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Surface-based morphological patterns associated with 
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Background: Surface-based cortical morphological patterns provide insight into the neural mechanisms of 
Parkinson’s disease (PD). Explorations of the relationship between these patterns and the clinical assessment 
and treatment effects could be used to inform early intervention and treatment planning.
Methods: We recruited 78 PD patients who underwent presurgical evaluation and 55 healthy controls. We 
assessed neocortical sulcal depth, gyrification index, and fractal dimension and applied a general linear model 
using the multivariate Hotelling’s t-test to determine the joint effect of surface-based shape abnormalities 
in PD. The relationship between the neuroimaging pattern and clinical assessment was investigated using a 
multivariate linear regression model. A machine learning model based on surfaced-based features was used to 
predict responses to medication and deep brain stimulation (DBS).
Results: The surface-based neuroimaging pattern of PD included decreases in morphological metrics 
in the gyrus (left: F=4.32; right: F=4.13), insular lobe (left: F=4.87; right: F=4.53), paracentral lobe (left: 
F=4.01; right: F=4.26), left posterior cingulate cortex (F=4.48), and left occipital lobe (F=4.27, P<0.01). This 
pattern was significantly associated with cognitive performance and motor symptoms (P<0.01). The machine 
learning model using morphological metrics was able to predict the drug response in the tremor score 
(R=−0.34, P<0.01) and postural instability and gait disorders score (R=0.24, P=0.04).
Conclusions: We identified the surface-based neuroimaging pattern associated with PD and explored its 
association with clinical assessment. Our findings suggest that these morphological indicators have potential 
value in informing personalized medicine and patient management.
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Introduction

Park inson ’s  d i sease  (PD)  i s  a  chronic  d i sab l ing 
neurodegenerative disorder clinically characterized by 
tremor, rigidity, akinesia, and postural instability. PD is 
caused mainly by dopaminergic neuronal degeneration in 
the substantia nigra (1,2). Aside from the motor-related 
symptoms, decreased emotional and cognitive social 
processes are also commonly observed in PD and are often 
manifest as behavioral disorders (3). Further, depression, 
anosmia, constipation, excessive daytime sleepiness, rapid 
eye movement sleep behavior disorder, visual changes, and 
cognitive changes may also be present during the prodromal 
stages of PD (4,5). Levodopa and other dopamine agonists 
are used as dopamine-replacement therapies resulting in 
effective relief of motor symptoms in the early stages of 
the disease. However, this treatment is eventually impeded 
by the increasing occurrence of motor complications, 
hyperkinesia, and sudden on-off phenomena associated with 
the feeling that levodopa is “wearing off” earlier and earlier 
each dose (6). In these patients, deep brain stimulation 
(DBS) provides a promising means of relief from these 
symptoms. The effectiveness of DBS depends on patient 
selection based on multidisciplinary presurgical evaluation, 
in addition to stereotactic implantation and postoperative 
stimulator programming.

Although the neurobiological mechanisms of PD remain 
inconclusive, the advent of high-resolution magnetic 
resonance imaging (MRI) in recent years has prompted the 
undertaking of neuroimaging studies that have provided 
evidence for PD being associated with morphological 
changes in the brain, particularly in gray matter volume 
(GMV) (7). Pereira et al. reported that in comparison to 
controls, patients with PD displayed cortical thinning in the 
right lateral occipital, parietal, and left temporal, frontal, 
and premotor regions (8). A voxel-wise meta-analysis 
of studies using voxel-based morphometry (VBM) was 
conducted to explore consistent GMV changes in PD and 
found significant reductions in GMV in the basal ganglia, 
and networks associated with theory of mind, vocalization, 
and vision (7). These studies have associated specific 
neuroimaging alterations with a diagnosis of PD. Further, 
studies have used machine learning models to predict the 
effect of DBS on PD symptoms with satisfactory results (9). 
However, VBM only assesses the GMV, while the shape of 
the cortical surface provides useful information reflecting 
cortical organization that can be used to better understand 
the neuroanatomical changes occurring in patients with PD.

