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Abstract

Objective
Anxiety, a common and disabling non-motor symptom of Parkinson’s disease (PD), highlights the clinical
importance of early identification of PD with anxiety (PDA). This study aimed to develop and internally
validate an nomogram that integrates routine clinical indicators and structural MRI radiomic features for
early PDA risk stratification.

Methods
139 PD patients were retrospectively enrolled and split into training (n = 97) and internal test (n = 42) sets
at a 7:3 ratio. 21 clinical variables were collected, and 584 quantitative morphological features were
extracted. Mann-Whitney U test, Spearman collinearity elimination and least absolute shrinkage and
selection operator (LASSO) regression were used to select optimal imaging metrics to calculate a
radiomics signature. Univariate and multivariate logistic regression identified independent clinical
predictors. A clinical prediction model and an integrated clinical–radiomics nomogram were
constructed, and assessed in terms of accuracy, sensitivity, specificity, precision, positive predictive
value, negative predictive value, F1-score, receiver-operating characteristic (ROC) curves, calibration
plots and decision curve analysis (DCA).

Results
Elevated UPDRS-III score, cognitive impairment, higher levodopa-benserazide dosage, and 12 MRI
features were independent PDA predictors. The combined nomogram outperformed the clinical-only
model, achieving an AUC of 0.99, accuracy of 0.93, sensitivity of 1.00, specificity of 0.91 in the test set.
Calibration curves confirmed favorable consistency between predicted and actual anxiety risk, while DCA
demonstrated sustained net clinical benefit of the integrated nomogram across wide threshold ranges.

Conclusion
The visualizable clinical-radiomics nomogram enables accurate individualized PDA risk prediction. This
non-invasive, bedside-accessible tool assists neurologists in early screening and stratified management
of PDA.

1. Introduction
Parkinson’s disease (PD) is recognized as the second most prevalent neurodegenerative disorder
associated with aging, with an estimated prevalence of approximately 3% among individuals aged 65
years and above[1]. Clinically, PD is characterized not only by its hallmark motor manifestations, such as

Page 2/20



resting tremor, bradykinesia, muscular rigidity, and impaired postural control, but also by a wide
spectrum of non-motor symptoms that substantially contribute to disease burden[2, 3].Anxiety is one of
the most common and disabling non-motor symptoms, with a reported prevalence of approximately 40%
[4]. Anxiety in patients with PD is associated with several adverse clinical outcomes, including faster
disease progression, greater motor impairment, reduced responsiveness to levodopa, an increased risk
of treatment-related adverse events, poorer quality of life independent of motor severity, and higher
mortality[5–8]. Despite these substantial clinical consequences, the neuroimaging mechanisms
underlying Parkinson's disease with anxiety (PDA) remain poorly understood. Moreover, no quantitative
imaging biomarkers of structural brain changes are currently available for clinical use.

Among currently available multimodal magnetic resonance imaging (MRI) approaches, structural MRI
(sMRI) provides intuitive, reliable, and robust measures and has therefore been widely used in studies of
neurodegenerative diseases. Analytical approaches for sMRI include voxel-based morphometry (VBM),
surface-based morphometry (SBM), and fine-grained brain parcellation. Both VBM and SBM enable
objective characterization of structural changes in the central nervous system, providing insights into
disease pathophysiology and supporting diagnostic and prognostic assessments. VBM quantifies gray
matter volume (GMV) and white matter volume (WMV) at the voxel level, allowing sensitive detection of
regional morphological changes. SBM involves brain tissue segmentation and cortical reconstruction to
derive quantitative measures of gray matter morphology, including cortical thickness, local gyrification
index (GI), fractal dimension (FD), and sulcal depth. In PD, α-synuclein pathology may affect the
amygdala before the onset of motor symptoms and disrupt its functional connectivity with the
hippocampus. Such disruption may impair emotional memory and enhance negative thinking, thereby
contributing to the development of anxiety[9]. Therefore, precise subregional segmentation of the
hippocampus and amygdala is important for elucidating the neuroanatomical basis of PDA and
identifying potential imaging biomarkers for early detection. VBM, SBM, hippocampal subfield
segmentation, and amygdala subnuclei parcellation are complementary approaches that may improve
the sensitivity and specificity of sMRI for characterizing neuroanatomical changes in neuropsychiatric
disorders, including Alzheimer's disease (AD) and PD[10].

