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Abstract

This paper introduces a novel end-to-end framework that efficiently inte-
grates data quality assessment with machine learning (ML) model operations
in real-time production environments. While existing approaches treat data
quality assessment and ML systems as isolated processes, our framework ad-
dresses the critical gap between theoretical methods and practical implemen-
tation by combining dynamic drift detection, adaptive data quality metrics,
and MLOps into a cohesive, lightweight system. The key innovation lies
in its operational efficiency, enabling real-time, quality-driven ML decision-
making with minimal computational overhead. We validate the framework
in a steel manufacturing company’s Electroslag Remelting (ESR) vacuum
pumping process, demonstrating a 12% improvement in model performance
(R? = 94%) and a fourfold reduction in prediction latency. By exploring
the impact of data quality acceptability thresholds, we provide actionable
insights into balancing data quality standards and predictive performance
in industrial applications. This framework represents a significant advance-
ment in MLOps, offering a robust solution for time-sensitive, data-driven
decision-making in dynamic industrial environments.
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1. Introduction

Artificial intelligence (AI) and machine learning (ML) are transforming
industries by enabling companies to derive insights from data, which is essen-
tial for informed decision-making. Several fields, such as healthcare, finance,
cybersecurity, and software reliability engineering, have embraced these tech-
nologies to drive innovation and efficiency [I]. These domains are character-
ized by dynamic environments where conditions continuously evolve. For
instance, in healthcare, during the COVID-19 pandemic, ML systems had
to adapt to shifting epidemiological trends and evolving treatment proto-
cols while handling complex interdependencies among health parameters [2].
Similarly, in software reliability engineering, ML models must continuously
adjust to changing system behaviors, usage patterns, and newly emerging
failure modes [3],[4]. This evolutionary nature of real-world applications high-
lights the importance of adaptive ML systems that can maintain performance
despite changing conditions.

Despite these advances, much of the literature has historically focused
on refining algorithms rather than on enhancing data quality [5]. However,
recent, studies demonstrate that data quality can have a more substantial
impact on ML performance than the choice of algorithm itself [6]. This in-
sight has sparked a paradigm shift from model-centric to data-centric Al [7],
emphasizing the optimization of processing methods and the training of ML
models on high-quality data—especially in industrial applications where mas-
sive volumes of data are processed rapidly [8]. In data-centric approaches,
one effective method for ensuring high data quality during system develop-
ment is the introduction of an acceptability threshold [9]. This threshold
defines a minimum standard that data must meet to be deemed suitable for
training ML models, thereby ensuring that only data surpassing these pre-
defined criteria are utilized [10]. To determine this threshold, data quality is
assessed using quantitative methods that evaluate various dimensions—such
as accuracy, completeness, consistency, and timeliness—and combine them
into a comprehensive data quality score [11, [12]. Each dimension focuses
on a specific aspect of data quality, providing a diversified evaluation that
supports robust decision-making across dynamic environments.

While high-quality data is crucial for accurate decision-making, the pro-
cess of monitoring and maintaining data quality imposes a significant bur-
den on ML systems, particularly in real-time environments [13]. This burden
arises from the continuous assessment and validation of incoming data against



predefined quality standards, which can strain system resources and compli-
cate management efforts [14]. Current approaches often involve computa-
tionally intensive processes that can introduce significant delays, potentially
rendering the ML predictions obsolete in time-sensitive applications. For
instance, Google’s TFX [15] employs batch-oriented data validation, which,
while thorough, is not optimized for real-time processing. Similarly, DaQL
[16] faces scalability issues in dynamic environments, as its rule-based quality
filters require extensive computational resources for large-scale data streams.
These limitations highlight the need for lightweight frameworks that mini-
mize latency, ensuring timely decision-making in applications where imme-
diate actions are necessary [17].

Machine Learning Operations (MLOps) has emerged as a key approach
to handling ML system operations in deployment environments [18]. MLOps
integrates DevOps and data engineering principles to optimize large-scale
deployment, monitoring, and management of ML models [19]. These pro-
cesses facilitate iterative development, enabling the continuous update and
improvement of ML models in response to changing data and conditions
[20]. To optimize the efficiency of deploying and managing ML systems, ad-
dressing the challenges associated with data quality assessment in production
contexts within MLOps systems is imperative. At the abstract level, as il-
lustrated in Fig. [Ia] data quality assessment has traditionally been treated
as a separate offline task due to the complexity overhead involved. However,
integrating data quality assessment directly into the system would streamline
this process. Ideally, as presented in Fig. [Ib] data quality assessment should
complement ML algorithms, with drift detection acting as a dynamic bridge
to ensure continuous adaptation to changing conditions. This integration is
essential for the success of Al systems in real-world applications [21]. The
resulting symbiotic relationship enables a self-evolving system that automat-
ically adjusts to data distribution shifts while maintaining quality standards,
leading to more effective and reliable task handling within industrial envi-
ronments.

Despite the recognized importance of data quality and the emergence of
MLOps practices, there remains a significant gap in the integration of adap-
tive, real-time data quality assessment within operational ML systems. Many
existing solutions either focus on offline data quality checks or implement sim-
plistic, rule-based quality filters that may not capture the nuanced aspects of
data quality required for complex ML applications [22]. Furthermore, the dy-
namic nature of industrial environments, where data distributions can shift
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Figure 1: Comparison of ML system architectures. (a) Traditional approach with offline
data quality assessment. (b) Proposed integrated approach with continuous data quality
monitoring and drift detection.

rapidly, poses additional challenges to maintaining model performance and
reliability over time.

This paper addresses these critical gaps by proposing a novel end-to-end
framework that integrates adaptive data quality assessment with MLOps
practices in real-time production systems. Using MLOps principles, such as
continuous integration and deployment (CI/CD) pipelines, which automate
the testing, integration, and deployment of machine learning models, the pro-
posed system incorporates an adaptive quantitative data quality assessment
into the ML model lifecycle. It also employs change detection mechanisms
to identify deviations in data distributions, automatically triggering the re-
training and deployment processes of the model. This approach ensures ML
models’ continuous robustness and adaptability to changing data conditions,
enhancing their performance and reliability in dynamic production environ-
ments. The framework is designed to be efficient and lightweight, prioritiz-
ing the minimization of computation overhead and enabling timely decision-
making in industries where time-sensitive decisions are essential. By enabling
adaptive and efficient ML systems capable of thriving in the face of evolv-
ing data landscapes and stringent operational requirements, this framework
represents a significant advancement in the field. The results of applying our
framework in real-world scenarios have shown enhanced performance with-
out a significant increase in overhead, confirming its effectiveness in practical
environments.

The rest of this paper is organized as follows: Section [2| provides gen-
eral background on the topics that form the foundation of this paper and



reviews the related work. Section [3| presents the proposed framework and its
constituent elements. Section [4| details the implementation and experimen-
tal results in the industrial use case. Section [}l summarizes the conclusions
drawn from the study.

2. Background and Related Work

The effectiveness of ML systems in real-world applications hinges mainly
on two critical factors: the quality of data used for model training and the
operational management of these models in production environments. This
section explores these foundational aspects and reviews the related work that
addresses the challenges and solutions in these areas.

2.1. Key Concepts

This study deals with two essential topics: data quality assessment and
MLOps. The integration between these topics guarantees the development
of robust ML systems that can function effectively in operational settings.

2.1.1. Data Quality Assessment

Data quality assessment is fundamental to ensure that the data used in
ML models are accurate, reliable, and fit for purpose. High-quality data plays
a crucial role in building robust and effective ML models, as their performance
and reliability depend directly on the quality of the data on which they are
trained. The process of data quality assessment involves evaluating several
critical attributes to determine the suitability of the data for analysis and
decision-making [23].

Two main methodologies are commonly used in data quality assessment,
quantitative and qualitative assessments [24]:

1. Quantitative assessment: These assessments involve using scales or
metrics to measure various aspects of data quality. Quantitative eval-
uations provide an in-depth understanding of data characteristics. By
quantifying data quality, we can objectively assess its fitness for anal-
ysis and decision-making. Quantitative assessments offer clarity and
consistency in industrial contexts, allowing us to track system progress
over time [25].

2. Qualitative Assessments: Qualitative assessments focus on data’s
inherent characteristics and subjective elements, often referred to as



data profiling [26]. Data profiling involves examining data to under-
stand its structure, patterns, and anomalies. While qualitative assess-
ments lack the precision of quantitative metrics, they provide valuable
insights into data behavior.

