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AI models need better domain 
signals, not just more data

AI systems do not fail because of insufficient 
data or algorithms—they fail because the 
underlying data rarely reflects the reality of 
what the business is doing.

Why enterprise AI success depends on capturing business 
meaning and driving strategic alignment, rather than 
simply expanding your data lakes.
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What does it take to align business context 
and strategy for AI success? 

• Enterprise AI thrives on upstream data clarity: AI initiatives often fail to deliver shareholder value 

because underlying operational systems do not capture critical business events clearly.

• Data lakes amplify confusion: Expanding data storage and ingestion pipelines only multiplies 

operational ambiguity if the underlying data lacks strategic business context.

• Domain signals bridge the gap: Domain-driven design resolves this friction by publishing explicit 

business events, translating technical output into immediate executive insight.

• Clarity drives predictive power: High-quality domain signals drastically simplify AI pipelines, 

improve predictive model reliability, and enhance your competitive positioning.

• Architectural strategy is a leadership mandate: C-suite leaders must prioritize domain boundaries 

and system integration to ensure AI investments translate into measurable operational intelligence 

rather than isolated experiments.

The distance between business events and AI data
In executive boardrooms and strategic planning sessions, the default approach to AI often remains 

aggressively quantitative: collect more data, build larger data lakes, and apply more sophisticated 

models. Telemetry grows, logs accumulate, and new datasets appear in the warehouse. The 

expectation is straightforward. If enough information is ingested, advanced analytics platforms will 

eventually uncover actionable patterns and drive growth.

However, bolting AI onto existing, fragmented systems rarely resolves the underlying friction. When 

operational systems fail to clearly express what the business is actually doing, feeding more data into 

a model only amplifies the confusion. Over the past year, many leadership teams have assumed their 

primary obstacle was a lack of data volume, only to discover that the deeper, more expensive issue 

was how their legacy systems represented daily business activity.

Consider what happens when a real business action occurs. A customer places an order. That single 

action triggers a cascade of activity across multiple specialized systems. The order service records 

the initial request, the inventory system allocates available stock, a payment service authorizes the 

transaction, and the shipping logistics system schedules the delivery. As this process unfolds, each 

localized system records its own highly technical updates.

By the time this information flows downstream into a centralized enterprise data platform, the 

original, cohesive business action has been broken into fragmented technical records. What began as 

a single, easily understood business event now appears as a scattered collection of database changes, 

integration messages, and application log entries. The sequence still exists, but it is no longer obvious.
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AI models attempting to deliver predictive 

analytics must systematically reconstruct that 

original sequence from these broken fragments. 

Doing this reliably is incredibly difficult. Data 

pipelines become complicated, and minor changes 

in source systems trigger adjustments to the 

transformations downstream. This reconstruction 

problem is precisely why so many enterprise AI 

initiatives remain trapped in a state of perpetual 

experimentation, failing to hit growth targets 

or improve decision-making speed. Architects 

working on operational systems run into this 

pattern frequently: the systems faithfully record 

technical activity, but the business story behind 

those actions is much harder to trace.

The Distance Between Business Events and AI Data

Fig 1: Where Meaning Gets Lost
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Raw data is fundamentally different from 
business activity
Enterprise data platforms store staggering amounts of information, but the vast majority of it 

describes what software systems are doing internally, not how the business is functioning strategically. 

Common examples include table updates, status codes, message payloads, and application logs. 

These technical signals are vital for software engineers monitoring system health, but they are entirely 

insufficient when the goal is to generate executive insight into how the business is performing.

Take the strategic imperative of predicting supply chain fulfillment delays. An AI model attempting to 

forecast this risk needs to know exactly when specific milestones occurred: 

• The exact moment an order was committed

• The precise point inventory was allocated

• The time a shipment left the facility, and

• The moment an exception occurred during transit

If these moments are not recorded explicitly, data engineering teams must infer them by stitching 

together multiple technical signals. That inference process introduces complex assumptions that 

degrade the integrity of the data. Over time, these pipelines become incredibly fragile, driving up 

operational costs and delaying time-to-value.
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Domain events that capture what happened
To break this cycle, organizations must pivot toward domain-driven design. Instead of exposing 

internal database updates, systems must publish explicit events that describe what has taken place 

in the business, using terminology that aligns with strategic planning.

For example, an Order Domain should publish events like OrderPlaced, OrderConfirmed, or 

OrderCanceled. An Inventory Domain should publish InventoryReserved or InventoryReleased. A 

Shipping Domain should publish ShipmentScheduled or ShipmentDeparted.

When architectures publish these explicit domain signals, AI systems no longer need to infer what 

happened by parsing through dense application logs. The sequence of operations is already expressed 

in terms that reflect the actual business process. Models trained on these signals behave far more 

predictably because the data natively reflects the structure of the business operation.

