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Abstract
Data cleaning is widely acknowledged as an important yet tedious task when dealing with large amounts of data. Thus,
there is always a cost-benefit trade-off to consider. In particular, it is important to assess this trade-off when not every data
point and data error is equally important for a task. This is often the case when statistical analysis or machine learning
(ML) models derive knowledge about data. If we only care about maximizing the utility score of the applications, such as
accuracy or F1 scores, many tasks can afford some degree of data quality problems. Recent studies analyzed the impact
of various data error types on vanilla ML tasks, showing that missing values and outliers significantly impact the outcome
of such models. In this paper, we expand the setting to one where data cleaning is not considered in isolation but as an
equal parameter among many other hyper-parameters that influence feature selection, regularization, and model selection.
In particular, we use state-of-the-art AutoML frameworks to automatically learn the parameters that benefit a particular
ML binary classification task. In our study, we see that specific cleaning routines still play a significant role but can also
be entirely avoided if the choice of a specific model or the filtering of specific features diminishes the overall impact.

Keywords Machine Learning · Data Cleaning · AutoML

1 Introduction

Data cleaning is considered to be an essential pre-pro-
cessing step to ensure that subsequent data analysis is
correct [18, 21]. Addressing data quality issues, such
as mislabels or distribution skew can significantly im-
prove model accuracy. In the data-centric AI competition,
data scientists were able to improve the overall accu-
racy by more than 20% only through data engineering
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steps, such as removing mislabeled instances or adding
augmented instances [22]. Furthermore, previous studies
showed that cleaning a dataset from outliers and missing
values (MV) can improve downstream ML classification
performance [15]. The results of these studies suggest that
pre-processing data and removing data quality issues is
necessary for any pipeline. Yet, these studies do not con-
sider the impact of data cleaning in conjunction with other
optimizations. For example, it is well known that specific
models are more robust towards MV and mislabels, or that
feature engineering filters irrelevant data for a task. The
aforementioned study evaluated the impact of data errors
on single models without considering other parts of the ML
pipeline, such as data encoding and other pre-processing
steps. As a result, the overall impact of data cleaning on
the entire process is maximally noticeable. As most real-
world ML pipelines include other pre-processing steps, it
is worth studying the overall impact of data cleaning rou-
tines in a holistic setting. Typically, such a composition
requires a careful analysis of the task and dataset at hand
and can be very tedious for an ML engineer. With the help
of AutoML it is possible to obtain a composition of an ML
pipeline that optimizes the accuracy metric of the ML task
at hand by choosing the most fitting hyperparameters (HP)
of such a process, including choosing the data encoding,
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the feature preprocessing, and the ML model, and all the
corresponding HPs.

In this paper, we want to explore the interaction between
data cleaning and other hyper-parameters of ML pipelines
for supervised binary classification tasks. First, we reevalu-
ate the CleanML benchmark using state-of-the-art AutoML
systems [6]. We run AutoML for both the dirty and the
clean state of all CleanML datasets. As AutoML optimizes
the whole pipeline, we avoid measurement artifacts of static
preprocessing. For instance, the CleanML benchmark al-
ways uses standardization based on the mean and the stan-
dard deviation that is prone to outliers. An AutoML system
might choose a different standardization. Also, a dataset
might have a large number of errors, but if these errors
only appear in unimportant features, the ML models will
ignore the features. Second, we present our first approach
to bringing more advanced cleaning operations to AutoML.
Current AutoML systems offer only limited cleaning ca-
pabilities, such as mean imputation. Therefore, we extend
the state-of-the-art AutoML system AutoSklearn [6] with
more advanced cleaning algorithms, which we call Auto-
Clean (source code: [19]). Specifically, we add four out-
lier detection strategies and two advanced MV imputation
strategies. To achieve this, we address the following chal-
lenges:

Data-dependent HP Space. AutoSklearn only supports
data-independent HPs. However, for outlier detection, we
need to train one outlier detection strategy per feature be-
cause each feature might require different outlier thresholds.
This challenge is aggravated by the huge number of HPs
because, for each numerical feature, we need to identify
whether to detect outliers, which strategy to use, and which
parameters for each strategy.

Cleaning Overhead. The additional time for training
more advanced cleaning strategies is competing with the
time needed to train the ML models. So, if data cleaning
takes too much time, the model training is neglected. This
issue is aggravated in outlier detection because we need to
train an outlier detection model for every feature.