In this study, we focus on quantitative assessment for industrial pro-
cesses due to the need for objective, scalable, and standardized metrics
across diverse aspects in real-time decision-making. Industries rely on es-
tablished frameworks such as International Organization for Standardiza-
tion (ISO) 8000 for data quality management, Six Sigma’s Define-Measure-
Analyze-Improve-Control (DMAIC) methodology, and Total Data Quality
Management (TDQM), which provide structured evaluation methods using
predefined measurement scales [27]. This quantitative approach, based on
standardized measurements and numerical scales, enhances the consistency
in quality evaluation across different industrial processes. Additionally, it en-
ables precise comparison of quality metrics over time and across different sys-
tem components while facilitating automated decision-making through clear
numerical thresholds and benchmarks. These characteristics make quanti-
tative assessment particularly suitable for real-time industrial applications
where objective, repeatable measurements are crucial for operational effi-
ciency [2§].

To implement such quantitative assessment effectively, ensuring data qual-
ity requires a systematic evaluation across multiple dimensions. This com-
plex, multi-faceted process involves evaluating various data quality dimen-
sions to determine the reliability of collected data. Each dimension provides
insight into different aspects of the characteristics of the data [29]. The selec-
tion of data quality dimensions is dynamic and is often driven by the specific
objectives and requirements of the processed use case. Fig. [2| illustrates the
key steps in calculating a comprehensive data quality score for the collected
data, starting with identifying the data quality dimensions tailored to the
use case application [30]. Subsequently, individual data quality scores are
computed based on each dimension. Finally, a unified data quality score is
derived to represent the overall quality of the collected data.

2.1.2. Change Point Detection

Change point detection, or drift detection, is a statistical technique used
to identify points in time-series data where the underlying statistical prop-
erties shift significantly [31]. These changes can be abrupt or gradual, and
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Figure 2: Data quality scoring process across multiple data quality dimensions (DQ).

detecting them is vital for maintaining the robustness of ML systems’ perfor-
mance, especially in dynamic industrial environments. By identifying these
shifts, industries can adapt their models and processes to ensure continued
accuracy and reliability [32].

In the context of industrial applications, change point detection is crucial
for monitoring the processes that generate data. In manufacturing, for ex-
ample, sudden changes in sensor data could indicate equipment malfunctions
or deviations from standard operating conditions. Detecting these changes
promptly allows for rapid intervention, reducing downtime, and maintain-
ing production quality [33]. Furthermore, this continuous monitoring helps
identify real-time data-related issues, enabling timely corrective actions. For
example, if a data source starts generating anomalous readings due to sensor
failure or environmental changes, change point detection can trigger alerts
for further investigation and remediation [34].

Change point detection methods often involve assessing the divergence
between two distributions: one representing the reference and the other rep-
resenting the recent distribution, to verify if a change has occurred [35]. Im-
plementing change point detection involves segmenting the time series data,
computing divergence measures for these segments, and applying statistical
tests to identify significant shifts. Hypothesis testing is commonly used to
determine whether there is a significant difference between segments of the
time-series data. As shown in Fig. [3 divergence measures D; like Kullback-
Leibler (KL) Divergence and Jensen-Shannon (JS) Divergence quantify the
disparity between probability distributions P and @ at the timestamp ¢ [36]:

Dy =0(P [l Q). (1)
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Figure 3: Change point detection mechanism.

If D, > (, where ( is a pre-specified threshold, a change is detected, signifying
a significant shift in the underlying data distribution. Consequently, the
system should be updated to adapt to the prevailing conditions [37].

2.1.3. Machine Learning Operations (MLOps)

Machine Learning Operations (MLOps) is a set of practices that aim to
streamline and orchestrate the deployment, monitoring, and maintenance of
ML models in production [38]. MLOps integrates the development of the ML
system (Dev) with the operations of the ML system (Ops), ensuring that ML
models can be deployed reliably and maintained efficiently. The core prin-
ciples of MLOps include continuous integration and continuous deployment
(CI/CD) of ML models, continuous monitoring and logging, artifact version-
ing and reproducibility [39].

CI/CD pipelines automate the process of integrating changes and de-
ploying models to production environments, ensuring the rapid deployment
of new features, updates, and fixes. Continuous monitoring and logging
track the performance and health of ML models in production by capturing
metrics related to model predictions, data quality, and system performance,
which helps detect anomalies and diagnose issues [40]. Artifacts versioning is
necessary for managing different versions of system artifacts used for train-
ing and inference, ensuring scalability and traceability of ML experiments.
Reproducibility involves maintaining detailed records of data, code, model
parameters, and configurations, allowing others to replicate results and vali-
date findings.

In industrial settings, the adoption of MLOps becomes indispensable for



effectively managing real-time applications and systematically integrating
ML models into operational workflows. Specifically, MLOps allows for system
artifacts to be continuously improved through quick updates and retraining
to adapt to changing data and conditions. This adaptability is particularly
critical in dynamic industrial environments, where quick adjustments are
essential to maintain model accuracy and reliability [41]. Moreover, by fol-
lowing MLOps practices, ML models can be scaled and managed effectively,
providing a reliable system for handling the lifecycle of ML models in pro-
duction environments.

2.2. Related Work

The integration of data quality assessment with machine learning opera-
tions presents a significant challenge in production environments, particularly
when real-time performance is crucial. Traditionally, data quality assessment
and the development of high-quality ML models in operational settings have
been studied separately in the literature [42], often due to the high complex-
ity and added overhead in integrating these components. Recent advances
in MLOps practices have sparked interest in integrating data quality assess-
ment methodologies into ML model development pipelines [43]. Our analy-
sis of existing literature reveals three primary research streams: theoretical
frameworks for data quality assessment, practical MLOps implementations,
and attempts to bridge these domains.

In the theoretical domain, recent work has established foundational frame-
works for data quality assessment in ML contexts. According to a recent
survey by Singh [44], existing studies primarily focus on discussions and
recommendations about data quality frameworks in the context of MLOps,
lacking empirical experimentation and practical implementation. Seedat et
al. [45] introduced the DC-Check framework, which provides a comprehensive
checklist for data-centric considerations throughout the ML pipeline. While
this framework offers valuable guidelines, it lacks mechanisms for real-time
implementation and doesn’t address the computational overhead challenges
critical for production environments. Similarly, Jain et al. [46] presented
insights from IBM Researchr'_-] on data quality analysis for ML applications,
but their approach primarily focuses on offline analysis, leaving real-time
assessment challenges unaddressed.

Thttps:/ /research.ibm.com/



On the practical implementation front, several systems have attempted to
operationalize data quality assessment in ML pipelines. Google’s TFX data
validation system [I5] represents a significant advancement in production-
scale data validation, incorporating components for batch and inter-batch
validation. However, its architecture prioritizes thoroughness over real-time
processing speed, making it less suitable for time-sensitive industrial applica-
tions. The DaQL library [16] offers a more targeted approach for industrial
ML applications, but its evaluation revealed significant performance limi-
tations that restrict its applicability in real-time scenarios. Recent work
by Nain et al.[47] demonstrates how deep learning solutions for quality in-
spection can be effectively deployed on resource-constrained edge devices,
addressing the challenges of model retraining and storage optimization in In-
dustry 5.0 settings. Similarly, Nain et al. [48] propose mechanisms for han-
dling dynamic manufacturing environments through continual learning-based
model retraining at the edge. These works highlight the growing importance
of efficient ML.Ops practices in resource-limited industrial settings. However,
while these approaches effectively address model deployment and retraining
challenges, they lack comprehensive integration of data quality assessment
within their edge computing frameworks, particularly for optimizing ML in-
ference model performance.

A separate survey conducted a temporal mapping analysis of data quality
requirements within ML development pipelines [49], highlighting the signif-
icance of addressing these requirements in various stages of the ML data
pipeline. The work by Chen et al. [50] comes closest to addressing real-time
data quality challenges, proposing a transfer-learning approach to improve
data quality and identifying key quality attributes such as comprehensive-
ness, correctness, and variety. However, their solution focuses primarily on
offline learning scenarios and doesn’t address the specific challenges of con-
tinuous quality monitoring in production environments. This limitation is
particularly significant given the increasing importance of real-time decision-
making in industrial applications.

Our review of the literature reveals three critical gaps in current research:

1. Real-time Performance: Existing frameworks primarily focus on of-
fline or batch processing, failing to address the computational efficiency
required for real-time operations in production environments.

2. Integration Overhead: Current solutions either introduce significant
computational overhead or require substantial modifications to existing
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ML pipelines, making them impractical for production deployment.

3. Industrial Applicability: Most frameworks lack validation in indus-
trial settings where real-time performance and reliability are crucial,
such as manufacturing processes.

Our proposed framework addresses these limitations by introducing a
lightweight, real-time data quality assessment mechanism that integrates
seamlessly with existing ML operations. Unlike previous approaches that
treat data quality assessment as a separate process, our framework incor-
porates continuous quality monitoring without compromising system perfor-
mance. This innovation enables real-time decision-making while maintaining
high prediction accuracy, as demonstrated in our industrial case study of the
steel manufacturing ESR process.

