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1. Introduction to Data Analytics
Frameworks

What is a Data Analytics Framework?

A data analytics framework is a structured, repeatable approach that enables organizations to move
from raw, unorganized data to reliable, actionable insights. Rather than approaching each analytics
project from scratch, frameworks provide a common language, defined roles, and a logical sequence of
steps that guide practitioners from data collection all the way through to business decision-making.
For organizations scaling their analytics capabilities, the absence of a shared framework often leads to
inconsistent results, siloed efforts, and misaligned stakeholder expectations.

Frameworks are not one-size-fits-all — the right choice depends on the nature of the project, the
maturity of the organization, and the specific business questions being answered. However, all
effective frameworks share a common purpose: to bring consistency, governance, and accountability
to the analytics process. Whether you are a solo analyst working on a quick dashboard or a cross-
functional team running an enterprise data program, a well-chosen framework dramatically improves

the quality and speed of your outputs.

Collect & Organize Analyze Patterns Generate Insights
Gather data from relevant Apply analytical techniques to Translate findings into clear,
sources and structure it for uncover meaningful trends. actionable business insight.
analysis.

Support Decisions Improve Performance

Empower stakeholderstoacton Drive continuousimprovement

evidence-based through measurable business

recommendations. outcomes.

@ Frameworks provide consistency, repeatability, and governance throughout analytics projects
— essential for teams working at scale or preparing for analytics certifications.



2. Data Analytics Lifecycle Framework

The Data Analytics Lifecycle is one of the most widely adopted approaches for managing analytics
projects from inception to continuous improvement. It provides a structured, phase-by-phase process
that guides teams through every critical stage — from understanding the business context to
delivering sustained value through ongoing iteration. Its widespread adoption across industriesis a
testament to its versatility and practical applicability in real-world analytics environments.

A key strength of the lifecycle model is its emphasis on stakeholder alignment and iterative refinement.
Teams that follow this framework consistently report better communication with business partners,
higher data quality standards, and faster time-to-insight. The lifecycle does not prescribe rigid
timelines — instead, it defines logical checkpoints that allow practitioners to validate progress and
course-correct before moving to the next phase.
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3. CRISP-DM Framework

Cross-Industry Standard Process for Data Mining

CRISP-DM remains one of the most popular and enduring methodologies in data analytics and data
science. Originally developed in the late 1990s through a consortium of industry partners, it has stood
the test of time because of its flexibility and business-first orientation. Unlike purely technical
frameworks, CRISP-DM begins and ends with the business problem — ensuring that every analytical
activity is anchored to real-world objectives and measurable success criteria.

The framework is organized into six iterative phases, each building on the last while allowing for
revisiting earlier stages as new understanding emerges. This cyclical nature is one of its greatest
strengths: discovery during modeling often prompts a return to data preparation, and evaluation
results frequently refine the original business understanding. For certification candidates, CRISP-DM is
a foundational topic and is tested across multiple major analytics credentials.

Phase 1: Business Understanding Phase 2: Data Understanding

Define business goals e Data collection from sources
Identify key stakeholders e Exploratory data analysis
Understand business challenges e Data quality assessment

Establish success criteria e Initial pattern analysis




CRISP-DM: Phases 3-6

The latter four phases of CRISP-DM take the prepared data foundation and apply analytical rigor to
build, validate, and operationalize models. Data Preparation is often the most time-consuming phase,
accounting for 60-80% of project effort in practice. Modeling follows, where algorithms are selected,
developed, and tuned to meet the defined success criteria. Evaluation ensures alignment with business

objectives before the final Deployment phase brings results to stakeholders through dashboards,
reports, or automated pipelines.

1 2
Data Preparation Modeling
e Data cleaning and transformation ¢ Model selection and algorithm design
e Dataintegration across sources e Development and parameter tuning
* Feature engineering and creation e |terative refinement
3 4
Evaluation Deployment
e Validate results against objectives e Reporting and dashboard creation
e Verify business goal alignment e Operational implementation
e Assess model performance metrics e Stakeholder communication
v Industry- v Flexible v Business- v Easy to

Proven Focused Implement



4. OSEMN Framework

OSEMN (pronounced "awesome") is a popular, practical framework widely used by data analysts and
data scientists, particularly in data science and machine learning contexts. Its five-stage structure
provides a clean, memorable workflow that maps directly to the day-to-day work of practitioners —
from pulling raw data out of source systems all the way through communicating findings to decision-
makers. OSEMN is especially valued in startup environments and research contexts where agility and
simplicity are prioritized over heavy governance structures.