To reduce these challenges, we extend AutoSklearn with
the following contributions:

Hierarchical Search Space. As we add data-dependent
HPs in AutoSklearn, we structure the HP as hierarchical as
possible to prune as many HPs as early as possible. The
reason is that many HPs are dependent on each other. For
instance, the HP of the number of k neighbors depends on
whether the KNN classifier was chosen in the first place.
So, if we structure the search space hierarchically, we do
not need to draw values for the k neighbors HP, if the KNN
classifier is not chosen.

Sampling HP. To avoid the significant overhead of data
cleaning operations, we add a sampling HP for each clean-
ing component. This way we only train the cleaning opera-

tions on a subset of the data if necessary. Instead of picking
a sampling threshold ad hoc, we let the AutoML system
choose the best sampling degree. Instead of drawing values
for this HP from a uniform distribution, we draw them from
a logarithmic one to push the system to prefer small subsets.

Main Findings. Our study leads to the following con-
clusions: First, we did not find a significant impact of data
errors present in the CleanML benchmark when applying
AutoML. AutoML can adjust the ML pipeline in various
ways to work around or ignore the data errors, even for label
errors. In the worst case, for 10% mislabels, we saw a 5%
balanced accuracy decrease. Second, more advanced data
cleaning preprocessors, such as outlier detection, did not
improve the ML performance. However, the newly added
imputation strategy based on k-nearest neighbors (KNN)
was chosen frequently and could be a valuable imputa-
tion alternative for state-of-the-art AutoML systems. Third,
most current benchmark datasets only contain few errors
without impact. Therefore, we need to design benchmarks
that contain impactful real-world errors and analyze the re-
sults on the feature level.

2 RelatedWork

In this section, we discuss existing entanglements of data
cleaning in ML and robust ML that addresses data errors
without cleaning.

Data Cleaning for AutoML. AutoML systems automat-
ically search for ML pipelines that maximize the validation
accuracy [6]. Thus, it can be used to automatically eval-
uate the overall impact of data cleaning routines in the
whole ML pipeline. Some existing AutoML frameworks
already include data cleaning mechanisms. For example,
AutoGluon is a Python library for AutoML with tabular
data [5]. It automatically performs MV imputation and out-
lier detection before the ML pipeline in both a model-agnos-
tic and model-specific way. The employed methods are lim-
ited to basic methods, such as median imputation, creating
an “Unknown” category, quantile normalization, and mean-
zero unit-variance rescaling. Besides, in AutoGluon, data
cleaning is only performed before the ML process, so it can-
not further adapt the cleaning based on feedback from the
ML process. The AutoML framework AutoSklearn consid-
ers data cleaning as part of theML pipeline [6]. They use the
model validation accuracy as the primary cleaning signal to
assess the fitness of an ML pipeline. A pipeline consists of
preprocessing operations, HP selection, and model training.
To restrict the search space, the preprocessors are limited
to value imputation based on mean, median, or most-fre-
quent values, and are either applied to the whole dataset
or not at all (e.g., no conditional repairs). We extend these
frameworks with more advanced data cleaning techniques
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to capture other types of dirty data and study the impact
of data quality in conjunction with all other optimization
parameters.

Data Cleaning for ML. The common strategy to tai-
lor cleaning for an ML task is to leverage the downstream
model or application to obtain signals with higher-level se-
mantics that serve as data quality assessment. For exam-
ple, ActiveClean [14] is a data cleaning system for models
with convex loss functions. It treats cleaning as a stochas-
tic gradient descent (SGD) problem, where in each step,
the system samples and asks the user to clean records that
are expected to shift the model along the steepest gradient.
CPClean [11] is designed for KNN models. It incrementally
cleans a training set until it is certain that no more repairs
can change the model predictions. It uses the validation
set and the counting query as the primary cleaning signals
but relies on the user to perform the actual repairs. Boost-
Clean [13] treats cleaning as a boosting problem and outputs
a cleaning program that can be applied to training or test
records. It is specialized in conditional value errors. Boost-
Clean diverges from prior cleaning systems in that users do
not need to manually repair records. It leverages the model’s
training or validation accuracy as the primary cleaning sig-
nal. Rain [35] executes relational workflows consisting of
relational operators and inferences made by a differentiable
model. By supporting complaints over workflow outputs, it
empowers users to specify constraints within the context of
the application’s downstream semantics.

Robust ML. Some ML models are robust to small
amounts of random noises [1, 36] and can also be sensitive
to other types of noise, especially non-white noise in the in-
put data [14] and labels [7]. These approaches focus on ML
algorithms that are robust to noise in certain distributions
rather than directly performing data cleaning. Examples
include noise-robust decision trees [25], regularization for
improving robustness [31], and model bagging to reduce
the model variability caused by dirty data [12]. Other robust
estimation methods re-weight, filter, and otherwise adapt
the estimation procedure to be insensitive to outliers in the
training data [30, 34]. For instance, models that perform
local averaging, such as weighted and interpolated nearest
neighbors, are naturally robust to noisy training data [2].
Further, there is extensive research on approaches to make
ML more robust against adversarial examples, which can
be seen as errors that are introduced on purpose [17, 26].