3. Proposed Data Quality-Driven ML Framework

This section outlines the proposed framework designed to ensure that
decisions made by ML systems are driven by high data quality standards.
The framework integrates a data quality assessment method that supports
the training and maintenance of ML models, all within the context of MLOps
practices. This approach ensures efficiency of production and systematic
maintainability of the system. As shown in Fig. [l the framework consists of
two major phases: the Initialization Phase, where system artifacts are built,
and the Deployment Phase, where these artifacts are utilized to continuously
operate and adapt in the production environment. Each phase is supported
by metadata stores, which act as central repositories for configurations used
throughout the system’s lifecycle. Specifically, metadata stores can hold
information about the drift detection method, the configuration of the data
quality scoring module, and the training settings of the data quality ML
model.

3.1. System Artifacts Initialization Phase

In this phase, the warm-start process is initiated. Specifically, the main
task is to initialize and prepare the artifacts of the system necessary for the
deployment of the ML system. This encompasses a series of steps to establish
and develop the foundational elements required for the subsequent deploy-
ment and operations of the ML models within the framework. As illustrated
in Fig. [] three key elements form the basis of this development pipeline of the
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system artifacts: the drift detection mechanism setup, the data quality scor-
ing module and the development of the data quality-aware ML model. The
drift detection mechanism initiates the creation of meta-information crucial
for monitoring changes during production and calculating the relevant data
quality scores. Concurrently, the data quality scoring module assesses and
scores the incoming data across various quality dimensions. Data quality-
aware ML model development focuses on creating and training ML models
that inherently account for data quality scores. These artifacts will be pushed
and integrated into the production environment to operationalize the entire
ML system.

3.1.1. Drift Detection Setup

The drift detection setup is a critical component of the system initial-
ization phase, developed to monitor and detect changes in data distribu-
tion over time. Traditionally, drift detection occurs when the magnitude of
change exceeds predefined thresholds. However, within dynamic industrial
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environments, establishing an optimal threshold for detecting drift presents a
formidable challenge [51]. Industrial data streams inherently possess complex
and fluctuating statistical properties, making the conventional static thresh-
old approach unviable. Therefore, recent studies suggest adopting adaptive
thresholds that dynamically adjust to accommodate the evolving system dy-
namics and underlying processes [52].

To address the dynamic characteristic of industrial data in real time, we
utilize our previously developed method for drift detection [53]. Unlike tra-
ditional approaches that depend on fixed drift magnitude thresholds, our
method dynamically adjusts to changing conditions without needing prede-
fined thresholds. The schematic workflow of the adaptive approach within
the drift detection setup is illustrated in Fig. [l The process involves seg-
menting the dataset into data windows. The probability density functions
(PDF's) for these windows are then constructed, and the divergence between
these PDFs and a reference distribution is derived from the baseline data.
Afterward, we construct a distribution based on the calculated divergence
values, which evolves as more data windows are collected. In the production
phase, this distribution enables us to assess the extent to which the change
in the observed data window deviates from the normal change values.

13



3.1.2. Data Quality Scoring Module

The data quality scoring module assesses the quality of incoming data
across various data quality dimensions. As shown in Fig. [2] the module
evaluates the collected data window based on the pre-defined set of data
quality dimensions and assigns a unified score that reflects the overall data
quality. This score indicates the quality measure for the data window, which
is crucial for determining the suitability of the data for training the ML
models. We selected data quality dimensions that are especially relevant for
our industrial application. These dimensions are described below:

1. Accuracy: This dimension evaluates the extent to which recorded
data aligns with its intended real-world representation. The accuracy
score is determined by the percentage of anomalous data found in the
window, represented as Accuracy = NTAV, where N AV denotes the
total number of anomalous values and N is the window size.

2. Completeness: Evaluating the comprehensiveness of the data win-
dow, completeness analysis detects and quantifies missing values within
the data window. The completeness score is determined as Completeness =
W, where NNV represents the count of missing values (e.g., "NA”").

3. Consistency: This dimension evaluates whether observed values ad-
here to defined integrity constraints, ensuring that data values fall
within suitable ranges. The consistency score is calculated based on
the number of consistent values, given as Consistency = NTCV, where
NCV is the count of consistent values.

4. Timeliness: Describing the relevance of data for specific tasks, timeli-
ness assesses the currency of observed data achieved through a goodness-
of-fit test [54], such as a two-sample Kolmogorov-Smirnov test, which
compares current data with a reference distribution. The timeliness
score is computed using the Kolmogorov-Smirnov test statistic K.S =
mMax)<j<y |]5’1(ZZ) — Fg(Zi)|, where Z is the combined sample of two
independent random samples X and Y.

5. Skewness: This dimension explores the distribution deviation of the
data window from a reference distribution, employing the Jensen-Shannon
Divergence (JSD) value to quantify the dissimilarity between their dis-
tributions. JSD is calculated as JSD(P||Q) = H (P;Q) - H(P);FH(Q),
where H denotes Shannon’s entropy. JSD is preferred for its con-
strained behavior within the interval [0, 1] [55].
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Following the evaluation of these dimensions, the principal component anal-
ysis (PCA) technique is applied to combine the individual scores [56]. Subse-
quently, these combined scores are standardized to generate a comprehensive
unified score, providing a holistic measure of overall data quality.

Given the substantial computational resources necessary for calculating
these scores, particularly in real-world applications where data arrives in real-
time and large volumes, a cost-effective ML-based approach is commonly used
to manage this task [57]. This approach involves utilizing ML models trained
on annotated ground truth data to label incoming data based on its quality
attributes. Our previous research introduced the Data Quality Scoring Op-
erations (DQSOps) framework [58], a novel ML-based approach designed to
score data quality. The DQSOps framework is integrated into MLOps sys-
tems to streamline the data quality scoring process. To increase robustness,
the DQSOps framework also incorporates data mutation to induce synthetic
data quality-related issues, enabling the model to better generalize in the
presence of real-world data anomalies. The framework demonstrated superior
computational efficiency compared to traditional methods while maintaining
high levels of predictive accuracy. Furthermore, to further improve the ca-
pabilities of data quality scoring in dynamic environments, we developed
an adaptive data quality scoring method [59]. This approach dynamically
adjusts the data quality scores based on evolving data patterns and preva-
lent conditions, addressing the challenges posed by real-time, non-stationary
environments.

As shown in Fig. [5| the main outcomes of this module include two key
artifacts: the ML model responsible for scoring the incoming data windows
in production and the annotated data containing quality scores, which are
used to train the ML inference model. The ML model is implemented using
XGBoost, a choice validated through our previous work in data quality as-
sessment. XGBoost has demonstrated efficient data handling capabilities and
superior performance in industrial data streams, making it particularly suit-
able for real-time applications [58, 59]. The model is developed by training
on annotated ground truth data, which is prepared by evaluating data qual-
ity across various dimensions, as described earlier. Once the model achieves
a specified level of accuracy in quality score prediction, it is deployed for
production use.
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3.1.8. Data Quality-Aware ML Model Development

The data quality-aware ML model development process focuses on cre-
ating ML models that integrate data quality assessments into their training
processes. As depicted in Fig. [7] this phase directly incorporates data quality
scores to enhance the robustness and performance of the model. The process
begins with the preparation of training data, where the raw data is anno-
tated with quality scores generated by the data quality scoring module. The
data is then curated to retrieve a training dataset that maintains a required
quality standard. This step involves removing data whose quality score falls
below an acceptable threshold, ensuring that only high-quality data are used
for model training.

After preparing and curating the data, the next phase involves training
the ML models. These models use filtered data that have passed through the
data curation process. This approach promotes more accurate and reliable
predictions by mitigating the impact of low-quality data. Once the models
are trained, they undergo a validation process to assess their predictive per-
formance before being deployed into production. To ensure reproducibility
and traceability, a model registry systematically tracks and logs all activity
related to the model, storing different versions of the ML model parameters
and training settings.
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3.2. Deployment Phase

In the deployment phase, the system artifacts initialized during the ini-
tialization phase are used to continuously operate and evolve in the produc-
tion environment. The main components of this phase include continuous
integration (CI) for packaging, continuous deployment (CD) for serving, and
continuous monitoring of the system. As shown in Fig. the deployment
pipeline starts by ingesting the data window from the data source. Once the
data window is collected, it is fed into two main services: continuous moni-
toring and the ML model-serving service. Continuous monitoring checks for
any significant changes in the data to activate adaptation signals. Mean-
while, the ML model-serving service ensures that trained models are readily
available for real-time inference requests. This iterative process of monitoring
and adaptation is the cornerstone of our adaptive ML system, enabling it to
dynamically respond to evolving conditions in the production environment.
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3.2.1. Continuous Drift Monitoring

Continuous drift monitoring service involves real-time detection of shifts
in data distribution that could affect model performance. This service con-
tinuously ingests live production data and compares its statistical properties
with the reference artifacts produced in the initialization phase. As shown
in Fig. [§] alerts are triggered to prompt adaptation signals to update the
relevant artifacts when the drift detector identifies a significant change. This
adaptation process involves retraining ML models for inference and scoring.
Additionally, artifacts such as data quality scores and reference data dis-
tributions are updated to reflect current conditions and ensure the system
remains up-to-date with the prevalent conditions. Each update introduces
new versions, enabling traceability and facilitating analysis, maintenance,
and debugging efforts.

