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Abstract

This paper addresses the challenge of automating data preprocessing for clustering within unsupervised machine
learning. A structured conceptual process is proposed, including imperfection diagnosis, candidate pipeline
generation, quality estimation, selection and refinement, and result presentation. Through systematic identi-
fication and discussion, significant challenges such as diverse preprocessing techniques, combinatorial search
space explosion, the selection of appropriate evaluation metrics, effective refinement strategies, and the need for
visualization and explainability are highlighted. An assessment of existing approaches reveals research gaps,
showing that current solutions only partially address these challenges. This work outlines promising directions
for future research, aiming towards comprehensive, robust, efficient, and explainable automated preprocessing to
enhance the effectiveness of clustering analyses.
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1. Introduction

Clustering is a widely used technique for discovering patterns in unlabeled data, thereby supporting
decision-making in various fields, including biology, computer vision, marketing, and many others [1].
In recent decades, researchers have proposed a wide range of clustering algorithms, each addressing
different aspects of similarity, cluster shapes, scalability, or improving clustering performance in specific
domains [1, 2]. These algorithms are typically developed and evaluated on synthetic or selected
benchmark datasets that have been cleaned or fitted to the algorithm’s assumptions. In contrast, real-
world data often shows characteristics that standard algorithms cannot handle directly, or the search
for a suitable algorithm is non-trivial. For example, most clustering algorithms cannot be applied when
missing values are present. Furthermore, feature scales that differ by orders of magnitude, variables of
different types (e.g., numerical and categorical), or high-dimensional spaces can significantly reduce
overall cluster quality [3, 4].

To address these characteristics and obtain good clustering results, the data must first be preprocessed
(e.g., imputing missing values), an important part in the KDD-Process [5] and a step that has repeatedly
been shown to improve clustering performance [3, 4, 6]. Depending on the experience and domain
knowledge of data analysts, identifying relevant data characteristics and defining a suitable pipeline for
preprocessing can be a challenging task that may result in a time-consuming process. In the context of
clustering analyses, analysts require guidance in this process.

In recent years, such guidance has been studied as AutoML [7, 8, 9, 10]. In these approaches, the
goal is to support data analysts in finding appropriate clustering algorithms and their parameters. In a
similar way, automating data preprocessing in analytics pipelines would support data analysts in their
decision-making and reduce the trial-and-error search they typically face. However, current AutoML
approaches for unsupervised learning often neglect data preprocessing and do not address the additional
or different challenges that occur in this context.
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Figure 1: Abstract Process describing the Different Steps of Automated Preprocessing for Clustering

While an automated approach for preprocessing may identify some characteristics, such as missing
values, relatively easily, more complex decisions, such as determining a suitable target dimension
for a dimensionality reduction algorithm, are difficult to define automatically. Hence, identifying the
underlying data characteristics is a primary challenge for an automated approach.

Even with the characteristics identified, an automated approach needs to include one or several
appropriate methods to clean the dataset. Often, there are multiple methods available for the same
purpose, e.g., multiple dimensionality reduction methods. These methods have parameters and may be
interdependent. So, defining a search space and selecting a suitable set of preprocessing steps, as well
as their order and parameters, is a challenging task.

A further challenge is based on the fact that clustering is inherently unsupervised. Therefore,
no ground truth is available, and internal Cluster Validity Indices (CVIs) are needed to evaluate the
clustering results. However, no single metric is always the right choice [7], making it challenging to
determine whether a preprocessing pipeline actually improves the quality of the clustering.

Lastly, practical constraints such as runtime and scalability need to be factored in. High-quality
clustering results are not always the only part to consider. They must be balanced with efficiency,
especially when working with large or complex datasets. All of these uncertainties contribute to making
the automation of the preprocessing phase challenging for unsupervised learning.

To make important challenges of automated preprocessing for unsupervised clustering explicit, this
paper (i) formulates a five-stage conceptual process covering imperfection diagnosis through result
presentation, (ii) distills five overarching research challenges from this process, (iii) compares existing
work against these challenges, and (iv) sketches directions for future solutions.

