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Abstract 

Algorithmically Intelligent Operations (AIOps) enable intelligent data platforms to accelerate 

enterprise business intelligence. As data grows in scale and complexity, automated techniques 

are increasingly needed to improve the performance and scalability of data ingestion, integration, 

storage, processing, governance, and utility. By reducing latency and increasing throughput, 

AIOps capabilities enable real-time operational intelligence—allowing enterprises to apply 

predictive analytics and prescriptive, rule-based systems that generate insightful 

recommendations automatically. By meeting both design and operational requirements end to 

end, AIOps-enabled intelligent data platforms provide a robust foundation for automated 

decision-making. Use cases illustrate the scalability and impact of these solutions. 

As enterprise data continues to grow in scale and complexity, so too do the infrastructure 

demands of business intelligence. Traditional data platforms—such as data lakes and 

warehouses—often struggle to meet the performance and latency requirements of real-time 

operational intelligence. Decision-making, meanwhile, remains largely human-driven, straining 

operational capacity and limiting organizations’ ability to scale toward predictive or prescriptive 

decision-making. AIOps technologies and techniques address these challenges by enhancing the 

performance and scalability of core data-platform services while enabling the decision-support 

capabilities enterprises need. In doing so, an AIOps-enabled intelligent data platform becomes a 

scalable foundation for enterprise business intelligence—meeting requirements for both 

operational intelligence and predictive-prescriptive decision-making. 
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1. Introduction 

Business Intelligence (BI) Scale and Automation 

Business Intelligence (BI), comprising tools and processes for data analysis, reporting, 

and dashboarding, has become essential for organizations. The resultant data-driven decision-

making significantly improves business performance, as commonly observed. BI has undergone 

rapid evolution to embrace artificial intelligence, support natural language queries, offer 

advanced visualizations, and provide predictions, enabling a more intelligible presentation of 

data trends and their impact and fostering accurate forecasts. Nevertheless, a major drawback 

remains—the excessive manual labor required to prepare data for BI. 

Data preparation—covering collection, cleaning, integration, and normalization—

amounts to extensive resource deployment, typically constituting 80% of the time and budget 

spent on any analytics initiative. IT departments continually field requests for ad-hoc analyses 

and time-series monitoring. Fast-growing volumes of corporate data strain data-sourcing 

capabilities. Industry leaders have voiced the necessity of an increased degree of automation 

within BI to permit enterprise monitoring and forecasting. AIOps, powered by artificial 

intelligence and machine learning, presents a viable means of automating operational tasks. The 

enabling assets—data-platform architectures with scalable ingestion, processing, and serve 

capabilities—are readily available. These technologies, in conjunction, empower Self-Serving BI 

and enable BI Scaling. 

2. Foundations of AIOps in Data Platforms 

AIOps serves as the operational core of a scalable data platform, enabling integrated BI 

and predictive decision-making. The data platform encompasses the full data ecosystem within 

an enterprise, from data sources and ingestion to storage and processing. Redundant data silos 

hinder BI scalability; thus, a unified and coherent approach maximizes a platform's capabilities. 

Integrations vary based on use-case requirements, from real-time demand shaping within supply 

chains to high-latency, batch-oriented enterprise BI. 
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Components include data sources and sinks, data ingestion pipelines, storage layers, 

processing engines, orchestrators, and runtime AI modules. Data sources encompass system 

telemetry; business data flows, such as sales, financial, and supply-chain transitions; and any 

information feeds informing prescriptive decision-making. Telemetry demands a dedicated 

ingestion stream to enable near real-time operational insights and corrective actions without 

competing for resources with prediction-based models. All telemetry streams must be correlated 

to allow for concurrent anomaly detection and root-cause analysis (RCA) procedures. 

 

2.1. Definitions and Scope 

AIOps, intelligent data platforms, business intelligence (BI), and predictive decision-

making are defined and their interrelationships examined. AIOps supports data platforms and 

other operations to use data effectively and minimize risk. Intelligent AIOps-enabled platforms 

automate and streamline data ingestion, processing, storage, governance, and integration, thus 

accelerating data supply for BI. Such automation helps organizations scale BI from standalone 
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queries to operationalizing insights for broader communities. Automation and real-time data 

supply also enhance predictive decision-making. 

AIOps encompasses deploying artificial intelligence (AI) in IT operations to assist, 

augment, augment, or automate processes for observability, performance management, and 

management, network monitoring, security, incident detection, resolution, remediation, and 

capacity planning. Data platform engineering becomes AIOps-enabled when it employs 

telemetry to detect and derive cause-and-effect relationships, supports automated remediation for 

faults and deviations from expected behavior, and supports these AIOps use cases. Intelligent 

AIOps-enabled data platforms modernize BI, and supply scalable resilient data for predictive 

analytics, business rules, and optimization. 

 

Fig 1: AIOps Mechanism: A 5 Step Process 

2.2. Core Components and Architecture 
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An intelligent data platform is made up of a complex combination of different 

components that support data intake, storage, management, processing, and analytics. While 

these components can be grouped differently, for understanding their major functions, they can 

be segmented into six high-level groups: source layer, ingestion layer, storage layer, processing 

layer, orchestration layer, and AI layer. 

The source layer refers to internal and external data repositories and systems that supply 

data to a data platform environment, either by means of batch queries, streaming connectors, or 

data exchanges. The ingestion layer manages the processes by which data flows into the 

platform, obviating complexities and allowing the flow to scale elastically. Data is cleaned, 

normalized, integrated, and catalogued in this layer. The storage layer houses raw and optimized 

data in frameworks such as data lakes, lakehouses, or warehouses. The processing layer hosts the 

compute engines that get activated in response to dataflow triggers or query calls. The 

orchestration layer deploys workflows that automate the sequenced execution of multiple 

dependent tasks within the ingestion or operation domains, whether for routine updates or 

temporal processing of streaming data. Finally, the AI layer contains a variety of machine 

learning and AI models that address all layers of the data platform, including model-based 

insights into data quality for better ingestion, predictive models to automate decision-making, 

and operational intelligence algorithms for real-time performance management of the platform 

itself. 