3.2.2. ML Models Serving

The ML models in this service are designed to facilitate the transition
from development to deployment, ensuring that trained models are readily
accessible for real-time prediction requests. Once deployed, these models
process the production data and make predictions or decisions using the lat-
est versions of the models. The framework encompasses two main types of
ML models: a data quality scoring model and an ML inference model. The
data quality scoring model, which operates as a regressor, assesses and scores
production data. The ML inference model makes predictions relevant to the
industrial task, supporting and optimizing industrial processes for appro-
priate actions. All predictions are stored in a central repository alongside
corresponding versions of the ML model artifacts. This centralized storage
allows for further analysis and performance validation of the models. All
predictions are generated in real time, facilitating optimal performance and
decision-making within the industrial context.

4. Implementation Details and Results

The proposed data quality-driven ML framework has been integrated into
a comprehensive Al system designed to improve decision-making processes in
industrial environments. To evaluate its effectiveness, the framework was im-
plemented in a real-world scenario: the Electroslag Remelting (ESR) vacuum
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pumping process in UddeholmP] a steel manufacturing company in Sweden.
This Al-driven application aims to ensure high-quality steel production by
monitoring and managing pressure levels. The steel manufacturing use case
was selected based on its inherent characteristics. The ESR process operates
under strict quality control and real-time operational constraints, making it
an ideal testbed for evaluating adaptive ML frameworks. Additionally, the
vacuum pumping process generates high-velocity sensor data prone to quality
variations, a common challenge in modern industrial systems. Furthermore,
the process requires continuous monitoring and adaptive control to ensure
high-quality steel production through precise pressure level management.

The framework is designed to be model-agnostic, enabling it to support
various data types and ML models across different domains. It is initially in-
tended for deployment on machines that share similar characteristics, where a
warm-up phase establishes machine-specific reference distributions and qual-
ity profiles. However, the model is also capable of generalizing across ma-
chines through parameter reinitialization, reducing the need for complete re-
training. With appropriate domain-specific adjustments, the framework can
be adapted to other industrial sectors that exhibit similar real-time monitor-
ing and control requirements. These sectors commonly face challenges such
as high-frequency data generation, stringent quality constraints, and the need
for rapid decision-making. To validate the framework’s effectiveness in ad-
dressing these common industrial challenges, we evaluated its performance
based on drift detection capabilities, the impact of data quality acceptability
thresholds on prediction accuracy, and real-time processing latency.

In our experiments, the baseline setup corresponds to the standard ap-
proach, which does not employ any adaptation mechanism, neither active nor
passive drift detection, and relies solely on static model inference. Addition-
ally, this baseline, used to assess the efficiency of data quality incorporation,
which does not include any real-time data quality evaluation or adaptive re-
training, making it a representative benchmark of traditional, non-adaptive
industrial ML deployments. Improvements in predictive performance were
computed relative to this baseline, using consistent evaluation settings and
equivalent train-test splits across all experiments. Latency was measured
from data ingestion to prediction delivery, capturing the full system pipeline
under both baseline and adaptive configurations.

2https://www.uddeholm.com/en/
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4.1. Industrial Application and Fxperiments

Implementing the framework within the ESR vacuum pumping process
involved several key steps. The system collects and analyzes pressure data
from sensors within the furnace vacuum chamber. Each vacuum pumping
cycle, lasting up to 20 minutes, records pressure readings every 100 millisec-
onds. These readings are transmitted in real time using the Apache Kafka
platformE], ensuring continuous monitoring and analysis. Each input sample
is a matrix of size 1200 x f, where f is the number of historical pump cycles
collected, and 1200 corresponds to two minutes of 100ms-interval readings.
The model output is a single scalar value predicting the minimum pressure
expected by the end of the cycle. The training data includes both high- and
low-quality data samples as part of the data quality scoring methodology, as
explained in Section [3.1.2] to ensure the model remains robust when exposed
to low-quality input during inference.

Ground truth labels for training are derived from collecting the minimum
pressure values per pump event, making this a supervised regression task.
The framework monitors vacuum pump operations as part of the decision-
making process. If irregularities are detected, such as poor pump operation,
the system triggers alarms to alert the maintenance team. This proactive
approach enables timely interventions, such as stopping the pump, to pre-
vent inefficiencies and additional costs. The primary objective is to gradually
lower the pressure values throughout the pump cycles until the desired min-
imum pressure is reached within the specified time period.

The ML system predicts the minimum pressure based on the first two
minutes of recording each pump event to achieve this optimization. This
allows us to stop improper events early, saving time and resources. The
XGBoost model, with the standard Mean Squared Error (MSE) as the loss
function, was used as the ML algorithm due to its efficiency and speed in
industrial applications [60]. While the framework maintains model-agnostic
flexibility, XGBoost was particularly compelling due to its proven efficacy
in industrial contexts. Compared to alternative algorithms like Random
Forests or neural networks, XGBoost demonstrates superior computational
efficiency—a critical attribute for real-time inference in latency-sensitive en-
vironments. Its ability to generate interpretable feature importance scores
provides engineers with valuable insights into model decision-making, which

3https:/ /kafka.apache.org/
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Figure 9: Data quality ratios and data sample sizes.

is paramount in safety-critical applications [61].

Although deep learning models such as Long Short-Term Memory (LSTM)
networks could potentially capture more nuanced temporal dependencies,
they often require substantial computational resources and large training
datasets. In contrast, XGBoost offers a more pragmatic solution for scenar-
ios constrained by limited training samples and computational limitations,
making it an ideal choice for precise and efficient predictive modeling in in-
dustrial settings [62].

4.2. Data Quality Thresholds and Parameter Selection

To assess the impact of data quality on model performance, we evaluated
the model using different data quality acceptability thresholds. These thresh-
olds represent precomputed data quality scores normalized between 0 and 100
that are used to filter data to train the ML inference model. We specifically
test ratios of 0, 25%, 50%, 75%, and 90% to explore how data quality affects
the accuracy of the model as measured by this score. Figure [9] illustrates
the distribution of data quality ratios and sample sizes. A threshold of 0%
implies that the data is not filtered based on quality scores, which results
in the use of all available data for training. In contrast, higher thresholds
reduce the data included in the training, with 90% filtering approximately
47% of the full dataset.

To verify the efficiency of the adaptation method, we compare the system
performance by integrating both passive and active drift detectors [63]. For
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passive drift detection, which updates system artifacts based on predefined
window sizes, we selected window sizes (w = 50, 100, 200) through extensive
empirical tuning on production-derived validation data. Smaller windows en-
able quicker adaptation at the risk of noise sensitivity, while larger windows
provide greater stability. For active drift detection, which continuously eval-
uates incoming data and triggers immediate adaptations when distributional
changes are detected (as explained in Section , we carefully calibrated
threshold values (7 = 0.04, 0.06, 0.08). This range allows us to examine
various adaptation sensitivities—lower 7 values (0.04) produce more conser-
vative adaptation behavior, while higher values (0.08) offer more responsive
reactions to changes, as discussed in Section Additionally, we included
the standard data quality scoring method, which is not ML-based but scores
the data manually according to the specified data quality dimensions.

4.3. Predictive Performance

Through thorough experimentation in different scenarios, we evaluated
the predictive capabilities of our data quality-driven ML framework. Specifi-
cally, predictive performance was measured using Mean Absolute Error (MAE)
and R? values across different data quality acceptability thresholds. The
evaluation process involved applying the framework to varying levels of data
quality to understand its impact on model accuracy and reliability. We set
various data quality acceptability thresholds to find the best balance between
data inclusion and improving model performance.

As illustrated in Figures and [I0b] the ML model performance varied
with the data quality used for training. Specifically, we observed a decrease
in error rates as we improved the data quality of the training set to some
extent. However, as more data points were filtered out, the error rates in-
creased, indicating a loss of important information necessary for training.
Our experiments revealed that moderate levels of data quality filtering, par-
ticularly the 25% acceptability threshold, produced optimal predictive per-
formance. This threshold effectively filtered out the most problematic data
points without excessively reducing the dataset size. However, beyond this
threshold, as the data quality acceptability threshold increased, the perfor-
mance began to decline significantly, especially when filtering reached 90%,
revealing a trade-off between data quality and model accuracy.

