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Longitudinal modelling is of pivotal interest for the study of neurodegenerative di- )//C;) A — MO@ /O
seases. The Disease Course Mapping' is a multivariate Bayesian mixed-effect pro- \ | L -
gression model that is able to recover the course of a disease from a cohort with Disease Modiey O L Personalized m
multimodal longitudinal observations (imaging variables, cognitive and clinical ' | 2ael

scores) and to extract inferpretable parameters 1o describe each patient. It has

7‘ —

been validated on multiple diseases and on multiple applications settings (cohort /ﬁ
study, frial enrichment, data simulation, ...) / L i _
However, its statistical formulation relies only on time-dependent observations.
It thus fail to in’regro’re Time—independen’r information (gender education levels Leaspy synthetizes longitudinal observations from a cohort info a descriptive model (leff). Once
] o i ! ! presented with observations from a new patient, it finds descriptive parameters that register the
gene’rlc factors, ) IN ItS modelllng, even ThOUQh such covariates are known to population model onto the observed data, thus obtaining a personalized progression model. Priors
modulate clinical disease courses. We oropose a mixed-effect formulation that learned during the initial calibration over the cohort help regularizing the model.
] T i ) While performing this regisfration of the population model onto the personalized model, no infor-
. mation about covariates are taken into account. We propose to change this behaviour.
captures the influence of such covariates over the dynamic of the disease
Melllh Ods We adapt this model fo explicit the dependancy between covariates and bio-

marker evolution. We learn a parametrized function linking covariates to popu-
lation parameters. While the original model learned a fixed average trajectory,
we now learn a function that associates a set of covariates, to a proposal ave-
rage frajectory. Individual effects are retained to account for patient variability
even within a “similar covariate class’.

During calibration, the original model
learns a set of population parameters
characterizing the average progression
of the pathology. Averaging is defined

as qurm‘ng a 969d65|<3 Nna mU'T"d'm?O' This link function is modelled as a linear map between covariates and the geo-

SIQHO| Riemannian Space Wh'Ch. mini- desic parameters. We thus obtain an interpretable link between each covao-

mizes the cost of non-linear identifiable riate and the dynamic of the pathology (such as progression speed for each

regisirations of the average curve onto o oo 11 205 biomarker, onset age, etc). The total likelihood of the model thereby formu-
PR LA i ' registration toward observations (dots). The ' R : : : :

]9” '”d'v'dtql obs(ejr\{chogs. A’\r quelmccjm identifiable regisirationinvolve afimerepa-  lated can be shown to lie in the curved exponential family. This allows using al-

ramework IS used In oraer 10 INciuae rametrization of the patients age (Tt and a) gori’rhms of the MCMC-SAEM fc:mily for calibration.

regularize registration costs: eachregis-  andspatialeffects (w). The ambient mefric | |
. . . i .. IS chosen so that geodesics respect clini- Population Comparison between the ori-
tration is driven both by iIndividual data cal hypothesis behind biomarker evolution N Covariates 7 Effects | Gividual Effects | ginal approach (left) and our
attachment and information learned  monofonicity, logistic-like dynamic, etc. Population Effects g - % new formulation (right).
(Figure from the Leaspy gitlab repository) i\ S [ ﬁ} The link function of the new mo-
from the whole cohort. ] : n 2 \E'j | — ) + - del diagrammatically corres-
' ! . ponds to the arrow between
JL_}. (%3) ‘Z{ JL—}» the green and the blue areas.
<=
<

Validation on Synthetic Data

Our model has been thoroughly validated on synthetic data. We generated data  We then calibrated our new model on such synthetfic datasets
via synthetic disease models. The influence of covariates was simulated by ins- and made sure that we could recover the link between covariates
tanciating multiple models with slightly different dynamics. For each subject we  and dynamic effects. The example presented here is a simple bi-
first sampled its fime-fixed covariates, and then used them fo select the model nary setting, but multiple, continuous and slighter dynamics effects
for data generation. Continuous covariates were modeled by combining slightly  were also considered with success. Covariates that were artificial-
different models. We also included covariates irrelevant to the disease dynamics Iy added but without any dyna-

= Memory

to validate the robustness of our approach. mic effects were also correctly =~ wotor
discarded by our model.
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For example, we consider a fic-
five disease having two different  os 0.4
progression patterns, depending
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: : Top: average progression from a standard mo-
0.6
ol IS SEHIUS O Ol GVE MUIEHIon del calibrated on this heterogenous cohort.

