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ABSTRACT 
 

Machine Learning Operations (MLOps) has emerged to address challenges associated with deploying, 
integrating, monitoring, and scaling machine learning (ML) models in production environments. However, 
to effectively evaluate how well MLOps improves ML models, it is important to have clear and standardised 
evaluation metrics for such measurement. This study introduced thematic analysis to compile and map 
evaluation metrics from previous research, select the most relevant criteria and then define a comprehensive 
set of metrics to assess MLOps implementations. The key findings presented in this article focus on eight 
main themes: data management, automation and pipelines, model performance, resource and time efficiency, 
deployment and scalability, usability and collaboration, monitoring and observability, as well as compliance 
and security. 

Keywords: Machine Learning (ML), Machine Learning Operations (MLOps), Machine Learning Evaluation 
Metrics, MLOps evaluation, Thematic Analysis. 

 
1. INTRODUCTION  

 
This study employed thematic analysis to 

develop evaluation metrics for MLOps. To 
understand the progression of this work, it is crucial 
to first understand key concepts such as Machine 
Learning Operations (MLOps), Continuous 
Integration (CI), Continuous Delivery (CD) and 
thematic analysis. Defining these terms provides the 
essential context for a shared understanding and 
establish the foundation necessary to accurately 
interpret the methods, processes and results 
presented by this study. 

 
1.1. Definitions 

MLOps is a set of practices, tools and 
processes of machine learning models deployment, 
monitoring and management in real-world 
environments. MLOps is based on DevOps ideas to 
solve challenges related to machine learning 
workflows, such as data changes, model retraining 
and performance monitoring [44]. 

Continuous Integration is a practice where 
code changes are frequently combined into a shared 
repository. Each change is automatically tested and 
integrated to ensure the software remains stable. In 
MLOps, CI also includes automated testing and 
validation of machine learning pipelines and models 
to ensure they work reliably before deployment [45]. 

Continuous Delivery (CD) builds on 
Continuous Integration (CI) by automating the 
deployment of validated code or models to 
operational environments. It ensures that updated 
models and pipelines can be reliably delivered with 
minimal human intervention [46]. In machine 
learning systems, CD manages not only the code but 
also model files and data. It ensures that new 
versions can be safely deployed with options to roll 
back if needed and to scale deployments as required 
[47]. 

Thematic Analysis is a qualitative research 
method used to identify, analyse and report patterns 
or themes within data. [41] highlight that Thematic 
Analysis is practically not only about summarising 
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data but also involves interpreting and providing a 
meaningful understanding of the underlying ideas or 
concepts of the data. Methods implemented in TA 
includes six phases: familiarizing with data, 
generating initial codes, searching for themes, 
reviewing themes, defining and naming themes and 
producing the final report. 
 
1.2. Research Background 

Machine learning (ML) is a part of artificial 
intelligence (AI) that trains computers and machines 
to learn from data and imitate human learning 
processes, further improving performance and 
efficiency. ML is a powerful tool that can analyse 
large datasets to find hidden patterns that traditional 
statistical methods may struggle to identify [16,17]. 
ML can be categorised into two primary types: 
supervised and unsupervised learning, each with a 
different learning ability and purpose. Supervised 
learning involves algorithms learning from labelled 
data, where input-output pairs are used to guide the 
learning process. This method is effective for 
classification and regression tasks, especially when 
applied to large labelled datasets with clearly defined 
target variables [2]. In contrast, unsupervised 
learning trains models on unlabelled data to discover 
hidden patterns or structures within the data. 
Common applications of unsupervised learning 
include clustering and dimensionality reduction [2]. 
ML has been applied to many real-world 
applications, such as cybersecurity, healthcare and 
intelligent transportation systems [3]. These 
applications showcase ML's ability to solve complex 
challenges across domains, enhancing efficiency, 
accuracy and decision-making. 

However, the ML model faces several 
challenges in real-world deployment, which drive 
the need for Machine Learning Operations (MLOps). 
Some challenges include inconsistent, incomplete or 
biased data that can lead to unreliable models [18]. 
Deploying ML models becomes even more 
challenging from the difficulties in scaling, 
integration with older systems and maintenance of 
reproducibility [19]. Additionally, complex ML 
model requires continuous training and tuning to 
maintain their accuracy and relevancy. To address 
these challenges, MLOps enforce robust data 
pipelines and governance to ensure data accuracy 
and relevance. They also provide automated 
pipelines, unified platforms, continuous monitoring, 
scalable infrastructure and built-in security, ensuring 
ML models are reliable, scalable and secure in 
production. 

MLOps is theoretically grounded in 
frameworks that adapt and extend DevOps, an 
approach that combines development (Dev) and 
operations (Ops) to make software production 
effortless and more reliable. There are two primary 
DevOps principles: Continuous Integration (CI) and 
Continuous Delivery (CD). CI is where developer 
teams integrate their code changes into a shared 
repository multiple times a day. This is to check on 
the viability of the new code, ensuring that it aligns 
with existing functionality and does not introduce 
bugs or conflicts [20]. Meanwhile, CD involves 
designing, building, testing and releasing software in 
short cycles. This approach builds upon CI by 
automating the release process, ensuring that code 
changes are not only built and tested but also 
deployed to production environments. This 
automation ensures that software updates are 
consistently delivered in a timely and dependable 
manner [20]. 

While DevOps focuses mainly on 
automating and improving the software development 
and deployment lifecycle, MLOps extends these 
practices to handle unique complexities of machine 
learning. These includes continuous training, model 
monitoring and testing and versioning of data and 
models [21]. 

A crucial aspect of MLOps is creating 
automated pipelines for tasks like testing and 
deploying ML software. These pipelines structure 
the hidden and repetitive processes between teams, 
thereby increasing the efficiency of the entire 
machine learning software lifecycle [34]. By 
emphasising continuous monitoring, updating and 
retraining of models, MLOps ensure that models 
maintain their performance and adapt to changing 
data conditions, which is essential for maintaining 
their reliability and effectiveness. 