Moreover, we found that more adaptations resulted in better predictive
performance for both active and passive approaches, as summarized in Fig-

ures and [L1B] Specifically, for the 25% acceptability threshold, T = 0.08
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for the active approach with MAE values below 0.51 and R? values around 94,
respectively. Meanwhile, w = 50 for the passive approach achieved superior
performance with an MAE below 0.58 and R? around 92. Furthermore, while
generally effective, the standard approach showed slightly higher MAE val-
ues above 0.58 and R? values around 93, indicating that the active approach
outperformed it in terms of predictive accuracy.
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Figure 11: Model performance under varying data quality acceptability thresholds. (a)
MAE. (b) R2.

Figure 12| shows the temporal evolution of model performance under the
50% data quality acceptability threshold for different adaptation strategies,
with Figure presenting MAE and Figure presenting R?. The active
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adaptation strategy (7 = 0.08) demonstrates consistently smoother conver-
gence, with performance metrics stabilizing earlier compared to passive ap-
proaches. Both window sizes (w = 50,200) of the passive method exhibit
more pronounced fluctuations, particularly during periods of concept drift,
revealing their inherent latency in responding to distributional changes. The
50% threshold appears to strike an effective balance - maintaining sufficient
training data volume while filtering critical quality issues, as evidenced by the
active method’s sustained R? > 0.92 after the initial adaptation phase. This
longitudinal view complements our point-in-time metrics by revealing how
adaptation strategies behave differently under sustained operational condi-
tions.

4.4. Prediction Latency

The prediction latency of our proposed data quality-driven ML framework
is a critical factor, particularly in industrial applications requiring real-time
decision-making. In this context, latency refers to the time elapsed from
data ingestion to the availability of actionable predictions. The design of
our framework prioritizes minimizing latency to ensure effective operation in
high-stakes environments, such as our industrial use case. To assess latency,
we measured the end-to-end processing time required for the entire data
pipeline, encompassing data ingestion, quality scoring, model inference, and
prediction delivery.

Table [If compares the cumulative prediction latency, measured in seconds,
for different methods of our data quality-driven ML framework across vary-
ing acceptability thresholds and adaptation settings. The standard method,
which does not employ drift detection, shows high latency values starting
at 801.83 seconds, decreasing to 521.97 seconds at the highest threshold.
In comparison, the active methods demonstrate significantly lower latencies
with varying computational impacts across configurations. With 7 = 0.04,
the system maintains relatively low overhead, showing latencies between
147.31s to 88.53s across thresholds, while achieving effective drift detection.
Increasing the adaptation sensitivity to 7 = 0.08 leads to higher computa-
tional costs, with latencies ranging from 193.33s to 105.50s, representing ap-
proximately a 31% increase in base processing time. This increase correlates
with the number of adaptations performed - 9 adaptations for 7 = 0.04 versus
20 for 7 = 0.08. However, despite the higher computational cost, 7 = 0.08
achieves superior predictive performance with MAE values below 0.51 and
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Figure 12: Performance comparison of MAE and R? over time for various adaptation
strategies at the 50% data acceptability threshold.

25



R? values around 94%, suggesting that the additional computational invest-
ment yields tangible improvements in model accuracy. The passive method
exhibits intermediate performance, with a window size of w = 50 showing
latency ranges from 286.23 to 137.75 seconds. Across all methods—standard,
active, and passive-latency consistently decreases with increasing accept-
ability thresholds, attributable to the reduced amount of data processed as
the threshold increases, allowing the framework to deliver predictions more
quickly.

In addition to the cumulative latency analysis, monitoring the prediction
latency trend as the system processes data over time is crucial. Figure
illustrates the progression of cumulative elapsed time for each method as
more data flows through the system, offering insights into the efficiency of
each approach. Taking the scenario in which the entire dataset is utilized
with an acceptability threshold of 0, we observe a significant variation in the
rate at which latency accumulates across the different methods. The stan-
dard method exhibits a rapid and nearly linear increase in latency, resulting
in a maximum latency of 801.83 seconds. This sharp escalation highlights
the inefficiency of the standard method, especially as data volume increases,
making it unsuitable for contexts that require prompt predictions. In con-
trast, the active methods demonstrate a more conservative and controlled
latency increase. Specifically, the active method maintains a steady, grad-
ual increase in cumulative elapsed time. This trend shows the efficiency in
managing larger datasets without experiencing a substantial latency spike,
ensuring that prediction delivery remains timely. The passive methods are
less conservative in their latency progression and tend to scale more no-
ticeably with data growth. Although still more efficient than the standard
method, passive methods exhibit a latency trend that more closely follows
the increase in data volume, making them less efficient than active methods
in real-time scenarios where minimizing latency is critical.

4.5. Data Quality and Predictive Models Performance Correlation

To explore the relationship between the performance of data quality and
inference ML models, we performed a correlation analysis of the MAE and R2
performance metrics. Figure|14|displays heatmaps that illustrate these corre-
lations across various acceptability thresholds and adaptation methods. The
heatmaps reveal a generally positive correlation between data quality scores
and both MAE, in Figure[I4a] and R2 metrics, in Figure[I4D], across all meth-
ods and thresholds. This strong positive relationship indicates that higher
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Table 1: Comparison of prediction latency (in seconds) for different data quality assessment
methods with varying acceptability thresholds.

‘ Number of ‘

Acceptability Thresholds

Method

| adaptations | 0 25 50 75 90
Standard - 801.83 789.55 780.73 769.25 521.97
Active, 7 = 0.04 9 147.31 139.84 132.27 12512 88.53
Active, 7 = 0.06 14 165.04 154.73 144.51 134.28 94.79
Active, 7 = 0.08 20 193.33 178.07 163.75 159.50 105.50
Passive, w = 50 30 286.23 262.00 239.25 217.79 137.75
Passive, w = 100 14 136.68 116.75 117.05 107.35 78.52
Passive, w = 200 7 81.23 76.68 73.80 70.92 52.03

data quality generally corresponds to better model performance, thus vali-
dating the effectiveness of our data quality-driven approach. Furthermore,
the strength of this correlation varies across different acceptability thresh-
olds, with most methods showing a peak correlation at the 50% threshold.
This suggests that this mid-range threshold might represent our framework’s
optimal balance point for data quality assessment.

Active drift detection methods, particularly with 7 = 0.08, show the
strongest correlations (0.82 for MAE, 0.76 for R2) at the 50% threshold.
Passive methods with smaller window sizes (w = 50, 100) perform compara-
bly, while the larger window size (w = 200) shows unique behavior with the
highest correlation at the 90% threshold for MAE. R2 correlations are gener-
ally higher than the MAE correlations, indicating that data quality may have
a stronger influence on overall model fit than on absolute prediction errors.
Active and passive methods show decreased correlations at extreme thresh-
olds (0% and 90%), suggesting that moderate quality criteria yield optimal
results. These findings highlight the effectiveness of our adaptive methods in
aligning data quality with model performance. The analysis provides crucial
insights for tuning our data quality-driven ML framework, helping to opti-
mize the balance between quality standards and predictive performance in
industrial applications.

4.6. Fundamental Findings and Lessons Learned

The integration of our data quality-driven ML framework within the ESR
vacuum pumping process has provided several key insights and lessons that
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Figure 13: Prediction latency values across various data quality acceptability thresholds.

can guide future implementations in industrial environments:

1. Optimal Data Quality Threshold: A moderate data quality ac-
ceptability threshold produced the best predictive performance. This
finding suggests that while filtering out low-quality data is beneficial,
being too stringent can lead to a loss of valuable information.

2. Trade-offs Between Latency and Accuracy: The results indicate
a clear trade-off between reducing latency and maintaining accuracy.
While higher data quality thresholds reduce latency due to smaller
datasets, they also risk dropping model accuracy. Active methods with
adaptive thresholds demonstrated the best balance, offering reduced
latency without significant sacrifices in predictive performance.

3. Correlation Between Data Quality and Model Performance: A
strong correlation generally exists between the quality of data and the
performance of ML models. Higher data quality tends to correlate with
better predictive metrics, such as lower error rates and higher model
fit. This relationship proves the importance of integrating data quality
assessments throughout the ML pipeline.

4. Model-Agnostic Framework Design: Designing frameworks that
are model-agnostic enhances flexibility and scalability, allowing for the
integration of different ML models based on specific application needs.
This adaptability is particularly valuable in industrial settings where
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acceptability thresholds. (a) MAE. (b) R2.

requirements may vary depending on the use case or operational con-
straints.

Scalability Considerations: The latency analysis revealed that ac-
tive methods scale more efficiently with increasing data volume com-
pared to passive and standard methods. This makes active methods
particularly suitable for large-scale, real-time industrial applications.

