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Abstract 

A comprehensive analysis explores the evolution of lakehouse architectures and their applicability for real-time 

AI-driven decision systems. State-of-the-art architectures for data ingestion and streaming processing, as well as 

a hybrid extension of the medallion framework, form the foundation for semantics-aware online feature 

engineering, high-availability model serving, and comprehensive drift monitoring and detection. Provenance 

tracking and preservation, consistency model selection and conflict handling, access and sharing control, privacy 

and compliance requirements, and benchmark construction for end-to-end performance evaluation are discussed. 

Case studies demonstrate how next-generation enterprise real-time decision systems satisfy at least all of data 

quality, freshness, and access control. Real-time AI capabilities are increasingly being adopted in enterprise 

systems for a variety of purposes, including customer experience enhancement, risk mitigation, fraud detection, 

and service optimization. AI solutions in these domains dynamically adapt using data generated in real time, 

relying on various online and near-real-time algorithms that systematically consume and produce data and 

decisions. Such solutions find their origins not only in classic fraud detection, recommender engines, and online 

bidding systems, but also in AI domains such as learning-to-rank, multi-armed bandits, reinforcement learning, 

transfer learning, deep reinforcement learning, online learning, and continual learning. Real-time feature 

engineering pipelines in these sectors address a wide range of challenges, such as content-based spam detection, 

sentiment analysis, stock market prediction, and stock price analysis. 

Keywords : lakehouse; medallion architecture; data-driven decision making; data pipelines; data management; 

streaming data; continuous AI; streaming analytics; real-time feature engineering; model serving; model 

monitoring 

1. Introduction 

The Medallion Architecture has emerged as a groundbreaking technology for advanced analytics and Business 

Intelligence (BI) pipelines by overlaying Data Warehousing paradigms on top of Data Lakes and their inherent 

Data Engineering capabilities. However, it does not yet cover the full Analytics & AI life-cycle and is not well-

adapted for Real-Time AI applications. A more realistic representation is to overlay Data Warehousing and 

Streaming concepts onto Data Lake and Data Mesh paradigms. This finding leads to the identification of a Two-

Stream Process Framework, consisting of Online and Nearline paths, that maps natively onto different Data 

Representations. This framework provides a broader perspective on the practical requirements, solutions, and 

components needed to deploy Real-Time AI decision systems at Enterprise scale. 

All analytical data remains subject to the Data Medallion but is broadened with additional components for 

exhaustive Feature Engineering, Model Serving support, and auto-Supervision. Doing so facilitates the integration 

of online and nearline Real-Time AI streams with those of common analytics and A/B Testing; thereby ensuring 

full bi-directional support for validated Model Drift Detection, monitoring, and corresponding retraining triggers. 

Moreover, the specific needs for Provenance and Lineage tracking, Consistency Models, Access Control, and 

Privacy by Design/WORLD Logic must also be addressed in this context. Their articulation and resolution yield 

a taxonomy of candidate technologies that is well-populated for Enterprise workloads yet less so for smaller users. 

1.1. Research design: The paper presents a conceptual design of an enterprise-grade real-time-ready Decision 

System Lakehouse to fulfil the vision of real-time AI-driven decision making. The Decision System Lakehouse 

extends the well-known Medallion Architecture with the Hybrid Medallion extension for context-dependent 

performance, it combines Online and Nearline data representation for sub-second query response, and it 

incorporates real-time feature engineering pipelines. Aligning the design with the principles outlined in Designing 

a Real-time AI-driven Enterprise Decision System, the Decision System Lakehouse represents an intermediate 

artefact: a conceptual design blueprint whose adequacy is assessed through cross-domain evaluation with real-
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world case studies. The presented design capabilities address key components and considerations for delivering 

operationalised real-time AI-driven Decision Systems: model serving, monitoring and drift detection; sub-second 

query response time; access control and data sovereignty; provenance, lineage and reproducibility; consistency 

models and conflict resolution; privacy-preserving computation and compliance; and an evaluation framework 

for real-time AI pipeline benchmarks. 

The study identifies a sequence of Transform-Democratise-Operationalise steps to achieve the real-time AI-driven 

Decision System. In the first step, organisations continue to invest in Data Democratization and build their Data 

Lakehouses as Medallion Architectures. Once these foundations are in place, they can take an incremental 

migration approach powered by Modern Data Stack tools to build their Decision System Lakehouse and deliver 

an Operationalised Real-time AI-driven Decision System that supports a business-ready enterprise. 

 

                                                    Fig 1: Medallion architecture in a Data Lakehouse 

1.2. Background and Significance 

Enterprise decision systems increasingly depend on real-time AI pipelines that are engineered to produce 

prediction features by leveraging internal, external, and social data at the right time with respect to a decision or 

action. Ideally, such pipelines should undergo persistent online learning (i.e., self-adaptation) and be prepared for 

rapid retraining. Consequently, the systems begin to resemble closed-loop control systems engineered for stability, 

safety, and security in the presence of uncertainties. These real-time AI pipelines are different from traditional 

ML pipelines used in retrospective analysis and are subject to different requirements and constraints. 

Real-time AI-driven enterprise decision systems differ from traditional ML-driven systems in important respects. 

