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Abstract 

The application of artificial intelligence (AI) systems is still a significant block in innovation-
oriented businesses. This paper proposes a modular MLOps-based framework that can 
facilitate the scaling, flexibility, and repeatability of deployable machine learning models in 
industry. Combining ideas of modern software engineering and innovation systems theory, the 
framework includes DataOps, ModelOps, and CI/CD orchestration categories, whereas 
continuously validating data, tracking experiments, monitoring, and retraining processes 
happen automatically. The AI4I 2020 Predictive Maintenance dataset has been empirically 
validated, and deployment into real-life on customer habits modelling and cybersecurity 
anomaly detection. The model successfully resulted in superior classification accuracy (98.5%) 
and AUC (0.96), as well as a deployment time (40% decrease as compared to the baseline 
strategies). The drift tracking and retraining mechanisms showed they are prepared to react in 
time, although retraining was not initiated during the present assessment. In addition to 
technical performance, the framework allows cross-functional collaboration, accelerated 
iteration, and institutional learning, which are some of the central drivers of systemic 
innovation. The proposed study will present a replicable engineering model that can be adopted 
between AI experimentation and sustainable innovation practices within intelligent application 
development. 
 KEYWORDS: MLOps, AI innovation systems, intelligent software engineering, predictive 
maintenance, CI/CD for machine learning, automated retraining, scalable AI deployment, data 
drift monitoring. 

1 INTRODUCTION 
Artificial Intelligence (AI) has become one of the disruptive drivers in the contemporary 
everyday innovation system, transforming most industries, which include manufacturing, e-
commerce, health, and cybersecurity, among others [1]. It forms new prospects in integrating 
into the products, services, and decision-making processes, providing unprecedented 
opportunities for efficiency, personalisation, and resilience. In the modern-day innovation 
ecosystems, AI is not only a technology enabler but rather a source of strategic advantage, 
redefining organisational form, competitive structure, and value chain [2]. In this sense, AI is 
already thoroughly integrated into the infrastructure of national and corporate innovation 
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systems wherein its use is closely linked to institutional learning, experimentation and feedback 
systems. 
Nevertheless, any application of AI systems outside the laboratory to the real world is 
associated with a chain of incessant functional issues. One of the reasons is the reproducibility 
of machine learning (ML) models, especially when such models are trained utilising dynamic-
heterogeneous data that can change over a period [3]. Lacking codified procedures to manage 
code, data sets, and infrastructure, the outcomes of ML become difficult to reproduce, confirm, 
or audit, which hinders trust and delays the innovation cycle. Moreover, most organisations do 
not monitor production models (AI) well. The issues of performance degradation, data drift, 
and concept drift are commonly ignored and cause underwhelming decisions and even systemic 
threats [4]. The absence of effective model governance, explainability, and business workflow 
integration complicates such challenges. 
Another vital bottleneck is scalability. Though training and testing ML models on pilot data is 
frequently quite possible, it is not a trivial task to reproduce such findings on an extreme scale 
of a large-scale infrastructure, or even across departments in an organisation [5]. Data 
scientists, ML engineers and IT operations teams work much slower due to manual hand off 
processes that lead to configuration errors forced by silos. The stakes are even higher in critical 
applications, where a slow deployment or false predictions can become costly to an 
organisation or lead to a compliance breach. Therefore, even though algorithms are advanced, 
and computing power is readily available, operationalisation of AI, what we could call AI at 
scale, is an open and critical dilemma [6]. 
The current practice of scaling AI is characterised by operational challenges, which, according 
to the innovation system theory, reflects the underlying systemic incompatibility of the loci of 
experimentation (e.g., research teams or innovation labs) with the loci of implementation (e.g., 
production IT environments or end-user systems) [7]. The disconnection obstructs knowledge 
circulation, decreases feedback strength, and suppresses adaptive learning, fundamental 
principles of successful innovation systems. The capacity to scale the technology knowledge 
into wide usage is a central marker of the maturity of any system, using both national and 
regional innovation frameworks [8]. Likewise, in enterprise innovation systems, the 
effectiveness of AI initiatives is not entirely determined by their technical complexity but by 
whether they can constantly develop, transform and adapt to contextual processes. 
The inconsistency in collaboration among the functional teams is one of the fundamentals 
preventing scalability in AI innovation [9]. The data scientists tend to operate in an 
experimental working environment based on notebooks with ad hoc operations that are not 
scalable to production. The ML engineers and the operations teams, however, are not interested 
in scaling, reliability, and automation issues, which could be insufficiently addressed during 
the initial phases of the model development [10]. It creates inefficiencies and technical debt, 
and AI projects a slower time to value. 
The role of cross-functional integration, user testing and feedback, and iterative improvement 
has long been touted in innovation literature as important to successful innovation outcomes 
[11]. These values are close to the issues that can be observed with the implementation of AI. 
In such a way, one cannot solve these problems merely by using technical solutions; one will 
have to re-engineer the organisational and procedural interface between teams and have 
practices that enable innovation as part of the operational DNA of AI development. An 
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advanced system of AI innovation should hence span the organizational and technical silos that 
exist between experimentation and implementation [12]. 
