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Abstract

AI models are becoming increasingly opaque, prompting significant
efforts to explain their predictions. However, data-based explana-
tions—i.e., explaining predictions using training data points—remain
largely underexplored. Such explanations are essential for debug-
ging training data and gaining deeper insights into model behavior.
We introduce a demo of CausalExplain, a model-agnostic sys-
tem designed to trace the predictions of popular machine learn-
ing (ML) models back to their corresponding training data points.
For any given prediction, CausalExplain provides explanations
based on predicates from the training data that caused the out-
come. These explanations are derived from the causal DAG of the
training data, with CausalExplain presenting the user with the
top-𝑘 data-centric explanations for a given query row. In this demo,
participants will explore how causal DAGs support the generation
of such explanations across various datasets and underlying ML
models.

CCS Concepts

• Information systems → Data cleaning.
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1 Introduction

Explainable AI (XAI) has been an active research area in recent
years [6, 7]. Its goal is to provide users with methods to reason
about the predictions AI models make for a given data point.

Model-agnosticmethods such as Shapley values [7, 10] are feature-
based, i.e., they focus on quantifying the importance of the input
features in producing a given prediction. However, they do not
trace a prediction made on a data point back to the training data
subsets that caused that prediction. This causal data-based and
model-agnostic XAI is what we address in CausalExplain [2].
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Figure 1: An example of explanation sets generated byCausal-

Explain for a test row on an Income level prediction algorithm

using the Adult Income dataset [4]. The predicates use rele-
vant features and their values from the test row to extract

the subsets.

CausalExplain answers the following question: given a test
row 𝑡 and a trained ML model 𝑀 , can we trace the prediction of
𝑀 on 𝑡 to training data subsets whose removal would result in a
different prediction for 𝑡?

Naively, we would need to consider all subsets of the training
data, then re-train the model without each subset, and then check if
the prediction on 𝑡 is different or the same. However, this approach
is too expensive and results in re-training the model 2𝑛 times (n
is the number of rows in the training data). Alternatively, existing
approaches [15] that don’t require model re-training are not model-
agnostic and have to be tuned for specific ML models.

What we want to do instead is to re-train the model only on
subsets of the data that are likely going to change the prediction of
𝑡 . To this end, causal DAGs come to the rescue [8]. Causal DAGs
encode causal relationships between the attributes and a given
outcome (prediction) [5, 8]. Causal DAGs can be provided by experts
or automatically discovered from the data [13]. CausalExplain
only requires a partial causal DAG specification [6].
Example 1.1: Sam, a data analyst at a fin-tech company, is building
a classifier on theAdult Income dataset [4] to classify an individual’s
Income level (“≤50K” or “>50K”) given personal information. He
selects an ML algorithm, e.g., SVM, neural network, trains a model
on the training set, and uses the model to predict the Income level of
individuals from the test set. He notices an individual ismisclassified
(Test row in Figure 1) and wants to investigate which data points
in the training data caused this prediction.

In the example in Figure 1, 𝑡𝑡𝑒𝑠𝑡 is misclassified as “≤50K”. In
Figure 1, tables 𝑆1 and 𝑆2 contain two data-based explanation sets
(subsets of the training data whose removal cause the prediction
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for a given test row to change) for the prediction made for 𝑡𝑡𝑒𝑠𝑡 . 𝑆1,
as indicated by the predicate, is a subset of training data having
age=“YoungAdult”∧ occupation=“Adm-clerical”∧ gender=“Female”,
the same as 𝑡𝑡𝑒𝑠𝑡 but with a majority label “≤50K”. A model trained
with the training data excluding 𝑆1 predicts “>50K” for 𝑡𝑡𝑒𝑠𝑡 . 𝑆2
is another subset of training data with a majority label “≤50K”.
As the predicate describes, it is a subset of training data with
(education=“Bachelors” ∧ occupation=“Adm-clerical”) ∨ hours-per-
week=“Medium”. Eliminating 𝑆2 from the training data reverses the
prediction for 𝑡𝑡𝑒𝑠𝑡 . From the explanation set 𝑆1, Sam can conclude
that the historical training data predominantly consists of young
female clerks with income ≤50K and is not representative of the
current population. Consequently, he can elect to include more
training data of female clerks with income >50K. Note that there
are many training data subsets that can flip the prediction for 𝑡𝑡𝑒𝑠𝑡 .
However, we are interested in subsets that are causally explainable
using the causal DAG and feature values of the test row.
Usability: Explanation sets can be useful in many use cases, for
example, (1) AI explainability: predicates describing the expla-
nation sets can help reason about the model’s output (prediction),
and (2) Data Debugging: erroneous output can be fixed by tracing
and fixing the training data subsets causing the wrong predictions.