To assess the effectiveness of MLOps 
mosdels compared to static models, a thorough 
evaluation is essential. Using thematic analysis 
methodology, this study systematically extracts 
evaluation criteria from previous research, maps 
them to related codes and organises these codes into 
themes for developing a consolidated list of mapped 
criteria. This process results in the definition of a 
standardised set of criteria for evaluating MLOps.  
 

2. LITERATURE REVIEW 

This section reviews related works on 
MLOps applications and the evaluation methods 
used by each work. As MLOps practices continue to 
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evolve, a standardised evaluation framework and 
metrics are needed to assess the effectiveness, 
reliability and scalability of MLOps systems [29]. 
Evaluating MLOps is not only done by assessing 
model effectiveness but also covers every stage from 
data collection to deploying the model in a real-
world environment. This includes technical 
components, such as automated pipelines, 
management and deployment processes. 
Additionally, it involves organisational aspects like 
collaboration, governance and implementation of 
best practices to ensure smooth ML operations 
across an organisation. However, as highlighted by 
[29] and [30], the academic community is still 
developing thorough and standardised approaches 
for MLOps evaluation. Much of the current 
knowledge comes from peer-reviewed research and 
real-world sources like industry reports, blog posts 
and industry practitioners. 

While MLOps have made things easier, 
questions remain about how to make these systems 
as strong and reliable as possible. Hence, a study by 
[38] was conducted to provide an overview of how 
trustworthy MLOps systems are. It explained 
technical methods to make MLOps systems more 
robust, reviewed current research on making ML 
systems reliable in real-world use, and looked at the 
tools and software available for building these 
systems. The study proposed a “Continuous 
Monitoring Approaches” to monitor the 
development performance, including completion 
time, CPU and GPU usage, memory usage, disk 
input/output (IO) operations and network traffic. 

Several studies have established theoretical 
frameworks that describe MLOps as a practice that 
is derived from DevOps principles combined with 
machine learning lifecycle management. According 
to [49], MLOps emphasises automation, 
collaboration between data scientists and operations 
teams, model management, continuous monitoring 
and governance to ensure reliable ML deployment 
and maintenance. These foundational principles 
include CI/CD automation, reproducibility, 
workflow orchestration and versioning of data, 
models and code, which differentiate MLOps from 
traditional DevOps by addressing the challenge of 
data-driven machine learning models.  

[47] provide a comprehensive framework 
that integrates these principles with thorough 
designs, functions and workflows, highlighting the 
importance of automating not only deployment but 
also model training, testing and process 

management. Their work discusses challenges 
related to data quality, model drift and the need for 
continuous evaluation, highlighting the repetitive 
and collaborative nature of MLOps. 

Furthermore, [50] proposes an MLOps 
maturity model that outlines progression stages from 
Ad-hoc to Automated MLOps and additional higher 
stages that represent continuous improvement. Their 
model defines maturity across five key dimensions: 
Data, Model, Deployment, Operations and 
Infrastructure and Orchestration. This framework 
guides organisations to advance from initial 
automation efforts to fully integrated pipelines that 
support continuous monitoring and feedback loops 
that is very essential in real-world applications of 
machine learning. Nevertheless, empirical research 
on implementation challenges, scalability 
constraints and governance issues in practical 
deployments remains limited [34]. 

Complementing academic findings, 
extensive industry analyses such as those by 
Neptune.ai provides an extensive overview and 
critical review of various MLOps tools and 
platforms. It discusses their strengths and 
weaknesses, key features and important factors to 
consider when evaluating these solutions, such as 
cloud alignment, integration capabilities, and user 
support. While the article focuses on reviewing 
current tools, it effectively critiques previous 
methodologies by highlighting gaps and practical 
challenges in evaluating MLOps platforms 
comprehensively [39]. Similarly, The Xebia blog 
presents a practical framework for evaluating 
MLOps performance by focusing on people, 
processes and technology. It highlights the 
importance of well-defined, cross-functional ML 
teams and regular user feedback to improve 
maturity. The blog states that MLOps metrics 
encompass evaluations for both ML teams and 
MLOps teams. According to [40], ML teams are a 
subset of MLOps teams, so assessing ML team 
performance is essential before evaluating the 
broader MLOps team. The evaluation of ML teams 
employs four key metrics derived from DORA 
(DevOps Research and Assessment): deployment 
frequency, lead time for changes, change failure rate 
and time to restoration. For MLOps teams, metrics 
include platform adoption, user satisfaction, 
coverage of capabilities and cost per user. These 
authoritative sources enrich the literature by 
bridging the gap between theoretical frameworks 
and operational realities. 
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Thematic analysis is a widely used 
qualitative research method that systematically 
identifies, analyses and reports patterns or themes 
within data [41]. Thematic analysis is a flexible and 
valuable research method that can provide a deep 
and detailed understanding of complex qualitative 
data [52]. Unlike other qualitative methods that aim 
to build theories or grounded theory, thematic 
analysis focuses on finding repeated themes that 
capture the main idea of the data [22]. 

Braun and Clarke [41] are recognised as the 
originators of the widely adopted thematic analysis 
method. They first introduced their approach in a 
paper titled "Using Thematic Analysis in 
Psychology”, which has since become the primary 
reference for this qualitative analysis technique 
across numerous academic studies. The process in 
thematic analysis involves a six-step approach: 
familiarization with data, generating initial codes, 
searching for themes, reviewing themes, defining 
and naming themes and reporting [41].  

According to [42], thematic analysis 
originated in psychology as a systematic and 
rigorous method for examining qualitative data. Its 
early applications focused on identifying and 
interpreting meaningful patterns within textual data, 
making it a valuable tool for exploring human 
behaviour and experiences. Researchers highlights 
the importance of reflexivity and thorough coding 
practice to ensure trustworthiness and validity when 
interpreting themes [52].  