3 Extending AutoML with Cleaning
Preprocessors

To assess how cleaning interacts with other parts of the
ML pipeline, we include cleaning preprocessors in the op-
timization process. We could leverage state-of-the-art Au-

Fig. 1 AutoML with data cleaning pre-processors

toML systems, such as AutoSklearn [6], and analyze which
cleaning component is chosen how often. According to the
CleanML benchmark, compared to other error types, MVs
are more likely to negatively impact ML performance. Para-
metric statistics, such as the mean and standard deviation,
are sensitive to outliers. Models that leverage such statistics,
such as linear regression, are negatively affected. However,
other error types, such as inconsistencies, e.g. functional de-
pendency violations, or duplicates are less likely to affect
ML performance. Thus, we built AutoClean, which extends
AutoSklearn with a more sophisticated outlier detection
component and context-dependent imputation strategies.

First, we extend AutoSklearn to support data-dependent
HPs. For instance, if we apply an outlier threshold X to
feature A, this threshold might be a poor choice for another
feature B . Thus, we need a threshold for each feature. This
way, the HP search space quickly grows as there is not only
one HP per feature. We address this problem by structuring
the search space as hierarchical as possible to prune HP
early on.

Second, data cleaning preprocessors might introduce sig-
nificant overhead and therefore compete with the training
time of ML models. This problem is aggravated by feature-
specific data cleaning, e.g., training one outlier detection
model for each feature. To reduce this overhead, we intro-
duce an additional HP that allows sampling. This way the
outlier detection model is not trained on the full dataset but
only on a stratified sample.

Fig. 1 shows the workflow of AutoClean. It leverages
Bayesian optimization (BO) to iteratively search for ML
pipelines including data preprocessors, feature preproces-
sors, and an ML classification model. Our implementation
supports additional imputation strategies and additional out-
lier detection in the data preprocessing step. In the follow-
ing, we describe how we incorporate our data cleaning pre-
processors in AutoSklearn. Then, we describe details of our
extension for both MV imputation and outlier detection.

K



124 Datenbank Spektrum (2022) 22:121–130

3.1 MV Imputation

Currently, AutoSklearn only supports constant value impu-
tation for categorical data and mean/median/most-frequent
imputation for numerical data. For categorical data, we add
most-frequent value imputation and KNN imputation [32].
KNN imputation identifies the KNN to replace the MV
based on the most-frequent value of these neighbors. The
KNN imputation model has two HPs – the number of neigh-
bors used for imputation and the weight function. To reduce
the computational overhead of the KNN model, we define
an HP to control stratified sampling. We sample values for
this HP from a logarithmic distribution because we expect
that lower values are computationally beneficial. We use the
Scikit-learn [24] for both imputers. For numerical data, we
add KNN imputation and iterative imputation [33]. Iterative
imputation models each feature with MVs as a function of
all other features iteratively. Therefore, we train one regres-
sion model for each feature with MVs. This approach re-
quires much more compute resources than, e.g., mean value
imputation where we compute only the mean for each fea-
ture. Therefore, we again sample values for this HP from
a logarithmic distribution to allow stratified sampling be-
cause a subset of the data might be sufficient to predict the
MVs.

3.2 Outlier Detection

For numerical data, we add four outlier detection strate-
gies: Local Outlier Factor (LOF) [4], one-class Support
Vector Machines (SVM) [29], Isolation Forest [16], and
Elliptic Envelope [28]. For all outlier detection algorithms,
we leverage the Scikit-learn implementation [24].

LOF measures the local deviation of the density of
a given instance compared to its neighbors. It considers
instances with a significantly lower density as outliers.
One-class SVM is similar to the common SVM but instead
of separating instances into two classes by a hyperplane,
it encompasses as many instances as possible within a hy-
persphere. It considers all instances outside of this hyper-
sphere as outliers. Isolation Forest randomly partitions the
instances and measures how many times it had to partition
to fully isolate a given instance. It considers instances that
require significantly fewer partitions to be isolated as out-
liers. Elliptic Envelope considers all instances that violate
a Gaussian distribution as outliers.

