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ABSTRACT

Techniques from the theory of causality have seen extensive use in
natural and social sciences, since they allow scientists to explicitly
model assumptions and draw quantitative causal conclusions. More
recently, causality has also gathered interest in many computer sci-
ence sub-fields, including machine learning and systems. A causal
model is usually represented as a causal graph, often automatically
discovered from available data. For problems for which running
a full constraint-based causal discovery algorithm and correctly
orienting all edges is computationally intractable, automatically
generated causal graphs are prone to error, calling for expensive
manual graph verification. Understanding which parts of a causal
graph have the largest impact on downstream results is essential
for expediting this graph verification process.

In this work, we present ECCS – a framework for Exposing
Critical Causal Structures within a causal graph, with respect to
a given Average Treatment Effect (ATE) calculation. We formalize
the Interactive Causal Graph Verification problem, in which user
judgments about edges in the causal graph are solicited sequentially,
with the goal of minimizing the absolute error in the ATE of interest
(without advance access to its ground-truth value).We present three
algorithms to solve this problem. Based on a preliminary evaluation,
our best-performing algorithm, AdjSetEdit, can solicit a sequence
of 10 user judgments that outperforms a randomized such sequence
by more than 60%, with time complexity linear in the number of
data points and polynomial in the number of variables.
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• Computing methodologies→ Causal reasoning and diag-
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1 INTRODUCTION

Causal reasoning has greatly aided scientists in posing, discussing
and testing hypotheses about cause-effect relationships in differ-
ent fields including medicine [57], economics [24], biology [9] and
social sciences [45]. In recent years, causality has also piqued the
interest of computer scientists. For example, machine learning re-
searchers leverage it to provide additional structure and trustwor-
thiness to machine learning problems (leading to research areas
like causal representation learning [40] and causal reinforcement
learning [13, 61]), while computer systems researchers use it to
better understand and debug large complicated systems [6, 12, 31].

In particular, Pearl’s framework for causality [33] is canonical
for computing the Average Treatment Effect (ATE) of a treatment
variable𝑇 on an outcome variable𝑌 (seemore background on causal
reasoning in Section 2). This framework leverages a causal model for
the problem at hand, represented as a causal graph with a node for
each problem variable. Sometimes, constructing a reference causal
graph can itself be the end goal [9, 57]. However, our work focuses
on another important setting, where the primary goal is to draw
robust and certain conclusions based on existing observations [12,
39]. In other words, the causal graph is leveraged to ensure that
downstream ATEs are calculated correctly from observational data
by indicating a sufficient adjustment set: a set of variables to adjust
for to avoid structural biases such as confounding bias - where
variables sharing a common cause erroneously appear to cause
each other [33]. The accuracy of the ATE is, therefore, a direct
result of the quality of the causal graph.

However, high-quality causal graphs are difficult to obtain at
scale. Graphs are most often either hand-crafted by experts or au-
tomatically inferred from available data – a process called causal
discovery. Even though causal discovery algorithms are more scal-
able than manual construction, the graphs they generate are not
perfect. Depending on the choice of algorithm, the generated graph
may be incomplete, if the available data is not sufficient to deter-
mine the direction of all causal relationships [47, 48]. Even worse,
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depending on the requirements of the causal discovery algorithm
(e.g. independent noise terms [43]) and possible biases in the avail-
able data (e.g. selection bias), the generated graph may be incorrect
with respect to the actual data generation process [26]. Even small
mistakes in a causal graph can have a large impact on downstream
results, if they imply a different adjustment set.

Thus, automatically-derived graphs are still comprehensively ver-
ified before use [10]. Manual, expert-driven verification is natural,
but it is only practical when graphs are small, up to to a few dozen
variables [21, 37]. Even then, it is time-consuming and tedious.
However, many interesting domains (e.g. large distributed systems,
social networks, and neural networks) involve many more causally
related variables, and possibly a repeated need to create and verify
graphs over them. For example, drawing causal conclusions from
distributed system logs is essential for efficient fault localization
and response, but it can require a causal model over hundreds of
log-derived variables [31]. Can we make expert-driven causal graph
verification viable in these domains?

In this paper, we present ECCS – a human-in-the-loop frame-
work for Exposing Critical Causal Structures in a given causal
graph, from the perspective of a particular ATE that the user is in-
terested in calculating. The key insight is that, while overall graph
fidelity is important, not all parts of a causal graph affect a

particular ATE calculation, as previous work has also studied
from a different perspective [15]. This is true because not every
causal graph inaccuracy will alter the adjustment set, and it is the
adjustment set that determines the ATE. The expert verifier’s time
is best spent prioritizing the most impactful parts of the graph.

The goal of ECCS is therefore to solicit user feedback about

parts of the causal graph in order of decreasing importance

and to incorporate such feedback into the graph, efficiently increas-
ing user confidence in the correctness of the ATE of interest. Over
a series of interaction rounds, the user can iteratively receive sug-
gestions from ECCS and refine their causal graph, thus increasing
the reliability of the conclusions drawn from it. We present three
preliminary algorithms for generating such suggestions in ECCS.

In summary, we make the following contributions:

• We present the Interactive Causal Graph Verification problem,
which seeks to efficiently use an expert verifier’s time to
refine a causal graph, given an ATE query of interest.
• We introduce three strategies for this problem: (1) SingleEdit,
which compares all single-edge graph edits; (2) Heuris-
ticEdit, which uses the A* algorithm to explore possible
causal graphs; and (3) AdjSetEdit, which converts impactful
adjustment set edits to graph edits.
• We evaluate our strategies and find that SingleEdit and Ad-
jSetEdit outperform a randomized baseline by over 60% on
the absolute relative error in the ATE of interest after 10 user
judgments. Invoking AdjSetEdit also offers an interactive
experience, requiring 1.12 seconds on average.

In the remainder of this paper, we will first provide some back-
ground on causality (Section 2), before presenting the Interactive
Causal Graph Verification problem and the user interaction model
of ECCS (Section 3).We then present our three strategies (Sections 4-
6) and evaluate them (Section 7). We discuss some related work
(Section 8) before concluding with future directions (Section 9).

2 BACKGROUND

In this work, we adopt the conventional framework for causal
inference developed by Pearl [33]. We next introduce our notation
and summarize some fundamental causal inference concepts.
Notation. Uppercase letters denote variables (e.g.𝑉 ) and lowercase
letters their values (e.g. 𝑉 = 𝑣). 𝑉 →𝑊 stands for a directed edge
from 𝑉 to 𝑊 . Boldface denotes sets of variables, edges or edge
edits. Calligraphic font denotes causal graphs (e.g. G). For directed
graphs, we distinguish a path from a directed path.
The ATE. The causal effect of a treatment 𝑇 on an outcome 𝑌
may be distorted by confounding variables (or confounders) Z which
influence both 𝑇 and 𝑌 [33, 34]. For example, age may affect both
a patient’s likelihood of surgery and their odds of recovery. To
sidestep confounders, one can collect interventional data, where 𝑇
is not influenced by Z because it is explicitly assigned - e.g. through
a randomized controlled trial (RCT). However, intervention on the
entire system may not always be ethical, tractable, or feasible. Thus,
we focus on observational average treatment-effects (ATEs).

