Finding Stable Causal Structures from Clinical Data

Problems

- Instability in causal model estimation.

- An i

model, 1.e., 3"

immense number of possible causal
(n—1)

/2 where n is the

number of variables.

Objectives

To develop a causal method that aims to

resolve the problems of an immense number

of causal mode.
estimation.

s and instability in model

Proposed method

We introduce st

able specification search for

cross-sectional data (S3C), which is s com-

bination of:

- Non-dominated sorting genetic
algorithm-I1T (NSGA-II)
- btability selection

- Structural equation model (S:

L

M)

Outer loop

l Inne

r loop

Sear

Extensions:

ch Visualization

o 'To longitudinal data (S3L)

o 'To latent model (S3C-Latent)

m .
e 1o survival causal model
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Model complexity

(a) Edge stability graph

Model complexity

(b) causal path stability graph

Figure: Causal structures with selection probability > m,.; and model complexity < ;. are considered relevant (stable &
parsimonious).
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(a) ROCs from the edge stability

(b) ROCs from the causal path stability

Figure: Comparison of ROCs of S3L (an extension of S3C to longitudinal data) to other methods
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Figure: The longitudinal causal model of patients with the Alzheimer's disease.

Applications to real-world data

kidney
abili-

Chronic fatigue syndrome, chronic

disease, Alzheimer’s disease, Mental

ties, Tuberculous meningitis, ADHD.

R Package

We implemented S3C as an R package
https://cran.r-project.org/web/

packages/stablespec/index.html
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