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Abstract. One of the challenges of studying common neurological disor-
ders is disease heterogeneity including differences in causes, neuroimaging
characteristics, comorbidities, or genetic variation. Normative modelling
has become a popular method for studying such cohorts where the ‘nor-
mal’ behaviour of a physiological system is modelled and can be used
at subject level to detect deviations relating to disease pathology. For
many heterogeneous diseases, we expect to observe abnormalities across
a range of neuroimaging and biological variables. However, thus far, nor-
mative models have largely been developed for studying a single imaging
modality. We aim to develop a multi-modal normative modelling frame-
work where abnormality is aggregated across variables of multiple modal-
ities and is better able to detect deviations than uni-modal baselines. We
propose two multi-modal VAE normative models to detect subject level
deviations across T1 and DTI data. Our proposed models were better
able to detect diseased individuals, capture disease severity, and corre-
late with patient cognition than baseline approaches. We also propose a
multivariate latent deviation metric, measuring deviations from the joint
latent space, which outperformed feature-based metrics.

Keywords: Unsupervised learning - Normative modelling - Multimodal
modelling - multi-view VAEs

1 Introduction

Normative modelling is a popular method to study heterogeneous brain disor-
ders. Normative models assume disease cohorts sit at the tails of a healthy pop-
ulation distribution and quantify individual deviations from healthy brain pat-
terns. Typically, a normative analysis constructs a normative model per variable,
e.g., using Gaussian Process Regression (GPR)[9]. Recently, to model complex
non-linear interactions between features, deep-learning approaches using adver-
sarial (AAE) and variational autoencoder (VAE) models have been proposed|[11,
8]. These models have a uni-modal structure with a single encoder and decoder
network. So far, almost all deep-learning normative models have modelled only
one modality. However, many brain disorders show deviations from the norm in
features of multiple imaging modalities to a varying degree. Often it is unknown
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which modality will be the most sensitive. Thus, it is advantageous to develop
normative models suitable for multiple modalities.

Most previous deep-learning normative and anomaly detection models mea-
sure deviations in the feature space[ll,7,4]. However, for multi-modal models
built from modalities containing highly different, but complementary information
(e.g., T1 and DTTI features as used here), we may not expect to see significantly
greater deviations in the feature space compared to uni-modal methods. Indeed
previous work has shown that, when using VAEs, even for one modality, measur-
ing deviation in the latent space outperforms metrics in the feature space[8] and
provides a single measure of abnormality. As such, we develop a latent deviation
metric suitable to measuring deviations in multi-modal data.

There are many approaches to extending VAEs to integrate information
from multiple modalities and learn informative joint latent representations. Most
multi-modal VAE frameworks learn separate encoder and decoder networks for
each modality and aggregate the encoding distributions to learn a joint latent
representation. Wu and Goodman[16] introduced a multi-modal VAE (mVAE)
where each encoding distribution is treated as an ‘expert’ and the Product-
of-Experts (PoE), which takes a product of the experts’ densities, is used to
approximate a joint encoding distribution. The PoE approach treats all experts
as equally credible taking a uniform contribution from every modality. In prac-
tice, however, different levels of noise, complexity and information are present in
different modalities. Furthermore, if we have an overconfident miscalibrated ex-
pert, i.e. a sharp, shifted probability distribution, the joint distribution will have
low density in the region observed by the other experts and a biased mean pre-
diction. This can result in a suboptimal latent space and data reconstruction.
Shi et al.[13] address this problem by combining latent representations across
modalities using a Mixture-of-Experts (MoE) approach. For MoE, the joint dis-
tribution is given by a mixture of the experts’ densities so that the density is
spread over all regions covered by the experts and overconfident experts do not
monopolize the resulting prediction. However, MoE is less sensitive to consen-
sus across modalities and will give lower probability to regions where experts
are in agreement than PoE. Alternatively, we propose a mVAE modelling the
joint encoding distribution as a generalised Product-of-Experts (gPoE)[2]. We
optimise modality specific weightings to account for different information con-
tent between experts and enable the model to down-weight experts which cause
erroneous predictions. Depending on the application, either MoE or gPoE will
be most appropriate and so we consider both methods for normative modelling.

