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Introduction

e Parkinson's disease (PD) is a chronic progressive neurodegenerative disorder, whose
motor syndrome mainly includes bradykinesia, rigidity, rest tremor and postural instability.

e |nter-individual and intra-individual heterogeneity in PD leads to uncertainty of diagnosis,
especially in the early stages, so developing highly personalized methods for accurate
prediction of PD progression is necessary.
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Introduction

« Some research about PD progression have been reported.

« The present research cannot achieve good predictive performance, model interpretability and data
heterogeneity processing at the same time.

Latourelle JC. et al 2017 Predicting UPDRS score progression and identifying novel predictors GNS Healthcare's REFS platform
Nilashi M. et al 2018 Discovering the relationship between speech signal properities and UPDRS Incremental Suppurt Vector
score Regression
Shahid AH, et al 2020 Predicting UPDRS score progression Deep neural network

Severson KA, et al 2021 Defining PD disease states Hidden Markov model
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Introduction

* We propose a novel multi-task learning framework that divides PD progression Clustering
modeling into an unsupervised clustering task and a disease progression task
prediction task.

« for the clustering task, the method can discover new progression patterns which can help
predict the future progression more accurately through parameter sharing.

« For the prediction task, a combination of neural networks and GP regression is used for
personalized prediction.

|
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task
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@ds - GP prediciton

A GP-based deep mixed-effect framewark
contains global function and personalized
function for the it" patient(Chung | et al,

2020) . We further assume that the i¢"
patient belong to the L; cluster:

f(i) (x:) = g(x) + 1D (x,)

!

f(i) (xt) — g(xt) + l(i) (xt) + c(Li) (xt)
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Methods - 47 prediciton

The framewark: £ (x,) = g(x.) + 1O (x,) + ¢ LD (x,)

« RNNlayer: g(x;) = u(x;) * Matrix representation:
*  hy = tanh(epX; + Vprheq) f 1 (k@ 4+ g=@o ... 0
* W= {Vxn Vnn} P[~GP( | : 5 )
£ Up 0 o K® 4 g*Lp)
¢ 1Dx) ~ 6P (0,kD(x, x,0) |

e ¢@(x,)~GP (0, kLD (xy, xtr)) fOx) ~ GP (#(ht|W), k'O (hy byt 6 Li))
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Methods - Liuster layer

Cluster initialization:

Traditional clustering method is used to cluster
the output signal of the initial hidden layer
obtained by the RNN layer.

Average the signals of each cluster to obtain the
initial label and the initial estimated clustering
centroids.
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Methods - Liuster layer

Cluster assignment: the cluster label is assigned with the largest probability and the cluster centroids

are re-estimated according to the new cluster results.
e The similarity D (x, y) between the it" patient and different centroids is computed based on Complexity Invariant

Similarity(CID):

B max(CE(x), CE(y))
D(x,y) = ED(x,y) min(CE (x), CE(y))
»  The soft assignment probability distribution g; ; is computed based on the student t-distribution kernel.
@+ Dx,yn™!
R A+ Dy
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Methods - Liuster layer

KL divergence is used to compute the loss £ ;¢ between the probability distribution
q;; and the target probability distribution pU

Leuster = z Z Dij log

i=1j=
o Auxiliary distribution is considered as the target d|str|hut|nn Dij:

CIL]/ZL 1qU
1(q11/2 1qU)

bij =

EThelnstituteDH #MEDINFDZ3



INFO

8 - 12 JULY 2023 | SYDNEY, AUSTRALIA

Methods - /aference

The goal of the learning is to maximize the marginal log-likelihonds £,,;.¢ g;ccunder the assumption of the

multi-task [earning framewark to optimize global parameters v,.,, vy, and personalized parameters 6 =
{6;}_, and meanwhile to minimize the KL divergence loss £;y,s¢e, to optimize clustering assignment.

Loreaict = ) 10gp(YiIXilven vnnl6)

i=1
0Lpreaict _ 0Lpregice 9K @©
00, OK®  96;
Ti T T;
a‘(;predict _ aLpredict Z aLpredict % n z a[,predict . agt . aht'
ov OK® dh; ov ag, —~ oh,  ov

t=1 t=1
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N C
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Letuster = Pij log o
- qij

i=1j=1

d'ccluster _
dcj

Z (1+D(91 C,)) (pij — aij) ( (95 CJ)))

NIH

¢;: the j*" centraids
g;: the it" representation
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Results - Jataset

* The Parkinson's Progression Markers Initiative (PPMI) is an international, multicenter,
prospective study designed to discover and validate biomarkers of disease progression in newly
diagnosed PD participants.

* We obtained a PD dataset containing 361 patients, of which had at least 3 follow-up visits
spanning 3 years and at most |G follow-up visits spanning 8 years with 33 variables based on
general information and classical clinical scales.

For up-to-date information on the study, visit www.ppmi-info.org.

EThelnstituteDH #MEDINFDZ3



INFO

8 - 12 JULY 2023 | SYDNEY, AUSTRALIA

Results - Arediction Performance

Ten-fold cross validation was used for evaluation. Our proposed model has the relatively best
prediction performance, and the best performance is obtained when the cluster count is specified

as J.
Model MAE RMSE i
GP 0.006 8.300 0.646
RNN 0.093 7932 0.676
LSTM 0.034 71887 0.680
GRU 0.397 7648 0.699
DME-GP 0.227 7.392 0.719
Proposed Method(C=2) 0179 7.33l 0.724
Proposed Method(C=3) a.108 1.281 0.727
Proposed Method(C=4) 0154 7339 0773

EThelnstituteDH sveonenzs  The p-value were 0.006, 0.018 and 0.003 respectively for MAE, RMSE and RZ.
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Results - Liustering Results

« The thickness of the lines represents the count of
patients in the clusters.

* two progression patterns are identified amaong
population:
* the score remains at a relatively low level and
even drops in the later stages in cluster |.

e the score fluctuates widely from low level to
high level in cluster2.
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Riults - Unpublished

We further designed a training process, taking the clustering results as the sampling basis, and
constantly updating the clustering results during,the training process.

och 1 epoch 2 epoch 2
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M{S - Unpublished
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Discussion

« We confirms that integrating heterogeneity among clusters is helpful to impraove the prediction
performance of the models.

e Unlike the probability graph models, the clusters we obtained are specific to patients rather than
disease states, which is clinically more meaningful.
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Discussion

Clustering
Different clusters may only have significant differences in the overall information
mean, but not in their position, trends, smoothness, etc.

In the future work, we can further integrate the cluster information
into the kernel function and the mean function respectively or
simultaneously.
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Conclusions

In summary, we propose a novel approach based on a multi-task learning framework to divide
Parkinson's disease progression modeling into an unsupervised clustering task and a disease
progression prediction task.

prediction heterogeneity interpretability
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Thank you for listening!

Changrong Pan
[hejiang University
2023.712
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