In the present study, we systematically evaluated a range of neuroimaging metrics based on VBM, SBM,
and fine-grained parcellation of the hippocampus and amygdala to identify imaging features associated
with PDA. We then developed and internally validated a practical and interpretable nomogram that
integrates routine clinical variables for individualized risk estimation[11, 12]. This approach translates
advanced computational methods into clinically applicable risk scores. It may help neurologists identify
patients with PD who are at high risk of anxiety during the early stage of the disease and support risk-
stratified management and targeted interventions.

2. Materials and methods

2.1 Study population
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In this retrospective investigation, consecutive patients with a confirmed diagnosis of PD who underwent
evaluation and treatment at The Central Hospital of Enshi Tujia and Miao Autonomous Prefecture
between July 2018 and December 2025 were included. Eligibility for study participation was determined
according to the following inclusion criteria: (1) idiopathic PD diagnosed according to the UK Brain Bank
criteria[13]; (2) complete medical records and documented dates of scale assessments; and (3)
completion of neurological examination and sMRI scanning. The exclusion criteria were as follows: (1)
coexisting neurological disorders, such as epilepsy, stroke, intracranial neoplasms, or multiple sclerosis;
(2) a history of intracranial space-occupying lesions, craniotomy, or traumatic brain injury; (3) a history of
alcohol or substance abuse; (4) use of anxiolytic agents within 30 days before treatment initiation; and
(5) severe cardiovascular, hepatic, or renal dysfunction. Anxiety was evaluated with the Parkinson
Anxiety Scale (PAS)[14]. According to the predefined cutoff value, participants with a PAS total score of
≥ 14 were categorized as having anxiety, whereas those with scores below 14 were classified as having
no anxiety. The study protocol received approval from the Institutional Review Board of The Central
Hospital of Enshi Tujia and Miao Autonomous Prefecture (approval No. 2026-006-01). All participants
provided written informed consent before enrollment.

2.2 Clinical information
Baseline clinical data were collected from each participant, including sex, years of education, smoking
status, alcohol consumption, hypertension, diabetes mellitus, dysautonomia, hyperlipidemia, age, age at
disease onset, PD duration, Unified Parkinson’s Disease Rating Scale Part III (UPDRS-III) score, Unified
Parkinson’s Disease Rating Scale Part IV (UPDRS-IV) score, Hoehn–Yahr (H-Y) stage, cognitive
impairment (MoCA score < 24), sleep disorder, and symptom onset side (left, right, or bilateral).
Medication-related variables included the daily dose of levodopa–benserazide and levodopa-equivalent
daily dose (LEDD). Laboratory biomarkers included C-reactive protein (CRP) and serum uric acid levels.
In total, 21 clinical features were analyzed.

2.3 Image acquisition
All participants underwent brain MRI on the same 3.0-T scanner (Magnetom Verio) at the Department of
Radiology of our hospital. High-resolution T1-weighted images were acquired using a combined head
and neck coil. The three-dimensional T1-weighted magnetization-prepared rapid gradient-echo (3D-T1-
MPRAGE) sequence was performed with the following parameters: repetition time (TR) = 2300 ms,
inversion time (TI) = 900 ms, echo time (TE) = 2.01 ms, flip angle = 8°, voxel size = 1.0 × 1.0 × 1.0 mm, 176
slices with a slice thickness of 1.0 mm and a slice gap of 1.0 mm, field of view (FOV) = 250 × 100 mm,
and matrix size = 256 × 256.