The remainder of this paper is structured as follows. Section 2 describes the proposed process, outlines
what an automated approach needs to handle, and identifies challenges for actual implementations. In
Section 3, existing solutions are assessed with respect to these challenges to illustrate the state of the
art in this field. Section 4 outlines future directions and describes general techniques that can be used
to further develop automated preprocessing for clustering. Finally, Section 5 concludes this work.

2. Conceptual Process for Automated Preprocessing

The proposed process is divided into five sequential steps, as shown in Figure 1. Starting with the
diagnosis of data imperfections, we proceed to generating candidates for preprocessing pipelines,
followed by quality estimation, selection, and refinement stages, and finally presenting the results.
Compared to the Figure 1, existing work can repeat steps differently or several times and merge or
split them. However, this process provides a mental model for better defining the challenges of an
automated approach.

2.1. Step 1: Imperfection Diagnosis

The initial step is to identify the relevant data characteristics. This step should automatically inspect
the raw data and report any existing problems. Examples that could be covered include missing-
value handling, outlier detection, feature scaling, duplicate-feature removal, and transformations. It is
essential to identify such potential issues, as without this knowledge, the subsequent steps of the process
become significantly more challenging. The complexity of this step depends on the data characteristics



that need to be identified and can therefore range from a straightforward detection mechanism to
complex data analysis.

Challenges: The primary challenge for the identification of all data characteristics is that each char-
acteristic requires a different detection method. Simple general rules can detect certain characteristics
in all kinds of data, but more advanced methods often depend on the domain, structure, or distribution
of the data. Examples of rule checks include the detection of missing values, whereas detecting outliers
is a more complex task that may involve statistical measures.

Furthermore, the features to treat and those not to treat may be problem-dependent, as there may
be cases where outliers should be retained, e.g., if they are interesting for machine learning tasks. In
other cases, outliers reduce the clustering quality and should therefore be removed. Lastly, there are
many options to detect characteristics. For outlier detection alone, various methods exist, and the
results produced vary depending on the method and parameter choices [11]. Therefore, the diversity of
available methods and parameter settings yields a large search space of detection techniques, which is
difficult to constrain given the challenges mentioned above.

2.2. Step 2: Candidate Generation

The goal of this step is to provide a first candidate set of preprocessing pipelines that could address the
characteristics identified in Step 1. For example, if missing values are present and possible outliers are
detected, the set of candidates includes multiple strategies for imputing missing values or removing
outliers. Such candidates can range from a single method that resolves one problem, like removing
outliers, to a multi-step pipeline that addresses several characteristics consecutively, e.g., first imputing
missing values and then scaling the features.

Challenges: The main challenge in this step is to balance the pipelines in terms of diversity,
addressing characteristics, considering efficiency, and applicability, thus shaping the search space. To
make this space manageable, constraints, such as limits on pipeline length, definitions on how often a
method may recur, and explicit exclusions of incompatible method combinations must be introduced.
With these constraints defined, a candidate set that is broad enough to cover every relevant characteristic,
small enough to keep the downstream evaluation efficient, and diverse enough to leave multiple options
for later improvement instead of leading the optimization into a single local optimum of the space is
needed. Finding the right balance among breadth, compactness, and diversity while considering the
defined constraints remains an open question.

2.3. Step 3: Quality Estimation

In Step 3, the candidates are evaluated, i.e., the improvement of the cluster quality is assessed. Because
clustering tasks have no ground truth, internal CVIs are used to validate the clustering result [12].

Challenges: The core challenge here is to assess the quality using internal CVIs. Internal CVIs
measure cluster quality differently, and when choosing one, such as the silhouette score [13] or the
Davies-Bouldin Index [14], the risk exists that the preprocessing is optimized towards this heuristic
metric rather than the actual clustering quality. At the same time, an exhaustive evaluation with
multiple CVIs might be cost-intensive.