As far as we are aware, only one other multi-modal VAE normative mod-
elling framework has been proposed in the literature which uses the PoE (PoE-
normVAE)[7]. However, Kumar et al.[7] rely on measuring deviations in the
feature space, which we argue does not leverage the benefits of multi-modal
models. Here, we present an improved factorisation of the joint representation
by modelling it as a weighted product or sum of each encoding distribution.

Our contributions are two-fold. Firstly, we present two novel multi-modal
normative modelling frameworks, MoE-normVAE and gPoE-normVAE, which
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capture the joint distribution between different imaging modalities. Our pro-
posed models outperform baseline methods on two neuroimaging datasets. Sec-
ondly, we present a deviation metric, based on the latent space, suitable for
detecting deviations in multi-modal normative distributions. We show that our
metric better leverages the benefits of multi-modal normative models compared
to feature space-based metrics.

2 Methods

Multi-modal Variational autoencoder (mVAE). Let X = {x,,}*_, be
the observations of M modalities. We use a mVAE to learn a multi-modal gen-
erative model (Figure 1c), where modalities are conditionally independent given
a common latent variable, of the form pg (X, 2) = p(2z) H%:l Do, (Xm | ). The
likelihood distributions pg,, (X, | z) are parameterised by decoder networks with
parameters § = {61,...,0x}. The goal of VAE training is to maximise the
marginal likelihood of the data. However, as this is intractable, we instead opti-
mise an evidence lower bound (ELBO):

M
L=Ey,alx) [Z log pg (xm | Z)] — Dir (q4(2 | X)|p(2)) 1)
m=1
where the second term is the KL divergence between the approximate joint
posterior g4 (z | X) and the prior p(z). We model the posterior, likelihood, and
prior distributions as isotropic gaussians.

Approximate joint posterior. To train the mVAE, we must specify the
form of the joint approximate posterior g4 (z | X). Wu and Goodman[16] choose
to factorise the joint posterior as a Product-of-Experts (PoE); ¢4 (z | X) =
% H%:l ¢, (z | xXm),

where the experts, i.e., individual posterior distributions ¢4,, (z | Xm), are
parameterised by encoder networks with parameters ¢ = {¢1,...,ép}. K is a
normalisation term. Assuming each encoder network follows a Gaussian distri-
bution ¢ (z | x,,) = N(m,,,02,1), the parameters of joint posterior distribution

M 2
M., /o
727”_1 /% and 0'2 = N L B) (see Supp. for

can be computed[S]; p = St T e,

proofs).

However, overconfident but miscalibrated experts may bias the joint posterior
distribution (see Figure 1b) which is undesirable for learning informative latent
representations between modalities[13].

Shi et al.[13] instead factorise the approximate joint posterior as a Mixture-
of-Experts (MoE); go (z | X) = + Zﬁf:l o, (2| Xpm) .

In the MoE setting, each uni-modal posterior g,(z | x,,) is evaluated with
the generative model py (X, z) such that the ELBO becomes:

M

L= Z lE%(ZIxm) [Z log pe (Xm | Z)} — Dk (¢4(z | xm)|p(2)) | - (2)

m=1
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However, this approach only takes each uni-modal encoding distribution sepa-
rately into account during training. Thus, there is no explicit aggregation of infor-
mation from multiple modalities in the latent representation for reconstruction
by the decoder networks. For modalities with a high degree of modality-specific
variation, this enforces an undesirable upperbound on the ELBO potentially
leading to a sub-optimal approximation of the joint distribution[3].

Generalised Product-of-Experts joint posterior. We propose an alterna-
tive approach to mitigate the problem of overconfident experts by factorising
the joint posterior as a generalised Product-of-Experts (gPoE)[2]; ¢4 (z | X) =
1 M QU
7 1=t 457 (2 | Xim)

where «,, is a weighting for modality m such that z%zl ay = 1 for each
latent dimension and 0 < «,, < 1. We optimise a during training allowing
the model to weight experts in such a way as to learn an approximate joint
posterior gy (z | X) where the likelihood distribution pg (X | z) is maximised.
This provides a means to down-weigh overconfident experts. Furthermore, as
« is learnt per latent dimension, different modality weightings can be learnt
for different vectors, thus explicitly incorporating modality specific variation in
addition to shared information in different dimensions of the joint latent space.
Similarly to the PoE approag:wh, we can 2Compute the parameters of the joint
Sgmlatere ad o= o

