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ABSTRACT
Data preprocessing is an important task in machine learning which
can significantly improve model outcomes. However, evaluating
the impact of data preprocessing is often difficult. There is a need
for tools which make it transparent to the user on how certain
transformations conducted in preprocessing affect the data. Thus,
we propose a vision of a transparency system for data preprocessing
that provides insights into data preparation pipelines. Our envi-
sioned system consists of a Python library which enables users
to log transformations and processed data. Subsequently, the sys-
tem generates summaries of the data which was processed in the
pipeline and so-called change profiles which capture the changes
conducted in each processing step. These abstractions offer insight
into the transformations and their effects on data. Additionally, the
system includes an user interface where users can interactively
discover the implemented pipeline and the changes made during
preprocessing. This paper presents an initial concept of such a
system. It also examines further challenges related to making pre-
processing transparent and discusses potential solutions to address
these challenges.

CCS CONCEPTS
• Information systems → Data cleaning; Extraction, transfor-
mation and loading; • General and reference → Evaluation;
Validation.

KEYWORDS
data preprocessing, data profiles, change profiles, transparency
ACM Reference Format:
Sebastian Strasser and Meike Klettke. 2024. Transparent Data Preprocessing 
for Machine Learning. In Workshop on Human-In-the-Loop Data Analytics
(HILDA 24), June 14, 2024, Santiago, AA, Chile. ACM, New York, NY, USA, 
6 pages. https://doi.org/10.1145/3665939.3665960

1 INTRODUCTION
Data preprocessing is a tedious task which often takes a substantial
percentage of time spent on data science projects. This is also due
to it not being a streamlined process. It can better be explained
as an iterative approach where the optimal processing steps and
parameters are found based on trial-and-error. The aim of data
preprocessing for machine learning is to find a data representation
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which yields the best result, i.e., the data format where the machine
learning model can fit the input to the output in the best possible
way. Therefore, data scientists conducting the experiments mea-
sure the effectiveness of their data preprocessing by drawing upon
machine learning metrics yielded when evaluating the model.

This approach has some drawbacks: as multiple data processing
steps are performed on the data, it is not always clear which of them
leads to an improvement or detoriation of model performance. Also,
data preprocessing is only one factor influencing machine learn-
ing metrics, next to model and hyperparameter selection. Another
problem is that especially non-experts cannot assess the effects
of their preprocessing pipeline accurately. This is also due to the
experimental nature of the model training process. Many decisions
have to be made in a data science project, e.g., which preprocessing
algorithms to use, what kind of machine learning model is suitable
for the task, and what parameters are suitable for both preprocess-
ing and machine learning algorithms. This can be overwhelming
for unexperienced, but in some cases even for professional data
scientists. Significant effort is spent on solving these issues by
the AutoML community. Not only model-specific tasks like hyper-
parameter optimization or (in the case of deep learning) neural
architecture search, but also data-specific tasks like data prepara-
tion and feature engineering are automated more and more [13].
Even though these methods can help to broaden the adoption of
machine learning methods, they often have the problem that users
do not know if they can trust these systems. A study [7] concluded
that transparency, i.e., displaying information which might have
led to automated decisions, is an important factor in order to gain
trust.

Another problemwhich necessitates the evaluation of data prepa-
ration is erroneous data preprocessing. An example for this is un-
intentionally introducing technical bias when instrumenting pre-
processing tasks on the data. An example is shown in Figure 1.
Here, a data imbalance is caused by imputing missing values of the
feature age with the most frequent value (=27). This data imbalance
in turn can cause a technical bias in the data as it is often the case
in machine learning software [4]. Making changes more explicit
can help in detecting such problems.

Due to this number of reasons, we argue there is a need for a
transparency system for data preprocessing. This gives insight into
the preprocessing pipeline and enables the detection of potential
problems and errors. It also allows for larger trust in automati-
cally or manually built pipelines. A first necessary component is a
tracking system which extracts metadata from data preprocessing
pipelines. An emphasis here is on comprehensive summaries of the
data processed in the pipelines. In a subsequent step, the collected
metadata is utilized to create a visual presentation which facilitates
an observation and assessment of the resulting pipeline. A further
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(a) Histogram of column age with a
missing rate of 20%

(b) Histogram of column age with
imputed values

(c) Histogram of column age
(Ground Truth)

Figure 1: Overrepresentation of people with age = 27 by imputing missing values with the mode
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Figure 2: Exemplary DAG representing a preprocessing pipeline

idea is to give the possibility of a formal comparison between inter-
mediates, i.e., data which is produced by preprocessing tasks. This
enables an even better understanding of the implications of steps
taken in preprocessing.