2.4 Radiomics feature segmentation and extraction
Structural T1-weighted MRI scans were processed using FreeSurfer (version 7.4.1,
https://surfer.nmr.mgh.harvard.edu/). The standard recon-all pipeline was used for skull stripping, tissue
segmentation, cortical surface reconstruction, and subregional parcellation. A range of quantitative
imaging features was automatically extracted, including VBM-derived volumes of gray matter, white
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matter, and multiple subcortical structures; SBM metrics, including cortical thickness, intrinsic curvature
index, local gyrification index, Gaussian curvature, and mean curvature; hippocampal subfield volumes;
and amygdala subnuclear volumes. Additional features included volumetric measures of the ventricular
system, cerebellar structures, brainstem, cerebrospinal fluid, individual segments of the corpus callosum,
white matter hyperintensities, and whole-brain structures, as well as cortical topology quality-control
indices. Two radiologists independently performed the segmentation while blinded to the patients’
clinical diagnoses. Kappa consistency analysis was used to assess inter-rater agreement, with a Kappa
value ≥ 0.85 considered indicative of good agreement. All imaging metrics obtained from FreeSurfer
were exported for subsequent statistical analysis and predictive model development.

2.5 Radiomics feature selection
Prior to feature selection, all manually derived radiomic variables were standardized using Z-score
transformation to minimize the influence of differences in measurement scales. The subsequent
screening process consisted of three sequential procedures. Initially, the Mann–Whitney U test was
applied to each candidate feature for preliminary discrimination, and only variables reaching statistical
significance (P < 0.05) were carried forward. The retained features were then subjected to Spearman
rank correlation analysis to evaluate correlations between variables and identify redundant features
arising from potential multicollinearity. When the absolute correlation coefficient exceeded 0.9, one of
the highly correlated features was removed. Finally, LASSO regression was used to identify the most
relevant predictors for model development. A composite radiomic score (Rad-score) was subsequently
calculated based on the coefficients of the selected features. Ten-fold cross-validation was used during
LASSO model development to determine the optimal feature set.

2.6 Model development and validation
The entire cohort was randomly divided into a training set and an internal test set at a ratio of 7:3. Two
predictive models were developed using the training set: Model I, a clinical-only model, and Model II, a
combined clinical–radiomics model. To enhance clinical applicability, Model II was presented as a
nomogram. Both predictive models were subsequently validated using the internal test cohort. Their
classification performance was characterized by several complementary metrics, including accuracy,
sensitivity, specificity, precision, positive predictive value (PPV), negative predictive value (NPV), and F1-
score. Discriminative ability was further examined by constructing ROC curves and determining the
corresponding AUC. Model calibration was evaluated by comparing the probabilities estimated by the
models with the actual proportions of observed outcomes. Finally, DCA was conducted across a range
of threshold probabilities to quantify the net benefit and assess the potential clinical usefulness of each
predictive model.

2.7 Statistical analysis
Statistical analyses were conducted with Python using the scikit-learn package (version 0.13.2). For
continuous data, between-group differences were evaluated with either the Student’s t-test or the Mann–
Whitney U test according to the underlying data distribution. Categorical variables were analyzed using
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the χ² test or Fisher’s exact test, as appropriate. Continuous variables following a normal distribution are
reported as mean ± standard deviation (SD), whereas skewed data are summarized as median values
with interquartile ranges (IQRs). Logistic regression models were used to estimate odds ratios (ORs)
together with their corresponding 95% confidence intervals (CIs). Initially, univariate logistic regression
was conducted to screen potential predictors, and variables with P < 0.30 were considered eligible for
subsequent multivariable analysis. Multivariate logistic regression was subsequently performed to
determine the independent predictors included in the final model. Unless otherwise indicated, a two-
sided P value < 0.05 was regarded as statistically significant.

3. Results

3.1 Clinical and demographic characteristics
A total of 139 patients with PD were included in the final analysis. These participants were randomly
allocated to a training cohort of 97 patients, consisting of 34 individuals with anxiety and 63 without
anxiety, and an internal test cohort of 42 patients, comprising 10 individuals with anxiety and 32 without
anxiety. Comparison of baseline demographic and clinical characteristics between the two cohorts
revealed no statistically significant differences across the evaluated variables (P > 0.05), suggesting that
the two cohorts were well balanced and had similar baseline characteristics. The baseline demographic
and clinical characteristics of the subgroups are summarized in Table 1. Multivariate logistic regression
analysis identified UPDRS-III score (P = 0.041; OR = 1.030, 95% CI: 1.000–1.052), cognitive impairment (P 
= 0.014; OR = 1.094, 95% CI: 1.021–1.163), and levodopa–benserazide dosage (P < 0.001; OR = 1.010,
95% CI: 1.005–1.014) as independent predictors of PDA (Table 2).
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Table 1
Clinical and demographic characteristics.

