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Abstract

Gene regulatory network inference (GRNI) aims to discover how genes causally
regulate each other from gene expression data. It is well-known that statistical
dependencies in observed data do not necessarily imply causation, as spurious
dependencies may arise from latent confounders, such as non-coding RNAs. Nu-
merous GRNI methods have thus been proposed to address this confounding issue.
However, dependencies may also result from selection—only cells satisfying certain
survival or inclusion criteria are observed—while these selection-induced spurious
dependencies are frequently overlooked in gene expression data analyses. In this
work, we show that such selection is ubiquitous and, when ignored or conflated
with true regulations, can lead to flawed causal interpretation and misguided inter-
vention recommendations. To address this challenge, a fundamental question arises:
can we distinguish dependencies due to regulation, confounding, and crucially,
selection? We show that gene perturbations offer a simple yet effective answer:
selection-induced dependencies are symmetric under perturbation, while those from
regulation or confounding are not. Building on this motivation, we propose GISL
(Gene regulatory network Inference in the presence of Selection bias and Latent
confounders), a principled algorithm that leverages perturbation data to uncover
both true gene regulatory relations and non-regulatory mechanisms of selection and
confounding up to the equivalence class. Experiments on synthetic and real-world
gene expression data demonstrate the effectiveness of our method.

1 Introduction

Gene regulatory network inference (GRNI [1}2]]) is fundamentally a problem of causal discovery, that
is, identifying causal regulatory relationships from observational and experimental gene expression
data [3} 4]. Existing GRNI studies include dependence-based methods using correlation [5, |6]],
regression [7, 8 9], and mutual information [10} [11]; dynamic modeling using pseudotemporal
trajectories [12} (13|14} [15[16]); and perturbation modeling using differential analysis [17, 18] 19} 20].
Central to these efforts is a fundamental question: can a statistical dependence observed in gene
expression data be interpreted as a regulatory relationship? It is well-known that the answer is not
always yes—dependencies do not imply causation, as spurious dependencies may arise from latent
confounding such as non-coding RNAs or environmental stimuli [21} 22| 23]. Numerous GRNI
methods have thus been proposed to address this confounding issue [24} 25] 126, [27]].

Yet another important source of spurious dependencies remains underexplored: selection bias—the
preferential inclusion of data points based on specific criteria [28]. In gene expression data, this
arises when only cells meeting certain survival inclusion criteria are observed. As a result, two
genes may appear statistically associated not because one regulates the other or they share a common
regulator, but because only cells in which both genes satisfy the survival criteria persist and are
sequenced. Dynamic proliferation studies support this mechanism: perturbations selectively eliminate
cells that fail to meet the survival criteria, yielding the differential proliferation rates before and after
perturbation [29, 30]. We show that such selection is pervasive and, if ignored or conflated with
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genuine regulatory interactions, can severely bias GRNI results. Conversely, explicitly modeling
selection bias can reveal non-regulatory dependencies and yield novel biological insights.

A fundamental question then arises towards GRNI under selection bias: can we distinguish depen-
dencies due to regulation, confounding, and selection—and if so, how? This is challenging, because
despite the very different biological nature between regulatory and selection processes, both of them
occur upstream of the data collection process (i.e., gene screening), and may thus leave indistin-
guishable statistical patterns in observational data. Fortunately, with gene perturbation experiments
becoming increasingly feasible in practice [31]], this challenge can be effectively addressed. We
show that gene perturbations offer a simple yet powerful answer to the question: selection-induced
dependencies are symmetric under perturbation, while those from regulation or confounding are not.

To illustrate how perturbations help identify selection for GRNI, we examine a case study in leukemia
cells [32]. In this dataset, the genes AURKA and TORIAIPI exhibit strong statistical dependence
that cannot be explained by any other genes, yet no known regulatory relationship between them is
documented in existing databases [33]. Could this be hidden confounding? Perturbation suggests
otherwise: perturbing AURKA produces a shift in the marginal distribution of TORIAIP expression—
an outcome inconsistent with the confounding hypothesis, as perturbing a gene should not affect its
upstream confounders. Furthermore, perturbing TORIAIPI also leads to a notable change in AURKA,
contradicting the asymmetric nature expected from a pure causal relationship. Together, these
symmetric dependencies under perturbation point to an alternative explanation: a selection process
between the two, which aligns with P53 pathway coupling analyses in cancer cells [34} 35/ 136].

Building on the motivation above, we develop a flexible causal framework that models both observa-
tional and perturbation gene expression data, and allows for the presence of both latent confounders
and selection bias. We characterize the information provided by perturbations through conditional
independence (CI) relations in data, and show that regulatory relations, latent confounders, and
selection processes typically exhibit distinct CI patterns. Based on these findings, we propose GISL
(Gene regulatory network Inference in the presence of Selection bias and Latent confounders), a
general nonparametric algorithm that not only identifies regulatory relations from potentially biased
data, but also detects the underlying confounding and selection processes themselves, shedding lights
on non-regulatory relations that, while often overlooked, also play important roles in cellular systems.

The contribution of this work is threefold. 1. This is the first, to the best of our knowledge, to identify
and to address the issue of selection bias in gene expression data and its impact on GRNI. 2. We
propose a novel algorithm for identifying regulatory relationships, as well as latent confounders
and selection processes up to the equivalence class. Our algorithm is general, without requiring any
parametric or graphical assumptions except for the standard ones. 3. We validate our claims and
demonstrate the effectiveness of our proposed GISL on both synthetic and real-world experimental
single-cell gene expression data, showing its superiority over canonical causal discovery methods
and computational GRNI baselines.

2 Preliminaries

2.1 Causal formulation of gene regulatory networks and gene perturbations

Gene regulatory networks (GRNs) represent the causal relationships governing gene activities in
cells [37]]. Since regulatory interactions fundamentally correspond to causal relationships, we refer
to them as such throughout. We represent the whole data generating process by a Directed Acyclic
Graph (DAG) G whose vertex set can be partitioned by V = {X, £,S}. X = {X;}¥ | correspond
to observed variables where each X; represents the expression of an individual gene. £ = {L;}1;
accounts for the latent factors that regulate gene expression like non-coding RNAs and environmental
constraints. S = {5;}}, are selection variables that capture the underlying selection processes.
Each S, is a binary indicator variable for an independent selection criterion, with value 1 indicating
that criterion being satisfied in a cell, and 0 otherwise [38,[39]. Only cells with all the S; = 1 are
harvested in the dataset. Observed genes influenced by latent confounders and selection variables are
designated as confounder pairs and selection pairs, respectively, and are formally defined as follows:

Definition 2.1 (Confounded pair). A pair (X;, X;) is referred to as a confounded pair, denoted
(Xi, X;)1, if and only if there exist an Ly, € £ such that the structure X; <— Ly — X exists in G.
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Figure 1: Alternative graphical representations of interventions. (a) Mutilated DAGs depicting hard
intervention [40]. (b) Generalized intervention representation using the augmented DAG [41]]. (c)
Augmented DAG for confounded pairs, where L denotes a latent confounder [42].

Definition 2.2 (Selection pair). A pair (X;, X;) is referred to as a selection pair, denoted (X;, X;)s,
if and only if there exist an Sj, € S such that the structure X; — S, < X exists in G.

Given gene expression and perturbation data, each intervention (perturbation) target X; € X denotes
variable X}, is intervened on. Let 7 = {T;} fi 1» I3 € X represent the collection of intervention tar-
gets. To model the “action of do perturbation", perturbation indicators T = (I;)Y_, are incorporated
into the DAG as exogenous variables with directed edges pointing to corresponding intervention tar-
gets represented by an augmented DAG [43]]. I;, = 0 indicates the observational data Dy, I, = 1 indi-
cates the interventional data Dy, with X, being intervened on. Other basic concepts are in Appendix[A]

Established CRISPR-based gene perturbation methodologies encompass gene knockout (CRISPR-
Cas9) and transcriptional modulation (CRISPRa/i), which can be mathematically formalized within
causal inference frameworks as hard and soft interventions, respectively. For hard interventions, [40]]
consider each T}, as factoring in a mutilated DAG over [N], denoted by mut(G, X}), where the edges
incoming to the target X, are removed and others remain as shown in Figure[T|a).