Given its structured approach and ability to 
extract large qualitative data into clear themes, 
thematic analysis is particularly suitable for 
synthesising complex topics like MLOps evaluation 
criteria. Its iterative process ensures that researchers 
can refine themes to accurately reflect the data while 
maintaining transparency and replicability. 

According to [31], an assessment is 
necessary to determine the deployment capability of 
MLOps systems, considering factors such as 
maintainability, scalability and deployment cost. In 
this study, the deployment in the context of 
production was defined, while relevant dimensions 
for deployment along the ML operations were 
introduced. The dimensions included were data 
integration, data preparation, dimension for ML 
model and dimension for deployment.  

Urias and Rossi [32] evaluated three 
frameworks of MLOps services in their study, 
namely Machine Learning as a Reusable 
Microservice (MLRM), Minerva and Machine 
Learning in Microservices Architecture (MLMA). 
The study conducted a qualitative analysis that 
considers the capacity for sharing resources, the 
scope of use by users and the use of the cloud 
environment. According to [32], it is essential to 
evaluate based on qualities to ensure that the built 
system meets the stakeholders' requirements. Table 
3 presents a result obtained by [32]. A green square 
represents that the framework fully meets the 
criteria, a yellow triangle represents partial 
adherence, whereas a red circle indicates that the 
framework does not meet the criteria.  

In the view of [33], automation is a 
fundamental aspect of MLOps, especially in 
enabling the continuous delivery of ML models. In 
the study, a method of checking how well MLOps 
systems support automation was created by 
systematically analysing their Architectural Design 
Decisions (ADDs). Ordinal regression analysis was 
then employed to validate the effectiveness of these 
metrics in predicting real-world assessments. This 
validation proves that their metrics and approach are 
valuable contributions to assessing automation in 
MLOps systems. 

There are no established methods or 
frameworks in existing research and industry to 
properly evaluate MLOps platforms and tools [34]. 
Some studies evaluated MLOps platforms based on 
criteria, such as secure ML production support, 
pipeline setup complexity and management 
capabilities. Meanwhile, other industries highlighted 
platform capabilities in automation, secure pipeline 
creation, responsible AI support, collaboration and 
architecture [34].  

Zhou et al. [35] developed an ML platform 
with DevOps capabilities by integrating CI/CD tools 
with Kubeflow. Their work aimed at providing 
practical insights and guidance for building efficient 
ML pipeline platforms in real-world settings. To 
evaluate the overall platform performance, the 
resource and time consumption across different 
pipeline stages were analysed, identifying potential 
bottlenecks, including GPU utilisation. This 
approach demonstrated the feasibility of combining 
established CI/CD tools with Kubeflow to create 
operational ML pipelines that support continuous 
model training and deployment. Their study serves 
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as a valuable reference for practitioners designing 
scalable and efficient MLOps platforms. 

The study by [36] focused on evaluating 
MLOps tools specifically within the Kubernetes 
ecosystem, emphasising their integration and 
compatibility with Kubernetes. The evaluation was 
conducted in two phases. The first phase provided a 
broad market overview, identifying and defining the 
capabilities of currently available MLOps tools. The 
second phase involved an in-depth, practical 
assessment of three platforms that are native to 
Kubernetes: Kubeflow, Pachyderm and Polyaxon. 
These platforms were evaluated based on 
functionality, usability, community vitality and 
performance to understand their real-world 
applicability and effectiveness.  

A comprehensive and integrated MLOps 
pipeline can enhance the development and 
operational processes of ML, making them 
accessible and effective even for organisations with 
limited technical expertise [37]. This approach 
presents a complete framework for building an 
MLOps pipeline from early analysis to 
implementation and assessment in an actual 
environment. For evaluation, the study structured the 
MLOps pipeline into different components to 
evaluate and select suitable tools for each 
component. After identifying these key components, 
an assessment was conducted to determine whether 
the existing DevOps framework already supports the 
evaluation of those components. The study then 
combined a range of widely used ML platforms and 
tools for the evaluation. Platforms used were: Azure 
ML, Databricks, MLflow, Kubeflow, Iguazio and 
Weights & Biases. As for tools, there were numerous 
tools introduced for each component. Examples of 
these tools included Labelbox, Scale, Snorkel Flow, 
Doccano, DVC, Pachyderm, Delta Lake and 
LakeFS, among others.  

Numerous methodologies and tools have 
been developed to evaluate MLOps systems with 
each having its own strengths and limitations. 
Leading platforms such as Amazon SageMaker, 
Microsoft Azure ML, Google Vertex AI, MLflow 
and Kubeflow offer comprehensive solutions 
including experiment tracking, pipeline automation, 
model deployment and monitoring. These platforms 
are excellent for workflow orchestration and 
supporting scalable deployments with a focus on 
enhancing automation and ensuring reproducibility 
throughout the machine learning lifecycle. 

Strengths of these methodologies include 
the integration with cloud environments enabling 
flexible multi-cloud or hybrid deployments, real-
time monitoring to detect model drift and data 
quality issues and robust governance features that 
address enterprise security and compliance 
requirements. Additionally, open-source tools like 
MLflow offer flexible options that support 
customization, enabling users to tailor workflows to 
their specific needs. 

However, these methodologies also have 
significant limitations. There is no standard 
evaluation metric used by each tool. This has led to 
inconsistent assessment standards across 
organisations. Moreover, there are not many tools 
that offer direct support for embedding AI practices. 
Furthermore, effectively managing the interactions 
among data, models and code throughout their 
lifecycles remains a persistent challenge that current 
frameworks have yet to fully address. 

The comparative analysis across these 
methodologies underscores a need for standardised 
evaluation criteria. This study addresses these gaps 
by proposing standardised evaluation metrics 
derived from previous works through thematic 
analysis, which systematically extracts and 
synthesises key themes from prior research. 