This paper gives an overview of the general approach and first
developments. Furthermore, open challenges and possible solutions
are exemplified.

2 PRELIMINARIES
Data preprocessing usually consists of several tasks performed
subsequently on the input data, composing a pipeline. The most
commonly performed operations are intended at cleaning, trans-
forming, and reducing data [10]. An important challenge especially
in supervised learning is class imbalance. One possible way of deal-
ing with this challenge is to utilize data preprocessing techniques
like oversampling in order to balance the classes [2]. Thus, class
imbalance handling can be seen as another class of preprocessing
techniques.

As proposed by other authors [12, 22], pipelines for data pre-
processing can be represented as directed acylic graphs (DAGs).
Figure 2 shows a DAG denoting a typical preprocessing pipeline for
a machine learning application where two data sets are processed.
The preprocessing DAG 𝑃 can be defined as a graph with nodes 𝑇
denoting tasks and edges 𝐹 which describe the data flow. As can
be seen in Figure 2, there are different types of tasks (based on the
number of inputs and outputs) in a pipeline:

(i) Transformation tasks take one input and yield one output.

(ii) Integration tasks take 𝑛 (𝑛 ≥ 2) inputs and merge them into
one output.

(iii) Splitting tasks take one input and splits it into 𝑛 (𝑛 ≥ 2)
outputs.

A combination of such tasks results in the preprocessing DAG
which thus represents the underlying workflow. We develop an ap-
proach to provide the opportunity of evaluating the resulting DAGs.
For this, annotations for transformation tasks and the processed
data is generated.

3 RELATEDWORK
In this section, we review related work which inspired the idea of a
transparency system for data preprocessing.

Tracking machine learning experiments. There is a number of
tools which aim at providing transparency into the model train-
ing process by tracking metadata about it. MLflow Tracking [23]
is a prominent example for such a system. It provides an API to
log parameters and results in machine learning experiments. Ex-
periments can then be compared in an interactive UI. A similar
system is ModelDB [21] which automatically tracks hyperparame-
ters, metrics, and model types from different environments (namely
spark.ml, scikit-learn, and R environments for machine learning).
Pipelines and summaries of experiments are also visualized in a
dashboard in order to inspect and compare them. Our transparency
system also uses the approach of logging data from the process,
collecting information about it, and displaying this information in
an UI. However, the information which is collected and presented
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in our proposed system mainly concerns the training data and tasks
performed in preprocessing, not the machine learning model.

Evaluating data preprocessing. Effects of preprocessing aremostly
measured by looking at how operations affect the model outcome,
i.e., downstream model metrics are used to assess different prepro-
cessing schemes. There are multiple surveys and studies which
examine the effects of preprocessing on estimator efficacy in spe-
cific domains, e.g., for heart disease classification [3] or rainfall
forecast models [8].

However, machine learning metrics are primarily intended for
measuring model quality and are also influenced by a lot of factors
other than preprocessing. Thus, Gonzalez Zelaya [11] proposes
volatility as a general metric to quantify the effects of preprocessing.
It enables the user to figure out for which data points predictions
are most likely to change under different preprocessing schemes.
Thus, it is a metric to measure which data is most sensitive to
preprocessing tasks. In our work, we are also developing general
approaches for evaluating the effects of preprocessing. However,
we take a broader look on the data which is processed and evaluate
changes by comparing data characteristics.

Debugging data preprocessing. Numerous tools enable the inspec-
tion and debugging of data inML training processes (e.g., [5, 12, 17]).
The library mlinspect [12] provides lightweight data debugging in
ML pipelines with the main goal of detecting distribution errors,
i.e., technical bias. A similar tool is dagger [17] – it gives a more
detailed insight into pipelines by recording intermediate pipeline
states. It tracks so-called code-handled data, i.e., pandas DataFrames
or built-in Python types which are processed in Python scripts
and builds a dataflow based on the collected data and the logged
operations. It then provides a SQL-based DSL to search for prove-
nance information in the pipeline, e.g., what value an attribute
has at a specific processing block. Mining provenance information
is a feature many of these tools share (e.g., [5, 16]). Another way
of inspecting data in ML pipelines is to use data validation tools
like Deequ [19] or great expectations1 which provide general data
statistics and user-defined constraints to validate data.

Our system to be implemented is specialized for ML pipelines
and will provide enhanced functionality for these. This especially
includes a fine-grained tracking of typical machine learning prepro-
cessing tasks like feature selection and class imbalance handling.

