Supplementary Methods
S1. Neuropsychological assessment
All subjects underwent a standardized neuropsychological battery called the Seoul Neuropsychological Screening Battery (SNSB) at initial assessment1. To reduce the redundancy of neuropsychological subtests and possibility of overrepresenting a single cognitive function domain, we first conducted a factor analysis based on 14 scorable subtests of the SNSB to yield four cognitive function domains (visual memory/visuospatial, verbal memory, frontal/executive, and attention/working memory/language) in patients with PD2. In this study, the same formula was applied to calculate the composite scores of each cognitive function domain.
The SNSB covers five cognitive domains: attention and working memory (forward/backward digit span task and letter cancellation); language and related functions (the Korean version of the Boston Naming Test [K-BNT], calculation, and praxis); visuospatial function (the Rey Complex Figure Test [RCFT] copy), verbal and visual memory (immediate recall/delayed recall/recognition test using the Seoul Verbal Learning Test [SVLT] for verbal memory; immediate recall/delayed recall/recognition test using the RCFT for visual memory); and frontal/executive function (contrasting program and go/no-go test, the Controlled Oral Word Association Test [COWAT], and the Stroop test).
Among the subtests of the SNSB, age- and education-specific z-scores for 14 scorable items (forward digit span task, backward digit span task, KBNT, RCFT copy, immediate recall, delayed recall, and recognition items using the SVLT and RCFT, COWAT for animal, COWAT for supermarket, COWAT for phonemic fluency, and the Stroop color reading test) were used for calculating the composite scores of cognitive function domains (visual memory/visuospatial, verbal memory, and frontal/executive function, and attention/working memory/language) as previously described2:

Visual memory/visuospatial function = 0.422 × RCFT (immediate recall) + 0.417 × RCFT (delayed recall) + 0.259 × RCFT copy + 0.179 × RCFT (recognition) - 0.033 × SVLT (delayed recall) - 0.098 × SVLT (recognition) - 0.056 × SVLT (immediate recall) - 0.096 × COWAT-semantic fluency [supermarket] - 0.048 × COWAT-semantic fluency [animal] - 0.026 × COWAT-phonemic fluency + 0.076 × Color Stroop test - 0.148 × Forward digit span - 0.072 × Backward digit span + 0.034 × K-BNT

Verbal memory function = -0.016 × RCFT (immediate recall) -0.014 × RCFT (delayed recall) - 0.138 × RCFT copy - 0.025 × RCFT (recognition) + 0.436 × SVLT (delayed recall) + 0.437 × SVLT (recognition) + 0.378 × SVLT (immediate recall) - 0.030 × COWAT-semantic fluency [supermarket] - 0.020 × COWAT-semantic fluency [animal] - 0.073 × COWAT-phonemic fluency - 0.090 × Color Stroop test - 0.043 × Forward digit span - 0.061 × Backward digit span - 0.001 × K-BNT

Frontal/executive function = -0.054 × RCFT (immediate recall) - 0.034 × RCFT (delayed recall) + 0.058 × RCFT copy - 0.149 × RCFT (recognition) - 0.060 × SVLT (delayed recall) - 0.126 × SVLT (recognition) + 0.059 × SVLT (immediate recall) + 0.405 × COWAT-semantic fluency [supermarket] + 0.373 × COWAT-semantic fluency [animal] + 0.315 × COWAT-phonemic fluency + 0.305 × Color Stroop test - 0.111 × Forward digit span + 0.022 × Backward digit span + 0.017 × K-BNT

Attention/working memory/language function = -0.156 × RCFT (immediate recall) -0.163 × RCFT (delayed recall) + 0.026 × RCFT copy + 0.227 × RCFT (recognition) - 0.069 × SVLT (delayed recall) + 0.039 × SVLT (recognition) - 0.098 × SVLT (immediate recall) - 0.107 × COWAT-semantic fluency [supermarket] - 0.071 × COWAT-semantic fluency [animal] + 0.081 × COWAT-phonemic fluency - 0.055 × Color Stroop test + 0.593 × Forward digit span + 0.449 × Backward digit span + 0.233 × K-BNT


S2. Assessment of dementia conversion
During the follow-up period, patients were diagnosed with PDD if they fulfilled the clinical criteria for probable PDD based on the Movement Disorder Society Task Force guidelines2,3.  After diagnosis of PD, patients visited the outpatient clinic at 3-month intervals, and at every visit, they or their caregivers were asked questions regarding their daily functioning. Additionally, all patients underwent serial cognitive assessment using the Korean version of the Mini-Mental State Examination (K-MMSE) and Clock Drawing Test with a one-year interval (Level I tests)3. In case of definite cognitive decline or evidence of impairments in daily life due to cognitive changes (Level I4), most patients underwent the SNSB to identify the pattern of cognitive deficits and diagnose PDD at Level II3,5. 



S3. MRI protocols 
All scans were acquired with a 3T scanner (Achieva; Philips Healthcare, Best, the Netherlands, or Ingenia CX; Philips Healthcare, Best, the Netherlands) with a 32-channel head coil. Head motion was minimized with restraining foam pads provided by the manufacturer. The MRI imaging protocol included T2-weighted images (repetition time [TR]/echo time [TE], 2800–3000/80–100 ms; field of view [FOV], 230-240 mm; section thickness, 5 mm; slice gap, 7 mm; matrix, 256 × 256), FLAIR (TR/TE, 9000–10,000/110–125 ms; FOV, 240 mm; section thickness, 5 mm; slice gap, 7 mm; matrix, 256 × 256), and noncontrast 3D T1-weighted images (TR/TE, 6.9/3.2 ms; FOV, 230-240 mm; section thickness, 1.2 mm; matrix, 256 × 256).