4.7. Limitations

While the proposed framework demonstrates strong performance in the

evaluated industrial use case, certain limitations highlight opportunities for
future exploration:

1. Extreme Data Variability: The adaptive drift detection mechanism

may require additional adaptation triggers, leading to increased com-
putational overhead. The added complexity in detecting subtle distri-
bution shifts could increase processing demands and potentially affect
real-time performance.

Sparse Datasets: The data quality (DQ) ratio methodology may ex-
hibit different behaviors when applied to datasets with sparse data.
Since data quality is calculated through ratios, the DQ scores may re-
quire refinement for more accurate assessment in low-volume scenarios.
Generalizability Across Data Types: The current implementation
is focused on structured, time-series data. Extending the framework
to handle unstructured or heterogeneous data sources would enhance
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its applicability, particularly in complex industrial environments that
involve diverse data formats.

4. Storage Efficiency and Version Management: Although the frame-
work follows best practices for minimizing storage overhead—such as
compressing logs, limiting metadata, and managing multiple versions
of ML models and associated data quality scores remains resource-
intensive. In long-running or high-frequency production environments,
the cumulative storage demand can grow significantly. Future work
will focus on further optimizing storage and versioning strategies to
improve long-term scalability without compromising traceability and
auditability.

5. Conclusion

This study presents a novel data quality-driven ML framework that ef-
ficiently integrates data quality assessment with ML model operations in
real-time production environments. The framework implementation in the
ESR vacuum pumping process demonstrated its ability to enhance decision-
making processes in industrial settings while maintaining efficiency. The
adaptive approach of the framework, particularly the active drift detection
method, showed superior performance in terms of predictive accuracy and
latency compared to standard methods. Furthermore, the system demon-
strated significant reductions in prediction latency compared to standard
methods, especially when using active drift detection approaches. This im-
provement in latency is crucial for real-time industrial applications where
quick decision-making is essential. Additionally, a strong positive corre-
lation between data quality scoring and ML inference model performance
metrics (MAE and R2) was observed, validating the effectiveness of the
data quality-driven approach, validating the framework’s effectiveness and
highlighting the importance of high data quality standards in ML systems.
The framework’s ability to dynamically adapt to changing data distributions
ensures consistent model performance in non-stationary industrial environ-
ments. This adaptability is particularly valuable in industrial settings where
conditions can change rapidly and unexpectedly. These outcomes empha-
size the significance of integrating data quality assessment within MLOps
practices to improve the robustness and reliability of ML systems in indus-
trial applications. Future work could focus on several important areas to
further expand the framework. Exploring the capability of the framework
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to accommodate a wider range of data types and industrial processes would
demonstrate its flexibility and applicability to various contexts. Furthermore,
integrating new real-time monitoring tools and feedback mechanisms could
also offer more granular insights into system performance, enabling contin-
uous improvement and responsiveness. Addressing these areas will ensure
that the framework remains robust and effective as industrial environments
and data complexities evolve.

Acknowledgment

This work has been funded by the Knowledge Foundation of Sweden
(KKS) through the Synergy Project AIDA - A Holistic Al-driven Networking
and Processing Framework for Industrial IoT (Rek:20200067).

Data and Code Availability

The experimental data used in this study were obtained from an industrial
partner and are subject to confidentiality agreements. As a result, the data
cannot be shared publicly. However, the code can be shared upon reasonable
request.

References

[1] N. Kuhar, P. Kumria, S. Rani, Overview of applications of arti-
ficial intelligence (Al) in diverse fields, in: Application of Artifi-
cial Intelligence in Wastewater Treatment, Springer, 2024, pp. 41-83.
doi:10.1007/978-3-031-69433-2_2.

[2] V.B. Chitla, P. Lakshminarasimhan, M. M. Kumar, B. Prashanth, Mul-
tivariate analysis and detection of concept drift in longitudinal COVID-
19 data: Implications for adaptive healthcare strategies, in: 2024
Second International Conference on Networks, Multimedia and Infor-
mation Technology (NMITCON), IEEE, 2024, pp. 1-11. doi:10.1109/
nmitcon62075.2024.10699076.

[3] U. Samal, A. Kumar, A neural network approach for software reliabil-
ity prediction, International Journal of Reliability, Quality and Safety
Engineering (2024) 2450009. doi:10.1142/s0218539324500098.

31


http://dx.doi.org/10.1007/978-3-031-69433-2_2
http://dx.doi.org/10.1109/nmitcon62075.2024.10699076
http://dx.doi.org/10.1109/nmitcon62075.2024.10699076
http://dx.doi.org/10.1142/s0218539324500098

[4]

U. Samal, A. Kumar, Enhancing software reliability forecasting through
a hybrid ARIMA-ANN model, Arabian Journal for Science and Engi-
neering 49 (2024) 7571-7584. doi:10.1007/s13369-023-08486-1.

S. E. Whang, Y. Roh, H. Song, J.-G. Lee, Data collection and quality
challenges in deep learning: A data-centric Al perspective, The VLDB
Journal 32 (2023) 791-813. doi:10.1007/s00778-022-00775-9.

L. Moran-Fernandez, V. Bélon-Canedo, A. Alonso-Betanzos, How im-
portant is data quality? Best classifiers vs best features, Neurocomput-
ing 470 (2022) 365-375. doii10.1016/j.neucom.2021.05.107.

O. H. Hamid, From model-centric to data-centric Al: A paradigm shift or
rather a complementary approach?, in: 2022 8th International Confer-
ence on Information Technology Trends (ITT), IEEE, 2022, pp. 196-199.
do0i:10.1109/itt56123.2022.9863935.

R. Rosati, L. Romeo, G. Cecchini, F. Tonetto, P. Viti, A. Mancini,
E. Frontoni, From knowledge-based to big data analytic model: A novel
iot and machine learning based decision support system for predictive
maintenance in industry 4.0, Journal of Intelligent Manufacturing 34
(2023) 107-121. doi:10.1007/s10845-022-01960-x.

D. Loshin, The practitioner’s guide to data quality improvement, Else-
vier, Amsterdam, Netherlands, 2010. doi:10.1016/c2009-0-17212-4.

C. Batini, C. Cappiello, C. Francalanci, A. Maurino, Methodologies
for data quality assessment and improvement, ACM computing surveys
(CSUR) 41 (2009) 1-52. doi{10.1145/1541880.1541883.

F. Sidi, P. H. S. Panahy, L. S. Affendey, M. A. Jabar, H. Ibrahim,
A. Mustapha, Data quality: A survey of data quality dimensions, in:
2012 International Conference on Information Retrieval & Knowledge
Management, [EEE, 2012, pp. 300-304. doi:10.1109/infrkm.2012.
6204995

F. Ridzuan, W. M. N. W. Zainon, A review on data quality dimensions
for big data, Procedia Computer Science 234 (2024) 341-348. doi:10.
1016/j.procs.2024.03.008.

32


http://dx.doi.org/10.1007/s13369-023-08486-1
http://dx.doi.org/10.1007/s00778-022-00775-9
http://dx.doi.org/10.1016/j.neucom.2021.05.107
http://dx.doi.org/10.1109/itt56123.2022.9863935
http://dx.doi.org/10.1007/s10845-022-01960-x
http://dx.doi.org/10.1016/c2009-0-17212-4
http://dx.doi.org/10.1145/1541880.1541883
http://dx.doi.org/10.1109/infrkm.2012.6204995
http://dx.doi.org/10.1109/infrkm.2012.6204995
http://dx.doi.org/10.1016/j.procs.2024.03.008
http://dx.doi.org/10.1016/j.procs.2024.03.008

[13]

[14]

[18]

[19]

[20]

[21]

D. McGilvray, Executing data quality projects: Ten steps to quality
data and trusted information (TM), Academic Press, Cambridge, MA,
2021. doii10.1016/c2017-0-02932-4.

U. Jayasankar, V. Thirumal, D. Ponnurangam, A survey on data
compression techniques: From the perspective of data quality, coding
schemes, data type and applications, Journal of King Saud University-
Computer and Information Sciences 33 (2021) 119-140. doi:10.1016/j .
jksuci.2018.05.006|

N. Polyzotis, M. Zinkevich, S. Roy, E. Breck, S. Whang, Data validation
for machine learning, Proceedings of machine learning and systems 1
(2019) 334-347.

L. Ehrlinger, V. Haunschmid, D. Palazzini, C. Lettner, A DaQL to mon-
itor data quality in machine learning applications, in: Database and Ex-
pert Systems Applications: 30th International Conference, DEXA 2019,
Linz, Austria, August 26-29, 2019, Proceedings, Part I 30, Springer,
2019, pp. 227-237. doi{10.1007/978-3-030-27615-7_17.

