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Abstract

Causal discovery methods commonly assume that all data is independently and
identically distributed (i.i.d.) and that there are no unmeasured variables affecting
the system. In practice, these assumptions are often violated, leading to inaccurate
inference. In this paper, we study how to identify hidden confounding and selection
biases from causal mechanism shifts. In particular, we show that structural biases
lead to dependent mechanism shifts. That is, by considering for which variables
the mechanisms change given data from different environments, we can tell which
variables are unbiased, which are subject to hidden confounding, and which are
undergoing selection bias. We formalize this into an empirically testable criterion
based on mutual information, and show under which conditions it identifies struc-
tural biases. To tell which nodes are subject to what kind of bias, we introduce
the STRUBI algorithm. Experiments on synthetic and real-world data show that
STRUBI works well in practice, accurately recovering affected variable sets and
types of biases, outperforming the state-of-the-art by a wide margin. We provide
an implementation of STRUBI at https://github.com/niftynans/strubi.

1 Introduction

Methods for causal inference generally require causal sufficiency and i.i.d.-ness [21, 31]. That is, to
provably recover the causal ground truth, they require that all causally relevant variables are measured
(sufficiency) and that the samples in the data are all independent and identically distributed (i.i.d.).
While convenient in theory, neither of these are likely to hold in practice [13, 14]. Often, we do not
know what the causally relevant variables are, and even if we do, we cannot always measure them.
Often, we also do not know whether a system has a representative sample, or whether it is subject to
selection bias. In either case, this can lead to causal models that can be arbitrarily wrong because
the data will show spurious dependencies [5, 14, 32]. For example, if ‘shark attacks’ and ‘ice cream
sales’ are statistically dependent, it may lead us to believe there is a causal dependency, even if they
are actually conditionally independent given their unmeasured confounder ‘season’. Similarly, if we
only study the survival rates of fighter jets that returned from combat, then we get a distorted view of
where more protective armor is most needed. This raises the question, can we detect whether the data
at hand is unbiased, subject to hidden confounding, or subject to selection bias?

In this paper, we show that by considering non-i.i.d. data collected from different contexts, the
effects of confounding and selection bias are identifiable by considering distribution shifts of the
observed variables. In particular, we show that actual, intrinsic, mechanism shifts leave measurably
different observed mechanism shifts between the three cases. We give an example in Fig. 1. Here,
X and Y are children of observed variable W and are either unbiased (left), confounded (center),
or undergoing selection bias (right) through a latent collider V . We consider data gathered in five
contexts, c1, . . . , c5. In each context, interventions affect specific variables (hammers) and change
their underlying generating process (colored boxes).
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Figure 1: Structural biases introduce dependent mechanism shifts. We consider three systems of four
variables across five different contexts. The unbiased system (left) exhibits independent mechanism
shifts. Under confounding (center), an actual mechanism change on hidden confounder V in context
c1, leads to observed mechanism changes in variables X|V,W and Y |V,W for the same context.
Under selection on a hidden collider (right), a mechanism change on that collider (V ) leads to
observed mechanism changes for all its ancestors, X , Y , and even W .

In the unbiased case, where we measured all relevant variables, the intervention on V in context c1
(purple) do not affect the observed mechanisms of the other variables. The conditionals PX|V,W
and PY |V,W , and the marginal PW all remain the same, they change independently in other contexts
(yellow, blue, green). Under confounding (center), however, an intrinsic mechanism change of V
lead to observed changes in its children (X and Y ). Under selection bias (right), however, an intrinsic
mechanism shift in V leads to observed shifts in all of its upstream variables (X , Y , and W ).

We formally show under which conditions we can leverage this observation to identify and classify
between the three cases. To do so, we assume that mechanisms shifts are independent and non-
degenerate. Importantly, unlike existing work [5, 6], our approach is non-parametric, making it
generally applicable. To put our theory to practice, we propose the STRUBI algorithm for structural
bias identification from empirical data. STRUBI operates on a given causal graph G and employs
the KCI test by [37] to determine if mechanisms change between contexts. We use adjusted mutual
information to determine whether the mechanism shifts of different variables behave independently
or not, and to classify between confounding or selection, consider many of the upstream variables
change together.

We empirically evaluate STRUBI on a wide range of synthetic data, comparing it to five state of the
art methods. The experiments show that STRUBI outperforms its competitors by a wide margin, and
that using an inferred causal graph gives comparable results to using the ground truth causal network.
We verify that STRUBI is applicable on real-world data through a case study on cell-signaling data,
where it correctly classifies between confounding and selection bias, and unlike its competitors,
retrieves high-quality sets of affected variables in both settings.

All code is available in the supplementary. We postpone all proofs to the appendix.

2 Related Work

Inferring causality from observational data is a fundamental challenge in statistics [21, 26, 31]. In a
nutshell, it is only possible to do so under assumptions of the data generating model [21]. Standard
assumptions include the causal Markov condition, causal faithfulness, causal sufficiency, and i.i.d.-
ness. Under these assumptions, classical constraint-based [31, 36] and score-based [3, 23] methods
can recover causal structures up to Markov equivalence.

Causal discovery under latent confounding is an active topic of research. The FCI family [4, 20, 31]
can discover and mark edges that are likely confounded. Nested Markov Models (NMMs) [7, 25, 28,
29] leverage Verma constraints to identify latent factors. DCD [1] combines NMMs with differentiable
constraints [38] to discover partial DAGs. Reddy et al. [24] utilize mutual information on observed
distributions, and Karlsson and Krijthe [12] address latent confounding for effect estimation under a
fixed graph structure. Kaltenpoth and Vreeken [9, 11] model latent confounders directly, allowing
identification of which nodes share latent confounders.
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There exists much less research on causal discovery under selection. FCI [31] is sound under selection,
but Spirtes et al. [32] show that single observational studies are generally insufficient to distinguish
between confounding or selection. To resolve this, Versteeg et al. [33] identify local patterns to
detect causal effects under both biases. Recent work has expanded these capabilities to temporal
dependencies in sequential data [39], "twin graph" frameworks for interventional settings [5], and
rank-based constraints for linear Gaussian models [6]. These methods respective require it i.i.d. or
sequential data, or strict parametric assumptions.

Recent research leverages non-i.i.d. data, in particular distribution shifts across different environments,
to relax the assumptions necessary to identify causal DAGs. Existing methods primarily focus on
handling latent confounding. JCI [18] extends existing causal discovery methods with a context
variable. Perry et al. [22] focus on sparse mechanism shifts, whereas CD-NOD [8] and COCO [14]
both exploit independent mechanism changes. Our approach leverages multi-environment data to
identify the presence of, and, which nodes are affected by hidden confounding resp. selection bias by
detecting dependent mechanism shifts.

3 Preliminaries

In this section, we establish conditions necessary to distinguish confounding from selection bias in
non-i.i.d. settings. We begin by defining context-indexed observed distributions and show how they
are generated by latent causal mechanisms. We then ask the central question: what patterns in the
observed context shifts differentially reveal latent confounding and respectively selection?

3.1 Problem Setting

We consider variables V = X ∪ Z ∪ S, where X , Z, and S denote the sets of observed variables,
hidden confounders, and hidden selection variables, respectively. We assume that X = (X1 . . . , Xd)
consists of d dimensions and the system is observed across multiple contexts c ∈ C, with nc = |C|.
For each context, the full data-generating distribution is P c(V ) = P (V | C = c). We assume that
all these distributions are Markov and faithful with respect to the same causal DAG G∗ = (V,E),
with edge (i, j) ∈ E whenever Vi is a direct cause of Vj . We write pa∗i = {Vj : (j, i) ∈ E} for the
parents of Vi in G∗, and pai = pa∗i ∩X for observed parents of variables Xi. We further write chi
for the set of all children of Vi, anci for the set of all ancestors, and anc+(U) = anc(U) ∪ U .

We assume that latent confounders Z are exogenous, while latent selection variables Sℓ are sink
nodes in G∗ with pa∗(Sℓ) ⊆ X . The observed distribution in context c is then given by

P c
obs(X) := P c(X | R(S) = 1) ,

where R = R(S) = 1 indicates retention of a sample. Absent selection, R ≡ 1 and P c
obs(X) =

P c(X). We make the standard assumption [10] that selection is positive and nondegenerate, i.e.,
0 < P c(R(S) = 1 | pa(R)) for all c, and P c(R(S) | pa(R)) < 1 for some c ∈ C. This excludes
selection rules where selection is so strict that there is no data left in some contexts.

We do not assume causal sufficiency over X alone. Instead, all hidden common causes of observed
variables are assumed to be included in Z, and all selection-induced conditioning is represented by S.

The question is therefore: what can observed mechanisms P c
obs tell us about the graph G∗ over V ?