Related Work: Recent data-based XAI methods [15] assume a
white-box model, i.e., the model’s parameters are exposed and can
only quantify the effect of removing one tuple at a time from the
training data. [5] views ML algorithms as black-box systems and
develops data profiles to identify causally verified root causes of
system malfunctions. [14] is a recent system that generates black-
box explanations using a provenance graph that keeps track of
data transformations in the model. Counterfactual explanations
of ML models [12] is a related line of work where the focus is to
find counterfactual explanations of ML models’ predictions. For
instance, [6] explains black-box decision-making systems using
counterfactuals and quantifies the causal influence of features on
an algorithm’s decisions. Unlike existing techniques, CausalEx-
plain is the first system that leverages the causal DAG of the data
to generate model-agnostic data-based explanations for a given
prediction.
2 System Overview

CausalExplain uses causal graphs to efficiently explore the search
space of explanation sets. In a causal graph, directed edges represent
cause-and-effect relationships among the variables (features or
outcomes in this case), resulting in a directed acyclic graph (DAG)
(Figure 3a). A causal path (a sequence of directed edges) represents
the chain of cause-and-effect from one variable to another that are
causally dependent. CausalExplain exploits the cause-and-effect
relationships to cause a different outcome (prediction) for the given
test row, as explained later in Profile generation (Section 2.3). The
workflow of CausalExplain is presented in Figure 2. It consists of
an offline preprocessing step and an online query step. Next, we
present the main components of the architecture in Figure 2.

2.1 Proprocessing step

1 Profiles. CausalExplain takes as input the training set, the
test set, and the causal DAG. Then, it generates Feature Profiles
from the causal DAG by exploring different paths that lead to the

Figure 2: System architecture of CausalExplain.

outcome variable (details of this process are in Section 2.3). Fea-
ture Profiles or, in short, Profiles are predicates expressed in the
disjunctive normal form. For example, a Profile can be 𝜙 = (age =
𝜓1 ∧ education = 𝜓2) ∨ (workclass = 𝜓3), where𝜓1,𝜓2, and𝜓3 are
placeholders. For a test row 𝑡 with age = “Old”, education = “Bache-
lors”, workclass = “Private”, a possible instantiation of 𝜙 is 𝜙 (𝑡) =
(age =“Old” ∧ education = “Bachelors”) ∨ (workclass = “Private”).
Profiles describe subsets in the training data. This setting is better
suited to categorical features, but it can also accommodate numeri-
cal features by discretization.

2 Rules. Next, CausalExplain instantiates every Profile gener-
ated from the causal DAG with all possible values in the feature
domain, creating a bag of instantiated Profiles or Rules. It also
calculates the Support, defined as the fraction of the training set
described by each rule.
We define removing a subset of the training data as an Intervention.
Interventions are likely to change the training data distribution and,
consequently, the retrained models, where the prediction for test
rows other than the intended test row may also change, resulting in
side effects. To quantify side effects, we introduce Model similarity,
defined as the prediction similarity of the original black-box model
and the retrained model. Higher Model similarity and less Support
are preferred because it means fewer side effects, and explanation
sets with smaller Support are easier to explain. However, unlike
Support, Model similarity can only be computed after retraining.