The human cerebral cortex is highly convoluted with 
gyri and sulci. The integrity of the surface is dependent 
on the neurobiological processes occurring within and 
represents the development and degeneration of the brain. 
A series of structural indicators are used to investigate 
changes in the shape of the surface in patients with PD. 
PD has been associated with significantly reduced overall 
gyrification, most notably in bilateral inferior parietal, 
precentral, postcentral, superior frontal, and supramarginal 
areas. This effect may be accelerated within the early 
stages (<1 year) of the disease (10). However, the joint 
effects of PD on surface-based cortical morphology remain 
unsubstantiated as a single feature cannot be used to reflect 
a more complete cortical aberrance. Previous work has used 
regional GM changes and age to predict an individual’s 
treatment response (11), while the predictive accuracy and 
the binary outcomes design could be further improved.

Therefore, the aim of the present study was to (I) 
perform a comprehensive analysis of alterations in cortical 
surface-based morphology associated with PD, (II) explore 
the associations between the neuroimaging pattern of PD 
and clinical assessment (neuropsychological changes and 
motor symptoms), and (III) construct a machine learning 
model to predict the treatment response to medication 
and DBS based on changes in the neuroimaging pattern. 
The findings from this study will be valuable in guiding 
clinical strategy, for example, in demonstrating that cortical 
surface-based morphological measures are conducive to 
increasing our understanding of the neural mechanisms of 
PD. Further, this can be used to explore the relationships 
between neuroimaging patterns and clinical assessment 
measures. These measures can then further be considered 
in the identification of diagnosis biomarkers, potential 
treatment targets, and presurgical prognosis to improve 
the surgical candidacy criteria. We present the following 
article in accordance with the STROBE reporting 
checklist (available at https://atm.amegroups.com/article/
view/10.21037/atm-22-630/rc).

Methods

Participants

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). This study was 
approved by the Ethics Committee at the Beijing Tiantan 
Hospital (KYSQ2018-172-01). All patients and control 
participants provided informed consent for access to their 

https://atm.amegroups.com/article/view/10.21037/atm-22-630/rc
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medical records.
In this case-control study, consecutive patients with 

PD and healthy control participants were retrospectively 
collected from the medical database of Beijing Tiantan 
Hospital between January 2018 and December 2020. 
Participants’ clinical information, including their age at PD 
onset, duration of PD, Hoehn and Yahr (H-Y) scale scores, 
and levodopa equivalent daily dosage (LEDD) were also 
collected from their medical records.

All patients underwent a conventional presurgical 
examination including emotional assessment using the 
Hamilton anxiety scale (HAMA-14) (12) and Hamilton 
rating scale for depression (HRSD-24) (13), assessment 
of cognitive impairment using the mini-mental state 
examination (MMSE) (14), and the Montreal cognitive 
assessment (MoCA) (15). For participants not receiving 
either medication or DBS (medication-off, DBS-off 
status), motor-related symptoms were assessed using the 
Movement Disorder Society-sponsored revision of the 
unified Parkinson’s disease rating scale (MDS-UPDRS) (16), 
including the UPDRS-III total score, Tremor score (the 
average score of items 3.15–3.17), Akinetic/rigidity score 
(the average score of items 3.10–3.12), and the postural 
instability and gait disorders (PIGD) score (the average 
score of items 3.3–3.9 and item 3.14) in the medication-
off, DBS-off status. Patients underwent surgical DBS 
implantation and started to receive stimulation one month 
after their surgery. DBS patients were then re-evaluated 
three months after surgery (medication-off, DBS-on status). 
All healthy control participants were free of any significant 
neurological history.

MRI acquisition and image processing

Magnetic resonance images were acquired on a 3.0-T 
Siemens Verio scanner using a 3-dimensional T1-weighted 
magnetization-prepared rapid acquisition with gradient 
echo (T1w MPRAGE) sequence, as follows: repetition time 
(TR) =2,300 ms, echo time (TE) =2.53 ms, flip angle =12°, 
slice thickness =1 mm, no slice gap, voxel size =1.0 mm ×  
1.0 mm × 1.0 mm (17,18).

