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Personalized progression modelling and
prediction in Parkinson’s disease with a
novel multi-modal graph approach
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Parkinson’s disease (PD) is a complex neurological disorder characterized by dopaminergic neuron
degeneration, leading to diverse motor and non-motor impairments. This variability complicates
accurate progression modelling and early-stage prediction. Traditional classification methods based
on clinical symptoms are often limited by disease heterogeneity. This study introduces an graph-
based interpretable personalized progressionmethod, utilizing data from theParkinson’sProgression
Markers Initiative (PPMI) and Stroke Parkinson’s Disease Biomarker Program (PDBP). Our approach
integrates multimodal inter-individual and intra-individual data, including clinical assessments, MRI,
and genetic information tomakemulti-dimension predictions. Validated using the PDBP dataset from
12 to 36 months, our AdaMedGraph method demonstrated strong performance, achieving AUC
values of 0.748 and 0.714 for the 12-month Hoehn and Yahr Scale and Movement Disorder Society-
Sponsored Revision of the Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) III on the PPMI
test set. Ablation analysis reveals the importance of baseline clinical assessment predictors. This
novel framework improves personalized care and offers insights into unique disease trajectories in PD
patients.

Parkinson’s disease (PD) is a neurological disorder characterized by the
gradual degeneration of dopaminergic neurons located in the substantia
nigra, leading to debilitating impairments in both motor and non-motor
abilities in patients1. The progression of PD patients shows significant
diversity, with some individuals experiencing a relatively mild clinical
course while others deteriorate rapidly 2,3. The consequent inter-individual
and intra-individual variation in the manifestation of PD poses a challenge
for disease management and prediction, especially in the early stages. To
improve our understanding of disease progression and to make accurate
predictions, a personalized approach is essential for precise and effective
management4.

Traditional methods, which cluster patients based on predominant
clinical symptoms, have limitations. In some parts, this has been postulated
due to disease heterogeneity and other diverse clinical features such as
nonmotor manifestations, which can vary in addition to the traditional
motor symptoms that patients are usually classified by. In addition,
symptomatology can diverge over time, and as a result, classifications
focused on early-year symptoms may differ from those observed in later

years2,5,6. Therefore, failing to account for changes over time may lead to
inaccuracies in classifications. In recent research, data-driven methodolo-
gies have garnered substantial attention within the domains of disease
progression modelling and prediction in PD7,8. To achieve precise and
accurate outcome prediction, previous studies have extensively utilized
machine learning (ML) techniques9. For instance, some research studies
have utilized multi-modality data to predict disease progression in terms of
assessment scores or cluster patients into different subtypes. Specifically,
data including clinical assessments and bio-sampleswere used tomodel and
predict disease progression using the Parkinson’s Progression Markers
Initiative (PPMI) and Stroke Parkinson’s Disease Biomarker Program
(PDBP) dataset10–14. While most of the studies have focused on disease
progression based on patient cohorts, we reason that adopting a persona-
lized approach would provide more individualized care to manage PD
patients, as well as derive greater insights for individuals to gain a clearer
understanding of their unique disease course.

T1-weighted Magnetic Resonance Imaging (MRI) has emerged as a
promising tool for tracking structural changes in the brain associated with
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PD progression15–17. Longitudinal studies have shown that T1-weighted
MRI can pick up on small changes in neurodegeneration caused by Par-
kinson’s disease over time15. This makes it a useful biomarker for tracking
how the disease gets worse. Furthermore, studies have correlated measures
derived from T1-weighted MRI, like cortical thickness, with clinical out-
comes in PD, demonstrating good test-retest reliability and
reproducibility16,18. Therefore, it is imperative to include T1-weighted MRI
as an essential modality in PD progression analyses.

To better understand individuals and gain a clearer understanding
of their unique disease course, we assume that the exploration of rela-
tionships among patients holds potential significance in the develop-
ment of personalized models for tracking disease progression in PD
patients. Such an approachmay unveil nuanced connections thatmay be
ignored when focusing solely on individual attributes. Graph methods,
including graph neural networks (GNNs), have been commonly used to
construct relationships among patients and improve the classification
accuracy of individuals in the medical field19–21, exploring multi-
modality data and learning patient similarities from various data
sources22. Therefore, we aim to introduce a novel graph model for per-
sonalized disease progression modelling and prediction from compre-
hensive aspects in this study. The model can automatically identify
important features to construct multiple patient similarity graphs,
leveraging a combination of inter-individual and intra-individual data.
Our model allows for the development of distinct prediction models
tailored to each patient, thus significantly enhancing disease progression
modelling and prediction accuracy. Additionally, it accommodates
diverse prediction targets, encompassing motor and non-motor labels,
to meet personalized requirements for various progression information
types. Besides, the inclusion of multimodal inputs, particularly objective
ones such as MRI, enriches comprehensive and precise individual status
descriptions.

