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Abstract: Data processing plays an essential role in the development and performance of machine learning and deep learning models.
Traditional machine learning relies on separate, manually designed stages for data preprocessing, feature extraction, feature selection,
and model optimization. Deep learning offers a more integrated approach by using neural networks to learn useful features directly from
data. However, the quality, quantity, and complexity of training data continue to influence model performance. Data preprocessing,
augmentation, and feature engineering remain necessary to address missing values, noisy data, class imbalance, and limited training
samples. Feature engineering also helps improve model efficiency and interpretability, particularly in applications such as healthcare,
firaud detection, and industrial fault diagnosis. Automated Machine Learning (AutoML) provides methods for combining these tasks into
a unified process, reducing manual intervention in data preparation, model selection, and hyperparameter optimization. Neural
Architecture Search further supports the automatic design of suitable network structures. The discussion examines the differences between
traditional and deep learning pipelines, the continuing need for data processing, and the role of automation in developing efficient,

adaptable, and reliable machine learning systems.
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Data processing in traditional machine learning pipelines the
machine learning problem typically involves the following
sequence of steps: data collection, data preparation and
preprocessing, data augmentation, extraction of useful
features from the data, construction of new features and
pruning of the generated feature set (i.e., feature selection),
selection of a suitable machine learning model, and
optimization of model hyperparameters. Traditional machine
learning approaches [25,26] require all these stages of the
machine learning process to be performed manually and as
standalone processes (Fig. 5). This approach presents number
of difficulties that make it extremely challenging to scale up
machine learning models. For instance, traditional machine
learning pipelines typically incorporate hand-crafted feature
extractors to mine useful low-level features from training data
for subsequent processing by the machine learning model.

These feature extractors are basically case-specific
algorithms aimed at finding the best set of features for the
target task. Feature extractors, once designed, are typically
fixed—i.e., in the process of learning, they cannot be modified
automatically to work differently in response to new
conditions. To adjust their operation, the algorithm may have
to be redesigned and deployed anew.

Data processing in deep learning pipelines with modern deep
learning models based on neural network frameworks
[27,28], data processing tasks are usually implemented within
the machine learning framework and trained end-to-end (Fig.
6). Deep learning approaches employ neural networks that are
generally able to extract useful low-level information from
raw data without the need for prior knowledge or additional
processing.
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Information processing in deep learning pipelines roughly
mimics the information processing properties of the brains of
biological systems, where different semantic features are
extracted using a large and functionally diverse network of
complex neural structures. Several hierarchical layers of
artificial neural networks extract different types of features at
different semantic levels. In the case of computer vision, for

example, shallower layers extract useful information relating
to more basic, low-level visual concepts such as lines, object
contours and shapes. Deeper layers sequentially increase the
abstraction level of extracted information, mining higher and
semantically meaningful information such as composite
shapes and whole objects.
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Figure 5: Data Processing in traditional machine learning. All processing steps are implemented manually as standalone tasks

Unlike traditional machine learning pipelines where fixed
feature extractors are responsible for information processing,
in deep learning pipelines, during training, the synaptic
elements that extract useful features use tunable parameters
to adjust their operation on the fly based on feedback on the
performance of the network on the target task. Thus, in the
learning process the model automatically adjusts its way of
feature extraction and low-level data processing in response
to performance results. The need for additional data
processing in deep learning models.

The need for data preprocessing Despite the high degree of
automation of data processing in deep learning models, their
performance has been shown to be highly dependent on the
quality of training data [29—31]. However, in many practical

scenarios, the qualitative properties of raw data are not often
consistent with the requirements of the target application or
model [2,32]. Consequently, data preprocessing has become
an essential task in the deep learning application development
process. Preprocessing includes initial data preparation tasks
such as data normalization, cleaning (removal of outliers and
inconsistent data points), encoding of categorical values,
imputation of missing values and labeling.