The surface-based analysis was performed using the 
Computational Anatomy Toolbox (CAT12) (http://dbm.
neuro.uni-jena.de/cat/) that provides a fully automated 
method of estimating cortical thickness and the central 
surface of each hemisphere based on the projection-based 
thickness method (19). The processing pipeline included 
automated brain segmentation into gray matter (GM), 

white matter (WM), and cerebrospinal fluid (CSF), affine 
registration to MNI-template space, and subsequent 
nonlinear deformation. In CAT12, a new fully automated 
method allows the central surface to be reconstructed in one 
step. This projection-based thickness method also includes 
partial volume correction, sulcal blurring, and handles 
sulcal asymmetries without sulcus reconstruction. Newly 
created images were smoothed using a Gaussian smoothing 
kernel of 15 mm full-width half-maximum before the total 
intracranial volume was calculated. Surface extractions and 
topological defects were visually verified.

Computation of surface-based morphometry

(I) Cortical thickness: the thickness of the cortex reflects 
various cellular-level features including size, density, 
arrangement of neurons, neuroglia, and nerve  
fibers (20). Cortical thickness was measured using 
tissue segmentation to estimate the WM distance and 
project the local maxima to other GM voxels (thereby 
providing the cortical thickness) using a nearest-
neighbor algorithm based on the WM distance (21).

(II) Sulcal depth: this accounts for both the depth and 
wideness of the cortical folding (22). The square root-
transformed sulcal depth was extracted based on the 
Euclidean distance between the central surface and 
its convex hull and then transformed using the square 
root function.

(III) Gyrification index: the gyrification index reflects the 
folding geometry of the cortical surface. Lower values 
indicate sulcal widening induced by brain atrophy (23). 
Gyrification is calculated by estimating the ‘‘smoothed 
absolute mean curvature’’ of the cortical surface based 
on averaging curvature values from each vertex of the 
spherical surface mesh within a distance of 3 mm and 
then calculating the absolute value within this region (24).

(IV) Fractal dimension: the fractal dimension is a quantification 
of the complexity of cortical folding at the vertex level. 
Surface complexity information was extracted using 
spherical harmonic (SPH) reconstructions (25).

Evaluation of the surface-based neuroimaging pattern

Univariate analysis was used to assess differences in sulcal 
depth, gyrification index, and fractal dimension between 
patients with PD and the healthy control group using a 
2-tailed Student’s t-test at each vertex. As these features are 
all related to cortical morphological changes and may be 

http://dbm.neuro.uni-jena.de/cat/
http://dbm.neuro.uni-jena.de/cat/
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affected by variations in cortical thickness, this metric was 
statistically adjusted at each vertex by the corresponding 
thickness measure (26).

The multivariate analysis evaluates the correlation/
covariance of significance across brain regions, rather 
than proceeding on a voxel-by-voxel basis, making the 
interpretation of a signature of neural networks more 
straightforward (27). We thus used a general linear model 
with multivariate Hotelling’s t-test to determine the joint 
effect of surface-based shape differences between the two 
cohorts. In this explorative study, the correction for multiple 
comparison was not performed, but the significance 
threshold was set at a two-tailed threshold of P<0.01.

Regression association with neuroimaging pattern and 
clinical assessment

Multivariate linear regression was performed (28) using 
multivariate surface-based shape abnormalities (significant 
vertices in the calculated neuroimaging pattern) as a 
predictor for neurophysiological performance measures 
(HAMA, HRSD, MMSE, and MoCA) and clinical measures 
of motor symptoms (UPDRS-III total score, Tremor score, 
Akinetic/rigidity score, and PIGD score).

Prediction of medication and DBS response based on 
neuroimaging pattern

We evaluated the group-level results to predict the response 
to medication and DBS using a machine learning approach 
with a leave-one-out cross-validation (LOOCV) (29,30) 
method. The search space was confined to regions displaying 
group-level differences between PD patients and healthy 
controls. We then extracted mean sulcal depth, gyrification 
index, and fractal dimension scores from the significant 
cluster, and fed them into a support vector machine (SVM) 
classifier that evaluated the response to medication and DBS. 
We constructed the classification model to predict a good 
prognosis (improvement >50%) or lesser improvement, as 
well as the regression model of the actual score.