In this study, we have developed an individual-based progression
model for PD patients that utilizes graphmethods to achieve precise multi-
label predictions of disease progression. Our model incorporates diverse
data sources, including clinical assessments, medical images, and biological
information, enabling us to comprehensively analyse and predict changes of
multiple aspects in PD patients over 12, 24, and 36 months.

Results
Study population and the disease progression model
This study uses longitudinal data from the PPMI and PDBP as the main
cohorts.We selectPDandhealthy control (HC)participants from thePPMI
based on the availability of baseline T1-weighted Magnetic Resonance
Imaging (MRI) scans, gene data, and 36-month follow-up information. For
PDBP, a primary diagnosis of PD, the availability of gene data, and the
MovementDisorder Society-Sponsored Revision of theUnified Parkinson's
Disease Rating Scale (MDS-UPRDS) assessments at baseline, as well as 36-
month follow-up assessments, are the inclusion criteria in our study (refer to
Method and Supplementary 1A and B for PPMI and PDBP participants
selection diagrams, and Fig. 1A for study design and inclusion/exclusion of
participants). We utilize MRI, clinical assessment, and gene on PPMI, but
owing to limited access toMRI scans within the PDBP dataset, our analysis
for PDBP was restricted to utilizing gene and clinical assessment data
exclusively.

In this study, we have developed two analyses for 12-, 24- and 36-
month progression prediction: in the first, both PPMI and PDBP datasets
have been used, with patients’ baseline clinical assessment and genetic
information as input features, comprising a total of 78 variables. In the
second, only PPMI is included. In the first analysis, the input features
include clinical assessment, MRI, and genetic modalities, totalling 234
variables.

Regarding the 12-month progression, for analysis I, the PPMI training
and validation datasets comprise 330 and 82 PD participants, respectively,
while the testing dataset consist of 104 PD participants. In comparison, the
HC cohort comprises 168 participants, serving as a reference group. PDBP

includes 340 PD participants for external testing. In analysis II, the PPMI
training and validation datasets comprise 230 and 57 participants, and the
testing dataset includes 74 participants. A summary of the baseline cohort
characteristics can be found in Table 1.

To capture the multi-relationship among patients effectively and to
make accurate progression prediction, we propose an ensemble model
named AdaMedGraph23. This innovative approach is specifically designed
to automatically investigate the relationships between individuals. Specifi-
cally, in each step, the AdaMedGraph automatically constructs a set of
feature-based similarity graphs, and the most important feature and its
corresponding population graph are selected. This approach is interpretable
as it automatically discovers the most crucial edge features, facilitating an
understanding of the critical relationships among patients. Please refer Fig.
1D for details.

PD progression indicators and scores distribution
The 10 assessment scores in this study held significant meaning for PD
patients. Thus, they have been selected as indicators of disease progression,
including MDS-UPDRS I, II, and III, and the total score (sum of I, II, and
III), as well as the sub-scores of MDS-UPDRS III, including MDS-UPDRS
tremors, axial symptoms, and akinetic rigid (rigidity) score (Supplementary
2). Additionally, the Hoehn and Yahr Scale (HY)24, Montreal Cognitive
Assessment (MoCA) total score, and Epworth Sleepiness Scale total score
(ESS) total score are also included. Considering the distinct clinicalmeaning
and the rangeof values associatedwith each assessment score, it is important
to establish an objective PD progression label modellingmethod. In pursuit
of this goal, we conducted an approach that encompassed the computation
of both the mean and standard deviation (std) of score variations within a
healthy control (HC) group for each assessment score (excluding HY).
Subsequently, these calculated values are compared with the observed
changes in PD patients (see Fig. 1B).

Understanding the trend of progression indicators provides valuable
insights into the short-term fluctuations of PD symptoms from various
perspectives. As depicted in Fig. 2A, the MDS-UPDRS I, II, III, total, axial,
and rigidity scores exhibit a worsening trend from 12 to 36 months. Simi-
larly, the total score of the ESS displays a comparable trend. Besides, the
MoCA total score demonstrates an overall decline for all participants from
12 to 36 months, with the steepest decline occurring after 24 months. The
above trends indicated a progressiveworsening of bothmotor and cognitive
symptoms in the general PD cohort over an extended period, which is
consistent with previous knowledge25. Interestingly, the average tremor
score remains stable after 12 months, experiences a slight reduction of 0.15
points at 24 months, and subsequently remains constant until month 36.
This pattern indicates the absence of significant changes during the early
stages of the overall tremor score.

Progression prediction comparison
To evaluate the performance of our proposed model, we compare with a
2-layer multi-layer perceptron (MLP), a logistic regression classifier
(LR), a random forest classifier (RF), a support vector machine classifier
(SVM), and an XGBoost model. Furthermore, since it is generally
recognized that age is an important factor in the progression of Par-
kinson’s disease, we create a graph only based on age (with a threshold of
5, see Supplementary 3) and develop an APPNP (known as APPNP-
Age) as a comparative model in the second analysis in the 12-month
task. We also use bootstrap techniques to evaluate the statistical sig-
nificance of the AUC values. Furthermore, Brier scores were reported for
all models to make calibration comparison.

