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Preparation for exercises

You can already now have a look at the page “(T)FCI exercises” and
run the following code from exercise 4.1:

fcires <- fci(nlsdata, sparsity = 0.05)
And exercise 5.1:

tfcires <- tfci(nlsdata, sparsity = 0.05,
order = c("r1", "ré", "ri2"))

These functions are very slow!
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No unmeasured confounding?

Until now: DAGs, CPDAGs and MPDAGs = Assume no unmeasured
(aka unobserved or latent) confounders.

This is a strong assumption!
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No unmeasured confounding?

Until now: DAGs, CPDAGs and MPDAGs = Assume no unmeasured
(aka unobserved or latent) confounders.

This is a strong assumption!

Now: Use bidirected edges to represent unmeasured confounding:
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Unmeasured confounding

Now: Use bidirected edges to represent unmeasured confounding:
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Unmeasured confounding

Now: Use bidirected edges to represent unmeasured confounding:

SN = TN

X Y X Y

Why do we need bidirected edges?
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Unmeasured confounding

Now: Use bidirected edges to represent unmeasured confounding:

SN = TN

X Y X Y

Why do we need bidirected edges?
® When constructing expert graphs we can include “unobserved
confounders”.
® When estimating a graph we do not know beforehand where to
add unobserved confounders!
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Unmeasured confounding

We can represent both latent confounders and mediators:

/’\:/\
/‘\;»/\
X/\y:»/\
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Unmeasured confounding

We can represent both latent confounders and mediators:

/’\:/\

/\ N
X/\Y - TN

XA Yand X Y| XALY
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Unmeasured confounding

We can represent both latent confounders and mediators:

/’\:/\

X Y

/ \ - TN

/ \ S N

X Y X Y
XA YandX1LY| X LY

If we only observe X and Y we cannot distinguish the six DAGs!
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No unmeasured confounding?
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No unmeasured confounding?

/\:»/\

X Y

/ \ SN

/ \ N RN

X Y X Y
XL YandXILY| X LY

Here we are marginalising out the node '.. DAGs are not closed under
marginalisation = we need another type of graph.

1
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Maximal Ancestral Graphs (MAGs)

® May contain directed (—) and bidirected («») edges. These imply
the following in the underlying DAG:

® X — Y: X is a parent or ancestor of Y.
® X+ Y: X is not a parent or ancestor of Y and Y is not an parent
or ancestor of X.

® Has no directed cycles: We cannot have both X — ... — Y and
X+—...<Y.

® |s ancestral: If X <> Y then we cannot have X — ... = Y or
X<+ ...<Y.

® |s maximal: No edges can be added without changing the
independence model

m-separation in MAGs generalises d-separation in DAGs.
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Examples
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Partial Ancestral Graphs (PAGs)

Multiple MAGs can encode same independence model = we can at
best estimate an equivalence class. This is represented by a PAG.

MAGs include two types of edges (directed and bidirected). We might
know one edgemark but not the other. PAGs can have three types of
edgemarks with the following interpretations:

Tail (—): this tail is present in all MAGs in the equivalence class.

Arrowhead (>): this arrowhead is present in all MAGs in the
equivalence class.

Circle mark (o): at least one MAG in the equivalence class has an edge
where this is a tail, and at least one has an edge where this is an
arrowhead.
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Edges in PAGs

Edge type Interpretation

Directed X is an ancestor (or parent) of Y, and there may
X—=Y be unobserved confounding between.

Bidirected There is unobserved confounding between X and Y
XY and no ancestral ancestral relation.

Partially dir. | Either X — Y or X <> Y.
Xo—Y

Non-directed | Either X - Y, X+ Yor X < Y.
XooVY
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Examples
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Examples
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The Fast Causal Inference (FCI) algorithm

Proceeds as the PC but has two additional steps (to find correct
skeleton and v-structures) and need more orientation rules (to output
the maximally informative PAG).

(1) Start with fully connected graph.

(I1) Remove adjacencies for pairs of nodes conditionally independent
given a subset of the adjacent nodes.

(111) Orient v-structures.

(IV) Remove adjacencies for pairs of nodes conditionally independent
given a subset of the possible separating sets.

(V) Orient v-structures.

(V1) Find more arrowheads and tails using orientation rules.

(Spirtes et al. 1999, Ali et al. 2005, Zhang 2008)
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The temporal FCI (TFCI) algorithm

Modification of the FCI algorithm. Uses temporal/tiered background
knowledge in two ways:

1 Skips independence tests conditioning on the future.

2 Orients cross-tier edges.

(a) As directed edges if there is no unobserved confounding across tiers
(Andrews et al. 2020).
(b) As partially directed edges otherwise (Bang & Didelez 2025).

(b) needs more orientation rules than the original FCI algorithm (Wang
et al. 2024, Venkateswaran & Perkovi¢ 2024)

Does not necessarily output a graph that represents a (restricted)
equivalence class!
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