Variables Overall (n = 139) PD without
anxiety(n = 95)

PD with anxiety(n 
= 44)

P

Gender (%)       0.796

Women 72 (51.80) 48 (50.53) 24 (54.55)  

Man 67 (48.20) 47 (49.47) 20 (45.45)  

Education * 6.00 (6.00, 9.00) 6.00 (6.00, 9.00) 6.00 (6.00, 9.00) 0.926

Smoking (%)       0.312

No 115 (82.73) 76 (80.00) 39 (88.64)  

Yes 24 (17.27) 19 (20.00) 5 (11.36)  

Drinking (%)       0.042

No 123 (88.49) 80 (84.21) 43 (97.73)  

Yes 16 (11.51) 15 (15.79) 1 (2.27)  

Hypertension (%)       0.518

No 86 (61.87) 61 (64.21) 25 (56.82)  

Yes 53 (38.13) 34 (35.79) 19 (43.18)  

Diabetes (%)       0.796

No 130 (93.53) 88 (92.63) 42 (95.45)  

Yes 9 (6.47) 7 (7.37) 2 (4.55)  

Dysautonomia (%)       0.736

No 99 (71.22) 69 (72.63) 30 (68.18)  

Yes 40 (28.78) 26 (27.37) 14 (31.82)  

Hyperlipidemia (%)       0.772

No 94 (67.63) 63 (66.32) 31 (70.45)  

Yes 45 (32.37) 32 (33.68) 13 (29.55)  

CRP * 0.81 (0.31, 2.30) 0.68 (0.28, 1.90) 1.34 (0.54, 2.66) 0.081

Serum urate
concentration †

299.05 (80.96) 304.36 (85.96) 287.59 (68.44) 0.257

P < 0.05 was statistically significant.
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Variables Overall (n = 139) PD without
anxiety(n = 95)

PD with anxiety(n 
= 44)

P

Age * 69.00 (61.00,
74.00)

68.00 (60.00, 73.00) 69.00 (65.00,
75.25)

0.192

Age of onset * 65.00 (57.00,
70.00)

65.00 (57.00, 70.00) 65.00 (58.00,
69.25)

0.767

Duration of PD * 3.00 (1.00, 5.00) 2.00 (1.00, 5.00) 4.50 (2.00, 8.00) < 
0.001

UPDRS � score * 23.00 (15.00,
30.00)

20.00 (15.00, 28.00) 30.00 (20.00,
35.00)

0.001

UPDRS Ⅳ score * 0.00 (0.00, 2.00) 0.00 (0.00, 2.00) 1.00 (0.00, 4.00) 0.004

Hoehn and Yahr stages
*

2.50 (2.00, 3.00) 2.00 (2.00, 3.00) 3.00 (2.50, 4.00) < 
0.001

Cognitive impairment
(%)

      0.172

No 116 (83.45) 76 (80.00) 40 (90.91)  

Yes 23 (16.55) 19 (20.00) 4 (9.09)  

Sleep disorder (%)       0.182

No 70 (50.36) 52 (54.74) 18 (40.91)  

Yes 69 (49.64) 43 (45.26) 26 (59.09)  

Symptom onset side
(%)

      0.050

Left 8 (5.76) 7 (7.37) 1 (2.27)  

Right 18 (12.95) 16 (16.84) 2 (4.55)  

Both 113 (81.29) 72 (75.79) 41 (93.18)  

Levodopa Benserazide
*

375.00 (218.75,
500.00)

375.00 (187.50,
375.00)

500.00 (375.00,
562.50)

< 
0.001

LEDD * 450.00 (262.50,
662.50)

400.00 (262.50,
468.75)

694.00 (450.00,
900.00)

< 
0.001

P < 0.05 was statistically significant.

Abbreviations: PD, Parkinson's disease; UPDRS, Unified Parkinson’s Disease Rating Scale; CRP, C reactive
protein; LEDD, levodopa equivalent daily dose. *, median (interquartile range, 25th–75th percentiles); †,
mean (standard deviation).
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Table 2
The univariate and multivariate logistic regression analysis of training set.