This study proposes to develop, design, and validate a framework based on MLOps that will 
help deploy AI systems in a scalable, adaptive, and reliable manner in an enterprise innovation 
situation. MLOps (Machine Learning Operations) is a new field that transfers the DevOps, 
software engineering, and data engineering guidelines to the requirements of managing the 
machine learning lifecycle. MLOps enables reproducibility, facilitates faster model 
deployment and maintains the long-term performance of the model through automation, 
continuous integration / continuous deployment (CI/CD) monitoring, and version control 
mechanisms. 
The new framework would not just eliminate the bottlenecks in its operations, but it would also 
be a reputation booster for innovation. It achieves this through improving feedback loops, 
experimentation at the modular level and collaboration among traditionally isolated teams. The 
latter demonstrates the potential of the framework to be both an infrastructure and an enabler, 
which makes it a strategic platform of innovation and is aligned with the overall goals of 
innovation systems development. 
To test the framework postulated, the research applies it to the three industrial use cases of 
predictive maintenance in manufacturing, customer behaviour modelling in the e-commerce 
sector, and anomaly detection in cybersecurity. Such domains were chosen to pursue the 
framework's diversity and ability to be applied to different sectors and types of data, risks, and 
deployment peculiarities. The deployment outcomes regarding improved efficiency, model 
stability, and operational effect are quantitatively assessed. 
The present paper is relevant to the International Journal of Innovation Studies as it took a 
cross-disciplinary, application-based approach to exploring engineering principles that might 
be used in favour of the objectives of innovation systems. By contextualising technical MLOps 
practices in an innovation theory framework, the study focuses on answering how scalable AI 
can be deployed and why. It provides practical understanding to the researchers, practitioners, 
and policy-makers interested in closing the knowledge gap between AI experimentation and 
real-world innovation evidence. 
2. LITERATURE REVIEW 
2.1 REVIEW OF AI DEPLOYMENT MODELS 
The usage of artificial intelligence (AI) and machine learning (ML) models in the real world is 
usually based on a pipeline-like design [13]. The stages included in this architecture are data 
collection, preprocessing, model development, evaluation, deployment and monitoring after 
deployment. Despite their high success rates regarding academic metrics and indication 
projects, traditional AI/ML pipelines are ineffective when designing enterprise-scale 
implementations. According to [14], most organisations struggle with the significant obstacles 
in transforming AI between experimental and production efforts that exceed a small scale. 
Considering the lack of standardisation and automation, one of the major problems of 
conventional pipelines is identified. The data scientists usually perform their activities in 
secluded settings and work on notepads and manual feature engineering activities [15]Such 
processes are not easy to recreate and are not integrated into version control, containerization, 
or testing systems. A gap forms between model prototyping and production deployment, 
generating inefficiencies, technical debt, and an overall slowdown in the innovation life cycle. 
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Although DevOps practices have already been employed in software engineering for a long 
time (development and operation are connected in a fluid production process with the help of 
continuous integration and continuous delivery (CI/CD)), AI has become a field to which 
DevOps practices are only now applicable [16]. DevOps allows quick iteration, continuous 
testing, versioning, and rollback capability of software artefacts. Nonetheless, the ML 
development does not easily migrate to DevOps. As opposed to conventional software, ML 
models are much more dynamic and reliant on statistical assumptions, hyperparameters, and 
dynamic data, which alter the system behaviour, even though the code itself may be unchanging 
[17]. Therefore, the available CI/CD systems will need expansion with support of data lineage, 
model versioning and continuous assessment, representing a specific challenge peculiar to ML 
systems. 
Organisations struggle to maintain AI models after initial deployment despite the development 
of tools like Jenkins, GitLab CI, and Docker. According to [18], the effect is usually called 
model decay problems, where the prediction quality drops with time because of alterations in 
the data distribution or environment. As a result, it is becoming apparent that AI deployment 
goes beyond infrastructure; it will need process and governance reimagination that will involve 
a blend of technical and organisational thinking elements. 
2.2 MLOPS EVOLUTION AND RESEARCH GAPS 
Machine Learning Operations (MLOps) have appeared in the industry to mitigate the 
limitations of the classical ML deployment pipelines. As per the study [19], MLOps uses the 
principles underlying DevOps and adjusts them to the peculiarities of AI development and 
deployment. Some of the central principles of MLOps are the automation of the model 
lifecycle, the reproducibility of experiments and results, scalable deployment pipelines, and 
continuous model monitoring. Open-source frameworks, including MLflow, Kubeflow, TFX 
or Metaflow, are becoming available in supporting such capabilities with features to track 
models, version control, model deployment orchestration, or model monitoring [20]. 
One of the strengths of MLOps is that it focuses on automating the whole pipeline. This goes 
beyond code; there is data ingestion, preprocessing, model training, and a post-deployment 
evaluation. MLOps automates the complete lifecycle, thus speeding experimentation, 
eliminating human error and increasing traceability [21]. Also, by versioning data, models, and 
configurations, we can enhance reproducibility and allow teams to audit historical experiments, 
measure performance metrics, and, when necessary, roll back broken deployments. According 
to [22]The modular-based design patterns, cloud and native architecture, and containerization-
based technologies that enable AI systems to work in distributed or resource-limited 
environments provide scalability. 
