders; and (4) incomplete key variables, 
including hemoglobin (HGB), red blood cell distribution width (RDW), neutrophil, lymphocyte, monocyte, platelet, and 
high-density lipoprotein cholesterol (HDL-C) levels.

Data Collection
Clinical and laboratory information for all patients was collected from medical records. Clinical information included age, sex, 
HGB level, the RDW, neutrophil count, lymphocyte count, monocyte count, platelet count (Mindray CAL-8000, China) and 
HDL-C level (Beckman AU680, USA). The various ratios were calculated as follows: NLR = neutrophil/lymphocyte; NMR = 
neutrophil/monocyte; LMR = lymphocyte/monocyte; SII = (neutrophil × platelet)/lymphocyte; SIRI = (monocyte × neutro-
phil)/lymphocyte; PIV = (neutrophil × monocyte × platelet)/lymphocyte.

Statistical Analysis
The statistical analyses were performed using R version 4.2.1. The normality of the data was assessed using the Shapiro‒ 
Wilk test. When the measurement data exhibited a normal distribution, they were presented as the mean ± standard 
deviation (mean ± SD), and a Student’s t test was employed to determine any differences between the two sets. When the 
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measurement data were not normally distributed, the Wilcoxon‒Mann‒Whitney test was used, and the data were 
presented as the median (quartile) [M (P25, p75)]. Pearson’s chi-square test was used to compare the measurement 
data between groups, and the results were expressed as n (%). A univariate logistic regression model was employed to 
screen the variables. The predictors necessary for the final model were identified using a combination of the random 
forest algorithm, the Spearman correlation analysis, and the variance inflation index (VIF). After excluding collinearity, 
the predictors needed for the final model were identified. Nomograms were subsequently constructed using the RMS 
package in R. The performance of the nomogram was assessed through receiver operating characteristic (ROC) curves, 
calibration curves and decision curve analysis (DCA). Internal validation of the model was performed via fivefold cross- 
validation. A significance level of P < 0.05 was used to determine statistical significance.

Results
Patient Characteristics
A total of 469 patients with MS met the inclusion criteria. We excluded 12 patients with infectious diseases, 4 patients 
with PD, 4 patients with immune system diseases, and 1 patient with kidney function injuries. Ultimately, a total of 448 
MS patients and 814 age- and sex-matched healthy controls (HCs) were included. The MS cohort was subsequently 
divided into a training set (320 cases) and a validation set (128 cases) using random stratified sampling at a ratio of 7:3 
(Figure 1). There was no significant difference in sex or age between MS patients and HCs (P > 0.05). Compared with 
those in HCs, the levels of monocytes and HDL-C were elevated in the MS group (P < 0.05), while the levels of 
erythrocytes, HGB, the RDW, neutrophils, lymphocytes, platelets, the LMR, the NMR, and the SII were lower (P < 0.05) 
(Table 1).

Logistic Regression Analyses in the MS
We used univariate analysis to screen variables, and variables with statistically significant differences (P < 0.05) were 
included in the multivariate logistic regression analysis to further determine the independent influencing factors (P < 0.05) 
(Supplementary Figure 1). In this study, the 11 variables identified by the univariate analysis were ranked by the importance 
of the random forest (Supplementary Figure 2). Spearman correlation analysis (r > 0.5) and the VIF (VIF < 5) were used for 
multicollinearity analysis to determine the collinearity between the variables (Supplementary Table 1, Supplementary 
Figure 3). After collinearity was excluded, multivariate logistic regression analysis revealed that the RDW (OR, 0.893; 95% 
CI, 0.841–0.947; P < 0.001), HGB (OR, 0.947; 95% CI, 0.937–0.957; P < 0.001), HDL-C (OR, 2.502; 95% CI, 
1.505–4.156; P < 0.001), the LMR (OR, 0.721; 95% CI, 0.674–0.772; P < 0.001), and the SII (OR, 0.770; 95% CI, 
0.706–0.840; P < 0.001) were independently influencing predictors (Table 2).