M. Mazumder, C. Banbury, X. Yao, B. Karlas, W. Gaviria Rojas, S. Di-
amos, G. Diamos, L. He, A. Parrish, H. R. Kirk, et al., DataPerf:
Benchmarks for data-centric ai development, Advances in Neural Infor-
mation Processing Systems 36 (2024). doi;10.5555/3666122.3666357.

D. Kreuzberger, N. Kiihl, S. Hirschl, Machine learning operations
(MLOps): Overview, definition, and architecture, IEEE access (2023).
doi:10.1109/ACCESS.2023.3262138.

M. Testi, M. Ballabio, E. Frontoni, G. Iannello, S. Moccia, P. Soda,
G. Vessio, MLOps: A taxonomy and a methodology, IEEE Access 10
(2022) 63606-63618. doi:10.1109/ACCESS.2022.3181730.

D. A. Tamburri, Sustainable MLOps: Trends and challenges, in: 2020
22nd international symposium on symbolic and numeric algorithms for
scientific computing (SYNASC), IEEE, 2020, pp. 17-23. doi:10.1109/
synascb1798.2020.00015.

J. Jakubik, M. Vossing, N. Kiihl, J. Walk, G. Satzger, Data-centric ar-
tificial intelligence, Business & Information Systems Engineering (2024)
1-9. doii10.1007/s12599-024-00857-8.

33


http://dx.doi.org/10.1016/c2017-0-02932-4
http://dx.doi.org/10.1016/j.jksuci.2018.05.006
http://dx.doi.org/10.1016/j.jksuci.2018.05.006
http://dx.doi.org/10.1007/978-3-030-27615-7_17
http://dx.doi.org/10.5555/3666122.3666357
http://dx.doi.org/10.1109/ACCESS.2023.3262138
http://dx.doi.org/10.1109/ACCESS.2022.3181730
http://dx.doi.org/10.1109/synasc51798.2020.00015
http://dx.doi.org/10.1109/synasc51798.2020.00015
http://dx.doi.org/10.1007/s12599-024-00857-8

22]

23]

[24]

[25]

S. Juddoo, Overview of data quality challenges in the context of big
data, in: 2015 International Conference on Computing, Communication
and Security (ICCCS), IEEE, 2015, pp. 1-9. doi:10.1109/cccs.2015.
7374131

S. Watts, G. Shankaranarayanan, A. Even, Data quality assessment in
context: A cognitive perspective, Decision support systems 48 (2009)
202-211. doi:10.1016/j.dss.2009.07.012.

A. Zaveri, A. Rula, A. Maurino, R. Pietrobon, J. Lehmann, S. Auer,
Quality assessment for linked data: A survey, Semantic Web 7 (2016)
63-93. doi:10.1007/978-3-030-96140-4_5.

L. Cai, Y. Zhu, The challenges of data quality and data quality as-
sessment in the big data era, Data science journal 14 (2015) 2-2.
doii10.5334/dsj-2015-002.

L. Liu, M. T. Ozsu, Encyclopedia of database systems, vol-
ume 6, Springer, New York, NY, USA, 2009. doi:10.1007/
978-0-387-39940-09.

J. R. Talburt, Y. Zhou, Entity information life cycle for big data: Mas-
ter data management and information integration, Morgan Kaufmann,
2015. doij10.1016/c2013-0-18748-x.

L. Bertossi, F. Geerts, Data quality and explainable AI, Journal of Data
and Information Quality (JDIQ) 12 (2020) 1-9. doi:10.1145/3386687.

L. Pipino, R. Wang, D. Kopcso, W. Rybolt, Developing measurement
scales for data-quality dimensions, in: Information quality, Routledge,
England, UK, 2014, pp. 37-51. doi{10.4324/9781315703480.

I. Taleb, H. T. El Kassabi, M. A. Serhani, R. Dssouli, C. Bouhaddioui,
Big data quality: A quality dimensions evaluation, in: 2016 Intl IEEE
Conferences on Ubiquitous Intelligence & Computing, Advanced and
Trusted Computing, Scalable Computing and Communications, Cloud
and Big Data Computing, Internet of People, and Smart World Congress
(UIC/ATC/ScalCom/CBDCom/IoP/SmartWorld), IEEE, 2016, pp.
759-765.  doii10.1109/uic-atc-scalcom-cbdcom-iop-smartworld.
2016.0122.

34


http://dx.doi.org/10.1109/cccs.2015.7374131
http://dx.doi.org/10.1109/cccs.2015.7374131
http://dx.doi.org/10.1016/j.dss.2009.07.012
http://dx.doi.org/10.1007/978-3-030-96140-4_5
http://dx.doi.org/10.5334/dsj-2015-002
http://dx.doi.org/10.1007/978-0-387-39940-9
http://dx.doi.org/10.1007/978-0-387-39940-9
http://dx.doi.org/10.1016/c2013-0-18748-x
http://dx.doi.org/10.1145/3386687
http://dx.doi.org/10.4324/9781315703480
http://dx.doi.org/10.1109/uic-atc-scalcom-cbdcom-iop-smartworld.2016.0122
http://dx.doi.org/10.1109/uic-atc-scalcom-cbdcom-iop-smartworld.2016.0122

[31]

[32]

[33]

[34]

S. Aminikhanghahi, D. J. Cook, A survey of methods for time series
change point detection, Knowledge and information systems 51 (2017)
339-367. doij10.1007/s10115-016-0987-z.

C. Truong, L. Oudre, N. Vayatis, Selective review of offline change point
detection methods, Signal Processing 167 (2020) 107299. doi:10.1016/
Jj.sigpro.2019.107299.

K. Choi, J. Yi, C. Park, S. Yoon, Deep learning for anomaly detection
in time-series data: Review, analysis, and guidelines, IEEE access 9
(2021) 120043-120065. doi:10.1109/access.2021.3107975.

F. Ahmadzadeh, Change point detection with multivariate control
charts by artificial neural network, The International Journal of Ad-
vanced Manufacturing Technology 97 (2018) 3179-3190. doi:10.1007/
s00170-009-2193-6.

A. Tartakovsky, I. Nikiforov, M. Basseville, Sequential analysis: Hy-
pothesis testing and changepoint detection, CRC press, Florida, USA,
2014. doif10.1201/b17279.

S. Liu, M. Yamada, N. Collier, M. Sugiyama, Change-point detection in
time-series data by relative density-ratio estimation, Neural Networks
43 (2013) 72-83. do0ii10.1016/j .neunet.2013.01.012.

J. Lu, A. Liu, F. Dong, F. Gu, J. Gama, G. Zhang, Learning under
concept drift: A review, IEEE transactions on knowledge and data
engineering 31 (2018) 2346-2363. doi:10.1109/tkde.2018.2876857.

M. M. John, H. H. Olsson, J. Bosch, Towards MLOps: A framework
and maturity model, in: 2021 47th Euromicro Conference on Software
Engineering and Advanced Applications (SEAA), IEEE, 2021, pp. 1-8.
d0i:10.1109/cain66642.2025.00018.

G. Symeonidis, E. Nerantzis, A. Kazakis, G. A. Papakostas, MLOps-
definitions, tools and challenges, in: 2022 IEEE 12th Annual Computing
and Communication Workshop and Conference (CCWC), IEEE, 2022,
pp- 0453-0460. doii10.1109/ccwcb4503.2022.9720902.

35


http://dx.doi.org/10.1007/s10115-016-0987-z
http://dx.doi.org/10.1016/j.sigpro.2019.107299
http://dx.doi.org/10.1016/j.sigpro.2019.107299
http://dx.doi.org/10.1109/access.2021.3107975
http://dx.doi.org/10.1007/s00170-009-2193-6
http://dx.doi.org/10.1007/s00170-009-2193-6
http://dx.doi.org/10.1201/b17279
http://dx.doi.org/10.1016/j.neunet.2013.01.012
http://dx.doi.org/10.1109/tkde.2018.2876857
http://dx.doi.org/10.1109/cain66642.2025.00018
http://dx.doi.org/10.1109/ccwc54503.2022.9720902

[40]

[47]

P. Ruf, M. Madan, C. Reich, D. Ould-Abdeslam, Demystifying MLOps
and presenting a recipe for the selection of open-source tools, Applied
Sciences 11 (2021) 8861. doii10.3390/app11198861.

R. Subramanya, S. Sierla, V. Vyatkin, From DevOps to MLOps:
Overview and application to electricity market forecasting, Applied Sci-
ences 12 (2022) 9851. doi:10.3390/app12199851.

P. Liu, L. Wang, R. Ranjan, G. He, L. Zhao, A survey on active deep
learning: from model driven to data driven, ACM Computing Surveys
(CSUR) 54 (2022) 1-34. doi{10.1145/3510414!

S. Rangineni, An analysis of data quality requirements for machine
learning development pipelines frameworks, International Journal of
Computer Trends and Technology 71 (2023) 16-27. doi:10.14445/
22312803/1jctt-v71i8p103.