Statistical analysis

For univariate and multivariate analysis, the age and sex of 
patients and controls were included as covariates. For the 
multivariate linear regression model and prediction model, 
the age at PD onset, duration, H-Y scale, and LEDD 
were included as covariates. Moreover, to assess the model 

accuracy, the area under the receiver operating characteristic 
curve (AUC) was reported with 95% confidence intervals 
(CIs) to evaluate the performance of the classification model 
and the correlation coefficient to assess the regression 
model. Accuracy is a measure of the correct detection of the 
class labels (31), as follows:

*100correct predictionAcc total prediction=

 

[1]

A Kolmogorov-Smirnov test was used to test for 
normality of the continuous variables. Where data were 
normally-distributed, group differences were assessed using 
the two-sample t-test, whereas asymmetrically distributed 
variables were assessed using the Mann-Whitney U test. A 
Pearson chi-square test was used to assess group differences 
in categorical variables. Significant was considered at a 
two-tailed threshold of P<0.05. Demographic and clinical 
data were analyzed using IBM SPSS version 23.0 (SPSS, 
Chicago, IL, USA).

Results

Demographic information

The study recruited 78 patients with PD and 55 healthy 
controls who were comparable across groups for sex 
(female: patients =47.4%, healthy controls =52.7%; χ² =0.36, 
P=0.60) and age [mean ± standard deviation (SD): patients  
=60.4±9.7 years; healthy controls =58.7±5.6 years; t=1.36, 
P=0.18]. The mean age of PD onset was 51.6±10.5 years, 
mean PD duration 8.8±3.8 years, and mean LEDD 
300.0±216.0 in PD patients. The median H-Y score was 3.5 
(25th percentile =3.1, 75th percentile =4.0) (Table 1). 

Results of the standard clinical assessment are given in 
Table 2, including emotion (HAMA =18.5±9.0 and HRSD 
=18.3±8.8), cognition (MMSE =25.5±4.5 and MoCA 
=21.4±6.0), and motor symptoms (UPDRS-III total 
score =48.9±19.0, tremor score =0.8±0.8, akinetic/rigidity 
score =1.7±0.7 and PIGD score =2.0±1.1) during their 
medication-off period. Of these, 30 received DBS treatment 
and displayed an improvement in motor symptoms at the 
revaluation three months after surgery (UPDRS-III total 
score =26.0±15.1, tremor score =0.4±0.5, akinetic/rigidity 
score =0.9±0.5 and PIGD score =1.0±0.9) (Table 2).

Evaluation of the surface-based neuroimaging pattern

Compared to the healthy control group, the PD patient 
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group showed widespread decreased cortical surface folding 
and cortical complexity (P<0.01). The neuroimaging pattern 
across 3 surface-based features (sulcal depth, gyrification 
index, and fractal  dimension) was similar,  mainly 
presenting decreased abnormalities in the precentral gyrus, 
supplementary motor area (SMA), temporal neocortex, and 
occipital lobe. Scattered increased clusters were found in 

the frontal and insular lobes (Figure 1A). The multivariate 
analysis showed significant abnormalities (P<0.01) in 
bilateral precentral gyrus (left: F=4.32; right: F=4.13), 
insular lobe (left: F=4.87; right: F=4.53), paracentral lobe 
(left: F=4.01; right: F=4.26), left posterior cingulate cortex 
(PCC) (F=4.48), and left occipital lobe (F=4.27) (Figure 1B).

Association between neuroimaging pattern and clinical 
assessment

The results of the multivariate linear regression model 
showed that the surface-based features of the right frontal 
lobe were able to significantly predict the clinical cognitive 
assessment measure (MMSE, F=4.10). However, there 
were no other significant findings from the regression 
model involving any other neurophysiological performance 
measures (HAMA, HRSD, or MoCA) at the level of P<0.01 
(Figure 2A and Figure S1A).