Definition 1 (ATE from Observational Data [33]). Given a
treatment 𝑇 , an outcome 𝑌 , and a valid adjustment set Z,

𝐴𝑇𝐸 (𝑇,𝑌 ) = E𝑍 [E [𝑌 |𝑇 = 1,Z = 𝑧] − E [𝑌 |𝑇 = 0,Z = 𝑧]]

To accurately calculate the ATE, Z needs to correctly adjust for
confounding biases and not introduce spurious causal relationships.
We discuss more relevant technical details in Section 6.1.
Causal Model A casual model expresses each variable 𝑉𝑖 as a
function of its direct causes (its parents) P𝑖 . These functions can
be arbitrary, but they are often assumed to be linear [33, 48]. To
obtain a causal model, we can either rely on expert input, or use
data-driven causal discovery algorithms [14, 54], which generally
rely on conditional independence calculations and/or information-
theoretic or statistical scoring of causal models.
Causal Graph A causal model can be represented as a causal
graph [32]: a directed acyclic graph (DAG) with one node per vari-
able, where 𝑉𝑖 → 𝑉𝑗 implies 𝑉𝑖 ∈ P𝑗 . In this context, we may use
“variable” to refer to the corresponding node in the causal graph.
One way to identify a valid adjustment set is to apply the backdoor
criterion [33] to a causal graph (more details in Section 6.1).

3 OVERVIEW OF ECCS

3.1 Problem Definition

We start with a given observational dataset 𝔇 with variables V,
and a specific ATE query of interest to the user: 𝐴𝑇𝐸 (𝑇,𝑌 ), with
𝑇,𝑌 ∈ V. We assume a combination of user and domain such that
the user is always capable of causal judgments: that is, given a pair
of variables from V, the user can specify whether a direct causal
relationship exists and in which direction (but not its strength).

As we saw in Section 2, computing 𝐴𝑇𝐸 (𝑇,𝑌 ) from an observa-
tional dataset like𝔇 requires a valid adjustment set, which can be
derived from a causal graph using the backdoor criterion. Although
the user could fully specify the causal graph G𝑟𝑒𝑎𝑙 , this would re-
quire 𝑂 ( |V|2) judgments, one for every possible pair of problem
variables. This complexity is impractical for large V.
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Figure 1: The user interaction model of ECCS.

Instead, we assume that the user can obtain an automatically-
generated causal graph G1 of unknown correctness over the vari-
ables in V. The expert could verify G1 fully, but this clearly requires
the same number of judgments as constructing the graph. Moreover,
many of the judgments made by the user during such an exhaustive
verification will not impact 𝐴𝑇𝐸 (𝑇,𝑌 ), because they will not be
relevant when assessing the backdoor criterion.

Our goal is therefore to solicit feedback from the expert verifier
efficiently, by only requiring them to produce judgments that would
actually affect 𝐴𝑇𝐸 (𝑇,𝑌 ). We do this over a series of ECCS-user
interaction rounds, with ECCS soliciting one or more judgments
per round. To keep each round interactive, ECCS must be fast in
determining which judgment(s) to solicit in each round. Formally,
the problem that ECCS aims to solve is the following:

Problem 1 (Interactive Causal Graph Verification). Let
𝐽 be a budget of total judgments, to be made over possibly several
ECCS-user interaction rounds. Ensuring that ECCS’s latency does not
exceed 𝐿 during each round, solicit judgments so as to produce a graph
G𝑓 𝑖𝑛𝑎𝑙 that minimizes the absolute ATE Error:

G𝑓 𝑖𝑛𝑎𝑙 = argmin
G
|𝐴𝑇𝐸G (𝑇,𝑌 ) −𝐴𝑇𝐸G𝑟𝑒𝑎𝑙 (𝑇,𝑌 ) | (1)

Note that G𝑟𝑒𝑎𝑙 and therefore 𝐴𝑇𝐸G𝑟𝑒𝑎𝑙 (𝑇,𝑌 ) are not accessi-
ble during the interactive process, so it is not possible to directly
minimize Objective 1. Another algorithmic barrier is the super-
exponential number of possible DAGs on |V| variables [36, 44].
Therefore, ECCS must use different strategies to explore and score
sets of edits. In Sections 4-6, we will present three such strategies.

3.2 Interaction Model

Concretely, the interaction model of ECCS is presented in Figure 1.
Within a context of𝔇,𝑇 and𝑌 , users interact with ECCS iteratively.
In a given interaction round 𝑛, the user provides ECCS with a causal
graph G𝑛 and two lists of directed edges: a list of 𝐹𝐼𝑋𝐸𝐷 edges F𝑛 ,
which should not be removed from the graph, and a list of𝐵𝐴𝑁𝑁𝐸𝐷

edges B𝑛 , which should not be added to the graph. These lists let
the user specify parts of the graph they are confident about, so
that ECCS avoids spending computational resources evaluating the
impact of editing these parts1. Edges in G𝑛 but not F𝑛 are called
𝑃𝑅𝐸𝑆𝐸𝑁𝑇 , while edges in neither G𝑛 or B𝑛 are called 𝐴𝐵𝑆𝐸𝑁𝑇 .
1Although ECCS receives these lists as inputs, the front-end user experience need not
require manual curation of such lists - for example, we can have the user double-click
an edge to mark it as 𝐹𝐼𝑋𝐸𝐷 in a graphical representation of the causal graph.