3 Filtered Rules. CausalExplain filters the Rules, first using an
upper threshold on Support and then by the Average Treatment
Effect (ATE) [8]. We compute the ATE on the training data after
removing the subset described by the rule and compare it with
the baseline ATE on the original training data. We keep the rules
with a substantial decrease in ATE (controlled by an ATE change
threshold Δ 𝐴𝑇𝐸) after the intervention. This is because the ATE
measures the strength of a causal relation between the features
and the outcome. A decrease in ATE indicates that the removed
subset (the intervention) is important for the causal relation, and
removing it weakens the relation. So, such a rule is a potential
candidate for changing the prediction (outcome) for test rows that
share the same feature values as the rule. No change or an increase
in ATE means the removed subset has little or no contribution
to the causal relation, so we discard the rule. The thresholds for
Support and the Δ 𝐴𝑇𝐸 are tunable parameters. Users can adjust
them to keep the number of rules manageable.
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4 Model re-training. CausalExplain retrains a model for each
rule in the filtered rule set. The retraining iterations are independent
and highly parallelizable, making them ideal for distributed settings.
CausalExplain collects key model statistics (e.g., Model Accuracy,
Model Similarity) and stores the retrained models (Figure 2 5 ),
allowing them to be invoked for making inferences during the
online Query Step.

2.2 Query step

In the query step, CausalExplain loads the models from the pre-
processing step (Figure 2 6 ). Given a test row, CausalExplain
runs inference on the saved models and lists the rules from models
whose predictions differ from the original model’s prediction (the
model that was trained using all the training data). Then, Causal-
Explain filters the rules based on feature overlap with the test row
and ranks the explanation sets by their Interestingness score, which
balances higher Model similarity (fewer side effects) with lower
Support (smaller explanation sets). CausalExplain then highlights
the causal paths in the DAG from which the rule was derived and
returns their corresponding explanation sets (Figure 2 7 ).

2.3 Profile generation

Now we discuss how CausalExplain leverages the cause-and-
effect relationships using the causal DAG. Directed paths in DAGs
imply Reachability (e.g., native-coutnry to occupation in Figure 3a).
This property constitutes a Partial Ordering ≤𝑝 on the vertices
(e.g., native-coutnry ≤𝑝 occupation). However, if two vertices are
unreachable from one another (e.g., occupation andworkclass), there
is no ordering; hence, the ordering is Partial. Multiple causal paths
exist from education to income; some of them have occupation as
an intermediate node (refer to Figure 3b). We consider features in
the same causal path for conjunctions. Conversely, since occupa-
tion and workclass are unreachable from one another, there are no
causal paths that contain both. They are in different causal paths
to income (refer to Figure 3c). So, we don’t consider such features
for conjunctions. However, they may be considered for disjunc-
tion. The partial ordering distinguishes between these cases. So, We
keep conjunctions ordered by ≤𝑝 , as it allows efficient generation
of conjunctions and disjunctions.
Generating conjunctions: We begin with single-term conjunctions.
In Figure 3d, marital-status ≤𝑝 education ≤𝑝 income, so we gener-
ate the conjunction (marital-status ∧ education). In the same pro-
cess, we can go from 2-sized conjunctions to 3-sized conjunctions
(marital-status ∧ education ∧ workclass) (Figure 3e). We extend the
length by one until we reach the longest path in the DAG. Limiting
the length (e.g., a user-provided threshold) can result in further
pruning of the number of conjunctions.
Generating disjunctions: We form disjunctions by combining con-
junctions that lie on distinct causal paths. Such features do not form
conjunctions since they influence the target independently. For ex-
ample, in Figure 3d and 3e, replacing marital-status or workclass
with relationship removes any ordering, suggesting a disjunction. In
Figure 3f, (age ∧ workclass) and (native-country ∧ occupation) form
a disjunction as they cannot be collapsed into a single conjunction.
We iteratively extend disjunctions by one term until no further
combinations are possible, optionally limiting term count to prune
Profiles.