3. METHODOLOGY 
 

This section outlines the step-by-step 
process for developing metrics to evaluate MLOps 
in real-world environments. The thematic analysis 
approach used in this study follows the detailed step-
by-step process described by [48], providing a 
thorough framework for coding and theme 
development.  A study by [48] presented a six-step 
thematic analysis technique to guide researchers 
through a systematic process, including the selection 
of keywords and quotations, coding, theme 
development, interpretation and model 
development. 

 
Figure 1 illustrates the overview of the 

research process conducted in this study. All the 
processes involved are explained in the following 
subsection. 
 



 
 Journal of Theoretical and Applied Information Technology 

15th December 2025. Vol.103. No.23 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
10134 

 

 
Figure 1: Overview of the Research Process 

 

Phase 1: Compile Existing Works 

This first phase is where a review is 
conducted, with results and outputs of previous 
related works being compiled. Papers were collected 
from four different databases: IEEEXplore, 
ScienceDirect, SpringerLink and ACM Digital 
Library, focusing on articles published between the 
years 2020 and 2024. Keywords used in searching 
for the best articles are: MLOps evaluation, MLOps 
assessment, MLOps overview, MLOps evaluation 
metrics, MLOps framework, MLOps application and 
MLOPs overview. The inclusion and exclusion 
criteria were then defined to decide whether or not a 
particular study should be included. 

Inclusion criteria 

1. Studies on MLOps evaluation 
2. Studies written in English 
3. Studies published in the last five years 

(2020–2024) 

Exclusion criteria 

1. Studies that did not provide clear 
methodologies or results related to MLOps 
evaluation 

2. Irrelevant titles, abstracts and keywords 
3. Review papers 

Table 1: List of Existing Works Reviewed 

Paper ID Reference Paper ID Reference 
P1 [31] P6 [36] 
P2 [32] P7 [37] 
P3 [33] P8 [38] 
P4 [34] P9 [39] 
P5 [35] P10 [40] 

 
 
Phase 2: Extract Criteria Used by Previous 
Studies 

This is where all the criteria used in 
previous studies are recorded for evaluating MLOps 
systems. While some studies refer to these as 

“components” and others as “dimensions,” the 
terminology was standardised in this study using the 
term “criteria”. The keywords were then identified 
from the criteria to standardise the definition of the 
criteria. Table 2 lists the extracted criteria from each 
study and the identified keywords of each criterion. 

Table 2: Extracted Criteria and Keywords From 
Previous Works 

Paper 
ID 

Extracted criteria Keywords 

P1 Data integration 
environment consistency 

Data 
consistency 

Data integration volume of 
data 

Volume of data 

Data preparation 
performance 

Data 
performance 

Data preparation robustness Data robustness 

Data preparation 
explainability 

Data 
explainability 

Data preparation impact Data impact 

Data preparation computing 
time 

Data computing 
time 

Modelling performance 
Model 
performance 

Modelling robustness 
Model 
robustness 

Modelling safety Safety 

Modelling explainability 
Model 
explainability 

Model run time Run time 

Model storage size Storage size 

Modelling effort Effort 

Modelling transfer learning 
Transfer 
learning 

Deployment time 
restrictions 

Time restriction 

Deployment value for user Value for user 

Deployment cost Cost 

Deployment complexity Complexity 

Deployment maturity Maturity 

Deployment pipeline 
automation 

Pipeline 
automation 

Deployment scalability Scalability  

Deployment cyber security Secure 

P2 
Problem generalisation 

Problem 
generalisation 

Different programming 
languages 

Languages 

Resource sharing Resource 

User coverage User 

Quantitative results Result 

Suitable for cloud 
utilisation 

Cloud 
utilisation 

P3 Build and deployment 
scripts 

Deployment 
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CI/CD pipeline Pipeline 

