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Databricks Lakehouse
Architecture: Connecting
Data Engineering, Business
Intelligence and Machine
Learning

A practical guide to designing scalable, governed and accountable
data platforms

Abstract

Modern organisations increasingly depend on data platforms that support both
established business intelligence (BIl) requirements and more advanced machine
learning (ML) capabilities. Historically, these workloads have often developed
independently, resulting in duplicated datasets, fragmented governance, inconsistent
business definitions and unnecessary operational complexity.

The Databricks Lakehouse architecture offers an alternative: a shared platform
combining scalable data storage, distributed processing, analytical querying and
machine learning capabilities. Its underlying principle is straightforward. Data should be
collected, validated, governed and made available for different purposes without
continually reproducing it across separate technology environments.

This paper examines the architecture from a practitioner's perspective, following data
from source systems through ingestion, transformation, consumption and operational
management. It explains the role of the Bronze, Silver and Gold layers, the integration of
Bl and ML, and the controls necessary to maintain data quality, traceability and
accountability.

Rather than treating the Lakehouse as a technology solution in its own right, the paper
considers how its components contribute to a more important outcome: trusted data
that supports consistent business decisions and measurable operational value.
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1. The architectural problem: one organisation,
multiple versions of reality

Most established organisations have acquired their data landscape incrementally. Transactional
systems support day-to-day business activity. Data warehouses consolidate information for
reporting. Data lakes accommodate large volumes of less structured information. Specialist
analytical environments support data scientists, while operational applications may maintain
their own extracts, calculations and reference datasets.

Each component may work adequately in isolation. The difficulties emerge when the organisation
attempts to reconcile them.

For example, a finance team might report revenue from a carefully controlled data warehouse,
while a data science team trains a customer forecasting model against a separate extraction of
transactional records. Both teams might describe their information as authoritative, yet
differences in refresh cycles, transformation rules or customer classifications may produce
conflicting results.

The issue is not necessarily incorrect data. It is the absence of a shared, accountable
interpretation of that data.

A conventional response is to introduce additional integration processes. More pipelines,
synchronisation jobs and reconciliation reports are created to connect systems that were never
designed to share the same information lifecycle. This can solve an immediate problem while
increasing the long-term maintenance burden.

The Lakehouse approach seeks to reduce these divisions by establishing a common foundation
for data engineering, analytical reporting and machine learning. It does not remove the need for
data modelling, governance or operational discipline. If anything, sharing a platform makes those
responsibilities more important.

2. Understanding the Databricks Lakehouse

Databricks brings together capabilities traditionally associated with data lakes, data warehouses
and machine learning platforms. At its core, the architecture combines cloud object storage with
transactional table management, distributed processing and shared governance.

Apache Spark provides distributed processing capabilities. Delta Lake adds reliable table
operations, including transactional consistency and controlled schema management. Unity
Catalog provides governance capabilities across supported data and Al assets. Databricks SQL,
MLflow and associated services provide different ways to work with the same governed data
estate.

The distinction is between sharing a platform and sharing a workload. A Bl analyst running a
dashboard does not need the same computational environment as a data scientist training a
predictive model. Databricks allows different compute resources and processing approaches to
operate against common governed datasets.
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2.1 A logical reference architecture

BUSINESS CONSUMPTION

Bl dashboards / SQL analysis / Predictive models / Operational applications

1

GOLD — BUSINESS PRODUCTS ML LIFECYCLE

Business metrics, reporting models and data products Features, experiments, registered models and
inference

l

SILVER — VALIDATED AND INTEGRATED

Data quality / Deduplication / Standardisation / Business entity alignment

1

BRONZE — RAW AND TRACEABLE

Source fidelity / Ingestion metadata / History / Replay capability

l

SOURCE SYSTEMS AND INGESTION

ERP / CRM / Operational databases / Files / APIs / Events / loT

CROSS-CUTTING PLATFORM CONTROLS

Unity Catalog / Lineage / Security / Orchestration / Monitoring / Cost / DevOps

Figure 1. Simplified logical Databricks architecture. ML workflows can consume suitable governed Silver or Gold
data. The cross-cutting controls apply throughout.

The diagram illustrates logical responsibilities rather than a mandatory physical deployment
model. Bronze, Silver and Gold are conventions for organising information according to
processing maturity and intended use. They are not separate Databricks products, nor must each
correspond to an individual storage account, workspace or cluster.