In the context of 12-month progression prediction, theAdaMedGraph
method demonstrates superior performance compared to our baseline
models across all labels, with the exception ofMoCA, for both thePPMI and
PDBP datasets in analysis I. Specifically, for 12-month HY prediction,
AdaMedGraph achieves AUC values of 0.748 (PPMI) and 0.743 (PDBP),
surpassing XGBoost (AUC: 0.715, P > 0.05 and 0.544, P < 0.001), RF (AUC:
0.674, P < 0.001 and 0.620, P < 0.001), SVM (AUC: 0.704, P = 0.027 and
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0.628,P < 0.001), LR (AUC: 0.671,P < 0.001 and0.554,P < 0.001), andMLP
(AUC: 0.626, P < 0.001 and 0.433, P < 0.001). Additionally, in analysis II, in
predicting MDS-UPDRS I, II, and III and total score progression on the
PPMI dataset, AdaMedGraph achieves AUC values of 0.712, 0.647, 0.654,
and 0.676, respectively, outperforming the baseline models. Notably, our
model’s superior performance compared to APPNP-Age shows that
incorporating multi-relationship considerations can help with accurate

prediction compared to only considering manually selected important
relations. More labels and 24, 36-month prediction results and p-value of
statistis test can be found in Table 2 and Supplementary 4–13. Additionally,
the calibration analyses indicated that our proposed approach achieved the
highest Brier score in all tasks except for the 12 and 24 month MoCA on
PDBP in analysis I, and the 36 month Tremor in analysis II. Please refer to
Supplementary 14–19 for further details.

Fig. 1 | Study overview. A Study dataset, train-validation-test split, and external testing data; B labels of PD patients; C 12, 24 and 36 months 10 labels’ prediction tasks;
D Overview of AdaMedGraph.

https://doi.org/10.1038/s41531-024-00832-w Article

npj Parkinson’s Disease |          (2024) 10:229 3

www.nature.com/npjparkd


The importance of different modalities contributing to PD pro-
gression prediction
To further validate the relative importance of input features, we conduct
ablation analyses. We systematically remove clinical assessment, MRI, and
gene-based features, respectively, to observe their impact on the accuracy of
12-month progression prediction. The results reveal that removing clinical
assessment predictors has the most substantial negative effect on accuracy
for nearly all labels, with the following AUC values: 0.774 vs. 0.448 for HY,
0.712 vs. 0.641 forMDS-UPDRS I, 0.647vs. 0.513 forMDS-UPDRS II, 0.654
vs. 0.510 forMDS-UPDRS III, 0.676 vs. 0.575 forMDS-UPDRS total, 0.632
vs. 0.544 for axial, 0.657 vs. 0.579 for rigidity, 0.710 vs. 0.560 for tremor, and
0.677vs. 0.502 forESS (Table 3).On theotherhand, removinggenetic-based
features, i.e., 90-SNPpolygenic risk score (PRS90) and genemutations, have
the most pronounced negative impact onMoCA prediction accuracy, with
AUC values of 0.655 vs. 0.604. Finally, the removal ofMRI-based predictive
features results in the least reduction in accuracy for all labels except MDS-
UPDRS Total, tremor, and HY.

AdaMedGraph suggests important edge (relation) and node
(prediction) features
Our AdaMedGraph model demonstrates the capacity to auto-
matically select the most significant relational features (see Method
section), allowing us to discern feature importance based on patient
similarity. Furthermore, by leveraging the Graph Explainer, we can
identify the top contributing node features for prediction in each
graph. In the 12-month HY prediction, two edge features, namely
baseline left foot toe tapping (TTAPL) and HY, are chosen. For the
TTAPL graph, the primary predictive features comprise the left
posterior insula, the Hopkins Verbal Learning Test (HVLT) dis-
crimination recognition score, the left amygdala, the right basal
forebrain, and postural stability score. On the other hand, for the HY

graph, the leading prediction features include left upper extremity
rigidity, the right precentral gyrus, the right superior occipital gyrus,
fatigue score, and rest tremor amplitude in the right lower
extremities.

Gene features correlate with both motor and non-motor labels
The utilization of PD genetic risk factors has been prevalent in disease
prediction, yet the relationship between these disease biomarkers and the
progression of the disease remains elusive. To gain further insights, we
conduct a comparative analysis of PRS90 among our proposed groups:
Better, No Change, and Worse, based on their MDS-UPDRS II, III, and
MoCA scores. We have implemented ANOVA tests to compare the dif-
ferences within the three groups. Interestingly, the Better group consistently
exhibits the highest mean PRS90 values for 12-, 24-, and 36-month changes
in all three assessment labels. Conversely, no significant differences are
observed in the mean scores between the No Change and Worse groups.
Notably, when examining the 36-month changes of MoCA and MDS-
UPDRS II, the mean PRS value of the Better group is found to be sig-
nificantly higher than that of theWorse group (p < 0.05). Further details can
be found in Fig. 2B.