First, instead of predicting long-term behaviour directly, they periodically produce prediction features that are 

consumed by lightweight predictor models triggered by business processes, such as enhancing the overall 

customer journey (e.g., through better tailored customer offers) or achieving faster time-to-service (e.g., via 

intelligent resource allocation). In supervised mode, these prediction features are used to bridge the gap between 

relevant internal and external data, such as consuming sub-second social media feeds to position offerings more 

effectively within milliseconds. 

Equation 1. Streaming feature computation 

Let the raw event stream be 

𝑥1, 𝑥2, 𝑥3, … 

 

where each event 𝑥𝑖arrives at time 𝑡𝑖. 

Suppose we want a rolling-window feature over the last 𝑊 seconds. 

Define the active window at time 𝑡as 
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𝒲(𝑡) = {𝑖 ∣ 𝑡 − 𝑊 < 𝑡𝑖 ≤ 𝑡} 

 

Now let a feature be the average of some event attribute 𝑔(𝑥𝑖)over that window. 

Step-by-step derivation 

Start from the ordinary average: 

Average =
sum of values

number of values
 

 

Inside the active window, the sum is 

∑ 𝑔(

𝑖∈𝒲(𝑡)

𝑥𝑖) 

 

and the number of active events is 

∣ 𝒲(𝑡) ∣ 

 

Therefore the online rolling feature is 

𝑓𝑡 =
1

∣ 𝒲(𝑡) ∣
∑ 𝑔(

𝑖∈𝒲(𝑡)

𝑥𝑖)  

 

2. Background and Motivations 

The next generation of real-time AI-driven enterprise decision systems demands a new generation of data 

management implementations beyond the Medallion architecture. Despite its success, the Medallion architecture 

is still targeted on historical analysis and mirrored across data-mart ecosystems modeled after the previous 

generation of batch-oriented enterprise data warehouses and data lakes. The Lakehouse paradigm codifies core 

capabilities of Medallion architectures across these ecosystems while supporting different processing contexts and 

enabling data-layering approaches that reflect the diverse access patterns of enterprise data consumers. But as the 

Lakehouse architecture realizes Medallion on a broader scale, a one-size-fits-all approach to layer semantics is 

less compelling and a more modular approach opens newer avenues. In particular, Upper adjacent layers can 

introduce new modular services. For enterprise decision systems where decisions need to be made in real-time, a 

different Data ingestion layer–configuration emerges, enabling access to new types of Data Representations in 

both online and nearline sections. 

Real-time AI pipelines embody the features required of such an architecture and the growing number of Use Cases 

in this area clearly indicates that Real-time AI is on the Enterprise Horizon. But for real-time decision systems, 

the classic ML pipeline needs extending beyond model-training and model-serving to incorporate Model-

Monitoring, Model-Drift Detection and Real-Time Feature-Engineering. So far, it has only been possible to 

execute these extended pipelines in disparate ecosystems, necessitating time-consuming and error-prone data-

copying and data-transformation tasks. The natural next step is to realize these extended pipelines in the same 

ecosystem and automate the Data-Availability, Data-Conformance and Data-Transformation requirements of all 

four tasks at once. 

2.1. Evolution of Lakehouse Paradigms:  The evolution of the lakehouse paradigm is traced from the pioneering 

Medallion architecture through the many provided by commercial platforms, such as Databricks’ Delta Lake, 

Confluent’s and Snowflake’s products and services. Medallion, though conceptually simple, has been shown 

useful by numerous publications, prototypes and production systems. Its operation in the nearreal-time space and 

the capability of long-running batch queries are standard practice in most advanced data organizations. Still, there 

is a clear and pressing demand for the true real-time pipelines and AI/ML-driven decision systems described 
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below. Such systems also require the flexibility of Mixed Signal architectures, the ability to draw data from many 

sources in diverse representations, and support for processes beyond ingestion and serving. 

Combining these characteristics pushes hybrid Medallion into being a family of patterns. The core class defines 

access-to-query pipelines suitable for AI/ML-driven Decision Systems, connected into a graph by models and 

their features. Transformations from these and the primary sources occur in real time or near real time, enabling 

prompt feature monitoring and drift detection, and interactive model evaluation. Beyond models and features, the 

class also allows custom transformations; supporting, for example, replication, sessionization and data masking, 

and accommodating anything that online architectures struggle to do. These, in turn, can oftentimes remain the 

main form of data access, due to their appeal of easy scaling and cost-effectiveness. Support for any sources and 

representations, the mixing of streaming and batch elements, and the implicit serving of models by their features 

facilitates natural completion of multiple steps in one pass. 

 

                                                     Fig 2: The Data Lakehouse Paradigm 

2.2. Real-Time AI-Driven Decision Making: Requirements and Challenges                                                                                 

The convergence of Artificial Intelligence and Big Data might be heralding a new dawn for technology-centered 

business. Yet many industries are still lagging behind, as emerging digitally native companies embrace these 

technologies to rapidly evolve and automate their supply chains, enabling real-time decision-making while 

traditional corporations struggle with traditional technology stacks. Think of the accelerations seen in the 

Financial Services industry by the likes of Revolut and Monzo, yet a huge focus has also been brought to Food 

and Retail Services by cloud born companies like Deliveroo, Amazon Fresh etc. An obvious need acknowledged 

by many C-level executives is the investment in capabilities that enable the enterprise to adopt a real-time 

decision-making model powered by an AI/ML engine. 