The neuroimaging pattern also showed a significant 
correlation with the severity of motor symptoms, with 
differences in the right insular being associated with the 
UPDRS-III total score (F=4.33), left insular differences 
being associated with the Tremor score (F=4.37), and 
differences in the bilateral insular (left: F=4.27; right: 
F=4.84) and left PCC (F=6.62) being associated with the 
PIGD score. There were no significant associations with 
the akinetic/rigidity score at the level of P<0.01 (Figure 2B 
and Figure S1B).

Prediction of response to medication and DBS based on 
neuroimaging patterns

To predict the response to medication, the classification 
model based on the neuroimaging pattern did not accurately 
assess the 4 different motor symptoms (41.0% for the 
UPDRS-III total score, 55.1% for the Tremor score, 48.7% 
for the Akinetic/Rigidity score, and 53.9% for the PIGD 
score). The regression model was, however, able to predict 
tremor and PIGD scores (R=−0.34, P<0.01; R=0.24, P=0.04, 
respectively) (Figure 3).

To predict improvement following DBS, the classification 
model was able to accurately predict an improvement in 
the tremor score in 60.6% of patients and an improvement 
in the akinetic/rigidity score in 69.7% of patients, but not 
to satisfactorily predict changes in the UPDURS-III score 
(51.5%) or the PIGD score (45.5%). The regression model 
failed to predict all 4 symptom measures: UPDRS-III total 

Table 1 Participants’ demographic and clinical information

Variables
Parkinson’s 

disease patients 
(n=78)

Healthy 
controls (n=55)

Statistic

Sex (female, %) 37/78 (47.4%) 29/55 (52.7%) χ²=0.36, 
P=0.60

Age (yrs) 60.4±9.7 58.7±5.6 t=1.36, 
P=0.18

Age of onset (yrs) 51.6±10.5 –

Duration (yrs) 8.8±3.8 –

H-Y scale 3.5 (3.1, 4.0) –

LEDD 300.0±216.0 –

Continuous data were represented using mean ± standard 
deviation (SD) values. H-Y scores were represented using 
median (25th percentile, 75th percentile). H-Y scale, Hoehn and 
Yahr scale; LEDD, levodopa equivalent daily dosage.

Table 2 Clinical assessment (emotion, cognition, and DBS 
improvement) of PD patients

Variables
Medication-off, 
DBS-off (n=78)

Medication-off, 
DBS-on (n=33)

HAMA 18.5±9.0 –

HRSD 18.3±8.8 –

MMSE 25.5±4.5 –

MoCA 21.4±6.0 –

UPDRS-III total score 48.9±19.0 26.0±15.1

Tremor score 0.8±0.8 0.4±0.5

Akinetic/rigidity score 1.7±0.7 0.9±0.5

PIGD score 2.0±1.1 1.0±0.9

Data are presented as mean ± standard deviation. DBS, deep 
brain stimulation; PD, Parkinson’s disease; HAMA, Hamilton 
anxiety scale; HRSD, Hamilton rating scale for depression; 
MMSE, mini-mental state examination; MoCA, Montreal 
cognitive assessment; UPDRS, unified Parkinson’s disease 
rating scale; PIGD, postural instability and gait disorders.

https://cdn.amegroups.cn/static/public/ATM-22-630-Supplementary.pdf
https://cdn.amegroups.cn/static/public/ATM-22-630-Supplementary.pdf
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Multivariate analysis
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Figure 1 Surface-based neuroimaging pattern of Parkinson’s disease (PD). (A) Univariate analysis showed regions of widespread decreased 
sulcal depth, gyrification index, and fractal dimension in PD patients compared to healthy controls. Only significant clusters (P<0.01) are 
shown, and the vertex-wise Student’s t value is indicated by the color bar. (B) Multivariate analysis assessed the joint distribution of changes 
to sulcal depth, gyrification index, and fractal dimension, finding significant group differences in the bilateral precentral gyrus, insular lobe, 
paracentral lobe, left posterior cingulate cortex, and left occipital lobe. Only significant clusters (P<0.01) are shown, and the Hotelling’s F 
value is indicated by the color bar. The statistical model was corrected for cortical thickness and demographic information. 

score (R=−0.14, P=0.21), Tremor score (R=0.18, P=0.35), 
Akinetic/Rigidity score (R=0.20, P=0.25), and PIGD score 
(R=−0.18, P=0.30) (Table 3).