Algorithm 1 Suggest a single-edge edit that produces a maximally
different 𝐴𝑇𝐸 (𝑇,𝑌 ).
1: function SingleEdit(G, F, B)
2: 𝑎𝑡𝑒 ← ATE(G)
3: 𝑒𝑑𝑖𝑡𝑠 ← OneStepEdits(G, F, B)
4: return argmax𝑒∈edits |EditAndGetATE(G, F,B, [𝑒 ] ) − 𝑎𝑡𝑒 |

Algorithm 2 Compute one-step edge edits from G based on speci-
fied fixed edges F and banned edges B. V is the set of nodes of G.
1: function OneStepEdits(G, F, B)
2: 𝑒𝑑𝑖𝑡𝑠 = []
3: for (𝑉𝑖 ,𝑉𝑗 ) in V × V
4: if IsPresent(G, F, B,𝑉𝑖 ,𝑉𝑗 )
5: 𝑒𝑑𝑖𝑡𝑠 += (𝑉𝑖 ,𝑉𝑗 , Remove)
6: else if IsAbsent(G, F, B,𝑉𝑖 ,𝑉𝑗 )
7: if IsAbsent(G, F, B,𝑉𝑗 ,𝑉𝑖 )
8: 𝑒𝑑𝑖𝑡𝑠 += (𝑉𝑖 ,𝑉𝑗 , Add)
9: else

10: 𝑒𝑑𝑖𝑡𝑠 += (𝑉𝑗 ,𝑉𝑖 , Flip)
11: return 𝑒𝑑𝑖𝑡𝑠

For simplicity of exposition, we assume that for each edge in F𝑛 ,
the reverse edge is in B𝑛 . We also assume that for each edge in B𝑛 ,
its reverse is in either F𝑛 or B𝑛 . These two conditions jointly reflect
the fact that users have either already produced a judgment for the
causal relationship between a pair of variables or not.

ECCS then generates a set of suggested causal graph edits Ed𝑛
respecting F𝑛 and B𝑛 . Each suggested edit consists of an directed
edge and an operation: Add, Remove, or Flip. The edits in Ed𝑛
are presented to the user sequentially. For each suggested edit, the
user can revise the graph, fixed list and banned list according to
how the suggestion compares to their known G𝑟𝑒𝑎𝑙 . Depending on
the chosen strategy and the user’s reaction to each suggested edit,
ECCS may start a new interaction round 𝑛 + 1 after each judgment,
dropping any non-inspected elements of Ed𝑛 . Round 𝑛 + 1 is also
started once Ed𝑛 has been fully inspected.

3.3 Auxiliary Functions

We now introduce some auxiliary functions. We assume that the
dataset𝔇, the treatment 𝑇 and the outcome 𝑌 are fixed as context.

(1) IsFixed(G, F, B, 𝑉𝑖 , 𝑉𝑗 ) returns True if and only if 𝑉𝑖 → 𝑉𝑗
is in G and in F. We also equivalently define IsPresent,
IsAbsent and IsBanned.

(2) ATE(G) uses G to compute the ATE of 𝑇 on 𝑌 in𝔇.
(3) IsAcceptable(G, F, B): Returns True if and only if G is a

DAG that includes 𝑇 , 𝑌 , all edges in F and no edges in B.
For a fixed tuple of (F, B), graphs G for which this function
returns True will be called acceptable graphs.

(4) EditAndGetATE(G, F, B, e) Given a set e of causal graph
edits, applies the edits to a copy of G to obtain G′ and then
calls IsAcceptable(G′, F, B). If this call returns False, then
EditAndGetATE returns None. Else, it returns ATE(G′).

4 STRATEGY 1: SINGLE EDGE EDIT

The first strategy, called SingleEdit, takes a “sensitivity” ap-
proach to the problem at hand: it focuses on finding the single-edge
edit which, when applied to the input graph G, will result in the
maximum absolute change in 𝐴𝑇𝐸 (𝑇,𝑌 ).
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We believe that this greedy-like approach is valuable for our
problem, assuming that the initial graph G1 gives a reasonable hint
about G𝑟𝑒𝑎𝑙 . If the suggested edit is in line with G𝑟𝑒𝑎𝑙 and the user
accepts it, then this strategy helped take the most impactful correct
step away from the initial graph. If the suggested edit is instead
incorrect, then this strategy effectively “tightened” the ATE region
under consideration by eliminating the point furthest away among
the possible graphs close to the initial graph. When combined over
the course of several interaction rounds, taking maximally large
steps towards the right answer and reducing the allowed size of
future steps helps converge to the correct value of 𝐴𝑇𝐸 (𝑇,𝑌 ).

This strategy is listed in Algorithm 1. In a given iteration 𝑛, it
starts with the current graph G𝑛 and user specifications F𝑛,B𝑛 .
The algorithm computes OneStepEdits(G𝑛, F𝑛,B𝑛), which we will
explain next. For each edit 𝑒 returned by OneStepEdits, Algorithm
1 tries the edit and obtains a tentative ATE value 𝑎𝑡𝑒 = EditAnd-
GetATE(G𝑛 , F, B𝑛 , [𝑒]). Finally, it returns the edit that yields the
maximum absolute ATE difference to solicit user judgment.

OneStepEdits (Algorithm 2) constructs a set of edits by checking
the following conditions for each node pair in G, (𝑉𝑖 ,𝑉𝑗 ) ∈ V × V:

(1) If 𝑉𝑖 → 𝑉𝑗 is 𝑃𝑅𝐸𝑆𝐸𝑁𝑇 , (𝑉𝑖 ,𝑉𝑗 , Remove) is added.
(2) If 𝑉𝑖 → 𝑉𝑗 is 𝐴𝐵𝑆𝐸𝑁𝑇 , (𝑉𝑖 ,𝑉𝑗 , Add) is added if the edge

𝑉𝑗 → 𝑉𝑖 is also 𝐴𝐵𝑆𝐸𝑁𝑇 , otherwise (𝑉𝑗 ,𝑉𝑖 , Flip) is added.
From a time complexity standpoint, each SingleEdit invoca-

tion calls EditAndGetATE once for each of the 𝑂 ( |V|2) outputs
of OneStepEdits. Within EditAndGetATE, the call to ATE per-
forms OLS linear regression, with complexity𝑂 ( |𝔇| |V|2+|V|3). The
overall complexity of SingleEdit is therefore 𝑂 ( |𝔇| |V|4 + |V|5).

5 STRATEGY 2: EXPLORING EDGE EDITS

WITH THE A-STAR ALGORITHM

The fact that SingleEdit only considers single-edge edits means it
can get stuck in local minima. For example, there are cases where
adding two edgeswould have affected the ATE of interest by creating
a new path in the causal graph, but no single edge edit can affect the
ATE. Since SingleEdit maximizes the ATE impact of an individual
edge edit at a time, it will overlook such cases.

Our next strategy, HeuristicEdit (Algorithm 3), changes the
way suggested edits are scored, by relying on a heuristic search to
identify edges that may be “lower-impact” individually, but which
lie along a promising “edit path”. Heuristic searches have tradition-
ally been a critical tool to tackle computationally hard problems
- for example, simulated annealing for the traveling salesperson
problem [1] or evolutionary algorithms for feature selection [2].

At a high level, Algorithm 3 leverages the A* algorithm [16]
over the space of possible causal graphs Γ, starting from an input
graph G, and suggests the edge edit(s) most common among the
“best-performing” causal graphs.