The idea of enabling companies to make AI/ML driven decisions based on a streaming data flow has been around 

for some time. But a few practical implementations around the true ability to transform enterprise processes where 

a constant input through a stream concept is mandatory have yet to emerge. The adoption of a real-time, AI enabled 

decision-making model brings fresh requirements and hurdles that need to be addressed.  

Equation 2. Hybrid online–nearline feature fusion 

Let 

• 𝑓𝑡
(𝑜𝑛)

= online feature from the live stream  

• 𝑓𝑡
(𝑛𝑙)

= nearline feature from micro-batch / scheduled computation  

A simple hybrid fusion is a weighted combination. 
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Step-by-step derivation 

Assume the final feature should blend both sources: 

𝑓𝑡
(ℎ𝑦𝑏)

= 𝑎 𝑓𝑡
(𝑜𝑛) + 𝑏 𝑓𝑡

(𝑛𝑙) 

 

To keep the feature on the same scale, require the weights to sum to 1: 

𝑎 + 𝑏 = 1 

 

Let 𝑎 = 𝛼, then 𝑏 = 1 − 𝛼, where 0 ≤ 𝛼 ≤ 1. 

Substitute back: 

𝑓𝑡
(ℎ𝑦𝑏)

= 𝛼𝑓𝑡
(𝑜𝑛) + (1 − 𝛼)𝑓𝑡

(𝑛𝑙)  

 

Interpretation 

• If 𝛼 ≈ 1, the system favors freshness.  

• If 𝛼 ≈ 0, it favors stability from nearline aggregates.  

 

3. Architectural Foundations 

Next-generation AI-driven real-time decision-making systems require a rethinking of the requirements and 

architectural foundations of Lakehouse architectures. Two key attributes are addressed. First, the evolution of data 

ingestion patterns towards heterogeneous streaming, real-time and micro-batching workloads securing freshness 

in both input data and the features delivered to ML training exhibits the need for a progressive enhancement of 

the Medallion layer model; a requirement reinforced by the emergence of **AI feature stores**. Second, the 

modelling of real-time ML inference pipelines must also be reflected in the Lakehouse architectural foundation. 

Traditional serving approach—for batch inference and thus continuous scoring in the ML context—are extended 

with principles more align to real-time streaming pattern. 

Traditional Medallion lakehouse architecture focuses on daily or weekly ELT pipelines followed by batch model 

training. Evolution whithin cloud environments has seen companies like **Databricks** or **Google** augment 

the Medallion architecture with real-time streaming ingestion patterns or specialized streaming log-systems (Pubs-

Sub, Kafka...). Emerging AI applications are however incresingly relying on continuous feature freshiness: both 

for feeding the model with low-latency feeds and preventing concept drifts during serving. Not only the AI Feature 

Store emerged but also real-time Feature Engineering Pipelines controlling with finel granuality the temporary 

representation of the real-time Feature Store. **Continuous Feature Engineering** pipelines aim at implementig 

those requirements; briding offline and online Environments, Controling Computation, Results Freshness and AI 

Feature Store synchronization. The study described associated architecture and required changes in the Lakehouse 

Medallion Model. 

3.1. Data Layering and Ingestion  

Architecture decisions strongly affect integration of an AI-driven decision system with a lakehouse. The original 

Medallion Architecture applies a three-layer data representation pattern—Bronze, Silver, and Gold—each 

supporting different jobs—FastLoad, FastTransform, and FastQuery. Such separation serves well when 

considering batch workloads and different execution speeds for these jobs. Recent efforts propose to extend the 

Medallion Architecture with support for real-time features and decision systems. Incorporation of real-time 

aspects expresses the goal of feeding the decision engines as soon as possible; that is, when low-latency and low-

to-medium-throughput ingestion pipelines are in place. 

Three different configurations arise: a hybrid Medallion extension, contributing to the decision engines but being 

different from FastLoad pipelines; an on-disk representation built as a by-product of the decision-engine features; 
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and a nearline representation built to improve the performance of the Silver layer while being fed by FastLoad 

pipelines. The hybrid extension serves as a non-***medallion*** layer when ingestion of low-to-medium-

throughput data becomes necessary to feed the decision engines in a near-real-time fashion. 

Equation 3. Real-time model serving function 

Let the request at time 𝑡be represented by feature vector 

𝐳𝑡 = [𝑧𝑡1, 𝑧𝑡2, … , 𝑧𝑡𝑑]
⊤ 

 

For a linear decision model, prediction begins with a score 

𝑠𝑡 = 𝐰⊤𝐳𝑡 + 𝑏 

 

where 𝐰is the weight vector and 𝑏is the bias. 

