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1 Research Overview

The recent growth of data science expanded its reach to an ever-growing user base of non-experts, increasing the
need for democratization and transparency in these systems. Democratization demands that a system can be
used by people with different skills and backgrounds alike. Transparency requires explainability that helps the
users understand and trust the system function, especially when unexpected behavior occurs. Unfortunately,
most existing data systems offer limited usability and support for explanations: these systems are usable only by
experts with sound technical skills, and even expert users are hindered by the lack of transparency into the inner
workings and function of the systems. The aim of my research is to bridge the usability gap between non-expert
users and complex data systems, and explain system behavior towards achieving trust while using these systems.

Research summary. Broadly, my research has three goals: (1) enhancing usability of data systems for non-
experts, (2) explaining system behavior to enable understanding of unexpected outcomes, and (3) assisting users
to achieve trust in data-driven systems. In my dissertation research, I developed usability-enhancing systems—
following the programming-by-example [1] paradigm—in two different settings: querying relational databases [2]
and personalized document summarization [3]. I developed two explanation frameworks—based on the principles
of causality—to explain causes of data non-conformance in the context of trusted machine learning [4], and to
explain root cause of a concurrent application’s intermittent failure [5]. Finally, as a mechanism to achieve trust
in data-driven machine learning, I developed a new data-profiling primitive called conformance constraints [6]
that can characterize tuples for which a machine-learned model is likely to produce untrustworthy predictions.
While my dissertation research establishes the foundation towards building accessible and transparent systems,
the ultimate goal of my research is to expand these systems to support a larger and diverse class of problems
towards a broader impact on the society.

Broader impact and recognition. While my primary area of research revolves around data manage-
ment [2, 5–7], the application areas of my research have been interdisciplinary—spanning from program syn-
thesis [2, 7] and software engineering [5] to machine learning [4, 6, 8, 9], natural-language processing [3], data
mining [10–15], and human-computer interaction [16]. The outcome of my research led to a number of top-
tier publications, and has been recognized by several awards, including Microsoft research dissertation grant
2020 [17] and VLDB 2020 best demonstration runner-up award [18].

2 Research Accomplishments

2.1 Enhancing Usability of Data Systems

The proliferation of computational resources and data-sharing platforms has reached an ever-growing base of
users without technical computing expertise, who wish to peruse, analyze, and understand data. The broad
availability of data has the potential to fundamentally impact the way domain experts conduct their work.
Unfortunately, while data is broadly available, data systems are seldom unfettered. Existing systems typically
cater to users with sound technical computing and programming skills, posing significant hurdles to technical
novices, who do not have strong technical background. Democratization of computational systems demands
equal access to people of different skills and backgrounds. Therefore, the first goal of my research is to design
and develop tools and mechanisms that can enhance usability of data systems.

While using a data system, the traditional setting requires the users to accurately specify the intended task
in a language that the system understands. For example, a user has to compose a precise SQL query to retrieve
data from a relational database, issue a well-formed natural-language query to extract relevant data from a
large document in a question-answering system, or write a complex sampling script to sample data from a large
dataset. Such rigid mechanisms pose hurdles for non-experts who lack technical expertise and are unfamiliar
with the details of the data organization. However, a number of data-centric tasks can be simply expressed
by examples. Such a programming-by-example interaction significantly enhances usability of these systems for
non-experts. I investigate example-driven techniques to enhance usability of different data systems.
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Example-driven query intent discovery. To bridge the usability gap between non-expert users and tradi-
tional relational data interfaces, I developed SQuID [2,7], an example-driven query intent discovery framework.
SQuID offers an alternative querying mechanism that effectively complements the traditional SQL-driven query-
ing. It is an end-to-end system for semantic-similarity-aware query intent discovery: given a few examples of
the desired result, SQuID automatically formulates a SQL query—with appropriate selection predicates and
join conditions—that captures the user intent. The key idea is to express the problem of query intent discovery
using a probabilistic abduction model that infers a query as the most likely explanation of the provided examples.
An extensive empirical evaluation on three real-world datasets, including user-intent case studies, demonstrates
that SQuID is efficient and effective, and outperforms machine learning methods [19], as well as the state of
the art in the related query reverse engineering problem [20].

Comparative user studies. To understand how effective SQuID is for real users over real-world data exploration
tasks from an HCI perspective, I further conducted comparative user studies contrasting SQuID with traditional
SQL querying [16]. The result of the user studies demonstrates that users with varying expertise are significantly
more effective and efficient with SQuID than SQL. The study also shows that SQuID eliminates the barriers in
studying the database schema, formalizing task semantics, and writing syntactically-correct SQL queries, and,
thus, substantially alleviates the need for technical expertise in data exploration.