Likewise, Unity Catalog and operational controls span the architecture rather than sitting at the
end of the pipeline. This distinction matters when moving from conceptual architecture to
implementable design.

3. The pipeline, layer by layer
3.1 Source systems and ingestion: establish a trustworthy starting
point

The first responsibility of the platform is to acquire data reliably. Typical sources include
operational databases, finance and ERP systems, customer relationship management
applications, application logs, document stores, externally supplied datasets and event streams.
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Databricks supports ingestion approaches ranging from scheduled batch loading to continuous
streaming and change data capture. Lakeflow Connect provides managed ingestion options for
supported source systems, while other approaches may use Auto Loader, structured streaming,
APIs or established integration services.

These mechanisms differ technically, but the architectural obligations are broadly consistent. An
ingestion process should establish where information originated, when it was acquired, what has
changed and whether incoming records can be reconciled with the source.

Concern Practical control

Completeness Reconcile record counts, batches or source change positions
Timeliness Measure source-to-platform latency against requirements
Repeatability Use checkpoints and idempotent processing where appropriate
Provenance Capture source identifier, extraction time and ingestion metadata
Failure handling Retain rejected payloads and support controlled retries

Security Use managed identities, approved connections and least privilege

The objective is not merely to move information into cloud storage. It is to create a reliable
starting point from which downstream results can be reproduced, explained and, where
necessary, challenged. A pipeline that loads successfully but silently omits records is not
operationally successful.

3.2 Bronze: preserve the evidence

The Bronze layer generally stores source data with minimal transformation. Its principal value is
fidelity. Records should remain sufficiently close to their original representation to support
reprocessing, audit and investigation.

For example, an incoming customer record might contain an obsolete address, a missing contact
field or an unfamiliar status code. The temptation is to correct the record immediately. However,
modifying information at the point of ingestion can destroy evidence needed to understand the
source system or investigate subsequent transformations.

Bronze therefore separates the fact that information was received from the judgement that the
information is suitable for downstream use. Typical design choices include preserving ingestion
timestamps, source file information, event identifiers, schema versions and original payloads,
where appropriate.

This does not mean retaining every byte forever. Retention periods must reflect regulatory
obligations, privacy requirements, recoverability needs and storage costs.

Practitioner consideration: Bronze is not a convenient dumping ground. It is a controlled record of
source information, with explicit retention, access and replay policies.
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3.3 Silver: create dependable business information

The Silver layer is where raw information is validated, standardised and integrated. This is
frequently the most important engineering layer because it addresses the discrepancies that
otherwise emerge in reporting and machine learning.

Consider two source systems representing the same customer. One uses a numeric customer
identifier; another stores a prefixed string. Addresses are formatted differently, and customer
status values are inconsistent. A reporting tool can join these sources, but that does not
necessarily produce a reliable customer view.

The Silver layer provides a managed place to resolve these problems. Typical operations include
schema validation, type conversion, deduplication, reference-data alignment, handling missing
values, resolving delayed events and linking related business entities.

The output should consist of documented, reusable datasets with clear meaning and known
quality characteristics. There is an important distinction between validating information and
making it appear clean.

If 8% of customer records are missing a required field, the platform should not automatically
discard them and report a successful transformation. A more accountable design records the
exception, applies an agreed treatment and exposes the impact on downstream results. Data
quality needs to be observable, not simply assumed.

For ML, Silver may provide the detailed, historical datasets needed for feature engineering and
model training. For BI, it may provide reusable integrated entities from which presentation
models are developed. Both disciplines benefit from the same underlying standards.

3.4 Gold: translate data into business meaning

Gold contains information prepared for defined business purposes. Typical outputs include
financial reporting models, operational performance indicators, customer segmentation datasets,
executive dashboards and departmental data products.

Where Silver establishes dependable information, Gold establishes how that information should
be interpreted and consumed. For example, the term active customer might have several
legitimate definitions: a customer with an open account, a customer who purchased during the
preceding twelve months, or a customer with an active service contract.

The architecture cannot select the correct definition by itself. That requires a business decision,
an accountable owner and a documented rule. Gold is therefore not simply an aggregation layer.
It is a point at which technical data models become business-facing information products.