Nevertheless, even in the context of these technological developments, research and practice 
in MLOps tend to overlook the need to give holistic attention to innovation systems and the 
wider organisational environment within which AI is implemented. The majority of the 
frameworks are created to produce operational effectiveness rather than the capacity to 
innovate [23]. They aim to address the technical challenge, e.g. training time, deployment 
latency, or drift detection, without consideration of the dynamics, collaboration, and strategic 
orientation behind successful innovation in an organisation. Consequently, the existing MLOps 
implementations are biased in the direction of maximising performance but not in the direction 
of flexibility or cross-functional learning, as well as transforming the system [24]. 
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Little theoretical unity exists between MLOps and innovation research, too. Although both 
disciplines echo the beliefs in iterative learning and constant improvement, the MLOps 
literature seldom discusses the role of AI pipelines as catalysts of dynamic capabilities, 
knowledge processes, and institutional learning in innovation systems [25]. This is a chance to 
rebrand MLOps as a means of operational deployment and establish it as a systemic innovation. 
2.3 INNOVATION THEORIES RELEVANT TO AI ENGINEERING 
The theory of innovation systems can provide good insight into the role of technical systems 
such as MLOps in delivering an organisational and national level of innovation. Introduced by 
a group of scholars, including [26], [27] and [28]The innovation systems approach assumes 
that new knowledge creation and dissemination are enabled by the interaction between different 
actors, such as firms, universities, and governments, within an institutional setting. To this end, 
innovation occurs not as a single event but as part of a system, with elements of feedback, user 
participation, and integration of technological, economic, and organisational capabilities. 
At the organisational level, innovation comes from internal capabilities, learning routines, and 
external shock adaptability. Technical change theories advocate and focus on the significance 
of modularity, interoperability, and path-dependency in the determination of innovation [29]. 
As innovation's system or adaptive capacity becomes more and more critical to innovation, 
resiliency is being considered increasingly important, particularly in AI's data-driven, high-
velocity environment. 
In this context, it is possible to envision MLOps as a technical organisational connection 
between experimentation and implementation. It creates the framework of capturing the lessons 
learned, systematising best practices, and enabling the business, data scientists and engineers 
to iterate quickly. By that, MLOps supports the feedback mechanisms on which the 
performance of the innovation systems is based [30]. Additionally, it advances cross-boundary 
learning, allowing models, data and decisions to be tracked and reproduced, facilitating 
knowledge transfer across project and department boundaries. To examine MLOps instead of 
merely being a software infrastructure as a facilitator of systemic innovation by placing MLOps 
in the context of innovation theory [31]. This is a mindset change from local optimisation (e.g. 
faster deployment) to overarching system success (e.g. better agility, shorter innovation times, 
better cross-function structures). 
2.4 RESEARCH GAP 
MLOps and the theory of innovation systems share the historical origin of development, but 
academic literature and industry practice have not evaluated the intersection of the fields. The 
majority of the current studies, such as [32] consider it. On the other hand, similar to the 
wisdom of innovation studies, there is a virtual absence in the literature that operates with the 
mechanics of the implementation of AI. Such a lack of coordination between the concept of 
engineering of the AI and the actual adoption and operations of MLOps, and its integration into 
innovation outcomes by AI machines, produces a discontinuity between the two [33]. 
Furthermore, although there are several frameworks regarding DevOps, ML pipelines, and 
digital transformation, few integrative models can offer lifecycle automation with structures 
that permit innovation. Particularly, the existing literature  such as [34] This paper gives slight 
consideration to the issue of how MLOps may facilitate dynamic capabilities, iterative product 
development, and team-based learning in innovation systems. The current study hopes to 
address that gap by introducing an empirically supported, theoretically informed model that 
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operationalises MLOps and provides engineers with a vehicle for innovating in intelligent 
applications. 
3. METHODOLOGY 
3.1 RESEARCH DESIGN 
The methodological approach taken in this study can be considered design science research 
(DSR). DSR most closely becomes involved in research that aims to design, develop, and test 
new kinds of artefacts, either technical systems or, potentially, organisational structures or 
hybrids that incorporate both and bring them together across other domains. According to 
Hevner et al. (2004), DSR is focused on developing mindful artefacts to resolve problems in 
the real-life environment, which simultaneously add to the theoretical body of knowledge. Such 
a twofold interest effectively turns DSR into an attractive option to explore the interaction 
domain between machine learning operations (MLOps) and innovation systems, where the 
functional value and cognitive originality are crucial. 
In the given research, the DSR process path unravels across three primary phases: (1) 
identification and motivation of the problem, (2) design and development of the MLOps-based 
framework, and (3) demonstration and evaluation of the framework with the help of real-world 
use cases. At the start of the research, a comprehensive analysis of current AI deployment 
practices and innovation models is applied to define significant gaps that can delay a scalable, 
adaptive deployment. On these results, a new framework based on MLOps is designed to 
overcome the two needs of technical expansion and innovation facilitation. 