Problem Statement Given the set of observed distributions {P c
obs(X)}c∈C , our goal is to identify

subsets of X whose observed local mechanisms shift jointly across contexts, and to distinguish, when
possible, whether these shifts are better explained by latent confounding or by selection bias.

3.2 Intrinsic and Observed Causal Mechanism Shifts

A key distinction in our setting is between intrinsic mechanism shifts in all variables, Vi ∈ V and
observed mechanism shifts after marginalizing latent confounders and conditioning on selection.

For any variable Vi ∈ V , we refer to the conditional distribution P c(Vi | pa∗i ) as its intrin-
sic local mechanism in context c. This induces an intrinsic partition Π∗

i of the context set:
two contexts c, c′ belong to the same block when the mechanisms generating Vi are the same,
P c(Vi | pa∗i ) = P c′(Vi | pa∗i ). We denote the block to which c belongs by Π∗

i (c) and therefore have
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Π∗
i (c) = Π∗

i (c
′) in these cases. We call a pair of contexts c, c′ such that Π∗

i (c) ̸= Π∗
i (c

′) an intrinsic
shift. We assume that these intrinsic shifts are jointly independent [14, 22].
Assumption A1 (Nondegenerate Independent Intrinsic Shifts). We assume that intrinsic partitions
{Π∗

i }i are jointly independent and nondegenerate, 0 < P (Π∗
i (C) ̸= Π∗

i (C
′)) < 1.

This assumption commonly holds in realistic settings where shifts occur due to interventions on a
system [22]. For example, in biological data, data from observed distributions is much easier to
obtain than interventional data, and such interventions usually target only one feature at a time.

Just as the intrinsic shifts of P c
i = P c(Vi | pa∗i ) induce partitions Π∗

i , the observed distributions
P c
i,obs = P c(Xi | pai, R = 1) can also shift and induce observed partition Πobs

i of the contexts. In
general, every intrinsic shift of Xi between c, c′ also implies an observed shift between c, c′. For two
contexts c, c′, we define the observed affected set

Ac,c′ := {Xi ∈ X : Πobs(c) ̸= Πobs(c′)} .

Our goal in this paper is to relate the observed partitions Πobs of variables X to the intrinsic partitions
Π∗ of all variables V . In the next section we show that variables Xi, Xj which are members of Ac,c′

for many c, c′ are prime targets for suspecting the influence of latent mechanism shifts.

4 Theory

In this section we connect how observed partitions relate to the effects of latent confounding and
selection by studying the network topology of nodes whose observed partitions correlate. Proofs for
all results can be found in the appendix.

4.1 Difference in Shifts in Observed Variables Based on the Structural Bias

We begin with a simple example to illustrate how latent parents of a variable X and latent selection
on a variable X can have different impacts on its upstream variables.
Example 4.1. Suppose that variable X is caused by a latent Z and observed W , and that Z,W, ϵX
are jointly independent,

X = αZ + γW + ϵX , µc = E[Z | C = c]

If µc = 0 and µc′ = δ, then the observed conditional mean changes as

E[X |W = w,C = c] = γw,

E[X |W = w,C = c′] = αδ + γw.

Thus the observed distribution P c(X |W ) changes across contexts because it marginalizes over the
shifted latent parent Z. In contrast, the observed distribution P c(W ) does not shift.

Now suppose that there is no latent confounder, but that selection acts through a descendant S of X ,

X = γW + ϵX , S = aX + ϵS , R = 1{S > τc} ,

where R = 1 denotes that a sample is retained in context c. By Bayes’ theorem, we get

pc(x | w,R = 1) ∝ P c(R = 1 | X = x,W = w)

P c(R = 1 |W = w)
=

P c(ϵS > τc − ax)∫
P c(ϵS > τc − au)p(u | w) du

.

When a ̸= 0, this weight depends on x, so the observed distribution P c(X | W,R = 1) changes
when τc changes. Furthermore, the observed distribution P c(W | R = 1) also changes:

pc(w | R = 1) ∝
∫
P c(ϵS > τc − au)p(u | w) du .

P c(R = 1)
.

Hence selection makes both its parent X and its observed ancestor W shift, while a changing latent
parent affects only the observed distributions of X that directly marginalize over it.

Next we show that this crucial asymmetry between latent confounding and selection holds generically
for large classes of parametric systems.
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Theorem 4.2 (Observed Local Signatures of Confounding and Selection). Let G∗ be the true graph
over V , with precisely one latent variable, |Z ∪ S| = 1. Let A be given by

A =

{
chG∗(Z), for a latent confounder,
ancG∗(S), for selection .

Let {P c
θ : c ∈ C, θ ∈ Θ} be a parametric family with Θ ⊆ Rd open and connected, such that all joint,

marginal and conditional densities are real analytic in θ on a non-empty common support. Let c and c′

be two contexts in which only the latent variable’s mechanism changes. Suppose that for every Xi ∈ A,
there exists at least one θ0 ∈ Θ such that P c

obs(Xi | paG∗
X
(Xi); θ0) ̸= P c′

obs(Xi | paG∗
X
(Xi); θ0).

Then Ac,c′ = A for all θ outside a Lebesgue-null subset of Θ.

The conditions of this theorem generically hold for large classes of parametric families: exponential
families, linear Gaussian SEMs, parametric additive noise models, generalized additive models,
splines, neural networks with many common activation functions, normalizing flows, and many more.

In the following we therefore assume throughout that latent mechanism shifts induce the correct
observed mechanism shifts.

4.2 Ancestral Coverage and Minimal Explanations

The previous theorem motivates using the graphical topology of sets of variables with correlated
observed partitions. While there is no necessary topological relationship between variables whose
mechanism shifts are correlated by latent confounding, in selection bias the set of variables whose
partitions are correlated contains for any contained variable also all its ancestors.

Definition 4.3 (Ancestral Coverage). Let A ⊆ V be a subset of the nodes of the DAG G = (V,E).
We define the ancestral coverage of the subset A as

covG(A) :=

∣∣A∣∣∣∣ancG(A)
∣∣ .

We call A ancestrally closed if covGX
(A) = 1, i.e., A = anc(A).

By Theorem 4.2, under independent and nondegenerate mechanism shifts, coverage cov(Ac,c′) ≈ 1
in the case of latent selection, but cov(Ac,c′)≪ 1 in the case of latent confounding.

Proposition 4.4 (Ancestral Coverage of Confounding and Selection Effects). Let G∗ be a directed
Erdős-Rényi graph with independent edge probabilities p. Assume that the recovered set Ac,c′ is
generated either by a single latent confounder or by a single latent selection variable.

1. If Ac,c′ is created by selection, then cov(Ac,c′) = 1.

2. If Ac,c′ is created by a confounder, then cov(Ac,c′) < 1 with probability 1−O(e−pk(d−k)/2).

Of course, it is always possible to construct adversarial examples in which the latent confounder Z
targets an ancestrally closed set. However, such explanations are not minimal in the following sense.

Proposition 4.5 (Minimal Latent Variable Sets). Let Ac,c′ ⊆ X be nonempty and ancestrally closed
in G∗. Assume that there exists at least one parent-child pair Xi, Xj ∈ Ac,c′ . Then among all
single-latent-node explanations of the correlated set Ac,c′ , the edge-minimal explanation is that of a
single selector S with sink nodes of Ac,c′ as parents, pa(S) = {Xi ∈ Ac,c′ : ch(Xi) ∩X = ∅}.

We introduce the notion of minimality as it helps in explaining correlations in the mechanism shifts
of the observed variables as simply as possible. We formalize this notion by defining an explanation
with, (i) the minimum number of latent variables, and (ii) the minimum number of edges to and from
the latent variables. For example, if a selection criteria affects a set of nodes, then in the infinite
sample limit, it affects all nodes that are upstream of it. However, this can be minimally expressed by
showing only the sink nodes of the affected set.

Based on these results, we next introduce a practical algorithm which leverages the notion of ancestral
coverage to distinguish confounding from selection bias in the finite data setting.
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Algorithm 1: Structural Bias Identification – STRUBI(G)
input : Observed data over X,C; thresholds τ1, τ2; observed causal graph G.
output : Subsets of X subject to selection bias respectively confounding.