Discussion

Highlights

In the present study, we identified the surface-based 
neuroimaging pattern of PD, comprising decreased 
morphological metrics in the bilateral precentral gyrus, 
insular lobe, paracentral lobe, posterior cingulate cortex, 
and occipital lobe. We then found this neuroimaging 
pattern to be significantly related to clinical measures of 
cognitive performance and motor symptoms. Machine 
learning predictions based on morphological metrics were 
shown to have potential value in predicting the response to 
medication in the Tremor score and the PIGD score.

Evaluation of the surface-based neuroimaging pattern

Compared to healthy controls, PD patients showed 
widespread lower values of surface-based morphological 
metrics (sulcal depth, gyrification index, and fractal 
dimension) including in bilateral precentral gyrus, insular 
lobe, paracentral lobe, posterior cingulate cortex, and 
occipital lobe. These findings are in line with a previous 
voxel-wise meta-analysis of structural changes in PD (7),  
and also in agreement with Braak’s hypothesis of PD 
progression which states that the temporal lobe is the first 
cortical region to be affected by Lewy bodies, followed 
by the insula, prefrontal, parietal, and occipital lobes, and 
finally the primary sensory and motor areas (32). Our 
results showed brain network alterations based on surface-
morphometry were similar to those based on voxel-based 
calculations. We then performed a multivariate analysis 
based on the joint distribution of 3 surface-based features to 
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Association of neuroimaging pattern with neuropsychological performance

Association of neuroimaging pattern with motor symptoms severity

A

B
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H
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U
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Figure 2 The association between the neuroimaging pattern and clinical assessment measures. Regression maps identified associations between 
the neuroimaging pattern and clinical assessment measures. (A) Differences in the right frontal lobe were significantly associated with MMSE 
score. (B) Differences in the right insular lobe were significantly associated with the UPDRS-III total score, left insular lobe with the Tremor 
score, and bilateral insular and left PCC with the PIGD score. Only significant clusters (P<0.01) are shown, Hotelling’s F value is indicated 
using the color bar. Arrows indicate the significant clusters that are too small to easily see. The statistical model corrected for cortical thickness 
and demographic information. MMSE, mini-mental state examination; UPDRS, unified Parkinson’s disease rating scale; PCC, posterior 
cingulate cortex; PIGD, postural instability and gait disorders.
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Figure 3 Prediction of drug response. The neuroimaging pattern successfully predicted the response to medication in the form of the 
Tremor score and the PIGD score. The X-axis represents the actual value, while the Y-axis shows the predictive value, and the line 
represents the slope. *: statistical significance. PIGD, postural instability and gait disorders. 
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Table 3 Prediction of response to medication and DBS based on the neuroimaging pattern

Motor symptoms severity 
Drug response DBS response

Classification model Regression model Classification model Regression model 

UPDRS-III total score 32/78 (41.0%) R=0.04, P=0.70 17/33 (51.5%) R=−0.14, P=0.21

Tremor score 43/78 (55.1%) R=−0.34, P<0.01* 20/33 (60.6%) R=0.18, P=0.35

Akinetic/rigidity score 38/78 (48.7%) R=−0.04, P=0.75 23/33 (69.7%) R=0.20, P=0.25

PIGD score 42/78 (53.9%) R=0.24, P=0.04* 15/33 (45.5%) R=−0.18, P=0.30

*: statistical significance. DBS, deep brain stimulation; UPDRS, unified Parkinson’s disease rating scale; PIGD, postural instability and gait 
disorders.

