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Child Anaemia Risk

Joint work with:
Johannes Seiler, Mattias Wetscher and Nadja Klein.

• Project aiming to better explain childhood problems in low- and
middle-income countries.

• Contribute to monitoring of the Sustainable Development Goals (SDG).

• We compiled a brand new data set using DHS data.

• Data on global conflicts, topography and environmental data from satellite
earth observations (NDVI), temperature and precipitation data from ERA5.

• Data from 1990–2019 with n > 3M observations.
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Modeling Challenges

• Distributional regression using large data sets?

• Variable selection?

• Capturing complex interactions, space-time, etc.?
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Model Specification

Any parameter of a population distribution Dy may be modeled by

y ∼ Dy (h1(θ1) = η1, . . . , hK(θK) = ηK) , k = 1, . . . ,K,

and
• hk(·): Link functions for each distribution parameter.
• ηk: Predictors modeled by covariates.

Now, instead of using a traditional structured additive predictor, we introduce a
more flexible approach by employing adaptive Soft Regression Trees with

ηk ≡ fk(X) = βk,0 +

Jk∑
j=1

Pk, j(X,Ω(k, j))βk, j.
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Soft Regression Trees

• Hard binary split yields only
two possible predictions:

• ŷ = 0 for x < 1 and ŷ = 1.5
for x ≥ 1.

• Soft split allows a smooth
transition.

• Rather than assigning
observations to single
nodes, soft split uses a
better balanced weighting.
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Soft Regression Trees

Growing a Soft Tree:

• Root node is “split softly” by

Nl(xi) = NL
l (xi) · pl(xi) + NR

l (xi) · (1− pl(xi)),

• with weighting function pl(·) : R 7→ [0,1], e.g.,

pl(xi) =
1

1 + exp(−(x>i ωl))
,

where ωl are weights that need to be estimated.

• For terminal nodes NL
l (xi) and NR

l (xi) we have

Nl(xi) = βLl · pl(xi) + βRl · (1− pl(xi)).
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Soft Regression Trees

• Given set of weights Ω1, . . . ,ΩT for T terminal nodes.

• Predictions can be computed by linear combination N(x∗,Ω)>β,

• with β = (β1, . . . , βT)
> and N(x∗,Ω)> = (P1(x∗,Ω1), . . . , PT(x∗,ΩT))

>

• Path probabilities are computed by

Pl(x
∗,Ωl) =

∏
r∈Dl

pr(x
∗)dr (1− pr(x

∗))1−dr ,

with dr ∈ {0,1} indicating the binary directions (left/right) and Dl is the set
of nodes involved in one path Dl.
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Soft Regression Trees

Root node

Left child node

β1p1(·)p2(·)
d1 = (1,1)>

p2(x∗,ω2)

β2p1(·)(1− p2(·))
d2 = (1,0)>

1− p2(x∗,ω2)

p1(x∗,ω1)

Right child node

β3(1− p1(·))p3(·)
d3 = (0,1)>

p3(x∗,ω3)

β4(1− p1(·))(1− p3(·))
d4 = (0,0)>

1− p3(x∗,ω3)

1− p1(x∗,ω1)

Each path Dl, l = 1, . . . ,4 from the top root node to one of the four terminal
nodes represents one column of the design matrix N(X,Ω) ∈ Rn×T .
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Soft Regression Trees

Adaptive Soft Tree:

• Let Dl be any path from the root node to any node Nl(xi).

• Let Dl be the set of nodes involved in forming in path Dl with path
probability Pl and a set of weights Ωl.

• The adaptive Soft Tree is

f(xi) = β0 +

J∑
j=1

Pj(xi,Ωj)βj.

• Tree structure allows to decompose into coarse and fine elements,

• with finer structures controlled by the rearmost elements of the sum.

• Algorithm follows path with highest improvement, similar to classical trees.

• Estimation of parameters by ML, due to adaptive structure considerably fast.
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Soft Regression Trees
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Soft Regression Trees

• True function f(x, z) = sin(x) · sin(z),
• yi = f(xi, zi) + εi with εi ∼ N(0,0.12),

• n = 10000.

• Rough approx. of Classic Tree.

• Random Forest with 2000 trees is
not able to reproduce the smooth
surface.

• Soft Tree with 24 terminal nodes
able to reproduce the true function
quite well.
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Boosting Distributional Soft Regression Trees

Algoritm Sketch:

• Use univariate soft split for Pk,j(·), i.e., incorporate variable selection.

• When growing the tree, select best performing node and soft split covariate
according to log-likelihood contribution.

• At each iteration t and for each distributional predictor update

η
[t+1]
k = η

[t]
k + ν · f [t]k (X),

with step length parameter ν (e.g., ν = 0.1).

• Use Soft Trees with small depth, enforces slow improvement.
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Boosting Distributional Soft Regression Trees
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Boosting Distributional Soft Regression Trees

Extensions:

• Optimize weights using shrinkage parameter

pen ML(ωrk|y,X) = arg max
ωrk

`(ωrk;y,X)− λk J(ωrk),

improves stability, additionally avoids overfitting.

• For big data, use randomly selected subset s[t] ⊂ {1, . . . ,n}, i.e., Xs[t] .

• Batch updates only accepted, if log-likelihood is increased after all
parameters θk are updated.

• In practice, “convergence” is achieved when the log-likelihood
improvements become small and appear to fluctuate around a certain level.

• Two-step approach, drop all features with small contributions, refit.
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Simulation

We consider models using the following predictors:

ηµ =
[(

10 sin(πx1x2) + 20(x3 − 0.5)2 + 10x4 + 5x5

)
− 1.5

] 2

26.48
+ 1

ησ =

(z2
1 +

(
z2z3 −

1

z2z4

)2
)0.5

− 7.96

 2

1736.85
− 2.5

ην = sin(2x1) cos(0.5x3) + 1

ητ = 0.5x2
2 − 1.

Predictor ηµ and ησ are scaled versions of the Friedman 1 and 2 functions.
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Simulation

Scenarios:

• We investigate performance for NO(), GA() and EGB2() distribution,

• using n = 1000,5000,20000 observations.

• We study performance using nnoise = 0,20 variables.

• Two settings for covariate data:
uncorrelated ρ = 0 and correlation of ρ = 0.7.

• 50 replications each, evaluated using skill score computed by comparison to
naive model CRPS.

• Algorithms: bamlss, distforest, bsrt, bsrt_sel.
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Simulation (ρ = 0, nnoise = 0)
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Simulation (ρ = 0.7, nnoise = 20)
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Simulation (Runtime)
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Application (Estimation)

Required packages.
R> library("softtrees")
R> library("gamlss.dist")

Model formula.
R> f <- hgb ~ cage + gender + mbmi + magebirth + bord + hhs + ai + lgdp +
+ distance + nl12 + ndvi12 + pre12 + t2m12 + soil + ... + x + y
R> f <- rep(list(f), 4)

Generate batches.
R> set.seed(123)
R> batch_ids <- lapply(1:200, function(i) { sample(nrow(df), size = 10000) })

Estimate model.
R> b <- bsdt(f, data = df, family = EGB2,
+ batch_ids = batch_ids, k = 2, nu = 0.1, lambda = 0.01)
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Application (Variable Selection)
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Application (Quantile Residuals)

Histogram and density 
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Application (Marginal Effects)
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Application (Risk Map)
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