Figure 1 Study flow chart.
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Construction of the MS-Predicting Nomogram
There was no significant difference between the training set and the validation set (Table 3). A nomogram was 
constructed according to 5 independent predictors and developed with data from the training set (Figure 2). A detailed 
scoring table was constructed according to the nomogram. The total score for the nomogram model was 260. When the 
total scores were 201, 212, and 233 points, the predicted probabilities of MS occurrence were 30%, 50%, and 70%, 
respectively. In our study, a nomogram was constructed based on the following formula: prediction probability =1/[1+exp 

Table 1 Characteristics of the Patients with MS and Healthy Controls

Variables Meige Syndrome  
N=448

Healthy Control  
N=814

P-value

Gender 0.924

Male 136 (30.4%) 245 (30.1%)

Female 312 (69.6%) 569 (69.9%)
Age 60 (54, 66) 60 (55, 66) 0.512

Erythrocyte (× 109/L) 4.23 (3.97, 4.47) 4.46 (4.22, 4.75) <0.001

RDW 41.9 (40.60, 43.30) 42.3 (41.03, 43.78) <0.001
HGB (g/L) 129 (120, 137) 136 (128, 146) <0.001

Neutrophil (× 109/L) 2.89 (2.27, 3.52) 3.15 (2.61, 3.79) <0.001
Lymphocyte (× 109/L) 1.75 (1.44, 2.09) 1.90 (1.58, 2.28) <0.001

Monocyte (× 109/L) 0.27 (0.22, 0.34) 0.26 (0.21, 0.32) <0.001

Platelet (× 109/L) 205 (174, 238) 223 (193.25, 259) <0.001
HDL-C (g/L) 1.26 (1.12, 1.47) 1.18 (1.03, 1.37) <0.001

LMR 6.50 (5.04, 7.83) 7.40 (6.03, 9.06) <0.001

NMR 10.46 (8.39, 12.74) 12.25 (10.20, 14.43) <0.001
SII 3.29 (2.44, 4.28) 3.68 (2.73, 4.85) <0.001

NLR 1.6 (1.25, 2.09) 1.64 (1.31, 2.07) 0.367

PIV 90.025 (62.38, 129.78) 95.785 (65.89, 136.88) 0.142
SIRI 0.45 (0.32, 0.62) 0.43 (0.31, 0.59) 0.118

Notes: Continuous variables are expressed as medians with interquartile ranges. Categorical variables are 
expressed as frequencies with percentages. 
Abbreviations: RDW, red blood cell distribution width; HGB, hemoglobin; HDL-C, high-density lipoprotein 
cholesterol; LMR, lymphocyte-to-monocyte ratio; NMR, neutrophil-to-monocyte ratio; SII, systemic 
immune-inflammation index; NLR, neutrophil-to- lymphocyte ratio; PIV, pan-immune-inflammation value; 
SIRI, system inflammation response index.

Table 2 Univariate and Multivariate Logistic Regression Analyses for MS

Variables Univariate Analysis Multivariate Analysis

OR (95% CI) P-value OR (95% CI) P-value

Erythrocyte (× 109/L) 0.181 (0.130–0.252) < 0.001

RDW 0.913 (0.865–0.963) < 0.001 0.893 (0.841–0.947) < 0.001
HGB (g/L) 0.950 (0.940–0.959) < 0.001 0.947 (0.937–0.957) < 0.001

Neutrophil (× 109/L) 0.677 (0.590–0.776) < 0.001

Lymphocyte (× 109/L) 0.512 (0.401–0.654) < 0.001
Monocyte (× 109/L) 18.901 (4.095–87.251) < 0.001

Platelet (× 109/L) 0.993 (0.990–0.995) < 0.001

HDL-C (g/L) 2.965 (1.881–4.675) < 0.001 2.502 (1.505–4.156) < 0.001
LMR 0.837 (0.793–0.884) < 0.001 0.721 (0.674–0.772) < 0.001