A well-designed Gold dataset should have a defined purpose, a business owner, agreed
measures, a known refresh frequency and documented quality expectations. Its structure may
use dimensional models, curated views, metric definitions or other patterns suited to intended
consumers.

Databricks recommends Bronze, Silver and Gold as a design pattern, but does not require every
solution to implement three identical physical stages. The principle is more important than the
naming convention: separate source preservation, quality assurance and business interpretation
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so that responsibilities remain clear.

4. Integrating Bl and ML: shared data, different
responsibilities

The architectural value of Databricks becomes clearer when considering how business
intelligence and machine learning use information. Bl principally supports understanding: what
happened, how performance compares with expectations, and where management attention may
be required. ML extends this capability towards prediction, classification, optimisation and
automated decision support.

Both depend on data quality, consistent definitions and traceability, but they have different

operational characteristics.

Dimension Business intelligence Machine learning

Primary purpose Explain and monitor performance Predict, classify or recommend

Typical data Curated measures and dimensional Detailed historical observations and
models engineered features

Main workload SQL queries, dashboards and reporting Feature engineering, training and inference

Quality concern Accuracy and consistency of measures Representativeness, leakage, bias and

changing data distributions
Lifecycle Refresh, publish and reconcile Train, validate, deploy and monitor

Business ownership Metric owners and reporting stakeholders Decision owners and model stakeholders

The Lakehouse does not remove these distinctions. It allows the workloads to operate from a
shared, governed information foundation.

4.1 The Bl pathway

Databricks SQL provides analytical query capabilities through SQL warehouses. These can
support native Databricks Al/Bl dashboards and integrations with external tools. An organisation
with an established investment in Power Bl or Tableau does not necessarily need to replace those
products to adopt a Lakehouse.

Indeed, retaining a familiar reporting interface may reduce migration risk and unnecessary
organisational change. Databricks Al/BI also provides dashboarding, reusable metric semantics
and conversational analytical capabilities through Genie. These services can simplify
consumption, but business definitions still require validation and ownership.

A useful architectural principle is that business meaning should be governed as close to the
shared data foundation as practicable, rather than being reproduced independently in dozens of
reports. That does not mean every presentation-specific calculation belongs in a central data
model. It means the organisation should consciously distinguish authoritative measures from

Data Architecture | October 2026



DATABRICKS LAKEHOUSE / PRACTITIONER PAPER

local analysis.

4.2 The ML pathway

Machine learning typically draws on more granular information than conventional reporting. A
demand forecasting model, for example, might require historical sales, inventory levels, seasonal
patterns, promotional events and previous forecasts.

These features may be engineered from Silver datasets or appropriate Gold data products.
Databricks provides facilities for feature management, experimentation, model registration,
deployment and monitoring. MLflow supports tracking and evaluating model experiments, while
Unity Catalog provides governance for supported models and feature assets.

1. Governed data 2. Feature engineering 3. Model training

Controlled source datasets Reusable, documented features Experiments and parameters

4. Model evaluation 5. Deployment 6. Monitoring

Technical and business evaluation Controlled model release Drift, outcomes and retraining

Figure 2. Simplified machine learning lifecycle. Feedback and retraining form a recurring operating cycle.

A model is not finished when it achieves an acceptable accuracy score. It becomes operationally
useful when its outputs can be delivered reliably, monitored against changing conditions and
incorporated into an accountable business process.

This also requires attention to model versioning, training-data provenance and the possibility that
a technically accurate prediction may produce a poor business decision.

5. Worked example: retail demand and inventory
management

Consider a fictional retailer operating physical stores and an online sales channel. The
organisation wants to improve product availability while avoiding unnecessary inventory. Its
immediate Bl requirement is to understand stock positions, sales performance and replenishment
activity. Its ML requirement is to predict near-term demand by product and location.

Historically, these might have been separate initiatives, using different extracts and different
definitions of stock availability. A Lakehouse implementation can establish a common data
foundation.

5.1 End-to-end processing

1. SOURCE SYSTEMS

Point-of-sale transactions / ERP inventory / Supplier deliveries / Online orders

1
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2. BRONZE — SOURCE CAPTURE

Preserve transactions and events, timestamps, source identifiers and ingestion metadata

l

3. SILVER — INTEGRATION AND VALIDATION

Standardise products and stores / Reconcile orders / Validate quantities / Resolve event order

l
4A. BUSINESS INTELLIGENCE 4B. MACHINE LEARNING
Gold reporting models: sales, stock availability and Historical demand features, forecast models and
fulfilment. Output: dashboards and exception reports. predicted stock requirements. Output: replenishment
recommendations.
{

5. BUSINESS ACTION AND FEEDBACK

Inventory planners review exceptions, take approved replenishment decisions and measure the outcomes

Figure 3. lllustrative retail use case. Both Bl and ML depend on consistent, controlled source and transformation
processes.