For soft interventions, the mutilated DAG representation does not apply, as soft interventions do not
remove incoming edges, and all settings may factor in the same G. Thus, the augmented DAG is
utilized as a generalized framework for representing interventions [43L!4 1], as illustrated in Figure b),
where 7 denotes the intervention target set. Intervening on a cause changes the marginal p(cause) and
p(effect), but the conditional p(effect|cause) remains invariant. Conversely, intervening on an effect
leaves p(cause) unchanged, p(cause|effect) changes [44] 45]]. This invariance has been leveraged by
numerous interventional causal discovery methods [46, 47, 48], predominantly implemented through
parametric regression analysis. More related works are discussed in Appendix B}

2.2 Understanding selection bias: principles and key characteristics

Selection bias arises when only samples satisfying underlying criteria are systematically included—
excluding all others—and thereby induces spurious dependencies [28]]. The criteria can be categorized
in two distinct ways: (1) inherent constraints (‘survival’), which arise prior to treatment and are
always operative, and (2) sampling bias, which results from non-randomly sampling, both of which
can be conceptualized within the framework of exogenous selection in causal graphs [28, 49]. In
gene expression data, inherent selection constraints predominate, notably competition for shared
cellular resources [50} 51]] and differential regulatory activity across promoters and enhancers [21]].
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Example 1. To illustrate how the se-
lection process makes two indepen-
dent variables statistically dependent,
consider two measurements from a
tumor growth study: X (Concentra-
tion of inflammatory cytokine IL-6)
and Y (Tumor growth rate). Both
variables are independent with no
causal relations or confounders (both X - Survived —— Not survived |
observed and latent). We simulate
this independence in Figure[2Ja) by Figure 2: (a) Scatterplot of X and Y showing selected patients

sampling X and Y independently (‘e’) and excluded individuals (‘). (b) and (c) Distributions
from a uniform distribution /[0, 2] after two distinct interventions on variables X and Y, respec-
(sample size n = 3,000). However, tively, in the selected population (‘e’ in (a)).
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the study protocol restricts analysis to patients with “favorable clinical outcomes” (i.e., those who
survived and subsequently presented for hospital care). We model this selection process by retaining
only cases where X + Y > 2, resulting in a subset of n = 1,485 patients (marked as e in[(a)).
Within this selected subset, X and Y appear negatively correlated—creating the illusion of statistical
dependence—despite being truly independent in the full population.

To elucidate how selection processes interact with perturbations, we conducted a randomized clinical
trial in which patients were assigned to either placebo or treatment arms. The control group follows
distribution P¢, which is the ‘e’ in[(a)} For the treatment group, we implement soft deterministic
interventions on X, specifically do(X = X — 0.5). The resulting distribution P’ (post-intervention)
is visualized by ‘e’ in[(b)] (n=514). When intervention interacts with selection criteria, we observe
that Pt=(Y') # P¢(Y'), despite the absence of causal relations between X and Y. This discrepancy
arises because the consistent application of selection constraints filters out specific samples, altering
the distribution of Y. Similarly, under a hard stochastic intervention on Y, do(Y ~ U[—0.5,1]),
the distribution P'v is represented by ‘e’ in (n=386). We observe that P'v(X) # P¢(X). The
distribution changes induced by selection after different interventions on both sides, along with the
corresponding changes in sample size n, illustrate the symmetry perturbation effect of selection
processes and its underlying mechanisms through criterion-based filtering.

With all the notions ready, the joint probability density of intervention over X’ is as follows:

ka (X) = fs(X> H ka (X2|Xpag(z)) H pw(Xj|Xpag(j))7 (D
{i| X; €T} {41X;¢Tx}

where p? and p”* denotes the probability density of observational distributions and interventional dis-
tributions with intervention target Ty, C X, f5(X) indicates the selection constraints on observational
sets X, and pag (7) indicates the parents of X; in G [52]. The joint probability density of observation
is pT’“ (X), Ty = (0. Note that ka (X] ‘Xpag(j)) = p@ (Xj|Xpag(j))a VX] ¢ Ty..

3 Methodology

Having laid out the necessary preliminaries, we now turn to interpreting the observed statistical
dependencies. We first establish the rationale for leveraging gene perturbation data to detect selection
bias, uncover latent confounders, and infer regulatory relations (§ 3.1)). Subsequently, we present a
computational framework and algorithmic solutions tailored to address these challenges (§ [3.2).

3.1 Differentiating causal relations, selection processes, and latent confounders

We now describe how causal relations, selection processes, and latent confounders can be distin-
guished via perturbations, focusing on two key patterns: symmetry and perturbation effects.

Perturbation symmetry. Causal relationships (X — Y') are asymmetric: perturbing X shifts the
distribution of Y, but not vice versa (Figure [3[a)). Selection processes (X — S < Y') are symmetric:
perturbing either shifts the other, as discussed in Example 1 in Section@] (Figure EKC)). In the case
of latent confounders, unlike selection, perturbations do not propagate through the latent confounder
L, i.e., perturbing X or Y does not affect the other (Figure b)). These contrasts provide a basis
for differentiating causal, selection, and confounding structures. Note that throughout we focus on
acyclic graphs, as our primary goal is to provide a proof of concept for addressing selection bias.
Cyclic structures introduce additional complexities not essential for this purpose. Once the acyclic
case is fully understood, extending the approach to handle cycles becomes more straightforward.

Perturbation effects. However, perturbation symmetry alone is insufficient when multiple dependen-
cies coexist. For instance, both pure regulatory relationships (Figure[3(a)) and regulation involving
latent confounders (Figure Ekd)) are perturbation asymmetric, making them indistinguishable. In
terms of perturbation effects, fortunately, by modeling observational and perturbation data within the
augmented DAG framework (V = {X, £, S,Z}), where the perturbation indicators Z are incorpo-
rated as exogenous variables, we can model how perturbation leads to changes in distribution on other
genes via capturing the dependencies between Z and affected ones. To see the power of this new
framework, referring back to structures (d) and (a), since conditioning on X constrains the distribution
of Y via L, conditional distribution changes between P(Y|X,Ix = 1) and P(Y|X, Ix = 0) will be
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Figure 3: Distinguishing causal, selection, and confounding structures via perturbation effect and
symmetry. indicates the targeted gene pairs of CI test. (a) refers to the direct cause structure
between X and Y (represented by ‘C’). (b) means there is a latent confounder between them (‘L).
(c) is the structure of selection process (‘S’). (d) stands for causation and latent confounders at the
same time (‘C & L"). (e) stands for causation and selection process at the same time (‘C & S’).
contains CI results. (f) serves as a reference table summarizing the CI patterns for each target gene
pair: different symbols correspond to different CI relations; black symbols (A, ¥, ¢, ®) indicate the
conditional independence, while white symbols (A, V, ¢, O) indicate the conditional dependence.
For example, (a) encodes four Cl relations: Y U Ix | S (A)and Y U Ix | X, S (V) at the top;
XU Iy |S(e)and X U Iy | Y, S (O) at the bottom.

observed in (d), resulting in Ix )X Y | X. In contrast, structure (a) lacks this conditional dependence,
making the two structures distinguishable. This complementary use of perturbation effects alongside
symmetry enables us to distinguish different structures.