Also, we conduct a comparative analysis between the APOE4 positive
and negative groups using the t-test to investigate the influence of APOE4
status on sleep and cognitive function. Regarding cognitive function, we
observe a trend of slight improvement in the APOE4 positive group after
12months, followed by a deterioration after 24 and 36months compared to
the APOE4 negative group. This aligns with the previous conclusion that
APOE4 status may be a predictor of cognitive decline in PD26. In terms of
sleep patterns, the APOE4 positive group exhibits worsened ESS and day
sleep status after 12 months, while the night sleep status displays a slightly
better trend. For a comprehensive understanding, please refer to Fig. 2C for
further details.

Table 1 | Demographic and baseline clinical characteristics

PPMI (Analysis I) PDBP (Analysis I) P-valuesa PPMI (Analysis II)

Sample size (n) 516 340 / 361

Age (years) 61.7, 9.8 64.7, 9.0 P < 0.001 62.0, 9.6

Sex (%F) 40.90% 40.90% P = 0.997 37.7

PRS 90 1.37, 1.87 0.62, 1.08 P < 0.001 1.04, 1.63

LEDD / / / 124.2, 321.0

MDS-UPDRS I 6.5, 5.0 8.1, 5.4 P < 0.001 6.2, 4.6

MDS-UPDRS I Label (Worse, No-change, Better) 14.3%, 65.5%, 20.2% 23.8%, 55.3%, 20.9% / 12.7%, 66.2%, 21.1%

MDS-UPDRS II 6.7, 4.7 8.8, 6.6 P < 0.001 6.3, 4.6

MDS-UPDRS II Label (Worse, No-change, Better) 22.1%, 32.7%, 45.2% 27.3%, 34.1%, 38.5% / 20.7%, 31.9%, 47.4%

MDS-UPDRS III 20.4, 9.7 22.4, 12.6 P < 0.001 20.5, 9.3

MDS-UPDRS III Label (Worse, No-change, Better) 37.8%, 18.0%, 44.2% 41.8%, 21.2%, 37.0% / 36.0%, 17.2%, 46.8%

MDS-UPDRS Total 33.6, 14.7 39.4, 20.1 P < 0.001 33.0, 13.8

MDS-UPDRS Total Label (Worse, No-change, Better) 28.1%, 28.3%, 43.6% 33.8%, 30.3%, 35.9% / 25.2%, 30.2%, 44.6%

MDS-UPDRS Axial 2.9, 2.3 3.0, 2.9 P < 0.001 2.8, 1.9

MDS-UPDRS Axial Label (Worse, No-change, Better) 30.0%, 25.4%, 44.6% 37.0%, 24.7%, 38.2% / 28.5%, 26.6%, 44.9

MDS-UPDRS Rigidity 13.1, 7.1 14.5, 8.7 P < 0.001 13.1, 7.0

MDS-UPDRS Rigidity Label (Worse, No-change, Better) 36.4%, 18.8%, 44.8% 40.0%, 21.2%, 38.8% / 34.1%, 18.8%, 47.1%

MDS-UPDRS Tremor 3.8, 3.3 4.3, 3.5 P < 0.001 4.0, 3.4

MDS-UPDRS Tremor Label (Worse, No-change, Better) 38.2%, 37.8%, 24.0% 42.3%, 30.3%, 27.4% / 38.8%, 35.2%, 26.0%

MoCA 26.7, 2.8 26.6, 2.9 P < 0.001 27.0, 2.3

MoCA Label (Worse, No-change, Better) 18.0%, 69.8%, 12.2% 23.2%, 70.9%, 5.9% / 17.4%, 71.5%, 11.1%

ESS 6.2, 3.9 7.4, 4.6 P < 0.001 6.1, 3.9

ESS Label (Worse, No-change, Better) 9.7%, 70.9%, 19.4% 10.9%, 75.6%, 13.5% / 7.5%, 74.0%, 18.5%
aComparsion the baseline characteristics for Analysis I cohort between the PPMI and PDBP study, P < 0.05 means significant.
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Fig. 2 | Plots of 10 clinical assessment scores changing trends, PRS90 association
analyses, APOE4 association analyses and LEDD changes analyses. A Box plots of
10 clinical assessment scores at the baseline, 12-, 24- and 36-month with quartiles.
B PRS90 association plots of mean and 95% confidence interval with MDS-UPDRS
II, III and MoCA after 12-, 24- and 36-month, with (C) APOE4 association plots