Variables Univariate logistic regression
analysis

Multivariate logistic regression
analysis

OR (95%CI) P OR (95%CI) P

Gender 1.172(0.509–2.702) 0.709    

Education 0.996(0.886–1.119) 0.946    

Smoking 0.663(0.215–2.049) 0.475    

Drinking 0.143(0.018–1.161) 0.069    

Hypertension 1.006(0.426–2.374) 0.989    

Diabetes 0.594(0.113–3.116) 0.538    

Dysautonomia 1.224(0.483–3.104) 0.670    

Hyperlipidemia 1.028(0.421–2.512) 0.951    

CRP 1.083(0.967–1.212) 0.168    

Serum urate
concentration

0.999(0.993–1.004) 0.699    

Age 1.016(0.971–1.062) 0.497    

Age of onset 0.991(0.951–1.032) 0.656    

Duration of PD 1.223(1.072–1.395) 0.003    

UPDRS � score 1.047(1.009–1.086) 0.015 1.030(1.000-1.052) 0.041

UPDRS Ⅳ score 1.300(1.061–1.593) 0.011    

Hoehn and Yahr stages 2.497(1.440–4.331) 0.001    

Cognitive impairment 0.339(0.090–1.275) 1.094 1.094(1.021–1.163) 0.014

Sleep disorder 1.393(0.603–3.222) 0.438    

Symptom onset side        

Left 1.000      

Right 2845701.966(0-Inf) 0.991    

Both 10221296.859(0-Inf) 0.991    

Levodopa Benserazide 1.008(1.004–1.012) < 0.001 1.010(1.005–1.014) < 0.001

LEDD 1.005(1.003–1.007) < 0.001    
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Abbreviations: PD, Parkinson's disease; UPDRS, Unified Parkinson’s Disease Rating Scale; CRP, C reactive
protein; OR, odds ratio; CI, confidence interval; LEDD, levodopa equivalent daily dose.

3.2 Radiomics characteristics
A total of 584 radiomic features were extracted from the sMRI data, including 64 VBM features, 456 SBM
features, 20 features from segmented amygdala subregions, and 44 features from segmented
hippocampal subfields. The Mann–Whitney U test was first used for preliminary feature screening,
retaining 165 features. Spearman correlation analysis was then performed to remove highly collinear
features, leaving 97 features with significant between-group differences. LASSO regression with ten-fold
cross-validation was subsequently performed using the minimum criterion to determine the optimal
lambda (λ) value. The λ value corresponding to the minimum cross-validation error is shown in Figs. 1
and 2. Finally, 12 features were selected for the final model. These included the volumes of the bilateral
hippocampi and bilateral hippocampal tails, as well as the cortical thickness of the bilateral
supramarginal gyri, bilateral inferior temporal gyri, bilateral inferior parietal lobules, left middle temporal
gyrus, and left insula.

3.3 Model construction and performance assessment
Two models were developed to predict the risk of PDA. Model 1 (clinical model) was based exclusively
on clinical variables. Model 2, an integrated clinical–radiomics nomogram (Fig. 3), incorporated both
clinical and radiomic features to improve its potential for clinical application.

In the internal test cohort, the clinical–radiomics nomogram showed a clear improvement in predictive
performance compared with the clinical model. The nomogram yielded an accuracy of 0.93, sensitivity of
1.00, specificity of 0.91, PPV of 0.77, NPV of 1.00, and an F1-score of 0.87, with an AUC of 0.99 (Table 3).
The corresponding ROC curves for the clinical and clinical–radiomics models in both the training and
internal test cohorts are illustrated in Fig. 4, together with their respective AUC values. The calibration
curves showed good agreement between predicted and observed outcomes in both sets (Fig. 4). In
addition, DCA showed that the clinical–radiomics nomogram provided greater net clinical benefit than
the clinical-only model across the evaluated threshold probabilities for predicting PDA (Fig. 4). A net
benefit above zero indicates a potential clinical benefit.
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Table 3
The performance of clinical model and combined nomogram for predicting PDA.