Machine learning 
orchestrator 

Orchestrator 

Pipeline triggers on commit Pipeline 

Pipeline triggers on 
schedule 

Pipeline 

Availability of new training 
data 

Data training 

Model performance 
degradation 

Model 
performance 

Changes to the data 
distribution 

Changes of data 

Data pipeline Data pipeline 

Etl pipeline Pipeline 

Data processing component 
Data 
component 

P4 Secure ML production 
support 

Secure 

Pipeline setup complexity 
Pipeline 
complexity 

Artefact management 
support 

Management 
support 

Platform capabilities in 
automation 

Platform 
automation 

Secure pipeline creation Secure 

Responsible AI support Responsible 

Collaboration Collaboration 

Architecture Architecture 

P5 
Time consumption 

Time 
consumption 

Resource consumption Resource 

P6 Functionality Functionality 

Usability Usability 

Vitality Vitality 

Performance Performance 

P7 Data labeling Data label 

Data versioning & 
management 

Data version 

Exploratory data analysis Data analysis 

Feature stores Features stores 

Code repository Repository 

CI/CD CI/CD 

Model training pipeline Pipeline 

Hyperparameter tuning 
Hyperparameter 
tuning 

Experiment tracking & 
metadata store 

Pipeline 

Model testing & validation 
Model 
performance 

Model registry Registry 

Model deployment & 
serving 

Deployment 

Monitoring & observability Monitoring 

P8 Continuous validation Continuous 

Continuous versioning Continuous 

Continuous monitoring Continuous 

Continuous update Continuous 

Data cleaning Data cleaning 

Data anomaly detection Data anomaly 

Distribution shift 
Distribution 
shift 

Data augmentation 
Data 
augmentation 

Hyperparameter tuning 
Hyperparameter 
tuning 

Concept drift Concept drift 

Generalisability Generalisability 

Label noise Noise 

P9 Cloud and technology 
strategy 

Cloud 

 Data sources Data source 

 
Data engineering platform 

Data 
engineering 

 Code repositories Repository 

 
CI/CD pipelines 

CI/CD 
pipelines 

 Monitoring systems Monitoring 

 Commercial details Commercial 

 Knowledge and skills in the 
organisation 

Organisation 
skills 

 Key use cases and/or user 
journeys 

User journeys 

 User support arrangements User support 

 
Active user community 

User 
community 

P10 
Deployment frequency 

Deployment 
frequency 

 Lead time for changes Lead time 

 Change failure rate Failure rate 

 
Time to restoration 

Restoration 
time 

 
Platform adoption 

Platform 
adoption 

 
User satisfaction 

User 
satisfaction 

 
Coverage of capabilities 

Coverage 
capabilities 

 Cost per user User cost 

 
Phase 3: Thematic Analysis 

After compiling all the criteria and 
keywords, the steps involved in Thematic Analysis 
(TA) were undertaken. There were three stages 
involved in TA. Figure 2 illustrates the thematic 
analysis methodology employed in this phase.  

 



 
 Journal of Theoretical and Applied Information Technology 

15th December 2025. Vol.103. No.23 
©   Little Lion Scientific  

 
ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
10136 

 

 
Figure 2: Thematic Analysis Methodology 

 

Step 1: Data collection and keyword selection 

Data was collected from relevant sources and 
carefully reviewed to extract significant keywords 
that consistently appeared and were contextually 
relevant to evaluating MLOps. The selection focused 
on terms capturing important aspects of MLOps 
practices. For example, keywords like "data 
consistency," "volume of data" and "data 
explainability" were identified as recurrent and 
meaningful within the MLOps evaluation context, 
indicating key topics of interest. 

Step 2: Coding 

In this stage, each keyword was assigned a code 
representing the underlying concept of that data. 
This involved analysing the semantic meaning and 
operational relevance of keywords to group related 
terms under a collective label. For instance, the 
keywords "data consistency" and "volume of data" 
were coded as "Data Drift" because both relate to 
changes and variations in datasets affecting MLOps. 
Similarly, "data explainability" was coded under 
"Complexity" as it reflects interpretability 
challenges. 

Step 3:  Theme Development 

This is where the generated codes were organized 
into broader themes by identifying conceptual 
connections and ensuring comprehensive coverage 
of the data. Codes addressing related dimensions of 
MLOps were grouped hierarchically under 
overarching themes. For example, the codes "Data 
Drift," "Data Quality" and "Data Robustness" were 
grouped into the "Data Management" theme to show 
related parts of handling data in ML pipelines. This 
approach clarifies the relationships among concepts 
and enhances analytical depth. 

Figures 3–10 illustrate the thematic 
analysis for each theme derived from Table 2 above. 
Based on the keywords derived from the criteria data 
compiled from previous works, each keyword was 
then labelled to form a suitable code. The codes were 
then grouped according to their definition to 
generate themes. 

 

As shown in Figure 3, the keywords “data 
consistency,” “volume of data,” “data training,” 
“changes of data,” “data pipeline,” “data 
component” and “distribution shift” were coded 
under the label “Data Drift.” This grouping reflects 
how these terms relate to variations and shifts in data 
over time that can affect model performance, 
highlighting the dynamic nature of data in 
operational MLOps systems. 

 
For “Data Quality,” keywords such as “data 

explainability,” “data impact,” “data performance,” 
“data label,” “data version,” “data analysis,” “data 
cleaning,” “data augmentation” and “data source” 
were categorised together as all these codes 
emphasise processes and attributes that ensure the 
quality and usability of data, which are essential for 
model training and evaluation. 

 
Finally, “data robustness,” “data anomaly,” 

“noise” and “data engineering” were grouped as 
“Data Robustness.” This category focuses on the 
resilience of data handling and the system’s ability 
to cope with data irregularities and distortion. 

 
Together, Data Drift, Data Quality and 

Data Robustness codes compose the broader Data 
Management theme, encompassing key dimensions 
of managing data challenges in MLOps. 

 
Figure 4 presents the Automation & 

Pipeline theme. Keywords defining continuous 
integration and delivery processes were coded as 
CI/CD Pipeline. “Pipeline automation,” 
“orchestrator,” “pipeline complexity” and “pipeline” 
were grouped as Pipeline Automation because they 
collectively describe the mechanisms and challenges 
involved in automating pipelines in ML workflow 
processes. The term “orchestrator” was coded with 
“pipeline automation” as it specifically refers to 
tools enabling automatic management of pipeline 
steps within the workflows. These two codes were 
combined under the Automation & Pipeline theme to 
capture both the procedural and systemic automation 
aspects of MLOps workflows.  

 
Figure 5 shows the Model Performance 

theme. Keywords such as “model explainability,” 
“complexity,” “languages” and “concept drift” were 
coded as Complexity because these terms highlight 
model interpretability and structural challenges that 
impact overall reliability. Hyperparameter tuning 
extracted from [37] and [38] was coded as 
Hyperparameter Tuning. Terms like “model 
performance,” “model robustness” and “result” 
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formed the Model Performance code, capturing the 
overall effectiveness and stability of the model. 
Meanwhile, “transfer learning,” “problem 
generalisation” and “generalisability” were 
categorised as Model Transfer Learning to represent 
the ability of models to adapt learned knowledge to 
different tasks or domains. This coding reflects 
diverse factors influencing model behavior and 
adaptability. 

 
Figure 6 illustrates thematic analysis for the 

Deployment & Scalability theme that highlights 
infrastructure and scaling concerns. Codes that 
define this theme include deployment and 
scalability. “Architecture,” “deployment” and 
“deployment frequency” were defined as 
Deployment to capture implementation and 
operational aspects of model delivery, while 
“scalability,” “cloud utilisation” and “cloud 
technology” were defined as Scalability, reflecting 
the capacity to efficiently expand resources and 
handle increased workload. 