2.4. Step 4: Selection and Refinement

Next, the best-performing pipelines need to be selected, considering the results from the previous
quality estimation step. While the focus of Step 3 is only on quality, this step may also consider different
aspects, such as the efficiency of the pipeline. Depending on the specific approach, the best performing
pipelines are then either refined and the process goes back to Step 3 for further quality assessment
or the refinement part is finished and the process continues with Step 5 (cf. Figure 1). The goal of
the refinement is to improve the already promising pipelines. The details of how this is done depend
on the specific approach, but it typically involves generating new pipelines by modifying the existing



C1 Diverse C2 Search C3 Evaluation C4 Refinement C5 Visualization

Step Techniques Space Explosion Metric Strategy & Explainability

1: Imperfection v v
Detection
2: Candidate v v
Generation
3: Quality v
Estimation
4: Refinement v v v
5: Presentation v

Table 1
Mapping Between Steps and Derived Challenges

ones. Examples of this include adding, removing, or replacing methods, changing parameter values, or
altering the sequence of the pipeline.

Challenges: The difficulty in this step is steering the search towards improved clustering quality
without refining a vast number of candidates. Intuitively, pipelines that indicate promising improve-
ments from the previous step should be considered for further refinement. However, an approach
should still consider new or more drastic changes to avoid being trapped in a local optimum. This case is
typically defined as an exploration versus exploitation dilemma [15] and is challenging to balance. Multi-
objective trade-offs, such as balancing quality and runtime, further complicate the selection. Deciding
how to weigh runtime and quality is far from clear, and it may be use case dependent. Consequently,
the refinement stage must explore an even larger search space of possible pipeline configurations than
the initial candidate generation step (Step 2). To let the search space not become too large, it is critical
to decide how many best-performing pipelines should be considered in this step.

2.5. Step 5: Present the Results

This step concludes the process and consists mainly of two parts. The first part presents the user
with the final result of the clustering, which can range from displaying the achieved improvement and
final scores to a visualization of the identified clusters. Secondly, explainability is essential. If such an
automated preprocessing approach is applied in the real world, it is not only interesting to see what
scores were achieved, but also how they were achieved. The explainability should include the identified
characteristics from Step 1 and the applied transformations during preprocessing.

Challenges: This step faces two challenges, first, visualizing the final result to a user. Visualization
of results is a general challenge in machine learning [16], but it becomes more complicated when
multiple quality measures are considered. Showing only one CVI or an oversimplified version of
the data may hide important information. Secondly, the explainability is essential. Telling the user
why and how the improvement has been achieved in a comprehensive but understandable way is not
straightforward.

2.6. Summary and Derived Challenges

From the challenges described for each step, five main challenges were identified to summarize the
process and ease comparison with existing work. Since some challenges can occur in more than one
step, Table 1 provides an overview of which challenges are relevant for which step. An automated
preprocessing solution for clustering should solve:

C1 Diverse Characteristic Detection and Preprocessing Techniques (Steps 1,2, and 4): Au-
tomated preprocessing must detect a wide range of data characteristics (e.g., missing values, outliers,
skewness) using different methods for each type of characteristic. Each issue may require specialized
detection logic, and the domain or task context can influence whether an imperfection should be
corrected or left in place. This heterogeneity makes a comprehensive diagnosis difficult. The same holds
for preprocessing. A diverse set of techniques must be available to clean the detected characteristics.



C2 Search Space Explosion (Step 1, 2, and 4): There are many possible methods and parameter
settings for detecting data issues, leading to an enormous combinatorial search space. For instance,
dozens of outlier-detection algorithms exist, and each may yield different results. These options create
a huge search space of detection techniques.

Exhaustively defining and exploring this space is infeasible and complicates the diagnosis step.
Furthermore, generating and refining candidate preprocessing pipelines requires a balance between
diversity and tractability. The candidate set must cover all identified data issues in multiple ways, yet
remain small enough to evaluate later. In practice, generating many diverse pipelines can improve the
chances of finding a good solution, but it also risks a combinatorial explosion and high computational
cost. To illustrate this better, consider a search space with only three methods, each with two parameters,
and each parameter can have five discrete values, therefore having 3 x 52 = 75 choices per step. With
repeats allowed and the maximal length of a pipeline [ is three, we would have Z? 75! = 427,575
possible candidates, and usually there are more methods, more parameters, and more parameter values.