NMR 0.865 (0.833–0.898) < 0.001
SII 0.906 (0.844–0.972) 0.006 0.770 (0.706–0.840) < 0.001

Abbreviations: RDW, red blood cell distribution width; HGB, hemoglobin; HDL-C, high-density lipoprotein 
cholesterol; LMR, lymphocyte-to-monocyte ratio; NMR, neutrophil-to-monocyte ratio; SII, systemic immune- 
inflammation index.
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(0.098915 * RDW+0.053656 * HGB - 0.72133 * HDL-C + 0.30394 * LMR + 0.30394 * SII-12.953)]. To illustrate its 
application, a randomly selected patient from the training set was considered. The patient had an RDW value of 41.4. 
Additionally, the HGB value was 119 g/L, the HDL-C value was 1.11 g/L, the LMR value was 5.58, and the SII value 
was 3.22. Based on the formula calculation, the predicted risk of having MS was 0.645 (Supplementary Figure 4). This 
score provides important information for further clinical assessment and decision-making.

Table 3 Characteristics of Patients with MS in the Training and Validation Sets

Variables Total study population  
N=448

Training set  
N=320

Validation set  
N=128

P-value

Gender 0.999

Male 136 (30.36%) 97 (30.31%) 39 (30.47%)

Female 312 (69.64%) 223 (69.69%) 89 (69.53%)
Age 60 (54, 66) 60 (54, 66) 61 (54.75, 66.25) 0.618

RDW 41.9 (40.6, 43.3) 42 (40.6, 43.33) 41.6 (40.7, 43.2) 0.777

HGB (g/L) 129 (120, 137) 129 (121, 137) 128 (120, 136.25) 0.843
HDL-C (g/L) 1.26 (1.12, 1.47) 1.25 (1.10, 1.46) 1.31 (1.17, 1.49) 0.175

LMR 6.50 (5.04, 7.83) 6.53 (5.10, 8.10) 6.305 (4.87, 7.33) 0.519
SII 3.29 (2.44, 4.28) 3.22 (2.43, 4.13) 3.39 (2.63, 4.67) 0.356

Abbreviations: RDW, red blood cell distribution width; HGB, hemoglobin; HDL-C, high-density lipoprotein 
cholesterol; LMR, lymphocyte-to-monocyte ratio; SII, systemic immune-inflammation index.

Figure 2 Nomogram for predicting MS using the baseline RDW, HGB, HDL-C, the LMR and the SII as indicators. Each variable is assigned a score on the points scale. The 
sum of each score is obtained as the total points. The total points correspond to the estimated probability for MS.
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Internal Prediction Model Validation
To ensure the reliability and robustness of our prediction model, we employed a fivefold cross-validation for internal 
validation. This approach involves randomly dividing the dataset into five subsets. In each iteration, one subset is used as 
the validation set, while the remaining four subsets are combined to form the training set. This process is repeated five 
times, with each subset serving as the validation set exactly once. During internal validation, the area under the ROC 
curve (AUC), which is a measure of discriminative ability, was found to be 0.752. This provides a level of confidence in 
the predictive power of our model (Supplementary Figure 5).

Validation of the MS-Predicting Nomogram
The nomogram exhibited good discriminative ability in both datasets. The training set demonstrated an AUC of 0.767 
(95% CI: 0.735–0.799), with a sensitivity of 61.25% and a specificity of 78.37%. In the validation set, the AUC was 
0.735 (95% CI: 0.684–0.787), with a sensitivity of 59.38% and a specificity of 78.75% (Figure 3). In the training set, the 
Hosmer–Lemeshow statistics revealed a chi-square value of 14.324, 8 degrees of freedom and P = 0.074. In the 
validation set, the Hosmer–Lemeshow statistic had a chi-square value of 10.955, 8 degrees of freedom and P = 0.204 
(Supplementary Table 2). The calibration curve indicated that the nomogram-predicted probabilities were very close to 
the actual probabilities in both sets (Figure 4A and B). In addition, DCA curves were used to evaluate the clinical benefit 
of the nomogram model in predicting MS. When the threshold probabilities of the nomogram model were in the range of 

Figure 3 Receiver operating characteristic (ROC) curves for the training set and the validation set. The dot on the curve indicates the point corresponding to the optimal 
cutoff value.
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0–0.71, the net benefit ratio was > 0, which suggested that the model had a better clinical value for predicting MS 
(Figure 4C and D). All these results suggest that the nomogram has a well-recognized predictive and discriminative 
performance.