Personalized document summarization. Inspired by SQuID’s success, I applied the mechanism for
example-driven user intent discovery to the area of text document summarization, which refers to the task
of producing a brief representation of a document for easy human consumption. Automatic text document
summarization is a key natural-language processing task. Existing text summarization techniques mostly focus
on generic summarization, but users often require personalized summarization that targets their specific prefer-
ences. However, precisely expressing preferences is challenging, and current methods are often outside the user’s
control, or require costly training data. To this end, I developed SuDocu [3]—an example-based personalized
document summarization system—which offers a novel and effective way to express summarization preferences
via examples. In SuDocu, the user provides a few example summaries for a small number of documents in
a collection, SuDocu learns the summarization intent from the examples, and produces summaries for new
documents that reflect the user’s summarization preferences. Under the hood, SuDocu combines topic model-
ing, semantic-similarity discovery [2], and in-database optimization [21] in a novel way to achieve efficient and
scalable example-driven document summarization.

2.2 Explanation Frameworks

When data systems do not behave as expected (e.g., when we encounter tuples on which the predictions of a
machine-learned model are untrustworthy), we need mechanisms that can help us understand what is causing
such unexpected behavior: we need explanation tools. Furthermore, application development in distributed
settings brings forth important challenges that also need explanation. For example, failures in distributed appli-
cations are often triggered by concurrency bugs, such as interference and coordination issues. Such concurrency
bugs are difficult to reproduce; therefore, the root causes of concurrent program failures are hard to identify, and
even harder to explain. Without succinct explanation of how the root cause eventually leads to failure, the devel-
oper might fail to draw the causal connection from the root cause to the failure. The second goal of my research
is to develop explanation frameworks to facilitate understanding of outcomes involving data and data systems.

Explaining data non-conformance. In data-driven systems, we often encounter tuples on which the predic-
tions of a machine-learned model are untrustworthy. A key cause of such untrustworthiness is non-conformance
of a new tuple with respect to the training dataset. Conformance constraints [6] can detect whether a serving
tuple is non-conforming; however, they do not provide interpretable explanations of non-conformance. To this
end, I developed ExTuNe [4], a system for explaining causes of tuple non-conformance. Based on the principles
of causality, ExTuNe assigns responsibility to the attributes for causing non-conformance. The key idea is to
observe change in constraint violation under intervention on attribute-values. ExTuNe produces a ranked list
of the test tuples based on their degree of non-conformance and visualizes tuple-level attribute responsibility
for non-conformance through heat maps. Further, it visualizes attribute responsibility, aggregated over the test
tuples. Empirically, ExTuNe is found to be able to effectively detect and explain tuple non-conformance, which
can assist the users to make careful decisions towards achieving trusted machine learning.

Causality-guided adaptive interventional debugging. Runtime nondeterminism is ubiquitous in modern
database applications. Previous research has shown that nondeterminism can cause applications to intermit-
tently crash, become unresponsive, or experience data corruption. Debugging and understanding the root cause
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of such intermittent failures have always posed a challenge even to the most expert developers. To this end, I
developed Adaptive Interventional Debugging (AID) [5] for debugging such intermittent failures. AID combines
existing statistical debugging [22], causal analysis [23], fault injection [24], and group testing [25] techniques in
a novel way to pinpoint the root cause of an application’s intermittent failure and to generate an explanation
of how the root cause triggers the failure. AID works by first identifying a set of runtime behaviors (called
predicates) that are strongly correlated to the failure. It then utilizes temporal properties of the predicates
to over-approximate their causal relationships. Finally, it uses fault injection to execute a sequence of inter-
ventions on the predicates and discover their true causal relationships. AID was evaluated with six real-world
applications—including some proprietary Microsoft applications—that intermittently fail under specific inputs.
In each case, AID was able to identify the root cause and explain how the root cause triggered the failure, much
faster than group testing and more precisely than statistical debugging.

2.3 Trust and Fairness in Machine Learning

Data is central to modern systems in a wide range of domains, including healthcare, transportation, and finance.
The core of modern data-driven systems comprises of models learned from large datasets, and they are usually
optimized to target particular data and workloads. While these data-driven systems have seen wide adoption
and success, their reliability and proper function hinge on the data’s continued conformance to the systems’
initial settings and assumptions. If the serving data (on which the system operates) deviates from the profile
of the initial data (on which the system was trained), then system performance degrades and system behavior
becomes unreliable. A mechanism to assess the trustworthiness of a system’s inferences is paramount, especially
for systems that perform safety-critical or high-impact operations. Since data is central to machine learning,
it can guide us to determine when a prediction made by a machine-learned model can be trusted and when
not. Furthermore, data plays a crucial role towards fairness of the learned model: if the data contains bias, the
model will also learn to discriminate. The third question that my research aims to answer is how to achieve
trust in predictions made by machine-learned models and how to ensure fairness in machine learning.

Conformance constraints for trusted machine learning. The problem of Trusted Machine Learning
refers to quantifying trust in the prediction made by a machine-learned model on a previously unseen input
tuple. To solve the problem, I developed conformance constraints [6]: a new data-profiling primitive tailored
towards quantifying the degree of non-conformance of a tuple with respect to the training data that can effectively
characterize if inference over that tuple is untrustworthy. Conformance constraints are constraints over certain
arithmetic expressions (called projections) involving the numerical attributes of a dataset, which existing data-
profiling primitives such as functional dependencies [26] and denial constraints [27] cannot model. The key
finding is that projections that incur low variance on a dataset construct effective conformance constraints.
This principle yields the surprising result that low-variance components of a principal component analysis,
which are usually discarded for dimensionality reduction, generate stronger conformance constraints than the
high-variance components. Beyond trusted machine learning, conformance constraints can also quantify data
drift more accurately than the state of the art.