C3 Evaluation Metric (Step 3): Without ground truth (especially in clustering tasks), quality must
be assessed by internal CVIs. Relying on a single index (e.g., Silhouette Score [13]) risks optimizing
preprocessing towards that surrogate, rather than true clustering quality. Evaluating multiple CVIs can
mitigate this bias, but it is computationally expensive. Balancing metric choice and evaluation cost is,
therefore, a challenge.

C4 Refinement Search Strategy (Step 4): After selecting promising pipelines, the approach
must decide how to refine them. Creating a detailed approach that covers many possibilities is very
challenging. Furthermore, there is an exploration-exploitation dilemma[15]: one can either make small
(exploitative) tweaks to top pipelines or try entirely new pipeline variations. Finding the right balance
is difficult. At the same time, multi-objective trade-offs (improving quality vs. keeping runtime low)
further complicate the selection of which pipelines to refine.

C5 Visualization and Explainability (Step 5): The final preprocessing results must be conveyed
effectively to users, often involving multiple quality measures. Visualizing improvements and clusterings
is non-trivial, especially when showing more than one metric. An oversimplified view (e.g., a single
CVI) may hide important details. Designing visual summaries that capture multi-criteria results without
overwhelming the user is a significant challenge. Additionally, the user does not only need to see if
there is an improvement, but also why. This should include the answers to the questions of why a
specific preprocessing technique was selected and how it has improved the clustering quality.

3. Systematic Comparison of Related Work

Section 2 describes the automation of steps in the data analysis process. Existing research examines
various aspects of the process from different angles, addressing individual points in distinct ways. For a
better overview, this section is grouped into the following parts: AutoML was initially developed for
supervised learning but has now also been extended to unsupervised learning, thereby demonstrating
automated processes in the context of unsupervised learning (Section 3.1). There is also research that
has already dealt with automated preprocessing, but not for unsupervised learning (Section 3.2). Some
of these research proposals have also been integrated into widely available libraries, thus serving as
the ”default” automation toolkits (Section 3.3). In addition, there are tools that provide information on
transformation steps, focusing on visualization and explainability (Section 3.4). In the following, the
approaches in each of these categories are briefly described and the extent to which they address the
challenges outlined in Section 2.6 is evaluated. Section 3 shows an overview of this evaluation.

3.1. Unsupervised AutoML Approaches

Several approaches address automated clustering [7, 9, 17]. While these approaches have a strong model
focus rather than a preprocessing focus, they provide solutions for automatically evaluating clustering
results and how optimization in the context of unsupervised machine learning can be accomplished.



C1 Diverse C2 Search C3 Evaluation C4 Refinement C5 Visualization

Paper Techniques Space Explosion Metric Strategy & Explainability

ML2DAC [7]
AutoClust [9]
TPE-AutoClust [17]
Saga [18]

CtxPipe [19]
LLMClean [20]
Auto-Weka [21, 22]
Auto-Sklearn [23, 24]
AutoGluon [25]
TPOT [26]
Wrangler [27]
Vizier [28]
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Table 2
Assessment of Related Work with Respect to the Identified Challenges (O not addressed, (P limited addressed,
@ completely addressed)

ML2DAC addresses the Combined Algorithm Selection and Hyperparameter Optimization (CASH)
problem. It uses a knowledge base, meta-learning, and a trained classifier to suggest clustering algo-
rithms, their hyperparameters, and a suitable CVI. After that, the selection is then further optimized with
a Bayesian optimization. While showing how a dataset can be automatically clustered and evaluated,
they leave the preprocessing to the user.

From a broad perspective, AutoClust [9] applies a similar approach to ML2DAC [7]. It uses meta-
learning and Bayesian optimization to identify a suitable clustering algorithm and promising parameter
values. However, instead of a single CVI, 10 are used. A Multilayer Perceptron Regressor (MLP) is
trained and then utilized to predict an external CVI based on these 10 internal CVIs to overcome the
absence of ground truth, but still have a single metric that is similar to a ground truth evaluation. This
predicted score is then used for the optimization. Also, as with ML2DAC, no preprocessing is performed
during optimization.