5.2 What the business receives

The Bl team develops an inventory dashboard using governed Gold datasets. It reports stock
availability, sales trends, outstanding supplier deliveries and replenishment performance.
Meanwhile, the data science team trains a forecasting model against historical demand
information derived from governed datasets.

Forecast outputs can be published back into the Lakehouse, where they become available to
reporting and operational applications. Inventory planners can now compare actual sales, current
stock, forecast demand and suggested replenishment actions without reconciling multiple
disconnected analytical environments.

The model may recommend ordering additional stock. The operational process must still consider
supplier lead times, ordering constraints, working capital and the financial consequences of
making the wrong decision.

The important advance is not merely improved forecasting technology. It is that the evidence,
prediction and resulting decision can be connected within a traceable information lifecycle.
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5.3 Evaluating the outcome

Business question Illustrative measure Accountable stakeholder

Are products available when Stockout rate Retail operations

required?

Is inventory used efficiently? Inventory turnover Supply chain / finance

Are forecasts reliable? Weighted forecast error Analytics / demand planning

Are decisions having the intended Replenishment outcome versus Inventory planning

effect? recommendation

Is the data dependable? Completeness, reconciliation and Data engineering / data owner
freshness

Is the platform sustainable? Processing and serving cost per Platform engineering / finance
workload

These measures are illustrative; the retailer would establish specific definitions, baselines and
targets. A reduction in forecasting error, for example, does not automatically produce a
comparable reduction in stockholding. Commercial outcomes depend on whether predictions are
translated into effective decisions and whether operational constraints permit those decisions to
be implemented.

6. Governance and accountability: controls
across the lifecycle

Centralising analytical workloads can reduce fragmentation, but it also concentrates
responsibility. A shared platform creates greater potential for reuse while increasing the
consequences of incorrect access permissions, unsuitable transformations or poorly controlled
changes. Governance must therefore be designed into the architecture.

Unity Catalog provides capabilities for centralised access control, asset discovery, lineage and
auditing across supported Databricks resources. Fine-grained controls include attribute-based
policies, row filtering and column masking.

These are useful technical mechanisms, but governance also requires organisational decisions.
Someone must determine which information is sensitive, who may use it, what constitutes
acceptable quality and which business definitions are authoritative.
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6.1 Accountability by architectural layer

Layer / function Principal responsibility Evidence of control

Source / ingestion Reliable, authorised extraction Source reconciliation, checkpoints,
ingestion records

Bronze Source preservation and traceability Provenance, retention and replay
controls
Silver Validity, consistency and integration Quality rules, exception handling and

reconciliation

Gold Business meaning and fitness for Approved definitions, ownership and
purpose acceptance criteria
BI Accurate, understandable reporting Metric validation, access controls and

refresh monitoring

ML Reliable, responsible predictive Model evaluations, version history and
capability drift monitoring
Platform operations Availability, security and cost Access reviews, deployment records, logs

and financial monitoring

These responsibilities should not be interpreted as separate organisational silos. Data engineers,
domain specialists, business owners and platform teams may work across several layers. What
matters is that decisions and accountability are explicit.

A data platform can prove that a transformation ran successfully. It cannot independently
determine whether the business approved the transformation's meaning.

6.2 Data lineage is necessary, but insufficient

Lineage describes how information moves between datasets, transformations and consumers. It
helps answer practical questions: where did a metric originate, what will be affected if a source
field changes, and which processes contributed to a particular result?

Unity Catalog can capture runtime lineage for supported operations. Managed ingestion through
Lakeflow Connect can extend lineage to supported source systems; external systems may require
additional metadata or integration.

However, technical lineage alone does not establish trust. A fully traceable dataset can still
contain incorrect business rules. For meaningful accountability, lineage should be complemented
by defined ownership, approved transformation logic, quality monitoring and evidence of
business acceptance.
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7. Operational architecture: where successful
designs are tested

An attractive reference architecture is relatively straightforward to produce. Operating it
consistently is considerably harder. Production design needs to address orchestration, fault
recovery, deployment, observability, security boundaries and cost.