Model Cohort AUC (95%CI) ACC Sen Spe PPV NPV F1

Clinical Training
set

0.816 (0.731-
0.900)

0.701 0.912 0.587 0.544 0.925 0.681

Test set 0.731 (0.543–
0.920)

0.595 0.900 0.500 0.360 0.941 0.514

Combined Training
set

0.997 (0.990-
1.000)

0.990 0.971 1.000 1.000 0.984 0.985

Test set 0.988 (0.964-
1.000)

0.929 1.000 0.906 0.769 1.000 0.870

Abbreviations: PDA, PD with anxiety; AUC, Area under the curve; ACC, Accuracy; Sen, Sensitivity; Spe,
Specificity; PPV, Positive predictive value; NPV, Negative predictive value; F1, F1-Score.

4. Discussion
In the present study, we systematically extracted multidimensional structural MRI quantitative metrics,
including subcortical volumes, cortical morphological parameters, and hippocampal and amygdala
subfield volumes. Based on these features, we developed two predictive models for PDA: a clinical-only
model and an integrated clinical–radiomics nomogram that incorporated clinical variables and MRI
radiomic features. Internal validation showed that the combined clinical–radiomics nomogram had
superior discriminative performance, good calibration, and greater net clinical benefit than the clinical-
only model. The visualized nomogram enables rapid and individualized risk estimation for PDA and may
have potential clinical value in routine neurological practice.

Previous studies have identified several clinical factors associated with anxiety in patients with PD.
Longer disease duration, greater motor severity, higher LEDD, dyskinesia, cognitive impairment, sleep
disturbances, and autonomic dysfunction have been reported as potential predictors of PDA[15–18]. In
our study, multivariate logistic regression analysis further identified higher UPDRS-III scores and higher
daily levodopa–benserazide dosage as independent clinical risk factors for PDA in the training cohort,
consistent with previous cross-sectional studies[19–21]. Greater motor impairment may increase
psychological burden in patients with PD, while higher dopaminergic medication requirements may
reflect more advanced neurodegeneration involving limbic circuits, potentially increasing susceptibility to
anxiety. However, the clinical-only model showed limited predictive performance in the internal test set
(AUC = 0.731). This finding suggests that conventional clinical measures may not adequately capture
subtle structural brain changes associated with PDA, highlighting the potential value of imaging-based
predictive tools.

Emerging structural neuroimaging studies have identified widespread gray and white matter changes in
PDA, mainly involving brain regions within fear and limbic corticostriatothalamocortical circuits,
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including the amygdala, anterior cingulate cortex, prefrontal cortex, insula, thalamic subnuclei, and
hippocampal subfields[22–26]. Vriend et al. combined FreeSurfer and VBM analyses and reported
reduced amygdala volume in patients with PDA[27]. A combined VBM-SBM study also identified
widespread cortical structural changes involving the insula, parietal, occipital, and temporal lobes, as
well as the hippocampal regions, in patients with Parkinson’s disease dementia (PDD)[28]. Park et al.
used FreeSurfer-based thalamic nuclei segmentation and found that several thalamic subnuclei were
associated with tremor in PD[29]. However, most existing structural neuroimaging studies of PDA have
focused on individual imaging metrics, such as VBM or cortical thickness, and comprehensive analyses
integrating multiple structural measures remain limited. Previous MRI studies have mainly used VBM or
cortical thickness to assess regional atrophy in PDA. Few studies have systematically integrated
multiple quantitative features, including subcortical volumes, cortical morphology, and fine-grained
hippocampal and amygdala subregional measures. In the present study, we applied a multi-step feature
selection strategy involving Mann–Whitney U testing, Spearman correlation analysis, and LASSO
regression with ten-fold cross-validation. This process yielded 12 non-redundant radiomic features for
construction of a quantitative Rad-score. These features captured variations in cortical morphology and
subcortical volumes and provided additional predictive value beyond clinical variables.