We choose one outlier detection strategy per column.
This leads to a huge HP search space as we need to optimize
the HPs of four outlier detection strategies for each feature.
To reduce HP space, we structure it hierarchically as shown
in Fig. 2. For each feature, we start with one HP to identify
whether this feature benefits from outlier detection. If yes,
we evaluate which outlier detection strategy fits the feature,

Fig. 2 Hierarchical HP space for outlier detection

then optimize the HPs of the corresponding strategy so that
we can prune HP space early on. However, even if we fit
an outlier detection model for a subset of the features, it
still requires large computational resources. As shown in
Fig. 2, we defined a sampling HP that – independent of
the outlier detection strategy – decides how many instances
are used for outlier detection because we assume that the
strategies need a similar number of instances to estimate
the underlying distributions to identify the outliers. Once
an outlier is detected, we replace it with NAN as an MV.
The MV component directly follows the outlier detection
component and will impute the values accordingly.

4 Case Study

The CleanML benchmark [15] is one of the most com-
prehensive studies on the interplay of ML and data clean-
ing. It measures the impact of various cleaning methods
for multiple datasets with five error types: duplicates, out-
liers, inconsistencies, MVs, and mislabels. However, they
assume static preprocessing and do not consider model en-
sembles. We revisit the CleanML benchmark with state-
of-the-art AutoML systems, AutoSklearn [6], and Auto-
Gluon [5]. This way, we optimize the whole ML pipeline
from preprocessing over modeling to ensembling. In con-
trast to CleanML, which analyzes the impact of errors on
a data level, we follow a more fine-grained approach on the
feature level using permutation importance [3].

For all experiments, we use the binary classification
datasets provided by CleanML whose main statistics are
shown in Table 1. Additionally, we evaluate the Flights
dataset [20] with the task to predict whether a flight was
over 5 minutes delayed. For each dataset, a clean and a dirty
version is available. To measure prediction performance, we
use balanced accuracy because it is robust against class im-
balance. It is often used to benchmark AutoML systems for
classification tasks [6, 10]. For instance, for two classes, it
is calculated as follows:

balanced accuracy =
1

2

�
TP

TP + FN
+

TN

TN + FP

�
;

K



Datenbank Spektrum (2022) 22:121–130 125

Table 1 Datases

Error Dataset Instances Features Minority
Class

Outliers Credit 8413 10 0.07

Airbnb 10500 39 0.33

EEG 10486 14 0.45

Sensor 10500 8 0.48
Missing
values

Airbnb 10500 39 0.32

Credit 10500 10 0.07

Marketing 6296 13 0.45

Titanic 891 9 0.38

US Census 10500 14 0.24
Inconsistencies Company 10500 5 0.38

Movie 6531 7 0.37

Restaurant 8405 7 0.38

University 147 15 0.46
Duplicates Airbnb 7965 39 0.32

Citation 2998 1 0.40

Movie 4419 7 0.37

Restaurant 7736 7 0.38

Multiple Flights 2376 9 0.25

where TP is the number of true positives, TN the number
of true negatives, FN the number of false negatives, and FP
the number of false positives.

We use AutoSklearn [6] for numerical data and Auto-
Gluon [5] for textual data because AutoSklearn does not
provide off-the-shelf natural language processing capabili-
ties like AutoGluon. Specifically, we leverage AutoGluon
for the datasets Citation and Restaurant. For all experi-
ments, we apply 5-fold cross-validation. In each cross-val-
idation iteration, 4 folds are considered as the training data
while the remaining fold is considered as the test data. On
the training data, we apply AutoSklearn/AutoGluon for 20
minutes using 20 processors. Both AutoML systems split
the training data internally into a smaller training and a vali-
dation set (hold-out validation). So, we use hold-out valida-
tion for hyperparameter optimization and cross validation
for evaluation. This way, we avoid that any information
about the test set is available during training (test snoop-
ing).

4.1 Impact of Error Types

To understand the impact of different error types, we apply
the vanilla version of AutoSklearn for both the clean and
dirty versions for five error types – duplicates, inconsisten-
cies, outliers, MVs, and mislabels. We explain for each error
type how it affects the ML performance when optimizing
the complete ML pipeline.