4 TRANSPARENCY SYSTEM FOR DATA
PREPROCESSING PIPELINES

Our system is intended to complement approaches which aim at
making decision processes of machine learning models explainable
and therefore transparent (e.g. [14, 18]). In order to ensure trans-
parency over the whole training pipeline, operations conducted
on the data before the actual model building have to be explicit.
Thus, the goal of our proposed system is to make the whole process
engineering the data which is fed into model training interpretable,
reproducible, and explainable. This way, data engineers can evalu-
ate the preprocessing pipeline and make informed decisions about

1https://greatexpectations.io/

altering it. An emphasis of our proposed system lays on explain-
ing changes in data characteristics which were induced by trans-
formation tasks. These preprocessing operations often influence
model outcome significantly. Therefore, our emphasis is on mak-
ing changes between intermediate datasets explicit. We are planning
on doing this by creating so-called change profiles. These can be
thought of as a diff files between datasets and utilize summaries of
the datasets in the form of data profiles created beforehand.

This section gives an overview of the envisioned system and
also introduces an example in order to illustrate the potential of a
transparency system for machine learning pipelines.

4.1 Concept and First Developments
Figure 3 shows the architecture of our proposed transparency sys-
tem for machine learning preprocessing (first developements were
already made2). It consists of two major components: the first one
is responsible for metadata collection, the other one is an UI which
supports the user in interactively exploring and inspecting the pre-
processing pipeline by utilizing the metadata collected before. In
between, there is a component which analyzes the collected before
and creates abstractions that help users in exploring and evaluating
changes conducted in preprocessing. In order to enable a compari-
son between different pipelines, a database is created which allows
the storage of collected metadata. The architecture allows a com-
prehensive exploration of the preprocessing pipeline while only
adding little overhead to the actual process.

Functions

Training Pipeline

Pipeline Metadata

Pipeline
Runs

Variables /
Files

Transparency UI

Datasets

Metadata Collection

Processing
Steps

Figure 3: High-level architecture of the proposed trans-
parency system

Collecting and storing pipeline metadata. Machine learning exper-
iments are often conducted in Python scripts or Jupyter Notebooks
where numerous external libraries can be utilized. There are differ-
ent ways to collect metadata from these programs. One way is to
provide an API for the user to log variables and other information
2https://github.com/bastistrasser/hawk

https://greatexpectations.io/
https://github.com/bastistrasser/hawk
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Figure 4: Preprocessing DAG for a simplified churn prediction pipeline

which is the basis for the metadata. Another possibility is to run
the program and extract variables and function calls (which could
translate to the execution of transformation tasks) at runtime. In a
first step, we chose the first possibility and implemented a Python
library which provides logging functionality for machine learning
pipelines. For now, we only provide the possibility of logging pan-
das DataFrames. The logging library can be easily extended for
supporting different ways to collect metadata and also log data of
other data formats.

We define three main entities, namely data sets, processing steps
and pipeline runs. Data sets correspond to all input, intermediate,
and output variables/files which are processed in preprocessing.
Processing step entities store references to their input and output
data sets and an annotation which describes the transformation
task performed. Lastly, pipeline runs represent the structure of the
preprocessing DAG by mapping processing steps to their input and
output data sets. They also have additional metadata like the start
and end time of the pipeline run.

Pipeline runs can then be stored together with its corresponding
data sets and processing steps to a MongoDB database in order to
view them in the UI. The reason for using a database with flexible
schema is to provide the possibility of adaptable data profiles.

Extracting pipeline information. In the next step, the metadata
collected before is used to generate information about the pipeline.
In a first step, a data profile is created for every data set. This data
profile contains descriptive statistics not only of columns but also of
inter-column relationships. We focus on profiling tabular data. When
considering tabular data, one could utilize comprehensive work on
the profiling of relational data [1]. Various tools were developed
specifically to profile data used in machine learning applications [6,
9]. However, an extensive profiling is not always feasible for the
application of creating data profiles in preprocessing, as it would
be too expensive for many use cases. Thus, a trade-off between
getting insightful information about the data and performance has
to be made. A first draft of a data profile which considers these
requirements is shown in Figure 5. The data profile contains general
information and descriptive statistics describing the data set. We
track statistics about numeric and categorical features, as well as
relationships between columns. The data profile is not meant to be
final, but rather serves as a suggestion which can be adjusted based
on the use case. Here, we give the possibility to interactively adapt
this data profile to the user.

The abstraction of change profiles is then used to make changes
conducted on the data by transformation tasks explicit. We are
planning on using an approach similar to Data Diff [20] which

provides a summary of the differences between two data sets. The
basis for this change profile is our summary of a data set in the
form of a data profile.