 
Figure 7 outlines the Resource & Time 

Efficiency theme. Terms related to computational 
and storage resources such as “storage size,” 
“resource,” “management support,” “features,” 
“model registry” and “repository” were coded as 
Resource Utilisation. Keywords that represent time-
related aspects, such as “computing time”, “run 
time”, “effort”, “time restriction,” “time 
consumption” and “time restoration” were coded as 
Time Efficiency. 
 
 The Usability & Collaboration theme, 
depicted in Figure 8 was developed from keywords 
emphasising human and team factors. The term 
“collaboration”, “organisation skills” and “platform 
adoption” was coded as Collaboration to highlight 
cooperative activities within MLOps teams. User-
centric keywords such as “value for user,” “user,” 
“usability,” “user journeys,” “user support,” “user 
satisfaction” and “functionality” were grouped as 
User Satisfaction, reflecting user experience and 
acceptance considerations. “Vitality,” 
“commercial”, “coverage capabilities” and “user 
cost” was coded as Vitality to capture the financial 
aspects of the system. 

 
Figure 9 presents the Monitoring & 

Observability theme. Keywords “monitoring” was 
coded as Monitoring to represent ongoing 
monitoring of MLOps system health and 
performance. This thematic distinction enhances 

understanding of both pre-deployment validation 
and post-deployment oversight. 

 
Lastly, Figure 10 details the Compliance & 

Security theme. Keywords such as “safety,” 
“secure,” “security” and “responsible” were 
combined into the Security code, reflecting concerns 
related to ethical standards, regulatory adherence 
and protection measures within MLOps. 

 
 

 
Figure 3: Thematic Analysis for the Data Management 

Theme 
 

 
Figure 4: Thematic Analysis for the Automation & 

Pipeline Theme 
 

 
Figure 5: Thematic Analysis for the Model Performance 

Theme 
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Figure 6: Thematic Analysis for the Deployment & 

Scalability Theme 
 

 
Figure 7: Thematic Analysis for the Resource & Time 

Efficiency Theme 

 
Figure 8: Thematic Analysis for the Usability & 

Collaboration Theme 
 

 
Figure 9: Thematic Analysis for the Monitoring & 

Observability Theme 
 

 
Figure 10: Thematic Analysis for the Compliance & 

Security Theme 
 

After defining codes and themes for each 
criterion, it is concluded that resource utilisation is 
the most frequently mentioned criterion, appearing 
in 60% of the reviewed papers. CI/CD pipeline, 
deployment, model performance and user 
satisfaction followed closely, each cited in 50% of 
the previous studies. Although hyperparameter 
tuning, monitoring and security were mentioned in 
only 20% of the papers, they were included in this 
study due to their critical roles. Hyperparameter 

tuning optimises model accuracy and efficiency, 
monitoring ensures ongoing system health and early 
issue detection and security protects data and models 
from breaches, ensuring trustworthiness and 
compliance. This result is illustrated as Figure 11 
below. 

The list of MLOps evaluation criteria, 
along with their corresponding reference papers is 
summarised and presented in Table 3 below. 

 

 

Figure 11: Frequency of MLOps Evaluation Criteria 
Mentioned in Reviewed Studies 

Table 3: Evaluation Criteria with  Source Papers 

Category Criteria Source Papers 

Data 

Management 

Data drift P1, P3, P8 
Data quality P1, P7, P8, P9 
Data robustness P1, P8, P9 

Automation & 

Pipeline 

CI/CD pipeline 
P3, P7, P8, P9, P10 

Pipeline 
automation P1, P3, P4, P7 

Model 

Performance 

Complexity P1, P2, P8 
Hyperparameter 
tuning P7, P8 

Model 
performance P1, P2, P3, P6, P7 

Model transfer 
learning P1, P2, P8 

Deployment & 

Scalability 

Deployment P1, P3, P4, P7, P10 
Scalability P1, P2, P9 

Resource & 

Time 

Efficiency 

 

Resource 
Utilisation 

P1, P2, P4, P5, P7, 

P9 
Time efficiency 

P1, P5, P10 

Usability & 

Collaboration 

Collaboration P4, P9, P10 
User 
satisfaction P1, P2, P6, P9, P10 

Vitality P6, P9, P10 
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Monitoring & 

Observability 

Monitoring 
P7, P9 

Compliance & 

Security 

Security  P1, P4 

 
 
Phase 4: Metrics Definition 

After mapping the criteria, this study 
proceeded to define specific evaluation metrics for 
each one. This phase is important because good 
metrics enable a reliable assessment of MLOps 
systems across different platforms and use cases. 
Good evaluation metrics translate qualitative criteria 
into measurable indicators, allowing fair comparison 
and evaluation of MLOps implementations. 

Defining metrics involves identifying 
measurable indicators aligned with each criterion, 
specifying how they are calculated and setting 
thresholds or benchmarks. 

By establishing clear metrics, organisations 
can comprehensively evaluate the effectiveness, 
robustness and maturity of their MLOps systems, 
ensuring that ML products deliver continuous value 
in production environments. The list of evaluation 
metrics is tabulated and explained in the results 
section. 
 
4. RESULTS 
 

This section presents the evaluation metrics 
defined in this study. Table 4 lists all the evaluation 
metrics defined to assess various aspects of MLOps 
systems. In Data Management, data drift detection 
measures the ability to detect changes in data 
distribution over time. This is important since data 
drift can affect model training and reliability. The 
Population Stability Index (PSI) is used to measure 
the change in distribution between two samples and 
is widely used for credit scoring and risk modelling. 
Data quality is very important in ML as it affects 
how well models perform, how trustworthy they are 
and how reliable their predictions will be. If the data 
is poor or incorrect, the models will also be 
unreliable. According to a survey made by [43], 
dimensions involved to evaluate data quality are 
completeness, self-consistency, timeliness, 
confidentiality, accuracy, standardisation, 
unbiasedness and ease of use. Lastly, the 
Interquartile Range (IQR) method is used for 
detecting outlier rates to assess the data robustness 
in this Data Management category. These Data 
Management metrics contribute to evaluating 
MLOps by ensuring the foundational data remains 
reliable, consistent and robust, which directly 
impacts overall system performance and stability. 