with cognitive impairment, ESS total score, daytime andnight sleep after 12-, 24- and
36-month. D LEDD changes plot of mean and 95% confidence interval with rest
tremor, motor tremor and rigidity analysis plot. Statistics: ns: p > 0.05, *:
0.001 < p ≤ 0.05, **: 0.0001 < p ≤ 0.001, ***: 0.00001 < p ≤ 0.0001.
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Medication association with progression group vs non-
progression group
To investigate the relationship between levodopa equivalent daily dose
(LEDD) use and symptom progression, we categorize all participants into
two groups: themedication increased group (individuals with higher LEDD
intake compared to baseline) and the medication non-increased group.
T-testswere thenutilised to compare the statistical differences between these
groups. As shown in Fig. 2D, the medication non-increased group exhibits
significantlyworsenedprogression in termsof 12-month and24-month rest
tremor, and rigidity scores. Interestingly, when it comes tomotor tremor, all
individuals in the medication increased group display significantly wor-
sened performance compared to those in the medication non-
increased group.

Discussion
In this study, we present a personalized graph model for PD progression
modelling and prediction.Moreover, we have proposed a novel progression
label system, allowingourmodel tomakeprecise disease state prediction.To
our knowledge, our approach is the first personalized multi-aspect disease
progression prediction model, encompassing several contributions. Firstly,
we introduce new graph-based methodologies that offer a new perspective
on incorporating diverse data sources for individual-based prediction while
also providing interpretable feature importance. This innovative approach
makes disease progression models uniquely for each patient since it takes
into account each patient’s similarity to neighbouring patients and use
information from neighbours for prediction. Additionally, our in-depth
analyses explore the relationship between genes, changes in medication
dosage, and multiple facets of PD progression labels, providing a detailed

understanding of short-term changes in PD symptoms. These insights
provide a deeper comprehension of various data types and their contribu-
tion to PD progression.

Our proposed model exhibits the capability to select important
features, considering both edges (representing patients’ similarity) and
nodes (indicating prediction contribution). In the context of 12-month
HYprediction, we observe that TTAPL andHY are selected as important
edges, both of which are clinical assessments. Additionally, the top 5
predictive (node) features, involving a combination of MRI and clinical
assessment features, suggests that short-term HY progression is closely
associated with patients’ baseline clinical assessment scores and MRI
information. These findings align with the results of our ablation study,
providing additional validation for the model’s efficacy in determining
feature importance. In the 24-month HY prediction task, the baseline
feature HY has been the final selection. HY is a widely used staging scale
that encapsulates various symptoms like tremors, rigidity, and reduced
arm swing. This outcome suggests that short-term changes in HY are
most strongly associated with their own values. Similarly, in the 24-
month MDS-UPDS I task, which focuses on non-motor aspects, our
chosen baseline features included daytime sleepiness, volume of the right
postcentral gyrus, global spontaneity of movement score and MDS-
UPDRS I total score. This ensemble of features imparts valuable insights
into the interplay between non-motor changes and variables such as
sleep patterns and brain subregions, offering a promising foundation for
future investigations in this domain.

In addition, ourmodel can provide explanations at the individual level.
For instance, for the 12-month HY prediction TTAPL graph, we analyse
patient node 77, which is a “NoChange node”with 124 neighbours, and it is

Table 2 | Prediction accuracy of 12-month PPMI and PDBP using clinical assessment and gene data.

MLP LR SVM RF XGBoost ADaMedGraph

Label PPMI PDBP PPMI PDBP PPMI PDBP PPMI PDBP PPMI PDBP PPMI PDBP

HY 0.626 0.433 0.671 0.554 0.704 0.628 0.674 0.620 0.715 0.544 0.748 0.743

MDS-UPDRS I 0.583 0.589 0.653 0.608 0.675 0.634 0.666 0.587 0.672 0.539 0.723 0.649

MDS-UPDRS II 0.583 0.581 0.623 0.509 0.590 0.555 0.621 0.533 0.606 0.577 0.663 0.597

MDS-UPDRS III 0.645 0.527 0.693 0.606 0.711 0.617 0.720 0.590 0.674 0.568 0.714 0.618

MDS-UPDRS Total 0.643 0.543 0.664 0.568 0.658 0.532 0.656 0.569 0.655 0.539 0.688 0.601

MDS-UPDRS Axial 0.400 0.494 0.693 0.599 0.683 0.608 0.694 0.608 0.642 0.560 0.696 0.624

MDS-UPDRS Rigidity 0.732 0.518 0.728 0.619 0.713 0.590 0.719 0.596 0.682 0.582 0.763 0.625

MDS-UPDRS Tremor 0.486 0.536 0.699 0.589 0.643 0.619 0.660 0.621 0.700 0.550 0.706 0.647

MoCA 0.624 0.477 0.718 0.520 0.668 0.517 0.680 0.514 0.665 0.467 0.681 0.517

ESS 0.537 0.532 0.593 0.596 0.585 0.602 0.542 0.567 0.567 0.576 0.622 0.634

Bold: The statistical significance comparing the baseline models with our proposed ADaMedGraph model can be found in Supplementary Table 11.