1 foreach variable Xi ∈ X do
2 Compute pc,c′ = p-val

(
P c(Xi | pai) ̸= P c′(Xi | pai)

)
for all pairs (c, c′);

3 Convert {pc,c′} to a partition Πi (grouping contexts by mechanism invariance);

4 Construct an affinity matrixM whereMij = AMI(Πi,Πj);
5 Find the set of connected components K = {K1, . . . ,Km} in the graph induced byM;
6 Filter connected components of K such that XS = {Ki ∈ K : |Ki| > 1};
7 for each subset S ∈ XS do
8 m̄(S)← mean({AMI(Πi,Πj) | i, j ∈ XS , i < j});
9 if m̄(S) < τ1 then

10 Label S as Unbiased;
11 else
12 if covG(S) ≥ τ2 then
13 Label S as Selection Bias;
14 else
15 Label S as Confounding;

16 return Set of subsets XS with assigned labels;

5 The STRUBI Algorithm

In this section, we introduce the STRUBI algorithm and give the pseudocode in Algorithm 1. The
algorithm takes as input the observed data over contexts, the observed causal graph G, and thresholds
τ1 and τ2. τ1 is a threshold for the mean of the pairwise Adjusted Mutual Information (AMI) values
m̄(·) for each detected subset, S to detect the presence of a latent variable. We show how we
calculate AMI values in Appx. B. τ2 is a threshold for covG to distinguish selection bias from hidden
confounding. We arrive at the thresholds 0.1 and 0.6 for τ1 and τ2 respectively, as shown in Appx.
Sec. C.2.

Detecting Causal Mechanism Shifts We perform a conditional independence test to detect mecha-
nism changes, for each causal mechanism of an observed variable Xi and each pair of environments
(line 2) as done by Mameche et al. [14], resulting in the following p-values,

pc,c′ = p-val
(
P c(Xi | pai) ̸= P c′(Xi | pai)

)
.

We perform this independence test using the KCI test by Zhang et al. [37] for all variables that have
parents in G. For marginal tests, we perform the Kolmogorov-smirnov test [15]. Based on pc,c′ , we
obtain partitions,

{
Πobs

i

}
i∈{1,...,|V |}, as defined in Section 3, that describe which observed variables

have significant overlaps in their causal mechanism shifts (l. 3).

Detecting presence of latent variables We take inspiration from Mameche et al. [14] and construct
an affinity matrixM using AMI scores between observed partitions as edge weights (l. 4). We extract
non-trivial connected components from the resulting weighted graph by considering subsets with
m̄(S) > τ1, to identify node subsets jointly influenced by the same latent variable (l. 5-6). However,
we use binary indicators of distribution shifts to build our partitions as opposed to Mameche et al.
[14] who cluster p-values to derive partitions and then detect the presence of a latent variable by
doing spectral clustering on the affinity matrix obtained from the pairwise AMI scores instead.

Identifying Structural Biases We then distinguish selection bias from confounding using STRUBI.
To do this, we check for each subset if covG < τ2 and predict confounding if true, else selection bias
(l. 13-15).
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Figure 2: Structural Bias Detection with STRUBI. Given are F1-scores for bias classification and
subset recovery (left) and the mean pairwise AMI and Coverage values for the unbiased, confounding,
and the selection bias cases (right). The values for the AMI and Coverage are low for unbiased
subsets, low and high respectively for confounded cases, and high for both for the selection cases.

6 Experiments

In this section, we empirically evaluate STRUBI on synthetic and real-world data. We focus on
classifying between unbiasedness, confounding, and selection, and on how well the affected sets of
nodes are recovered.

STRUBI. We consider three main versions of STRUBI. First, we consider STRUBI(Πobs), which is
given the true partitions Πobs of the observed variables. Second, we consider STRUBI(G∗), which
is given the true observed causal structure G∗X . Third, we evaluate STRUBI(Ĝ), which is given a
learned causal graph Ĝ obtained using TOPIC [35].

In addition, to assess the robustness of STRUBI against graph mis-specification, we also consider
STRUBI (G̃), which operates on a perturbed graph G̃ generated by randomly flipping edges of the
ground truth DAG. We provide details and the results for this variant in Appx. C.6.

Baselines We compare STRUBI against five strong baselines. FCI [30] can perform causal discovery
in the presence of hidden confounding and selection bias. We consider FCI applied on data pooled
across all contexts (FCI-P), as well as JCI-FCI [18], which extends FCI to multi-context data. We also
compare against CoCo [14] as a method that can determine hidden confounding from mechanism
changes. We include Latent-Selection [6] which focuses on latent variable causal discovery under
selection bias. We apply it both on pooled data (LS-P) as well as independently on each context and
aggregating the results (LS-C). For more details, see Appx. C.15.

Synthetic Data To evaluate with known ground truth, we consider synthetic data. We adopt the
experimental setup of Huang et al. [8] and Mameche et al. [14]. We generate synthetic data using an
Erdős-Rényi model over m ∈ {3, 5, 7, 9, 11, 13} observed variables. The number of contexts mc is
scaled as 2m. We sample from the following structural equation model (SEM)

X
(c)
i =

∑
j∈pa(Xi)

wij · f
(
X

(c)
j

)
+ µ

(c)
i +N

(c)
i ,

where the edge weights wij are sampled from U(0.7, 1.3) for observed interactions and U(1.7, 2.3)
for interactions involving latent variables. The functional forms f are drawn uniformly at random
from {x, x2, x3, tanh, sinc} and remain invariant across contexts. Mechanism shifts are introduced by
re-sampling the bias term µ

(c)
i from a jittered discrete set {0, 5, 10} ± U(−0.5, 0.5). The exogenous

noise N (c)
i is drawn with equal probability from either a Gaussian distributionN (0, σ2) or a Uniform

distribution U(−σ
√
3, σ
√
3) with σ = 0.05.
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Figure 3: Macro-F1 scores for (a) latent discovery, (b) subset recovery, and (c) structural bias
classification. The shaded gray region illustrates the aggregate performance with maximum error bars
across all baseline methods for the sake of readability. We include all error bars in Appx. Figure 11.

Each latent confounder Zi is modeled as a source node with edges to a random subset of at least
two variables from a pool of nodes in the graph avoiding explicit ancestral closure. Selection bias
is introduced via hidden colliders Si, whose parents are a randomly selected subset of observed
variables. The final dataset is filtered by retaining only samples where Si exceeds the sth percentile
of its marginal distribution. We set s = 85 for our synthetic data, creating a strong selection bias. All
data is normalized globally to zero mean and unit variance.

6.1 Detecting Structural Biases

First, we are interested in understanding whether and how well STRUBI can detect structural biases.
To this end, we generate synthetic data as above, and consider STRUBI (Πobs), STRUBI (G∗), and
STRUBI (G̃). We give the results in Fig. 2. On the left-hand side, we report the F1 scores for
classifying the type of structural bias (i.e. none, confounding, selection) resp. for determining
which nodes are affected. STRUBI(Πobs) shows our theory works; knowing the actual mechanism
shifts, STRUBI performs perfectly. More interestingly, STRUBI given an inferred graph Ĝ performs
essentially as well as when given the true graph G∗. The right-hand panel shows the AMI and
coverage values. We see that classification performance goes hand in hand with how well partitions
are recovered (top row), as well as that when more nodes share a confounder, it becomes harder to
classify it from the case of selection with many ancestral nodes.

Next, we evaluate how well STRUBI performs compared to the baselines. To this end we consider
STRUBI given graph Ĝ inferred using TOPIC [35], JCI-FCI and FCI-P given the causal skeletons,
CoCo given the ground truth graph G∗, and LS-P and LS-C. We are interested in (i) how well can
each identify the presence of latent variables, (ii) identify the affected variables, and (iii) how well
can they identify the type of structural bias. We run each method on the same data as above, and
present the results in Fig. 3. We see that for each of the three tasks, STRUBI outperforms all baselines
by a large margin. LS-P and LS-C do not do very well, probably because of their parametric and
structural assumptions and model misspecification. CoCo is the best performing competitor, and the
only one that improves in subset recovery as the DAG size increases. STRUBI also outperforms the
baselines in terms of the accuracy, precision, and recall. We give those results in Appx. Fig. 12.

We present various additional results, including several ablation studies, and a runtime analysis, in
the Appx C. Specifically, we show that STRUBI performs well even when many assumptions are
not met in practice. For example, STRUBI works well even with correlated mechanism shifts, class
imbalances, and with out of training sample splits. In order to further validate its effectiveness, we
also include results where the observed graph is inferred using CD-NOD [8], which we use as another
off-the-shelf causal discovery method. STRUBI also accommodates simultaneous confounding and
selection bias for the identifiable case where the selection criteria is upstream of the confounders.
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Figure 4: STRUBI correctly recovers hidden confounding resp. selection bias on the Sachs et al.
[27] data. (a) Unbiased consensus graph. (b) STRUBI correctly determines hidden confounding and
recovers three directly and two indirectly confounded nodes when PKC is withheld. (c) STRUBI
correctly determines selection bias and recovers six out of eight true ancestors when withholding and
selecting on PKC. Green lines are correct (solid) resp. on a causal path (dashed), while orange lines
are false positives (dotted).