The Automation & Pipeline category in 
MLOps measures how much of the machine learning 
workflow is automated and how reliable that 
automation is, focusing mainly on two metrics: 
automation coverage percentage and failure rate of 
CI/CD pipelines. This category defines the stability, 
robustness and maturity from the perspective of 
automated ML workflow quality and process 
maturity. High automation coverage with low failure 
rates reflects a mature, well-managed pipeline 
infrastructure which is critical for scaling ML 
operations efficiently. 

For Model Performance, standard 
classification metrics, such as accuracy, precision, 
recall and F1-score, are used to evaluate model 
performance. Model complexity is assessed by the 
model size, typically the number of trainable 
parameters. Larger models with more parameters 
typically have higher complexity as they can capture 
more intricate and varied relationships. The success 
rate of hyperparameter tuning measures how often 
hyperparameter tuning leads to improved model 
performance, indicating how effectively models are 
optimised. Transfer learning is evaluated by the 
accuracy gain compared to training models from 
scratch, especially valuable in data-scarce situations. 
These metrics evaluate core aspects of model 
performance and adaptability, providing insights 
into both basic predictive accuracy and the 
effectiveness of optimisation processes in MLOps 
implementations. 

In the context of Deployment & Scalability, 
metrics such as deployment success rate measure the 
reliability and effectiveness of deploying models 
into production, while throughput scaling efficiency 
evaluates how well the system maintains or 
improves processing capacity as workload increases. 
Together, these metrics provide insights into the 
agility and resilience of the deployment process 
under varying operational demands, highlighting 
how well models perform and scale in real-world 
environments. 

The Resource & Time Efficiency category 
evaluates the consumption of computational 
resources, including CPU and GPU memory usage 
and time efficiency metrics, such as the number of 
tasks completed within a given time frame. These 
measurements capture resource utilisation and 
operational speed, providing vital insights into how 
efficiently models train and generate predictions that 
are critical for optimising performance and 
managing costs in production environments. 

The Usability & Collaboration category 
assesses user satisfaction through tools like the 
System Usability Scale (SUS), a widely used, simple 
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questionnaire designed to measure how usable a 
system is from the user's perspective. Collaboration 
can be evaluated using qualitive feedback that based 
on (Satisfaction, Performance, Activity, 
Communication, Efficiency) SPACE framework. 
This dimension checks if the team shares 
information clearly, helps each other, and solves 
problems together. Additionally, vitality is measured 
financially via the cost per user metric, which is 
calculated by dividing the total operational costs 
(including infrastructure, labor, and maintenance) by 
the number of users served. This metric provides 
insight into the system’s efficiency and scalability 
from a financial standpoint. Together, this category 
emphasises the critical human and team dynamics 
influencing successful MLOps adoption and 
sustained collaboration. 

The Continuous Monitoring and 
Observability category in MLOps evaluates the 
ongoing health and performance of machine learning 
models and their underlying data using specific 
metrics and processes. Dashboard coverage refers to 
how comprehensively the monitoring dashboard of 
the system provides visibility into system 
components. This ensures the models remain reliable 
and effective after deployment by catching issues 
early and supporting timely intervention. 

Finally, the Compliance & Security 
category encompasses audit trails, data privacy, 
access controls and model versioning to ensure 
compliance with regulatory requirements, apart from 
maintaining secure and traceable model 
management.  

Together, all these metrics collectively 
create a comprehensive set of evaluation measures 
that encompass the technical, operational and 
organisational dimensions of MLOps systems. Each 
theme contributes uniquely. Data Management 
secures input integrity, Automation & Pipeline 
reflects process maturity, Model Performance 
captures predictive quality, Deployment & 
Scalability assesses operational stability,  Resource 
& Time Efficiency ensures practical viability,  
Usability & Collaboration addresses human factors, 
Monitoring & Observability ensure ongoing 
reliability and Compliance & Security uphold 
governance and trust. 

This integrated approach allows for a 
thorough and balanced assessment by capturing not 
only the performance and efficiency of the 
underlying technology but also the effectiveness of 
workflows, team collaboration and compliance with 
organisational standards. By addressing these 
multiple aspects, the evaluation metrics provide a 
holistic understanding of how well an MLOps 

system functions in real-world production 
environments. 

 
 

Table 4: MLOps Evaluation Metrics 

Category Criteria Evaluation Metric 

Data 

Management 

Data drift Population Stability 

Index (PSI) 
Data quality Completeness, self-

consistency, 

timeliness, 

confidentiality, 

accuracy, 

standardisation, 

unbiasedness and 

ease of use 
Data robustness Outlier detection 

rates using IQR 

method 

Automation 

& Pipeline 

CI/CD pipeline Pipeline change 

failure rate (CFR) 
Pipeline 
automation 

Automation 

coverage percentage 

Model 

Performance 

Complexity Model size (number 

of parameters) 
Hyperparameter 
tuning 

Hyperparameter 

tuning success rate 
Model 
performance 

Accuracy, F1-score, 

precision & recall 
Model transfer 
learning 

Transfer learning 

accuracy gain 

Deployment 

& Scalability 

Deployment Deployment success 

rate 
Scalability Throughput scaling 

efficiency 

Resource & 

Time 

Efficiency 

Resource 
Utilisation 

CPU & GPU 

memory usage 
Time efficiency Number of tasks 

completed over time 

taken 
Usability & 
Collaboration 

 

