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Abstract—Entity Resolution is a fundamental data cleaning
and integration problem that has received considerable attention
in the past few decades. While rule-based methods have been used
in many practical scenarios and are often easy to understand,
machine-learning-based methods provide the best accuracy. How-
ever, the state-of-the-art classifiers are very opaque. There has
been some work towards understanding and debugging the
early stages of the entity resolution pipeline, e.g., blocking and
generating features (similarity scores). However, there are no
such efforts for explaining the model or its predictions. In
this demo, we propose EXPLAINER, a tool to understand and
explain entity resolution classifiers with different granularity
levels of explanations. Using several benchmark datasets, we will
demonstrate how EXPLAINER can handle different scenarios for
a variety of classifiers.

I. INTRODUCTION

Entity Resolution (ER, for short), a.k.a. Record Linkage,

Entity Matching, or Duplicate Detection, identifies pairs of

data instances that refer to the same real-world entity. ER has

been the subject of many investigations in both industry and

academia in the past few decades [1], [2]. Several recent stud-

ies [3]–[5] show that machine learning (ML)-based methods

often provide state-of-the-art results for ER.

A key impediment to using these ML-based solutions in

practice is that end-users are given the output (i.e., the

matching tuples) without sufficient explanation of why these

tuples are matching. This state of affairs may hinder the use

of these ML-based solutions even if they deliver the best

results. With ML affecting life-altering actions nowadays –

e.g., loan approval, job hiring, and medical diagnosis – comes

the critical need and motivation for explainability. Explana-

tions are necessary to build trust in the decision process,

and increase the adoption of (semi-)automated systems. They

allow for informed human involvement and obtaining user

feedback. They also help experts and developers debug errors,

compare approaches, and improve functionality. Besides, this

transparency is now required by new laws and regulations to

justify how these decisions are made.

A recent study of explainability in data integration sys-

tems [6] concurs that there have been several approaches

towards explaining systems (i.e., explicit causal explanations)

for tasks like schema matching, schema mapping, and data

fusion. However, none of the current ER systems explicitly

explain their results.

In this demo, we present EXPLAINER, a system that takes

two input datasets to be deduplicated along with an ML model

that is trained for such task, and in turn helps users understand

the outcome of the ML model from various angles.

For this purpose, we adapt general-purpose explanation

tools into the context of ER. While these tools provide

useful instance-level or model-level explanations, those are not

sufficient in the context of ER, and new techniques are needed

to enable new types of ER-specific analyses. In EXPLAINER,

we build upon them and extend their functionalities to provide

more profound explanations and deeper analyses of their

collective outcomes.

More specifically, EXPLAINER provides the following new

functionalities for explaining ML-based ER:

• Global Explanations: A typical user could be over-

whelmed by individual explanations. Hence, we post-

process these explanations to help explain the overall ML

model and how different features drive its predictions.

Furthermore, we also derive feature importance and vi-

sualize predictions (explanations) against features values

(contributions).

• Representative Tuple Pairs. Typically, the user is not

interested in manually inspecting the explanations of all

tuple pairs in order to validate the model. It is desirable

to identify a small set of representatives that provide a

meaningful and diverse perspective of the ML model.

• Model Analysis: We provide a mechanism to analyze

where the model works well (true positives and true

negatives), and where it does not (false positives and false

negatives).

• Differential Analysis: One can obtain meaningful in-

sights on how multiple ML models fare on ER task by

focusing on where they disagree. This can be achieved by

mining the explanations provided by each of the models

for these tuple pairs.

Several challenges arise when building this framework for

ER explanations. When it comes to interpretability, we need

to provide understandable explanations to the end-user. Yet,

we cannot assume any knowledge of the underlying model

internals, and have to provide model-agnostic explanations.

For interactivity, the framework should explain how the

model would behave if certain features were different, provide

flexibility to navigate through different granularity levels of

explanations, and allow for comparing between different un-

derlying models. Finally, the framework has to target different

audience types and levels of expertise, and provide different

functionalities for either regular users who want to visualize

explanations of an ER model on a specific dataset, or experts

who want to improve the model, engineer its features, or debug

its errors.