Having outlined the distinct perturbation symmetries and perturbation effects associated with the
three causal structures, we are now able to categorize the observed dependencies accordingly. To
achieve this, we apply conditional independence (CI) tests—powerful statistical tools capable of
detecting changes in distributions between the interested variables. Their application relies on two
mild assumptions, a special case is further discussed in[3.4} as follows:

Assumption 3.1 (Causal Markov assumption). Given a DAG G over the variable set ), every variable
M in V is probabilistically independent of its non-descendants given its parents in G.

Assumption 3.2 (Faithfulness assumption). Given a DAG G and distribution P over V, P implies no
ClI relations not already entailed by the Markov assumption.

Remark 3.3. These two assumptions are common and fundamental for connecting causality with
statistical tools, as they ensure that CI tests can correctly capture the underlying causal structure.

Under these mild assumptions, we can now reliably employ the CI test tool to capture distribution
changes manifested by perturbation symmetry and effects. The resulting CI patterns between Z and
X exhibit distinct behaviors across different structural scenarios, as illustrated in Figure E]
Accordingly, causal relationships, selection processes, and latent confounders are distinguishable.
Remark 3.4. When selection interacts with CI testing, we observe extra conditional dependence
between indicator I and variables in selection pairs, suchas Ix X YV | X (V ),and [y U X | Y
(O), as illustrated in the gray-shaded columns (c) and (e) of Figure [3| only when the variable is
both intervened and is in the conditional set. This is because testing the dependence between
Ix and Y given X is equivalent to detecting differences between the distributions P(Y'| X, Ix = 0)
and P(Y|X,Ix = 1). Referring to the pre-intervention case (a) and post-intervention case (c)
in Figure [2| it is obvious that P(Y|X,Ix = 0) # P(Y|X,Ix = 1), which establishes that
Ix U Y|X. Although this special case violates both Markov and faithfulness assumptions, the
distinctive characteristic provides an opportunity to identify selection. The observed four unique CI
patterns are shown in FigureE], 1.e., (a), (b), (c), (d).

3.2 Algorithm GISL: Handling both selection bias and latent confounding

Building on the different CI patterns across distinct causal structures in Section [3.1] we develop
Algorithm (I} named Gene Regulatory Network Inference in the presence of Selection bias and



Algorithm 1: Gene Regulatory Network Inference in the presence of Selection bias and Latent
confounders (GISL).

Input: Observational D and single gene perturbation data{ Dy, | X, € T} over Ay.
Output: Equivalence class G over X', Confounder pairs L, Selection pairs S
Step 1. Initialize: Set G° as a fully undirected graph; L={ },S ={ }, L’ ={ }, Unk = { }.
Step 2. Recover the skeleton from observational data Dy: G' < FGES(GY, Dy).
Step 3. Capture CI patterns from observational data and perturbation data:

foreach (X;, X;) € G' and (X;,X;) C T do

If 7 == Figure[3(a) then G2 + G'. <Regulatory Relationship
If 7 == (b) then L + (X, X;). <Latent Confounders
If 7 == (c) then S + (X;, X;),G% «+ G < Selection Bias
If 7 == (d) then L’ + (X, X;). eCcar

If 7 == other patterns not included in Figure then Unk + (X;, X;)

Step 4. Correct CI patterns by blocking d-separated paths:
repeat Step 3 (X, X;) € L’, S, Unk, conditioning on the subsets of their non-endpoints.
If (X;, X;) € L' and correct to (a) then L’ := L’ \ {(X;, X;)}
If (X;, X,) € S and correct to (a) or (b) or (c) then S := S\ {(X;, X,)}
until no further edges (X;, X;) need correcting
return G2, LUL’, S.

Latent confounders (GISL), a general nonparametric algorithm, to detect the existence of selection
bias and latent confounders, and identify regulatory relationships. We first obtain adjacencies from
observational data Dy, as it provides the sparest skeleton by statistical criteria such as CI tests or
the Bayesian Information Criterion (BIC) [53]. The resulting skeleton, representing conditional
dependencies, guides further exploration of underlying causal structures (Step 2).

To capture the differences in symmetry and perturbation effects, we examine CI patterns between
perturbation indicators Z and X from both observational data Dy and single gene perturbation data
{Dy | Xi € T} to identify structures that can inform the skeleton as illustrated in Figure [3{(f)
for gene pair (X, Y"). The CI results are collected and represented by the set J in Step 3. While
examples offer initial intuition in distinguishing different causal structures, more complex scenarios
require further careful analysis for completeness, especially when multiple paths connect node pairs,
including d-separated paths (representing conditional independence) and inducing paths (representing
conditional dependence), defined as follows:

Definition 3.5 (d-separation [54]). Let G be a DAG, and let A, 3, and C be three disjoint sets of
nodes in G. We say that A and B are d-separated by C in G if and only if every path between a node
in A and a node in 5 is blocked by C.

Definition 3.6 (Inducing path [55]). In a DAG with £ and S, X,Y are any two vertices, and £, S
are disjoint sets of vertices not containing X, Y. A path p between X and Y is called an inducing
path relative to (£, S) if and only if every non-endpoint vertex on p is either in £ or a collider, and
every collider on p is an ancestor of either X, Y, or a member of S.

If the inferred structure includes both inducing paths and d-separated paths, further correction is
required to remove the dependencies induced by d-separated paths (Step 4), as illustrated in Example
2 in Section [3.2] More complex inducing-path configurations and their implications for recovering
the true causal structure are discussed in Section|C] Given the adjacencies provided by the skeleton,
d-separated paths can be blocked by conditioning on adjacent nodes. After correction, GISL can
detect the presence of selection bias and latent confounders between each pair of genes as well as
regulatory relationships. To represent equivalence classes under latent confounding and selection
bias, we adopt the edge semantics from the Partial Ancestral Graph (PAG) framework.

Example 2 Consider a simple case involving two variables X and Y, connected by two paths: an
inducing path X < L — Y, and a d-separated path X — Z — Y. Without conditioning on Z, the
observed CI pattern reflects the influence of both paths—specifically, both confounding via L and
dependency via Z, denoted as “C & L”. Only by conditioning on Z can we block the d-separated
path and correctly identify the underlying confounding structure, yielding the CI pattern “L”.



Table 1: Accuracy % of GISL in identifying selection bias on synthetic data. We report the mean and
variance values of accuracy across 10 independent graphs for each configuration.

Nﬁ 10 15 20 25 10 15 20 25

Hard intervention Soft intervention

500 63.3+£227 68.7+£202 72.0£222 70.0£20.0 | 60.4+£24.0 60.6+£16.6 682+173 67.5£15.9
1,000 70.4+20.0 70.0£19.6 74.6+18.6 7594149 | 75.0£16.7 748+£20.2 80.2+0.7  72.1+14.2
1,500 71.04+223 7254186 77.5+17.5 769+£17.2 | 725+156 80.8+11.3 782+13.6 77.5+£163
2,000 73.4+£22.6 754+£19.6 757£154 739£142 | 80.0£11.0 733£17.3 782+13.6 T51£147

3.3 Identifiability result of the GISL algorithm

We analyze the identifiability of the proposed GISL framework in detecting selection bias, latent
confounders, and regulatory relationships and conclude the following theorem:

Theorem 3.7. (Identifiability of GISL) Let the observational and perturbation data be generated
from the DAG model G defined in Equation (I). Under Markov [3.1|and faithfulness 3.2 assumptions,
when the sample size n — oo, the causal relationships, selection processes, and latent confounders
are identifiable up to the equivalence classes of four types of CI patterns in Figure [5|among variables
that are subject to interventions. Moreover, the presence of selection processes and latent confounders
(existing or not) is identifiable.