Each node in Γ is a possible causal graph over the variables in V
that respects the fixed list F and the banned list B. Each edge in Γ is
bidirectional (G𝑚 ⇆ G𝑛) and implies that there is a pair of variables
(𝑉𝑖 ,𝑉𝑗 ) ∈ V × V such that G𝑚 and G𝑛 only differ by 𝑉𝑖 → 𝑉𝑗 .
Each directed edge in the search graph Γ has a type, consisting of a
causal graph edge and an operation. For example, assume that𝑉𝑖 →
𝑉𝑗 is absent from G𝑚 and present in G𝑛 . Then the search graph
edge G𝑚 → G𝑛 has type (𝑉𝑖 ,𝑉𝑗 , 𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛), while the search graph

Algorithm 3 Suggest single-edge edits using heuristic search.
1: function HeuristicEdit(G, F, B, 𝑏𝑢𝑑𝑔𝑒𝑡,𝑚,𝑘)
2: 𝑒𝑑𝑖𝑡𝑠 = []
3: 𝑓 𝑟𝑜𝑛𝑡𝑖𝑒𝑟 = min PriorityQueue
4: 𝑓 𝑟𝑜𝑛𝑡𝑖𝑒𝑟 .𝑝𝑢𝑠ℎ (G, 0)
5: 𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 = {}
6: while 𝑓 𝑟𝑜𝑛𝑡𝑖𝑒𝑟 is Not empty And |𝑣𝑖𝑠𝑖𝑡𝑒𝑑 | < 𝑏𝑢𝑑𝑔𝑒𝑡
7: G′ ← 𝑓 𝑟𝑜𝑛𝑡𝑖𝑒𝑟 .𝑝𝑜𝑝 ( )
8: if G′ had been visited
9: 𝑐𝑜𝑛𝑡𝑖𝑛𝑢𝑒

10: 𝑒𝑑𝑖𝑡𝑠 ← Filter(OneStepEdits(G′, F,B), Not Flip)
11: 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟𝑠 ← Filter(G′ .Apply(𝑒𝑑𝑖𝑡𝑠), Not visited)
12: for G′′ ∈ neighbors
13: 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟_𝑠𝑐𝑜𝑟𝑒 = Φ(G) − Φ(G′′ )
14: 𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 [G′′] = G′
15: 𝑓 𝑟𝑜𝑛𝑡𝑖𝑒𝑟 .𝑝𝑢𝑠ℎ (G′′, 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟_𝑠𝑐𝑜𝑟𝑒 + (ℎ (G′′ ) ≡ 2Φ(G′′ ) ) )
16: MarkVisited(G′)
17: for G′ ∈ 𝑘 highest Φ graphs encountered
18: Record 𝑐𝑜𝑚𝑚𝑜𝑛_𝑒𝑑𝑔𝑒_𝑒𝑑𝑖𝑡𝑠 by counting the type of edge edits encoun-

tered on the path from G to G′ using 𝑝𝑟𝑒𝑑𝑒𝑐𝑒𝑠𝑠𝑜𝑟 .
19: return 𝑚 edges from 𝑐𝑜𝑚𝑚𝑜𝑛_𝑒𝑑𝑔𝑒_𝑒𝑑𝑖𝑡𝑠 with largest counts.

edge G𝑚 ← G𝑛 has type (𝑉𝑖 ,𝑉𝑗 , 𝑑𝑒𝑙𝑒𝑡𝑖𝑜𝑛). Note that the neighbors
of G in Γ correspond to the outputs of OneStepEdits(G,F, B) if
we ignore edits with type Flip. Our algorithm starts with G and
explores towards the best point in Γ. We define “best” below.

We assign each causal graph G a potential function.
Φ(G) = |𝐴𝑇𝐸G −𝐴𝑇𝐸𝑖𝑛𝑖𝑡 | + 𝛾 · 𝑞𝑢𝑎𝑙𝑖𝑡𝑦 (G). (2)

The quality uses heuristic measures of the candidate causal graph,
such as sparsity, to regularize the search. In our current implemen-
tation, we use the closeness of the sparsity to a tree. 𝛾 decides the
strength of the regularization. In future work, the potential function
can be further elaborated to take into account the quality of the
model’s fit to the data or other similar confidence measures. Let
G★ = argmaxH∈Γ Φ(H), but note that G★ is not tractably known.

In Γ, the weight of an edge𝑤 (G𝑚 → G𝑛) is defined as Φ(G𝑚) −
Φ(G𝑛). This way, minimizing the cost of a path corresponds to
maximizing the potential of the frontier node of the path (by tele-
scoping). During a search starting from G, when the frontier of
the search path is G′, 𝐴∗ requires an estimate ℎ(G′′) of the cost of
the remaining path between G′′ → G★ for each neighbor G′′
of G′, in order to decide which neighbor to explore next. Let
ℎ(G′′) = 2(Φ(G′′) −∑G∈Γ Φ(G)). Since the remaining path cost
is Φ(G′′) − Φ(G★), ℎ(·) does not overestimate its value. Therefore,
the heuristic strategy is admissible [16].

We set a computational budget 𝑏𝑢𝑑𝑔𝑒𝑡 and run A* over Γ for
𝑏𝑢𝑑𝑔𝑒𝑡 steps. That is, expand 𝑏𝑢𝑑𝑔𝑒𝑡 neighbors. At the end, the
algorithm takes the 𝑘 graphs with the greatest potentials explored,
and examines the paths from the initial graph to these 𝑘 candidates.
We count the number of each type of search graph edge encountered
and return the𝑚 most common types as the suggested causal graph
edits to the user, one at a time. Only after the user has issued the
corresponding 𝑚 judgments is a new interaction round started,
and HeuristicEdit is invoked again at that point to replenish the
list of suggested causal graph edits. The time complexity of each
invocation is 𝑂 (𝑏𝑢𝑑𝑔𝑒𝑡 log(𝑏𝑢𝑑𝑔𝑒𝑡) · ( |𝔇| |V|2 + |V|3)).

6 STRATEGY 3: ADJUSTMENT SET EDIT

The HeuristicEdit strategy showcased one way of ensuring that
SingleEdit does not get stuck in local minima: explore “farther

9
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away” from the starting graph in order to score the impact of each
individual edge edit. However, HeuristicEdit still fundamentally
“draws” suggested edits from the full space of possible single-edge
graph edits, which is quadratic in the number of variables |V|. Our
final strategy, AdjSetEdit, instead works over the space of possible
single-variable adjustment set edits, which is linear in |V|.

The intuition here is to take a similar “sensitivity” approach
as SingleEdit but apply it to the adjustment set instead of the
graph edges. Namely, this strategy tries to identify the single most
impactful adjustment set edit instead of the single most impactful
edge edit, in terms of producing a large absolute ATE difference.