Discussions
In this study, we performed a retrospective analysis of data from 448 patients diagnosed with MS. The results of multivariate 
logistic regression analysis revealed that the RDW, HGB, HDL-C, the LMR, and the SII were associated with the risk 
prediction of MS. These biomarkers are routine and readily available under normal laboratory conditions. We combined these 
variables in a nomogram to construct a predictive model. The results revealed that the areas under the ROC curve for the 
training set and the validation set were 0.767 (95% CI: 0.735–0.799) and 0.735 (95% CI: 0.684–0.787), respectively. The 
calibration curve and DCA results show that the proposed model has good consistency and clinical application value.

Recently, increasing evidence has supported the role of peripheral blood markers in the pathophysiology of 
neurodegeneration.17 Cytokines that regulate communication between central immune compartments and peripheral 
blood appear to be dysregulated in the cerebrospinal fluid and peripheral blood of PD patients.18 The levels of cytokines 
with proinflammatory, anti-inflammatory, and chemotactic effects in the cerebrospinal fluid of patients with MS are 
significantly increased.12 Nevertheless, no evidence currently exists for the association between peripheral blood 
inflammatory markers and MS. Therefore, evaluating the correlations between peripheral blood inflammatory markers 
and MS is necessary.
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Figure 4 The predictive value and clinical use of the nomogram model. Calibration curve of the training set (A). Calibration curve of the validation set (B). DCA curve of 
the training set (C). DCA curve of the validation set (D).
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The RDW is linked with neuronal injury in the context of acute ischemic stroke. This hematological marker can be 
easily, safely, and economically assessed through an automated hematology analyzer as a part of the complete blood 
count.19 Recent studies have revealed that the RDW possibly reflects oxidative stress (OS) impairment and the under-
lying inflammatory state.20 Furthermore, increased RDWs have been shown to be valid predictors of neuronal 
impairment.21 In our study, the RDW was lower in MS patients than in HCs, suggesting that a decreased RDW may 
be a risk factor associated with MS.

HGB is an iron-containing protein in erythrocytes and is essential for the transport of oxygen, nitric oxide, and carbon 
dioxide in mammals.22 It is composed of a tetrameric configuration comprising two β-globin chains (HBBs) and two α- 
globin chains (HBAs).23 Each monomeric globin chain incorporates a heme prosthetic group. Heme is a potent stimulator 
of globin chain transcription.24 HGB is not confined exclusively to erythrocytes but is also expressed in neuronal cells. 
Thus, based on the known roles of HGB in the blood, neuronal HGB may have a biological function related to its role in 
erythrocytes. For example, the upregulation of neuronal HGB by transgenic overexpression or injection of EPO enhances 
mitochondrial activity and brain oxygenation under hypoxic or physiological conditions, suggesting that HGB in neurons 
is involved in oxygen storage and mitochondria-related neuroprotection.25 Several studies have revealed that patients 
with lower HGB levels are more susceptible to PD.26 Similarly, we found that the HGB levels in the peripheral blood of 
patients with MS was significantly lower than that in the peripheral blood of HCs.