Remark 3.8. Identifiability can be established intuitively. Take the causal relation X — Y as an
example. Structurally, X can only point out with tails, and Y can only be pointed to with arrowheads.
To reproduce this structure using other inducing paths, one must substitute the tail with a v-structure
(S) or the arrowhead with the hidden common cause (£). If selection is used to replace the tail, then
Ix and Y would not be conditionally independent given X (discussed in[3.4), which contradicts the
CI pattern of ‘C” in Figure[3[a). Alternatively, if a latent confounder replaces the arrowhead, since
hidden common causes only contribute to two arrowheads, the requirement of tails and removing the
effect of the extra arrowhead necessitates an intermediate node to keep the CI patterns with ‘C’. As
the intermediate node cannot be blocked, this requires a v-structure and an edge point to Y following
Definition Then, X must point to the intermediate node to form the V-structure with the extra
arrowhead. Therefore, X is the ancestor of Y. For more details on proofs of the identifiability of
GISL in the presence of latent confounders and selection process, please kindly refer to Appendix

4 Experiments

We begin by evaluating GISL’s ability to detect selection bias on synthetic data. Next, we present the
benefits of considering selection bias in causal discovery, specifically, benchmark its performance in
identifying regulatory relationships tasks, against established baselines. Finally, we apply GISL to
real-world gene expression data, using Z-scores as a proxy ground truth.

4.1 Identify the selection bias on synthetic data

Nonparametric settings. To better reflect the complexity of gene expression, we adopt a nonpara-
metric structural causal model (SCM) that accommodates latent confounders and selection bias with-
out assuming specific functional or distributional forms: L, = Ej, , X; = (1 — 1) [ To (pag (X; )) +
Ezl] +1; [flv (pag (XZ)) + Ezl] , with selection governed by f(X;, X;) > C. E,, and Ej, are Gaus-
sian noise terms with randomly selected means and variances, C' is randomly selected threshold, and
fo, fs are sampled from diverse nonlinear functions: linear, square, sin and log. I; € [0, 1] indicates
the gene is perturbed or not, with corresponding perturbation function f;. Following Section
we simulate gene perturbations using both hard and soft interventions. In an ideal hard intervention
(knockout), one would set do(X; = 0). But to capture off-target variability, we instead sample
do(X; ~ U(a,b)), with the interval [a, b] randomly chosen for each intervention. Soft interventions
(knockup and knockdown) model up- or down-regulation by adding a uniform noise to the original
expression: X; < X; + ¢, where € ~ U(0, ¢) for knockup, and ¢ ~ U(—d, 0) for knockdown. The
magnitudes ¢ and d define the strength of the up- or down-regulation.
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Figure 4: Comparison results in identifying regulatory relations under four metrics: DAG F}, DAG
Precision, DAG Recall, and DAG SHD (Structural Hamming Distance). All values are averaged over
10 runs with different random seeds. Error bars represent the 95% confidence interval.

Synthetic data generation. We first instantiate DAGs using Erd6s—Rényi model [56] with the
number of edges equal to the number of variables. Then groups of synthetic gene expression
data are generated following the SCM and intervention protocols detailed above, sweeping the
configurations: the number of observation data n ranged in {500, 1500, 2000}, the number of
variables |X| € {10, 15,20, 25}. For each (n, |X|) configuration, and separately for hard and soft
intervention, we instantiate 10 independent structures by randomly choosing 1-3 selection pairs and
1-3 confounding pairs, reflecting the complexity of the gene expression scenario.

Comparison results (selection bias, Table |I| and Table Q) We report the evaluation results of
GISL (KCI for CI test with o = 0.05) in identifying selection bias on the synthetic data detailed
above. The accuracy score is defined as the percentage of identified selection pairs that are aligned
with ground truth in all positive predictions. In
Table[T} GISL accurately captures selection bias,
especially when more data points are collected.
Take an example with |X'| = 20, leveraging Il 1 2 3 4
more data to precisely characterize distribution Hord  828L148 8l6L112 681L181 7081206
changes yields a ~7 % accuracy gain. Further- Soft  78.5+156 76.1£145 70.6+£17.7 69.5+14.3
more, to evaluate GISL under increasing selec-  Collider 90.0+50  85.0£53  833+56 825439
tion complexity, we fix |X'| = 15 and n = 2000,
and sweep the number of selection processes (| fs| € {1,2,3,4}) in Table alongside the identifi-
cation of collider as an approximate upper bound. As more genes are subjected to biased selection,
the induced observational constraints make detection increasingly challenging for CI-based methods.
Despite this, GISL maintains strong performance across all settings, detecting selection bias in around
70% of affected gene pairs—even when more than half the variables are biased. To the best of
our knowledge, no existing methods are designed to identify selection bias arising from survival
constraints in gene regulatory tasks. As such, we do not report baseline comparisons in this section.

Table 2: Accuracy % under more selection pairs;
Upper-bound baseline: Collider identification.

4.2 Identify regulatory relationships on synthetic data

Baselines. To rigorously evaluate GISL’s ability to disentangle true regulatory relationships from
spurious dependencies—particularly those arising from selection bias—we conduct experiments on
synthetic data, comparing GISL against robust baseline methods: GIES [40], IGSP [17], UT-IGSP
[S7]] and JCI-GSP method used in [57]], which is an extension of JCI [58]] with GSP [59]].



Benchmarking results (regulatory relationships). Figure d|illustrates that GISL achieves superior
overall performance in identifying regulatory relationships (DAG F;). Among evaluation metrics,
precision emerges as most critical, as it directly reflects GISL’s advantage in disentangling regulatory
relationships from spurious dependencies induced by selection bias. While existing approaches often
misattribute selection biases as causal relationship or confounders, GISL effectively distinguishes
these phenomena, resulting in markedly improved precision. We emphasize that the objective of this
paper is not to propose a definitive solution to causal discovery, but rather to highlight that ignoring
selection bias can lead to flawed casual interpretation. Further comparisons including with FCT [53]],
ICD [60], and non-causal baselines are presented in Appendix [El Moreover, the evaluation in the
robustness of GISL across noise levels, structural and functional complexity of the SCM, and larger
graphs are discussed in Appendix [E}

4.3 The presence of selection bias on single-cell gene expression data

Datasets. We use three real-world scRNA-seq perturbation datasets: Dixit [32]] and Adamson [61]],
from K562 leukemia cells (5,012 and 5,060 genes under 19 and 86 single-gene perturbations),
and Norman [31], from A549 lung carcinoma cells (5,045 genes under 105 perturbations). Each
perturbation targets one gene and is profiled across numerous cells.

Selection bias identification on real-world
data (Figure [5). We plot the detection re-
sult on the Dixit dataset in Figure 5] Re-
sults for the other two datasets and detailed
analysis are attached in Appendix [F.I] Our
method can detect both the underlying se-
lection processes and latent confounders at
the same time, facilitating the explanation of
observed dependence among genes (regula-
tory relationship, selection bias, and latent
confounders). In practice, the explanation of
the selection process and latent confounders

will guide the biologists that perturbing these
genes may not have the expected effect, as
the selection process may lead to unafford-
able consequences after sample filtering, and

Figure 5: Experimental result on 19 perturbed key
genes from perturb-seq [32]. S and L imply the de-
tected selection and confounded pairs, blue edges are
the regulatory interactions priorly known [33].

latent confounders will have no reaction to
perturbation.