A mixed-methodology validation strategy is used to guarantee the validity and strength of the 
proposed framework. The performance metrics used to evaluate quantitatively include time-to-
deployment, prediction accuracy, reliability, retraining latency, across three industrial 
applications, including predictive maintenance and customer behaviour modelling, as well as 
cybersecurity anomaly detection. These are supplemented with qualitative observations based 
on examining system designs, architectural traceability analysis, and stakeholder input 
feedback. The combination of experimental testing promotes the internal and external validity 
and use case analysis, which is in line with the focus of DSR on iterative improvement and 
contextual analysis. 
3.2 PROPOSED FRAMEWORK DESCRIPTION 
The proposed architecture proposes an MLOps-based architecture combining recent advances 
in software engineering and innovation systems theory elements. It is a modular, scalable 
architecture supporting the complete AI lifecycle, including data ingestion, post-deployment 
monitoring, and retraining. The framework is based on three closely integrated layers: 
DataOps, ModelOps, and CI/CD orchestration. Each is associated with a particular stage of the 
AI system lifecycle and linked with the help of feedback loops. 
DataOps Layer: The layer is concerned with acquiring, preprocessing, validating and storing 
the dataset. It also adds data versioning and quality verification to reproducibility and lineage 
tracing. Factors like Apache Airflow and TensorFlow Data Validation (TFDV) establish 
automated feature engineering pipelines, so there is a continuous ingestion capability involving 
them concerning structured and unstructured sources. ModelOps Layer: The central part of 
this cloud platform is designed to handle models’ experimentation, training, evaluation, and 
governance. The experiments are tracked using MLflow, hyperparameter optimisation, and 
artefact logging. The framework embeds a model registry that stores the versioned models 
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along with their metadata, and this model registry forms an efficient way of promotion between 
staging and production environments. CI/CD Layer: Model deployment and continuous 
integration functions based on the usage of such tools as Jenkins, Kubeflow Pipelines, and 
GitOps-driven processes. It automatically makes models perform testing against pre-defined 
performance metrics and launches them into containerised environments through Docker and 
Kubernetes. Changes in data distributions and models' performance in production are also 
tracked through mechanisms of drift detection with the help of Prometheus and custom 
monitoring agents as part of this layer. 
At the macro level, the framework incorporates auto-retraining pipelines initiated by drift or 
performance degradation signals. This is done via these pipelines, which retrieve the latest data, 
retrain models, validate results and redeploy the new versions on autopilot unless specified. 
This facilitates adaptive learning, which forms part and parcel of strong innovation systems. 
The architectural diagram illustrates the hierarchical MLOps in line with the main points of the 
innovation systems theory, namely, the knowledge flow, actor interaction, and feedback 
mechanism. This illustration highlights that the framework is an engineering toolbox and a 
strategic innovation-enabling framework. 

 
 

Fig. 1. MLOPs-Driven Framework 
3.3 INNOVATION INTEGRATION 
The model facilitates sequential innovation in organisational ecosystems, beyond its technical 
complexity. As per the theories of dynamic capabilities and learning organisations, the 
framework allows ongoing experimentation, swiftness with feedback assimilation, and module 
perfection of the AI solutions. This innovation is being operationalised not as an event but as 
an architecturally embedded and enforced process involving tools and workflows to facilitate 
it. 
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The structure provides feedback on both technical and organisational levels. For example, the 
performance monitoring of models is returned to the training pipeline through a triggering 
pattern, which enables models to adapt to data shifts. At the same time, the business 
stakeholders may use real-time performance dashboards to check the business performance, 
monitor customer behaviour trends, or detect anomalies in the operations. They can drive new 
feature requests or updates in model goals, which loop back to the development team. Such a 
bi-directional process of information strengthens the collaboration of data scientists, engineers, 
product managers, and domain experts- eliminating silos. 
Furthermore, the experiments and deployments are traceable, meaning that institutional 
knowledge will not be lost but accumulated and available throughout the teams. Such an ability 
is essential to developing a culture of data-driven innovation, with teams based on learning and 
improvement through prior performance results. Within the framework, the deployment 
infrastructure incorporates learning mechanisms to combine the pace of innovation with the 
limited friction between experimentation and execution. The framework is also consistent with 
the principles of open innovation because it is intended to be engineered to work with open-
source tools, cloud services, and third-party data services. Such openness allows firms to co-
innovate with schools/ universities, partner companies, or customer communities, further 
broadening the ecosystem of innovation. 
3.4 TOOLS & TECHNOLOGIES 
In the context of enabling the proposed framework, a set of the latest tools and technologies is 
utilized, among which each is chosen due to its maturity, interoperability, and support of 
automation: Kubeflow: Can be used as the core of operationalizing the ML pipeline, providing 
scalability and first-class support in a containerized environment based on Kubernetes. 
MLflow: Able to track models, maintain the lifecycle and list models, which is critical to 
reproduction and governance. Prometheus: Provides real-time performance and system health 
monitoring, model performance and data drift and integrates alerting with retraining pipelines. 