Table 3 | Prediction accuracy of 12-month PPMI using clinical assessment, gene and MRI, and ablation analysis of modality.

Label MLP XGBoost LR SVM RF APPNP-Age ADaMedGraph No Gene No MRI No Tabular

HY 0.597 0.668 0.758 0.685 0.622 0.643 0.774 0.759 0.748 0.448

MDS-UPDRS I 0.548 0.662 0.625 0.647 0.666 0.710 0.712 0.657 0.705 0.641

MDS-UPDRS II 0.583 0.559 0.629 0.623 0.538 0.640 0.647 0.624 0.631 0.513

MDS-UPDRS III 0.646 0.557 0.595 0.603 0.567 0.645 0.654 0.582 0.615 0.510

MDS-UPDRS Total 0.524 0.562 0.653 0.666 0.619 0.637 0.676 0.645 0.634 0.575

MDS-UPDRS Axial 0.573 0.600 0.620 0.624 0.538 0.624 0.632 0.604 0.616 0.544

MDS-UPDRS Rigidity 0.641 0.576 0.645 0.647 0.575 0.644 0.657 0.635 0.629 0.579

MDS-UPDRS Tremor 0.638 0.704 0.653 0.672 0.687 0.701 0.710 0.655 0.650 0.560

MoCA 0.660 0.667 0.693 0.676 0.595 0.578 0.655 0.604 0.645 0.613

ESS 0.592 0.610 0.468 0.626 0.611 0.584 0.677 0.588 0.627 0.502

Bold: The statistical significance comparing the baseline models with our proposed ADaMedGraph model can be found in Supplementary Table 8.
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notable that 90of thoseneighbours are alsoNoChangenodes.Ahighdegree
of clustering of same groups indicates that our automatically generated
graph is reliable. (For additional correlation analysis of TTAPL changes and
HY, please refer to in Supplementary 20.)

The progression of PD among patients demonstrated noteworthy
variations. As indicated in Fig. 2A, while the majority of symptoms worsen
over time, certain aspects, such as tremor and MoCA scores, exhibit fluc-
tuations or remain stable within shorter periods, which aligns with findings
from recent studies1,27,28. The trend in tremor scores can be attributed to the
heterogeneity within PD, where certain patients may experience worsening
of rest tremor while simultaneously showing improvements in motor
tremor.

The association of PD disease genetic biomarkers with the detailed
progression of specific symptom labels has remained elusive. To have more
insights, we present compelling evidence that a higher PRS90 for PD is
linked to favourable short-termoutcomes, characterized by either symptom
improvement or stability, in both motor and non-motor aspects. These
findings are consistent with observations from previous research13. This
association may be mediated through the established relationship between
genetic risk and early-onset disease, as well as the link between early-onset
disease and a slower disease progression29. Our analyses of sleep and cog-
nitive impairment also align with previous research26, which suggest that
APOE4 status may be a predictor of cognitive decline in PD. Such insights
contribute to our understanding of the interplay between genetics and PD
progression.

Our analysis of LEDDmedication reveals anoteworthypositive impact
on rigidity. In contrast, formotor tremor, an increase inLEDDshows anon-
positive effect, and rest tremor exhibits an inverse correlation at 12- and 24-
months, with no significant difference observed at 36 months. These var-
iations in tremor patterns can be attributed to the fact that tremor severity is
not solelydeterminedbydopaminedeficiencybut is also influencedbyother
factors that affect its response to dopaminergic treatments30. (For additional
correlation analysis of LEDD changes, please refer to Supplementary 21).
Furthermore, the findings showed PD patients with non-incerased LEDD
had experienced significantly worse progression in terms of rest tremor and
rigidity after 12 and 24 months, which is consistent with the broader
understanding of PD progression and medication management. PD is a
neurodegenerative condition characterised by the gradual death of dopa-
minergic neurons in the substantia nigra of the brain. This cumulative loss
causes a drop in dopamine levels, which is directly associated with the
worsening of motor symptoms31. Patients whose LEDD did not increase
over time probably received insufficient dopamine supplementation,
resulting in decreased control of rest tremor and stiffness. This is consistent
with the understanding that ongoing assessment and adjustment of PD
medications are crucial for managing the progressive worsening of
symptoms32.

This study presents several limitations that should be acknowl-
edged. Firstly, our focus is only limited to 12-, 24-, and 36-month pro-
gression intervals due to the limited number of longer follow-up cases.
Extending the analysis to encompass a more extended timeline might
reveal additional trends and patterns in disease progression, con-
tributing to a more comprehensive understanding of PD’s long-term
dynamics and aiding in the development of better management strate-
gies for patients. Secondly, the heterogeneity of treatment status within
the available cohort results in a mixture of ON and OFF state MDS-
UPDRS measurements, making it challenging to confidently control for
the influence of medication effects, which could potentially impact
MDS-UPDRS scores and progression status assignment. Lastly, the
method uses for train-validation-test separation led to unequal dis-
tributions in the training, validation, and testing datasets, posing chal-
lenges to prediction accuracy. These limitations should be considered
while interpreting the results and implications of this study.

