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Abstract
Causal inference aids researchers in discovering causal relation-
ships, leading to scientific insights. Pearl’s causal model uses causal
DAGs to estimate causal effects, so DAG correctness is essential for
reliable causal conclusions. However, for high dimensional data,
the causal DAGs are often complex beyond human verifiability.
Graph summarization is a logical next step, but current methods
for general-purpose graph summarization are inadequate for causal
DAG summarization, as they are not designed to preserve causal
information. In this demonstration, we present a system called
CausaLens that summarizes a given causal DAG, and balances
graph simplification for better understanding and retention of es-
sential causal information for reliable inference directly on the
summary DAG. We illustrate that causal inference on the summary
DAG is more robust to misspecification in the initial causal DAG
compared to performing inference directly on the initial causal
DAG, thereby enhancing the robustness of causal inference. We
will demonstrate the utility of CausaLens for generating useful
summary causal DAGs by interacting with the SIGMOD’25 par-
ticipants, who will act as data analysts aiming to perform causal
analysis on high dimensional datasets.
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1 Introduction
Causal inference is central to informed decision-making in econom-
ics, sociology, and medicine. It has become increasingly relevant in
machine learning, supporting multiple tasks, including algorithmic
fairness and explainable AI. Causal inference has also become a ma-
jor theme in data management, enhancing tasks like query results
explanation [16], and data discovery and cleaning [2, 10].

The core idea behind causal inference is that computing the
effect of a variable𝑇 (the treatment variable) on another variable𝑂
(the outcome variable) should be aware of the causal structure of the
system of which they are a part. This structure is often represented
as a Causal Directed Acyclic Graph (DAG) [8], where each directed
edge represents possible causal influence. Graphical criteria, such
as the backdoor criterion [8], can then be applied to a causal DAG
to find a sufficient set of confounding variables to adjust for. This
ensures sound causal inference, even if the underlying data is purely
observational (i.e., passively collected).

The reliability of causal inference thus depends on high-quality
causal DAGs, which are often unavailable. Such DAGs are often
constructed using domain knowledge, a process that is error-prone
and time-consuming. Alternatively, multiple causal discovery meth-
ods have been proposed [3], which attempt to recover a causal DAG
from available data alone. While useful, often they do not perform
well on real-world data and require significant human effort for
verification [13]. This challenge is exacerbated in high-dimensional
data, underscoring the need for efficient methods to simplify and
validate causal DAGs. We illustrate this need via an example:

Example 1.1. Consider a dataset about query performance on
a cloud-based data warehouse service1 that includes performance
metrics and query features. This dataset can help answer key causal
questions for performance optimization, such as understanding

1Amazon Redshift Serverless: https://aws.amazon.com/redshift/redshift-serverless/
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Figure 1: CausaLens UI showing example causal DAGs for analyzing the Redshift dataset on query performance. Left: Manual causal DAG
with color-coded semantic relationships. Right: Generated summary causal DAG based on user-defined size and similarity constraints.

how caching impacts latency, or analyzing the effect of join com-
plexity on query planner performance. Fig. 1 (left) shows a small
possible causal DAG for this task, constructed manually. For ex-
ample, the edge from NumColumns} to ExecTime suggests that the
number of columns referenced in a query may affect its execu-
tion time. In this example DAG, QueryTemplate is a confounder
that must be adjusted for in order to answer the causal queries
above in an unbiased way: it affects both performance metrics (e.g.,
ElapsedTime, PlanTime) and the mechanisms being analyzed (e.g.,
ResultCacheHit, NumJoins). If the DAG was mis-specified and
some of the relevant edges from QueryTemplate were missing, we
would reach inaccurate conclusions. This underscores the impor-
tance of domain expert verification for edges, a task that can be
overwhelming even in this simple example.

Causal DAGs might be generated by an automated method or
by a different team. In either case, the DAG is very complicated,
so graph summarization is a logical next step, making it easier for
users to verify. Graph summarization has been extensively stud-
ied [4, 5, 12, 15], with techniques such as node grouping based on
similarity [14], and bit reduction [9]. While these general-purpose
methods excel at handling large graphs, they are unsuitable for
summarizing causal DAGs, as they focus on objectives like min-
imizing reconstruction errors or enhancing visualizations rather
than preserving causal information crucial for reliable inference.