Not all data carries the same context
One way to look at enterprise data is through the lens of how closely each signal reflects actual 

business activity. Logs, telemetry and database updates describe how software behaves internally. 

Domain events describe changes in the state of the business. The closer a signal is to the business 

Fig 2: Domain Signal Architecture
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Fig 3: The Signal Quality Spectrum

activity itself, the easier it becomes to build reliable features and reason about outcomes.

Models trained on those signals tend to behave more predictably because the data already reflects the 

structure of the operation.
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Why raw data expansion is a flawed safety net
While raw data can technically be transformed into analytical insights through brute force, relying on 

complex inferences creates extreme architectural fragility and masks operational reality. Predicting 

fulfillment delays or managing supply chain risk requires exact, undeniable timestamps of specific 

business events. Ultimately, the primary obstacle to AI-driven competitive positioning is not a lack of 

data volume, but a profound deficit in data clarity. By reframing the problem around signal quality 

rather than data quantity, organizations can build sustainable, reliable intelligence platforms.

What strategic leaders must do differently
If you are responsible for driving growth and setting the strategic direction for AI investments, you 

must shift your focus from data volume to signal clarity. Here is how you can practically apply this 

mindset to enhance your competitive positioning:

• Demand domain-driven system architectures: Direct your technical leaders to ensure operational 

systems publish clear domain events rather than internal system state changes. This dramatically 

simplifies feature engineering and accelerates decision-making speed.

• Audit your signal quality spectrum: Evaluate whether your current predictive models are feeding 

on low-level application logs or high-fidelity business events. The closer a signal is to the business 

activity itself, the easier it becomes to build reliable forecasts.

• Stop funding blind data expansion: Pivot investments away from mindlessly expanding data lakes. 

Focus instead on reshaping existing operational platforms so they explicitly record key business 

milestones in a language the boardroom understands.

• Enforce strict domain boundaries: Establish clear, uncompromising ownership of business 

capabilities across the enterprise. Without distinct ownership, meaningful events remain 

non-standardized, making it impossible to leverage them for strategic risk management.

• Protect business meaning during integration: Ensure that as data moves across your enterprise, 

it retains its vital business context. Domains must interact in ways that preserve meaning rather 

than diluting it through endless layers of technical transformation.
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The next architectural questions 
Once operational systems begin producing clear domain signals, two critical architectural challenges 

naturally follow. How leadership navigates these challenges will dictate the long-term viability of their 

AI investments.

The first challenge concerns domain boundaries. Without clear ownership of business capabilities, 

meaningful events are difficult to identify, standardize, and maintain. Leadership must dictate where 

one business domain ends and another begins to prevent overlapping data definitions.

The second challenge concerns domain integration. Business domains must interact in ways that strictly 

preserve business meaning. If an event loses its strategic context as it moves from the logistics system 

to the finance platform, the predictive models relying on that data will ultimately fail.

These two pillars—domain boundaries and domain integration—determine whether AI initiatives 

successfully mature into powerful operational intelligence platforms, or whether they remain isolated, 

costly analytical experiments that fail to move the needle on shareholder value.

A different way to think about enterprise AI
AI will continue to evolve rapidly, and underlying models will undoubtedly become more sophisticated. 

But in complex enterprise environments, the limiting factor is rarely the mathematical sophistication of 

the model. The true ceiling on your AI ROI is how clearly your underlying operational systems represent 

the day-to-day reality of your business.

When that representation is weak, fragmented, or overly technical, even the most advanced AI 

systems will struggle to interpret what is happening. Conversely, when the operational reality is 

clear and published through high-fidelity domain signals, even relatively simple models can produce 

extraordinarily useful, predictive results.

The fundamental challenge for executive leadership is no longer just collecting more data. The 

mandate is ensuring that the systems producing your data accurately and explicitly capture what 

actually happened in the business. Only then can AI deliver the strategic alignment and rapid insights 

necessary to thrive in an increasingly complex market.
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Brillio is a digital technology services company that drives AI-first engineering and design-led 

experiences for global enterprises. Born digital in 2014, its consulting-led services span 

Customer Experience, Data & AI, Product Engineering, and Digital Infrastructure. With an 

industry-leading NPS of 71, Brillio accelerates time to market through its proprietary 

BrillioOne.ai platform, powered by AI-ready talent with deep domain expertise.

Brillio is the official Digital Transformation Partner and the official Data and AI Services 

Provider of Atlassian Williams Racing. Brillio partners with leading technology providers 

including Microsoft, AWS, Google Cloud, Salesforce, Adobe, Databricks, and Snowflake and 

operates with 6,000+ “Brillians” across 15 global delivery centers. Consistently recognized as 

a Great Place to Work® since 2021, Brillio blends innovation, talent, and purpose to deliver 

measurable outcomes for clients and fulfilling careers for employees.
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