In considering avenues for future research, several important
directions emerge. Firstly, our current model assumes a static repre-
sentation of each patient as a single node, without accounting for

longitudinal changes over time. Our future work will focus on enriching
our model by incorporating temporal information. This will enable a
more dynamic and nuanced understanding of disease progression.
Secondly, the impact of levodopa therapy on MDS-UPDRS III tremor
scores is a significant consideration in PD management33. Recognising
this, we intend to further investigate this relationship by stratifying the
PD cohort based on levodopa treatment status, leveraging a larger
dataset. This approach will provide insights into how treatment influ-
ences symptomatology and disease trajectory. Lastly, the challenge of
missing data is common in PD studies and poses a barrier to robust
analysis. In our future endeavours, we aim to tackle this issue by inte-
grating missingness predictors into our analytical framework. By doing
so, we can improve the accuracy and reliability of our findings, ensuring
a more comprehensive understanding of PD progression.

In conclusion, our study introduces a novel approach for personalized
progression modelling and prediction in PD, effectively addressing the
challenge of disease heterogeneity among individuals. By incorporating
multi-modal data, considering both intra-individual and inter-individual
variability, and accounting for medication effects, our method offers a
promising avenue for improving individualized care for PD patients. It
enables a comprehensive framework formore accurate outcomepredictions
and the identification of critical features that impact individual short-term
disease progression, thereby shedding light on patients’ unique disease
trajectories. Our model not only supports the concept of heterogeneous
disease progression but also holds valuable implications for patient strati-
fication and management. As we look towards future validation in real-
world cohorts, there is significant potential for our model to serve as a
valuable prognostication tool in clinical practices, thereby contributing to
gaining insights into PD progression and aiding in enhancing patient care.

Methods
Data
PPMI and PDBP data have been used in this study. The PPMI study is a
comprehensive observational study conductedon a precisely defined cohort
of participants (for a detailed description, please refer to the website)34.
PPMIenroled individuals diagnosedwithearly-stagePDwithin thepast two
years in 24 distinct sites. At the baseline visits (first visit to the assessment
centre), the PD participants had not yet received treatment, and they were
not expected to require symptomatic therapy for the next sixmonths. PDBP
is a collection of studies, with each having its own set of inclusion and
exclusion criteria35.

Our studydata has been retrieved from theAMP-PDplatform (https://
amp-pd.org/) using the terms of the AMP-PD Data Use Agreement36 and
the PPMIwebsite (https://www.ppmi-info.org/). The data used in this study
have been collected before the commencement of our study and were
obtained in an anonymized format. In the original PPMI and PDBP studies,
participants had previously consented inwriting to the sharing of their data.
These investigations have been conducted in accordance with protocols
authorized by the Indiana University Institutional Review Board (IRB) for
PPMI and the respective PDBP centres.

Input modality and processing
To gain a deeper understanding of different modalities in PD progression
and make accurate disease progression predictions, our analyses focus on
the following multiple modalities extracted from the PPMI dataset: gene
data, MRI, and clinical assessment data (please refer to Supplementary 22).
In addition, demographic data of age and sex are also used as input.

With the aimof comprehensively capture the diverse range of symptom
manifestations, our studyutilizes awide rangeof clinical assessments as input,
including (1) MDS-UPDRS parts I, II, and III, along with their respective
subpart scores, (2)Modified Schwab and England Percent Activities of Daily
Living (SE-ADL), (3)HY, (4) MoCA total score (adjusted as described in
Supplementary 23), (5) ESS score and status, and (6) measures of autonomic
function, cognitive function, and impulse control (refer to Supplementary 22
for detailed information), and (7) Dopamine Transporter Scan (DaTScan)
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striatum binding ratios (calculated previously). Furthermore, we accounted
for medication effects by converting information on dopaminergic medica-
tion into the LEDD. Due to the lack of (6) and (7) in the PDBP dataset, we
only included (1) to (5) for PDBP-related predictions.

In terms of gene data, we included a PRS90 for PD37 (calculated by
AMP-PD), as well as the binary representation of monogenic mutation
status for GBA, LRRK2, SNCA, and APOE4. To assess the predictive cap-
ability of MRI, we have employed the MALP-EM38 software to perform
whole-brain segmentation on our T1 weighted MRI scans (see Supple-
mentary 24 for details) and obtained the volumes of 138 brain segments (see
Supplementary 25) as potentialMRI-based disease progression biomarkers.

Image processing
We utilized the standard processing process of MALP-EM for whole brain
segmentation. All T1-weighted MRI scans were corrected for bias field
inhomogeneity using N4 bias correction methods, then brain extraction
before being registered and labelled.After that, the brainwas segmented into
138 regions. The volumes of the segmented regions were determined
directly from the segmentation results. We performed visual checks to
ensure that the segmentations were accurate and consistent. The segment
volume values were normalized using z-score normalizationmethod with a
mean of 0 and a standard deviation of 1.