Step-by-step derivation 

Expand the dot product: 

𝐰⊤𝐳𝑡 = 𝑤1𝑧𝑡1 + 𝑤2𝑧𝑡2 +⋯+ 𝑤𝑑𝑧𝑡𝑑  

 

So the raw decision score is 

𝑠𝑡 =∑𝑤𝑗

𝑑

𝑗=1

𝑧𝑡𝑗 + 𝑏 

 

For binary real-time decisions, convert score to probability using sigmoid: 

𝑦̂𝑡 = 𝜎(𝑠𝑡) =
1

1 + 𝑒−𝑠𝑡
 

 

Substitute 𝑠𝑡: 

𝑦̂𝑡 =
1

1 + exp⁡  ⁣ ( − (∑ 𝑤𝑗
𝑑

𝑗=1
𝑧𝑡𝑗+𝑏))

 

 

3.2. Real-Time Processing and Streaming Architectures 

Real-time AI-driven enterprise decision systems require continuous data collection from monitored processes, 

which is complemented by data from social media and other online information sources, processed and cleaned 

for natural language processing tasks. These data streams support processes such as user profiling and product 

recommendation systems, which have generally served the retail sector. Organizations are increasingly interested 

in establishing continuous operational data pipelines and service applications, with data models emerging as a key 

part of a real-time AI-driven decision system. Nevertheless, current data architectures are not designed to support 

rapid and evolving changes in data models, require data engineers for adjustment, and often involve undetected 

anomalies. 

Decomposing medallion architectures into online and nearline data representations, a hybrid solution identifies 

continuous feature engineering pipelines as a third ordering layer. Temporal and modeling aspects provide real-

time focus for serving, monitoring, and drift detection. The integration of online and nearline processing allows 

for increased demand from non-deterministic and user-driven decision systems. However, hybrid solutions remain 

elusive. In addition, provenance and lineage for real-time AI decision systems has received little attention in the 

research literature. A comprehensive approximation in the form of a provenance and lineage representation 
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checklist is offered, anchoring provenance and lineage discussions in requirements of the operational phase of 

enterprise decision systems involving AI modeling. 

 

                                 Fig 3: Real-Time Processing and Streaming Architectures 

 

4. Methodology 

The hybrid medallion extension approach considers the real-time AI pipeline context, defines four transformations 

for online feature engineering and two for nearline feature readiness. Online feature engineering supports low-

latency and low-throughput transformations, using arrivals detected by the streaming ingestion service; nearline 

computations deal with higher-latency, higher-throughput transformations, scheduling continuous batch mode. 

Enabling nearline processing within the streaming framework can benefit from getting data prepared at sufficient 

temporal frequency. 

The per-request context behind request-response Model Serving is a simple need to apply the model at request 

and use the application-level features present in the serving system. Routine model serving pipeline is extracting 

feature sub-space of interest from the arriving requests, sending it to the model for prediction and making the 

prediction available at the application layer. Monitoring always and drift-detection whenever required are added 

to the normal prediction service and are important engine serving components. 

4.1. Hybrid Medallion Extensions for Real-Time Context 

Real-time AI pipelines for enterprise decision-making require context-aware data representations. However, prior 

explorations into hybrid Medallion implementations focus solely on offline training data. Extension to the online 

context supports real-time feature engineering pipelines within the Medallion framework, enabling consistent, 

controlled, and monitored data representation prior to model serving. Concept drift is continuously detected 

through monitoring of incremental feature distributions. Automated detection triggered by synthetic features 

serves to cutoff remote locations in a semi-supervised manner. Proposed Medallion extension molds online 

representation prior to serving as part of an AI pipeline for the financial sector. 

The wide adoption of AI models across multiple sectors highlights an increasing reliance on information-driven 

decision-making. To ensure that decisions are based on accurate, timely, and relevant information, real-time AI 

pipelines that govern enterprise real-time decision systems have emerged. Such pipelines include modules for 

real-time feature engineering, model serving, monitoring, and drift detection. 
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                                                    Fig 4: Hybrid Medallion Extensions for Real-Time 

4.2. Online and Nearline Data Representations 

Model-based solutions enable complex scaling requirements to be met by generating context- and usage-specific 

derivations of the base tables. Streaming data and near-real-time pipelines complete the structural support for the 

online operational feature store. A nearline operational feature store is maintained through a three-layer pipeline 

combining online, batch-mode, and demand basic ETL pipelines. Both models offer feature derivations ahead of 

business detection latency requirements and support business-driven explorations of data outside the data mart 

ontology. 

The ongoing transition from a lake to a lakehouse architecture for the real-time AI-driven decision system foreseen 

in a medium- to long-term horizon includes transformations of the data subsystems. Whereas the basic schema 

and a foundational area have been defined for the lakehouse transition, the components for near-real-time and 

near-operational decision systems supporting feature engineering and operational feature stores have only begun 

to emerge. The near-operational pipeline for real-time feature engineering is now explicitly defined, enabling the 

model-based generation of nearline and online representations of the data and of the basic BI ETL pipelines. As 

such, it is a basis for addressing the lakehouse architecture of the real-time decisions. 

Equation 4. Concept-drift detection 

Let 

• 𝑃(𝑥)= baseline distribution  

• 𝑄𝑡(𝑥)= live distribution at time 𝑡 

A natural divergence measure is KL divergence. 

Step-by-step derivation 

For discrete bins 𝑘 = 1,… , 𝐾, 

𝑃𝑘 = Pr⁡(𝑋 ∈ bin 𝑘 during baseline) 

𝑄𝑡,𝑘 = Pr⁡(𝑋 ∈ bin 𝑘 during live window at time 𝑡) 

 

KL divergence from 𝑄𝑡to 𝑃is defined as 

𝐷𝐾𝐿(𝑄𝑡 ∥ 𝑃) = ∑𝑄𝑡,𝑘

𝐾

𝑘=1

log⁡
𝑄𝑡,𝑘
𝑃𝑘

 



Minnesota Journal of Business Law and Entrepreneurship 
Volume 2026, No. 1 
ISSN: 1540-3270 

1117 
 

https://kommerstad.org 

 

So the drift score is 

𝐷𝑡 =∑𝑄𝑡,𝑘

𝐾

𝑘=1

log⁡
𝑄𝑡,𝑘
𝑃𝑘

 

 

Trigger drift alarm when 

𝐷𝑡 > 𝜏 

 

for threshold 𝜏. 