6.2 Case Study – Cell Signaling

To see how well STRUBI performs in a real-world settings, we consider the (infamous) Sachs
et al. [27] flow cytometry dataset. The data contains samples of eleven protein and phospholipid
components in human immune cells that were studied under different molecular interventions. We
show the consensus causal graph for the Sachs dataset in Fig. 4a. When we run STRUBI, we find
dependencies in the mechanism shifts of proteins Akt and Mek, PKA and PKC, and Plcg and P38.
This aligns with documented signaling crosstalk and shared regulatory architectures [2, 17, 19]. We
give more details in Section D.

For the main experiment, we focus on the PKC node, as it possesses a sufficient number of descendants
and a complex upstream topology beyond its immediate parents. Following the design of Mameche
et al. [13], we induce hidden confounding by dropping variable PKC from the dataset, and selection
bias by first filtering the data to retain only samples where PKC exceeds the 80th percentile of its
marginal distribution, and then dropping it. We consider STRUBI and CoCo given the consensus
causal network. The other baselines do not accept a causal graph as input, so we let those infer it
themselves. We run each method on the unbiased data, data where we induce confounding, and on
data where we induce selection. We present the results of STRUBI in Fig. 4 and of the baselines in
Appx. Fig. 15.

STRUBI correctly classifies confounding and selection bias in their respective cases. In the con-
founded setting, STRUBI correctly infers three confounded edges (Jnk, PKA, Raf), reports two edges
to causal descendants (Mek, AKT) that according to another consensus graph by Meinshausen et al.
[16] are in fact correct, and misses only one edge (P38). In the case of selection bias, it correctly
retrieves six out of eight ancestors, additionally recovering edges from Jnk, P38, and AKT that are
correct compared to the graph by Meinshausen et al. [16] that includes cycles are at least partly
correct. Of the competitors, CoCo performs well on the confounded setting, but fails to recover
accurate subsets in the case of selection bias. JCI-FCI recovers in both cases only two indirectly
related nodes (Erk and Akt). LS-C in both cases incorrectly returns that all nodes in the graph are
affected.

STRUBI is able to recover meaningful subsets affected by latent variables even though many assump-
tions are violated, because coverage depends on nodes detectably affected by mechanism shifts. For
instance, in the case of selection bias, if the affected nodes are part of a cycle, the coverage would
depend on the number of nodes affected by the selection criteria, the strength of the selection bias,
and how far upstream the shifts propagate. Barring cases where a majority of nodes in the entire
feedback loop are directly affected or in the case of noisy distributions, the coverage acts as a good
measure to separate confounding and selection. This works in the case of feedback loops if and only
if the fraction of upstream nodes subsumed in the set of affected nodes diverge in the two cases. In
cases where shifts do not strongly propagate upstream, i.e., in the case of a weaker selection criteria,
weak mechanism shifts, as well as in cases with many latent variables, the coverage values may very
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well overlap. In theory, the joint distribution of the observed variables is in general defined in terms
of an equilibrium solution, so that a confounder on a subset of the strongly connected component
(SCC) also leads to mechanism shifts in all other variables inside the SCC.

In summary, STRUBI performs well, even on real-world data on which our assumptions are unlikely
to hold, as AMI and coverage are sound metrics to identify and classify the type of structural biases
at play. It correctly determines unbiasedness, confounding, and selection bias, and recovers many of
the truly affected nodes. We provide further details, along with a detailed discussion and additional
results in Appx. D.

7 Discussion & Conclusion

We studied the problem of identifying structural biases from observational data. In particular, we
showed under which conditions it is possible to infer the presence of latent confounding or selection
bias on latent colliders, given data from multiple contexts by detecting dependent mechanism changes.
To tell which nodes are subject to what kind of bias in practice, we proposed the STRUBI algorithm.
Through an extensive set of experiments, including a case study on cell-signalling data, we showed
that STRUBI performs well in practice, outperforming the state of the art in detecting confounding,
selection bias, and classifying between them, even when our assumptions do not strictly hold.

Limitations As with all approaches in causal inference, we too need to make assumptions on
how the world works. While we relax the assumptions of sufficiency and i.i.d.-ness, we do require
the Markov condition and faithfulness. This means that for systems with cyclic dependencies or
in cases where two competing causal pathways exactly cancel each other, our guarantees do not
hold. We see this as an important direction for future work. A key assumption in our work is that
mechanism changes are independent and nondegenerate. While generally reasonable, this will not
always hold in practice, and it will be interesting to generalize our theory given (limited) knowledge
about intervention targets, or by including recent results on identifying intervention targets.

A practical limitation is that STRUBI relies on a conditional independence test, and therewith requires
sufficiently many i.i.d. samples per context, and similarly, to determine independence of mechanism
shifts, requires data from sufficiently many contexts. The availability of contexts therefore affects
performance. We show that a higher context-to-dimension ratio yields better results, as a larger
number of distinct contexts provides more interventional shifts, which improves identifiability. At
lower ratios STRUBI remains sound, but it can only identify the base distribution and the mechanism
shifts that the available contexts reveal. Evaluating all pairs of contexts (c, c′) has a complexity of
O(|C|2), where |C| is the number of distinct contexts. In most datasets |C| is small to moderate, so
this is unlikely to become a bottleneck.

Another practical consideration is that we need access to a causal graph built from domain knowledge
(such as protein signalling, process mining pipelines, climate change data, etc.) or learnt using
an off-the-shelf causal discovery algorithm. However, how well this would work depends on the
extent to which the biases as present. Although STRUBI works well if the graph is not highly
mis-specified, it would be interesting to explore removing the need for a graph to begin with. We
could improve STRUBI’s guarantees if we extend our theory and method to allow for probabilistic
outputs to determine which structural bias is at play, and to amortize the process across different
datasets. Another interesting idea would be to extend STRUBI to time-series data, where contexts
can possibly be replaced with regimes.
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A Proofs

Throughout this section, let GX denote the observed subgraph induced by X , and write anc+GX
(A) =

ancGX
(A) ∪ A for observed ancestors including the set itself. For fixed contexts c, c′, define the

observed local module

Qc
i (xi | a; θ) := P c

obs

(
xi | paGX

(Xi) = a; θ
)
.

We use the standard analytic zero-set fact that a real analytic function on an open connected parameter
set is either identically zero or has a Lebesgue-null zero set.

Proof of Theorem 4.2

Theorem 4.2 (Observed Local Signatures of Confounding and Selection). Let G∗ be the true graph
over V , with precisely one latent variable, |Z ∪ S| = 1. Let A be given by

A =

{
chG∗(Z), for a latent confounder,
ancG∗(S), for selection .

Let {P c
θ : c ∈ C, θ ∈ Θ} be a parametric family with Θ ⊆ Rd open and connected, such that all joint,

marginal and conditional densities are real analytic in θ on a non-empty common support. Let c and c′

be two contexts in which only the latent variable’s mechanism changes. Suppose that for every Xi ∈ A,
there exists at least one θ0 ∈ Θ such that P c

obs(Xi | paG∗
X
(Xi); θ0) ̸= P c′

obs(Xi | paG∗
X
(Xi); θ0).

Then Ac,c′ = A for all θ outside a Lebesgue-null subset of Θ.

Proof. Fix the two contexts c, c′. We prove two statements: nodes outside the set A have invariant
observed local modules for all parameter values, while nodes in A have changed observed local
modules except on a null parameter set.

Latent confounding. There is no selection, so P c
obs = P c, and the only changed intrinsic mecha-

nism is the exogenous law of the single latent confounder Z. If Xi /∈ chG∗(Z), then Z is not a parent
of Xi. Since all other parents of Xi are observed and all observed mechanisms are unchanged, the
Markov factorization gives

Qc
i (· | paGX

(Xi); θ) = Qc′

i (· | paGX
(Xi); θ)

for every θ ∈ Θ. Equivalently, any downstream effect of the shifted Z reaches Xi through observed
parents and is blocked by conditioning on them.

If Xi ∈ chG∗(Z), then the latent parent is marginalized out of the observed local module. For parent
values a with positive probability,

Qc
i (xi | a; θ) =

∫
pθ(xi | a, z) dP c

θ (z | a),

with the same conditional kernel pθ(xi | a, z) in both contexts and a context-dependent mixing law
for Z. By assumption, for this Xi there is some θ0 ∈ Θ at which the two observed local modules
differ. Hence, for some (xi, a) on the common support,

fi(θ) := Qc
i (xi | a; θ)−Qc′

i (xi | a; θ)

is a real analytic function that is not identically zero. Its zero set is therefore Lebesgue null. Thus Xi

is in Ac,c′ for all θ outside a null set.