7.1 Pipeline execution and recovery

Lakeflow Jobs and Lakeflow pipelines provide orchestration and declarative data-processing
capabilities. They support managed execution patterns, but engineering teams must still decide
how workflows respond to failure, late-arriving data and changes to upstream systems.

Databricks recommends separating ingestion and transformation pipelines where practical,
allowing ingestion to continue when a downstream transformation encounters a problem.

Operational concern Required approach

Pipeline failure Identify affected datasets, alert the owner and provide a recovery route
Source schema change Detect incompatibilities and apply controlled schema evolution

Data quality breach Apply agreed warning, quarantine, rejection or stop rules

Reprocessing Support replay without unintended duplication

Deployment Version and test code, configuration and schema changes

Monitoring Measure latency, throughput, freshness, quality and failure rates
Recovery Define restoration procedures and business recovery expectations

The key distinction is between detecting a technical failure and understanding its effect on the
business. A delayed sales feed may be tolerable for monthly management reporting but
unacceptable for same-day stock replenishment. Operating controls must reflect that difference.

7.2 Workload isolation and economics

A common platform does not imply unrestricted shared compute. Interactive analytics, batch
engineering and model training exhibit different resource demands. Poor workload isolation can
introduce performance variability, unpredictable cost and operational contention.

Separate compute resources and appropriate workload policies allow these activities to coexist
without necessarily competing for the same execution capacity. Serverless options can simplify
operations for suitable workloads, while other deployments may require more direct control over
infrastructure and runtime configuration. Neither is universally preferable.

Costs depend on workload behaviour, processing frequency, data volumes, performance
requirements and cloud configuration. The useful economic measure is not simply cost per
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gigabyte stored or cost per compute hour. It is the cost of delivering a dependable, usable data
product at the required service level.

8. Architectural choices and trade-offs

The Lakehouse model is attractive, but not every workload benefits equally from consolidation.

Decision

Shared Lakehouse foundation

Bronze / Silver / Gold

organisation

Central governed metrics

Separate Bl and ML compute

Databricks-native Bl

External BI tools

Managed ingestion and

pipelines

Specialised external services

Where it works

Organisations supporting several
analytical disciplines

Estates needing traceability and
progressive refinement

Businesses needing consistent
reporting

Mixed workloads with distinct
performance demands

Teams seeking closely integrated
analytics

Organisations with established
reporting investments

Supported sources with conventional
processing needs

Niche workloads or mature existing
capabilities

Trade-off

Requires coordinated governance
and platform management

Adds pipeline stages, storage and
processing overhead

Requires agreement on definitions
and disciplined change management

Additional configuration and cost
oversight

May duplicate existing reporting
capabilities

Semantic rules and access behaviour
must remain consistent

Less flexibility for unusual
integration requirements

Adds integration and governance
boundaries

The choice between architectural consistency and local flexibility is rarely absolute. For example,

imposing a single Gold model across finance, operations and customer analytics may appear

efficient but can create complicated dependencies and slow change.

Domain-specific Gold products may be more sustainable provided shared definitions are

maintained where genuinely necessary. Similarly, not all analytical data requires multiple

persistent transformation stages. Small, low-risk datasets may be adequately served by simpler

processing, provided quality, ownership and recoverability remain demonstrable.

Architecture should be proportionate to the problem.
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8.1 Particular risks to manage
Risk

Weak source-data quality
predictions

Inconsistent metric definitions
information
Broad access permissions
Uncontrolled compute use
Over-centralised engineering

ML models without monitoring

Dependence on
platform-specific services

Cost overruns

Likely consequence

Unreliable reporting and

Conflicting management

Unauthorised disclosure

Delivery bottlenecks

Declining predictive usefulness

Increased switching effort

Mitigation

Quality contracts, reconciliation and
visible exceptions

Governed metric definitions and
business ownership

Least privilege and systematic access
review

Budget controls, workload policies and
cost attribution

Domain ownership with shared
standards

Drift, outcome and performance
monitoring

Open interfaces, portable patterns and
planned exit considerations

Risks should be assessed for likelihood and business impact in the specific organisation rather

than assigned arbitrary universal ratings. Cloud architecture is another consideration: Databricks
operates across major providers, but capability availability, networking, infrastructure controls
and regional availability can differ. A logical design still requires provider-specific decisions.