Duplicates: One can consider duplicates as incorrect in-
stance weighting. AutoML can adjust the models’ HPs to
counter this instance weighting. Table 2 shows that in the

Table 2 AutoML for dirty/clean data

Error Type Dataset Dirty Clean

Duplicates Airbnb 0.64˙ 0.01 0.63 ˙ 0.01

Citation 0.68˙ 0.01 0.63 ˙ 0.02

Movie 0.69˙ 0.04 0.64 ˙ 0.00

Restaurant 0.73˙ 0.01 0.74 ˙ 0.01
Inconsistencies Movie 0.74˙ 0.01 0.73 ˙ 0.02

Company 0.67˙ 0.01 0.67 ˙ 0.01

Restaurant 0.73˙ 0.01 0.73 ˙ 0.01

University 0.77˙ 0.06 0.78 ˙ 0.04

Table 3 Feature importance for University

Feature Names Importance Importance Error

Clean Dirty Fraction

Control 1.00 1.00 0.00

Sat verbal 0.26 0.32 0.00

State 0.20 0.12 0.16

Student:faculty 0.18 0.18 0.00

No-of-students 0.14 0.13 0.00

Admittance 0.12 0.08 0.00

Location 0.11 0.00 0.16

Academics scale 0.10 0.12 0.00

Quality-of-life 0.08 0.07 0.00

Social scale 0.08 0.20 0.00

Male:female 0.08 0.15 0.00

Sat math 0.07 0.03 0.00

Financial-aid 0.06 0.17 0.00

Enrolled 0.04 0.13 0.00

Applicants 0.00 0.10 0.00

best case cleaning yields only 1% higher balanced accuracy
for the Restaurant dataset. For the Movie dataset, deleting
the duplicates even leads to 5% less balanced accuracy. Re-
moving instances from the data might be more detrimental
than having duplicate information because the ML model
can choose to ignore data but it cannot make up for miss-
ing data. The CleanML benchmark [15] also found the same
result for their setting.

Inconsistencies: AutoML can also workaround incon-
sistencies, such as domain value violations. For instance,
when we have both values CA and California, AutoML
can apply one-hot-encoding and the model can learn that
both categories are the same. Table 2 shows that cleaning
yields 1% higher balanced accuracy for the dataset Uni-
versity. To better understand how AutoML addresses such
inconsistencies, we can analyze the feature importance with
and without cleaning. Table 3 showed a significant drop in
feature importance for features with domain value viola-
tions. The University dataset contains such domain value
violations (different capitalizations) in the location and the
state feature. In cases of these domain value violations,
the AutoML models depend more on features that do not
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Table 4 AutoSklearn and
AutoClean for dirty/clean data

Error System AutoSklearn AutoClean

Type Dataset Dirty Clean Dirty

Outliers Airbnb 0.64 ˙ 0.01 0.64 ˙ 0.01 0.65 ˙ 0.00

Credit 0.76 ˙ 0.01 0.76 ˙ 0.01 0.75 ˙ 0.01

EEG 0.98 ˙ 0.00 0.97 ˙ 0.01 0.94 ˙ 0.01

Sensor 1.00 ˙ 0.00 1.00 ˙ 0.00 1.00 ˙ 0.00
MV Airbnb 0.64 ˙ 0.01 0.65 ˙ 0.01 0.65 ˙ 0.01

Credit 0.77 ˙ 0.00 0.77 ˙ 0.01 0.77 ˙ 0.01

Marketing 0.79 ˙ 0.01 0.78 ˙ 0.02 0.79 ˙ 0.02

Titanic 0.80 ˙ 0.04 0.81 ˙ 0.03 0.79 ˙ 0.03

US Census 0.83 ˙ 0.01 0.84 ˙ 0.01 0.84 ˙ 0.00

Multiple Flights 0.48 ˙ 0.05 0.53 ˙ 0.04 0.49 ˙ 0.02

Table 5 Feature Importance for Credit (MV)

Feature Names Importance Importance Error

Clean Dirty Fraction

30-59DaysPastDueNot-
Worse

1.00 0.93 0.00

90DaysLate 0.87 1.00 0.00

60-89DaysPastDueNot-
Worse

0.82 0.90 0.00

MonthlyIncome 0.24 0.17 0.20

OpenCreditLinesAndLoans 0.17 0.24 0.00

UtilizationOfUnsecuredLines 0.16 0.17 0.00

Dependents 0.15 0.17 0.03

DebtRatio 0.13 0.19 0.00

RealEstateLoansOrLines 0.04 0.17 0.00

Age 0.00 0.00 0.00

Table 6 Feature Importance for US Census (MV)

Feature Names Importance Importance Error

Clean Dirty Fraction

Capital-gain 1.00 1.00 0.00

Education-num 0.65 0.83 0.00

Age 0.46 0.44 0.00

Marital-status 0.45 0.70 0.00

Capital-loss 0.34 0.33 0.00

Hours/week 0.30 0.25 0.00

Occupation 0.27 0.17 0.06

Workclass 0.18 0.14 0.05

Race 0.17 0.11 0.00

Native-country 0.17 0.10 0.02

Fnlwgt 0.14 0.10 0.00

Education 0.08 0.06 0.00

Sex 0.06 0.07 0.00

Relationship 0.00 0.00 0.00

have these issues, e.g. social scale gains 12% in relative
importance. Feature importance can also shift if functional
dependencies exist. For instance, if feature A functionally
determines B and A contains many errors, AutoML can
shift the importance to feature B .