What sets OSEMN apart from other frameworks is its emphasis on the Scrub and Explore phases,
acknowledging that data cleaning and exploratory analysis are not mere preliminaries but core
analytical activities that shape everything that follows. The Interpret stage — often underestimated —
reminds practitioners that the ultimate value of any analysis lies in clear, compelling communication of
results, not in the sophistication of the model itself.

Obtain

Collect data from multiple sources including APls, databases, and files.

Scrub

Clean, format, and prepare data — handle nulls, duplicates, and inconsistencies.

Explore

Identify patterns, trends, and anomalies through exploratory analysis.

Model

Apply statistical or predictive techniques to generate insights.

Interpret

Communicate findings and actionable recommendations to stakeholders.



OSEMN: Best Use Cases

The OSEMN framework shines in scenarios where speed, clarity, and flexibility are paramount. It is

particularly well-suited for individual contributors and small teams who need a mental model to

structure their work without the overhead of a formal project management methodology. Because

OSEMN maps so directly to the actual tasks a data practitioner performs each day, it also serves as an

excellent teaching framework for those new to analytics and data science roles.

Organizations adopting OSEMN should note that while it is excellent for project execution, it is

deliberately lightweight on governance and stakeholder management. For enterprise-scale programs,

OSEMN works best when paired with a governance layer such as the Data Governance Framework or

DAMA-DMBOK to ensure compliance, data quality standards, and organizational accountability are

maintained alongside the analytical workflow.

Data Science Projects

Provides a clean mental model
for building end-to-end
machine learning and statistical

analysis pipelines from raw data

ingestion to model deployment.

Exploratory Analytics

Ideal for discovery-driven
analysis where the key
questions evolve as the data is
examined — the Scrub and
Explore stages provide
maximum flexibility.

Predictive Analytics

Supports forecasting and
prediction workflows by
providing a structured pipeline
from feature preparation
through model application and
results interpretation.



5. Analytics Maturity Model

The Analytics Maturity Model provides organizations with a diagnostic lens for evaluating their current
analytics capabilities and charting a course toward more sophisticated, value-generating analytical
practices. Rather than viewing analytics as a single discipline, the maturity model recognizes that
organizations evolve through distinct stages — each building on the last and unlocking progressively
greater business value. Understanding where your organization sits on the maturity curve is the first
step toward a meaningful analytics transformation roadmap.

Most organizations begin at the Descriptive level, where the focus is on understanding what has
already happened through reports and dashboards. As data infrastructure, skills, and governance
mature, they advance to Diagnostic, Predictive, and Prescriptive levels. The most advanced
organizations are moving into Cognitive and Al-Driven analytics, where automation and machine
learning take over routine decision-making at scale. Certification programs increasingly test
candidates on their ability to distinguish between these levels and recommend appropriate techniques
for each.

Level 5: Cognitive / Al-Driven

Automated intelligence and decision-making via ML and Al-powered analytics.

Level 4: Prescriptive

%

"What should we do?" — Optimization models and decision support systems.

Level 3: Predictive

&> "What will happen?" — Forecasting, risk prediction, and machine
learning.
Level 2: Diagnostic
Q "Why did it happen?" — Root cause analysis and trend
investigation.
Level 1: Descriptive
Jlﬂﬂ "What happened?" — Standard reports and

operational dashboards.



6. Descriptive Analytics Framework

Descriptive analytics is the foundation of the analytics maturity model and the starting point for
virtually every analytics program. Its purpose is deceptively simple: analyze historical data to
understand what has happened in the past. Despite its apparent simplicity, descriptive analytics is
immensely powerful — well-designed dashboards and reports can surface critical performance gaps,
operational bottlenecks, and trend shifts that drive immediate business action without requiring any

predictive modeling.