 

5. Objective of the Study 

The discussion focuses on run-time requirements for AI-ready decision systems in real time. A Hybrid Medallion 

paradigm provides an early view for new data as it arrives, complemented by an online context that supports 

feature engineering stream processing; finally, a nearline context supports monitoring of deployed models and 

detection of drift. The work does not address model training, an activity driven by a legacy or nearline context, 

offering a yet-new view over provenance of training data but solving neither technical nor organisational 

problems. 

These pipelines allow the design of (near) real-time decision systems on data from a Hybrid Medallion lake. 

Training data can be revalidated or rejected, predictions from data that failed the validation checks can be marked 

as “caution” status, and data aged beyond the drift-monitoring window can be removed from the models’ 

monitoring context. The case studies do not address conflicts on training data possible for current Medallion 

systems nor replaying of predictions due to new truth information; these gaps remain open for (near) real-time 

AI-driven decision systems and need assessment of the associated impact on the business processes and drivers 

covered. 

5.1. Real-Time Feature Engineering Pipelines  

Feature engineering can be classified as continuous, defined as already encapsulated logic, and `on-demand,' 

defined as yet-to-be-created capabilities. Continuous pipelines often rely on the same or similar code in feature 

stores and training pipelines. Therefore, the main concern is to ensure that they consume data from consistent 

snapshots of data sources. To define partitions over those changes, either managed tables updated through SCD 

at the ingestion layer or metadata tables for nearline views can be used. Also, some processing and analysis of 

real-time data may be done outside of the real-time AI pipeline context: e.g., Data Quality and Business Value 

Assessment analyses. The results of these analyses can create use cases for quality databases; e.g., outlier detection 

for product recommendations. 

Equation 5. Provenance / lineage mapping 

Let 

• 𝑟𝑖= output record  

• 𝑆𝑖= set of source records used to produce 𝑟𝑖 

• 𝑇𝑖= transformation logic applied  

• 𝑡𝑖= timestamp  

Then a provenance entry can be written as 

Π(𝑟𝑖) = (𝑆𝑖 , 𝑇𝑖 , 𝑡𝑖) 
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Step-by-step derivation 

Suppose an output feature record is produced as 

𝑟𝑖 = 𝑇𝑖(𝑠𝑖1, 𝑠𝑖2 , … , 𝑠𝑖𝑚) 

 

The source set is 

𝑆𝑖 = {𝑠𝑖1, 𝑠𝑖2, … , 𝑠𝑖𝑚} 

 

To make the result reproducible, store: 

• the input set 𝑆𝑖,  

• the transformation 𝑇𝑖 ,  

• the execution time 𝑡𝑖.  

Hence provenance is the tuple 

Π(𝑟𝑖) = ({𝑠𝑖1 , … , 𝑠𝑖𝑚}, 𝑇𝑖 , 𝑡𝑖)  

5.2. Model Serving, Monitoring, and Drift Detection 

Companies need to regularly deploy, serve, and monitor machine learning models in production environments to 

support AI-driven decision-making. In most enterprises, however, the corresponding data pipelines still rely on 

mostly batch processes. Even if the features used by the model are computed in real time, there is still a risk that 

other features that change dynamically within their validity windows (e.g., one week for user behaviour, one 

month for economic indicators) are not reflected in ML model predictions since they are not retrained regularly. 

These models potentially suffer from concept drift: the function that relates X to Y changes over time such that 

the current map, learned on previous feature values and their corresponding labels, is no longer appropriate. Out-

of-Date models adversely impact the most complex and sophisticated recommendations. ML models may 

therefore require retraining and redeployment daily for each online query or in a periodic batch approach (e.g., 

once nightly). Specialised serving layers and platforms allow predictions to be coupled with automatic slices, 

visualisation dashboards, and monitoring of concept drift. 

Actual consumption patterns should therefore be exploited for online retraining with basic features and popular 

models. New data may also be introduced to improve model performance. Building new features in near real time 

in the same format as the online query predictions allows users to provide business-oriented feedback on model 

predictions based only on these basic features. Model performance on these key features may permit modelling 

of consumption patterns by users and may enhance the training data accordingly. In turn, dimensional monitoring 

for regularly changing business-entity-specific features should be used to indicate the degree of concept drift for 

the most popular models with complex features that are less frequently updated. 

 

6. Research Summary 

The objective of the research proposes a set of practical, next-generation principles for building modern real-time, 

AI-driven enterprise decision systems. The principles derive from key requirements levied by real-time AI 

decision systems—detecting and responding to changes as they happen, serving ML models in a controlled but 

open-ended manner, and tracing and lineage tracking. The principles extend the popular Medallion architecture 

into less mature areas of real-time decision systems by applying concepts and techniques from other research 

domains. The resulting hybrid Medallion architecture offers useful directions for both real-time decision-making 

pipelines and the data layer that underpins them. 