9. A pragmatic implementation approach

A sensible adoption strategy starts with a business problem and expands only when the platform

demonstrates value. Attempting to migrate an entire data estate before delivering a useful

information product increases complexity and makes benefits difficult to establish.

A more controlled approach is to choose a representative use case that requires data integration,

governed reporting and, where justified, analytical modelling.

Action

Deliverable

Control / check

1 Select a business outcome and
baseline

2 Identify sources, issues and access
obligations

3 Define storage, catalog and compute
boundaries
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Use-case definition and
measures

Source inventory and contracts

Logical and deployment
architecture

Sponsor approval

Ownership and security

review

Architecture review
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Deliverable Control / check

4 Implement ingestion and Bronze Traceable raw datasets Reconciliation and replay
retention test
5 Build validated Silver datasets Integrated, reusable Quality and exception
information review
6 Publish a governed Gold product Approved reporting datasets Business acceptance
7 Implement Bl and justified ML Dashboard or operational Functional and outcome
output validation
8 Introduce production operations Monitoring, runbooks, releases Recovery and security
tests
9 Compare outcomes with baseline Benefits and cost assessment Expansion decision

The output of the first iteration should be more than a working demonstration. It should provide
evidence that the platform supports a complete information lifecycle: acquisition, validation,
ownership, consumption, operational recovery and measurable value.

9.1 What should be documented

A minimal architecture pack should establish platform boundaries, source-to-target flows, data
contracts, security model, ownership assignments, business metric definitions, deployment
approach, quality controls and operational recovery procedures.

These need not become an elaborate documentation exercise. Their purpose is to make the
system comprehensible to someone other than the individual who developed it. That matters
particularly during incidents, audits, handovers and subsequent change.

10. Assessing architectural success

Platform adoption should not be judged by the number of pipelines migrated, the volume of data
ingested or the quantity of dashboards produced. Those measures describe activity and scale,
but not necessarily effectiveness.

Dimension Assessment question

Information trust Can users establish where data originated, how it was transformed and
whether it meets agreed quality requirements?

Operational effectiveness Can the organisation deliver and maintain data products reliably, at acceptable
cost, with manageable change and recovery?

Business contribution Are reporting, predictions and analytical outputs changing decisions or
improving outcomes in demonstrable ways?
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These dimensions are connected. Accurate information that arrives too late may have limited
operational value. A sophisticated prediction without an accountable decision process may never
affect performance. An inexpensive platform that produces contradictory measures may be more
costly to the organisation than its infrastructure bill suggests.

The architecture succeeds when its technical capabilities and business responsibilities work
together.

11. Conclusion: a unified platform is not the
same as a unified understanding

The Databricks Lakehouse provides a credible architectural foundation for bringing data
engineering, business intelligence and machine learning into a more coherent environment. The
combination of Delta Lake, distributed processing, shared governance and specialised analytical
services reduces the technical need to maintain independent copies of information for every
workload.

The Bronze, Silver and Gold pattern provides a useful way to organise the progression from
acquired data to validated information and business-facing products. However, those layers are
only meaningful when their responsibilities are understood and enforced.

The Bronze layer should preserve evidence. The Silver layer should establish dependable,
integrated information. The Gold layer should make business definitions explicit and accessible.
Bl and ML should consume appropriate governed datasets, while operational controls maintain
reliability throughout the lifecycle.

None of this removes the need for professional judgement. Data quality remains contextual.
Business definitions require ownership. ML requires ongoing evaluation. Security and operational
resilience must be engineered and verified. Benefits must be measured rather than inferred from
the technology selected.

The strongest argument for a Lakehouse is therefore not that it puts everything in one place. Itis
that it can bring data, interpretation, analytical workloads and accountability into a common
operating framework.

The platform supplies the capabilities. The architecture establishes the structure. Governance,
engineering discipline and business ownership determine whether the information can be trusted.
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7. Databricks — Lakeflow Pipeline Best Practices
Scope and limitations. This is a vendor-informed architectural analysis, not an independent performance benchmark

or an account of a specific delivered implementation. The retail scenario is illustrative. Product features, commercial
terms and cloud-specific capabilities should be verified during solution design.
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