Equation 1. Total Data Platform Latency 

Start with the platform stages: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑖𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 + 𝐿𝑠𝑡𝑜𝑟𝑎𝑔𝑒 + 𝐿𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔 + 𝐿𝑠𝑒𝑟𝑣𝑖𝑛𝑔 

If orchestration delay is added: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑖 + 𝐿𝑠 + 𝐿𝑝 + 𝐿𝑜 + 𝐿𝑣 

Where: 

Symbol Meaning 

𝐿𝑖 ingestion latency 
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Symbol Meaning 

𝐿𝑠 storage latency 

𝐿𝑝 processing latency 

𝐿𝑜 orchestration latency 

𝐿𝑣 visualization / serving latency 

Final equation: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑖 + 𝐿𝑠 + 𝐿𝑝 + 𝐿𝑜 + 𝐿𝑣  

3. Methodology 

Four strategies guide data ingestion and integration in scalable AIOps-enabled intelligent 

data platforms: batch versus streaming ingestion; schema-evolving data sources; data quality 

management; and metadata management, lineage, and integration patterns. 

Batch ingestion remains the norm for business intelligence deployments. However, 

knowledge discovery from rapidly growing and streaming sources demands a hybrid pattern that 

combines batch and streaming for efficient exploration and understanding of temporal changes. 

In extreme situations, data arrives in “continuous waves,” with unbounded storage and ingestion 

latencies. Accordingly, a hybrid pattern supports near-real-time big data analytics. 

Schema-evolution support establishes the ever-evolving wide-world web, where new 

types of data sources appear almost daily. Organizations require mechanisms to accommodate 

this new web space and automatically incorporate schema changes induced by newer versions of 

schema-evolving data sources without human intervention. Schema-evolving data integration 

addresses support for data sources for which the schema changes over time. A hybrid solution 

can help harness these schema-evolving data sources. 

Data quality is essential for scalable business intelligence. An automatic, multisource 

data-fusion solution can assist in obtaining good-quality records for rich and timely knowledge 

discovery. Data error detection and correction techniques can extend the success of predictive 

ideas to the data quality realm, allowing knowledge discovery from data with errors. 
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Metadata management is critical for the governance of advanced data platforms. In 

particular, support for lineage of both data and models boosts user confidence and encourages 

data sharing. Without clear data-lineage controls, cloud providers cannot guarantee full 

transparency in their decision-making process; lineage thus constitutes a critical component of 

the black-box challenge. 

Table 1: Named Architecture Layers 

No. Layer Name Function 

1 Source Layer Business data, telemetry, IoT, APIs 

2 Ingestion Layer Batch, streaming, CDC, schema handling 

3 Storage Layer Data lake, warehouse, lakehouse 

4 Processing Layer ETL, ML scoring, stream processing 

5 Orchestration Layer Workflow automation and triggers 

6 AI / AIOps Layer Anomaly detection, RCA, remediation 

3.1. Strategies for Data Ingestion and Integration 

The choice of batch or streaming strategies for data ingestion and integration stems from 

latency requirements, particularly for analytics and decision-making that entail real-time 

enablement. Batch ingestion is generally suited for applications that require periodic, non-time-

critical BI and analytic insights. By remaining tolerant to latency, these applications can subsume 

the risk of very large end-to-end latencies. Batch mode is also the approach of choice in 

scenarios where due care is given for data quality, lineage, governance and the schema evolves, 

such that source systems are unaware of the destination platform. These aspects often appoint a 

dedicated engineering team and dedicated workload to manage these pipelines. Schema 

evolution on business reports and dashboards can sometimes be even made sustainable by using 

power-user capabilities. 

Convincing automation and near real-time availability accrue from responsive ingestion 

models. In these models, data is ingested as events occur in the source systems, and the 

destination systems are dataless — at least on a short time horizon. Data quality may be 

compromised and the burden of data lifecycle management increases in these models. 
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Continuous intelligence use cases warrant an even more immediate style of processing, which 

can be delivered using modern short-lived stateful processing engines. Streaming, active and 

continuous intelligence pipelines can remain viable even when there is little business value in 

acting instantly on the decision or prediction outputs, if funnel costs can be absorbed. 

4. Objective of the Study 

A three-tiered hypothesis drives the investigation: first, the design and deployment of an 

AIOps-enabled intelligent data platform operating at scale enhances business intelligence 

solutions; second, it equips organizations with predictive analytics capabilities; and third, the 

resultant augmentation in predictive decision-making efficacy and data-driven culture mitigates 

business risks. AIOps technology is envisaged as an enabler supporting these enterprise-wide 

improvements, with particular emphasis on scalability and operational intelligence. Evaluation 

criteria encompassing speed, accuracy, volume, and cost support objective assessment at every 

stage of the data engineering, analytics, and deployment lifecycles. 

An HCL Technologies intelligent data platform is investigated as a representative 

implementation of the three-tier hypothesis, through a variety of production workloads and 

enterprise-use-case illustrations. Relevant architectural design choices are documented, lessons 

distilled, and effects on BI–AIOps–BI strategies articulated. The endeavours collectively 

showcase practical introduction of both AIOps into operational business intelligence and 

business-intelligence scaling within a production environment. 

4.1. Goals and Aims of the Research 

Examining whether AIOps improves the scalability of intelligent data platforms for 

enterprise business intelligence (BI) and predictive decision-making. Past research and industry 

trends indicate a gap between the volume of business-relevant data and the increasing need for 

data-driven BI across organizations. Businesses must adapt not only to changing demand 

patterns but also to supply-chain disruptions, yet scaling BI operations to meet these imperatives 

usually requires additional manual effort, which can inadvertently introduce errors. An 

intelligent data platform underpinned by a robust yet highly automated AIOps foundation can 

substantially improve the productivity of BI operations. However, the analytics offered on the 

intuitive system—automated alerts, fixed thresholds, and root-cause analysis—have made only a 

limited impact on data-driven decision-making. Enterprises are still seeking novel approaches 
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that go beyond descriptive BI duty and facilitate the predictive and prescriptive decisioning, 

complementing the creative insights human analysts provide. 