As organizations increasingly shift their decision systems toward real-time operation, they likewise want their 

data platforms to operate in real time. In real-time AI systems, data undergoes real-time feature engineering before 

decision-makers use models to determine actions. How these operations are catalyzed and the underlying 
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architecture is constructed are less explored topics. To help IT architects and data engineers, a collection of 

principles for engineering real-time AI pipelines is articulated. The principles also address how organizations can 

tailor online and nearline data representations to meet the needs of low-latency machine-learning inference—

without sacrificing the convenience, cost-effectiveness, and maintainability of Medallion-like architectures. 

6.1. Provenance, Lineage, and reproducibility 

The medallion architecture strongly links every data record to the original data source to allow for reproducibility 

of results. For every new data record inserted into Silver/Nearline data storage, an entry in a provenance table can 

be created, with an associated timestamp. Alongside feature engineering pipelines producing data structures 

required for AI model training, a secondary pipeline could be created to handle candidate lineage data structures 

for AI model drift detection. Similar to the training metadata, the insertion of records into the drift candidate 

structure can trigger an entry into a provenance table. 

Real-time AI-driven enterprise decision systems operate within a rapidly changing environment, where priorities 

shift minute by minute. The models underpinning those decisions need to adapt to new situations, just like the 

humans making decisions based on them. Traditionally, a trigger or condition would be defined to initiate a new 

model training, but such triggers are not suitable for a near-real-time environment. Instead, every time new training 

data becomes available, an entry in the drift candidate structure would suggest that the model's performancebe 

monitored, and that the model be retrained if it drifts beyond an acceptable level. 

 

6.2. Consistency Models and Conflict Resolution 

A major challenge of real-time, multi-user data systems is the trade-off between data freshness and consistency. 

For systems solely supporting read-write access, two main guarantees are usually supported: linearizability, which 

ensures that all operations appear to take effect instantaneously at some point between their start and end times; 

and serializability, which ensures that all operations appear to execute in some sequential order that is consistent 

with the order of operations by each individual client. Natural choices for a consistency model in a multi-user 

context include linearizability and session guarantees, for example. Both choices provide an unequivocal 

interfacing contract, since they guarantee that all clients observe the same sequential order. 

Forentina et al. consider theorems to facilitate the implementation of the linearizable data structure for replicated 

implementations and distinguish between logical and physical operations. Linearizability could lead to 

performance degradation due to the enforced order of interaction. Non-linearizable models such as eventual 
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consistency, weak consistency, and causal consistency relax the order of interaction between clients. These models 

allow clients, not through the system, to define the order of their operations. 

 

7. Result 

To support enterprise decision processes that function on a real-time basis, the requirements for a next-generation 

lakehouse architecture go beyond those identified by the Medallion data layer. A fundamental requirement for 

any data system is to safeguard sensitive information that could lead to violation of regulations such as GDPR and 

HIPAA, or give competitive advantage to adversaries. The inclusion of provenance or lineage tracking ensures 

that data and metadata are stored with sufficient detail to allow for reliable reproducibility of subsequent data 

usages, that is, originality concerns associated with the creative aspect of such usages are adequately addressed. 

Formal consistency models address scenarios in which multiple users need raw data at the same point in time but 

in different locations. The {CAP theorem} states that a distributed system cannot guarantee consistency, 

availability and partition tolerance concurrently; the need for production quality feature engineering pipelines that 

compute the parameters for ML model input. Data pipelines supporting these use cases also need to be able to 

perform periodic batch processing in an online or nearline manner. 

Feature Engineering for ML models is an online process, it takes reference data from historical data streams and 

processes it to form the Model Feature Engineering “Feature” data stream at the same rate as the Feature data 

stream serving the ML Model with input features. The feature pipeline continuously monitors the feature data for 

drift, stores the statistical parameters of the Feature data stream from the previous execution and compares them 

with current statistics. Privacy concerns constrain the usage of sensitive raw data and several forms of privacy 

preservation techniques have been developed to address this. Nevertheless, the underlying algorithm on the 

aggregated or anonymized data can result in outputs that are still privacy sensitive. 

Area What the paper stresses Practical control Expected benefit 

Provenance / lineage 

Every important 

transformation should 

remain traceable to 

source and timestamp 

Provenance tables, 

lineage metadata, audit 

logs 

Reproducibility and 

investigation support 

Consistency models 

Freshness must be 

balanced against stronger 

guarantees 

Choose linearizability, 

serializability, session 

guarantees, or weaker 

models by workload 

Clear client expectations 

and safer conflict 

handling 

Access control / 

sovereignty 

Restricted data access 

must be enforced and 

logged across the AI 

chain 

Federated policy controls 

and access auditing 

Regulatory conformance 

and tenant isolation 

Privacy-preserving 

computation 

Sensitive computations 

may require masking, 

perturbation, or secure 

MPC 

Differential privacy, 

masking, cryptographic 

protocols, private UDF 

execution 

Protected analytics over 

sensitive data 

                                                   Table : Governance, consistency, and compliance matrix 

7.1. Access Control and Data Sovereignty 

Validating data access rights in an enterprise decision system is a paramount task. Data privacy regulations such 

as GDPR, HIPAA, and CCPA mandate that organizations safeguard user privacy and enforce compliance at all 

system levels, from data processing to distribution. Data governance plays a critical role in establishing a federated 
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network of access control and data privacy policies that can ensure even multi-tenant AI-systems do not breach 

data sovereignty. Provenance and data lineage help track data usage throughout the complete life cycle of the 

enterprise AI-processing chain. Thus, all access to limited or restricted data must be logged for auditing purposes. 