We are planning to find ways to measure the significance of
data changes. The answer to this question would be a tremendous
aid for data scientists as it points only to transformations which
are of interest for them. Thus, it could act as a tool to pre-select
data changes for the user. The challenge, obviously, is how to infer
significance. Firstly, we consider the type of transformation task
conducted on the data. For example, when instrumenting a normal-
ization mechanism on a column, one would expect the ranges to
shift, but not the mean. Thus, a first step would be to define types
of transformations and create a mapping from those types to data
characteristics which are likely to be affected by them. Effects on
other data characteristics would hint at potential errors. In a next
step, it is measured to which extent a transformation manipulated
the dataset. For this, we plan to use distance measures between
the data profiles generated for the intermediates. Large deviations
could point to significant changes.

Displaying pipeline information. Our proposed system also pro-
vides an UI which presents the changes conducted during prepro-
cessing in an interpretable manner. A central component of the UI
is an illustration of the preprocessing DAG. It serves as an overview
of the whole workflow and depicts dependencies between the pro-
cessing steps. Changes conducted in preprocessing can be observed
and assessed interactively by clicking on tasks and data flows. Here,
data profiles generated and stored before are shown. Also, plots
illustrating the information are generated and displayed to the user.

There are also different approaches for presenting the extracted
pipeline information to the user. Various visualization techniques
can be applied in this step. What is especially of interest is to find
ways to visualize the differences between intermediates processed

Data Profile

General
 - # Rows
 - # Columns

Column

Numeric
 - Min
 - Max
 - Median
 - Mean
 - Std. Deviation
 - Skewness
 - Kurtosis

Categorical
 - # Categories
 - Mode
 - Frequency
   Distribution

Cross-Column

Correlations Associations

Figure 5: Classification of data profile components
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in the pipeline in order to enable users to better compare them,
thus giving them the possibility of evaluating changes conducted
by processing steps.

4.2 Example
In this section, we present an example for the planned usage of our
envisioned transparency system. A simple preprocessing pipeline
is given which processes data for churn prediction. Two data sets
are used in this example: one where general customer info (like
age and gender) is stored and another where information about the
contract (e.g., monthly charges, included services, etc.) is stored.
These data sets are joined on the customer id. Afterwards, missing
values are imputed and numerical attributes are normalized.

Our library hawk provides intuitive functions to log data. To
start, one has to initialize a PipelineRun. Processing steps can then
be added to this pipeline run. The library calculates data profiles
for all intermediate data sets which are processed and created by
the processing steps. The information logged and created by the
library can then be sent to the server.

from hawk import P ipe l ineRun , l o g _d a t a
import pandas

pr = P i p e l i n eRun ( )

@log_data ( run , " d a t a _ i n g e s t i o n " )
def r e a d _ d a t a _ f r om_ f i l e ( f i l e n ame ) :

try :
return pandas . r e ad_c sv ( f i l e n ame )

except F i l eNo t FoundE r r o r :
print ( " I n s e r t a v a l i d f i l e " )
return None

. . .

c u s t ome r_ i n f o = r e a d _ d a t a _ f r om_ f i l e ( " cus tomers . c sv " )
c o n t r a c t _ i n f o = r e a d _ d a t a _ f r om_ f i l e ( " c o n t r a c t s . c sv " )

merged_data = cu s t ome r_ i n f o . j o i n (
c o n t r a c t _ i n f o ,
on= " cus tomer_ id "

)
pr . a d d _p r o c e s s i n g _ s t e p (

d e s c r i p t i o n = " merge " ,
i n p u t _ d a t a s e t s =[ cus tomer_ in fo , c o n t r a c t _ i n f o ] ,
o u t p u t _ d a t a s e t s =[ merged_data ]

)
pr . s e nd _ t o _ s e r v e r ( ho s t =<host > , po r t =<por t > )

Listing 1: Example for logging data in preprocessing scripts
with hawk

Users can then evaluate the pipeline in the transparency dash-
board. An important component of the UI is the preprocessing DAG
which is depicted in Figure 4 for our example. From this DAG, data
and changes of data can be observed by selecting processing steps
or data which is flowing through the nodes. Data profiles from the
intermediates before and after the processing step are both depicted
for the user to compare (see Figure 6 as an example).

Once implemented, we are planning to include change profiles
and also significance measures to the UI in order to provide a more
interpretable and specific evaluation of a preprocessing pipeline.