Outliers: Table 4 shows that cleaning outliers did not
improve the balanced accuracy for any of the evaluated
datasets. The reasons are manifold. ML models are de-
signed to ignore errors. For instance, SVM support a dedi-
cated regularization term to allow a small number of points
to be within the SVM margin. Another example is the
KNN classifier that is robust against outliers because it
only considers the local neighborhood that by definition
ignores outliers. Second, the AutoML’s model selection au-
tomatically selects those models that are most robust for the
given outliers. Third, AutoSklearn builds model ensembles
that are known to be robust against errors.

Missing Values: The CleanML found that MV imputa-
tion is likely to improve ML performance. However, for
our setting of optimizing the ML pipeline holistically, im-
putation causes no significant improvements. Table 4 shows
that imputation yields at most 1% higher balanced accuracy.
The reasons are manifold. First, most evaluated datasets
contain very few MVs. For instance, US Census (Table 6)
contains at most 5.5% MVs per feature. Second, for some

Table 7 Feature Importance for Titanic(MV)

Feature Names Importance Importance Error

Clean Dirty Fraction

Sex 1.00 1.00 0.00

Age 0.30 0.11 0.20

Pclass 0.22 0.08 0.00

Fare 0.09 0.12 0.00

Ticket 0.08 0.12 0.00

Cabin 0.05 0.08 0.77

SibSp 0.02 0.00 0.00

Parch 0.01 0.05 0.00

Embarked 0.00 0.02 0.00
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Table 8 Mislabels: AutoSklearn
for dirty/clean data

Dataset Clean 1% dirty 5% dirty 10% dirty

Credit 0.77 ˙ 0.01 0.77 ˙ 0.01 0.74 ˙ 0.04 0.72 ˙ 0.03

EEG 0.97 ˙ 0.01 0.97 ˙ 0.01 0.96 ˙ 0.01 0.95 ˙ 0.01

US Census 0.84 ˙ 0.01 0.83 ˙ 0.01 0.83 ˙ 0.01 0.83 ˙ 0.01

datasets, the MVs predominantly affect features that are not
important for the prediction. For instance, the Credit dataset
contains MVs only for features that are less than 25% of
the min-max-scaled permutation importance (Table 5). But
even if the MVs affect an important feature, e.g., 20% of the
values of the feature age in the Titanic dataset, the models
will resort to other features (Table 7). The relative feature
importance drops by 19% for the feature age but it increases
for other features, such as Fare and Ticket.

Mislabels: CleanML found that cleaning mislabels is
likely to have a positive impact on ML performance. To
understand how mislabels affect the ML performance when
we optimize the ML pipeline holistically, we randomly
switched a specified number of labels (evenly distributed
across classes). Specifically, for each class, we randomly
switch the same number of labels to another class. For bi-
nary classification, this approach preserves the class ratio.
Table 8 shows the results of this experiment. For the Credit
dataset, we see that mislabels significantly affect the bal-
anced accuracy, which is decreased by 5%. One reason is
that the minority class only represents 7% of the data. For
the other two datasets, the impact is less significant because
the classes are more balanced.

Multiple Errors: To evaluate the scenario of multiple
errors, we evaluate the Flights dataset. It contains missing
values (3 columns contain 22%, 35%, 37%) and 17% mis-
labels. The significant number of errors combined with the
class imbalance allows data cleaning to improve the bal-
anced accuracy by 5% as shown in Table 4. AutoClean
only slightly improves upon AutoSklearn. It predominantly
uses median imputation for the missing timestamps (see
Table 12). However, it cannot compete with the cleaned
version because AutoClean cannot clean mislabels yet.

In the datasets Sensor, EEG, and Company we observe
less than 1% errors. This small portion of errors does not
significantly impact the prediction performance.

4.2 Impact on HP Selection

To analyze how AutoML systems adjust their HP selection
to the prevalence of different error types, we compute the
fraction of times that an HP was chosen for the final ML en-
semble. As AutoSklearn returns weighted pipeline ensem-
bles, we compute the weighted fraction. For instance, the
KNN classifier was chosen for two pipelines with a weight
of 0.3 and 0.1 respectively. The sum of all pipeline weights
in the ensemble is 1. Thus, the weighted fraction of KNN is

0.4. If we would only count the number of times that a spe-
cific component was chosen, we would consider an occur-
rence for an ML pipeline with weight 0.8 as important as
weight 0.01 that barely contributes to the final prediction.
Therefore, a weighted analysis is important to understand
the contribution of a given component to the final ML pre-
dictions. As there are hundreds of HPs, we reduce the HPs
to the main components in Tables 9 and 10. Then, we report
only those that significantly differ between dirty and clean
state.

