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Introduction and Overview

Data cleaning and preparation are essential parts of data curation lifecycles and scientific
workflow Ball [2012]. It is also known that exploratory data mining and data cleaning
takes 80% of the scientific research pipeline Dasu and Johnson [2003]. However, a data
cleaning task can be very tedious for a single user, involving lots of exploration and
iteration, prone to error, especially when a curator finds various problems in the dataset.
Nevertheless, the single-user data cleaning can also introduce bias where the cleaning
quality will only be as good as their knowledge. Therefore, we can assign a data cleaning
task to multiple data curators to collaborate on curating datasets. However, when a
data cleaning task involves multiple users, it can introduce new problems such as data
changes disagreement and conflicting process dependency. Understanding this variation
on changes and analyzing the merging workflow is important for data curation to evolve
the data cleaning workflow and improve the dataset’s quality. In line with the reusability
theme for IDCC 2022, this approach can help improve the data curation pipeline by
improving the data cleaning pipeline through collaboration.

We can observe collaboration on data cleaning from different aspects, considering
multiple possibilities or scenarios of how we want to clean the data. First, when the
data cleaning tasks are clearly defined, we can look at collaboration to divide the tasks
following the divide and conquer principle. The plan can be performed as a person
can execute cleaning tasks on the independent columns (horizontal collaboration),
independent rows (vertical collaboration), or independent tasks for different users based
on the user expertise or specification. Second, collaboration can also be performed for
redundancy purposes. This method seeks variation over the data cleaning steps or looks
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at the agreement within different curators with a similar principle to the inter-annotator
agreement. From a data curation perspective, this method allows the curator expert
to preserve each dataset versioning, data cleaning recipes, or confidently choose the
workflow that can satisfy the use of data the most (fitness for use).

Background and Motivation

Collaboration is always becoming an important topic to discuss when working with
multiple people, skills, and capabilities. For example, collaborative software development
has become a standard in software engineering to speed up the development lifecycle.
Collaboration on the software development can be performed directly by dividing tasks
into multiple functional units that will be integrated to be one usable application or library.
There is also indirect collaboration which is popular in the open-source community where
anyone can contribute to the project by fixing bugs or adding features to the existing
version.

Single User Data Cleaning Model

In terms of the usability of the tools, software development can have different levels
of reusability. First, library development which has high reusability because it can
be useful for different applications with other developers as the target audience. Next,
application development that targets the end-user as the audience makes a tool used
by many people. Finally, a “one-off” scripting which is mainly developed for personal
use, with a specific experiment/research as a target use case. It can also be shared for
reproducibility or transparency purposes, but not necessarily for others to use.

The same idea can also be applied to data cleaning. For a single user, data cleaning
workflow is similar to the "one-off" scripting where one can clean the dataset and be done
with it. However, if we can generalize the data cleaning function into a column operation
where dependencies can be analyzed, we can reuse the workflow by modularization Li
et al. [2021], Parulian et al. [2021]. Furthermore, because the data cleaning itself is an
iterative process, the data cleaning workflow itself can evolve where one can update the
workflow if they find a new problem or bugs on the previous workflow or update the
workflow for a new/updated dataset.

Collaborative Data Cleaning

We can apply the same principle to collaborative software development to a data cleaning
task. The collaboration on data cleaning can be useful in many ways:

• We can speed up the cleaning process as in the divide and conquer principle.
With multiple people working on different data segments simultaneously, the
data cleaning tasks that require manual assessment can be done faster than a
single-person task.

• Different people with different expertise can work on the data quality problem that
they can tackle specifically. For example, one can focus on a missing value case,
and the other can work on duplication, dependency constraint, or inconsistencies
problems.
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• Collaboration can also enable continuous development as the data cleaning task
will be continued by another person for the same dataset or an updated dataset.

These benefits of collaboration can work because they have the same use-case or goal to
clean the dataset so the data quality improvement within the result can be evaluated under
the same metrics.

Approach and Challenges for Collaborative Data Cleaning

To apply the collaboration framework on data cleaning, we come up with three different
approaches to dividing tasks:

• division based on independent column (horizontal collaboration): We assume
two curators clean a dataset for different data cleaning use cases based on the
problematic columns. Thus, the tasks will be divided based on columns’ separation
and possible dependency to minimize conflicting workflow. In the end, the
collaboration framework should generate a way to merge the two data cleaning
results.

• division based on independent row (vertical collaboration): In this type of
collaboration, we assume two curators clean a dataset for the same set of data
cleaning use cases with different data rows based on specific criteria. For example,
on an employee table with a problematic address, we divide data cleaning tasks
based on the employee’s state. Since they only have access to their part, the cleaning
results are relative to their work. Thus, besides merging the dataset, we also need
to merge the workflow to make sure we have the combined workflow that can clean
the overall dataset holistically.

• redundant cleaning: In this collaboration, we assume two curators will perform data
cleaning for the same dataset with the same use case independently from each other.
In this case, we can consider data cleaning as an annotation task that needs further
analysis for the decision-making process. Therefore, the collaboration framework
for this case should focus on reporting agreement or conflicting data (cell) and
workflow that need resolution.