The Descriptive Analytics Framework provides a repeatable process for collecting, organizing,
summarizing, and visualizing historical data. Key Performance Indicators (KPIs) are the currency of
descriptive analytics — they translate raw data into meaningful business metrics that executives and
operational managers can act on. For Bl professionals and dashboard developers, mastering the
descriptive framework is essential: it ensures that the data presented is accurate, consistently defined,

and contextually meaningful to the audience consuming it.
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7. Diagnostic Analytics Framework

While descriptive analytics tells you what happened, diagnostic analytics takes the critical next step of
explaining why it happened. This is where the real investigative work of data analysis begins. Diagnostic
analytics requires analysts to move beyond summary statistics and surface-level trends, drilling into
the underlying data to uncover causal relationships, anomalies, and contributing factors. It is the
analytical equivalent of a root cause investigation — systematic, evidence-based, and hypothesis-
driven.

The Diagnostic Analytics Framework is particularly valuable in operational and quality management
contexts, where understanding the cause of a performance gap is as important as knowing the gap
exists. Business analysts and data professionals applying this framework must be skilled in drill-down
analysis, correlation techniques, and structured problem-solving methodologies. The framework pairs
naturally with root cause analysis tools like the 5 Whys and Fishbone diagrams, which are covered in

more detail in a dedicated section of this guide.
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8. Predictive Analytics Framework

Predictive analytics represents a significant leap in analytical sophistication, shifting the focus from
understanding the past to anticipating the future. By applying statistical models and machine learning
algorithms to historical data, organizations can generate probabilistic forecasts about future events —
from customer churn and equipment failure to sales performance and credit risk. The business value of
predictive analytics lies in its ability to enable proactive decision-making before problems occur or
opportunities pass.

The Predictive Analytics Framework structures the journey from historical data to actionable forecasts
through a disciplined process of feature selection, model development, validation, and prediction. A
critical step often underestimated by practitioners is model validation — ensuring that the model's
predictive accuracy generalizes to new, unseen data rather than simply fitting the training dataset. For
data scientists, this framework provides the scaffolding for building production-ready models; for
business analysts, it demystifies the process of working with data science teams to define inputs,
evaluate outputs, and integrate predictions into business workflows.

Historical Data 1

Collect and prepare labeled training
datasets from relevant business

t . .
Systems 2 Feature Selection
Identify the most predictive variables
using statistical and domain knowledge.
Model Development 3

Apply regression, classification, or time-
series algorithms to training data.

4 Validation

Test model accuracy and generalizability
using held-out data.

Prediction 5

Deploy the model to generate forecasts
on new, real-world data.



9. Prescriptive Analytics Framework

Prescriptive analytics represents the most action-oriented tier of the analytics maturity model. Rather
than simply forecasting what will happen, prescriptive analytics goes further by recommending the
best course of action to achieve a desired outcome — or to avoid an undesirable one. It combines
predictive models with optimization algorithms, simulation techniques, and business constraints to
generate specific, executable recommendations for decision-makers.

The prescriptive framework is increasingly powered by machine learning and artificial intelligence,
enabling real-time decision recommendations at scale. Common applications include dynamic pricing,
supply chain optimization, personalized marketing offers, and clinical treatment pathways. For
organizations aspiring to Level 4 or Level 5 on the Analytics Maturity Model, building prescriptive
analytics capabilities requires not only advanced modeling expertise but also robust data
infrastructure, governance, and strong business-analytics collaboration to ensure that
recommendations are feasible, ethical, and aligned with organizational goals.

Process Flow Common Techniques

Prediction — forecast likely outcomes Optimization Algorithms

Scenario Analysis — model alternatives . ] .
Linear programming and constraint-

Optimization — identify best options

based solvers for best-option selection.
Decision Recommendation — prescribe

action Simulation Models

Monte Carlo and agent-based models for
uncertainty quantification.

Decision Trees

Visual, rule-based models that map
decisions to outcomes.

Scenario Planning

Structured what-if analysis across
multiple future states.




10. Data Governance Framework

Data governance is the set of policies, processes, roles, and standards that ensure data is managed as a strategic
enterprise asset — with appropriate quality, security, ownership, and compliance controls in place. Without
governance, even the most sophisticated analytics programs are built on unstable ground: inconsistent definitions
lead to conflicting reports, poor data quality undermines model reliability, and unclear ownership creates
accountability gaps that expose organizations to regulatory and reputational risk.