Study design
For analyses I, we partition 80% of the PPMI data as the training set, while
reserving 20% of the training set as validation and an additional 20% as the
internal testing set. The PDBP dataset is employed as the external testing
dataset. For Analyses II, we exclusively utilize the PPMI data, with an 80%
training and validation (8:2) and 20% testing split. To closely mimic real-
world scenarios, we perform the train-validation-test separation for the
PPMI dataset based on their HY label distribution, ensuring that the pro-
portions of the three groups (i.e., ‘Worse,’ ‘No Change,’ and ‘Better’) are
consistent among the train-validation-test sets (please see the Progression
Label Modelling section for details). Subsequently, we rank these three
groups based on their visiting time separately. The earlier-visiting partici-
pants of three groups are allocated to the training and a validation set is
randomly sampled from the training set, while the later-visit participants are
assigned to the testing set.

Progression label modelling
For each label of each task(e.g. 12-monthMoCA), expectHY,we construct a
reference interval based on that label scores’ progression in the HC group,
using the mean and standard deviation of HC changes. Subsequently, we
compare each PD patient’s accessment score change with the reference
interval. The patient’s label is categorized as “NoChange” if the patient falls
within the reference interval, or as “Better” or “Worse” if the patient
demonstrates less or greater changes compared to the reference interval
(mean ± std), respectively (Please refer Supplementary 26 for detail of
reference interval thresholds).

Since each score follows its own trend (e.g., MoCA scores tend to
decline with age), it is essential to consider these trends when defining
labels. The reference interval is designed to account for such assessment-
based trends, thus avoiding bias. By incorporating this approach, we
achieve a personalized and unbiased assessment of PD patients’
progression.

Given that the HY is a widely recognized staging system for PD, we
designate a PD patient’s progression status as “Worse” if their HY score
increases, “NoChange” if the staging score remainsunchanged, and “Better”
if the HY values decreases. In this case, we establish ten separate 3-class
classification tasks, specifically targeting the time points of 12, 24, and
36 months individually.

Model
GNNs have gained considerable attention in the medical domain owing to
their versatility and efficacy. Nevertheless, the construction of an appro-
priate graph structure remains crucial for ensuring the success of subsequent
analyses. Prior research has often relied on human knowledge to manually
define the graph’s structure39,40, which is challenging especially for complex
diseases like PD.

The AdaMedGraph method utilizes the AdaBoost algorithm while
employing the GNN (Approximate Personalized Propagation of Neural
Predictions (APPNP) in our study) as the weak classifier. The entire proce-
dure of our algorithm compasses multiple rounds of iterations. In each
iteration n, every input feature automatically generates one relational graph.
These relational graphs represent each patient as a node, utilizing their
baseline features as node attributes. The establishment of connections (edges)
between these nodes is contingent upon the similarity of the relational fea-
tures. Subsequently, each of these relational graphs is integrated into the
training of an APPPN classifier. In the following steps, our algorithm
autonomously chooses the most precise classifier as the weak classifier of
iterationn andcalculates its importanceαn basedon its error rate.After all the
iterations, we get our final classifier by calculating the weighted sum of the
output of each weak classifier. Besides the weights of weak classifier, αn also
presents the importance of the associated relational graph feature.

We explain the graph construction process in more detail: For
each feature, we construct a graph where each patient is represented
as a node based on that feature as follows. To establish the correlation
edges, we compare the feature values (the feature to build graph) of
each node (patient) with all other nodes. If the difference in feature
values between two patients falls within a predefined threshold, they
are connected by an edge; otherwise, no connection is established
between them. Consequently, we generate multiple feature correla-
tion graphs by iterating over all features, and each patient serves as a
node in a single graph. We trained our APPNP graph classifiers using
those graphs. Please refer to Fig. 1 and Supplementary 27 for further
details.

Statistics analysis
We conduct several sets of analyses to explore the potential correlation
between medication and gene data on individual participants’ disease
progression. Firstly, we compare the differences in scores between the
increased medication and non-increased medication groups. Next, we
evaluate the impact of APOE4mutation status on patients’ changes in day/
night sleep and cognitive impairment scores. Furthermore, we investigate
the disparities in PRS90 values among the Worse, No Change, and Better
groups concerning changes in MoCA, HY, and MDS-UPDRS total scores.
For all these analyses, we employ ANOVA and two-sided t-test to assess
statistical significance.

Data availability
The data utilized in this article was from the publicly accessible Parkinson’s
ProgressionMarkers Initiative database (www.ppmi-info.org/data) and the
APM-PDplatform (https://amp-pd.org/). The code in this paper is available
via https://github.com/SereneLian/AdaMedGraph.
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