These findings underline the urgent need for organizations to automate the operational 

business-intelligence and decision-making aspects of their enterprise intelligence cloud in 

tandem. Examining an AIOps-enabled intelligent data platform design reveals that the 

performance, scalability, and cost-control mechanisms built into the solution help meet the near-

real-time responsiveness required for streaming analytics and decision-making activities. 

 

Fig 2: AIOps - Agentic AI for IT Operations and Management 

5. Research Summary 

Nicolas Miller 
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Five hypotheses framed the enquiry: AIOps and intelligent data platforms widen BI 

access; combine batch and streaming data efficiently; reduce development time; lower total cost; 

enable predictive techniques at scale. Evidence from multiple contemporary use cases supports 

most statements: AIOps and intelligent data platforms facilitate efficient automated data 

ingestion; establish unified frameworks for predictive techniques; improve speed and accuracy of 

decisioning systems. Industry practitioners across sectors can use and extend these findings. 

Business Intelligence (BI) tools empower customers, partners, and employees to use data 

and insights for decision-making. However, the cost, complexity, and time-to-access inhibit 

broad usage. Changes in the nature of data—volume, variety, velocity, and risk—add further 

challenge. Intelligent Data Platforms (IDPs) support self-service BI by automating the 

management of infrastructures, data quality, and data pipeline processes. IDPs designed to 

AIOps principles are capable of more: making Business Intelligence Operations, and the analysis 

of decision-supporting and operational data generated by business processes, scalable, 

affordable, and easy. They simplify predictive modeling when governed, modeled, and decision 

rules applied carefully. 

Equation 2. Throughput Equation 

Throughput means processed events per second. 

Start: 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =
𝑇𝑜𝑡𝑎𝑙 𝐸𝑣𝑒𝑛𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑇𝑖𝑚𝑒
 

Let events be 𝑁, time be 𝑇: 

𝑄 =
𝑁

𝑇
 

If 𝑁 = 100000 events and 𝑇 = 50 seconds: 

𝑄 =
100000

50
= 2000 𝑄 = 2000 𝑒𝑣𝑒𝑛𝑡𝑠/𝑠𝑒𝑐𝑜𝑛𝑑  

5.1. Key Findings and Implications 
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The findings indicate that AIOps-enabled intelligent data platforms address demand for 

scalable enterprise BI and improve predictive decision-making capabilities. Enterprise BI 

scalability is underpinned by elastic data ingestion pipelines—especially for geospatial data—

that accommodate large volume growth; supply chain intelligence remains an area of focus; and 

a supply chain data model helps define common KPIs and enable BI applications. In both areas, 

a robust set of streaming connectors facilitates real-time analytics. Flexibility, extensibility, and 

optimal cost are delivered through data-lake-plus-warehouse architecture, and functionality is 

further augmented through a data-lake-house approach. Advanced ML services enable data-

driven decision-making using predictive and prescriptive capabilities, which draw on rich 

telemetry sources to assess service health, recommend remedial actions, and automatically 

execute remediation workflows. 

Where performance and latency are paramount, the architecture opts for in-memory 

processing coupled with a dedicated BI server farm. Although designed chiefly for manual BI 

processes, the architecture supports advanced use cases such as a near-real-time CO2 emissions 

dashboard. An AIOps-enabled intelligent data platform acts as a centralized engine for 

operational intelligence, supporting application anomaly detection and root cause analysis, self-

healing through automated remediation workflows, and compliance and risk management. 

6. Intelligent Data Platform Design for BI 

Data Ingestion and Integration Ingestion pipelines connect diverse data sources to the 

data platform. Enterprise applications usually provide native connectors; other data get accessed 

via filesystems, APIs, or database shadowing by change data capture (CDC) techniques. Batch 

and streaming data come together in schema-evolving data lakes during the initial consolidation 

process. Connectors, often developed within business functions, pull data from source systems at 

regular intervals. Third-party connectors enable direct data access via APIs to consumer, 

payment, and social media services. File-based formats allow integrating data from external 

suppliers and linked enterprise services like web pages, weather forecasts, fraud reports, and 

financial/market feed displays. Data quality checks based on business rules, established within 

the enterprise functions, ensure readiness for further processing. Incoming metadata trigger 

automated tests for business rules, change detection, and object layout adaptation. 

Data stored in the data lakes are made available for hybrid data preparation, incorporating 

human design and recommendation engines that exploit previous analytics projects. The 
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consolidated data are normed and augmented via data fusion techniques to create rich, validated 

datasets for further downstream modelling processes. Well-governed data lineage captures the 

end-to-end transformations, allowing reversible processes. The vendor-agnostic design choice 

allows augmenting the ingestion framework with new connectors in a controlled and repeated 

way, building a library of reusable modules that can be combined and customized on demand. 

An active metadata-management mechanism is required to track the local systems’ changes and 

trigger related validations. Furthermore, a defined data supply problem-assisted pattern helps 

guarantee timely data availability for actual decision-making and predictive BI requirements. 

Storage and Processing Paradigms The most commonly deployed approach to enterprise 

BI has combined data warehousing and Extract-Transform-Load (ETL) techniques, providing 

high query performance by the continuously maintained denormalized schema-on-read model. 