The Data Governance Framework provides a structured architecture for managing data assets across the enterprise.
It defines who is responsible for data (Data Owners), who manages it day-to-day (Data Stewards), and who sets the
policies that govern it (the Data Governance Board). For analytics leaders, establishing governance early in a program
— rather than retrofitting it after problems emerge — is one of the highest-leverage investments an organization can
make. Regulatory environments such as GDPR, CCPA, and HIPAA have made governance not just a best practice but a
legal requirement for many organizations.
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Data Ownership Data Quality Data Security

Assign clear accountability for Define standards and processes Protect sensitive and

data domains and critical to maintain accuracy, confidential information through
datasets across the organization. completeness, and consistency. access controls and encryption.

E Y

Compliance Data Stewardship
Meet regulatory and legal requirements including Manage data assets effectively through designated
GDPR, CCPA, and industry standards. stewards and clear escalation paths.

Operational Layer

Data Stewards & Business
Users: quality and use

Management Layer

Data Owners:
accountability and

decisions
Core Governance

Data Governance Board:
oversight and policy




1. DAMA-DMBOK Framework

Data Management Body of Knowledge

The DAMA-DMBOK (Data Management Body of Knowledge) is the globally recognized standard for
enterprise data management. Developed and maintained by DAMA International, the DMBOK provides
a comprehensive taxonomy of data management disciplines, best practices, and guiding principles
that apply across industries and organizational sizes. It is widely used as the basis for data management
certifications, including the Certified Data Management Professional (CDMP) credential, and serves as

a reference architecture for organizations building or maturing their data management capabilities.

Unlike narrower frameworks that focus on a single aspect of data work, DAMA-DMBOK takes a holistic
view of the entire data management landscape — from architecture and quality to security,
warehousing, and metadata. Its greatest strength is its comprehensiveness: organizations can use
DAMA-DMBOK to assess gaps across all data management disciplines simultaneously, rather than
addressing them in isolation. For enterprise data leaders, the DMBOK provides both acommon
vocabulary and a roadmap for elevating data management from a technical function to a strategic
organizational capability.
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Data Data Data Quality Data Security
Governance Architecture
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Data Warehousing Metadata Master Data
Management Management

© V Enterprise-wide data management v Improved governance V Better regulatory
compliance



12. KPIl & Metrics Framework

The KPl and Metrics Framework provides a structured methodology for defining, implementing, and

monitoring the performance indicators that measure whether an organization is achieving its strategic

and operational objectives. Key Performance Indicators are not simply numbers pulled from a database

— they are deliberately designed metrics that translate complex business realities into clear,

comparable signals that drive attention, accountability, and action at every level of the organization.

The KPI design process begins with business goals and works backward through critical success

factors to identify the metrics that most accurately reflect progress. This top-down alignment ensures

that every KPI reported has a direct line of sight to a strategic priority — eliminating the common

problem of analytics teams producing volumes of metrics that nobody acts on. The SMART principles

(Specific, Measurable, Achievable, Relevant, Time-Bound) provide a quality filter for evaluating

whether a proposed KPI is genuinely useful or simply available. Applying SMART rigorously at the

design stage prevents metric proliferation and keeps analytics output focused on what matters most.

Business Goal

Define strategic
objectives clearly

s

Critical Success

Identify factors that
enable success

Metrics
Definition
Specify measurable
indicators

L

Targets &
Monitoring

Set targets and track
performance

SMART KPI Principles

Specific

Clearly and
unambiguously
defined — noroom
for interpretation.

Achievable

Realistic targets
that motivate
without
demotivating
through
impossibility.

Time-Bound

Measurable

Quantifiable with
available dataand a
defined calculation
method.

Relevant

Directly aligned to a
business objective
that stakeholders
care about.

Associated with a clear measurement period

and reporting cadence.



13. Balanced Scorecard Framework

The Balanced Scorecard, developed by Robert Kaplan and David Norton in the early 1990s, remains one
of the most widely used strategic performance management frameworks in the world. Its core
innovation was the recognition that financial metrics alone give an incomplete — and often misleading
— picture of organizational health. By supplementing financial measures with customer, internal
process, and learning perspectives, the Balanced Scorecard provides a multi-dimensional view of
performance that reflects the true drivers of long-term business value.