Evaluation using Z-score. To evaluate whether the
identified gene pairs are truly subject to selection bias—
without relying on ground-truth labels—we introduce
Z-score: a score function that captures the changes
in growth rate before and after perturbations [29]], de- o
tailed calculation refers to Appendix[G] Notably, both &
the increase (+) and decrease (-) result in a Z-score N
absolute value larger than 0. We have the follow-
ing assertion: true selection pairs must exhibit high
absolute Z-score values, while the opposite is not nec-
essarily true. To see this, consider X; — S «+ X,
where X; and X; are genes under the selection pro-
cess fs. Perturbing either gene causes differential
cell survival and, thus, a higher Z-score. However,
a high Z-score does not necessarily imply direct selection processes: in X; — S < X; < Xy,
perturbing X, indirectly alters the joint distribution of (X, X;) under S, yielding a high Z-score for
X}, even though X, is not under direct selection process. Therefore, only gene pairs for which both
exhibit high Z-scores can be selection pairs, and simultaneously, an accurate algorithm for detecting
selection pairs should also perform well on detecting pairs with high Z-scores. By applying a Z-score
threshold of 0.15 to define high-scoring gene pairs, GISL achieves accuracies of 77.7% on Dicxit (see
Figure[6] for comparison in Z-score distribution), 80.2% on Adamson, and 74.8% on Norman.

Z-Score Distribution of Genes by Selection Status

] ]
In Selection Pairs Other Genes
Gene Group

Figure 6: Comparison of Z-score distribution
between genes in selection pairs and others.



5 Conclusion and Discussion

We introduce a novel perspective to gene regulatory network inference (GRNI): selection bias, partic-
ularly the often-overlooked survival constraints, in shaping dependencies. Building on theoretical
insights into the distinct perturbation symmetries and effects associated with regulation, confound-
ing, and selection, we propose GISL—a general nonparametric algorithm capable of disentangling
regulatory relationships, latent confounders, and, crucially, selection-induced dependencies.

Empirical analyses on large-scale gene expression datasets reveal pervasive selection bias in real-
world scenarios. Extensive benchmarking on synthetic data further demonstrates that (1) failure to
account for selection bias undermines the validity of GRNI methods, and (2) explicitly modeling such
bias, as done by GISL, yields more accurate and robust causal discovery. Limitations and broader
implications of this work are discussed in Appendix
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Appendix

A Concepts

Definition A.1 (Marginal independence test). Check whether two variables X and Y are independent
of each other without considering any other variables. Mathematically: X Il Y, if and only if X and
Y are independent in the overall data distribution.

Definition A.2 (Conditional independence test). Evaluate whether two variables X and Y are
independent given a third variable or set of variables Z. Mathematically: X 1l Y'|Z, if and only if
X and Y are independent conditioned on Z.

Definition A.3 (d-connection). Every path from a node in X to a node in Y is d-connected by Z, if
and only if X and Y are always conditionally dependent given Z.

Definition A.4 (Partial identifiability). The causal graph is partially identified if and only if not all
causal structures can be uniquely determined from the available data and assumptions, and only a set
of plausible structures can be uniquely determined.

Definition A.5 (Identifiability). The causal graph is identified if and only if all causal structures are
uniquely determined from the observational data.

B Related work

In this section, we provide a comprehensive review of the literature on causal discovery methods and
briefly categorize other computational Gene Regulatory Network Inference (GRNI) methods.

B.1 Gene regulatory network inference

Over the past decades, numerous methods for GRNI have been developed, encompassing computa-
tional and causal approaches. Computational models, represented by a boolean model, differential
equation, gene correlation, and correlation ensemble over pseudo-time, focus on exploring dependen-
cies among genes [62, 13} 163} 164, 165} [66]. These methods focus on dependencies without explicitly
considering causal relationships. In contrast, causal models go beyond mere dependence, aiming to
uncover genuine causal relationships within Gene Regulatory Networks (GRNs) [[17, 18} 167].

B.2 Causal discovery

There are constraint-based causal discovery [3l|68]], score-based ones [69, [70]], and methods that
utilize properties of functional forms in the true causal process [[71} 72, [73]]. There is subset of work
considering causal discovery as a continuous optimization problem [74]]. These pioneering works
provide comprehensive frameworks that follow different principles for causal discovery. However,
they have not yet addressed the challenges posed by latent confounders and selection bias.

Causal discovery under latent confounders. When latent confounders are present, confounding
effects give rise to spurious dependencies, complicating causal discovery. The FCI [75,155]] algorithm
was the first to address this challenge, producing equivalence classes represented by Partial Ancestral
Graphs (PAGs). Building on FCT’s results, [76] leveraged the Triad condition to identify shared latent
confounders and infer causal relationships between measured variables under linear constraints. [77]]
utilized an autoencoder framework to reconstruct nonlinear causal relationships among observed
variables while simultaneously accounting for the presence of latent confounders. [78] estimated
the mixing matrix using higher-order cumulants and introduced the testable One-Latent-Component
condition to identify latent variables and establish causal orders. In the context of GRNI, some studies
have begun addressing the issue of latent confounders, with a focus on recovering these confounders
[79] and uncovering causal relationships among genes [19].

Causal discovery under selection bias. Some fundamental works focused on identifying selection
and causal relationships by finding Y-structure [80]], identifying selection bias under certain parametric
assumptions [81]], studying the identifiability and estimation of functional causal models under the
outcome-dependent selection structure [82]], and recovering the conditional probability from selection-
biased data [83]]. However, these methods are limited to either parametric assumptions, i.e., linear
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Gaussian, or outcome-dependent selection structure, which are unsuitable for the general setting
(nonparametric, latent confounders, selection bias) and the pairwise selection context of GRNI.

Causal discovery under latent confounders and selection bias When latent confounders and
selection bias are present, their hidden nature introduces spurious dependencies between observed
variables. These dependencies compromise the core properties used in causal discovery, leading to a
loss of identifiability and making it difficult to distinguish true causal relationships. The FCI algorithm
[[75, 155]] was the first attempt to discover ancestral relationships, but it is limited to identifying an
equivalence class constrained by the structural information of v-structures. Additionally, significant
ambiguities persist regarding the selection structure. Similarly, other approaches have resulted in
ancestral equivalence classes that are constrained by graphical properties [60].

B.3 Interventional Causal discovery

Early Attempts in Interventional Causal Discovery. The earliest Bayesian approaches [84185] es-
timated the posterior distribution of DAGs using both observational and interventional data. However,
these methods did not address key challenges such as identifiability or equivalence class characteri-
zation. [86] was the first to explore identifiability and Markov equivalence of interventional causal
discovery. They focused on single-variable interventions with mechanism changes (soft interventions)
and provided a graphical criterion for determining when two DAGs are indistinguishable, though no
formal representation of the resulting equivalence class was introduced.

When latent confounders are involved. In the pure observational data and nonparametric causal
discovery setting, the frameworks of MAG and FCI have been well established [87, 155]. For
interventional causal discovery, various methods have been proposed to address latent variables based
on measuring overlapping variables across different interventions [88, 46, |89] and invariance [90, |85}
42]). They are either lying under the umbrellas of FCI and the augmented DAG frameworks or using
parametric assumptions.

When selection is involved In purely observational and nonparametric causal discovery, selection
is typically constrained by structural limitations [82]]. However, in the context of interventional
causal discovery, various methods have been developed to explicitly address selection bias. These
methods leverage interventional data to disentangle the effects of selection mechanisms from genuine
causal relations [91,58]]. Similarly, these methods are still limited to equivalence classes under the
umbrella of FCI. Moreover, [92] discussed how selection interacts with intervention, and built a twin
interventional graph to model the selection that happens before intervention.

C Understanding inducing paths

0 Qiﬁ aoeia

(b) (c) (d)

Figure 7: Illustrations of inducing paths, where X and Y are always d-connected.

A most generalized model might include latent confounders, perturbation indicators, and observed
variables involved in the selection process. Nonetheless, such generalized assumptions often render
causal relationships indeterminate, making the results less informative.