Managing policies for data access and privacy must be integrated along with model deployment for both batch 

and real-time situations. Without secure multi-stage data processing serving limited datasets, the risks of AI 

misuse escalates. In real-time scenarios, ensuring privacy in generated models entails more than determining 

whether the training dataset is limited. For every deployment involved in model drift, maintaining the privacy 

preserving guarantees in the final model at all times must be verified. 

7.2. Privacy-Preserving Computation and Compliance 

The fine-grained access control model is extended with a privacy-preserving computing framework based on 

cryptographic primitives to address operationalization concerns regarding the General Data Protection Regulation 

(GDPR). Protecting sensitive datasets usually requires access protocols that ensure no sensitive information is 

leaked and can actively prevent data leakage during query execution. Existing solutions not only require a trusted 

data controller and third-party cryptographic service providers, but also prevent any privacy-sensitive analysis 

over encrypted data. To address these gaps, an approach for privacy-preserving secure multi-party computation 

(MPC) over local computations is proposed, that integrates secure MPC with a formalized protocol for privately 

executing queries over arbitrary user-defined and privacy-sensitive UDFs. Such UDFs can include data access 

and publishing operations that apply local perturbation, differentially private mechanisms, cryptography-based 

masking, or K-anonymization techniques. Secure MPC guarantees that the sensitive assets disclosed by users 

during query execution remain private and prevents unauthorized exposures of non-sensitive data assets from the 

locally-private data controller and third-party services. 

Furthermore, different active-preservation approaches are adopted for processing under GDPR. A line of such 

active-preservation approaches integrate general data perturbation or differentially-private mechanisms for 

sensitivity protection, whereas two propose full-functional sensitive data masking. Legal compliance verification 

is supported by extending procedural horizons. The solution is general, applicable across different settings of 

sensitive datasets, and can be seamlessly integrated in queries whose execution requires sensitivity protection. 

 

8. Evaluation Frameworks and Case Studies 

The evolving requirements of real-time AI-driven decision making, summarized by the three layers of the Hybrid 

Medallion Architecture, necessitate advanced evaluation frameworks for enterprise systems. Such frameworks 

should provide: (1) benchmarks for assessing the performance of a full real-time AI pipeline in a lakehouse and 

(2) case studies that validate the proposed architectural dimensions through the design and implementation of real-

time decision systems that meet the underlying requirements and challenges. 

The need to deliver real-time AI-based recommendations to human decision makers leads to the definition of an 

end-to-end benchmark for real-time AI pipelines. The benchmark comprises the three infrastructure layers of the 

Hybrid Medallion Architecture (HMA) and decomposes the AI pipeline into the three major tasks of real-time 

feature engineering, model serving, and monitoring. The benchmark supports the identification of performance 

bottlenecks through deployment and load-testing in a lakehouse for multiple concurrent users. A use case driven 

by bank customer data demonstrates an enterprise-level, real-time decision-making system that enables 

personalized product offers for new customers. In order to prepare future data scientists for the challenges of 

production environments, a second use case implements an HMA-compliant real-time AI pipeline as part of the 

AI4Good course in the Master of Production Engineering. 

8.1. Benchmarks for Real-Time AI Pipelines 

Data industry analysts are not known for benevolence: the Data Management Solutions Lab of the University of 

Austin has characterized Medallion approaches as "a wall of shame" to avoid and dissuade adoption. Yet a large 

community not-yet-publicly-adverted adoption within some of the world's largest enterprises suggests that it is 

not called "Medallion" for nothing. Claims of an end to data warehousing appear premature, and the Medallion 

discontent is rooted less in Microsoft than in batch-oriented decision pipelines. The underlying concept of "open 
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data lake" and a proper-attribution-led discussion of Azure functionality still have merit. Medallion or similar 

methodologies are, however, rarely pursued for complex Real-Time AI Decision contexts. Such heterogeneous 

and divergent requirements for Data Lagoons — and their freshly appearing architectures — suggest that 

specialized taxonomies, processes and systems are overdue. 

Conceiving Reference Benchmarks not to be overseen by the SREs who covet them, this Composite Benchmark 

seeks to consolidate a middle-road approach. It highlights quality aspects to be measurably tackled in a Real-Time 

Decision context; promotes a horizontally aligned consolidation in the Lakehouse vat of compound quality 

criteria, and lift the right Quality characteristics into Benchmarking, Validation, Monitoring and other Quality 

Preservation layers, hence relieving the Data Pipeline layer. Mindful that the Pipeline itself is less a service than 

the composition of services for which SLOs apply, it forswears product-page charms in favouring Teeth. The 

Composite becomes a Taxonomy for A-B-C-D+ Test sequences of the whole Real-Time-AI Decision System — 

including data generation as many initiatives wish to avoid — one Test to validate increasingly autonomous Test-

Driven Monitoring & Drift Detection, and introduces into Discussion the recently over-heating topic of Model 

Serving. A By-Domed. 