P. Singh, Systematic review of data-centric approaches in artificial in-
telligence and machine learning, Data Science and Management (2023).
doi;10.1016/j.dsm.2023.06.001.

N. Seedat, F. Imrie, M. van der Schaar, Navigating data-centric artificial
intelligence with DC-Check: Advances, challenges, and opportunities,
IEEE Transactions on Artificial Intelligence 5 (2023) 2589-2603. doi:10.
1109/TAI.2023.3345805.

A. Jain, H. Patel, L. Nagalapatti, N. Gupta, S. Mehta, S. Guttula,
S. Mujumdar, S. Afzal, R. Sharma Mittal, V. Munigala, Overview and
importance of data quality for machine learning tasks, in: Proceed-
ings of the 26th ACM SIGKDD international conference on knowledge
discovery & data mining, 2020, pp. 3561-3562. doi:10.1145/3394486.
3406477.

G. Nain, K. K. Pattanaik, G. K. Sharma, H. Gauttam, PackMASNet:
An information integration approach for quality inspection in industry
5.0, Expert Systems with Applications 255 (2024) 124582. doi;10.1016/
j.eswa.2024.124582,

G. Nain, K. Pattanaik, G. Sharma, H. Gauttam, W. Viriyasitavat, A
novel mechanism for continual learning based predictive quality inspec-
tion in smart manufacturing, in: TENCON 2023-2023 IEEE Region

36


http://dx.doi.org/10.3390/app11198861
http://dx.doi.org/10.3390/app12199851
http://dx.doi.org/10.1145/3510414
http://dx.doi.org/10.14445/22312803/ijctt-v71i8p103
http://dx.doi.org/10.14445/22312803/ijctt-v71i8p103
http://dx.doi.org/10.1016/j.dsm.2023.06.001
http://dx.doi.org/10.1109/TAI.2023.3345805
http://dx.doi.org/10.1109/TAI.2023.3345805
http://dx.doi.org/10.1145/3394486.3406477
http://dx.doi.org/10.1145/3394486.3406477
http://dx.doi.org/10.1016/j.eswa.2024.124582
http://dx.doi.org/10.1016/j.eswa.2024.124582

[49]

[50]

[51]

[52]

[53]

10 Conference (TENCON), IEEE, 2023, pp. 606-611. doi:10.1109/
tenconb8879.2023.10322423.

M. Priestley, F. O’donnell, E. Simperl, A survey of data quality require-
ments that matter in ML development pipelines, ACM Journal of Data
and Information Quality 15 (2023) 1-39. doi:10.1145/3592616.

H. Chen, J. Chen, J. Ding, Data evaluation and enhancement for quality
improvement of machine learning, IEEE Transactions on Reliability 70
(2021) 831-847. doif10.1109/tT.2021.3070863!

S. Agrahari, A. K. Singh, Concept drift detection in data stream min-
ing: A literature review, Journal of King Saud University-Computer
and Information Sciences 34 (2022) 9523-9540. doi:10.1016/j. jksuci.
2021.11.006.

A. Liu, J. Lu, Y. Song, J. Xuan, G. Zhang, Concept drift detection
delay index, ITEEE Transactions on Knowledge and Data Engineering
35 (2022) 4585-4597. doi{10.1109/tkde.2022.3153349.

F. Bayram, P. Aupke, B. S. Ahmed, A. Kassler, A. Theocharis, J. Fors-
man, DA-LSTM: A dynamic drift-adaptive learning framework for in-
terval load forecasting with LSTM networks, Engineering Applications
of Artificial Intelligence 123 (2023) 106480. doi:10.1016/j.engappai.
2023.106480.

G. Grosso, N. Lai, M. Letizia, J. Pazzini, M. Rando, L. Rosasco,
A. Wulzer, M. Zanetti, Fast kernel methods for data quality monitoring
as a goodness-of-fit test, Machine Learning: Science and Technology 4
(2023) 035029. doi:10.1088/2632-2153/acebb7.

A. Lionis, K. P. Peppas, H. E. Nistazakis, A. Tsigopoulos, RSSI
probability density functions comparison using jensen-shannon diver-
gence and pearson distribution, Technologies 9 (2021) 26. doi:10.1109/
eebdab6825.2023.10090664.

H. Y. Teh, A. W. Kempa-Liehr, K. [.-K. Wang, Sensor data quality:
A systematic review, Journal of Big Data 7 (2020) 1-49. doi:10.1186/
s40537-020-0285-1.

37


http://dx.doi.org/10.1109/tencon58879.2023.10322423
http://dx.doi.org/10.1109/tencon58879.2023.10322423
http://dx.doi.org/10.1145/3592616
http://dx.doi.org/10.1109/tr.2021.3070863
http://dx.doi.org/10.1016/j.jksuci.2021.11.006
http://dx.doi.org/10.1016/j.jksuci.2021.11.006
http://dx.doi.org/10.1109/tkde.2022.3153349
http://dx.doi.org/10.1016/j.engappai.2023.106480
http://dx.doi.org/10.1016/j.engappai.2023.106480
http://dx.doi.org/10.1088/2632-2153/acebb7
http://dx.doi.org/10.1109/eebda56825.2023.10090664
http://dx.doi.org/10.1109/eebda56825.2023.10090664
http://dx.doi.org/10.1186/s40537-020-0285-1
http://dx.doi.org/10.1186/s40537-020-0285-1

[57]

[58]

[60]

[63]

S. Schelter, D. Lange, P. Schmidt, M. Celikel, F. Biessmann, A. Graf-
berger, Automating large-scale data quality verification, Proceedings of
the VLDB Endowment 11 (2018) 1781-1794. doi;10.14778/3229863.
3229867.

F. Bayram, B. S. Ahmed, E. Hallin, A. Engman, DQSOps: Data quality
scoring operations framework for data-driven applications, in: Proceed-
ings of the 27th International Conference on Evaluation and Assess-
ment in Software Engineering, 2023, pp. 32-41. doii10.1145/3593434.
3593445.

F. Bayram, B. S. Ahmed, E. Hallin, Adaptive data quality scoring
operations framework using drift-aware mechanism for industrial appli-
cations, Journal of Systems and Software (2024) 112184. doi:10.1016/
j.jss.2024.112184,

S. K. Kiangala, Z. Wang, An effective adaptive customization frame-
work for small manufacturing plants using extreme gradient boosting-
XGBoost and random forest ensemble learning algorithms in an industry
4.0 environment, Machine Learning with Applications 4 (2021) 100024.
doii10.1016/j.mlwa.2021.100024.

W. Liu, Z. Chen, Y. Hu, XGBoost algorithm-based prediction of safety
assessment for pipelines, International Journal of Pressure Vessels and
Piping 197 (2022) 104655. doi:10.1016/j.1ijpvp.2022.104655.

F. Giannakas, C. Troussas, A. Krouska, C. Sgouropoulou, I. Voyiatzis,
XGBoost and deep neural network comparison: The case of teams’ per-
formance, in: Intelligent Tutoring Systems: 17th International Con-
ference, I'TS 2021, Virtual Event, June 7-11, 2021, Proceedings 17,
Springer, 2021, pp. 343-349. doi:10.1007/978-3-030-80421-3_37.

M. Han, Z. Chen, M. Li, H. Wu, X. Zhang, A survey of active and
passive concept drift handling methods, Computational Intelligence 38
(2022) 1492-1535. doi:10.1111/coin. 12520.

38


http://dx.doi.org/10.14778/3229863.3229867
http://dx.doi.org/10.14778/3229863.3229867
http://dx.doi.org/10.1145/3593434.3593445
http://dx.doi.org/10.1145/3593434.3593445
http://dx.doi.org/10.1016/j.jss.2024.112184
http://dx.doi.org/10.1016/j.jss.2024.112184
http://dx.doi.org/10.1016/j.mlwa.2021.100024
http://dx.doi.org/10.1016/j.ijpvp.2022.104655
http://dx.doi.org/10.1007/978-3-030-80421-3_37
http://dx.doi.org/10.1111/coin.12520

	Introduction
	Background and Related Work
	Key Concepts
	Data Quality Assessment
	Change Point Detection
	Machine Learning Operations (MLOps)

	Related Work

	Proposed Data Quality-Driven ML Framework
	System Artifacts Initialization Phase
	Drift Detection Setup
	Data Quality Scoring Module
	Data Quality-Aware ML Model Development

	Deployment Phase
	Continuous Drift Monitoring
	ML Models Serving


	Implementation Details and Results
	Industrial Application and Experiments
	Data Quality Thresholds and Parameter Selection
	Predictive Performance
	Prediction Latency
	Data Quality and Predictive Models Performance Correlation
	Fundamental Findings and Lessons Learned
	Limitations

	Conclusion