Cloud-based services enable cost-efficient implementations of the reverse approach, using query-

optimized or columnar data stores on Demand and engine combinations that leverage large in-

memory capacities to support the decision-making process. However, the elastic scalability of 

cloud-based environments creates opportunities for new strategies that enhance classical 

solutions. The lakehouse architecture merges the redundancy-reducing operations of a data lake 

with catalog- and structure-driven query optimizations inherent in data warehouses, combining 

their strengths and overcoming weaknesses. 
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6.1. Data Ingestion and Integration 

Several stream and batch ingestion pipelines are required to handle the data sources in an 

enterprise. A wide variety of data connectors from partners speed up setup, while a data fusion 

engine enriches data quality, relationality, and completeness. Data lineage management uses 

automated systems and appropriate metadata in a modular approach. Following a data-as-code 

strategy, these modules govern source declaration, mapping rules, connection orders, and 

connection cadence. Stream ingestion takes care of telemetry, with enrichment processes 

handling ML-feature computation and other data quality improvements. Structural changes in 

telemetry messages can be dealt with as long as a few important metadata fields such as message 

type and versioning appear in the incoming data. Business events are imported through a change-

data-capture mechanism that processes logs from the source systems. Product catalog 

information (dimensions) can be fed through a schema-evolves system, which the Modin library 

packages and utilizes to manage logic for immutable history tables. The data-fusion engine fuses 

data from the different ingestion paths and fills any missing links through a family of smart-data 

pipelines powered with business rules and references. 
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As data-fusion systems are usually sensitive to structural or semantic changes, it is good 

practice to declare their properties through data governance systems. A data-fusion framework 

maintains the relationships and mapping rules between integration partners, along with careful 

referential management of the partner’s systems and dimensionality. Governance also supports 

the implementation of data-lineage management systems. For optimal operation of a data-as-

code architecture, key components driving data quality should be capable of rehearsing or 

replaying the incoming feed using the defined mapping, order, and cadence. 

Table 2: Key Metrics 

Metric Name Meaning Better Direction 

Latency Time to ingest/process/respond Lower 

Throughput Events processed per unit time Higher 

Accuracy Correctness of predictions/records Higher 

Cost Total platform processing cost Lower 

Availability Service uptime Higher 

Remediation Time Time to recover from issue Lower 

6.2. Storage and Processing Paradigms 

Database and processing patterns play a major part in determining the delivery of 

Business Intelligence at scale. The emergence of the Lakehouse pattern for data storage brings 

new horizons to the classic data warehouse paradigm. It promises a substantial reduction in the 

cost of the BI platform while improving query performance compared to the traditional data lake 

approach. Business needs drive the design and implementation of BI dashboards. The use of in-

memory processing engines, however, is limited by the high cost of RAM. These engines deliver 

low-latency query responses and subECB parameters but may not be used for the entire BI 

workload. The architecture must, therefore, bring together different storage paradigms and 

processing engines according to the specific use case for each BI dashboard. 

The requirements for low-latency responses, for example, may mandate the use of the 

same-scoring processing engine for batch-interval or gradual decisioning as for the analytic 

visualization of historical data. The combination of these different facets introduces 
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implementation challenges when the time taken to score a given model is in the range of tens to 

hundreds of seconds and the model is deployed for scoring through the BI dashboard. Scenarios 

have arisen where the model scored more than fifty times a day, over a period of one month, for 

the BI dashboard, with an SLA of a few seconds within each scoring operation. The decision-

making frequency indicates that it must be continuously scored with the results visualized 

through a dashboard—ideally implemented by a low-latency streaming engine, giving sub-

second latency. 

 

Fig 3: AIOps: Machine Learning Big Data 

7. Predictive Decision-Making Frameworks 

Predictive decision-making, the final phase in the BI lifecycle, emphasizes predictive 

processes that derive insights from information. Predictive analytics concern the prediction of 

future scenarios, events, or behaviors, often through the application of machine learning models 

to extract value from correlated historic data. Decisions may be prescriptive, utilizing such 

models to facilitate decision-making and actions through rules or guidance for business users or 

domain experts. Timing is critical; decision latency must be aligned with data speed to enable 

effective actions within the defined time horizon. 
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Batch analytics remains predominant. However, prerequisites for supporting streaming 

analytics where timing matters include a streaming data service providing a continuous and real-

time supply of events; processing options such as Apache Flink, Spark Streaming, Google 

Dataflow, or AWS Kinesis; and deposition mechanisms into storage locations or systems 

supporting streaming data for downstream applications. Data transformations governing latency 

are essential for fast but batch operations. For example, if lack of balance in a stock ledger is 

detected, there must be the ability to flag the relevant SKUs, freeze the stock levels, alert the 

responsible user, and show the stored events to allow corrective measures, thereby closing the 

loop in the analytical process. Orchestration capabilities outside AIOps support timely 

decisioning. 

7.1. Predictive Analytics and Prescriptive Insights 

In contrast to the more common descriptive statistics, predictive analytics deals with 

future outcomes, while prescriptive analytics recommends actions to steer future events towards 

favorable outcomes. Predictive analytics generally encompasses two types of model 

development: supervised learning, where the target variable for prediction is known, and 

unsupervised learning, where the objective is to discover hidden patterns in the data. Feature 

engineering is a critical activity in model development, with a significant impact on model 

prediction power—especially for supervised learning—and more generally on model accuracy 

and latency. Automated approaches for features generation, selection, tuning, and even the 

generation of adversarial examples are being researched and developed. At the interpretability 

end of the trade-off, interpretable machine learning enhances transparency and auditability by 

making predictions understandable to humans. Model governance of the entire model-building 

lifecycle is important to ensure timely, trustworthy, and aligned models. 

Fully automated prescriptive analytics is an active area of research, with techniques for 

generating decision rules for prediction-ready data and steering decisions through reinforcement 

learning gaining traction. For real-time use cases, decision rules can be expressed in a composite 

form, mapping every key-bucket combination onto a corresponding action, to enable high-speed 

application with low latency. The deployment of decision rules in production requires a 

dedicated operational environment that supports monitoring, retraining and/or replacement, and 

alignment with overall business goal(s). Business rules that hinge on timing are traditionally 

categorized under the big umbrella of timed temporal reasoning. 



 
 

17 | P a g e  
 

 

7.2. Real-Time versus Batch Decisioning 

The latency requirements for decision-making can vary widely, with some business 

decisions benefiting from near-zero latency while others merely require them in a timely manner. 

This section discusses these different needs, the availability of specialized streaming analytics 

capabilities, and how the orchestration of various event-based actions can be automated without 

consistent real-time latency. In circumstances where such orchestration is not practical within the 

permitted latencies, delay-sensitive and more time-irrelevant predictions may have to be handled 

separately. 