For example, latent confounders can still make the direct causal relations unidentifiable. Consider
the case X — Z — Y with a latent confounder L pointing to both Z and Y shown in Figure[7](b).
Adding a direct edge X — Y renders the scenarios equivalent, even if perturbation data [x, Iy are
available, as the dependence between X and Y cannot solely be explained by Z. With the selection
process, in the model S «+— X < L — Y (Figure(a)), whether or not to add a direct edge X — Y,
the two scenarios are unidentifiable. The causal relationship is identified as limited to ancestor
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Figure 8: Required structure for causal relation, latent confounders, and selection process, where *
means the nodes on the paths cannot be blocked.

relationships or inducing paths. Similarly, Figure[7](c) cannot be distinguished from X — S « Y,
and Figure [7|(d) cannot be distinguished from X < L — Y.

After understanding inducing paths, these paths (which are always d-connected) can mimic any
structure reflected in conditional independence (CI) patterns. Consequently, the identifiability of
causal relationships, latent confounders, and the selection process remains constrained by the true
structure or the inducing path. In the representation of ancestral graphs, they are identifiable up to
equivalence classes represented by PAG. The details of the proof can be found in the Appendix [D]

D Proof

Latent confounders: The unique structure involving latent confounders is represented by the collider
configuration Ix — X <— L — Y < Iy. It needs both X and Y to be pointed to with an arrowhead
shown in Figure[§{b). Any nodes with tails will corrupt the conditional dependence between Ix and
Y, and Iy and X. Therefore, causal relations and selection processes cannot be directly involved.
Only <—— is allowed, resulting in d-separated paths between X and Y. Then, the latent confounders
can be identified, as the CI pattern remains unaffected when these d-separated paths are blocked. Only
when cases with inducing paths, such as the scenario depicted in Figure [7(d), cannot be identified.
This is because the d-connected paths between X and Y mimic the same unique structures associated
with latent confounders. However, this d-connection must have latent confounders to provide the
arrowhead, leading to the identifiability of the existence of latent confounders.

Selection process: The unique structure of the selection process, which needs both X and Y only
points out with tails, which are characterized by the paths Iy — X — Sand Iy — Y — S. As
discussed in Remark[3.4] this structure exhibits both dependence and conditional dependence between
Ix and Y, and between Iy and X. These conditional dependencies need both tails and arrowheads to
interact together. However, without selection processes providing vstructure and d-connection, only
causal relations and latent confounders will never meet the requirements of interaction of tails and
arrowheads for X, Y, and middle nodes * that can not block the path. Only cases involving selection
processes forming the inducing path shown in Figure [§[c) were satisfied. Although there is no direct
selection work on X and Y, they are biased by the selection process between Z and X, and between
Z and Y. Therefore, the existence of selection bias is identified.

E Experimental setting and results on synthetic dataset

In this section, we show more results of GISL compared with baselines and evaluate its robustness.
The code of GISL is available at herel

The accuracy of identifying latent confounders. Beyond verifying GISL’s ability to detect
selection bias in Table [3] we evaluate its accuracy in identifying latent confounders on synthetic
datasets with n=1500, reported in Table[l| On single-cell gene expression datasets, selection bias is
operationalized as the pre—post change in proliferation rate summarized by Z-scores (Section[4.3). By
contrast, latent confounders are unobserved and lack a direct interventional response or gold standard,
precluding systematic real-world evaluation; accordingly, we assess this component exclusively on
synthetic benchmarks.

SID evaluation metric The ability of GISL in identifying regulatory relationships is further
evaluated by Structural Intervention Distance (SID) as shown in Table
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Figure 9: Comparison results in identifying regulatory relations under PAG precision. All values are

averaged over 10 runs with different random seeds.

Table 3: Accuracy % of GISL in identifying latent confounders on synthetic data. We report the mean
and variance values of accuracy across 10 independent graphs for each configuration with n=1500.

x| 10 15 20 25
Hard intervention 6254228 6324206 688+152  66.7+ 14.7
Soft intervention 6684253  684+229  704+185  71.2+156

Table 4: Experimental results of GISL evaluated by Structural Intervention Distance (SID) on the
synthetic dataset under hard intervention

x| 10 15 20 25

n= 500 45415 51412 58409 77410
n=1500 43412 48+19 56+ 1.1 73413
n=2000 42411 47414 58410 71409

Table 5: Robustness evaluation of GISL in noise level (the mean of Gaussian noise 1), the complexity
of structures (# edges), the number of variables |X|, and the realism function. Baseline setting:

w~U(0,2), #edge 15, |X| = 15, hard intervention, and random nonlinear functions.

Settings F1 Precision Recall SHD F1 Precision  Recall SHD
n=1500 n=500

Baseline 69.6+19 80.8+4.3 618+19 55465 | 61.6+09 86.8+02 50.1+1.7 58+14
o~ U(0,4) 726+1.8 935417 621432 47446 | 674+18 872429 56.1+1.7 57466
w~U2,4) 774408 8974614 692411 43438 | 67.9+£1.0 888+13 56.1+15 56+4.0
# edge 20 67.6+0.6 928409 594409 72433 | 592+ 13 90.1+1.2 494+15 88+47
|X| =25 67.3+0.3 858+1.2 56.14£09 10.8+19 | 64.3+0.6 90.8+0.2 50.6+1.1 11.2+43.6
|X| =50 712+1.6  90.7+1.3 624421 142468 | 688+1.4 872405 53.7+£09 163+7.0
Normalised-Hill differential equations  67.6+1.7 83.1£2.6 597432 59453 | 594£13 857+£23 489421 64436

Robustness Table [5] evaluates the robustness of GISL across noise levels, structural/functional
complexity of the Structure Causal Model (SCM), and variable counts. Specifically, increasing the
district when sampling the mean of Gaussian noise improves the performance, as bigger distribution
changes are easier for CI test tools to detect. Greater structural and functional complexity causes
a modest decline in overall performance, whereas holding other factors fixed, sparser graphs yield
better performance.

Overall performance in PAG. To represent causal relationships in the presence of latent con-
founders and selection bias, we draw inspiration from ancestral graphs and the notations in [55]. We
employ six types of edges, —, —, <+, o—, 0o—o, 0o—, to represent equivalence classes of conditional
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Table 6: Experimental results of GISL and computational baselines on synthetic data

Methods Acc Recall F1 SHD

GISL 94.74+0.01 95.1£0.01 94.9+0.01 1.0+0.54

PIDC [[L1] 51.6+8.45 95.24+0 55.1£0.03 19.4+12.6

PPCOR [3] 43.4410.32 97.3+0.28 49.749.82 26.8+7.6
independence (CI) patterns. Among these, —, <+, —, o—, and o— corresponds to the structures

illustrated in Figure 3| while undirected edges (—) represent there are both latent confounders and
selection bias. To assess the ability of GISL in recovering regulatory relationships, selection pro-
cesses, and latent confounders, Figure [9]compares the accuracy of the PAG learned by GISL against
canonical baselines that accommodate selection bias and latent confounding.

All in all, although the specific structures of causal relationships, latent confounders, and selection
bias are indeterminate, every pair of nodes shares the same d-separation properties, exhibiting
identical conditional independence relations. This leads to Markov equivalence, which can be
uniquely represented by a DAG with £ and S. Here, the structures involving £ and S do not
specifically indicate a true common cause or v-structure; rather, they represent the presence of latent
confounders or selection bias. However, unlike the output of FCI, the output of GISL is more precise.
This is because FCI initializes the causal graph with o — o, which can represent all types of edges.
Subsequently, rules are applied based on the limited information provided by v-structures to determine
the specific edge types. For instance, while FCI only utilizes v-structures to infer additional edges, as
shown in (b) of Figure[7} where X o — o Y is output, GISL refines this to X — Y, providing a more
accurate representation of the equivalence class of CI patterns. With CI patterns, the equivalence
classes are more precise.