The top-level AdjSetEdit algorithm is presented in Algorithm 4.
It takes the same inputs as Algorithm 1 and starts similarly, by
calculating the ATE on G. It then finds a valid adjustment set for
ATEG (𝑇,𝑌 ) using existing algorithms [49]. The algorithm then con-
siders each variable that could be in the adjustment set (V \ {𝑇,𝑌 })
and finds edge edits that toggle its current adjustment set mem-
bership using MapRemoval (Section 6.2) or MapAddition (Sec-
tion 6.3). Finally, we return the set of edits that yields the maximum
absolute ATE difference among all sets considered above.

The algorithmic challenge is mapping an adjustment set edit to
a set of causal graph edits to suggest to the user. We explain one
approach in MapAddition and MapRemoval for the addition and
deletion of one variable respectively. In general, multiple different
sets of causal graph edits can achieve the same inclusion or exclu-
sion of a specific variable to/from the adjustment set. We leave the
full characterization of this problem to future work.

Note that, like HeuristicEdit, this strategy can suggest sev-
eral (but still a small number of) edge edits per interaction round,
which will be presented to the user one at a time. However, unlike
the edits produced by HeuristicEdit, the set of edits produced
by AdjSetEdit only makes sense as a collection, since all edits
are required to achieve the desired effect on the adjustment set.
Therefore, we continue presenting the suggested edits to the user
sequentially only as long as the user’s judgments agree with the
suggestions. If the user disagrees with a suggested edit (e.g. we
suggest removing 𝑉𝑖 → 𝑉𝑗 , but the user determines that this edge
should remain part of the causal graph and fixes it), we discard any
remaining suggested edits and start a new interaction round by
invoking AdjSetEdit again.

In terms of time complexity, AdjSetEdit identifies a set of edits
for each of 𝑂 ( |V|) variables by calling MapRemoval or MapAd-
dition. As we will see in Sections 6.2- 6.3, these algorithms have
complexity 𝑂 ( |E| + |V|) and 𝑂 ( |E|) respectively, where E is the
set of edges of G, meaning that generating the sets of edits has
complexity 𝑂 ( |V| × (|E| + |V|)) = 𝑂 ( |V|3). For each of the 𝑂 ( |V|)
sets of edits, AdjSetEdit calls EditAndGetATE, with complex-
ity 𝑂 ( |𝔇| |V|2 + |V|3). The overall complexity of AdjSetEdit is
therefore 𝑂 ( |𝔇| |V|3 + |V|4), a factor of |V| better than SingleEdit.

6.1 Additional Causality Preliminaries

In order to present MapRemoval and MapAddition, we introduce
some additional background on the theory of causal graphs. We
begin by extending the notion of a parent:

Definition 2 (Ancestors and Descendants). From each an-
cestor of 𝑉𝑖 (𝑊 ∈ An(𝑉𝑖 )) there is a directed path to 𝑉𝑖 . Similarly, to

Algorithm 4 Suggest a set of edits that produces a maximally
different 𝐴𝑇𝐸 (𝑇,𝑌 ), among sets of edits generated by considering
adjustment set membership.
1: function AdjSetEdit(G, F, B)
2: 𝑎𝑡𝑒 ← ATE(G)
3: 𝑒𝑑𝑖𝑡_𝑠𝑒𝑡𝑠 ← []
4: 𝑏𝑎𝑠𝑒_𝑎𝑑 𝑗_𝑠𝑒𝑡 ← AdjSet(G)
5: for𝑉 in G.𝑛𝑜𝑑𝑒𝑠 \ {𝑇,𝑌 }
6: if 𝑉 ∈ 𝑏𝑎𝑠𝑒_𝑎𝑑 𝑗_𝑠𝑒𝑡
7: 𝑒𝑑𝑖𝑡_𝑠𝑒𝑡𝑠 += MapRemoval(G, F, B,𝑉 )
8: else

9: 𝑒𝑑𝑖𝑡_𝑠𝑒𝑡𝑠 += MapAddition(G, F, B,𝑉 )
10: return argmaxe∈edit_sets |EditAndGetATE(G, F,B, e) − 𝑎𝑡𝑒 |

Algorithm 5 Suggest causal graph edits that would remove a vari-
able from the adjustment set.
1: functionMapRemoval(G, F, B,𝑉 )
2: 𝑒𝑑𝑖𝑡𝑠 ← []
3: if 𝑉 ∈ An(𝑇 )
4: 𝑃 ← DirPaths(𝑉 ,𝑇 )
5: for 𝑝 ∈ 𝑃
6: (𝑉𝑖 → 𝑉𝑗 ) ← the first Not Fixed edge in 𝑝 .
7: if (𝑉𝑖 → 𝑉𝑗 ) does not exist
8: return []
9: 𝑒𝑑𝑖𝑡𝑠 += (𝑉𝑖 ,𝑉𝑗 , Remove)
10: T← De(𝑇 ) ∪ {𝑇 }
11: Sort T by DirPathLengthFrom(𝑇 ) in ascending order.
12: for𝑊 ∈ T
13: if IsAbsent(G, F, B,𝑊 ,𝑉 )
14: if IsAbsent(G, F, B,𝑉 ,𝑊 )
15: 𝑒𝑑𝑖𝑡𝑠 += (𝑊 ,𝑉 , Add)
16: else

17: 𝑒𝑑𝑖𝑡𝑠 += (𝑉 ,𝑊 , Flip)
18: return Deduplicate(𝑒𝑑𝑖𝑡𝑠)
19: return []

each descendant of 𝑉𝑖 (𝑊 ∈ De(𝑉𝑖 )) there is a directed path from 𝑉𝑖 .
We let 𝑉𝑖 ∉ An(𝑉𝑖 ) and 𝑉𝑖 ∉ De(𝑉𝑖 ).

Given these notions, we can next present the idea of path block-
ing and the full backdoor criterion, as mentioned in Section 2:

Definition 3 (Path Blocking [33]). Path 𝑝 is blocked by
nodes B if and only if:

(1) 𝑝 has a chain 𝑖 →𝑚 → 𝑗 or fork 𝑖 ←𝑚 → 𝑗 s.t.𝑚 ∈ B; or
(2) 𝑝 has a collider 𝑖 →𝑚 ← 𝑗 s.t. ({𝑚} ∪ De(𝑚)) ∩ B = ∅.

Definition 4. A path 𝑝 between𝑇 and 𝑌 is a𝑇 -backdoor path
if some directed edge on 𝑝 has 𝑇 as its destination.

Definition 5 (Back-Door Criterion [33]). A set Z satisfies
the backdoor criterion relative to variables (𝑇 , 𝑌 ) in a DAG G if:

(i) Z ∩ De(𝑇 ) = ∅; and
(ii) Z blocks every 𝑇 -backdoor path between 𝑇 and 𝑌 .