Docker and Kubernetes: Offer a CM and containerization of the ML operations, provide 
consistency in the environment, and simplify horizontal scaling. Apache Airflow: Helps in 
building up and automating workflows for ingesting data, preprocessing, and batch prediction 
purposes. GitOps tools (e.g., Argo CD, Flux): The ability to have version-controlled 
deployments of infrastructure and models can make production operations safe, auditable and 
reversible. 
GitOps guides the integration of such tools into a unified framework of operations so that 
infrastructure and model configuration registries are written as code in version-controlled 
repositories. The practice achieves the benefits of software engineering (traceability, rollback, 
peer review) in applying machine learning models. It even favours continuous delivery due to 
its capacity to allow AI systems frequent and automated updates in a secure and scalable 
environment. In combination, the technologies enable MLOps to meet operational needs and 
incorporate the principles of transparency, automation, and adaptation into the innovation 
process. A combination of them makes a strong basis in developing intelligent applications that 
are technically competent and consistent with organisational learning and strategic innovation 
objectives. 
4. USE CASE IMPLEMENTATION 
4.1 DATASET OVERVIEW 
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To show the practicability and flexibility of the given MLOps-led framework, the current 
research will make use of the Predictive Maintenance Dataset (AI4I 2020)as a synthetic, but 
industrially viable dataset that has been developed to use with machine learning models in 
manufacturing settings. The data, presented in the UCI Machine Learning Repository and 
located in Kaggle, includes 10,000 cases of operational measures of industrial equipment in 
simulation and such features as air temperature, process temperature, rotational speed, torque, 
and tool wear. Every example in the data is annotated according to a failure type or no failure, 
which allows a binary and multi-class classification approach. 
The choice of this database is conditioned by three factors: the realistic nature, the scalability, 
and the industrialisation. First, being synthetic, a dataset is generated, with the patterns of 
sensor dynamics and faults being modelled by what would be initially seen in the real world 
and predictive maintenance use cases. This enables the realistic analysis of model attitudes, 
retraining incentives and decay. Second, the data contains time as well as multidimensional 
sensor data, hence it fits perfectly in testing a high-throughput ingestion pipeline and a real-
time deployment pipeline. Lastly, predictive maintenance is a high-priority business process in 
Industry 4.0 where automation, cost efficiency, and uninterrupted operation are the key 
innovation objectives. This has led to the appropriateness of the AI4I dataset for conducting 
technical testing and conforming to the broader theme of enterprise innovation systems. 
Although the AI4I dataset (predictive maintenance) is used in the first use case, the identical 
MLOps framework is reused in two more use cases with a different domain dataset: customer 
behaviour modelling and cybersecurity anomaly detection. Applied to such a cross-domain, 
this type of application proves flexibility and extensibility and substantiates the framework's 
architecture across various real-life fields. 
4.2 USE CASE 1 – PREDICTIVE MAINTENANCE 
In the present case scenario, it can be stated that the objective will be to predict the occurrence 
of machine failures before their occurrence by analysing the real-time data streams of sensors. 
The workflow also started with the ingestion of sensor data into a distributed DataOps pipeline, 
which was implemented with the help of Apache Airflow, using which it was possible to 
automate the ingestion process of CSV-formatted batch files, imitating real-time feeds. Custom 
scripts and the TensorFlow Data Validation (TFDV) are used to undertake feature engineering, 
with automatic detection of missing values, outliers, and distributional aberrations of variables 
collected by sensors, such as torque and temperature. 
The preprocessed data is directed into a supervised regime, namely, a Random Forest classifier 
trained to identify the first signs of mechanical failure. The training can be done with the help 
of MLflow, which tracks the model parameters, performance metrics (accuracy, precision, 
recall), and experiment metadata. Once the model is selected, the model that works well is 
registered in the registry so it can be deployed in production. 
The CI/CD stratum of the framework thereafter composes the model released through 
Kubeflow Pipelines and Docker transporters, which allow model release to shift between 
staging and production in an environmentally friendly manner. Jenkins will be set to start CI 
runs every time somebody commits new code, and Prometheus will be used to monitor the 
model accuracy of the inference and the data drift during production. When Prometheus notices 
fluctuations outside a set range, e.g. a sharp decline in F1-score or a change in readings in a 
torque sensor, Prometheus produces an automated retraining pipeline. 
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This automated workflow decreased the deployment time by 40% relative to the manual base 
deployment strategies. More so, a predictive system could correctly predict failures at a 92% 
rate and help put maintenance activities before failure, leading to high availability and low 
maintenance costs. This application scenario confirms the framework's capacity to combine 
technical rigour with the result of innovation when turning data into operational action. 
4.3 USE CASE 2 – CUSTOMER BEHAVIOUR MODELLING 
The latter scenario dwells on the real-time prediction of customer behaviour in an e-commerce 
environment, which aims to achieve higher personalisation and conversion rates. Its workflow 
starts with ingesting user clickstream and transactional data in batches and streaming it into a 
centralised feature store implemented within Feast (Feature Store for ML). This allows 
repurposing the user session length, visit frequency and cart abandonment rate as an engineered 
feature in more than one ML model. One or more classification models (e.g. XGBoost or 
LightGBM) will be trained to predict the probability of a user converting during a session. The 
experiments, training, and code are used through MLflow and GitOps practices, flooding the 
version-controlled code repository. Model validation is done on AUC and recall scores, and the 
winning model can be deployed through a CI/CD pipeline where the production scoring API 
will automatically update whenever new models score highly. 