 

8.2. Case Studies: Enterprise Real-Time Decision Systems 

Next-generation real-time architectures are evaluated in various settings to demonstrate how their individual 

characteristics contribute to the elicitation of different dimensions of AI-driven enterprise decision systems. Real-

time AI pipelines orchestrate feature engineering and model monitoring with the goal of extracting signals from 

streaming data and communicating them to downstream applications with minimal latency. The first case study 

implements such a pipeline with a focus on delivering low-latency feature engineering on a hybrid medallion 

design. It deploys an analysis-by-synthesis transfer-services architecture on an Apache Spark–AWS infrastructure 

to extract structured, synoptic information from multimodal streaming data sources. 

A supplementary case study on AI-driven retail replenishment applies a non-trivial deployment in a near-real-

time context to assess closer-to-production operational and business characteristics. The case study highlights the 

subtle complexities of the pipeline components and the importance of orchestrating them to expose the necessary 

business signals to AI-consuming applications—TPE values checked against thresholds and house values checked 

against deviations from historical norms—in a perceptually plausible and semantically meaningful way. It also 

elucidates AI-drivers currently in test mode and additional capabilities planned for the solution. Real-time AI 

decision systems also are applied in a distinct business layer: sensitivity analysis estimating the effects of lead 

time and holding cost on the order volume of a shipment. 

 



Minnesota Journal of Business Law and Entrepreneurship 
Volume 2026, No. 1 
ISSN: 1540-3270 

1123 
 

https://kommerstad.org 

9. Roadmap to Deployment 

Grounded in academic research with real-world validation, a roadmap detailing migration strategies to next-

generation, real-time-supported lake-house architectures is proposed. These architectures are designed to support 

enterprise AI and ML decision-making and enable businesses to become "real-time AI-driven." The roadmap 

provides insights into the incremental transformation, indicated lessons and safeguards, and addresses key 

requirements, implementation considerations, and deployment issues. 

The proposed migration strategies are particularly valuable for industrial setups that have become heavily 

dependent on conventional batch-oriented data pipelines and are now looking for a radically different paradigm 

that fulfils the requirements needed for real-time AI-driven enterprise decision systems while addressing the 

shortcomings of Medallion architecture. Moreover, a principled migration strategy that provides a structured 

framework for gradual transition lowers the risk of switching to the new development. Many complex systems 

face unique challenges when attempting to apply any next-generation architecture in a "big bang" manner; thus, 

a small incremental approach for the deployment of real-time systems is a proven way to reduce risk. 

9.1. Migration Strategies from Legacy Architectures 

Migrating workloads from legacy architectures into real-time decision systems is a complex task, mainly due to 

the differences in the underlying characteristics of these paradigms. Therefore, it is reasonable to take a phased 

approach to transformation, allowing for incremental change and risk mitigation. Real-time processing and batch 

modes often coexist, making it easier for earlier and later stages of enterprise decision logic to stay in separate 

execution plans while automation is added to detection, retraining, and validation. 

Traditional batch-mode processing continues to supply older exhibits and support model retraining, while 

automated triggers manage and control the entire process, including healthy feature drift detection. Following 

model retraining, a drift-test phase serves to compare the predictive performance of the new and previous 

incarnations. Depending on that comparison’s outcome, the retrained model is either put into service or held in a 

test mode until the next retraining cycle. The normal validation of A/B testing also applies when the supported 

decision logic can incorporate the test, and the potential change is deemed sufficiently large to justify the added 

uncertainty. 

9.2. Incremental Transformation and Risk Mitigation  

To mitigate operational risk, even minor and incremental changes to online AI pipelines should be deployed to 

production via controlled canary releases, with traffic gradually shifting from the old to the new version. In a 

production system however, the same level of traffic cannot typically be directed at both the old and new 

implementation for canary releases. Hence, detection of potential regressions of feature engineering pipelines 

becomes crucial. True drift detection tracks the data characteristics of the online features as they flow through the 

pipeline to the AI model, independently of the model predictions. When drift is detected by this monitoring aspect 

of the pipeline, a fast-feedback process should be used to replicate and substantiate the detected changes. If 

regression testing indeed proves to be necessary, it must happen as soon as possible, without delaying the release 

and breaking the fast feedback of AI-driven enterprise decision systems. Potential regressions in models serving 

deployment can be confronted with sound model performance monitoring wherever possible. 

 

10. Conclusion 

Next-generation AI-Driven Decision Systems can push the lakehouse paradigm to the next level, bringing the 

time dimension beyond mere job scheduling to online stratification of the policies that support enterprise 

operations. Current research work has highlighted the requirements and open problems related to a hybrid 

extension with tighter integration of logic and physical deployment closely tailored to real-time decision making, 

and a supporting library of AI-ready tools. These encompass focused support for nearline pipelines for feature 

engineering, online-dedicated data representations, model serving monitoring and drift detection, provenance and 

lineage tracking, model-based access control, privacy-preserving decomposition, and evaluation frameworks. The 

proposal also provides a roadmap for migration, allowing incrementally changing the underlying infrastructure 

toward the new architecture. 
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The proposed architecture extends the Medallion structure and the r3-framework in the lakehouse system to 

support real-time reasoning through a combination of multi-representation repository, real-time feature 

engineering, model deployment and monitoring, enhanced support of explainable AI, and access control based on 

online data dynamics, thereby widening the spectrum of real-time automated AI-driven enterprise decision 

systems deployable over real-time AI pipelines. 
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