HDL-C is a heterogeneous lipoprotein composed of various proteins and lipids. Apolipoprotein (apo) A1 is the main 
protein component of circulatory HDL-C, whereas apoC3, apoJ and apoE are rare HDL-C constituents found at 10- to 100- 
fold lower concentrations than apoA1 in the HDL-C fraction of the plasma.27 HDL-C is synthesized both in the brain and in 
systemic circulation. In addition to its important role in the cholesterol reverse transport pathway, HDL-C has a wide range of 
other functions, including pro-endothelial function, anti-inflammatory effects, antioxidation, regulated immunity, and antith-
rombotic effects.28 Recently, the benefits of HDL-C have been suggested to extend beyond the cardiovascular system to the 
central nervous system.29 A recent study demonstrated that insufficient or impaired brain HDL-C could play a role in the 
development of cerebrovascular dysfunctions, neurodegeneration, or neurovascular instability.28 An early study with 334 
elderly French subjects revealed that high HDL-C cholesterol levels were associated with a significantly decreased risk 
of AD.30 Furthermore, a study with a group of 139 centenarians (Ashkenazi Jews older than 95 years) revealed that plasma 
HDL-C levels were highly and positively correlated with cognitive function.31 However, in our investigation, we noted 
increased levels of HDL-C in the MS group, which diverges from findings in other studies on neurodegeneration. HDL-C has 
both anti-inflammatory and proinflammatory effects.32 For example, HDL-mediated passive cholesterol depletion (indepen-
dent of cholesterol transporters) and lipid raft disruption can activate multiple protein kinase C isoforms, leading to the 
production of proinflammatory cytokines, including TNF-α and IL-12, and the reduction of IL-10.33 HDL-C therefore may 
exert anti- or proinflammatory effects, depending on the adaptations occurring in cell cholesterol content, which may explain 
some of the discrepancies regarding the association of HDL-C levels with disease status in clinical studies.

Neutrophils and lymphocytes serve as crucial markers of inflammation and are associated with the occurrence, 
development, and severity of inflammation. Monocytes can stimulate the synthesis of proinflammatory cytokines, 
including TNF-α and IL-10, and exhibit robust antigen-presenting capabilities, playing a pivotal role in activation and 
phagocytosis during inflammatory events.34 Previous studies have indicated the upregulation of monocytes and their 
precursors in the peripheral circulation of PD patients.35 Platelets actively participate in inflammatory processes through 
their mediation of leukocyte adhesion and extravasation.36 Thrombocytosis serves as an indicator of a heightened extent 
of suppurative infection.37 In recent years, as innovative biomarkers reflecting systemic inflammation, the LMR and the 
SII have been widely applied to primary and secondary tumors and cerebrovascular diseases.38,39 However, there are no 
relevant studies on the LMR and the SII in MS patients. Our results indicate that the value of LMR and SII in the MS 
group were significantly lower than that in the HCs (P < 0.05), suggesting a potential correlation between MS patients 
and the LMR and the SII. These findings suggest a possible association of MS with peripheral inflammation.

The present study was the first to construct an MS-predicting nomogram based on inflammatory markers. The factors 
incorporated into our predictive model are readily obtainable. This enhances the convenience of utilizing the predictive 
model. However, the current study has several limitations. First, although the RDW, HGB, HDL-C, the LMR, and the SII 
have been identified as markers of inflammation in the peripheral circulation, they lack the specificity of definitive 
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inflammatory markers and can be influenced by various factors. This makes it challenging to draw definite conclusions 
about their specific effects on certain neuroinflammatory pathways. Second, this was a single-center retrospective study. 
The data from a single center limits the generalizability of the findings; thus, further verification with multicenter data is 
needed in future studies. Moreover, owing to its retrospective nature, we were unable to obtain accurate data on several 
potential confounding factors, such as the patients’ preadmission medication history and dietary habits. Finally, the 
diagnostic process for MS patients is complex. Obtaining predisease data is extremely difficult. Consequently, the data 
collected in this experiment consisted solely of clinical test results obtained after diagnosis.

Conclusions
In conclusion, our findings suggest that the RDW, HGB, HDL-C, the LMR, and the SII may serve as effective 
biomarkers for predicting MS with significant clinical relevance. We subsequently developed a nomogram based on 
these five risk predictors to predict the risk likelihood of MS. The reliability and accuracy of the nomograms were 
subsequently validated for their ability to identify MS. Therefore, this nomogram can be utilized as a straightforward and 
cost-effective tool to facilitate the diagnosis of MS.
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