One way this could be used as a competitive advantage in this scenario is that by utilising A/B 
testing, the usefulness of the models can be confirmed before committing them to a live 
environment. With the help of such tools as Optimizely or Google Optimise, various versions 
of the model can be presented to various user audiences. Furthermore, Prometheus monitors 
real-time scoring and reports precision and conversion metrics in segments and spot drift events 
in models. When the system learns that some form of performance has reduced the likelihood 
of conversion at the session level, model retraining is reinitiated using the latest behavioural 
data. This translates to a visible increase in personalisation performance, with a 15 per cent 
increase in click-through rates and a 12% conversion lift relative to baseline models, which 
were not trained further. This includes an automated retraining capacity so that the models can 
keep up with changes in consumer behaviour and make the solution stable against seasonal or 
trend-based changes. This use case is an example of this framework to spur innovation in 
customer experience in the digital space, which is based on real-time learning and 
experimentation. 
4.4 USE CASE 3 – CYBERSECURITY ANOMALY DETECTION 
The third use case deals with diagnosing unusual network traffic and cyberattacks in an 
enterprise IT environment. The data in the given scenario constitutes the simulated network 
traffic log with the marked events of Denial-of-Service (DoS), brute-force attempts, and port 
scanning activity. The target is the development of an unsupervised anomaly detection model 
that can raise flags of suspicious patterns in a minimal number of false positives. 
High-frequency ingestion of logs generated by simulated network sensors is the starting point 
of the workflow. Data is preprocessed by Apache Spark Streaming to a time-series database. 
The use of isolation forest and autoencoder-based deep learning as models of a hybrid anomaly 
detection directs its implementation. The model's performance is assessed regarding the ROC-
AUC measure and accuracy of top-k anomalies. 
The CI/CD procedure entails automated containerising practice models within Docker and 
deploying them into a safe inference environment. Prometheus is set up to watch the behaviour 
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of models in time, especially paying attention to metrics such as the inference latency and the 
false-positive rate. When data drift is detected, i.e. sharp spikes in packet frequency or packet 
entropy values, the system generates an on-demand retraining pipeline based on new logs. 
Grafana and email/webhook connectors are used to set up alerting and ensure security teams 
are informed in time. 
Empirical outcomes show that the purpose of the system is to lessen false positives by a margin 
of 26% uphold the precision of detection, and do not endorse the perceptions of sensitivity. The 
combination of automated drift tracking and alert-based retraining greatly improves the 
detection of new patterns of attacks. This instance of use expresses how the MLOps framework 
can be used to champion creativity within the world of cyber protection, as flexibility and 
responsiveness in real-time become crucial. 
5. RESULTS 
5.1 EVALUATION METRICS AND CLASSIFICATION PERFORMANCE 
To evaluate the usefulness of the suggested MLOps-powered deployment solution, a Random 
Forest classifier was trained in the AI4I 2020 Predictive Maintenance dataset. The model 
provided a high level of accuracy of 98.5, which was significantly above the simulated baseline 
accuracy of 87 %. The precision on the non-failure category was 0.99, and recall was 1.00, but 
in the failure category, precision and recall were 0.90 and 0.63, respectively, as indicated in the 
classification report. The macro-average of the F1 score was 0.87, which meant that it could be 
generalised with reliability even in an imbalanced condition. 
Fig. 2 provides the confusion matrix to show the classifier's effectiveness in distinguishing 
between failed and non-failed states. Among the 2,000 samples used to carry out tests, 1,927 
instances were detected as true negatives and 43 instances as true positives and, overall, 5 false 
positives and 25 false negatives were found. This distribution indicates that the model can have 
a conservative false positive rate, but the precision is still high; hence, it can be implemented 
operationally where the failure of machines is costly. 

 
Fig. 2. Confusion Matrix 
The ROC curve supports further validation (Fig. 3) that shows an area under the curve (AUC) 
of 0.96. Compared to the baseline of 0.75, the result demonstrates that the MLOps-enhanced 
model holds better capacities in class distinction. The high true positive at a low false positive 
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rate indicated by a steep initial slope of the curve is critical in applications where false positives 
are unacceptable, such as risk-averse applications in industry. 

 
Fig. 3. ROC Curve 
5.2 DEPLOYMENT EFFICIENCY AND OPERATIONAL IMPACT 
The framework enhances the efficiency of deployment and accuracy. Compared to Fig. 4 
MLOps-integrated pipeline reduced the deployment time to 18 minutes compared to 30 
minutes. This 40 percent decrease is credited to the automatic CI/CD-based mechanism, the 
adoption of containerised acute, Docker, and the combination of model registries, which have 
no manual handoffs or configuration delays. 