The need for data augmentation In many bigdata applications,
the collected data may not be sufficient or representative
enough for the target task. In such situations, after initial
preprocessing, data augmentation is used to increase the
quantity and variability of the training data by generating new
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Figure 6: Data processing in deep learning: All processing tasks— preprocessing, data augmentation and feature engineering
functions— as well as model generation and training are realized as a unified process samples through manipulating the
existing data. This is the most popular approach to enhancing the generalization power of deep learning models. Data
augmentation has also been used to addressed problems such as bias [33], imbalanced data [34] and domain shift [35].

The need for feature engineering While machine learning

models constructed on the basis of deep neural architectures
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can automatically learn useful features [36], in some
application settings these methods still require explicit feature
processing to guarantee satisfactory performance. This is
particularly so for complex and data-scarce applications such
as fault diagnosis in machinery (e.g., in Ref. [37]), online
fraud detection (e.g., Ref. [38]), credit risk evaluation [39]
and some industrial applications [40]. Indeed, it has been
shown in Ref. [41] that employing dedicated feature
extractors in deep learning networks provides more useful
feature representations of the input data that results in
significant performance improvements. Also, for big data
applications, datasets are generally very large, heterogeneous,
complex and noisy, leading to the need to handle very large
volumes of features, often with redundant and duplicated
samples. These intricacies may complicate the training
process and lead to undesirable outcomes that can be harmful
to performance [3, 42]. This problem can be mitigated by
feature engineering methods, which aim to find compact
feature representations for the data. Another common
shortcoming of features naturally learned in the usual process
of training deep neural networks is that they are typically not
interpretable. This can be a major limitation in mission-
critical application settings such as medical domains [43],
where the decisions of deep learning systems need to be
understood and validated by human experts. Feature
engineering is also useful for tasks where training data is
insufficient to adequately encode the desired information
[44].

Implementation of data processing functions in deep learning
pipelines Unlike in shallow learning where data processing is
performed offline as a standalone process, modern deep
learning favors an end to-end learning paradigm that aims at
realizing all functions in an integrated manner using a single
model. This means in deep learning, additional data
processing, when needed, is usually integrated into the
machine learning process and implemented as a unified
process (Fig. 6). The fact that this process is carried out online
means that no additional data samples are stored. This has the
advantage of increasing the volume and diversity of training
data without a corresponding increase in the amount of
storage requirements. Instead of applying explicitly-designed
transformation operations to create additional data, many new
works (e.g., Refs. [45-50]) have devised special neural
network architectures to learn the relevant transformations
directly from the training data. In this case, the data
processing tasks become an integral part of the overall
learning process.

General approaches to automating data processing and feature
engineering tasks Many different techniques are used to
automate data processing tasks. These techniques have
different strengths and limitations related to complexity,
flexibility and predictive performance. While the crudest
approaches to automating data processing tasks involve using
hand-crafted routines, more advanced methods [51-53]
utilize learned mechanisms to perform processing. The most
advanced methods, however, employ automated machine
learning (AutoML)techniques [12,54-56] to automate data
processing functions. These methods can perform all the
underlying data preprocessing tasks end-to-end without
delegating intermediate tasks to human developers. A typical
AutoMLpipeline for end-to-end data processing is shown in

Fig. 7. The first part of the pipeline is concerned with data
processing tasks. These include preprocessing, data
augmentation and feature engineering. The second part of the
AutoML pipeline performs functions such as model
construction, hyperparameter setting, algorithm selection and
result evaluation and validation. Additional functions such as
result visualization (e.g., in Refs. [57,58]) may also be
automated. In some cases (e.g., Ref. [59]), the automated
machine learning problem involves composing an optimum
model architecture to solve the machine learning task.
Approaches for automating model structure construction
belong to a class of automated machine learning methods
called neural architecture search or NAS [60]. We describe
the main features and functions of generic automated machine
learning systems in Section 7.
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