In this case, Z is a sufficient adjustment set for correctly estimating
ATE(𝑇,𝑌 ) (Definition 1).

6.2 The MapRemoval Algorithm

Given a causal graph G, MapRemoval (Algorithm 5) finds a set
of edge edits that prohibits variable 𝑉 from being an adjustment
variable. Intuitively, Algorithm 5 makes 𝑉 violate first condition
of Definition 5, which states that a descendant of 𝑇 cannot be an
adjustment variable. We consider two cases:

10
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Algorithm 6 Suggest causal graph edits that would include a vari-
able in the adjustment set.
1: functionMapAddition(G, F, B,𝑉 )
2: 𝑒𝑑𝑖𝑡𝑠 ← []
3: if 𝑉 ∈ De(𝑇 ) ∨𝑉 ∈ De(𝑌 )
4: 𝑃 ← DirPaths(𝑇 ,𝑉 ) ∪ DirPaths(𝑌 ,𝑉 )
5: for 𝑝 ∈ 𝑃
6: (𝑉𝑖 → 𝑉𝑗 ) ← the last Not Fixed edge in 𝑝 .
7: if (𝑉𝑖 → 𝑉𝑗 ) does not exist
8: return []
9: 𝑒𝑑𝑖𝑡𝑠 += (𝑉𝑖 ,𝑉𝑗 , Remove)
10: 𝑒𝑑𝑖𝑡𝑠 += (𝑉 ,𝑇 , Add)
11: 𝑒𝑑𝑖𝑡𝑠 += (𝑉 , 𝑌 , Add)
12: return Deduplicate(𝑒𝑑𝑖𝑡𝑠)

Case 1: 𝑉 is not an ancestor of 𝑇 . 𝑉 can be made a descendant of
𝑇 by adding an edge from a variable𝑊 ∈ (𝑇 ∪De(𝑇 )) to𝑉 without
creating directed cycles. We suggest one such edit that minimizes
the directed distance from𝑊 to 𝑇 but also respects B by being
𝐴𝐵𝑆𝐸𝑁𝑇 as opposed to 𝐵𝐴𝑁𝑁𝐸𝐷 .

Case 2: 𝑉 is an ancestor of 𝑇 . In this case, directly applying the
approach in Case 1 creates a cycle. To fix this, we must first break
all directed paths from 𝑉 to 𝑇 . For each such path, we identify the
closest non-𝐹𝐼𝑋𝐸𝐷 edge to𝑉 and remove it to break the path. If all
edges on one such path are 𝐹𝐼𝑋𝐸𝐷 , Algorithm 5 returns no edits
since it is impossible to include𝑉 in De(𝑇 ) without creating a cycle.
We remove duplicate edge removal suggestions from overlapping
directed paths from 𝑉 to 𝑇 at the end.

Even thoughwe presentMapRemoval inAlgorithm 5 to facilitate
understanding, it can be implemented with time complexity𝑂 ( |E| +
|V|). Breaking the directed paths from 𝑉 to 𝑇 involves identifying
at most |E| edges to remove; this can be done efficiently by finding
the sub-graph that contains only these paths and running a breadth-
first search backwards from𝑇 . Then, finding the right directed edge
to add or flip requires checking at most |V| possible sources.

6.3 The MapAddition Algorithm

Given a causal graph G and a treatment-outcome pair (𝑇,𝑌 ), Ma-
pAddition (Algorithm 6) finds a set of edge edits that makes vari-
able𝑉 an obligatory adjustment variable. Intuitively, Algorithm 6 is
built on the second condition of Definition 5, which states that any
set satisfying the backdoor criterion must block every 𝑇 -backdoor
path. We create a 𝑇 -backdoor path 𝑝 that can only be blocked by
𝑉 . To ensure this, we make 𝑉 part of a fork along 𝑝 and adjacent
to both 𝑇 and 𝑌 via 𝑝 , so that 𝑝 cannot be blocked by some other
variable. Similar to MapRemoval, there are two cases:

Case 1. 𝑉 is not a descendant of 𝑇 or 𝑌 . The first condition of
Definition 5 is not violated since𝑉 ∉ De(𝑇 ). It suffices to create the
path described above by adding edges 𝑉 → 𝑇 and 𝑉 → 𝑌 , which
will not create a cycle since 𝑉 ∉ De(𝑌 ).

Case 2. 𝑉 is a descendant of 𝑇 or 𝑌 . First, we break these descen-
dant relations similar to Case 2 of MapRemoval. We identify the
closest non-𝐹𝐼𝑋𝐸𝐷 edge to 𝑉 by iterating backwards on the paths
from 𝑇 /𝑌 to 𝑉 and remove it to break the path. We handle the
edge case where some path cannot be broken, as well as possible
duplicate edits, similar to MapRemoval.

MapAddition can also be implemented more efficiently than
the version shown in Algorithm 6. In particular, breaking the paths
that make 𝑉 a descendant of 𝑇 and/or 𝑌 in the same manner as
discussed earlier for MapRemoval leads to time complexity 𝑂 ( |E|).

7 EVALUATION

We will now present some early results of the strategies above, in
terms of their ability to guide the user towards a higher-confidence
causal graph. In this preliminary evaluation, we focus on testing
our approaches on a variety of ground-truth causal graphs and
associated datasets, while starting from a number of different initial
causal graphs. Due to space constraints, we leave a fuller sensitivity
study of our approach to problem parameters (e.g. graph sparsity,
number of variables) to future work.

7.1 Experimental Setup

7.1.1 Environment. All experimentswere run on amachine equipped
with two 20-core 2.10 GHz Intel Xeon Gold 6230 CPUs [25] and 256
GiB of memory, running Linux 5.19.12.

7.1.2 Datasets. We generate evaluation datasets in two steps. First,
GenDAG(𝑁 , 𝑝 ,𝑤𝑚𝑖𝑛 ,𝑤𝑚𝑎𝑥 , 𝑛𝑚𝑖𝑛 , 𝑛𝑚𝑎𝑥 ), creates a graph G by in-
stantiating 𝑁 nodes in topological order and adding each edge from
a node to each successor of it with probability 𝑝 . Each edge has an
associatedweight drawn uniformly from [𝑤𝑚𝑖𝑛,𝑤𝑚𝑎𝑥 ] and an asso-
ciated noise standard deviation, drawn uniformly from [𝑛𝑚𝑖𝑛, 𝑛𝑚𝑎𝑥 ].