TPE-AutoClust [17] utilizes a knowledge base and meta-learning as well, but chooses an evolutionary
algorithm to optimize the suggested pipelines and further applies a majority vote of three CVIs to
evaluate the pipelines. In contrast to the other approaches, TPE-Autoclust applies preprocessing during
the optimization process. However, the considered preprocessing is limited to four functions from the
areas of missing value imputation, dimensionality reduction, and scaling. For these four functions, a
limited number of parameters is considered.

Most research in AutoML for clustering focuses on the clustering algorithms, their parameter, and
the evaluation metric [7, 9], and only partially considers preprocessing [17]. Therefore, ML2Dac [7]
and AutoClust [9] do not cover C1, C2, C4 and C5 from a preprocessing perspective, but showcase
how unsupervised learning can be evaluated, thus addressing C3. ML2DAC [7] completely addresses
C3 efficiently because it picks one CVI based on meta-learning and then only uses this CVI during
optimization. AutoClust [29] only partially addresses C3 because its strategy includes calculating
multiple CVIs during the optimization process and therefore neglects efficiency [7]. TPE-AutoClust
is the only approach that includes preprocessing, but only in a limited way. The restriction to only a
few methods and few parameters per method addresses C1 only in a limited way, and the question
of whether this approach can be applied to a larger, more diverse search space remains unanswered,
thus only partially addressing C2 and C4. Additionally, their choice of the majority voting of CVI
also includes a limited number of CVIs, and always considering every CVI may not be the best way of
evaluating clustering [7, 9], therefore only partially addressing C3. Since none of the solutions focus on
explainability, none addresses C5.



3.2. Data Preprocessing for Supervised Machine Learning

Besides unsupervised AutoML, some approaches solely focus on supervised learning or data cleaning
in general, but address preprocessing more specifically than the unsupervised approaches.

Saga [18] is a general-purpose data cleaning framework. It identifies suitable data preprocessing
pipelines for a given dataset through a two-step optimization process. First, an evolutionary algorithm
is used to find methods assembled into a pipeline. In a second step, the Hyperband algorithm [30] is
used to further fine-tune the parameters of the pipelines identified in the first step. Saga can apply
several preprocessing functions from the area of outlier removal, missing value imputation, encoding,
and string handling [18].

CtxPipe [19] additionally considers the context of the data. It uses pretrained embedding models
to capture the context or domain-specific information of the data. Then it uses a deep reinforcement
learning approach to construct a pipeline based on embeddings of statistical features and the extracted
context. CtxPipe can apply data preprocessing methods for missing value imputation, encoding, scaling,
and feature selection, but does not consider the parameters of these functions.

LLMClean [20] technically does not perform preprocessing but uses Large Language Models (LLMs)
to construct a context model with Ontology Functional Dependencies (OFDs) to detect errors and repair
options in IoT data, but includes a generalization for all types of data. It can detect missing values, look
up additional information such as minimum and maximum values from external sources, and check for
violations of functional dependencies.

Saga and CtxPipe do not explicitly detect specific characteristics, but discover many characteristics
during their optimization. Several techniques of Saga require labels, thus only partially addressing
C1, while CtxPipe only contains methods that are also applicable to unsupervised learning, therefore
addressing C1 completely. LLMClean focuses more on violations within the data and not classical
preprocessing, thus it also addresses C1 only in a limited way. Due to the design of Saga, C2 is addressed
thoroughly. CtxPipe limits the search space since it does not optimize parameters, resulting in a limited
addressing of C2. Furthermore, LLMClean provides no concrete pipeline optimization, which means it
does not cover C2. C3 is not addressed at all, because all approaches are designed and evaluated with
supervised machine learning algorithms. Saga and CtxPipe provide extensive tuning of the pipelines
and therefore fully address C4. Due to its design, LLMClean does not address C4. The focus of Saga
and CtxPipe is not on visualization or explainability, as both primarily provide methods for finding and
optimizing preprocessing pipelines. Thus, they do not address C5. LLMClean provides the user with a
context model, which displays derived rules, but the process by which these rules are obtained is not
explainable. Additionally, there is no visualization, so C5 is only addressed in a limited way:.