Figure 3: (a) Causal DAG for the Adult Income dataset. (b)

Causal paths from education to income, education to occupa-
tion, and occupation to income. (c) Causal paths from occupa-
tion and workclass to income. (d) Extending the single-term

conjunction (education) withmarital-status. (e) Extending
(marital-status ∧ education) with workclass. (f) Determining

the validity of the disjunction (age ∧ workclass) ∨ (native-
country ∧ occupation). Dashed arrows are causal paths.

3 Demonstration Scenario

This demonstration showcases how CausalExplain enables data-
based explanations for ML model predictions and supports training
data debugging. Participants, acting as data scientists, will use
CausalExplain to trace predictions back to training data and iden-
tify and remove problematic subsets to improve model performance.

Figure 4 illustrates the UI of the last step of CausalExplain
(explanation sets with causal paths). On the left-hand side pane,
we can see that the user trained a neural network model and speci-
fied key parameters to generate the explanations (e.g., conjunction
max length). An example scenario is as follows: (1) The user spots
an incorrect prediction of the model on a test row (Figure 4 1 );
(2) The user uses CausalExplain to generate a set of explanations.
CausalExplain then generates a list of explanations (Figure 4 2
and Figure 4 3 ); (3) The user can then select specific explanations
to see a preview of their data subset as well as the paths from
the causal DAG that were used to derive the selected explanation
(Figure 4 4 ).

We demonstrate the operations of CausalExplain over the
following datasets and ML models.
Datasets: We consider three real-world datasets: (1) the Adult In-
come dataset [4] consisting of 48,842 data points, where the ML
algorithm(s) classify an individual’s Income level given personal
information, (2) the StackOverflow Annual Developer Survey 2018
[1] of 98,855 data points, where the classifiers are trained to predict
developer’s Salary level based on personal information and devel-
opment skill-set, and (3) the COMPAS dataset [9] with 7,214 data
points, where the classification task is to predict whether an indi-
vidual will recommit a crime within two years (Recidivism) from
criminal history and demographic information.
Black-box ML algorithms: CausalExplain is model agnostic and
supports most ML algorithms. In this demo, we showcase the popu-
lar algorithms: (1) Logistic Regression, (2) SVM, (3) XGBoost, (4) Ad-
aBoost, (5) Random Forest, and (6) Multi-layer neural nets.

The audience will engage with CausalExplain via the following
scenarios:
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Figure 4: A screenshot of CausalExplain at the query step. Participants will have the opportunity to train a series of ML

models on various datasets and generate explanations using CausalExplain, which are grounded in the causal DAG.

Causal DAG and parameter specification: CausalExplain requires
the specification of a causal DAG or a partial causal DAG. The
audience can import the DAG through a text file. There are causal
discovery methods and tools, e.g., the DoWhy package [11] and the
CausalNex package [3], to generate causal DAGs for datasets. The
audience can specify the parameters according to their computation
budget. They can start with low thresholds and gradually increase
them to achieve desired performance.
Understanding the rule’s contribution to the causal relation: The
participants will be able to explore the rules and understand their
contribution to the strength of the causal relation with the outcome
variable (prediction) from the ATE. It will enable the participants
to identify influential rules and training data subsets.
The retraining phase runs offline. For demonstration purposes, we
will load the preprocessed models.
Explanation Set Generation: To illustrate the usability of Causal-
Explain, in the query phase, the audience can select rows from the
test set and generate the top-𝑘 explanation sets. The explanation
sets are displayed as predicates, as well as the training data subsets,
and are sorted by the Interestingness score. The participants can
also rank them by Support,Model similarity, predicate length, etc, to
facilitate their explainability or data debugging task. Additionally,
they can select an explanation set, load the retrained model cor-
responding to the explanation set, and compare the prediction of
the retrained model with that of the original model and the ground
truth to further streamline the data debugging task.
Causal explanations: Each explanation set corresponds to a rule that
induces causal paths in the DAG. CausalExplain highlights these
paths, helping participants understand explanations by examining
the activated causal paths.
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