In this work, we demonstrate CausaLens, a system that sim-
plifies an input causal DAG into a summary causal DAG, making
the verification process easier. In [17], we show that the gener-
ated summary DAG can be used for sound causal inference and is
more resilient to errors compared to the original DAG. CausaLens
thereby enhances interpretability, verifiability, and robustness in
causal inference. In CausaLens, the user provides an input causal
DAG or generates one using a causal discovery algorithm via the

UI. They can then set a bound on the number of nodes in the sum-
mary DAG. To ensure semantic coherence, CausaLens estimates
the semantic similarity between variables (visualized through color
codes in Fig. 1), allowing the user to set a threshold for the maxi-
mum semantic distance between nodes within the same cluster in
the summary DAG. In the demonstration, we will show how the
summary DAG can be used for reliable causal inference and how it
is more robust to errors in the input DAG.

2 Technical Background
2.1 Background on Causal Inference
We consider a single-relation database over a schema A. We use up-
per case letters for a variable from A and bold symbols for variable
sets. The broad goal of causal inference is to estimate the effect of
a treatment variable 𝑇∈A (NumJoins) on an outcome variable 𝑂∈A
(ElapsedTime). The gold standard approach is performing a ran-
domized controlled experiment, where the population is randomly
divided into a treated group (denoted do(𝑇 = 1) for a binary treat-
ment) and a control group (do(𝑇 = 0)). Randomization mitigates the
effect of confounding factors, i.e., variables that would have affected
both 𝑇 and 𝑂 , were the treatments not explicitly assigned.

One popular measure of a causal estimate is the Average Treat-
ment Effect (ATE). In a randomized experiment, the ATE is the differ-
ence in the average outcomes of the treated and control groups [8]:

𝐴𝑇𝐸 (𝑇,𝑂) = E[𝑂 | do(𝑇 = 1)] − E[𝑂 | do(𝑇 = 0)] (1)
However, experiments where treatments are assigned at random
cannot be done in many practical scenarios due to, e.g., economic or
ethical issues. In such cases, we can still account for the confounding
attributes to get an unbiased causal estimate from observational data,
by using Pearl’s model [8]. To achieve this, we must replace the 𝑑𝑜-
operator in Equation 1 with appropriate conditional probabilities.
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Figure 2: A causal DAG, and two summary DAGs.

Table 1: The recursive bases of the DAGs in Figure 2

Graph Recursive Basis

G (𝐶 ⊥⊥ 𝐵 |𝐴), (𝐷 ⊥⊥ 𝐴 |𝐵𝐶 ), (𝐸 ⊥⊥ 𝐴𝐵𝐶 |𝐷 )
H1 (𝐸 ⊥⊥ 𝐴𝐵𝐶 |𝐷 )
H2 (𝐸 ⊥⊥ 𝐴𝐶 |𝐵𝐷 )

Finding the right conditional probabilities to substitute can be
achieved using the rules of the 𝑑𝑜-calculus framework [8], which
requires access to a causal DAG. A causal DAG is a specific type
of a Bayesian network, where nodes represent random variables
and edges signify potential causal influence. Starting from such a
graph, Pearl developed the backdoor criterion [8], which allows us
to graphically identify a sufficient set of confounding variables.

2.1.1 Causal Information. A causal DAGs encodes causal infor-
mation as Conditional Independence (CI) relationships among the
variables. These relationships can be read off the DAG using a graph-
ical criterion called 𝑑-separation [8], which determines whether two
sets of nodes X and Y are conditionally independent, given a third
set Z. The Recursive Basis (RB) for a causal DAG consists of up to 𝑛
CIs, where 𝑛 is the number of nodes, indicating each node’s inde-
pendence from its non-descendant nodes, given its parents. This
set of CIs holds significance, as it can be used to derive all other
CIs encoded in the DAG using the semi-graphoid axioms. As an
example, consider the causal DAG shown in Fig. 2(a). An example
CI it encodes is 𝐵 ⊥⊥𝑑 𝐶 | 𝐴. Its RB is given in Table 1.