The three independent clinical predictors included in our nomogram UPDRS-III score, cognitive
impairment, and levodopa–benserazide dosage are consistent with established clinical risk factors for
PDA. A higher UPDRS-III score independently predicted anxiety risk (OR = 1.030, P = 0.041), consistent
with meta-analytic evidence that greater motor impairment is associated with anxiety in patients with
PD[4, 15]. Severe rigidity and bradykinesia can limit daily activities and increase psychological stress.
This association is further supported by longitudinal data showing a positive relationship between motor
severity and PAS scores[30]. A bidirectional association between cognitive impairment and anxiety was
reported in a longitudinal cohort of 368 adults aged ≥ 65 years. Cognitive impairment may contribute to
anxiety, while anxiety may further accelerate cognitive decline[31]. One possible explanation is that
cognitive impairment may increase anxiety by affecting the regulation of negative emotional memories
within the amygdala–hippocampal circuit. Higher levodopa–benserazide dosage was the strongest
clinical predictor (P < 0.001). This finding is consistent with previous evidence suggesting dose-
dependent monoamine imbalance within limbic cortico-striato-thalamo-cortical (CSTC) circuits[27].
Together, these three predictors reflect motor severity, cognitive function, and dopaminergic exposure.

The 12 radiomic signatures condensed into the Rad-score delivered prominent incremental predictive
gains when combined with clinical variables, comprising bilateral whole-hippocampus volume,
hippocampal tail subfield volume, and DKT-atlas-based cortical thickness metrics covering the insula,
supramarginal, inferior parietal, middle temporal, and inferior temporal regions derived from FreeSurfer
segmentation. Hippocampal and hippocampal tail subfield indices are consistent with prior FreeSurfer-
VBM findings documenting limbic-structure atrophy among PD patients with anxiety, with the
hippocampal tail being particularly vulnerable to synuclein-related neurodegeneration[27]. Multiple
multimodal MRI studies have highlighted insular and temporoparietal cortical thinning as key
morphological alterations in PDA, and surface-based thickness measurements capture subtle
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microstructural cortical changes that are invisible to routine visual MRI assessment[22]. The
standardized FreeSurfer-DKT segmentation workflow guarantees the reproducibility of these multi-step-
screened imaging features for further external validation[32]. The dramatic AUC elevation from the
clinical-only model (0.731) to the integrated nomogram (0.988) demonstrated that multidimensional
structural morphometric signatures capture silent neurodegenerative alterations missed by conventional
clinical evaluation, enabling precise individualized PDA risk stratification at the bedside.

There are several limitations to this study. First, its retrospective, single-center design and relatively
small sample size may have introduced selection bias and limited the generalizability of the findings.
Larger prospective multicenter cohorts are needed to externally validate the robustness of the model.
Second, only structural MRI sequences were included in the current analysis. Future studies could
incorporate T2-FLAIR, diffusion tensor imaging, and resting-state functional MRI to assess additional
microstructural and functional connectivity features. Finally, serum, cerebrospinal fluid, and
electrophysiological biomarkers were not included. Future studies integrating peripheral inflammatory
markers and electroencephalographic features may further improve predictive performance.

5. Conclusion
In the present study, we identified clinical and limbic morphological features and developed and
internally validated a combined clinical–radiomics nomogram for predicting anxiety in patients with
Parkinson’s disease. The visual nomogram enables individualized risk stratification for PDA and may
facilitate early targeted intervention.
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Figure 1

Flowchart of the study subjects based on exclusion criteria.
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Figure 2

Radiomic feature extraction. (A, B) Radiomic features extraction using least absolute shrinkage and
selection operator (LASSO) algorithm. (C) The final features included in our study.
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Figure 3

A nomogram integrates clinical parameters and radiomics features.

Page 19/20



Figure 4

The performance of clinical model and combined nomogram with ROC, calibration curves and decision
curve analysis. (A, B) ROC curves of each cohort in the (A) clinical model and (B) combined model for
prediction of PDA. (C, D) Calibration curves of each cohort in the (C) clinical model and (D) combined
model for prediction of PDA, and a 45° diagonal line indicates perfect calibration. (E, H) Decision curve
analysis of each cohort in the (E, G) clinical model and (F, H) combined model for prediction of PDA, and
the colored lines were expected net benefit of per patient. ROC, Receiver operating characteristics
curves; PDA, PD with anxiety.
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