Table 9 reports the HPs whose average weighted fraction
changed the most between datasets with and without out-
liers (see Table 4). For instance, random kitchen sinks [27]
create a feature map that is more robust against outliers.
Further, it is well known that KNN classifiers are robust
against outliers. This classifier was chosen four times more

Table 9 Outliers: Chosen pipeline components

Pipeline Components Dirty average Clean average

Kitchen sinks 0.039 ˙ 0.06 0.001 ˙ 0.00

KNN 0.250 ˙ 0.50 0.058 ˙ 0.12

SGD 0.151 ˙ 0.21 0.055 ˙ 0.08

Quantile Transformer 0.569 ˙ 0.42 0.244 ˙ 0.36

no preprocessing 0.048 ˙ 0.08 0.099 ˙ 0.06

no rescaling 0.104 ˙ 0.15 0.215 ˙ 0.18

robust scaling 0.044 ˙ 0.07 0.155 ˙ 0.14

Extra trees 0.053 ˙ 0.07 0.188 ˙ 0.28

Normalize 0.008 ˙ 0.02 0.045 ˙ 0.09

Feature agglomeration 0.018 ˙ 0.02 0.109 ˙ 0.08

Nystroem sampler 0.000 ˙ 0.00 0.021 ˙ 0.04

Table 10 MV: Chosen pipeline components

Pipeline Components Dirty average Clean average

Kitchen sinks 0.006 ˙ 0.01 0.001 ˙ 0.00

Feature agglomeration 0.206 ˙ 0.16 0.029 ˙ 0.03

LDA 0.044 ˙ 0.09 0.007 ˙ 0.01

Passive aggressive 0.054 ˙ 0.12 0.018 ˙ 0.02

normalize 0.094 ˙ 0.14 0.033 ˙ 0.05

liblinear svc 0.086 ˙ 0.07 0.038 ˙ 0.05

libsvm svc 0.082 ˙ 0.13 0.039 ˙ 0.09

kernel PCA 0.048 ˙ 0.08 0.023 ˙ 0.05

random trees embedding 0.005 ˙ 0.01 0.002 ˙ 0.01

polynomial 0.162 ˙ 0.19 0.339 ˙ 0.30

no class weighting 0.056 ˙ 0.08 0.139 ˙ 0.19

Extra trees 0.046 ˙ 0.05 0.134 ˙ 0.18

PCA 0.018 ˙ 0.04 0.057 ˙ 0.11
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often for data with outliers compared to clean data. Further,
components, such as feature agglomeration and normaliza-
tion leverage parametric statistics and are sensitive to out-
liers. Therefore, both components are chosen six times less
often for datasets with outliers.

Next, we compare the average weighted fraction of HPs
chosen by the AutoML systems with regard to the preva-
lence of MVs. Table 10 aggregates the results across the five
datasets once with and once without MVs. As expected, fea-
ture preprocessing strategies, such as random kitchen sinks,
feature agglomeration, kernel principal component analy-
sis (PCA), and random trees embedding, are chosen more
often in case of MVs because they can extract information
from features that miss values. The classifier extra trees [9]
suffers from MVs because it leverages averaging which is
affected by a large number of imputed values.

Table 11 How often is outlier detection chosen and which sampling degree is chosen

Error type Dataset Detection Outlier Strategy Sampling

Fraction One-class SVM LOF Isolation Forest Elliptic Envelope Fraction

Missing
values

Credit 0.82 0.18 0.43 0.10 0.11 0.15

US Census 0.88 0.12 0.44 0.13 0.17 0.10

Titanic 0.65 0.14 0.15 0.22 0.13 0.20

Airbnb 0.42 0.08 0.17 0.08 0.09 0.06

Marketing 0.00 0.00 0.00 0.00 0.00 –
Outliers Airbnb 0.42 0.12 0.13 0.09 0.07 0.07