Collaboration Collaboration 

Quality (Qualitative 

Feedback) evaluated 

using SPACE 

framework. 
User 
satisfaction 

System Usability 

Scale (SUS) 
Vitality Cost per user 

Monitoring 

& 

Observability 

Monitoring Dashboard 

Coverage 
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Compliance 

& Security 

Security Audit trails, data 

privacy & access 

control 

 
 
5. DISCUSSION 
 

This study proposes a comprehensive 
metric for evaluating MLOps by systematically 
reviewing existing literature, extracting and 
standardising evaluation criteria, conducting 
thematic analysis and defining precise metrics 
aligned to those criteria. In the initial phase, a broad 
set of existing studies related to MLOps evaluation 
was compiled, as summarised in Table 1. This 
literature review provided a foundational 
understanding of diverse approaches and criteria 
used by researchers and practitioners to assess 
MLOps performance and maturity. Next, all 
evaluation criteria from these studies were extracted, 
and keywords were identified for each criterion.  

Thematic Analysis allowed the 
organisation of diverse criteria in this study into 
meaningful codes, which were subsequently 
grouped into eight primary themes: Data 
Management, Automation & Pipeline, Model 
Performance, Deployment & Scalability, Resource 
& Time Efficiency, Usability & Collaboration, 
Monitoring & Observability, and Compliance & 
Security. These themes reflect the nature of MLOps 
in practice. 

This was followed by the definition of clear 
and measurable metrics that connect the ideas behind 
the criteria to practical assessments. For example, 
the Interquartile Range (IQR) helps measure data 
robustness, automation coverage shows how mature 
the workflow is and the Population Stability Index 
(PSI) for data drift. This study covers technical, 
operational, organisational and human aspects 
reflecting the complex reality of MLOps in 
production. Important metrics like deployment 
success rate, resource use, and user satisfaction 
(measured by the System Usability Scale) give 
useful insights for everyone involved. This approach 
improves how reliably and fairly MLOps systems 
can be evaluated across different tools and use 
cases.section. 

These evaluation metrics have direct 
implications for the design, implementation and 
management of MLOps systems. For instance, 
recognising data drift through PSI encourages 
implementation of automated data monitoring and 
retraining strategies, improving model reliability 
over time. Automation coverage metrics guide teams 
in identifying gaps in their workflow automation and 

encourage them to invest in CI/CD tools that can 
reduce errors and speed up model delivery. Model 
performance metrics help engineering teams to track 
how well models are optimised and guide decisions 
on model selection, ensuring the deployed models 
are reliable and easy to understand. 

Deployment and scalability metrics like 
deployment success rate and throughput scaling 
efficiency help operations teams identify bottlenecks 
and improve architecture scalability to meet 
workload demands. Resource and time efficiency 
metrics help manage costs and plan system capacity 
by measuring computational usage and processing 
times. Usability and collaboration evaluations 
highlight the importance of user-centered design and 
effective teamwork, which are crucial for sustainable 
MLOps adoption. 

Continuous monitoring metrics help detect 
model performance degradation and trigger timely 
interventions, reducing downtime and performance 
drift in production environments. Compliance and 
security metrics ensure MLOps systems adhere to 
regulatory requirements and ethical standards, 
critical for trust and oversight in sensitive domains. 

Together, these metrics provide a balanced 
and data-driven way to evaluate MLOps systems, 
encompassing technical quality, operational 
stability, user experience and governance. 
Implementers can use these insights to benchmark 
maturity, prioritize improvements and align MLOps 
practices with organisational goals, ultimately 
driving more reliable, scalable and accountable 
MLOps in real-world settings. 

Despite its strengths, thematic analysis has 
several limitations that should be considered in this 
study. A key limitation is its interpretative nature, 
where identifying themes depends heavily on the 
researcher’s perspective. This subjectivity can lead 
to different findings if other researchers analyse the 
same data, which may affect the results. 
Additionally, the lack of a standardised procedure in 
thematic analysis can cause inconsistencies in how 
themes are developed and reported. Moreover, 
thematic analysis can be time-consuming, especially 
with large or complex datasets, and may have 
difficulty capturing complex relationships within the 
data fully. 

Regarding the generalisability of this study, 
the findings are based on a literature review of 
selected MLOps evaluation criteria and may be 
influenced by the scope of the included studies. 
Factors specific to certain industries or organisations 
may limit how well the results apply to other 
situations.  
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Future research could address these 
limitations by using complementary methods, such 
as quantitative analyses or mixed-methods 
approaches, to increase objectivity and depth. 
Longitudinal studies examining MLOps metric 
application in real-world deployments would 
provide empirical validation and insights into 
practical challenges. Expanding the dataset to cover 
a wider range of industries and organisational 
contexts would improve the generalisability of 
findings. Finally, investigating how different 
evaluation themes work together and affect MLOps 
success would improve understanding and help 
create better practices. 
 
6. CONCLUSION 
 

This study makes a significant contribution 
to advancing the understanding of MLOps 
evaluation metrics through the development and 
application of a comprehensive framework. It 
thoroughly assesses MLOps systems across essential 
domains such as automation, deployment, resource 
efficiency, monitoring and compliance. By 
synthesising different evaluation methods from 
previous studies and turning ideas into measurable 
indicators, these evaluation metrics can help 
organisations to clearly assess and improve their 
MLOps maturity, performance and reliability. This 
comprehensive approach aids in making better 
decisions, continuous improvement and sustains the 
success of machine learning operations in real-world 
production environments. The study significantly 
advances understanding of MLOps evaluation by 
providing a structured, multidimensional evaluation 
framework that can be adapted across different 
contexts. Future work should focus on expanding 
these metrics to cover emerging MLOps scenarios 
and provide precise formulas for each criterion. 
Ultimately, this work lays a robust foundation for 
delivering reliable, scalable, and compliant machine 
learning solutions in production environments, 
bridging the gap between academic research and 
practical deployment. 
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