— (binary covariate). We use two : . .
distinct generative models (bold — Boftom: average progression from our cova- 00
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(top) and a motor form of the di- > 10
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. : The standard model averaged the cohortf onfo = Memory (No Mutation)
sease (down) / Wethokr?SIde; Of.b’_ >0 - an intermediate dynamic that does notf ac- 08 MUSHEING MILIEI 91T
nielny CVEliel® [ fieHen & % 4 & 20 70 100 count for the heterogeneity of the cohort, while T emEeieien,

status) that defines whether a Age Motor (Mutation)

patient suffers from the standard our new model was able to recover the dyna- 0.6
(no mutation) or the motor form Trajectories of patients are pooledinto asingle mic effect that was associated to the mutation
) synthetic cohort, where two disease modes status. 0.4

0 (mufation) of the pathology.

coexist and depends on a mutation stafus. o
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Results on Clinical Data

We then ran our model on a wider number of SNP selected using a re-

We ran our model on the ADNI dataset, which is an Alzheimer’s Disease co- ference GWAS2 Our findings suggest that even though those SNPs have
hort. We showed that we can recover clinically established effects of cova- some of the highest effect size in the GWAS, their associafion with dyna-
riates such as sex, APOE mutation. mics effect of the disease — such as speed of progression — is not always

significant. This is because in most standard GWAS, SNP are associated
o ¢ Effect of APOE4 Mutation  Analysis of the link function with diagnosis and not with dynamic aspects of pathologies.

Effect of APOE mutation
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— MMSE Rl O . . .
—foRss A @ H learned during calibration. : P :

o e : i Here is represented the ef This ;ugges’rs that polygemc risk scores derived from regulor GWAS do nof
.. B | c 04 m % fect of the APOE4 mutation efficiently target and inform about disease dynamics and that our ap-
: B 2 on the progression speed . . .

6 o, L 5 some biomarkers ang  Proach could be a first step foward designing finer risk scores.
- % EEER = T cognitive scores. A positive IS

o2 o IR value is associated to an 0 . , _

— ’ = 0.0 L «acceleratings effect, while Q4 Effect of rs11932324 A Effect of rs114812713 C Effect of rs138190086 A‘HCI/)/SIS of SNP using the same prin-

- " R 0 100 .f_SD a negative value stands for .g ‘ ;:i/)ple G§Nflgr the AIIDOI:;AL dexomple.

L . 0 -0.2 a «slowingy effect. S 0.4 ose are selectea among

Calibration over ADNI. Here we emphasize the ef- & 7 % T % some of the most associated SNP
fect of the APOE4 mutation. In solid line the average 8 % 0.2 ‘ Bl from a reference GWAS. The first
progression f.orpc:ﬁenfs without the APOE4 mutation. -0.4 £ N2 (@ @ 4O O 0 U @ ba il T T T . and third SNP show no significant
The dpffed line shows the expected progression of \\[\\\l‘:\@z‘\‘o\\)s\lo\é\d\ioo\o S 00 -[ I Ay T e % i 7 _'.I'_ @ 1] % effect on the disease progression
a patient homozygous for the APOE4 mutation. We \"\C\eo WQ\)NO\\ <e<<j\ £ ¢ |- " -i— 1 3 i J’- J. 51 l speed, while the second one is si-
recover the clinically known effect of the mutation \\.6(\@00 < 2 5,1 L % ’ - gnificantly associated to a faster
with patients affected earlier and faster, WO C ‘ cognitive decline.
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'[Schirattiet al. —2017] 2[Kunkle et al — 2019]
A Bayesian mixed-effects model to learn frajectories of changes Genetic meta-analysis of diagnosed Alzheimer’s disease identifies new risk loci
from repeated manifold-valued observations. JMLR and implicates Abeta, tau, immunity and lipid processing. Nature genetics.
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