Selection. Now suppose the single latent variable is a selector S. Then there is no latent confounder,
all parents of observed variables are observed, and only the selection mechanism changes. If Xi /∈
ancG∗(S), then S is a non-descendant of Xi. By the local Markov property, Xi ⊥ S | paGX

(Xi),
and therefore also Xi ⊥ R(S) | paGX

(Xi). Hence

Qc
i (· | paGX

(Xi); θ) = P c(· | paGX
(Xi); θ) = P c′(· | paGX

(Xi); θ) = Qc′

i (· | paGX
(Xi); θ),

where the middle equality uses that no observed intrinsic mechanism changes.
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If Xi ∈ ancG∗(S), Bayes’ rule gives, for any observed parent value a with positive probability,

Qc
i (xi | a; θ) = P c(xi | a,R = 1; θ) =

P c(R = 1 | xi, a; θ)P
c(xi | a; θ)

P c(R = 1 | a; θ)
.

The factor P c(xi | a; θ) is unchanged across c, c′, whereas the selection likelihood changes with the
mechanism of S. The theorem assumes that this reweighting is nontrivial for at least one θ0. As
above, analyticity then implies that equality of Qc

i and Qc′

i holds only on a Lebesgue-null subset of
Θ.

There are finitely many observed variables. Taking the union of the null exceptional sets over all
Xi ∈ A is still null, while all Xi /∈ A are invariant for every θ. Therefore Ac,c′ = A for all θ outside
a Lebesgue-null subset of Θ.

Proof of Proposition 4.4

Proposition 4.4 (Ancestral Coverage of Confounding and Selection Effects). Let G∗ be a directed
Erdős-Rényi graph with independent edge probabilities p. Assume that the recovered set Ac,c′ is
generated either by a single latent confounder or by a single latent selection variable.

1. If Ac,c′ is created by selection, then cov(Ac,c′) = 1.

2. If Ac,c′ is created by a confounder, then cov(Ac,c′) < 1 with probability 1−O(e−pk(d−k)/2).

Proof. Let A = Ac,c′ , k = |A|, and d = |X|. We write

covGX
(A) =

|A|
| anc+GX

(A)|
.

If A is created by selection, Theorem 4.2 gives A = ancG∗(S) ∩X , the observed ancestors of the
selector. Any observed ancestor of a node in A is again an observed ancestor of S, so anc+GX

(A) = A
and hence covGX

(A) = 1.

If A is created by a latent confounder, Theorem 4.2 gives A = chG∗(Z). For A to be ancestrally
closed, no observed node outside A may be an observed ancestor of any node in A; in particular,
there can be no directed edge from X \A into A. In the standard directed Erdős–Rényi DAG model,
each cross pair contributes such an outside-to-inside edge with probability p/2. Therefore

P
(
A has no outside parent | |A| = k

)
≤ (1− p/2)k(d−k) ≤ exp{−pk(d− k)/2}.

On the complementary event, anc+GX
(A) strictly contains A, so covGX

(A) < 1. Thus

P
(
covGX

(A) < 1 | |A| = k
)
≥ 1− exp{−pk(d− k)/2} = 1−O(e−pk(d−k)/2),

which proves the claimed bound.

Proof of Proposition 4.5

Proposition 4.5 (Minimal Latent Variable Sets). Let Ac,c′ ⊆ X be nonempty and ancestrally closed
in G∗. Assume that there exists at least one parent-child pair Xi, Xj ∈ Ac,c′ . Then among all
single-latent-node explanations of the correlated set Ac,c′ , the edge-minimal explanation is that of a
single selector S with sink nodes of Ac,c′ as parents, pa(S) = {Xi ∈ Ac,c′ : ch(Xi) ∩X = ∅}.

Proof. Let A = Ac,c′ . The sink nodes of A are the maximal nodes of the subgraph induced by A,

M := {Xi ∈ A : chGX
(Xi) ∩A = ∅}.

Because A is ancestrally closed, every node in A is an ancestor of some node in M , and every
observed ancestor of a node in M lies in A. Hence

A = anc+GX
(M).

A single selector S with pa(S) = M therefore generates exactly the observed shifted set A by
Theorem 4.2, using |M | edges into the latent node.
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No single-selector explanation can use fewer such edges. Indeed, suppose another selector parent set
B also satisfies anc+GX

(B) = A. For any m ∈M , since m ∈ A = anc+GX
(B), either m ∈ B or m

is an ancestor of some b ∈ B. In the latter case b ∈ A is a descendant of m; maximality of m in A
forces b = m. Thus m ∈ B, so M ⊆ B.

A single-confounder explanation is local by Theorem 4.2: to generate exactly A, the latent confounder
must be a parent of every node in A, and hence uses |A| latent edges. Since A contains at least one
parent-child pair, not every node of A is maximal, so |M | < |A|. Therefore the selector with parent
set M is edge-minimal among all single-latent-node explanations.

Coverage bound used for thresholding. If a confounded set A has size k and is not ancestrally
closed, then anc+GX

(A) contains at least one node outside A. Consequently,

covGX
(A) =

|A|
| anc+GX

(A)|
≤ k

k + 1
.

This gives a simple finite-size thresholding heuristic for separating low-coverage confounding patterns
from ancestrally closed selection patterns.

B Calculating Adjusted Mutual Information (AMI)

We show here, how we compute the AMI score for two partitions, Πobs
i and Πobs

j . Following [14],
each variable Vi induces a partition Πobs

i of the context set C, where two contexts lie in the same
block if the conditional mechanism of Vi is invariant across them. To quantify whether two variables
exhibit coordinated mechanism shifts, we compare their induced partitions.

Let Πobs
i = {π1

i , . . . , π
I
i } and Πobs

j = {π1
j , . . . , π

J
j } be two partitions of C. Their overlap is summa-

rized by the contingency table N = (nab), where

nab =
∣∣πa

i ∩ πb
j

∣∣ , ua =
∑
b

nab, vb =
∑
a

nab, N = |C|.

As in [14], the mutual information between the two partitions is

MI(Πobs
i ,Πobs

j ) =

I∑
a=1

J∑
b=1

nab

N
log

nabN

uavb
,

with entropies

H(Πobs
i ) = −

I∑
a=1

ua

N
log

ua

N
, H(Πobs

j ) = −
J∑

b=1

vb
N

log
vb
N

.

Large values indicate that knowing the shift pattern of one variable is informative about the shift
pattern of the other, which is precisely the signal we expect when both are jointly affected by the
same confounder or collider.

With finitely many contexts, however, raw mutual information is positively biased even for unrelated
partitions. We therefore use adjusted mutual information (AMI) [34], which subtracts the expected
mutual information under random partitions and normalizes the result:

AMI(Πobs
i ,Πobs

j ) =
MI(Πobs

i ,Πobs
j )− E[MI(Πobs

i ,Πobs
j )]

1
2

(
H(Πobs

i ) +H(Πobs
j )

)
− E[MI(Πobs

i ,Πobs
j )]

.

This yields AMI = 1 for identical partitions and an expected value of 0 for independent random
partitions, making it a more reliable finite-sample affinity score than raw mutual information. The
expectation E[MI(Πobs

i ,Πobs
j )] is computed according to the hypergeometric distribution.

As a simple example, let C = {c1, c2, c3, c4} and consider

Πobs
i = {{c1, c2}, {c3, c4}}, Πobs

j = {{c1, c2}, {c3, c4}}.
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Then the contingency table is

N =

(
2 0
0 2

)
,

so the two partitions agree exactly and AMI(Πobs
i ,Πobs

j ) = 1. In contrast, if Πobs
j =

{{c1, c3}, {c2, c4}}, the overlap is spread evenly across the contingency table, the mutual infor-
mation vanishes, and the adjusted score is correspondingly near 0.

In our algorithm, the pairwise AMI values define the affinity matrixM, whose connected components
are candidate subsets of variables that shift together.

C Additional Results on Synthetic Data

Table 1: Experimental Parameters for Synthetic Data Generation
Parameter Description
n The number of samples (observations) available within each context.

m The total number of observed variables in the causal Directed Acyclic
Graph (DAG).

r The ratio of mechanism shifts assigned to observed nodes relative to
latent nodes.

mcf Scaling factor for context availability, where the number of contexts
mc = m× mcf.

δ The shift density; the ratio of contexts containing a shift to the total
number of contexts (baseline δ = 0.48).

Synthetic Data Generation Process We generate 25 instances of ground truth DAGs across for
each node size, n ∈ {3, 5, 7, 9, 11, 13}. For our main experiments, we set the total number of contexts
mc to be 2n, with 500 samples per context. Within these contexts, we allow 0.48 ∗mc contexts (to
ensure sparsity) to appear to be shifted in order to ensure sparse mechanism shifts. We set the ratio of
the number of shifts per each observed node to the number of shifts per each latent node to be 0.25.

To ensure exclusive mechanism shifts while maintaining a controlled graph density, we define the
shift budget allocation for latent and observed nodes as follows. The total shift budget Btotal is
defined as:

Btotal = ⌊mc · δ⌋

Given a set of latent nodes Sl (comprising confounders and colliders) and a set of observed nodes X ,
we define the effective denominator D using the observed shift ratio r:

D = |Sl|+ (r · |X|)

The number of shifts assigned to each latent node (V ) and each observed node (Xi) is then calculated
as:

V = max

(
1,

⌊
Btotal

D

⌋)
Xi = ⌊r · V ⌋

To rigorously evaluate the proposed method, we conduct a series of controlled ablations across several
key dimensions. These experiments are designed to test the robustness of our information-theoretic
signatures under varying structural and environmental constraints.