2.1.2 CIs & Missing Edges. In causal DAGs, the information en-
coded by missing edges implies the set of CIs the DAG represents.
Namely, removing edges can undermine the causal model as it
implies additional CIs that do not necessarily hold. On the other
hand, existing edges only indicate potential causal influence. This
implies that adding edges to a causal DAG, provided acyclicity is
maintained, does not necessarily compromise validity [8].

2.2 The Causal DAG Summarization Problem
CausaLens takes an input causal DAG and simplifies it for better
interpretability while preserving its usefulness for causal inference.
We begin by defining summary causal DAGs.

2.2.1 Summary Causal DAG. A summary causal DAG is created
through node contraction, where only acyclicity-preserving con-
tractions are allowed. Contracting nodes 𝑈 ,𝑉 produces a graph
H , replacing𝑈 and 𝑉 with a single node C={𝑈 ,𝑉 }. C retains the
neighbors of𝑈 and𝑉 , while any edge between𝑈 and𝑉 is removed.

A causal DAG G is said to be compatible with a summary DAG
H , if, there exists a partition of the nodes V(G) among the nodes
V(H), such that: If (𝑈 ,𝑉 )∈E(G), then either 𝑈 and 𝑉 are in the

same node in V(H) or there is an edge from the cluster node of𝑈 to
the cluster node of𝑉 in E(H). The RB of a summary DAG is defined
in a similar manner. The only difference is that in a summary DAG,
a node may represent a set of nodes of the original DAG. Table 1
presents the recursive bases of the example causal DAG and two
possible summary DAGs for it, as illustrated in Fig. 2.

2.2.2 Problem Formulation. Our objectives are tomaintain asmuch
causal information as possible while simplifying the input DAG.
Causal Information Preservation: Given two summary DAGs de-
rived from the same DAG G, we prefer the one that preserves a
larger number of the CIs encoded in G. We compare summary
DAGs based on their RBs. Given two summary DAGs H1 andH2,
we say that H1 is superior to H2 if the RB of H2 is implied by that
ofH1. Namely, all the CIs encoded byH2 can be deduced fromH1.

Example 2.1. Consider the causal DAG G shown in Fig. 2, with
two possible summary DAGs H1 and H2. Despite H1 having only
three nodes, it surpassesH2. FromH1, for example, we can infer
that (𝐸 ⊥⊥𝑑 𝐴 | 𝐷), while this CI cannot be deduced from H2.

Additionally, a summary DAG should not introduce any spurious
CIs that the original causal DAG does not imply. We refer to this
property as an I-Map. Our goal is to find a summary DAG that is
an I-Map for the input causal DAG and its RB is maximal.
Size Constraint The summary DAG should be concise to reduce
cognitive load for analysts. We therefore allow users to impose a
size constraint on the number of nodes in the summary DAG.

Given a causal DAG G and a bound 𝑘>1, CausaLens finds a
summary causal DAGH s.t. (i) the number of nodes inH is ≤𝑘 ; (ii)
G is compatible with H , is an I-Map for G and its RB is maximal.

In [17], we show that the rules of 𝑑𝑜-calculus are sound and
complete in summary causal DAGs. This is vital to ensure that the
summary causal DAGs are effective formats that support causal
inference. In a nutshell, we show that contracting nodes is akin to
adding edges to the input causal DAG. Based on this connection, we
can think of node contraction as the operation of adding edges to
the input causal DAG. As mentioned, adding edges to a causal DAG
does not undermine the causal model, but it reduces the amount
of CIs it encodes. Our goal is then to find the summary DAG that
results in the minimal number of added edges.

2.3 Causal DAG Summarization Algorithm
We can show that the causal DAG summarization problem is NP-
hard. We, therefore, employ a heuristic, scalable algorithm that
meets the size constraints. CausaLens’s underlying algorithm fol-
lows a previous line of work (e.g., [14]), where a bottom-up greedy
approach is used to identify promising node pairs for contraction.
Its main contribution lies in how it estimates merge costs, to pre-
serve the causal interpretation of the graph: It counts the number of
edges to be added to the original causal DAG for each node pair (a
proxy for the effect of summarization on the RB, per Section 2.2.2).
In each iteration, the algorithm contracts the node pair resulting in
the minimal number of additional edges.