Benchmarking fair classification approaches. Predictions made by classifiers are often used to make
high-stake decisions such as mortgage approval, job-applicant filtering, pre-trial risk assessment of criminals,
etc. However, similar to all data-driven approaches, classifiers also suffer from the general phenomenon of
“garbage-in, garbage-out”: if the data contains some inherent bias, the model will also reflect or even ex-
acerbate it. While classifiers generally try to maximize their correctness, correctness alone is insufficient to
characterize the desirable qualities of a classifier; we need to ensure that the classifier is fair as well. In recent
years, fairness in classification has emerged as a multidisciplinary field, receiving significant interest from both
the machine learning and the data management communities. It is important for research communities, applica-
tion developers, and other stakeholders alike to understand the distinction among the available fair approaches,
especially because the choice of a fair approach affects performance issues such as the correctness-fairness trade-
off, efficiency, scalability, etc. To this end, I worked on a project where the goal was to empirically evaluate a
total of 18 fair classification approaches over four real-world datasets from five important aspects: correctness,
fairness, efficiency, scalability, and stability [8].
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3 Future Research Agenda

I intend to continue to work on techniques that will ease the interactions between users and systems, help users
understand and reason about both data and data-driven system functionalities, as well as provide users with
support to debug systems. This motivation guides my future research directions:

Exposing disconnect between data and systems. Due to the recent growth of data-driven systems, data
is now one of the key components of these systems. We often observe that certain properties of the data cause
these systems to malfunction, primarily because the systems were not designed to handle those data properties
in the first place. Hence, similar to software debugging that aims to find bugs in the mechanism (source code
or runtime conditions), we must also debug data to identify the disconnect between the assumptions over the
data and the design of the systems that operate on that data. Specifically, we need to find out what properties
of the data cause a data-driven system to malfunction. To this end, I aim to build a technique that can expose
certain data properties, or profiles, as root causes for a system’s performance degradation. This identification,
subsequently, will provide a clear guideline towards fixing the design of the system that operates on the data.
The key technique I envision is causal reasoning through intervention—a mechanism that alters the profiles
of a dataset for which the system malfunctions—and subsequent observation of the change in the system’s
behavior due to the intervention. Unlike statistical observational analysis, which reports mere correlations, such
a technique will report causally-verified root causes—in terms of data profiles—of the system malfunction.

Data change summarization. Data is everywhere, and, thus, the task of data exploration and understanding
is of paramount importance. Existing tools for data summarization enable users to interactively understand
the database content [28]. However, the fact—“change is the only constant in life”—is also true for databases.
Therefore, we need a mechanism to understand change in databases effectively and efficiently as well. Whenever
there is a notion of change, there are always accompanying questions regarding mechanism, quantification, and
cause of the change. When data has changed, the next questions are: how, how much, and why. To answer these
questions, I envision a technique that will explain changes in two snapshots of a database, usually associated
with two different time-stamps or generated by two different mechanisms from a parent database. My key
observation here is that change in databases are often systematic and is rarely random. My goal is to produce
explanation of change—a set of interpretable transformations—–that will ensure that all or most of the changes
are sufficiently explained and the explanation is of reasonable complexity for human consumption. In other
words, my goal is to explain how two databases differ semantically.

Example-driven data sampling. Evaluating ML pipelines with large training datasets is time-consuming
and inefficient, and, thus, data scientists use samples instead. However, skewed samples—generated by incorrect
sampling scripts—may provide misleading insights about the data and may lead to unexpected performance
anomalies when a model learned on that sample is deployed over the entire data. Unfortunately, correctly writing
sampling scripts is a challenging task. I aim to develop an example-driven sampling technique, where the users
will express their sampling criteria via example-driven interactions, and the system will synthesize the desired
sampling script. Such a system will alleviate the burden of writing complex sampling scripts for data scientists.

4 Service and Outreach

I am a program committee member of SIGMOD 2021 (research track) and EDBT 2021 (demonstration track).
I also served as an external reviewer at SIGMOD 2018, 2019, and 2020, and CHI 2021. I advised several Ph.D.
and masters students during my Ph.D. In a Research Experience for Undergraduates (REU) program at UMass,
I mentored a junior undergraduate student. I also volunteered in the Girls Inc. Eureka! Summer Workshop—a
STEM-intensive program for 8th–12th grade girls.

5 Conclusions

My research targets fundamental problems in data platforms and analytics: example-driven techniques comple-
ment traditional task specification mechanisms in various data platforms; trust and fairness in machine learning
boost reliability and acceptability; and explanation frameworks offer understanding of complex data systems. I
firmly believe that the outcome of my research can result into industry-standard products to make data systems
more accessible and transparent to a much broader set of users in all data platforms, and, thus, provide a
significant boost in human productivity, system transparency, and trustworthiness in AI.
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