3.3. Libraries

Several libraries have emerged from research and focus on AutoML, including preprocessing to a certain
extent. Auto-Weka [21, 22], Auto-Sklearn [23, 24], TPOT [26], and AutoGluon [25] are considered here
as prominent examples to evaluate how well-established libraries optimize machine learning pipelines.

Auto-Weka [21, 22] is one of the first libraries in the context of AutoML. It utilizes Bayesian op-
timization to optimize the selection of machine learning algorithms, along with their parameters,
for supervised machine learning tasks. The only preprocessing step Auto-Weka considers during its
optimization is automatic feature selection.

Auto-Sklearn [23, 24] utilizes Bayesian optimization as well and is developed on top of the well-known
scikit-learn project [31] using its functions to optimize classification or regression tasks. Auto-Sklearn
considers preprocessing in two phases: first, data preprocessing, such as missing value imputation or
scaling. Secondly, feature preprocessing, which is primarily a dimensionality reduction method.

In contrast to Auto-Sklearn and Auto-Weka, AutoGluon [25] uses ensemble learning in combination
with supervised models to provide a good machine learning result. It includes preprocessing steps such
as imputing missing values, encoding, and text expansions. However, this is not applied in the search
space, but as a fixed step before starting the ensemble learning.



Similar to the other libraries, TPOT [26] only supports supervised tasks. It uses a genetic tree-
based optimization strategy to evolve a population of different pipelines. In contrast to the others,
TPOT explicitly includes preprocessing as part of its evolutionary optimization. Additionally, various
preprocessing methods from the area of normalization, dimensionality reduction, and feature selection
are included, automatically selected, and their parameters are tuned during the optimization process.

Most libraries (Auto-Weka, Auto-Sklearn, AutoGluon) apply different strategies to automate the
machine learning tasks, yet primarily focus on the downstream tasks instead of preprocessing [21, 22,
23, 24, 25]. Although they do not address the challenges C1 and C3-C5 concerning preprocessing, they
may show directions on how large search spaces can be handled, therefore partially contributing to C2.
TPTO [26] is the only library that considers preprocessing as part of the optimization problem. TPOT
includes various preprocessing techniques. However, real-world data may have common characteristics
like outlier removal that TPOT does not cover. Additionally, some preprocessing methods are only
applicable for supervised machine learning, therefore only partially addressing C1. The same holds true
for challenges C2 and C4, TPOT showcases how this can be accomplished, but for a limited number
of characteristics. TPOT does not allow unsupervised evaluation and does not provide a dedicated
explanation of why the methods have been applied and what the effect is. Therefore, not addressing C3
and C5.

3.4. Semi-Automated Visualization Tools

There is limited research on automated tools that also prioritize explainability or result visualization.
However, several tools exist that provide an interactive way to apply and suggest transformations,
covering both these topics.

Wrangler [27] supports users by visualizing the data in a spreadsheet style. It combines user input
suggestions of transform types to generate multiple options for how the data can be transformed, and
shows the effect. It supports reformatting, splitting or combining columns, imputing missing values,
and detecting type anomalies.

Another option is Vizier [28], which combines spreadsheet-style visualization with notebooks for
code execution and plots to provide the user multiple options to alter and view the data. It primarily
enables the user to apply data preprocessing in an easy-to-understand manner, while also incorporating
the work of Yang et al. [32] to perform schema matching, automatically impute missing values, or check
constraints. Additionally, Vizier keeps track of every transformation done by the user.

The mentioned work does not focus on automating preprocessing for clustering, but showcases how
better explainability and visualization of data could be accomplished. Therefore, C1-4 are not addressed.
C5 is addressed, but still needs changes to fit the described process of Section 2. Therefore, the solutions
are considered as only partially addressing C5.

3.5. Summary

Section 3 reviews existing research related to automated data preprocessing for clustering, categorizing
it into distinct categories. Each category addresses certain aspects of the challenges outlined in Section 2,
yet none comprehensively covers all necessary preprocessing steps and optimization requirements.
The detailed evaluation is summarized in Section 3. This highlights research gaps and emphasizes the
need for robust solutions that entirely automate preprocessing in an unsupervised clustering scenario.