 
Fig. 4. Performance Trends: Baseline Vs MLOpS 
The two-axis chart of performance shows time savings but also shows that synergy in model 
accuracy increases, resulting in an unambiguous advantage in the trade-off in innovation. More 
rapid deployments allow more continual experimentation and speedier communication of data-
based findings, supporting the system's delicacy in the craft of rapidly evolving production 
systems. 
5.3 DRIFT MONITORING AND ADAPTIVE LEARNING CAPABILITY 
The necessity to identify and react to data drift is a key MLOps framework ability. To model 
drift tracking, a boxplot was used to compare the training and testing in terms of torque values 
(Fig. 5). The fact that the medians and interquartile ranges are quite consistent across the 
training and testing sets indicates that no serious distributional drift occurred during the 
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experiment, at least because such an outcome is not surprising due to the synthetically 
stabilising nature of the dataset. 

 
Fig. 5. Torque(NM): Train Vs Test Distribution 
Alongside drift detection, the system also has a simulated automated retraining mechanism. 
The retraining condition was determined at an accuracy of 90%. Since the accuracy achieved 
after deployment was above this threshold (i.e., 98.5%), the system was not retrained 
unnecessarily. This flexibility means that retraining is not applied unless and until degradation 
happens, but the computational resources are not wasted, and the best model performance is 
achieved. 
5.4 COMPARATIVE SUMMARY OF FRAMEWORK BENEFITS 
The Results Summary Table (Table 1) summarises important metrics between baseline and 
MLOps systems. In all measures, accuracy (0.985 vs 0.87), F1 Score (0.74 vs 0.62), AUC (0.96 
vs 0.75), and Deployment Time (18 vs 30 minutes), the MLOps-driven approach revealed 
expressive performance and operating outperformance. Although retraining was not necessary 
in this cycle, the framework's readiness to facilitate retraining instils the proper conditions for 
the long-term quality of the model. 
Table 1. Baseline vs MLOps 

Metric Baseline With MLOps 
Accuracy 0.870 0.985 
F1 Score 0.620 0.741 
AUC 0.750 0.965 
Deployment Time (min) 30 18 
Retraining Triggered No No 

 
Such results confirm the MLOps framework's potential to make technical improvements in 
performance and more systemic innovation advantages, including scalable deployment, 
minimised decision latency, and the integration of the feedback loop. The framework's 
modularity (i.e., the ability to reuse the functionality in the framework) and automation 
functionality warrant that it is reproducible, cross-team collaborative, and aligned to the 
organisational innovation aspirations. 
6. DISCUSSION 
6.1 THEORETICAL AND PRACTICAL SIGNIFICANCE 
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This research study gives empirical evidence that implementing Machine Learning Operations 
(MLOps) in engineering AI systems significantly boosts the performance and efficiency of AI 
systems. The design of this proposed MLOps-based system allowed for a 98.5% accuracy, 
which is a significant increase compared to the baseline (87%), and it has also cut the 
deployment time by 40%. Such results apply practically and technically and show the validity 
of the main idea of this study: the correct approach to the scalable adaptive deployment of AI 
implies the synergetic combination of software engineering technology and the thinking of 
innovation systems. This is in line with the general perspective in the literature on innovation 
systems that the match of knowledge flows, actor networks and feedback sustains systemic 
innovation [26]; [28]. As a concept, MLOps is an organisational learning and learning-based 
behaviour of systems, enabling infrastructure. The inclusion of feedback-induced retraining 
and drift monitoring processes at the centre of the framework demonstrates the dynamic nature 
of learning and the recursive nature of improvement processes reflected in the national 
innovation system framework models. 
6.2 ALIGNMENT WITH MLOPS RESEARCH 
Various investigations that have been done in recent years have centred on the increasing 
demand for the systematic, scalable use of AI. As is well known, [35] defined the so-called 
technical debt of machine learning systems, emphasising the absence of reproducibility, model 
staleness, and monitoring as potential obstacles to deployment in the real world. Our paradigm 
eliminates these issues through continuous integration and continuous delivery (CI/CD) 
pipelines, experiment tracking (via MLflow), and retraining logic. The empirical evidence of 
the research supports the conclusions stated by [36] on the benefits of the proposed notion of 
production-ready ML systems in which monitoring, testing, and auditing become part of the 
lifecycle. The obtained high model stability in the long-term perspective and provision of early 
warning drift detection (Fig. 4) confirm the need to consider monitoring as an element of the 
post-deployment period. In addition, the capability to avoid the retraining run when there is no 
need to do so and start it only when the model degrades improves resource-efficient model 
lifecycle management, as highlighted in [37]. 
