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governance, cost and ROI, hybrid approaches,
and a capability-action plan




Core Concepts: Bl, ML, and the Analytics Continuum
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* BI: reporting, dashboards, and
descriptive/diagnostic analytics

® ML: predictions and patterns
learned from data, not rules

® Analytics levels: descriptive =
diagnostic = predictive = prescriptive

* Example: churn dashboard (BI) vs.
at-risk account model (ML)

Descriptive Diagnostic Predictive Prescriptive




Key Differences in Orientation, Data, and Skills

* Bl looks backward, ML looks forward

* BI: structured warehouse data; ML: messy, mixed data
* Bl outputs reports; ML outputs predictions and scores

* Bl skills: SQL and visualization; ML adds coding and statistics



How the Work and Lifecycle Differ

Bl LIFECYCLE ML LIFECYCLE

Linear Pipeline Continuous Loop
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Bl lifecycle: requirements, modeling, ETL, dashboard design, maintenance

ML lifecycle: framing, features, training, validation, deployment, monitoring
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Bl risk: data quality, metric drift, dashboard sprawl

ML risk: model drift, deployment failure, silent degradation
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Common failure: wrong tool for the question asked




When to Choose Bl, ML, or Both: A Decision Framework
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* Bl monitoring, root-cause e [ML: future prediction, personalization,
exploration, operational visibility, automation at scale, pattern
compliance reporting, historical discovery, dynamic optimization
analysis
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e Bl request signals: e ML request signals:
what happened, why, what will happen next,
how performance who is at risk,
compares across segments what to recommend?
A o - 4




Use Cases by Business Function
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Sales & marketing: Bl
dashboards for pipeline

and ROI; ML for lead scoring
and churn propensity

Operations & supply chain:
BI for KPI monitoring; ML for
demand forecasting and
anomaly detection

Finance & HR: Bl for
variance/SLA reporting;
ML for fraud detection and
attrition risk

Hybrid: Bl surfaces the
problem, ML automates
the intervention (e.g.,
retention workflows)



Data, Infrastructure, and Team Requirements
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* Bl: dimensional models, BI i M L ( '
curated datasets{ . Structured o Curated  Reliable Experimental ¢ Iterative « Evolving L
ML.: features, training sets, - |
versioned data Nl =
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Bl tools: SQL, semantic
layers, dbt, Bl platforms;
ML: notebooks, feature stores,
model registries
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a0n) Roles: Bl - data engineers, f

(1 Y1)  analytics engineers; [ B e N 1 i
ML adds data scientists, |
ML engineers = = P

Hire data epgineers first, S
add ML engineers only
when models prove demand |



Interpretability, Governance, and Organizational Trust

@ « Bl logic explicit in dimensions,
measures; transparent and auditable
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byF:\aa(:Efe EI& * ML trades interpretability for

accuracy; adds governance, fairness,
compliance concerns
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visible monitoring, drift detection, lineage,
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versioning, rollback

BUSINESS RULES
Auditable IF —> THEN Requires > .
and R — THENUEEENN | e == ) governance ¢®, * Technical managers: define
el g andeontrols] | @AY ' model approvers, output reviews
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ﬁ bt o performance monitoring
VISIBLE LOGIC OPAQUE BLACK BOX - Data governance and model
Transparent and auditable Higher accuracy, OQ governance are distinct but

lower interpretability
connected



Cost, ROI, and Value Comparison

=1 | ¢ Bl costs: licensing,
modeling, data integration,
maintenance
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e ML adds: data prep,
training, serving, monitoring,
human review
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| (;3  « Bl value: faster decisions,
less manual reporting

. @ o ML value: better targeting, : : :
| reduced losses, i !
automated actions y 8= = . -
HIDDEN COSTS "  HIDDEN COSTS
A e Data silos o * Data prep
| N Compare TCO over 3 years; 1al work : * Model drift

* Monitoring

tie benefits to a business metric

e Delay risk e Human review



Hybrid Approach:
Bl-Led Discovery and
ML-Led Action

™ | - Dashboards identify
problems; ML automates
action at scale

- Embed churn scores,
-0 :
g)‘o ‘ forecasts, alerts into
' Power BI, Looker, QuickSight
- Use Bl to monitor ML drift,
accuracy, and
business impact
' - Build progressively:
governed semantics — P
modeling — action _ < »




Governance as the Bridge Between Bl and ML
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® Data governance and

model governance are o " GOVERNED
distinct but connected e 0§ DATA RESERVOIR
== Standards « Policies
Quality « Provenance

® ML amplifies data quality 7 ' Ah ‘? Constraints
problems at machine speed 3 = 1. XN __ _

® Semantic layer ensures
consistent definitions and
join paths

® Monitor inputs, transformations,
policy, and consumer impact
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® Explainability begins in the

data layer: labels, provenance, REP&F:)T'NG | NN — 41 M?hI:II-E)LS
constraints J L
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Capability Assessment and Decision Checklist

* Assess data maturity, | What is the primary |
% pipeline reliability, ime orientation?
metric alignment, and -
governance readiness r L N
s » Decision checklist: Descriptive / Historical Predictive / Future-oriented
o= question type, . v | o v
°— frequency, latency, ( ( _ )
data availabiliy, @ Is low latency | @ Is reliable future data
f— * Sequence: fix data ( A ) ( A )
1 foundations before No Yes No Yes
—— hiring data scientists
* Add ML engineers
{% only when models are
production-ready e e A e A & A
Q » Roadmap: start with ] ID
? R high-value B, pilot
A one ML use case, Bl | ML Both

embed predictions RS 9 \ J \ 7,



Key Takeaways and Next Steps for Your Organization
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Prediction

Bl explains what happened; ML predicts what will happen and recommends actions

Choose by question type: prediction vs. reporting, automation vs. interpretation
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Clean data, governed metrics, and reliable pipelines strengthen both Bl and ML

Analysts sharpen requirements; data teams map tooling; managers lead governance
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