There are two decision-making situations which are more naturally achieved in real time 

or within very short time windows: those where the decisions must be taken without human 

delay or where predicted actions have to be taken very soon after an event; and when automatic 

action selection or event-actuation can be implemented through simple business rules or a 

naturalistic decision engine. Many conditions or sequences of events (often known through 

operational experience or from the output of telemetry models) can be handled thus with great 

benefits. The actual impact on the potential need for human decision-making at all may be 

considerably underestimated when the range of decisions requiring real-time speed is combined 
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with the ability to create such action rules. Technologies for managing these tasks already exist 

and are mainly behind the scenes. 

Equation 3. Data Preparation Time Equation 

The data preparation may take about 80% of analytics effort. 

Let total analytics time be: 

𝑇𝑡𝑜𝑡𝑎𝑙 

Preparation time: 

𝑇𝑝 = 0.80𝑇𝑡𝑜𝑡𝑎𝑙 

Remaining analytics time: 

𝑇𝑎 = 0.20𝑇𝑡𝑜𝑡𝑎𝑙 

Example: if total project time is 100 hours: 

𝑇𝑝 = 0.80 × 100 = 80 𝑇𝑎 = 0.20 × 100 = 20 

Final: 

𝑇𝑝 = 0.80𝑇𝑡𝑜𝑡𝑎𝑙  

 

8. Scalability and Performance Engineering 

Cloud computing has enabled elastic compute on demand, which allows provisioning 

additional resources only when needed. However, its benefits can be offset by cold-start latencies 

that introduce long-tail latency for infrequent queries. Architectures supporting an auto-scaling 

strategy for processing engines that relies on compositional workloads can mitigate cold-start 

effects and reduce costs. For periodic workloads such as nightly batch scoring, AWS Batch 

enables scheduling jobs within the limits of the chosen instance type, provisioning resources 
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solely for the execution period. Cost control mechanisms prevent overspending by automatically 

suspending the service when no budget remains. Despite being triggered by demand spikes, local 

burst capabilities are limited and cannot accommodate all sudden traffic peaks. Workflows that 

experience large throughput variations are best served by request-based auto-scaling. Azure 

Functions is a serverless compute service that deploys and scales code on HTTP requests, while 

AWS Lambda supports a wider range of event sources. Despite being a local service, API 

Gateway enables serverless integration with on-premises applications. 

Decisioning at scale typically requires distributed processing, and applications with low-

latency requirements often adopt redis or memcached for caching recent results. Distributed job 

scheduling and workflow management with inbuilt scalability are provided by solutions such as 

Apache Airflow, AWS Step Functions (Serverless Orchestration), and Microsoft Power 

Automate (Business Process Automation). 

8.1. Elastic Compute and Serverless Options 

Auto-scaling capabilities greatly improve system efficiency; however, such scaling 

solutions should also closely enable cost controls for a broad user base. For "cold" serverless 

scenarios, implementation should take cost optimization strategies into account at the layer level, 

in order to reduce excesses linked to startup time. 

The need for auto-scaling has increased in tandem with the NaaS concept. Such scaling 

enables cloud resources to adjust dynamically to variations in workload. By scaling out or in 

while ensuring system stability and performance, businesses reduce resource wastage and 

optimize expenditure. With an elastic solution, necessary cloud resource usage can scale in 

response to actual workloads. While users pay only for the resources they "hold" in use, overall 

business expenditures decrease. 
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Fig 4: Real-World Applications Of AIOps In 2025 

8.2. Distributed Processing and Orchestration 

Distributed Processing and Orchestration facilitate large-scale Business Intelligence, 

Predictive Analytics, and Prescriptive Insights through parallel execution Across the Parallel 

execution support in Processing Engines Scientific Parallel Computation Frameworks Typical 

Enterprise Data Harmonization Patterns Multi-Cloud Workload Distribution Multiple Cloud In-

execution Workload Distribution Multi-Cloud Resource Pooling across Cloud Bindings Ping & 

Route and Leverage Two-cloud Compute Engine Best-Practices 

Parallel execution of intelligent decision pipelines, Data science algorithms, and AIOps-

enabled operational intelligence tasks was assessed in terms of fault tolerance, scheduling, 

resource governance, and workflow management using state-of-the-art scientific parallel-

computation frameworks. Latency tolerance profiling was defined for Enterprise BI use cases at 

different hierarchical levels, enabling Optimal Decisioning Latency and Streaming Decision-

making Orchestration with Automatic Triggers. Typical patterns for enterprise data 

harmonization were illustrated, covering integration of input, descriptive information, and model 

governance for data analytics Edge-usage. Usage of multiple geographical cloud bindings and 

routes was evaluated for Load Distribution and balancing of Execution Workloads, along with 

pooling of Resources across cloud bindings for Multi-cloud Serverless action, Cost-control of 

Serverless executions. 
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9. AIOps in Operational Intelligence 

AIOps is the use of AI and ML to data operations, facilitating smarter decision-making 

when managing data infrastructure, ingestion pipelines, and integrated datasets at scale. Through 

techniques such as anomaly detection, self-healing, and automated remediation, AIOps helps 

ensure high availability of data services and quality of data products. This area can be further 

classified into operational intelligence — gaining insights into the state and health of the data 

platform — and operational automation — self-healing or auto-remediation capabilities for 

autonomous operation of the data platform. 

Robustness of data services is critical for timely, trusted, and relevant decision-making. 

Failure to detect and respond promptly to anomalies can disrupt the freshness, accuracy, and 

reliability of data. Because the volume and velocity of data operations now exceed human 

capacity, detection and remediation must be instrumented. Automated pipelines generate 

telemetry about the state of data ingestion, data quality, and service level objectives, allowing 
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intelligent alerting and remediation. Anomaly detection techniques help sift through the volume 

of operational data and flag abnormal patterns for investigation. Based on the nature and impact 

of anomalies, automated remediation can facilitate safe rollback, reprovisioning of resources, and 

cold start of services from a failed or degraded state. 