GISL V.S. computational methods under selection bias We rethink the gene regulatory network
inference from a causal view and focus on identifying the causal relationship, latent confounders,
and selection process. The setting and output of GISL differ from those of computational methods,
which are unable to address the dependencies caused by latent confounders and selection bias.
The experimental results of GISL and computational methods on synthetic data are provided for
comparison as shown in Table[6] From the table, it is evident that computational methods fail to
identify causal relations in the presence of selection bias. This failure occurs because the selection
process affects not only the directly targeted variables but also those connected through the same
causal pathways. For example, (C) in Figure (7} if perturbing Y, the distribution of both Z and X
changes. Even without gene perturbation data, computational methods that rely solely on dependence
(correlation or co-occurrence) consider these variables as dependent. Consequently, their output often
results in a fully connected graph.

Comparison with CDIS [92] CDIS models selection as a one-time process that occurs only
before intervention and becomes inactive afterward, using an interventional twin graph. Under
this assumption, the distribution satisfies P(Y | do(X) = z,5) = P(Y | S), meaning that after
an intervention on X is applied, the selection variable S no longer influences Y. In contrast, our
work focuses on biological constraints in genes—a form of inherent selection bias that exists both
before and after intervention. These constraints come from basic biological rules, such as essential
gene functions or conditions needed for a cell to survive, which do not disappear even when a gene
is perturbed. As a result, selection continues to affect the system even after do(.X'), violating the
CDIS assumption. In our setting, the correct relation is P(Y | do(X) = z,5) # P(Y | S). This
fundamental difference means that CDIS cannot account for such persistent selection effects, leading
to poor performance in settings where biological constraints are present, as shown in Table

F Experimental settings and results of real-world dataset

Data availability. With the advent of next-generation sequencing (NGS) techniques, such as single-
cell RNA-sequencing (scRNA-seq), the availability of single-cell data enables a deeper analysis of
gene expression in biological systems, offering an unprecedented resolution at the level of individual
cells [93]. Moreover, thanks to the advancement and maturation of gene sequencing and perturbation
tools, including CRISPR-Cas9 [94]], CRISPRi [95], and CRISPRa [96], genes are transformed
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Table 7: Comparison with CDIS on synthetic dataset with | X |=15, n=1500, soft intervention. Experi-
mental results are evaluated by F1, Precision, Recall, and SHD in regulatory relationships, and by
Precision in identifying selection bias.

Method F1 Precision Recall SHD Precision (se-
lection bias)

GISL 80.0 £ 1.7 839+ 3.2 741+£1.6 4.1+57 80.8 +11.3

CDIS 63.8 £4.5 61.4+47 68.1 £5.3 84+64 34.1+9.1

Z-Score Distribution of Genes by Selection Status  Z-Score Distribution of Genes by Selection Status

Z-Score
I
Z-Score
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Figure 10: Comparison of Z-score distribution between genes in selection pairs and others on
Adamson (a) and Norman (b) datasets.

into viable subjects for causal discovery by providing high-quality single-gene observational and
perturbation (interventional) data through the systematic technique Perturb-seq [97, 31} 32].

In real-world datasets, the causal relationships are evaluated based on Enrichr. However, not all
perturbed genes are reported in Enrichr, as some genes cannot be perturbed or processed by biological
tools like ChIP-Seq. To evaluate the selection process, a z-score is used to verify its existence. The
z-score represents the ratio of the growth rate between perturbed genes and normal genes. Changes
in growth rates indicate variations in sample size, which align with the characteristics of the selection
process. Thus, the z-score serves as an evaluation tool. Distributions of the z-scores for the reported
genes are shown in Figure[6] From the figure, we observe that these genes exhibit differences in
growth rates between the perturbed and normal cells, indicating the presence of a selection process.
In some cell lines, the growth rate does not change, suggesting that the gene is not under selection in
those cells. This observation is consistent with our explanation regarding differential gene expression.

F.1 Experimental results on real-world datasets

We conduct experiments on three representative datasets of single-cell gene expression in the real
world to verify the effectiveness of our proposed method, including data from K562 cells [32,|61]
and Human Lung Epithelial Cells (HLEC) [31]]. Firstly, the skeleton is discovered among 5012 genes.
Then, the structure of the perturbed genes is identified. Since GISL outputs an equivalence class, the
structures represent CI patterns. For example, — denotes the equivalence class corresponding to the
first CI pattern illustrated in Figure[3] The edge — indicates the indeterminate edges usually under
selection, characterized by CI patterns where I remains conditionally dependent on observed genes,
regardless of the conditioning set. The selection variable S and latent confounder L specifically
indicate the presence of selection bias or latent confounders, respectively.

The experimental result on the Dixit dataset is shown in Figure [5] Where blue edges are verified
as correct by Enrichr, where the ChEA 2022 [98]], TF-gene enrichment [99]], and [100]] are mainly
considered. We consider them to be more reliable because ChIP-Seq, used in ChEA, directly detects
the binding sites between transcription factors and genes. Additionally, TF-gene enrichment identifies
robust pairs supported by enrichment analysis. Moreover, the selection bias is supported by the high
z-scores observed for the genes such as RACGAP1 (-0.903), E2F4 (-0.158), GABP A (-0.543),
and N R2C2 (-0.127), respectively. Experimental results indicate that almost all directed causal
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relationships discovered by GISL are correct, while undirected edges remain undetermined. This is
because undirected edges suggest the presence of both selection bias and latent confounders, making
the causal relationship unidentifiable. This is because, with selection bias and latent confounders, the
CI pattern becomes fully dependent, which obscures the unique characteristics of causal relationships
in the CI pattern. The experimental results of PPOCR are shown in Figure[T2] The results show that
our proposed GISL demonstrates greater accuracy and reliability in matching the results of biological
experiments. In addition, the experimental results of GISL on the Norman and Adamson datasets are
shown in Figure[TT]and Figure[I3] Correspondingly, the Z-score distribution comparison between

genes under selection bias and others is illustrated in Figure 10}

e
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Figure 13: Experimental result of GISL on the Adamson dataset.

Moreover, biological analysis for the human lung epithelial and k562 lukemia cell lines is discussed
as follows:

Human Lung Epithelial Cells GISL reports that there exist biological constraints between gene
CNNI1 and CDKNIA. CNNI1 (Calponin 1) is normally low in healthy lung epithelium but markedly
increases during epithelial-mesenchymal transition or fibrotic remodeling [101]]. CDKN1A (p21) is
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a cell-cycle inhibitor that surges under DNA damage or stress (e.g., p53 activation), causing growth
arrest or senescence; indeed, lung injury models and fibrotic lungs (IPF) show abnormally high p21
in alveolar epithelial cells [102]]. These observations imply that when lung epithelial cells are pushed
toward a damaged or transitioning state, both CNN1 and p21 tend to rise, which suggests that the cell
may need to keep its combined activity in check to maintain normal function. Excessive co-elevation
of CNNI (indicating mesenchymal/fibrotic shift) and CDKNI1A (indicating cell-cycle arrest) could
drive cells into an unsustainable state (senescence or fibrosis), so a balance in their expression is likely
required to preserve viability and tissue homeostasis. This suggests a form of biological constraint
whereby lung epithelial cells limit the concurrent upregulation of CNN1 and CDKNI1A to avoid
tipping into pathological remodeling or loss of proliferative capacity.

K562 Lukemia Cells GISL reports that there exist biological constraints between gene ELF1 and
gene GABPA. ELFI, an ETS-family transcription factor, regulates hematopoietic differentiation and
immune genes; in K562 cells, it controls the G1 to S phase transition via CDKNI1A (p21), with
overexpression inducing apoptosis and underexpression promoting unchecked proliferation [[103].
GABPA, a nuclear respiratory factor, orchestrates mitochondrial biogenesis and metabolism through
the PI3K/Akt/mTOR axis; its depletion triggers GO to G1 phase arrest, and its binding affinity (pKD)
and phosphorylation response (pECy,) underscore a requirement for dosage matching downstream
signaling intensity [L04]]. Both factors converge on stress and apoptotic pathways, GABPA targets
(Caspase-9, Bcl-2) overlap with ELF1, regulated DNA-damage genes, and respond coordinately to
PI3K/Akt perturbations (e.g., LY294002) and autophagy induction (e.g., in K562 and ADM cells),
suggesting K562 cells impose a constraint on ELF1 and GABPA expression to maintain proliferative
homeostasis and survival [[105 [106]].