EEG 0.64 0.11 0.25 0.14 0.14 0.24

Credit 0.66 0.18 0.34 0.08 0.05 0.22

Sensor 0.74 0.10 0.41 0.15 0.06 0.27

Multiple Flights 0.65 0.07 0.29 0.11 0.16 0.11

Average 0.63 0.11 0.26 0.11 0.10 0.16

Table 12 How often is imputation chosen and which sampling degree is chosen

Error type Dataset Numerical Imputation Categorical Imputation Sampling

KNN Mean Median Most
frequent

Iterative KNN Constant Most
frequent

fraction

Missing
values

Credit 0.17 0.15 0.31 0.37 0.00 0.40 0.36 0.24 0.07

US census 0.21 0.11 0.30 0.39 0.00 0.35 0.48 0.17 0.09

Marketing 0.00 0.00 0.00 0.00 0.00 0.28 0.38 0.35 0.10

Titanic 0.25 0.24 0.35 0.16 0.00 0.25 0.49 0.26 0.05

Airbnb 0.14 0.28 0.41 0.17 0.00 0.20 0.58 0.23 0.06
Outliers Airbnb 0.37 0.15 0.40 0.08 0.00 0.14 0.68 0.19 0.06

EEG 0.22 0.22 0.28 0.28 0.00 0.27 0.32 0.41 0.14

Credit 0.13 0.29 0.34 0.24 0.00 0.65 0.25 0.10 0.11

Sensor 0.26 0.14 0.23 0.37 0.00 0.28 0.21 0.51 0.06

Multiple Flights 0.17 0.22 0.34 0.26 0.00 0.54 0.23 0.23 0.14

Average 0.19 0.18 0.30 0.23 0.00 0.33 0.40 0.27 0.09

4.3 Data Cleaning Extensions

To evaluate AutoSklearn with additional imputation and
outlier detection, we evaluate it on the datasets with MVs,
outliers, and multiple errors. For all datasets (see Table 4),
AutoClean achieves similar or slightly lower balanced ac-
curacy compared to vanilla AutoSklearn. The reason for
lower accuracy for AutoClean is that the extended search
space increases the likelihood of overfitting on the valida-
tion set. This result shows that very simple data cleaning
preprocessors that are already present in AutoSklearn are
enough to achieve high ML performance because it can
build ML pipelines that include data preprocessors, feature
processors, and models that can work around these issues
as well.

We now analyze the cleaning components that were se-
lected by AutoClean. Table 11 shows that our outlier detec-
tion component was active in the majority of the datasets,
even if no outliers were present. In these cases, outlier de-
tection acted as a regularizer to reduce noise from features.
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For the dataset Marketing, AutoClean did not detect outliers
because it only contains categorical features. We imple-
mented the outlier detection strategies only for numerical
data. Further, Table 11 also reports the weighted fraction
of how much each outlier detection strategy contributed to
the final ensemble. LOF contributes the most because it has
a low overhead as it uses the KNN approach and has fewer
HPs than the alternatives. Additionally, Table 11 shows the
average sampling fraction that was chosen by BO for each
dataset. We see that in most cases only a small fraction
of the dataset is considered for detection. This way, our
approach saves significant computation.

Table 12 shows that the new imputation strategy based
on KNN is effective because it was the second most cho-
sen strategy for categorical data and the third most chosen
strategy for numerical data. However, BO identifies that
ML pipelines that leverage iterative imputation yield often
no result due to exceeded time limits and therefore never
choose this strategy for imputation. Similar to the detection
strategies, BO chooses a small fraction of the data to train
the imputation strategies.

To summarize advanced cleaning operations did not
yield significant ML performance improvements. However,
AutoML chooses in the majority of the cases to lever-
age outlier detection. Further, KNN-based imputation is
a valuable addition to other simple imputation strategies.

5 Conclusions

We evaluated the importance of data cleaning in conjunc-
tion with other optimization possibilities using state-of-the-
art AutoML systems. In contrast to previous studies that
only consider data cleaning, we showed that data errors
did not affect the ML performance significantly. AutoML
systems reduce data error impact by falling back on robust
ML models or reevaluating feature importance. Further, we
analyzed which ML pipeline components are more benefi-
cial in the case of outliers and missing values. Finally, we
evaluated our with data cleaning preprocessors extended
AutoSklearn and found that simple data cleaning strate-
gies outperform more advanced ones because AutoML can
adjust the entire ML pipeline to the data errors at hand.
However, we found that KNN imputation benefits AutoML
systems because it was one of the most chosen imputation
strategies.

Our work opens up various exciting directions for future
work. First, our analysis is limited to the datasets avail-
able to us. An expansion of the benchmark with real-world
datasets and diverse error types is necessary to make edu-
cated judgments on the importance of other data cleaning
preprocessors addressing mislabel correction [23], duplicate
detection, and functional dependency violation correction.

Second, we only optimized the ML performance using an
AutoML system. One could also formulate the problem as
an ML performance maximization problem subject to data
quality constraints [8].
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