Problem: Duplicate ID Curator A: Keep First Curator B: Keep Last Curator C: Keep Both

id name birth_date id name birth_date id name birth_date id name birth_date

1 John Aug, 1 1988 1 John Aug, 1 1988 1 Doe 1-Aug-1986 1 John Aug, 1 1988

1 Doe 1-Aug-1986 2 Alex 20-Jan-1993 2 Alex 20-Jan-1993 4 Doe 1-Aug-1986

2 Alex 20-Jan-1993 3 Patricia Feb 11, 1990 3 Patricia Feb 11, 1990 2 Alex 20-Jan-1993

3 Patricia Feb 11, 1990 3 Patricia Feb 11, 1990

Figure 1. Direct Conflicts: Consider an employee dataset employee(employee_id, em-
ployee_name). This dataset has an inconsistencies problem where two ids have a
different name employee(1, john) and employee(1, doe). Curator A fixed the dataset
by admitting “john” as the truth value. Curator B fixed the dataset by using “doe” as
the truth value. Whereas curator C considers both of them to be different entities, thus
instead of choosing one, she updated the id to a new identifier, making both entities of
their own.

IJDC | Conference Paper



4 | Conceptual Model and Framework for Collaborative Data Cleaningdoi:10.2218/ijdc.v0i0.0

As it suggested, merging the cleaned data and workflow from the collaboration and
division strategy above can result in conflicting data changes or workflow dependency as
follow:

• direct conflicts: merging results can induce direct conflicts (merge data conflicts).
For example, as seen in Figure 1, a redundant cleaning strategy can result in direct
conflicts where different curators clean the dataset differently. When these data
are merged, there will be conflict on the resulting dataset that needs reporting and
resolution.

Curator A Curator B

cleaned Date-MON-YYYY cleaned Mon Date, YYYY

id name birth_date id name birth_date id name birth_date

1 John Aug 1, 1988 4 Doe 1986-08-01 1 John 1988-08-01

4 Doe 1-Aug-1986 2 Alex 1993-01-20 3 Patricia 1990-02-11

2 Alex 20-Jan-1993 Workflow: Workflow:

3 Patricia Feb 11, 1990 Keep Both → Cleaned_Date(“Date-Mon-YYYY”) Keep Both → Cleaned_Date(“Mon Date, YYYY”)

Merge Workflow: Keep Both → Cleaned_Date(“Date-Mon-YYYY”,”Mon Date, YYYY”)

Figure 2. Indirect Conflicts: Supposed we choose to keep both for the duplicate IDs problem, and
now we continue fixing the date. We want the birth_date to follow the date formatting
“YYYY-MM-DD”. However, the birth_date currently contains formatting inconsisten-
cies with two standards (a) “Mon, Date, YYYY“ and (b)“DD-Mon-YYYY”. We split
the task by the rows so Curator A can fix the problem (a) and Curator B for problem (b).
Merging the result might not produce conflicts because they are working on independent
rows (dataset). However, suppose we want to reuse the workflow for a whole/updated
dataset. In that case, we need to consider the function dependency since executing the
workflow sequentially (without division) will produce an inconsistent result.

• indirect conflicts: Two workflows can be merged without conflict, but reusing
this merged workflow will fail the target use-case testing or produce a semantic
error because they need additional filtering or missing parameters. For example,
following the Figure 2 we need to analyze the dependency of the two different
workflows from vertical collaboration because re-executing these data cleaning
processes as it is without division or combined parameters will produce an
inconsistent result.

Methods

On our previous work Parulian et al. [2020] we have developed DCM, a data cleaning
provenance model that can capture provenance from a data cleaning task in a granularity
of changes on cell, column, row, and schema. It can also capture workflow or recipe
associated with the task, and with addition of column-level operation we can generalize
the recipe to represent a workflow provenance model. Because the existing DCM capture
existing provenance model from a sequence data cleaning operation, there is a potential
on using the model for data cleaning collaboration purpose to perform data merging
and process merging. One solution is data merging where we can merge, branch, or
resolve conflicts on every cell change from two data cleaning tasks based on the dataset
snapshot. Besides looking at the data merging, we will also analyze the workflow level
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collaboration to understand the difficulties and resolution on merging the data cleaning
workflow. Merging the data cleaning workflow will have its challenges because it requires
analysis of the workflow dependency.

Tools and applications have been developed to support collaboration on the data
cleaning task. For example, online spreadsheets such as Microsoft Excel Microsoft [2022]
and Google Sheets Google [2022] allows a user to share a dataset file with different users,
thus allowing multiple users to change the dataset synchronously. Although these online
spreadsheet tools are convenient for document editing because we can see the changes
right away, they do not preserve any form of provenance that can make the operation
reusable. For specific data cleaning or wrangling purpose, proprietary tools such as
Trifacta Data Wrangler Trifacta [2022] allow users to share or assign a data cleaning
project to multiple users. From an open-source side, DataHub Bhardwaj et al. [2014]
and CoClean Musleh et al. [2020] also has been developed to allow collaboration on
cleaning tasks using centralized data processing. Compared to this previous work which
focuses on application development, we want to see the collaboration from a conceptual
model perspective by presenting a framework to use existing provenance artifacts from
multiple users and different data cleaning scenarios for collaboration. In addition to
the existing provenance model DCM, we want to provide a transparent, collaborative,
technology-independent data cleaning framework that we can apply to the existing data
cleaning tool Figure 3.
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Figure 3. Collaboration Framework: when a data cleaning plan has been declared, two curators
work on cleaning the dataset and produce different data cleaning workflow with proven-
ance information. We merged the workflow and analyzed the process dependency to
minimize conflict and report required resolution. The possible merged plan will be
evaluated for syntactic data quality metrics and the use cases based on the test case.

With this research on using provenance information for collaborative data cleaning,
we want to deliver these contributions

• conceptual provenance model and alignment framework to support indirect
collaboration.

• provenance analysis for merging cleaned dataset, reporting agreements, conflicts,
and possible resolution.

• prototypical implementation of the collaboration workflow on existing data cleaning
tool (OpenRefine).
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We hope this conceptual model can be a one-step toward transparent and collaborative
data cleaning.
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