9.1. Anomaly Detection and Root Cause Analysis 

Presented in diverse evolving forms, AIOps stands for Artificial Intelligence for IT 

Operations, a term coined by Gartner in 2017. With industry 4.0 enabling innovation and growth 

initiatives in all enterprises via the use of data, machine learning, automation, and artificial 

intelligence, the IT service management (ITSM) domain is also changing. Telemetry data can 

now be collected at large scale from various sources. If used effectively, this data can not only 

help support costs for IT, cloud, and innovation in the business but also maintain reliability and 

business continuity with minimal human intervention using self-healing systems. 

Enterprise systems, platforms, and tools are being replaced or extended with their AIOps-

enabled versions, enabling the prediction of potential outages and incidents and their automated 

solution. Root cause analysis is a labor-intensive and time-consuming effort in all IT 

organizations. Frequently, multiple tools and technologies are needed to track down the causes 

for some service issues. AIOps can examine these issues more efficiently, and there is an 

observable improvement in service reliability, performance, and availability. Anomaly-detection 

techniques on the telemetry data enable more timely redressal actions and preventive measures. 

Equation 4. Cost of Processing 

Start with compute, storage, network, and operations: 

𝐶𝑡𝑜𝑡𝑎𝑙 = 𝐶𝑐𝑜𝑚𝑝𝑢𝑡𝑒 + 𝐶𝑠𝑡𝑜𝑟𝑎𝑔𝑒 + 𝐶𝑛𝑒𝑡𝑤𝑜𝑟𝑘 + 𝐶𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑠 

Using symbols: 

𝐶𝑇 = 𝐶𝑐 + 𝐶𝑠 + 𝐶𝑛 + 𝐶𝑜  

If AIOps reduces waste by 𝑟: 

𝐶𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 = 𝐶𝑇(1 − 𝑟) 
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Example: if cost is 10000 and reduction is 30%: 

𝐶𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 = 10000(1 − 0.30) 𝐶𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 = 7000 

9.2. Self-Healing and Automated Remediation 

Self-healing systems go beyond mere anomaly detection and root cause analysis to 

institute proactive measures that minimize downtime and optimize resource utilization. Self-

remediation leverages automated runbooks that prescribe actions to manage anomalies identified 

through operational intelligence. Self-healing mechanisms typically belong to the category of 

**intent-driven operations**, where desired states are defined upfront and autonomously 

achieved with little human intervention. Governed by a rollback-safe policy, self-healing actions 

are proceeded with caution to prevent adverse consequences. 

A rollback-safe policy guarantees that all recovery actions caused by AIOps do not put 

the system in a worse situation than before the remediation event; even if these actions are 

effective in execution, the rollback-safe policy ensures the subsequent state remains acceptable. 

Common applications of such a policy include detecting racks or cores reach heat thresholds and 

automatically switching off/down unused resources and components. By monitoring the latest 

best-known states of critical components in roll-back databases, the roll-back policy lowers 

downtime or degradation of service during engine or application updates. The driving factors of 

the roll-back policy are resource overhead, usage stats, and above threshold statistics of resource 

nodes." 
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Fig 5: AIOps Vendor Landscape Is Crowded 

10. Governance, Compliance, and risk management 

A comprehensive AIOps-enabled intelligent data platform must also incorporate 

appropriate governance, by-design-risk-management, and risk-compliance measures. Data 

Privacy and Security controls such as access governance, automated access provisioning-

deprovisioning, audit and operating-system-activity logging, activity alerting, data-in-transit and 

data-at-rest encryption, and privacy-by-design principles are critical. A privacy-by-design 

framework will include elements of privacy design; governance; consultation with stakeholders; 

risk assessment; technology location; control; and breach detection. Auditability and 

Compliance-by-Design support controls to ensure traceability for rigorous reproducibility, 

necessary to demonstrate compliance with security and privacy regulations, such as GDPR, 

HIPAA, and PCI-DSS. 
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Data Privacy and Security controls such as access governance, automated access 

provisioning-deprovisioning, audit and operating-system-activity logging, activity alerting, data-

in-transit and data-at-rest encryption, and privacy-by-design principles are critical. A privacy-by-

design framework will include elements of privacy design; governance; consultation with 

stakeholders; risk assessment; technology location; control; and breach detection. Auditability 

and Compliance-by-Design support controls to ensure traceability for rigorous reproducibility, 

necessary to demonstrate compliance with security and privacy regulations, such as GDPR, 

HIPAA, and PCI-DSS. 

10.1. Data Privacy and Security 

Data platforms collect and process diverse data types from multiple sources. Since 

sensitive information might inadvertently pass through, strong privacy and protection measures 

are needed to safeguard integrity, confidentiality, and availability. A comprehensive approach 

encompasses across-the-board data governance (user identity and role management, data 

classification, retention, archiving, and purging), secure user access, and protection during 

storage and transmission. 

Access governance regulates who can interact with various data types. Knowledge about 

the users performing analytic tasks—such as data analysts, business power users, and data 

scientists—helps define access policies based on data types and sensitivity levels. Segregation of 

duties can minimize the impact of a malicious insider. Sensitive data can be masked, 

pseudonymized, or anonymized using industry best practices to ensure privacy. Encryption 

protects information throughout its lifecycle; keys must be securely stored, managed, and 

accessed. Metadata describing encryption status and sensitivity levels shapes user alerts, 

monitoring actions, and integration patterns in the ETL pipelines. 

Data provenance guarantees traceability throughout the data platform. High-quality 

metadata captures data origin—such as source systems and owners; processes applied—such as 

cleansing, masking, or aggregation; and lineage details, including direct and indirect 

consumers—and is used to support compliance, auditing, and forensics. Regular data audits help 

ensure business-wide governance and quality. Built-in integration patterns make it possible to 

verify that user access is appropriate for the data and that retention policies are enforced 

consistently. By designing and automating such controls into the platform, compliance becomes 

an integral part of the solution rather than an afterthought. 
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Table 3: Decisioning Types 

Type Data Style Use Case 

Batch BI Periodic Reports, dashboards 

Hybrid BI Batch + streaming Near-real-time analytics 

Streaming BI Continuous events Operational intelligence 

Real-time Decisioning Low latency Automated alerts/actions 

10.2. Auditability and Compliance by Design 

Adequate governance in enterprise intelligence and analytics capabilities demands the 

auditable recording of the evolution of systems and processes. Automated capture of the data-

fabric chain of data lineage and the design and deployment of CI/CD pipelines for the continuous 

automated development of models and decisions enable traceability and reproducibility, which 

are important features for compliance with internal and external audit requirements. As the 

development of automations progresses, it is supplemented with metadata descriptors to support 

compliance with applicable laws and regulations. 

