
Additional Files

A1 Expectation-maximization for latent class distributional regression

Algorithm 1

Initialization

1. Set the iteration counter t = 0 and specify the total number of components M

2. Provide starting weights w
(i,t)
m for all i = 1, . . . , n observations in all m = 1, . . . ,M components.

3. For m = 1, . . . ,M :

� Fit a GAMLSS to the data weighted by w
(i,t)
m to estimate all K distribution parameters

θ̂
(i,t)

m =
(
θ̂
(t)
1

(
x(i)), . . . , θ̂(t)K

(
x(i)))

using the family-specific default initial values.

� Compute the mixture weights

α(t)
m =

1

n

n∑
i=1

w(i,t)
m

4. Compute the log-likelihood

lnL(t) = ln

(
n∏

i=1

M∑
m=1

α(t)
m f

(
y(i), θ̂

(i,t)

m

))
.

Iterations

1. Set t ··= t+ 1.

2. For m = 1, . . . ,M : Update the weights

w(i,t)
m =

α
(t−1)
m f

(
y(i), θ̂

(i,t−1)

m

)
∑M

m=1 α
(t−1)
m f

(
y(i), θ̂

(i,t−1)

m

)
3. For m = 1, . . . ,M :

� Fit a GAMLSS to the data weighted by w
(i,t)
m to estimate all K distribution parameters using the

estimates from the previous iteration θ̂
(i,t−1)

m as initial values.

� Compute the mixture weights

α(t)
m =

1

n

n∑
i=1

w(i,t)
m

4. Compute the log-likelihood lnL(t)

5. Repeat steps 1-4 until lnL(t) − lnL(t−1) ≤ ϵ, where ϵ is the desired convergence threshold.
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A2 Examples of the custom tanh-basis functions
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Figure 1: Examples of the custom tanh-basis functions with different number of bases B

A3 Simulation setup

The responses are sampled from the two-component Gaussian mixture

y(i) ∼ α1

(
x(i)

)
N

(
µ1

(
x(i)

)
, σ1(x

(i))2
)
+ α2

(
x(i)

)
N

(
µ2

(
x(i)

)
, σ2

(
x(i)

)2)
with all x(i) drawn form the standard uniform distribution U(0, 1). The first component is considered to be
the distribution of interest, i.e. the distribution attributed to the “healthy” part of the sample with

µ1

(
x(i)

)
= x(i) + 10 sin

((
x(i) − 0.5

)√
3π

)
and σ1(x

(i)) = exp
(
8 + 5x(i)

)
.

The second component is parameterized by

µ2

(
x(i)

)
= 15 + 15x(i) + 10 sin

((
x(i) − 0.5

)√
3π

)
and σ2(x

(i)) = exp
(
11 + 9x(i)

)
.

With respect to the mixture component weights, two scenarios are investigated:

� Independent: α1

(
x(i)

)
= 0.6

� Non-linear: α1

(
x(i)

)
= g

(
0.75 + 0.75 sin

(
1.5 + 1.5x(i)π

))
Here, g() is the standard logistic function and α2

(
x(i)

)
= 1− α1

(
x(i)

)
for both settings.
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A4 Custom initial weights for the Mixture Density Networks

The custom inital weights used in the corresponding Mixture Density Networks are determined as follows:

The b-th activated node in the hidden layer connected to a single continuous input variable x is described by

zb = tanh (αb + βbx) .

The custom weights from the input to the hidden layer are then

αb =
−B

(
min(x) + (b−1)

B−1 (max(x)−min(x))
)

max(x)−min(x)
and βb =

B

max(x)−min(x)

The m-th location output node is described by

µm = γm +

B∑
b=1

δmbzb

Based on the OLS solution to the linear regression model

y = γ[OLS] +

B∑
b=1

δ
[OLS]
b zb + ϵ,

the custom weights from the hidden layer to the location nodes are

γm = γ[OLS] + cm and δmb = δ
[OLS]
b ,

where cm is a constant shift term based on empirical quantiles of the OLS residuals. Figure 2 provides a
graphical illustration of the procedure.
All other weights are randomly sampled (glorot uniform initialization).
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Figure 2: Schematic overview of the customized initial weights for the MDNs. Left plot shows the OLS fit on
an example dataset using the tanh-bases with coefficients determined as described in the Methods section.
The center plot displays the residuals from the OLS fit together with both 10% and 90% quantiles. The right
plot shows these quantiles mapped back to the original data, which are then used as starting position for the
location parameter of the components.
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A5 Mixture not identified correctly

Table 1: Number of runs out of 100 with n−1
∑n

i=1 α1(x
(i)) below 0.05 or above 0.95. Numbers in parentheses

show runs in scenarios without location crossing.

Setting EM BFGSα BFGSα(x) ADAM
n α random custom random custom random custom

10000
dep 0 1 (0) 3 (0) 0 8 (6) 0 0
indep 0 1 (0) 3 (0) 0 7 (3) 0 0

5000
dep 0 2 (1) 2 (0) 1 (1) 6 (3) 0 0
indep 0 1 (1) 3 (0) 2 (1) 5 (2) 0 0
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