Additional file:
Simulating from the PPCCA and DPPCA
models.

1 The Probabilistic Principal Components and Covariates
Analysis (PPCCA) model.

The PPCCA model [1]is an extension of the PPCA model which includes covariates. The PPCCA
models the high dimensional spectrum xI = (Xit,...,Xip) of subject i (i =1,...,n) as a linear

function of the corresponding low dimensional latent variable U’ = (Ui, ..., Uiq), where (q < p).
The PPCCA model can be expressed as follows

X; = ng+ E+ €

where W is a p Xq loadings matrix, p is a mean vector and ¢; is multivariate Gaussian noise
for observation i, i.e. p(g) = MVN, (T, o21) where | denotes the identity matrix. The PPCCA
model differs from the PPCA model in that it allows the covariates to influence the distribution
of the latent variables or scores u i.e.

pp = T MVNq (BC;, 1).

i=1

Here g is a q X (L + 1) matrix of parameters which capture the relationship between the latent
variable and the covariates and C; is a (L+1) vector of an intercept term and the L covariates of

observation i.
For a given sample size n, the pilot data can be simulated from the PPCCA model as follows:

1. Generate parameter values from their prior distributions:

p(ﬁk) = MVNL+1(H/),, Xp) fork=1,...,q
pu) = MVNg(BC;, 1) fori=1,...,n
p(w;) = MVNg(Y,, . Zw) forj=1,....p
p(®) = I1G[a, 0]

2. Conditional on the generated parameters and latent variables the pilot data x are then
simulated from the PPCCA model:

p(X; Ui, W, %) = MVN, (Wu;, 6% 1)

For similar reasons to those discussed in the paper in the case of PPCA, the hyperparameters
are specified to be Hy= My = 0,%=Zw=1 a =3and a = 4.
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2 The Dynamic Probabilistic Principal Components Anal-
ysis (DPPCA) model.

Dynamic PPCA (DPPCA) is another extension of PPCA which allows PPCA to appropriately
model longitudinal metabolomic data. The DPPCA model models the correlation due to repeated
measurements by assuming a stochastic volatility (SV) model [2] for the errors and for the scores of
the PPCA model. As detailed in [3], the error for observation i at time m is assumed distributed
as €im = MVN,(0,62,1) and the associated score is distributed u;,, = MVNq(0, Hm), where

Hm = diag(him, ..., hqm). Under the DPPCA model, at time m, the log volatilities of the errors
nm = logo?, and the scores Axm = loghym Where k = 1,...,q components, have a stationary

autoregressive process AR(1):

Mm = V+é(m-1 —v)+rm
Akm = Mk + Sk(Ain—1) —H) + 'km

where v and py are the means and ¢ and ¢y are the persistence parameters of the two models
respectively. The persistence parameters are constrained between [—1,1]. The innovations of the

two models rpy, and ry., are assumed to be normally distributed, N(0, v2) and N(O, vzk) respectively.

Pilot data are simulated from the DPPCA model by focusing on the initial time point of the
experiment since it is expected that the same number of subjects are followed over time. The
initial state of the DPPCA model, by stationarity, is given as:

p(x1 W1, Uy, 1) = HMVNp(ngil,eXp(’h)')
i=1

where x;, W, and u; are the data, the loadings and the scores at the initial time point. The pilot
data for the first time point of a longitudinal metabolomic study are then simulated as follows:

1. Generate the model parameter values and latent variables from their prior distributions:

C 2 )
Pl v, ¢ v?) = N v, 1_7¢2
C 2 D)
Pk, d,VE) = N W, —55 fork=1,...,q
1 —¢
p(Ui1/41) = MVNg(Q,Hy) fori=1,...,n

where H; = diag[exp(A11), - .., exp(Aq1)]-

2. Conditional on the generated parameters and latent variables the pilot data x; are then
simulated from the DPPCA model:

P(Xis Wi, Ui, 1) = MVNp (Wau;p, exp(n)l) fori=1,...,n.

For similar reasons to those discussed in the paper in the case of PPCA, and above in the
case of PPCCA, the hyperparameters for the loadings matrix prior distribution are specified
to be p,, =0 and Zw = |. For the SV part of the DPPCA model, the hyperparameters

are assumed to be: v = px = 0,4 = ¢k = 0.8, and v = vZ = 0.1. These values are
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based on prior knowledge of longitudinal metabolomic experiments i.e. positive dependence
is expected across time and the log volatilities are expected to closely fluctuate around zero.
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