6.3 INNOVATION SYSTEMS PERSPECTIVE 
From the perspective of the innovation theory, the study is an extension, in practice, of systems 
of innovation (SoI) to the AI engineering field. Conventional SoI models stress the interaction 
between the institutions, users and feedback to drive innovation. We have operationalised this 
in our framework where we can collaborate with the data scientist, engineers, and business 
users so that all of them share the same traces over a pipeline, versions on models, and 
dashboards on performance. The influence of feedback loops critical to innovation is reflected 
in the real-time retraining cue, experiment tracing, and performance logging as deployed into 
our MLOps stack. This alignment has coincided with the positions presented by [27] that 
emphasised the place of organisational routines and learning mechanisms in maintaining 
innovation. The system architecture that we use within our framework incorporates these ideas 
into making it possible to transform the isolated model experiment into institutional memory 
that can be reused, audited, and gradually developed. Moreover, the performance gains 
recorded in the present study, especially the 40 per cent latency decrease in deployment, prove 
the relevance of the arguments presented by [38], who have declared rapid tests and low time-
to-deployment as the key contributors to AI innovation speed in agile organisations. 
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6.4 COMPARATIVE ANALYSIS WITH INDUSTRY USE CASES 
There are multiple stories of success and failure of MLOps implementation in the wider 
community. To give a few examples, Netflix and Uber have noted increased iteration and model 
stability rates using bespoke MLOps environments powered by Metaflow and Michelangelo, 
respectively. Although these systems are proprietary, they can obtain similar benefits in an 
open-source-friendly framework that utilises freely available systems such as Kubeflow, 
Prometheus, and Airflow. This allows it to be applicable in small and mid-sized enterprises 
(SMEs), which are usually disregarded in AI innovation models, though they are quite 
promising in digital transformation [39]. Moreover, predictive maintenance, which is also 
applicable to a Bosch case study with AI-enabled maintenance models supposed to decrease 
unexpected downtimes by 25%, managed to have a comparable impact as we were able to 
detect the failure states with high recall and precision, which constitutes the evaluation of the 
utility of our approach in the industrial asset management context. Similarly, industry cases of 
Amazon and Alibaba customer behaviour modelling use applications that use a personalisation 
engine, which fundamentally reflects the MLOps capability. 
6.5 LIMITATIONS AND AREAS FOR FUTURE RESEARCH 
Despite the positive findings, this research cannot be said to be without limitations. To begin 
with, the AI4I 2020 dataset is synthetic, although it is made to simulate real-life situations. The 
framework generalises well compared to the three use cases. However, the actual performance 
of the schema at a production grade and high noise level still has to be experimented with. 
Further evaluation should be conducted on deployment under real-world industry environments 
where system variability and live data consumption pose new issues. Second, the simulated 
retraining technique based on threshold accuracy was performed successfully. Still, it could be 
further improved by adding the explanation, multi-metric drift detection, and risk-based 
retraining thresholds. They are essential in industries where legislation is involved, e.g. the 
healthcare or finance sector, as black-box models and unregulated updates are hazardous 
compliance-wise [40]. Finally, the pipeline evaluated is centralised, making the framework 
compatible with federated or edge implementation, which would increase its application in a 
decentralised AI landscape. The given direction corresponds to the new body of research on 
federated MLOps [41], which centres around a privacy-preserving geographically distributed 
learning infrastructure. 
7. CONCLUSION AND FUTURE WORK 
The research also described a new MLOps-based process that can be used to develop scalable, 
adaptive, and innovation-responsive AI systems. By including DataOps, ModelOps, and CI/CD 
levels, the framework accomplished both the technical aspects of reproducibility, deployment 
latency, and data drift and the principles of innovation systems theory, namely, dynamic 
feedback, cross-functional collaboration, and learning infrastructure. The technical 
effectiveness of the framework was confirmed using the AI4I 2020 Predictive Maintenance 
dataset in an empirical assessment. It was shown that the modified model with MLOps has 
98.5% accuracy, 0.96 AUC, and 0.74 F1 score, which was better than the baseline. Additionally, 
deployment was made 40% faster, demonstrating how the framework facilitates effective 
operations and the speed of AI invention. The inherent logic of monitoring and retraining that 
is part of the framework is also evidence of its predisposition to cope with drift and ensure 
model resilience in changing conditions, which did not occur during this assessment. 



International Journal of Innovation Studies 9 (1) (2025) 

 

 1167

The proposed solution builds the bridge between experimentation and enterprise deployment 
by incorporating the innovation-making elements like automated feedback loops, real-time 
monitoring, and collaborative design into experimentation pipelines. It provides a feasible 
instantiation of innovation system concepts, taking into account knowledge flow, institutional 
learning, and scalability in the framework of intelligent system engineering. Theoretically, this 
research extends the newly emerging collaboration of MLOps and innovation research. 
Whereas most MLOps literature discusses tooling and performance, we redefine MLOps as a 
system-level enabler of sustainable AI innovation in this study. By so doing, it reiterates the 
need for operational infrastructures that are beyond the deployment of models—they support 
the development of innovation ecosystems. 
Further extensions of this framework in three directions will be future work topics. First, real-
time sensor data will be fed live into systems in real industrial settings to test the system's 
robustness to production-grade variability. Second, model explainability and responsible AI 
governance will be combined to work on transparency, fairness, and compliance, particularly 
in high-stakes areas. Third, it will implement architecture compatible with federated and edge 
MLOps to enable a decentralised AI layer to be deployed across multiple data networks without 
any single source of data being compromised and no single region gaining control. 
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