C.1 Parameter Definitions

The synthetic data generation and subsequent evaluations are governed by the parameters detailed in
Table 1. For all ablations, we vary the hyperparameter in question over the defined range, and fix
the other parameters in their default values, i.e., n = 500, m = 5, our main oracle is STRUBI(G∗),
r = 0.25, mcf = 3.0, and δ = 0.48.
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Figure 5: Ablation results for Sample Complexity across DAG sizes. The average execution runtimes
are 1.57s, 2.91s, 16.79s, and 124.23s for N = 100, 200, 500, and 1000, respectively. We choose
n = 500 for our main experiments as it provides a good balance of performance and runtime and
matches base requirements for the baselines. The structural bias classification and subset recovery
F1 scores (upper) are similar.

C.2 Ablation on Sample Complexity (n)

We evaluate the data efficiency and asymptotic stability of the AMI and coverage signatures by
varying n ∈ {100, 200, 500, 1000}. This ablation is performed across a range of DAG sizes (m ∈
{3, . . . , 15}) to determine the optimal number of samples required per context for reliable results. As
we see in Fig. 5, we get reliable results with lower number of samples. However, we stick to 500
samples as the variance is low and runtime is not high.

The final classification is governed by a hierarchical search for optimal thresholds based on AMI
and Coverage. A threshold of 0.1 on the AMI values suffices for distinguishing the presence of
a latent variable. It is important to note that the thresholds (lower) obtained for n = 100, 200 are
lower, 0.46, 0.48 respectively, for smaller sample sizes and higher for n = 500, 1000 (0.60, 0.71
respectively) which is expected as the estimates of mutual information are less reliable with fewer
samples. Since we have n = 500, we have t∗ = 0.6. Subsets with coverage < t∗ are classified as
Confounded as they are more prone to having localized mechanism influence, while those exceeding
t∗ suggest Selection Bias due to widespread influence across upstream parents.

C.3 Ablation on the Structural Shift Ratio (r)

This experiment investigates the impact of structural bias by varying the frequency of shifts in
observed versus latent variables using r ∈ {0, 0.25, 0.5, 1.0, 1.5}. We assess the method’s capability
to isolate latent selection effects when observed nodes exhibit varying levels of mechanism volatility
for graphs of size 5. As we can see in in Fig. 6, as r increases, the performance of the method
degrades as the observed nodes become more volatile and the signatures become less exclusive to
latent shifts. 1

C.4 Ablation on the Shift Density (δ)

We test the robustness of STRUBI against sparsity. We ablate over shift densities δ ∈
{0.2, 0.48, 0.6, 0.8}, which denote the fraction of contexts in which any causal mechanism shifts
occur, across the entire set of variables, V . Higher values of δ imply noisy mechanism shifts. We

1An interesting note here is that, since we choose a low value for r, it subdues the noise arising from backdoors in the
underlying causal graph. If the ratio is higher, then we may misclassify confounding as selection bias in many cases. This
is because, due to the presence of latent variables, while looking at conditional distributions, an observed parent that is
conditioned on might open up a latent v-path, leading to unforeseen correlations. This would lead to noise as well. Hence,
having a low r ratio also helps us in reducing the chance of seeing spurious effects via backdoors.
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Figure 6: Ablation over values of ratio r. As r increases, performance metrics decline, indicating
higher sensitivity to observed node noise.
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Figure 7: Ablation over the fraction of contexts in which variables undergo causal mechanism shifts.
STRUBI(G∗) works well even when the assumption is relaxed.

show in Fig. 7 that STRUBI works well even if we don’t have sparse shifts. However, we need
independent and nondegenerate shifts in order to separate the effects of a latent variable from the
unbiased cases.

C.5 Ablation on number of Contexts (mc)

We perform STRUBI’s effectiveness across the number of given contexts. We vary mcf ∈
{0.5, 1.0, 2.0, 3.0} which is the ratio between the number of observed nodes in the graph, and
the number of contexts mc. More the number of contexts, less the number of noisy mechanism shifts
detected. As we see in Fig. 8, higher the ratio, better the performance.

C.6 STRUBI’s performance on incorrect graphs

To simulate structural errors in causal discovery (e.g., from a search algorithm), we introduce noise
into the DAG via edge-flipping. We evaluate the Perturbed oracle at m = 5 with flip fractions,
f ∈ {0.1, 0.25, 0.4, 0.5} in Fig. 9. This measures the degree of structural degradation the algorithm
can tolerate before the identification of latent types becomes unreliable.

C.7 STRUBI and its variants

To rigorously evaluate the framework components, we define three oracles:

• STRUBI (Πobs): This variant receives the partitions and then performs classification.

• STRUBI (G∗): This variant operates on the true underlying causal graph.

• STRUBI (Ĝ): This variant operates on a learned causal graph using TOPIC.

We showcase the performance on structural bias classification of these variants according to dif-
ferent metrics in Fig. 10. The runtimes for each oracle across different DAG sizes are given in Table 2.

C.8 Analysis of runtimes

All experiments were conducted on an Apple M3 Pro (14-core CPU, 36GB RAM), utilizing 10
CPU cores to parallelize all context evaluations via Python’s multiprocessing. Our main oracle,
STRUBI(G∗) exhibits a mean runtime of approximately 34s for 13-node graphs. The STRUBI(Π)
oracle takes less than 1s across all sizes. The STRUBI(Ĝ) variant, where the underlying causal graph
is estimated using TOPIC, closely tracks the STRUBI(G∗)’s performance. As for the baselines, the
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Figure 8: Ablation over the ratio of the number of observed variables with the total number of
contexts. The X-axis denotes the factor multiplied to the DAG size to obtain the contexts.
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Figure 9: Ablation of performance mettrics across flipping fractions. Since the performance drop is
not huge, we can say that STRUBI can accommodate graph mis-specification.

Algorithm 2: STRUBI Suite: Discovery and Classification

1 Sub-procedure A: STRUBI(Πobs)

input : Partitions Πobs for every observed variable
output : Subsets of X suffering from selection bias or confounding.

2 Construct an affinity matrixM whereMij = AMI(Πobs
i ,Πobs

j );
3 Identify subsets XS ⊆ X as connected components inM;
4 if XS = ∅ then
5 return Unbiased
6 else
7 foreach identified subset XS do
8 Calculate coverage cov(XS) ≥ τ ? Selection Bias : Confounding;
9 return Subsets XS with labels;

10 Sub-procedure B: STRUBI(G)
input : Observed data over X,C; observed causal graph G.

11 foreach variable Xi ∈ X do
12 Compute pc,c′ and convert to partition Πobs

i ;
13 return STRUBI(Π);

14 Sub-procedure C: STRUBI(Ĝ)
input :Observed data over X,C

15 Ĝ = TOPIC (X,C);
16 return STRUBI(Ĝ);

latent selection variants (LS-Pooled, LS-Contexts) and FCI variants are very fast, with sub-second
execution times even for the larger graphs, CoCo scales much more aggressively, and is slower than
STRUBI (G∗). The runtimes for each oracle are shown in Table 2 and the baselines in Fig. 14 in
Section C of the Appendix.
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Figure 10: The accuracy, precision, and recall for STRUBI’s oracles for the task of structural bias
classification

Table 2: Runtimes across variants and graph sizes (n).
Oracle n Runtime (s) Oracle n Runtime (s)

full

3 0.19± 0.01

perturbed

3 0.38± 0.02
5 1.40± 0.31 5 2.89± 0.55
7 4.51± 0.72 7 9.24± 1.02
9 10.79± 0.82 9 21.46± 1.49

11 19.92± 1.37 11 40.70± 2.82
13 34.47± 2.56 13 68.37± 4.48

TOPIC

3 0.27± 0.40

partitions

3 0.38± 0.78
5 1.39± 0.34 5 0.13± 0.13
7 4.35± 0.70 7 0.21± 0.15
9 10.96± 0.73 9 0.31± 0.18

11 19.39± 1.47 11 0.37± 0.24
13 35.13± 2.77 13 0.51± 0.24

C.9 Graph Density Ablation

In our base experiments, we perform our experiments on Erdos-Renyi graphs with graph density
p = 0.5. Since the coverage gap is very high between the confounded and selection cases, this
threshold can be chosen flexibly. We obtain a suitable threshold, τ2, for the coverage values to
distinguish confounding from selection bias by analyzing the TPR rates w.r.t. τ2. However, if we
increase the graph density, we see a rise in the coverage of the confounding cases due to (1) natural
coverage increase, and (2) spurious mechanism shifts propagating. We look at the average coverage
values for selection and confounding via an ablation on p for 500 samples in table 3.

