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Abstract—One of the crucial requirements before consuming
datasets for any application is to understand the dataset at hand
and its metadata. The process of metadata discovery is known as
data profiling. Profiling activities range from ad-hoc approaches,
such as eye-balling random subsets of the data or formulating
aggregation queries, to systematic inference of structural information and statistics of a dataset using dedicated profiling tools. In
this tutorial, we highlight the importance of data profiling as part
of any data-related use-case, and discuss the area of data profiling
by classifying data profiling tasks and reviewing the state-ofthe-art data profiling systems and techniques. In particular, we
discuss hard problems in data profiling, such as algorithms for
dependency discovery and profiling algorithms for dynamic data
and streams. We conclude with directions for future research in
the area of data profiling. This tutorial is based on our survey
on profiling relational data [1].

I.

I NTRODUCTION

We can safely assume that most computer or data scientists
have engaged in the activity of data profiling, at least by
“eye-balling” spreadsheets, database tables, XML files, etc.
More advanced techniques may have been used, such as
keyword-searching in datasets, writing structured queries, or
even using dedicated data profiling tools. Data profiling is the
set of activities and processes to determine the metadata about
a given dataset. Among the simpler results are per-column
statistics, such as the number of null values and distinct values
in a column, its data type, or the most frequent patterns of
its data values. Metadata that are more difficult to compute
involve multiple columns, such as inclusion dependencies or
functional dependencies.
Traditional use cases of data profiling include data exploration, data cleansing, and data integration. Statistics about data
are also useful in query optimization. Additionally, domainspecific use cases have emerged in scientific data management
and big data analytics. In particular, “big data”, with their
high volume, high velocity, and high variety [2], are data
that cannot be managed with traditional techniques. Fetching,
storing, querying, and integrating big data is expensive, despite
many modern technologies. Thus, data profiling gains a new
importance. For instance, before exposing an infrastructure to
the Twitter firehose, it might be worthwhile to find out the
properties of the data one is receiving; before downloading
significant parts of the linked data cloud, some prior sense
of the integration effort is needed; before augmenting a
warehouse with text mining results, an understanding of data
quality is required. In general, many big data and related data
science scenarios call for data mining and machine learning
techniques to explore and mine data. Again, data profiling is
an important preparatory task to determine which data to mine,
how to import data into various tools, and how to interpret the

results [3].
Leading researchers have noted that “if we just have a
bunch of datasets in a repository, it is unlikely anyone will
ever be able to find, let alone reuse, any of this data. With
adequate metadata, there is some hope, but even so, challenges
will remain[. . . ].” [4] Data profiling addresses precisely this
problem and faces three challenges:
1)
2)
3)

Managing the input
Performing the computation
Managing the output

Apart from typical data formatting issues, the first challenge
includes the problem of specifying the expected outcome, i.e.,
determining which profiling tasks to execute on which parts of
the data. In fact, many tools require a precise specification of
what to inspect. Other approaches are more open and perform
a wider range of tasks, discovering all metadata automatically.
Data profiling tools and algorithms have tackled these challenges in different ways. Many rely on the capabilities of the
underlying DBMS, as many profiling tasks can be expressed as
SQL queries. Others have developed innovative ways to handle
the individual challenges, for instance using indexing schemes,
parallel processing, and reusing intermediate results. Several
methods have been proposed that deliver only approximate
results for various profiling tasks, for instance by profiling
samples. Finally, users may be asked to narrow down the
discovery process to certain columns or tables. For instance,
there are tools that verify inclusion dependencies on usersuggested pairs of columns, but cannot automatically check
inclusion between all pairs of columns or column sets.
This tutorial is based on our survey on data profiling [1].
We discuss data profiling use cases, present a classification
of data profiling tasks (summarized in Figure 1), and focus
on the second challenge from the above list (performing the
computation), which has received a great deal of attention in
research and practice. The computational complexity of data
profiling algorithms depends on the number or rows, with
a sort being a typical operation, but also on the number of
columns. Many tasks need to inspect all column combinations,
i.e., they are exponential in the number of columns. In addition,
the scalability of data profiling methods is important, as the
ever-growing data volumes demand disk-based and distributed
processing.
We also shed light on the third challenge of meaningfully
interpreting the results of data profiling. Obviously, any discovered metadata refer only to the given data instance and
cannot be used to derive schematic/semantic properties with
certainty, such as value domains, primary keys, or foreign key

In the research literature, data profiling tools are often embedded in data cleaning systems. For example, the
Bellman [5] data quality browser supports column analysis
(counting the number of rows, distinct values, and NULL
values, finding the most frequently occurring values, etc.),
and key detection (up to four columns). Furthermore, an
interesting application of Bellman was to profile the evolution
of a database using value distributions and correlations [12]:
which tables change over time and in what ways (insertions,
deletions, modifications), and which groups of tables tend to
change in the same way. The Potters Wheel tool [6] also
supports column analysis, in particular, detecting data types
and syntactic structures/patterns. We discuss the pros and cons
of these and other related systems, and identify easier and more
challenging profiling tasks.
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A classification of traditional data profiling tasks [1].

relationships. Thus, profiling results need interpretation, which
is usually performed by database and domain experts.
II.