Then, GenData(G, 𝐿, 𝑣𝑚𝑖𝑛 , 𝑣𝑚𝑎𝑥 ) creates a dataset of 𝐿 points.
For each data point, each variable associatedwith a source node inG
is drawn uniformly from [𝑣𝑚𝑖𝑛, 𝑣𝑚𝑎𝑥 ]. The rest are assigned values
based on their incoming edges. In particular, for each incoming
edge 𝑒 , we multiply the value of the source of 𝑒 with the weight of
𝑒 and add Gaussian noise with zero mean and the noise standard
deviation of 𝑒 . The value of a non-source variable is the sum of all
the values computed this way for each of its incoming edges.

7.1.3 User Model. ECCS is fundamentally an interactive system.
In order to evaluate it experimentally, we simulate a specific user
behavior, stylized as User. A User begins invoking ECCS with a
starting graph G𝑖𝑛𝑖𝑡 obtained by calling GenDAG and empty sets
of 𝐹𝐼𝑋𝐸𝐷 and 𝐵𝐴𝑁𝑁𝐸𝐷 edges, F0 = ∅ and B0 = ∅. The User
also specifies a dataset𝔇, a treatment variable 𝑇 and an outcome
variable 𝑌 . To simulate a human expert user able to evaluate the
suggested edge edits of ECCS, a User also has access to the ground
truth graph G𝑟𝑒𝑎𝑙 used to generate𝔇. In each interaction round, a
User sequentially considers each edge for which ECCS suggested
an edit. For each such edge, a User marks it and its reverse as
𝐹𝐼𝑋𝐸𝐷 and/or 𝐵𝐴𝑁𝑁𝐸𝐷 based on G𝑟𝑒𝑎𝑙 , even if that is not the
edit type that ECCS suggested. That is, if ECCS suggested (𝑉𝑖 , 𝑉𝑗 ,
𝐴𝐷𝐷) but G𝑟𝑒𝑎𝑙 has an edge 𝑉𝑗 → 𝑉𝑖 , a User will mark 𝑉𝑗 → 𝑉𝑖 as
𝐹𝐼𝑋𝐸𝐷 and𝑉𝑖 → 𝑉𝑗 as 𝐵𝐴𝑁𝑁𝐸𝐷 . This simulates an expert verifier
whose attention is directed by ECCS to the two edge endpoints 𝑉𝑖 ,
𝑉𝑗 and who can provide a verdict for their causal relationship. As
mentioned in Section 6, AdjSetEdit may initiate a new interaction
round before the User has produced a judgment for each of the
suggested edits. In this case, theUser simply continues by producing
judgments for the suggested edits in the new round.
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Ground Truth Graphs GenDAG(10, 0.5, −10, 10, 0.001, 2) 10 runs
Datasets GenData(G, 1000, −10, 10) 3 runs/graph

Starting Graphs GenDAG(10, 0.5, −10, 10, 0.001, 2) 10 runs
Choices of𝑇 /𝑌 Combinations(G.𝑛𝑜𝑑𝑒𝑠 , 2)

(10
2
)
= 45

Strategies RandomEdit 3 runs
SingleEdit 1 run

HeuristicEdit 1 run
AdjSetEdit 1 run

Total 10 × 3 × 10 × 45 × (1 + 1 + 1 + 3) = 81,000

Table 1: Breakdown of our experiment instances.

7.1.4 Baseline. As a baseline for our proposed strategies we de-
fine RandomEdit, which suggests random single-edge edits. The
strategy samples elements of OneStepEdits(G, F, B) uniformly at
random without replacement and returns the first sampled element
that leads to a graph for which IsAcceptable returns True. If no
such element exists, it does not return any suggested edits. A User
invoking this strategy is guaranteed to arrive at the correct causal
graph, and therefore also at the correct ATE, in at most

( |V |
2
)
calls,

corresponding to the unordered pairs of distinct elements of V.

7.1.5 Experiment instances. We ran a total of 81,000 experiment
instances, as indicated in Table 1. We created 10 10-node “ground
truth” causal graphs and 3 associated 1000-point datasets for each.
We then created 10 more 10-node graphs fromwhich theUser starts
their interaction with ECCS. For each combination of a ground
truth graph, a corresponding dataset and a starting graph, we set
the user’s choice of 𝑇 and 𝑌 to all possible options. Because of
the topological order-based approach of GenDAG, we know that
a directed path from 𝑉𝑖 to 𝑉𝑗 cannot exist if 𝑗 < 𝑖 , so we prune
the corresponding pairs and get 45 valid pairs. Some experiment
instances are deemed invalid because there is no directed path
from the selected treatment to the selected outcome in both the
ground truth DAG and in the starting graph. The results we present
below are aggregated over valid experiment instances. Finally, for
each combination of (ground truth graph, starting graph, 𝑇 , 𝑌 ),
we simulate each of our three strategies for 10 judgments. For
HeuristicEdit, we set 𝑏𝑢𝑑𝑔𝑒𝑡 = 1000, 𝑚 = 2, 𝑘 = 100. For the
randomized baseline, we repeat such a 10-judgment interaction 3
times and average the performance. Note that certain strategies may
stop producing graph edit suggestions before the 10𝑡ℎ judgment is
made, for example if all the suggestions they could have produced
are not acceptable. In such cases, we assume that the metrics of
interest remain constant going forward.

7.1.6 Metrics. For each strategy and each experiment instance, we
will solve an instance of the Interactive Causal Graph Verification
problem (see Section 3.1) with 𝐽 = 10. Instead of enforcing a hard
upper limit on 𝐿, we will monitor the latency of ECCS in each
interaction round, averaged across all the experiment instances for
which that round was reached. At the same time, we will monitor
the evolution of two metrics over the 10 User judgments (again
averaged over experimental instances):
• Absolute Relative Error (ARE) [4] in ATE, defined as
𝐴𝑅𝐸_𝐴𝑇𝐸 =

���𝐴𝑇𝐸𝑐𝑢𝑟𝑟𝑒𝑛𝑡−𝐴𝑇𝐸𝑔𝑟𝑜𝑢𝑛𝑑_𝑡𝑟𝑢𝑡ℎ𝐴𝑇𝐸𝑔𝑟𝑜𝑢𝑛𝑑_𝑡𝑟𝑢𝑡ℎ

���. This is the pri-
mary metric we are interested in.
• Graph Edit Distance between the graph produced by the
User after the most recent judgment, and the ground truth
causal graph. Although this metric is not directly related to

Problem 1, it can help give some extra insight. The distance
is incremented by one for each edge edit needed to transform
one graph to the other, where the allowed operations are
𝐴𝐷𝐷 , 𝑅𝐸𝑀𝑂𝑉𝐸 and 𝐹𝐿𝐼𝑃 .