We see that for very low values of p, i.e., where there is sparsity, coverage becomes a weaker metric
as upstream ancestry reduces. We show in table 4 for high p, especially in large graphs, the shift
effects spillover and noise increases. As we see with these results, coverage becomes less effective in
larger graphs with high edge densities due to noise and natural coverage overlaps, and also in small
sparse graphs as shifts cannot propagate.

C.10 Dependent and Overlapping Shifts

Assuming that the mechanisms do not appear to be correlated due to the presence of a latent variable,
distinguishing if the shifts appear due to a confounder, selection criteria, or from their intrinsic
shifts becomes difficult. If intrinsic shifts of the variables themselves are correlated, then it is very
easy to mistake it for the presence of a latent variable. However, usually mechanisms appear to be
correlated due to the presence of confounders and selection criteria. STRUBI might infer an extra
latent variable due to the correlated shifts, and also not retrieve the entire affected node set. However,
if the correlations are not very high, then STRUBI can recover a fraction of the affected subset of
nodes while determining the type of bias at play. It is most likely that interventions appear to be
correlated due to the presence of a confounder or a selection criteria, in practice. We perform an
ablation on the overlap in the intrinsic shifts of all variables in table 5. Here, the Overlap Ratio
determines the pair-wise overlap of shared shifts. We define a pairwise overlap ratio, α and define it
as shown in table 6.
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Table 3: Average coverage for colliders and confounders across varying graph sizes and densities.
Graph Size No. of Samples Graph density (p) Avg Coverage (Collider) Avg Coverage (Confounder)

5 500 0.1 0.167± 0.408 0.167± 0.408
5 500 0.3 0.833± 0.408 0.000± 0.000
5 500 0.5 1.000± 0.000 0.083± 0.204
5 500 0.7 0.944± 0.136 0.167± 0.258
5 500 0.9 0.944± 0.136 0.181± 0.214
9 500 0.1 0.500± 0.527 0.229± 0.407
9 500 0.3 0.883± 0.315 0.256± 0.323
9 500 0.5 0.840± 0.312 0.384± 0.211
9 500 0.7 0.969± 0.065 0.499± 0.195
9 500 0.9 0.968± 0.071 0.479± 0.123
13 500 0.1 0.677± 0.451 0.200± 0.283
13 500 0.3 0.745± 0.262 0.722± 0.137
13 500 0.5 0.860± 0.191 0.855± 0.077
13 500 0.7 0.748± 0.315 0.913± 0.005
13 500 0.9 0.735± 0.200 0.833± 0.118

Table 4: Results across varying graph sizes and densities (p). ‘*’ denotes no overlaps in the coverage
metric, and ‘X’ denotes large overlaps (>0.4). For cases with nonzero overlaps in coverage, we chose
values in between the overlapping regions.

Graph Size p = 0.1 p = 0.3 p = 0.5 p = 0.7 p = 0.9

5 X [0.000, 0.425]∗ [0.287, 1.000]∗ [0.425, 0.808]∗ [0.394, 0.808]∗

9 X [0.569, 0.579] [0.529, 0.595]∗ [0.694, 0.904]∗ [0.602, 0.897]∗

13 [0.226, 0.483] [0.483, 0.858] [0.669, 0.932] X X

The accuracy, precision, recall, F1 score, drop as the ratio increases. The increase in the mean
Structural Hamming Distance (SHD) is quite steep, i.e., subset recovery is rapidly worsening with an
increase in α. However, the drop in bias classification is not as rapid. This implies that STRUBI can
tell apart if the system is affected by confounding or selection bias, but is not retrieving the correct set
of nodes suffering from this bias, as the shifts in the observed variables are now overlapping. As we
see, if the graph is too sparse, then shifts don’t propagate, and if it is too dense, then latent detection
is overridden, as structurally, the coverage values come closer.

C.11 Out of Sample Generalization

In our experiments, we learn Ĝ and use STRUBI (Ĝ) on the same samples. This is because we wish
to make use of whatever samples we can in order to learn the causal structure, and also conduct
independence tests. However, using a separate sample split would increase statistical confidence in
our method. We show here, an ablation with stratification with 250 samples per context, and see that
the performance stays more or less consistent. We show our results in Tables 7 and 8.

C.12 Simultaneous confounding and selection bias

Detecting the presence of a confounder as well as a selection criteria is challenging due to issues
with identifiability. For instance, if the selection criteria occurs downstream of confounding, then
the effects of confounding would be subsumed by the selection node. It is also likely that unless the
graph is big and the affected subsets are significantly far apart, the presence of such latent variables
would give rise to backdoors. Doing this robustly would be a very important future direction. We
provide an ablation over larger graphs, i.e., sizes 9, 11, and 13, and report the classification results in
Table 9.
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Table 5: Performance metrics across varying node sizes and overlap ratios (α).
Node Size Overlap Ratio (α) Accuracy Precision Recall F1 Mean SHD

5 0.00 1.0000 1.0000 1.0000 1.0000 0.55
5 0.33 0.8800 0.8978 0.8800 0.8793 0.84
5 0.66 0.9200 0.9378 0.9200 0.9193 0.68
5 1.00 0.7600 0.8317 0.7600 0.7093 1.16
9 0.00 0.9000 0.9286 0.9000 0.9046 1.65
9 0.33 0.7200 0.8400 0.7200 0.7240 2.36
9 0.66 0.8000 0.8697 0.8000 0.7977 2.20
9 1.00 0.4800 0.4933 0.4800 0.4157 2.12

13 0.00 0.9231 0.9385 0.9231 0.9219 3.62
13 0.33 0.9231 0.9385 0.9231 0.9219 4.77
13 0.66 0.9167 0.9333 0.9167 0.9153 2.92
13 1.00 0.6667 0.7738 0.6667 0.6258 4.17

Table 6: Definition of overlap ratios (α) and their corresponding shift mechanics.
Overlap ratio (α) Description

0.0 shifts(V1) ∩ shifts(V2) = ∅
0.5 |shifts(V1) ∩ shifts(V2)| = 0.5×min(|shifts(V1)|, |shifts(V2)|)
1.0 shifts(V1) = shifts(V2)

C.13 STRUBI with CDNOD

We include an ablation study where we learn the causal graph using CDNOD [1] instead of TOPIC,
as it is a constraint-based causal discovery method for non-stationary and heterogeneous data.
Since CDNOD is a constraint-based method, it does not scale well, and since it is a conditional
independence-based algorithm, it is also slower to implement. In certain cases, it fails to detect sparse
shifts. However, STRUBI can work with off-the-shelf causal discovery methods.

C.14 STRUBI with class imbalance

In our base experiments, we use equal number of samples across all environments to establish
a balanced baseline dataset. In this ablation, we induce imbalance by randomly down-sampling
each environment independently, retaining a uniform random fraction of data between 50As for
the imbalance and high variability, this depends mainly on the performance of the independence
test being used. Lastly, the availability of multiple contexts is required in theory, for the sparsity
assumption to hold. However, as we show in practice with the Sachs dataset, this need not hold true
strongly.

Reduced sample size primarily affects the statistical power of the pairwise KCI tests. However, as
long as KCI can detect mechanism shifts fairly accurately, STRUBI performs well. Our partitioning
rule accounts for varying sample sizes by thresholding each node’s shift frequency adaptively, relative
to the observed spread between the highest and lowest number of shifts for that specific node. In the
case of severe imbalance, the chance of detecting a shift for a genuinely shifted but rare context drops.
If these true shifts go undetected, it leads to an underestimation of the recovered subset, which can
subsequently hamper the structural bias classification. Therefore, while our adaptive thresholding
mitigates moderate imbalance, extreme rarity of a context fundamentally limits the ability to perform
reliable independence testing.

C.15 Additional Details on Baselines

LS-Pooled The first baseline [5], treats the non-i.i.d. dataset as a unified, exchangeable sample by
marginalizing over all context labels. In this approach, causal discovery is performed in a single pass
over the aggregated data matrix, which maximizes the sample size to increase the statistical power of
the underlying conditional independence and rank tests.
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Table 7: In-sample performance across varying graph sizes.
Graph Size Bias Type Accuracy Mean SHD

3 0.60 0.52
5 0.88 3.08
7 0.56 7.56
9 0.52 15.92

Table 8: Out-of-sample performance across varying graph sizes.
Graph Size Bias Type Accuracy Mean SHD

3 0.64 0.56
5 0.92 3.24
7 0.68 7.48
9 0.64 15.20

LS-Contexts The second baseline [5], explicitly performs structural discovery for each context.
After this, the latent structure recovered in a majority of the contexts is retained.