T UTORIAL O UTLINE

In this section, we present the structure of this tutorial,
outlining the scope and depth of each subtopic. The tutorial
takes 90 minutes with 15 minutes dedicated to motivating
applications and current data profiling systems, 1 hour to data
profiling algorithms, and 15 minutes to open problems and
future research directions.
A. Motivation and Current Profiling Systems
We motivate the problem of data profiling with real life
scenarios from data integration, data exploration, and data
management. In particular, we present a definition that separates data profiling as such from data mining and data
exploration. Furthermore, we discuss the capability of stateof-the-art data profiling tools from industry and research [5]–
[11]. Because data profiling is such an important capability for
many data management tasks, there are various commercial
data profiling tools. In many cases, they are a part of a data
quality / data cleansing tool suite, to support the use case of
profiling for frequent patterns or rules and then cleaning those
records that violate them. In addition, most Extract-TransformLoad tools have some profiling capabilities.

B. Classification of Profiling Tasks
We then categorize data profiling tasks as shown in Figure 1. We classified the tasks according to their dimensional
complexity. Single column profiling refers to the analysis of
values in a single column, and ranges from simple counts and
aggregation functions to distribution analysis and discovery of
patterns and data types. Multi-column profiling is the set of
activities that can be applied to a single column but allows
for the analysis of inter-value dependencies across columns,
resulting in association rules, clustering and outlier detection.
Finally, we describe the class of meta-data that constitute
dependencies describing relationships among columns of a
single table, such as keys and functional dependencies, and
relationships across multiple tables, such as foreign keys and
inclusion dependencies [1]. We address relevant concepts, such
as partial dependencies and approximate solutions, before we
discuss the challenging aspects of dependency discovery.
C. Single and Multi Column Analysis
We begin our discussion of data profiling algorithms with
those for single and multi column analysis. We overview
distribution and outlier analysis, data summaries, sketches
and signatures, pattern discovery, characterizing missing and
default values, as well as clustering and association analysis
over multiple columns.
D. Dependency Discovery
We then zoom in on dependency discovery, and give an
in-depth technical description of strategies that tackle the
exponential complexity of dependency discovery tasks. An
important concept to discuss here is the concept of “minimality” that reduces the result set of a dependency discovery
task to only non-redundant dependencies. In particular, we discuss traditional apriori-based approaches [13]–[15] for pruning
the search space of attribute combinations and present new
algorithms [16]–[19] that significantly outperform traditional
approaches through improved pruning techniques. Here we categorize existing algorithms into two major classes: row-based
and column-based algorithms. Row-based algorithms process
the set of candidate dependencies row by row and check which
dependencies still hold. Column-based approaches generate
candidate dependencies of a certain size (i.e., a certain number of columns), validate them through scanning the whole

find a consolidated view of various metadata discovery
algorithms that either provide novel insights or help
prepare datasets for subsequent tasks.

database, and then generate a new candidate set by expanding
current candidates with more columns.
We further explore the area of dependency discovery
by revisiting variations of dependencies and algorithms. In
particular, we address approximate algorithms that discover
dependencies that may not hold on the entire dataset. Those
are discovered using sampling [20] or summarization techniques [21]. The benefit of approximate solutions is that they
often are significantly faster to compute than exact approaches,
yet they can be used in many scenarios where inaccuracies are
tolerated, e.g., in dirty datasets where glitches are expected.
Furthermore, we address conditional dependency discovery,
whose goal is to identify dependencies as well as conditions
which specify subsets of the data where the given dependency
holds [22], [23].
Finally, in addition to “classical” dependencies such as
functional and inclusion dependencies, we discuss discovering other types of dependencies that are relevant to data
profiling. These include denial constraints [24], differential
dependencies [25], sequential dependencies [26], and temporal
rules [27].
E. Open Problems and Directions for Future Research in Data
Profiling
Recent trends in data management have led to new challenges but also new opportunities for data profiling. Under
the big data umbrella, industry and research have turned
their attention to data that they do not own or have not
made use of yet. Much of the data that shall be used is
of non-traditional type for data profiling, i.e., non-relational,
non-structured (textual), and heterogeneous. Many existing
profiling methods cannot adequately handle that kind of data:
Either they do not scale well, or there simply are no methods
yet. We discuss some of these trends and their implications
toward data profiling. In particular, we address specific challenges in profiling dynamic data, i.e., data that changes and
makes previously obtained meta-data obsolete or data that is
consumed as a continuous stream. Furthermore, we address
the peculiarities of data profiling when data resides in various
non-relational formats, such as XML, RDF, or structure-less
text documents.
Finally, a substantial challenge in the area of data profiling is the effective visualization of the generated meta-data.
Effective visualization of meta-data requires not only effective
visualization technologies but also methods and metrics for an
appropriate selection of the meta-data at hand. While a data set
might contain thousands of syntactically valid dependencies, it
is important to identify the top-k most interesting dependencies
that can be presented to the user. We hope that this tutorial
encourages a stronger cooperation between the database and
the visualization community.
III.

I NTENDED AUDIENCE

Data profiling touches many aspects of the very basics of
data management and analytics. With its mix of use-cases and
concrete methods we expect the tutorial to appeal to a large
portion of the database community:
•

Researchers and data scientists in the fields of data
integration, data cleansing, data mining, data analytics

•

Students can learn about this exciting research area,
which still has many open problems and a wide field
of potential use-cases.

•

Practitioners developing and distributing any of the
many products in the areas of data integration, data
cleansing, data warehousing, and data analytics typically include some data profiling component that
can significantly benefit from the research results
presented in the tutorial.

This tutorial has not been given before by the speakers
and is topically orthogonal to a previous tutorial on data exploration, which focused on data extraction and visualization [28]
rather than computing statistics and metadata about data. We
are not aware of any other comparable tutorials in the past.
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