G Understanding Z-score

Z-score is a result of a model proposed by [30], which is designed to describe the dynamic proliferation
process. For single-guided RNAs (SgRNA) j targeting gene g in cell line ¢, the number of cells
N.;(t) with sgRNA at time ¢ after perturbation is modeled as follows:

Nej (1) = Nej(0) (pese™at + (1 = peg) e, @

where ¢ = 0 is the time of perturbation, p.; is the probability that the sgRNA j achieves knockout of
its target in cell line ¢, R, is the unperturbed growth rate of the cell line, and R, is the new growth
rate caused by knockout of the targeted gene in the given cell line. The gene fitness effect is the
fractional change in growth rate 7., = R, /R. — 1. Gene fitness effects are the primary desired
output for this type of experiment.

Considering the delayed perturbation effect, the model built in practice to estimate the number of
cells are as follows:

L
ot > db) = v (0) (1+plps (eFereot=t) — 1)) JzE (1) 3)
where

* cindexes cell line, j indexes sgRNA, g indexes gene, L indexes library or batch, and ¢ is the
time elapsed since library transduction

* vl (t) is the model estimate the normalized readcounts of sgRNA 7 in cell line ¢ screened in

batch or library L at time ¢

. vCLj (0) is the model estimate of the normalized number of cells initially receiving sgRNA j
+ pE and p; are the estimated CRISPR knockout efficacies in cell line ¢ with sgRNA j
* RL is the estimated unperturbed growth rate of the cell line

* 7.4 is the estimated relative change in growth rate for that cell line if gene g targeted by
sgRNA j is completely knocked out

* d, is the delay between infection and the onset of the growth phenotype

» ZL(t) is a normalization equal to the sum of the numerator over all sgRNAs j in the cell
line for the given library and time point
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Figure 14: The distribution of z-scores for the genes FEV, PTPN1, and SET across all cell lines
highlights the variation in sample size.

The Z-score describing the ratio of growth rate before and after perturbation is designed as follows:

Zes(t) = v (0) (1 + pepy (eRers =4 — 1)) vt > d @)
Zej(t) = ve(0) VYVt < dy. 5)

Using FEC, PTPNI1, and SET as representative genes, the calculated Z-scores across a panel of cell
lines are shown in Figure [T4] Cell lines with a Z-score of zero indicate the absence of selection
constraints on the genes: perturbation does not induce measurable cell death, and the expression
distribution remains unchanged. In contrast, non-zero Z-scores mark genes under selection con-
straints, where perturbation produces pronounced shifts in their expression profiles. Moreover, each
gene displays a distinct Z-score pattern across the cell-line panel, reflecting gene-specific selective
dynamics. These results align with the differential gene-expression patterns expected under selective
pressure.

H Discussion

Discussion and Limitations. In cells, we argue that the different intracellular environments, acting
as selection mechanisms, restrict the expression of genes. When the environment remains, a selection
mechanism is always present. Genes stay in cells with the remaining environment, showing the
reasonability of our setting. The superiority of GISL is that it can identify the existence of selection
bias and latent confounders, as well as causal relationships. Despite its flexibility in integrating obser-
vational and perturbation data within a unified causal framework, a fundamental limitation remains:
whenever selection bias is present, spurious marginal and conditional dependencies inevitably arise
(see Section [3.4). Consequently, reliably detecting selection in the presence of such bias remains an
outstanding challenge.

More Discussion.

Q1: Why does the paper explicitly look at gene regulatory networks when the method is more
generally for causal discovery with interventional data?

A1l: GISL is broadly applicable to general causal discovery, but we chose the gene regulatory network
inference (GRNI) framework because it was inspired by a real-world challenge, the pervasive yet
often overlooked selection (survival) bias in biological data, and directly addressing this issue offers
immediate value for GRNI and beyond.

Specifically, we focus on GRNI because:

* GRN inference is a classical causal discovery task with strong biological significance,
supported by well-established gene perturbation technologies that provide abundant inter-
ventional data.

* Despite being a classical problem, modeling gene expression from a causal perspective
remains challenging due to latent confounding and overlooked selection bias, making it a
meaningful testbed for our method.

Q2: Why GISL performs the best regarding the recall? A2: As shown in Figure |4} GISL shows
a little bit lower recall in identifying regulatory relationships under selection bias. This is because,
in theory, it is challenging to distinguish (c): selection bias and (e): causal + selection bias, as they
share the same CI patterns (all conditionally dependent). As a result, our GISL categorizes both cases
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(c) and (e) as selection bias and thus shows lower recall when identifying regulatory relationships
(causal relations).

On the other hand, the baseline algorithm, e.g., GIES, exhibits higher recall, but this does not
necessarily indicate better performance. The key issue is that GIES is unable to account for selection
bias, which introduces spurious dependencies into the data. When GIES relies on a score function to
detect conditional dependencies, it may mistakenly interpret these spurious associations as causal
relationships. As a result, the algorithm tends to include additional edges regardless of whether true
causal relationships exist, leading to inflated recall but low accuracy.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Our work pinpoints selection bias as a pervasive, yet previously ignored,
cause of spurious gene—gene dependencies in expression data. Leveraging the insight that
selection pairs respond symmetrically to gene perturbations (unlike asymmetric regulation
or untouched confounding), we devise GISL, a non-parametric causal-discovery algorithm
that jointly recovers true regulatory edges, latent confounders, and selection pairs. The
proposed GISL algorithm is assessed on both synethic data and real-world gene data, with
superiority over classical causal discovery methods and computational GRNI baselines.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We have a section named Discussion in Appendix where we present the
limitation of our method.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,

model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms

and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to

address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.
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3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: The main theorical result is the identifiability (Section [3.3) of the proposed
GISL framework. We attach its proof in Appendix ??. As for the two implicit assumptions
(Assumption and , both of them are common and fundametal assumptions for
connecting causality with statistical tools.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

» The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The most important contribution of this work is the proposed GISL framework,
which we present the algorithmic designs using a detailed pesudocode (Algorithm [I). The
experimental results have two folds: synethic data and real-world data. For synethic data
experiments, we detailed the data generation, hyperameters and reported our results with
a sufficient number of runs. For results on real-world data, we detailed the dataset source
and the rational and novel evaluation protocol (using Z-score as the proxy of ground-truth
labels).

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.
While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.
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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
the dataset).

(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
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: We clearly stated the dataset (both synethic and real-world data) used in this
work. As for the code, we presented a pesucode for reproduce the main experimental results.
While we are not able to make public the code, we will realease it after the paper reviewing.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

¢ Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We inlcuded the generation of synethic data before introducing our experiment
results as well as the source of the real-world datset used in our analysis. Our method didn’t
include any hyperameters.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: For the table results, we report the mean value and the variance of evaluation
metrics across runs. For the figure comparisons, we plot the mean value and the 95%
confidence interval of the evaluation metrisc across runs.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Runing our GISL on synethic dataset, e.g., 2000 samples with 10 variables,
takes about 10 minutes on a single CPU core.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Our work focuses on uncovering selection bias and causal regulation in gene
expression data. We believe it does not violate any ethical guidelines.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
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* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Our work is foundational in research and not tied to particular applications.
While there might be many societal consequences of our work, none which we feel must be
specifically highlighted here.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: We do not foresee any significant risk of misuse arising from our work.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
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13.

14.

15.

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We explicitly mentioned the sources of datasets used in our experiment.
Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.
* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This work did not release any new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: This work does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This work does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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