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The early diagnosis of Alzheimer’s disease (AD) is important for pro-
viding adequate care and is currently the topic of very active research. In
particular, a current challenge is to predict the future occurrence of AD in
patients with mild cognitive impairment. Multimodal data (such as cogni-
tive/clinical, imaging and genetic) can provide complementary information
for the prediction. Whereas clinical data, such as cognitive scores, provide
an accurate estimate of the current subject’s state, genetic variants help to
identify whether a subject would develop Alzheimer’s disease faster than
another. In the state of the art, most papers put clinical and genetic vari-
ables on the same level in order to predict the current or future subject’s
state, although they do not provide the same type of information.

In this work, we propose a new survival model based on multimodal
data to estimate the conversion date to AD from genetics and clinical data.
We chose the log-logistic model which provides a parametric framework
where the parameters depends on both clinical and genetic data. The haz-
ard function is unimodal, which seems well-suited to our model. In our pro-
posed formulation, genetic data xg only influences the speed v(xg) at which
the conversion would happen, whereas clinical data x¢ influences the initial
state of the subject p(x¢). If S denotes the survival function and t;,, the
median survival time, we set t1,, = p(x¢)/v(xg), and S'(t1,2) = —v(xg).
By determining v(xg) and p(x¢), we are able to determine the associated
survival function S.

We tested our model on the ADNI-1 dataset (from the Alzheimer’s Dis-
ease Neuroimaging Initiative), using cognitive scores (such as MMSE, ADAS13,
RAVLT) and genetic information (APOE, gender) and compared it to the
Cox-regression model using the Kaplan-Meier estimate, and the classical
parametric log-logistic model where the parameters depends on the covari-
ates using a log-linear model.
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The early diagnosis of Alzheimer's disease (AD) is important for providing adequate care and is currently
the topic of very active research. In particular, a current challenge is to predict the future occurrence
of AD in patients with mild cognitive impairment.
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Multimodal data (such as clinical and genetic) provides complementary information for the prediction.
Whereas clinical data, such as cognitive scores, provide an accurate estimate of the current subject’s
state, genetic variants help to identify whether a subject would develop AD faster than another. In the
state of the art, most papers put clinical and genetic variables on the same level in order to predict the
current or future subject’s state, although they do not provide the same type of information.

Survival function depending on alleles of gene APOE We ran the Kaplan-Meier estimator
on different groups of subject depending of their APOE status. Median survival time (when the survival

function is 0.5) is 66 months for APOE 0, 36 months for APOE 1, and 24 months for APOE 0.
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Fig 1. Estimator of Kaplan-Meier of the survival function S(t) = P{T > t|APOE}

e Model set-up

The log-logistic survival function has the following form, for covariates x:

1
) = T e

with A(x) > 0 and a(x) > 0

Let x; be the genetic covariates and x7 be the clinical covariates.
We define the following variables of speed v(xg, x7) and of position p(xg,x7).

= We chose to set the median time t1 9 (the time when S(t) = %) such that tyjg = P(Xg,X)

U<X97XI) .

= and at the median time ¢; 9, the slope is S’(tl/Q) = —v(xg, X7)

[ P{T >t}
S'(t1 o) = —v
01 TR :
! tl1/2 t
Since v = _4t1/25/(t1/2) et \ = % then the survival function is given by:
1/2

1
1+ exp (4p<><ga x7) (““5 — (55’;2’23) ))

under the conditions v > 0 (all subjects convert) and p > 0 (conversion date is non-negative).
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Fig 2. Effect of p and v on S(t). It can be seen that p only translates the curve of S(t) (for fixed v),
whereas p changes both the shape and translation of the curve of S(t)

We made the assumptions that the speed depends on genetic and clinical data, while the position
depends only on clinical data:

p(xg,x7) = Brx7r and v(xg.X7) =Y;Xg

Parameters 37, 7, g are learnt by minimizing the negative log-likelihood using the SLSQP algorithm
under the conditions p(xg, x7) > 0 and v(xg, x7) > 0 for all subjects 1.

We selected the following covariates:

= for genetic data: the allele for gene APOE and the gender (man=0, woman=1),

= for clinical data: the education, MMSE (at baseline), ADAS 13 (at baseline), RAVLT (at baseline),
age (at baseline).

from the ADNI1 dataset (http://adni.loni.usc.edu), for 325 MCI patients.
We compared the model with the Cox PH model, where the hazard and survival functions are resp.
given by:
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h(t) = ho()ePXBeXsand (1) = (Sy(1))
Effects of covariates
= For the Cox PH model, ¢, /5 decreases only if Pl(x7,xg) = ,B}_XI + ,Bng increases.

= For our model, ¢ 5 decreases only if p(xg, x7) decreases or if v(xg, x7) increases.

This following table shows the normalized coefficients learnt by a Cox model and by our model.
means that the higher this covariates is, the risk to have AD increases; whereas ™\, means that the
higher this covariates is, the risk to have AD decreases.

Our model | Cox PH Model
Covariate Coeff 3| Coeff | Coeff 87, B¢
MMSE (at baseline) ™, | 0.0080 -0.12
ADAS13 (at baseline) | -0.059 0.35
Age 0.0059 20.020
Education -0.0074 0.16
RAVLT (at baseline) ™, | 0.092 -0.49
Intercept (clinics) 0.38
APOE4 ~ 0.0018 0.20
Gender 7 0.00044 0.18
Intercept (genetics) 0.010

Assessments on metrics We performed a 10-fold cross-validation to assess models under the
following metrics.

Our Model Cox PH Model
Median survival time (months) 39 36
C-index 0.637 0.648
IAUC 0.81 0.84
Brier 0.14 0.14

Evaluation on group based on APOE status We assessed the model on groups of subject
depending of their APOE status.

Median survival time s K T APOE2
Our Model | Kaplan-Meier N
All (months) 39 36 \\
APOE 0 (months)| 56 66 EN
APOE 1 (months) 39 36
APOE 2 (months) 30 24 02 —t—

timeline

Truncation Instead of learning the model on the original dataset, subjects with long conversion time
can be truncated. More specifically, let 7 be the follow-up date. If the subject ¢'s conversion is T > T,
then we set his observed date is 7, and the conversion did not occur.

The effect of truncation makes the prediction much more accurate for small conversion date, but more
inaccurate for long conversion date.

e Conclusion and future work

It's a novel approach to integrate genetic and clinical data for prediction of conversion date to AD.
Although it shows slightly lower performances compared to the Cox PH model, further work on speed
by adding clinical covariates could improve the model. Clinical covariates could be added for instance,
in an additive framework (v(xg,x7) = ’y}XI + ’ngg).
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