Figure 6: Excerpt of the data profile for the raw contract info
data set

5 RESEARCH CHALLENGES AND
LIMITATIONS

The transparency system is in an early development stage. There-
fore, the prototype is not fully functional yet and various challenges
in the overall process are yet to be tackled. This section highlights
these research challenges and discusses first thoughts on how they
could be solved.

Research challenges in metadata collection. Parts of the library
for logging the data are already implemented. One idea to improve
the metadata collection addresses the creation of annotations for
transformation tasks. In the presented stage, annotations have to
be manually created by calling methods and functions provided
by the developed logging library. This means additional manual
effort for users. Therefore, approaches for an automatic generation
of these annotations are called for. One possible idea is to utilize
a large language model fine-tuned for source code to generate a
summarization of the preprocessing pipeline. From this summary,
annotations can be extracted – again – by utilizing a large language
model or other NLP methods. The challenge in this context is engi-
neering the prompts [15] in a way such that the model outputs the
desired annotations. A benchmark is required in order to evaluate
this approach, too.

Research challenges in extracting transparency information. Re-
search challenges remain in the context of extracting information
about the preprocessing pipeline. An important information is a
representation of changes between intermediate datasets. For this,
we are planning to introduce a formal notation which captures the
problem of finding differences between data sets before and after a
preprocessing step. This will help to make changes more explicit
and interpretable for users. To achieve this, approaches for creating
change profiles and measuring significance are called for. We plan
to capture the following kind of changes in this step:

• Structural changes
• Changes in data characteristics (e.g., the mean of a numeric
feature)

• Changes in data distribution
Data scientists can then evaluate the whole pipeline by utilizing

these change representations. Research challenges here include
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the formalization of the problem and the design of change profiles.
First inspiration can be drawn from Data Diff [20] which aims at
generating interpretable summaries of data distribution changes.

An additional challenge is to find a way to evaluate the output,
i.e., transparency information extracted from the pipeline. This
includes the semantic correctness of summaries of datasets, change
profiles, and significance of changes. Also, user studies are neces-
sary in order to evaluate how useful the transparency information
is for creating or changing preprocessing pipelines.

Research challenges in displaying transparency information. An-
other interesting research direction is the visualization of changes
conducted by preprocessing operators. This further aids the user
in the observation process. One major requirement is the display
of information on different granularities, starting with a high-level
overview of the process and the possibility of zooming into changes
on single columns. A challenge in this context is to find suitable
visual representations of changes which enables users to quickly
capture them.

Performance considerations. Performance is an important fac-
tor to consider in our approach. In metadata collection, the com-
putational overhead added to the actual training pipeline has to
be minimal. Simply logging all intermediates in the preprocess-
ing pipeline and creating data profiles during the execution adds
significant overhead to training process which are often costly
already. An advantage is that metadata collection and pipeline exe-
cution do not have to be synchronous. If data stored in files is to be
tracked, an option would be to just log file locations and read them
asynchronously. In the case of huge datasets processed as runtime-
variables, sampling could help to decrease the computational effort.

Additionally, the complexity of creating change profiles and
other abstractions conveying transparency information has to be
studied and tried to be kept minimal.

Limitations. While our proposed transparency system can give
detailed insight into the effects of preprocessing, it can not evaluate
the data preparation process in a fully automated manner. Thus, the
final decision if data changes conducted by transformation tasks are
significant has to be made by the data scientist. Also, a resolution
of errors is not the goal of the tool. The transparency system rather
focuses on the tracking of changes in datasets and intends to aid the
data scientist in the process of deciding on the best preprocessing
pipeline.

6 CONCLUSION
Evaluating the effects of preprocessing on data and ultimately the
model is an important task which is not always trivial. In this paper,
we firstly examined the state of the art in the field of evaluating
and debugging data preprocessing and detected a lack of general-
purpose tools which evaluate the effects of data preparation by
looking at the data itself. Therefore, we proposed a transparency
system for data preprocessing which collects comprehensive meta-
data on input, intermediate, and output data. The system then
extracts information useful for the data scientist in order to eval-
uate data transformations. This allows the data scientist to make
informed decisions about the design of the pipeline. A first pro-
totype and an example use case was developed as starting point

for further research. Research challenges we identified include an
automatic collection of metadata about the preprocessing pipeline.
Also, approaches which enable a formal and visual representation
of changes in data between data transformations are to be found.

Another research direction could be to utilize transparency in-
formation extracted from the pipeline to recommend preprocessing
mechanisms. This could be implemented by comparing different
preprocessing schemes based on data and change profiles generated
from our proposed transparency system.
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