Additional Comparisons with Baselines We show some extra results on the baselines in this
section. Fig. 11 contains the reported error bars of the baselines in comparison with STRUBI. Fig. 12
gives the accuracy, precision, and recall on the task of structural bias classification, Fig. 13 compares
STRUBI with the [5] variants on their data assumptions, and Fig. 14 compares the runtime of all
baselines.
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Figure 11: F1 scores on (a) latent variable discovery, (b) affected subset recovery, and (c) structural
bias classification. This figure also shows the error bars, which were not included in Figure 3 for
clarity.

C.16 Extended Discussion on Baselines

Supplying the true DAG to baseline methods such as the LS (Dai et al., 2025) and FCI variants
is infeasible due to the algorithmic architecture and strict structural assumptions inherent to these
approaches. We provide the true graph to CoCo as it supports taking the entire graph as input.
Our experiments suggest that STRUBI (Ĝ) outperforms CoCo(G∗). The FCI variants are designed
to infer a Partial Ancestral Graph (PAG) directly from empirical conditional independence tests.
Their capacity to identify latent confounding is intrinsically tied to this structure-learning phase
(e.g., through the orientation of bi-directed edges). Injecting a fully specified DAG as background
knowledge circumvents this core mechanism, stripping the algorithm of its ability to detect latents
and often leading to degenerate outputs if the fixed graph conflicts with empirical data.

The LS variants also cannot accept a DAG as input. These methods strictly require a "one-factor
model" structure, where each latent variable must have at least two purely observed proxy measure-
ments with no other parents. Furthermore, they rely on linear Gaussian data generation and linear
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Table 9: As we expect, the subset recovery in these cases is poor, due to poor detection of mechanism
shifts, due to presence of latent backdoors, upstream selection bias propagation, and natural increase
in coverage due to an increase in graph size.

N Precision Recall F1 Subset Recovery

9 97.4% 74.0% 77.1% 32.0%
11 97.7% 84.0% 80.6% 42.0%
13 95.6% 86.0% 83.4% 42.0%

Overall 96.8% 81.3% 80.5% 38.7%

Table 10: Accuracy and Macro F1 scores across varying node sizes.
Node Size No. of Samples Accuracy Macro F1

3 500 0.8571 0.7937
5 500 0.8182 0.7778
7 500 0.7273 0.7026
9 500 0.7143 0.7074

selection mechanisms. Unless an input graph strictly conforms to this narrow measurement structure
and parametric regime, it cannot be processed by these baselines. Unlike their method, we do not
make any functional assumptions in order to identify selection bias. To address this and ensure a
fair comparison, we use TOPIC in order to first learn a graph and then evaluate our method on it,
including an ablation on mis-specified graphs. We selected TOPIC as our primary external discovery
tool because its approach is well-suited for capturing non-linear dependencies without requiring strict
parametric assumptions, works for multi-context data, and is faster to implement and outperforms
CAM, SCORE, RESIT, and Notears.

We would also like to point out, that STRUBI cannot work with a MEC or from scratch, as the presence
of selection bias correlates the shifts of its upstream variables, making their shifts symmetrical
in nature, making it difficult for criteria like the Bayesian Information Criterion, or Minimium
Description Length to help in compression, and hence, the orientation of the edges. This can be
possible with more structural or functional assumptions and would be an interesting direction for
future work.

Supplying the true graph as background knowledge is technically available to the FCI variants,
but does not improve their results. Both identify latent confounding through an orientation phase
that relies on the separating sets discovered during an adaptive, CI-test-driven search, and fixing
the skeleton in advance removes this evidence, often producing degenerate orientations where the
imposed graph conflicts with the empirical independencies.

The LS variants, on the other hand, admit no comparable mechanism, since their one factor measure-
ment model requires each latent to have at least two purely observed, parent-free proxies, together
with linear-Gaussian generation and linear selection (which is a very strong assumption), and has no
analogous slot for a general DAG. We accordingly run all baselines from scratch, with the exception
of CoCo, which we supply with the true graph, as it is explicitly designed to accept one. Hence,
for a fair comparison with STRUBI, we now have results with two off-the-shelf-causal discovery
algorithms. STRUBI’s main contribution comes after this phase. It is to distinguish selection bias
and confounding, via the Adjusted Mutual Information as well as the Coverage. To be able to do
this, without any parametric assumptions, is our main contribution. This is a difficult problem as
the presence of selection bias correlates the shifts of its upstream variables, making their shifts
symmetrical in nature, making it difficult to learn causal structure.

D Additional Results on the Cell-Signaling Data

The Sachs et al. [27] dataset is particularly interesting as it contains multiple contexts with known
interventions. However, it is also very challenging as the system is complex and has many cyclic
dependencies [16] and hence these interventions might affect multiple nodes in overlapping contexts,
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Table 11: STRUBI can work with different number of samples per context as well. However, the
performance drops slightly, compared to scenarios where each context has the same number of
samples.

Node Size Imbalance Type AMI Threshold Coverage Threshold Accuracy Subset Recovery F1

5 mild_imbalance 0.01 0.67 0.7200 0.7244
5 extreme_imbalance 0.45 0.61 0.8000 0.7963
9 mild_imbalance 0.01 0.84 0.7600 0.7449
9 extreme_imbalance 0.01 0.84 0.7200 0.6898
13 mild_imbalance 0.01 0.64 0.7778 0.8056
13 extreme_imbalance 0.01 0.82 0.7941 0.7965
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Figure 12: STRUBI outperforms the baselines for structural bias classification in terms of accuracy,
precision, and recall as well.
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Figure 13: Our TOPIC oracle outperforms LS-Pooled and LS-Contexts on linear data with Gaussian
and uniform noise sampled with equal probability. These are the primary paramteric assumptions by
[6].
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Figure 14: Runtime Analysis for all baselines across different graph sizes.

leading to noisy partitions. In the unbiased setting, STRUBI finds overlaps in causal mechanisms of
Akt-Mek, Plcg-P38, and PKA-PKC. This can be due to biological crosstalk.

For instance, the dependencies detected between Akt-Mek may be attributed to the extensive pathway
crosstalk between the Ras-MAPK and PI3K-mTORC1 cascades [17]. Similarly, the identified
dependencies between PKA-PKC likely reflect shared regulation via phospholipase C(PLC) signaling;
such simultaneous activation pathways can render conditioning on PLCγ alone insufficient for
isolation [19]. Finally, the overlapping shifts in Plcg-P38 may reflect parallel activation by common
upstream MAP3Ks in response to shared extracellular growth or stress signals [2].
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E Discussion on the Sachs Dataset [27]

It is important to note, that in noisy datasets, if the mechanism shifts are not detected, then coverage
does not remain robust in the presence of cycles as the fraction of upstream nodes subsumed in the
case of confounding and selection might not diverge. Furthermore, unlike PKC, which was chosen as
our primary case study due to its strong functional dependencies across environments, Erk is highly
robust to mechanism shifts thereby not producing strong enough shifts in its children or ancestors.
Even under direct interventions targeting PKC, Erk’s mechanisms remain entirely stable. This lack of
variation deprives the algorithm of the necessary cross-environmental signal needed to overcome the
dataset noise and cyclical structures. CoCo was also unable to detect its effects Erk serve as potential
other confounders, but CoCo does not detect their effects on its children, for the confounding case.

The mechanism shifts we obtain are given in Table 12 and the retrieved latent structures by the other
baselines in Fig. 15.

Node Causal Mechanism Shifts

Akt C0 (T cell activation), C2 (AKT inhibitor)
Erk C3 (G06976), C8 (beta2cAMP)
Jnk No shifts
Mek C0 (activation), C2 (AKT inhibitor), C4 (MEK1/2), C6 (LY294002)
P38 C1 (ICAM-2/LFA-1), C7 (PMA/PIP2 inhibition)
PIP2 C3 (G06976), C5 (U0126)
PIP3 C0, C1, C2, C3, C4, C7
PKA C3 (AKT inhibition), C4 (MEK inhibition)
PKC C4 (Psitectorigenin)
Plcg C1 (LFA-1), C7 (PIP2 inhibition), C8 (beta2cAMP)
Raf C0 (activation), C4 (MEK inhibition), C7 (PMA), C8 (beta2cAMP)

Table 12: Detailed inventory of causal mechanism shifts identified across the signaling network
nodes.
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Figure 15: Retrieved latent structures across baselines.
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(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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tions to faithfully reproduce the main experimental results, as described in supplemental
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Answer: [Yes]
Justification: Yes, the entire code is shared, with implementation details specified clearly in
a supplementary zip file.
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• While we encourage the release of code and data, we understand that this might not
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experimental runs as well as estimate the total compute.
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deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
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11. Safeguards
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• For existing datasets that are re-packaged, both the original license and the license of
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• For initial submissions, do not include any information that would break anonymity (if
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