Recently, a gPoEE mVAE was proposed for learning joint representations of
hand-poses and surgical videos[6]. However, we emphasize that our approach
differs in application and offers a more lightweight implementation (Joshi et
al.[6] require training of auxiliary networks to learn « per sample).

posterior distribution; p =

Multi-modal normative modelling. We propose two mVAE normative mod-
elling frameworks shown in Figure 1la. MoE-normVAE, which uses a MoE joint
posterior distribution, and gPoE-normVAE, which uses a gPoE joint posterior
distribution. For both models, the encoder ¢ and decoder # parameters are
trained to characterise a healthy population cohort. normVAE models assume
abnormality due to disease effects can be quantified by measuring deviations
in the latent space[8] or the feature space[ll]. At test time, the clinical co-
hort is passed through the encoder and decoder networks. Deviations of test
subjects from the multi-modal latent space of the healthy controls and data re-
construction errors are measured. We compare our methods to the previously
proposed PoE-normVAE[7] and three uni-modal models; two single modality and
one multi-modality with a concatenated input.

To compare our normVAE models to a classical normative approach, we
trained one GPR (using the PCNToolkit) per feature on a sub-set of 2000 healthy
UK Biobank individuals and used extreme value statistics to calculate subject-
level abnormality index[9]. We used a top 5% abnormality threshold (set using
the healthy training cohort) to calculate a significance ratio (see Equation 6).
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Fig.1: (a) gPoE-normVAE and MoE-normVAE normative framework. All
normVAE models were implemented using parameter settings; maximum
epochs=2000, batch size=256, learning rate=10"*, early stopping=50 epochs,
encoder layers=[20, 40], decoder layers=[20, 40]. A ReLU activation function
was applied between layers. Models were trained with a range of latent space
sizes (Lqgim) from 5 to 20. Models with Lgj,=10 were fine-tuned (maximum 100

epochs) using the ADNI healthy cohort. Learnt « values are given in Supp. Table
1. (b) Example PoE and gPoE joint distributions. (¢) Graphical model.

Multi-modal latent deviation metric. Previous works using autoencoders
as normative models mostly relied on feature-space based deviation methods|[11,
7]. That is, they compare the input value for subject j for the i-th brain region x;;
to the value reconstructed by the autoencoder Z;;: dij = (i — Z;;)°. Kumar et
al.[7] propose the following normalised z-score metric on the data reconstruction
(a univariate feature space metric):

dij - Mnorm (d?jorm)

D =
uf Onorm (dg]prm)

3)

where finorm (di™) is the mean and oporm (djy™) the standard deviation of
the deviations d;""™ of a holdout healthy control cohort.

However, in the multi-modal setting, feature space-based deviation metrics
may not highlight the benefits of multi-modal models over their uni-modal coun-
terparts. The goal of the joint latent representation is to capture information
from all modalities. Thus, decoders for each modality must extract the infor-
mation from the joint latent representation, which now carries information from
all other modalities as well. Therefore, data reconstructions capture only infor-
mation relevant to a particular modality and may also be poorer compared to
uni-modal methods. As such, particularly when incorporating modalities with a
high degree of modality-specific variation, we believe latent space deviation met-
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rics would better capture deviations from normative behaviour across multiple
modalities. Then, once an abnormal subject has been identified, feature space
metrics can be used to identify deviating brain regions (e.g. Supp. Figure 3).

We propose a latent deviation metric to measure deviations from the joint
normative distribution. To account for correlation between latent vectors and
derive a single multivariate measure of deviation, we measure the Mahalanobis
distance from the encoding distribution of the training cohort:

Dun =/ (2 — pu(zm0mm)) S(zr0mm) 1 (35 — p(zmomm)) @

where z; ~ ¢(z; | X;) is a sample from the joint posterior distribution for
subject j, p(2"°™) is the mean and X'(2"°"™) the covariance of the healthy cohort
latent position. We use robust estimates of the mean and covariance to account
for outliers within the healthy control cohort. For closer comparison with Dy,
we derive the following multivariate feature space metric:

D = (d; = pldr) " S(@omm) =1 (d; - (o) 9

where d; = {d;;,...,dr;} is the reconstruction error for subject j for brain
regions (i = 1,...,I), p(d™™) is the mean and X'(d™*"™) the covariance of the
healthy cohort reconstruction error.