4. Future Directions of Automated Preprocessing for Clustering

Section 3 showcases approaches, none of which are directly transferable to the described process (cf.
Section 2) and automated preprocessing for clustering. However, they hint at directions or techniques
that could be applied or modified.

Detecting data characteristics remains challenging. Some approaches utilize rule-based detection or
implicit detection through candidate generation or refinement. However, these approaches may not be



easily extended to a large search space, or this may imply a long runtime. Inspired by other AutoML
approaches [7, 9, 17], meta-learning is an interesting area since it can utilize knowledge from the past
[33], e.g., efficiently detecting characteristics based on previously seen datasets. To apply meta-learning,
well-selected meta-features are required, but it is unclear which meta-features should be considered to
identify a wide range of characteristics. Another step, especially when incorporating other information
such as domain knowledge, would be to use an embedding that represents the data [19]. However,
creating such an embedding efficiently is still challenging, and it may lack explainability.

Handling the vast search space (C2) and efficiently refining it (C4) is a topic that others have
considered for different problems (e.g., AutoML for Clustering) [17, 18, 19, 21, 22, 23, 24, 25, 26]. The
current approaches show that many optimization techniques exist and should be used instead of an
exhaustive search. Various methods like Bayesian optimization [21, 22, 23, 24], genetic algorithms
[17, 18, 26], reinforcement learning [18, 19], or even LLMs [20] could be applied, while genetic or
evolutionary algorithms seem to be a preferred choice when automating preprocessing, mainly because
of their flexibility. Again, this still requires a detailed analysis of how such methods can be employed, and
also seems promising in combination with meta-learning to restrict the search space during optimization
and start with already promising candidates. LLMs are a widely discussed topic, but they struggle
to handle big tabular data [34] and tend to generalize when provided with a dataset. It seems more
likely that a good representation of the data and preprocessing pipelines should be developed before
providing it to an LLM, or that their use case primarily focuses on the context area and processing other
information than the raw data (e.g., domain knowledge). In order to utilize LLMs, a good encoding
strategy is still required, but it is not yet available for unsupervised preprocessing.

The evaluation with different approaches, such as utilizing internal CVIs [17, 7] or trying to predict
external CVI [9], is considered in the area of AutoML for clustering. Yet, an efficient way to transfer this
to preprocessing without drastically increasing the runtime remains an open challenge. An interesting
direction to evaluate preprocessing pipelines for clustering would be to use a model that predicts
external CVIs or suggests internal CVIs. However, creating such a model is challenging because the
data, their characteristics, and consequently the recommendations based on these characteristics change
during preprocessing. Simply incorporating a CVI can lead to optimization towards this CVI instead of
a promising preprocessing pipeline.

Lastly, many tools demonstrate how visualization and explainability can be achieved [27, 28]. How-
ever, they are mostly user-focused or require human input. While helpful information is available
in some approaches that automate preprocessing [17, 26, 18], it is not effectively utilized. Existing
visualization strategies and concepts can be built upon a solution. This could range from simple result
visualization to more extensive analysis, showing what was detected, how a pipeline was derived from
an optimization process, and what data changes it results in.

To summarize, while there are many interesting parts and pieces, none of them already fit perfectly
for automated preprocessing for clustering and need further research and new or adapted ideas to
create a well-working solution.

5. Conclusion

In conclusion, this work addresses the automation of data preprocessing for clustering, highlighting
the inherent complexities within unsupervised machine learning scenarios. By proposing a structured
conceptual process consisting of imperfection diagnosis, candidate pipeline generation, quality esti-
mation, selection, refinement, and result presentation, the paper systematically outlines the steps and
associated challenges involved.

Key identified challenges include the need for diverse preprocessing techniques, the combinatorial ex-
plosion of the search space, the selection of appropriate evaluation metrics, refinement strategies, and the
requirement for effective visualization and explainability. An assessment of existing approaches reveals
that while current research partially addresses these challenges, no existing solution comprehensively
addresses all of them.



The clear definition of these challenges and the evaluation of current research not only reveal research
gaps but also outline promising future research directions. This contributes to the development of robust,
efficient, and explainable automated preprocessing solutions, thereby enhancing the effectiveness of
clustering analyses in practice.
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