7.2 RandomEdit

We will first briefly discuss the performance of RandomEdit. On
the ARE_ATE, Figure 2a reveals that the impact of this strategy is
negligible and non-monotonic, as there is no connection between
the suggested edits and the ATE of interest. After 10 judgments, this
strategy achieves an average ARE_ATE of 0.42. Figure 2b reveals
that this strategy decreases graph edit distance roughly linearly on
average, as expected from the User’s reactions to randomized sug-
gested graph edits, reaching an average edit distance of 17.23 after
10 judgments. However, as evident from Figure 2c, this approach is
fast, with each call into ECCS taking an average of 0.16 seconds.

7.3 SingleEdit

Moving on to SingleEdit, per Figure 2a, the impact on the primary
metric of ARE_ATE is dramatic, reaching 0.17 after 10 judgments
- a reduction of 61.06% compared to RandomEdit. At the same
time, Figure 2b reveals that the decrease in graph edit distance
is only negligibly smaller than RandomEdit, reaching 17.84 on
average after 10 judgments. As shown in Figure 2c, the price for
the ARE_ATE improvement is a latency increase by 2 orders of
magnitude, with each call to ECCS requiring on average 10.39
seconds when using this strategy.

7.4 HeuristicEdit

Despite its increased sophistication, HeuristicEdit did not offer
meaningful improvements on the metrics of interest. Figure 2a
shows that it achieves an average ARE_ATE of 0.39 after 10 judg-
ments without a clear decreasing trend, an improvement of only
8.51% over RandomEdit. Its impact on graph edit distance never-
theless exceeds that of other strategies, reaching a final average
value of 16.98. Still, with an average latency of 144.90 seconds per
interaction round, further work is required to make the ideas of
HeuristicEdit useful. The main drawback of this method (beyond
the long latency imposed by the heuristic search) appears to be
its sequential identification of different suggested edge edits that
attempt to achieve the inclusion or omission of the same impactful
adjustment variable, even when the User keeps rejecting them.

7.5 AdjSetEdit

Finally, turning to AdjSetEdit, we observe from Figure 2a that
performance on the primary metric of interest (ARE_ATE) is com-
parable to SingleEdit: after 10 judgments, it achieves a value of
0.17, a reduction of 60.60% compared to the baseline. The trajectory
of the graph edit distance also mirrors that of SingleEdit, reaching
17.99 on average after 10 judgments. However, this strategy offers
a 9.28× improvement in latency compared to SingleEdit, with Fig-
ure 2c showing that each call to ECCS only takes 1.12 seconds on
average. This latency improvement is substantial because it brings
the system within an “interactive” operating domain, something
that SingleEdit and HeuristicEdit do not offer.
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(a) ARE_ATE (b) Graph Edit Distance (c) Latency

Figure 2: The evolution of our metrics of interest for each strategy over 10 User judgments.

8 RELATEDWORK

Causality and Data Management Awide variety of data manage-
ment tasks have benefited from advances in the theory of causality,
including query result and classification explanation [5, 38], hypo-
thetical reasoning [11], exploratory data analysis [29], fault local-
ization [3, 12, 31], data integration [42, 59], model fairness [62] and
maximizing RCT data usefulness [6]. Any such system can benefit
from the ability of ECCS to improve the quality of the causal graph.
General Causal Discovery Causal discovery has been an active
research area for decades [14, 28, 43, 47, 48, 53, 56, 60, 63]. Some ex-
isting algorithms are “constraint-based” [47, 48], while others try to
estimate the parameters of functional causal models [43]. A subset
of existing algorithms focus specifically on local causal discovery
around the treatment variable, in order to reduce computational
cost and characterize the range of possible causal effect sizes based
on observational data [15, 30, 55, 58]. Yet another class of algorithms
rely on the variable names [17, 18, 20] to deduce causal relations,
most recently using large language models [26, 59]. Despite the
success of such algorithms, they each have failure modes related
to the assumptions they make about the data or about the mean-
ingfulness of variable names [14, 26]. ECCS aims to efficiently use
expert user feedback to tackle such failure modes.
Data-driven Causal Graph Refinement One approach to causal
graph refinement has been targeted data collection through judi-
cious system interventions [10, 22, 23, 27, 35, 41]. This approach
may be necessary when expert verification is unsuited for deter-
mining the direction of causality. In contrast, ECCS targets domains
where such verification is possible, so that intervening is not neces-
sary. Moreover, these works often build on a computed skeleton/the
Markov Equivalence Class [7, 19, 46] and focus on determining the
direction of undirected edges in the skeleton, which limits the pos-
sibility of refining over the causal structure itself, unlike ECCS.
Another line of work combats the possibility of spurious corre-
lations being identified as causal relationships, by setting out to
find a class of necessary and sufficient causal graphs [8] over only
a relevant subset of variables. While this approach can lead to a
better-quality causal graph after the initial automatic causal discov-
ery step, it is complementary to invoking ECCS on the resulting
graph to also incorporate expert knowledge about the domain.
Adjustment Sets andATECalculationUnder the directed acyclic
graph model, we use Pearl’s backdoor criterion [33] to determine a

valid adjustment set. There exist variants of the backdoor criterion
[52]. Another line of research around identifying a causal model and
the ATE works in the domain of Markov Equivalence Classes and
completed partially directed acyclic graphs (CPDAGs) [7, 19, 50]. A
notable recent work [15] uses the observation that each possible
valid value of the ATE corresponds to a valid set of parents of the
treatment to adjust for in the CPDAG. It uses local constraint-based
causal discovery to efficiently identify the Markov Blanket of the
treatment, all possible valid parent sets to adjust for, and therefore
all possible ATE values. This algorithm still has exponential com-
plexity in bad cases. However, unlike our work, [15] does not aim
to find ATE values that are close to ground truth. Previous work
has also examined this problem in ancestral graphs [51].

9 CONCLUSION AND FUTUREWORK

In this paper, we approached the incorporation of human knowl-
edge into automatically-generated causal graphs by formulating
the Interactive Causal Graph Verification problem and exploring
three early algorithmic strategies for addressing it. We also pre-
sented a preliminary evaluation of these strategies on synthetic
workloads. We hope to solicit community feedback on our problem
formulation, as well as exchange ideas on the best ways to tackle it.

We are in the process of diving deeper into this problem and
developing solutions that provide both tighter optimality guaran-
tees and better runtime performance. A long-standing main barrier
for non-naive algorithms comes from the complexity of statisti-
cally scoring causal graphs and/or subgraphs, either in the more
canonical PC-like algorithms or more recent works such as [35].
Combining the local computation of these scoring methods with
our framework of exploration and local edits may be promising. Ad-
ditionally leveraging language information in the names of causal
variables may yield more cost-effective graph scoring schemes.

On the theoretical side, we are interested in the informational the-
oretical complexity of this problem; namely, the number of causal
graph evaluations needed to estimate the edges with the highest
impact for a given causal question to a certain accuracy. We are also
interested in combining more observations from the adjustment
set identification literature with our framework.
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