S4. Image preprocessing and radiomics feature extraction
Automated mask extraction of the basal ganglia, namely putamen and caudate, was performed using volBrain (https://volbrain.upv.es/)6, which is a robust automatic pipeline for brain segmentation with high accuracy7. Preprocessing of the images was performed to standardize the data analysis across patients. After removing unwanted low-frequency intensity nonuniformity by applying the N4 bias correction algorithm8, normalization of signal intensity was performed via z-score. All images were resampled to 1-mm isovoxels. T2 and FLAIR images were co-registered with T1 images by affine transformation with normalized mutual information as a cost function. 
After image preprocessing, radiomic feature extraction from bilateral caudate and putamen was performed using PyRadiomics (version 2.0)9, which conformed to the Image Biomarker Standardization Initiative10. Based on the more-affected side of each patient (either right or left), radiomic features from the more-affected caudate or putamen were distinguished from those of the less-affected caudate or putamen. The radiomic features included 14 shape features, 18 first-order features, and 75 second-order features [such as gray-level co-occurrence matrix (n = 24), gray-level run-length matrix (GLRLM, n = 16), gray level size zone matrix (n = 16), gray level dependence matrix (GLDM, n = 14), and neighboring gray tone difference matrix (n = 5)]. A total of 1,284 (107 features × 2 subregions of the basal ganglia (caudate and putamen) × more-affected/less-affected side × 3 sequences) radiomic features were extracted. 

S5. Model interpretability with SHapley Additive exPlanations (SHAP)
SHAP, originating from game theory, assesses the contribution of each variable of the model to its output11,12. The output of each possible combination of other variables is collected. SHAP analysis enables the quantification of continuous and categorical variables in the texture features only and the combined models. Features listed higher on the left vertical axis indicate a stronger influence on the overall model outcome. Feature values are color coded: red data points indicate higher values, and blue data points indicate lower values13. In addition, this allows the quantification of the impact of each variable on the prediction, not only on a global level (on the overall population) but also locally (on a subset or one patient)14. Thus, Shapley values for each variable are additive, which makes the contribution of each variable convertible to a share of the output classification probability. This provides an intuitive visualization for clinicians using this model.


Supplementary Table. List of extracted radiomics features.
	Feature category
	Feature list 

	Shape (n = 14)
	Volume, surface area, surface-area-to-volume ratio, sphericity, maximum 3D diameter, maximum 2D diameter (column), maximum 2D diameter (row), maximum 2D diameter (slice), major axis, minor axis, least axis, elongation, flatness, mesh volume 

	First order statistics (n = 18)
	Energy, total energy, entropy, minimum, 10th percentile, 90th percentile, maximum, mean, median, interquartile range, range, mean absolute deviation, robust mean absolute deviation, root mean squared, skewness, kurtosis, variance, uniformity

	GLCM (n = 24)

	Autocorrelation, cluster prominence, cluster shade, cluster tendency, contrast, correlation, difference average, difference entropy, difference variance, inverse difference, inverse difference moment, inverse difference moment normalized, inverse difference normalized, informal measure of correlation 1, informal measure of correlation 2, inverse variance, joint average, joint energy, joint entropy, maximal correlation coefficient, maximum probability, sum average, sum entropy, sum of squares 

	GLRLM (n = 16)
	Short-run emphasis, long-run emphasis, gray level nonuniformity, gray level nonuniformity normalized, run-length nonuniformity, run-length nonuniformity normalized, run percentage, gray level variance, run variance, run entropy, low gray level run emphasis, high gray level run emphasis, short-run low gray level emphasis, short-run high gray level emphasis, long-run low gray level emphasis, long-run high-gray level emphasis

	GLSZM (n = 16)
	Small area emphasis, large area emphasis, gray level non-uniformity, gray level non-uniformity normalized, size-zone non-uniformity, size-zone non-uniformity normalized, zone percentage, gray level variance, zone variance, zone entropy, low gray level zone emphasis, high gray level zone emphasis, small area low gray level emphasis, small area high gray level emphasis, large area low gray level emphasis, large area high gray level emphasis

	GLDM (n = 14)
	Small dependence emphasis, large dependence emphasis, gray level non-uniformity, dependence non-uniformity, dependence non-uniformity normalized, gray level 0076ariance, dependence variance, dependence entropy, low gray level emphasis, high gray level emphasis, small dependence low gray level emphasis, small dependence high gray level emphasis, large dependence low gray level emphasis, large dependence high gray level emphasis,

	NTGDM (n = 5)
	Coarseness, complexity, strength, contrast, busyness


GLCM = gray level co-occurrence matrix, GLDM = gray level dependence matrix, GLRLM = gray level run-length matrix, GLSZM = gray level size zone matrix, NTGDM = neighboring gray tone difference matrix


Supplementary Table 2. Logistic regression analysis for dementia within 5 years of PD diagnosis
	
	Beta (SE)
	p-value
	VIF

	Overall series
	
	
	

	Age
	0.083 (0.023)
	<0.001
	1.127

	Disease duration
	0.008 (0.010)
	0.423
	1.008

	Visual memory/visuospatial
	-0.662 (0.179)
	<0.001
	1.063

	Verbal memory
	-0.585 (0.166)
	<0.001
	1.024

	Frontal/executive
	-1.111 (0.200)
	<0.001
	1.113


VIF = variance inflation factor
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