further identify the neuroimaging pattern of PD.
GMV decreases in the precentral gyrus have been 

reported previously, with a wider range compared to  
hypometabolism (33). Guimarães et al. reported cortical 
thinning in the precentral gyrus only in severe PD (H-Y 
scale 3–5) (34), which is in agreement with our findings as 
our cohort had a median H-Y scale of 3.5. Cortical changes 
associated with PD were not found to be confined to the 
nigrostriatal dopaminergic pathway but propagated along the 
cortico-basal ganglia-thalamocortical network. The primary 
motor cortex (M1) is a crucial node in this functional circuit as 
it generates neural impulses that regulate movement (35,36). 
The involvement of the insular lobe in PD was related to 
non-motor symptoms and the effect of medication (37).  
The insular lobe is a central hub involved in integrating 
diverse information for behavioral processes, and its 
dysfunction has been related to both cognitive and affective 
symptoms (38-40). The posterior cingulate cortex had been 
reportedly engaged in apathy and visual hallucinations (41,42), 
as well as dysfunction of the default mode network in patients 
with PD (43). Reduced γ-aminobutyric acid (GABA) in the 
primary visual cortex has also been associated with visual 
hallucinations in PD (44).

Association between neuroimaging pattern and clinical 
measures

Our results show a significant correlation between 
structural changes in the right frontal lobe and the MMSE, 
but no findings related to other neurophysiological 
measures of performance (HAMA, HRSD, or MoCA). The 
MMSE score declined at a greater rate when associated 
with frontotemporal degeneration (FTD) (45). However, 
previous findings have conflicted with this, reporting that 
the MMSE was intended as of gross measure of cognitive 
status rather than a measure of frontal lobe function (46).

Our results also revealed significant associations between 
structural changes in the insula and UPDRS-III total 
score, Tremor score, and PIGD score, and changes in 
the PCC that were associated with the PIGD score. The 
insular cortex may play a key role in specific symptoms 
such as impaired working memory, postural instability, and 
autonomic dysfunction (47). However, as discussed above, 
the insular lobe and PCC are crucial in the modulation of 
non-motor symptoms (48). These results will need to be 
validated in future studies.

Prediction in drug response and DBS prognosis based on 
neuroimaging pattern

We constructed 4 machine learning models based on 
the neuroimaging pattern (2 classification models and  
2 regression models) to predict the response to treatment 
with medication and DBS. The response to medication in the 
Tremor score and PIGD score were successfully predicted. 
Most previous studies have focused on DBS programming 
optimization and surgical targeting (49). But few studies have 
explored the treatment effect based on the neuroimaging 
pattern. The present study has been able to address this 
gap. Shamir et al. developed a clinical decision support 
system based on clinical information to assist in treatment 
optimization, achieving an accuracy of 86% (12/14) (50).  
Another study used functional MRI to provide a brain 
response pattern which was able to accurately (88%) predict 
the optimal parameters for deep brain stimulation (51). Our 
results suggest that surface-based features have potential 
value in predicting a treatment effect in patients with PD.

Limitations

This study has some limitations that need to be mentioned. 
Firstly, we measured morphological indicators of cortical 
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surface structure in patients with PD. However, we cannot 
truly determine any causal relationship between changes 
in these cortical characteristics and the symptoms of PD. 
Secondly, when making comparisons between participant 
groups, the significance of the results was not corrected for 
multiple comparisons such that we were able to detect and 
report all relevant findings.

Conclusions

In conclusion, this is the first comprehensive investigation 
of sulcal depth, gyrification index, and fractal dimension in 
PD patients. Compared to healthy controls, patients with 
PD had decreased surface-based morphological metrics 
in the bilateral precentral gyrus, insular lobe, paracentral 
lobe, posterior cingulate cortex, and occipital lobe. Cortical 
morphological indicators were found to be associated with 
clinical neuropsychological measures and motor symptoms. 
Finally, we have demonstrated the potential value of using 
these neuroimaging patterns to predict the treatment 
responses. These results may provide important insight into 
the neurophysiological mechanisms of PD as well as inform 
the assessment of surgical candidacy. 
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Figure S1 The association between the neuroimaging pattern and clinical assessment measures. (A) Regression maps identified associations 
between the neuroimaging pattern and neurophysiological performance. (B) Regression maps identified associations between the 
neuroimaging pattern and motor symptom severity. HAMA, Hamilton anxiety scale; HRSD, Hamilton rating scale for depression; MMSE, 
mini-mental state examination; MoCA, Montreal cognitive assessment; UPDRS, Movement Disorder Society-sponsored revision of the 
unified Parkinson’s disease rating scale; PIGD: postural instability and gait disorders.
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