Semantic Constraint. The user can ensure that only semantically
related variables are merged, thereby maintaining semantic coher-
ence in the summary DAG. To achieve this, CausaLens evaluates
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pairwise semantic similarity scores using GPT-4 [7]. The scores are
displayed to the user by color-coding the nodes. For instance, in
Fig. 1, the semantic scores of NumTable, NumJoins, and NumColumns
are relatively high, indicated by their similar yellow shades. Users
can specify a semantic threshold. Two nodes are eligible for con-
traction only if their similarity score exceeds the threshold. The
color coding of the nodes in the summary DAG is consistent with
the colors used in the input DAG. For example, if two yellow shade
nodes are merged, the cluster node will also be colored yellow.

3 System & Demonstration
We implemented CausaLens in Python. To generate semantic simi-
larity scores, we used GPT-4 [7]. We used the DoWhy [11] package
to compute causal effects and Streamlit2 for the UI.
System overview: The UI of CausaLens is shown in Fig. 1. The
analyst provides a dataset with a corresponding causal DAG. If
a causal DAG is not provided, CausaLens can leverage a causal
discovery algorithm to infer one. Next, the analyst specifies a size
constraint and optionally a semantic threshold. CausaLens then
constructs a summary DAG that satisfies the size and semantic
constraints. If no summary DAG can be found (e.g., when 𝑘 is low,
and the semantic threshold is high), CausaLens notifies the user.

In this demonstration, we will show that the obtained summary
causal DAGs are valuable for reliable causal inference. We will also
highlight how they effectively help users identify and address errors
in their input causal DAGs, as error detection is significantly easier
in summary DAGs compared to the original causal DAGs.
Demo scenarios: We demonstrate the operation of CausaLens
over six datasets, including the Redshift dataset (12 nodes and 23
edges in the causal DAG), the German Credit dataset [1] (21 nodes,
43 edges), and a Car Accidents Data [6] (41 nodes, 368 edges). The
participants will act as data analysts, aiming to explore and sum-
marize their input causal DAG, before using it for causal analysis.
Introducing CausaLens: In this part of the demonstration, atten-
dees will explore pre-loaded causal DAGs, such as the one in Fig-
ure 1 for Redshift. We will invite the attendees to select a dataset
and load its corresponding causal DAG. We will then explain the
available configuration knobs in CausaLens, setting them to initial
values and obtaining a summary causal DAG. Attendees can then
examine how the configuration knobs affect the summary DAG,
as well as estimate causal effects over the summary and original
DAGs to demonstrate the summary DAG’s utility for causal in-
ference. Specifically, we will compare ATEs estimated from the
original DAG and the summary DAGs, each with a 95% confidence
interval. While confounding variable sets may differ between the
summary and original DAGs, resulting in some variation, we will
show significant overlap in the intervals.
Demonstrating Robustness: The participants will then be invited
to change the input causal DAGs using the UI. They can either
modify the input DAG by adding or removing edges, or use a causal
discovery algorithm to derive a new DAG. This scenario simulates
a real-life task where an analyst tries to verify the correctness of a
causal DAG. Participants will then inspect the generated summary
DAG to see the robustness of the summary DAG against errors in

2https://streamlit.io/

the input DAG. In particular, we will demonstrate that the ATEs
calculated from summary causal DAGs are robust to errors in the
input DAGs. This highlights their practical importance in real-world
scenarios where a perfect input causal DAG may not be available.

Additionally, we will present some flawed input causal DAGs
and ask participants to identify the errors (e.g., missing/redundant
edges). Participants will be invited to inspect the input causal DAG
directly, or examine the corresponding summary DAG. They will
quickly realize that reviewing a summary DAG is a simpler task, as
it requires inspecting fewer edges and nodes, thereby facilitating
the verification process of the input causal DAG.
Looking under the hood: Participants will be invited to examine
how various parameters affect quality and performance. For ex-
ample, we will run an exhaustive approach that considers all sum-
mary causal DAGs, and show that while the summary DAG gener-
ated by CausaLens is similar to that of the exhaustive approach,
CausaLens is at least one order of magnitude faster, and the differ-
ence in runtime increases as the size of the causal DAG increases.
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