Assessing deviation metric performance. For each model, we calculated
D1 and Dyy¢ for a healthy holdout cohort and disease cohort. For each devia-
tion metric, we identified individuals whose deviations were significantly different
from the healthy training distribution (p < 0.001)[15]. Ideally, we want a model
which correctly identifies disease individuals as outliers and healthy individu-
als as sitting within the normative distribution. As such, we use the following
significance ratio (positive likelihood ratio) to assess model performance:

111 Ndisease outliers
. . True positive rate ~ TPR #
significance ratio = - _ == _ (©)
False positive rate ~ FPR ~ Nnotdout (outliers)
Nholdout

In order to calculate significance ratios, we calculated D¢ relative to the train-
ing cohort for the healthy holdout and disease cohorts (Bonferroni adjusted
p:0'05/Nfcaturcs) [7]

3 Experiments

Data processing. To train the normVAE models, we used 10,276 healthy
subjects from the UK Biobank[14] (application number: 70047). We used pre-
processed (provided by the UK Biobank[1]) grey-matter volumes for 66 cor-
tical (Desikan-Killiany atlas) and 16 subcortical brain regions, and Fractional
Anisotropy (FA) and Mean Diffusivity (MD) measurements for 35 white matter
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tracts (John Hopkins University atlas). At test time, we used 2,568 healthy con-
trols from a holdout cohort and 122 individuals with one of several neurodegen-
erative disorders; motor neuron disease, multiple sclerosis, Parkinson’s disease,
dementia/Alzheimer/cognitive-impairment and other demyelinating disease.

We also tested the models using an external dataset. We extracted 213 sub-
jects from the Alzheimer’s Disease Neuroimaging Initiative (ADNI)![10] dataset
with significant memory concern (SMC; N=27), early mild cognitive impairment
(EMCT; N=63), late mild cognitive impairment (LMCI; N=34), Alzheimer’s dis-
ease (AD; N=43) as well as healthy controls (HC; N=45). We used the healthy
controls to fine-tune the models in a transfer learning approach. The same T1
and DTI features as for the UK Biobank were extracted for the ADNI dataset.

Rather than conditioning on covariates as done in some related work[7, 8], we
adjusted for confounding effects prior to analysis. Non-linear age and linear ICV
affects where removed from the DTT and T1 MRI features of both datasets[12].
Each brain ROI was normalised by removing the mean and dividing by the
standard deviation of the healthy control cohort brain regions.

UK Biobank results. As expected, we see greater significance ratios for all
models when using Dy, rather than Dy, (Table 1). When using Dy,¢ or Dy, all
models perform similiarly. Using Dy, over Dy leads to a 4-fold increase in the
signficance ratio. Further, our proposed models give the best overall performance
across different Lg;,, with the highest significance ratio for gPoE-normVAE with
L4im=10. Generally, all multi-modal normVAE showed better performance than
the uni-modal models suggesting that by modelling the joint distribution be-
tween modalities, we can learn better normative models.

Table 1: Significance ratio calculated from D,,;, D¢, and Dy for the UK
Biobank. See Supp. for results in figure form. Using GPR, we observed a signif-
icance ratio of 6.01, poorer performance than our models (using Dyy).

Significance ratio, D Significance ratio, D¢ Significance ratio, D¢

Latent dimension 5 10 15 20 5 10 15 20 5 10 15 20
gPoE-normVAE (ours) 7.899.24 7.02 7.6 1.62 1.62 1.61 1.7 1.37 1.41 1.37 1.56
MoE-normVAE (ours) 7.25 8.77 7.09 7.94 |[1.67 1.7 1.59 1.68 1.44 1.46 1.46 1.44
PoE-normVAE 7.4 8.06 571 6.96 |[1.6 1.621.66 1.71 1.451.42 1.39 1.41
concatenated normVAE 7.63 6.21 5.43 3.55 |[[1.61 1.59 1.57 1.58 14814 1.39 1.44