Governance frameworks, in addition to applicable internal corporate policies, guidelines, 

and external regulations such as PCI-DSS, GDPR, and HIPAA, define security and privacy 

requirements for data access, storage, processing, and transfer for BI and analytical data-

processing capabilities. The foundations for regulatory compliance are set during data ingestion 

and integration primarily through access and event telemetry that provides multiple layers of data 

protection. Storage requires the enabling of sensitive data detection across information and 

knowledge repositories to apply privacy-by-design strategies and controls at different access 

levels, through cryptography, masking, or pseudonymization. Compliance is guaranteed on the 

analytical layer by enabling the automated design and implementation of business rules by 

domain specialists directly from citizen data-science environments. In this manner, business 

specialists drive the implementation of business operations monitoring inside operational 

intelligence environments. 

11. Case Studies and Use Cases 
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Two case studies illustrate practical enterprise applications. The first focuses on scalable 

Business Intelligence (BI) for a multinational technology company, with an architecture designed 

for batch processing. The second describes an end-to-end analytics solution using Supply Chain 

Intelligence (SCI) as a use case and demonstrates real-time predictive decision-making based on 

sensor-based IoT telemetry data. 

1 Enterprise BI Modernization. One of the world's largest technology companies is 

moving large volumes of data from a traditional enterprise data warehouse (EDW) architecture 

to a more scalable cloud-based data architecture to better meet the demands of its BI 

Community. While migrating data to an enterprise data lake and enabling analytics at scale have 

greatly simplified data analytics and enhanced performance, providing timely, enterprise-wide 

insights has become increasingly challenging. Current batch processes struggle to service a 

growing number of reports that require near-real-time data. The current solution architecture is 

therefore augmented with a more scalable Data-as-a-Service (DaaS)-based architecture that 

meets the performance demands of BI and advanced analytics consumers while evolving with 

the growing need for integrating machine learning–based prediction and recommendation 

models. The enhanced architecture also encompasses operational telemetry data from 

microservices and Kubernetes clusters hosted in the public cloud. 

2 Supply Chain Intelligence. Supply Chain Intelligence (SCI) represents a class of 

Enterprise Intelligent Data Platforms that focuses on the predictive decisioning needs of supply 

chain management. These end-to-end data platforms systematically address supply chain 

decisioning in a unified manner. SCI solutions encompass predictive decisioning for forecasting 

future demand and lead times, planning production schedules and material replenishment 

policies, managing inventory, and routing vehicles for last-mile delivery, and executing the 

corresponding decisions in a timely manner. Organizations typically draw data from multiple 

information systems and merge it with external datasets (e.g., weather) to support these 

decisions. Within major blue-chip consumer-relevant manufacturing companies, data and 

analytics have reached a level of maturity such that it can be configured to sense supply chain 

disruptions caused by forest fires, storms, and other natural events and automatically generate 

actions to mitigate their impact on fulfilling demand. 

11.1. Enterprise BI Modernization 
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Large organizations investing in end-to-end intelligent data platforms often adopt a 

modernized lakehouse architecture. A corporate conglomerate, whose many subsidiaries 

vertically integrate vast supply chains ranging from raw material sources to consumables in retail 

stores, consolidated BI across numerous independent data marts into a single platform. The 

initial phases encompassed the selection of event-driven microservices in the cloud and the 

establishment of initial data pipelines for a small subsidiary. Subsequently, many additional data 

sources were integrated while constantly improving monitoring controls based on early 

operational incidents. 

First principles of reliable software engineering were applied throughout data-intensive 

AIOps-enabled applications, and the resulting inflexible software stacks have proved costly to 

maintain in inevitably fast-changing environments. Building generic components, offering 

business users minimum but sufficient capability to support monitoring dashboards, and making 

newly emerging data a part of the solution space have led to a radically different design 

approach. The essential lesson is that, instead of generic predictive models continuously 

supervised by data scientists, most timely actions can be inverse-rules-based and set up in a small 

number of graphical business interfaces. Using logic-based or fuzzy expert systems to drive the 

predictions and decisions for rules that invariably have high latency and low frequency can be 

challenging. 

Equation 5. Prediction Accuracy 

Accuracy is correct predictions divided by total predictions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠
 

Let correct predictions be 𝑃𝑐, total predictions be 𝑃𝑡: 

𝐴 =
𝑃𝑐
𝑃𝑡

 

Example: 

𝐴 =
920

1000
= 0.92 𝐴 = 92%  



 
 

29 | P a g e  
 

11.2. Supply Chain Intelligence 

Designing supply chain smartness necessitates engineered intelligence with clear targets 

tied to business objectives. Supply Chain Intelligence aligns measurement and improvement with 

four key areas: Predicting future demand, Responding effectively to unforeseen disruptions, 

Offering greater customer experience, [and] Complying with rising sustainability expectations. 

Predictive Analytics requires Data lakehouses, Multi-stage Fusion Data Modelling with evolved 

schema management, Automation of Feature Engineering and ML Model Governance during 

model life cycle. Real-time Decisioning requires a hybrid architecture that combines Stream 

Analytics with low latency Batch Mode offering Analytical Refinery capabilities. Smart-

responsive Digital Supply Networks necessitate orchestration of Decision Operations. 

Predictive Decisioning towards Supply Chain Intelligence cuts across three domains: 

Demand Forecasting, Supply Planning, and Inventory Planning. Three detailed end-to-end 

solutions illustrate the separation of data sources from decisioning pipelines. Advanced 

analytics-smart responsive decisioning for Demand Forecasting. Prediction of demand at 

distribution center and item level has a direct impact on fulfillment service, customer loyalty, and 

profitability. Order placement and product availability should be done in the right quantity at the 

right time so that excess capacity or shortage of product can be avoided. These techniques help 

to identify consumer buying behavior in the market, take timely steps to enhance sales, and 

forecast product demand accurately to enhance customer satisfaction. 

Demand forecasting is the process of predicting the future demand for a product or 

service. The prediction can be at several levels, such as at the group level (e.g. product family), 

distribution level (e.g. distribution centre), or product-individual level. Predicting demand at the 

distribution centre and at the item level using advanced machine learning algorithms such as 

XGBoosting and LSTM and also make use of techniques such as LSTM + Kalman Filter for 

better accuracy in demand forecasting. 
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12. Evaluation Metrics and Research Gaps 

Real-time decisioning solutions depend on analytics yielding end-to-end response 

latencies, while batch models for advanced BI are guided by the T+K model for time-sensitive 

actioning covering k-days of analysis in t-time. Streaming setups exploit schema-evolution 

techniques—adaptable structures for rapid data-harmonization. Telemetry data from 

infrastructure, applications, and users facilitate end-user experience monitoring and operational 

intelligence across service-delivery chains with dedicated dashboards and alerts. Prediction-

accuracy requirements align with the model-validation process, which benchmarks predictive 

power across relevant classifications, with the presence of automatic-retraining policies aiding 

timely adaptation and rollback plans ensuring cautious rejections. 

Computational elasticity within microservice architectures auto-scales resources with 

demand, automatically acquiring capacity from cloud-suppliers to minimize cost during twilight 

operations, but is affected by cold-start delays. Distributed processing exploits cluster capacity 
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for thorough parallelism, ruggedness against hardware-failure, and efficient scheduling. 

Orchestration services streamline complex multi-stage pipelines, coordinating diverse processing 

engines, integration with external APIs, and triggering actions on external systems, users, and 

partners via webhooks, emails, or telephony. Major tools offer engine-agnostic workflow-

coordinators in addition to proprietary streaming analytics. 

 

Fig 6: AI Operations (AIOps) Market Size 

12.1. Performance and Scalability Metrics 

Evaluating the performance of an intelligent data platform in the context of business 

intelligence and predictive decision-making necessitates rigorous testing and benchmarking, 

given the highly demanding nature of these use cases. Although AIOps can optimize operational 

performance, their benefits apply to certain types of decisions with high data volumes and low 

latency and throughput requirements. Consequently, performance metrics should focus on 

processing speed, the ability to ingest data streams of high velocity, and the precision of internal 

decision parameters. Decision-making impacts should be quantified based on potential business 

value, with the business case justifying investments in intelligent capabilities. 

Several performance criteria collectively define an intelligent data platform and its AIOps 

components, including latency, the time it takes to ingest a transaction, event, or log entry and 

make it available for immediate consumption by one or more consumers; throughput, the volume 
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of transactions, events, or log entries it can process concurrently; accuracy, the degree to which 

processed messages are correct according to their defined real-world semantics; and the cost of 

processing, which encompasses the full total cost of ownership, capital expenditure, and 

operational expenses. 

12.2. Evaluation Methodologies 

Multiple case studies serve to corroborate the claims of AI-enabled intelligent data 

platforms. An experimental setup verifies the intuition that AIOps-driven advances improve 

Business Intelligence scalability and situational awareness. First, an enterprise using a traditional 

BI stack and Pervasive Supply Chain Solutions (PSC) company are examined. Then, an Industry 

4.0 supply chain intelligence architecture is considered; implementations targeting cost-aware 

predictive decision-making and operational anomaly detection yield further insights. These four 

investigations offer an end-to-end look at an architecture, a breadth of business data, and data 

engineering techniques ranging from schema-evolving ingestion to data preparation, predictive 

modeling, and action-triggering decisioning. 

Quantitative metrics concentrate on three aspects. Scalability measures latency in an 

Elastic Cloud on-demand deployment of a lakehouse architecture serving a BI workload; 

specifically, the impact of multi-table joins and concurrent queries is evaluated. An AIOps-

centric setup assesses the architecture's ability to rapidly communicate critical changing 

conditions and automate remediation of operational faults or anomalies. External datasets—

ranging from environmental data affecting business continuity planning for pandemic and 

drought scenarios to IoT-based telemetry from Industry 4.0 systems supporting real-time 

monitoring, forecasting, and production control decisioning—examine a broader AI-enabled 

intelligent data platform, focusing on the performance of predictive modeling and the decisions 

derived from it. 

13. Conclusion 

The defined scope has enabled a focused examination of AIOps and intelligent data 

platforms for scalable business intelligence (BI) and predictive decision-making. Key industry 

stakeholders consistently relate AIOps to enterprise observability and operational intelligence. 

These intelligence functions differ from those that distill insights from information, yet AIOps 

techniques also apply to intelligent data platforms supporting BI and predictive decisioning, 

where industry demands for self-service, faster time-to-action, lower resource consumption, and 
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increased SLA adherence have become paramount. Studies reveal that contemporary data 

platform architecture directly affects the velocity of data preparation, an essential consideration 

for resource- and performance-constrained production environments reliant on historical and 

real-time telemetry to govern increasingly complex operations. 

The substantiation of hypotheses through use-case analysis and discussion of enabling 

factors contributes valuable insights to practitioners seeking to modernize enterprise BI and 

sustain supply chain resilience through intelligent data platforms empowered by predicative 

decisioning. Specifically, the investigation of data ingestion and integration considerations 

provides a pragmatic baseline for designing suitable solutions. While fulfilment of the remaining 

research questions is ongoing, the amplification of AIOps concepts and inclusion of case studies 

demonstrating end-to-end trajectory solutions provide complementary guidance to practitioners 

engaged in building and operating AIOps-enabled platforms supporting enterprise BI and supply 

chain operational intelligence. 
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