T1 normVAE 5.26 4.43 2.63 2.44

DTI normVAE 6.82 7.35 3.96 2.61

Average T1&DTI normVAE 1.63 1.7 1.64 1.64 1.47 1.53 1.45 1.45

! Data used in preparation of this article were obtained from the Alzheimer’s Disease
Neuroimaging Initiative (ADNI) database (adni.loni.usc.edu). As such, the inves-
tigators within the ADNI contributed to the design and implementation of ADNI
and/or provided data but did not participate in analysis or writing of this report. A
complete listing of ADNI investigators can be found at:http://adni.loni.usc.edu/wp-
content /uploads/how_to_apply /ADNI_Acknowledgement_List.pdf
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ADNI results. Previous work[8] explored the ability of a uni-modal T1 nor-
mVAE to detect deviations in the ADNI cohorts. Figure 2a shows the latent
deviation Dy, for different diagnosis in the ADNI cohort for the T1 normVAE,
DTI normVAE, PoE-normVAE, MoE-normVAE and gPoE-normVAE models.
All models reflect the increasing disease severity with increasing disease stage.
The gPoE-normVAE model showed greater sensitivity to disease stage as sug-
gested by the higher F statistic and p-values from an ANOVA analysis. We mea-
sured the Pearson correlation with composite measures of memory and executive
function (Figure 2b) and found that our proposed model exhibited greater corre-
lation with both cognition scores than baseline approaches. Finally, we see that
the sensitivity to disease severity for the gPoE-normVAE model extends to the
feature space where we see a general increase in average D¢ from the LMCI to
AD cohort (Supp. Figures 3a and 3b respectively).

T1 normVAE: F = DTl normVAE: F = PoE-normVAE: F = MoE-normVAE: F = gPoE-normVAE: F =

9.957, p = 4.57e-06 12.386, p = 2.42e-07 11.187, p = 1.02e-06 12.172, p = 3.12e-07 13.602, p = 5.73e-08
250

200

150

E
Q
100
50
O SMcEmciLMct AD SMC EMCILMCI AD % SMCEMCILMCT AD % SMCEMCILMCI AD O SMCEMCILNCI AD
(a)
model Memory score (r) Memory score (p) Executive function score (r) Executive function score (p)
T1 normVAE -0.201754 8.9334e-03 -0.289296 1.495292e-04
DTI normVAE -0.320889 2.3577e-05 -0.406776 4.898105e-08
PoE-normVAE -0.255954 8.4200e-04 -0.404015 6.148406e-08
MoE-normVAE -0.301793 7.3842e-05 -0.396141 1.1629e-07
gPoE-normVAE -0.335123 9.5594e-06 -0.468410 1.7301e-10
(b)

Fig. 2: (a) Dy, by disease label (Lqin=10). Statistical annotations were generated
using Welch’s t-tests between pairs of disease groups; ns : 0.05 < p <= 1,% :
0.01 < p <= 0.05,%* : 0.001 < p <= 0.01,* % : 0.0001 < p <= 0.001, * *
s+ 1 p <= 0.0001. Robust estimates of the mean and covariance were not used
to calculate Dy, due to the small healthy cohort size. (b) Pearson correlation
between Dy, and patient cognition represented by age adjusted memory and
executive function composite scores.

4 Discussion and further work

We have built on recent works[11,7, 8] and introduced two novel mVAE norma-
tive models, which provide an alternative method of learning the joint normative
distribution between modalities to address the limitations of current approaches.
Our models provide a more informative joint representation compared to base-
line methods as evidenced by the better significance ratio for the UK Biobank
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dataset and greater sensitivity to disease staging and correlation with cogni-
tive measures in the ADNI dataset. We also proposed a latent deviation metric
suitable for detecting deviations in the multivariate latent space of multi-modal
normative models which gave an approximately 4-fold performance increase over
metrics based on the feature space.

Further work will involve extending our models to more data modalities,
such as genetic variants, to better characterise the behaviour of a physiolog-
ical system. We note that, for fair comparison across models, we remove the
effects of confounding variables prior to analysis. However, confounding effects
could be removed during analysis via condition variables[8]. Another limitation
of normVAE models introduced here is the use of ROI level data. Data process-
ing software, such as FreeSurfer, may fail to accurately capture abnormality in
images, particularly if large lesions are present. Further work involves creating
normative models designed for voxel level data to better capture disease effects.

Normative models have been successfully applied to the study of a range
of heterogeneous diseases. Diseases often present abnormalities across a range
of neuroimaging, biological and physiological features which provide different
information about the underlying disease process. Normative systems that in-
corporate features from different data modalities offer a holistic picture of the
disease and will be capable of detecting abnormalities across a broad range of
different diseases. Furthermore, multi-modal normative modelling captures the
relationship between different modalities in healthy individuals, with disruption
to this relationship potentially leading to a disease signal. Code is publicly avail-
able at https://github.com/alawryaguila/multimodal-normative-models.
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