For analytics professionals, the Balanced Scorecard is both a framework and a communication tool. It
translates strategy into a structured set of measurable objectives that can be tracked, reported, and
discussed at every level of the organization. When implemented alongside a robust KPI design process,
it ensures that analytics resources are focused on the metrics that matter most to strategic execution.
Data leaders increasingly use the Balanced Scorecard as an organizing framework for enterprise
analytics programs — aligning Bl dashboards, data quality initiatives, and analytics team priorities to
the four strategic perspectives.

¢ Financial 90 Customer
Revenue growth, profit margins, return on Customer satisfaction scores, retention rates,
investment, cost efficiency. net promoter score (NPS).

J- Internal Process ~/ Learning & Growth
Operational efficiency, process quality, Employee skills development, innovation
throughput, and cycle time metrics. capacity, and organizational learning.

The Balanced Scorecard translates an organization's mission and strategy into a comprehensive set
of performance measures that provide the framework for a strategic measurement and
management system.



14. Root Cause Analysis Framework

Root Cause Analysis (RCA) is a structured methodology for identifying the fundamental, underlying causes of
problems rather than treating their symptoms. In analytics contexts, RCA is applied when diagnostic analysis
reveals that a business metric has deviated from its expected value — the goal is not simply to identify that a
problem exists, but to understand exactly why it exists so that corrective actions address the real cause rather
than surface-level manifestations. Effective RCA prevents recurrence and builds organizational knowledge
about systemic vulnerabilities.

Two of the most widely used RCA tools are the 5 Whys method and the Fishbone (Ishikawa) Diagram. The 5
Whys is deceptively simple: by repeatedly asking "Why?" in response to each answer, analysts can peel back
the layers of a problem until they reach the root cause — typically within five iterations. The Fishbone Diagram
takes a more structured approach, mapping potential causes across predefined categories (People, Process,
Technology, Data, Environment) to ensure a comprehensive and systematic investigation. For analytics
professionals, RCA is a core diagnostic skill that bridges data analysis and business problem-solving.

5 Whys Method Fishbone Diagram Categories
" N _ i i —
Ask "Why?" repeatedly — typically 5 times People
following the chain of causes until the fundamental
root cause is isolated. Simple, fast, and effective for Skills gaps, training issues, or process non-
most operational problems. compliance by human actors.

Example: Revenue declined > Why? Conversion
rate dropped > Why? Checkout page errors > Process

Why? Code deployment introduced a bug > Why?
Testing process was skipped > Root Cause:

Workflow design flaws, missing controls, or

procedural breakdowns.
Missing QA gate.

Technology

System failures, integration errors, or tool
limitations.

Data

Quality issues, missing values, or incorrect
data definitions.

Environment

External market conditions, regulatory
changes, or organizational factors.




15. Data Visualization Framework

Data visualization is the bridge between analytical findings and business action. Even the most rigorous analysis loses its impact if
the insights cannot be communicated clearly and compellingly to the intended audience. The Data Visualization Framework
provides a structured approach to designing visual output — from audience analysis and data selection through chart design and
narrative construction — ensuring that every visualization serves a clear communicative purpose rather than simply displaying
available data.

A critical skill in data visualization is choosing the right chart type for the message being communicated. The selection should be
driven by the nature of the data and the question being answered: trends over time call for line charts, categorical comparisons
suit bar charts, distributions require histograms, and relationships between variables are best revealed by scatter plots.
Overloading a visualization with unnecessary complexity — multiple chart types, excessive colors, or dense text labels — obscures
rather than illuminates insight. The best visualizations are simple enough to be understood in seconds while being precise
enough to convey the full analytical story.

Visualization Design

Insight
Communication

Audience Analysis Data Selection

Trends over time Line Chart Time-series data, performance tracking
Comparisons Bar Chart Category-to-category benchmarking
Distribution Histogram Frequency analysis, outlier detection
Relationships Scatter Plot Correlation analysis, regression

Proportions Pie / Donut Chart Part-to-whole composition



16. Agile Analytics Methodology

Agile Analytics adapts the principles of Agile software development to the analytics domain, enabling
teams to deliver analytical outcomes incrementally rather than waiting for the completion of a long,
linear project. In practice, this means breaking analytics work into short sprints — typically two to four
weeks — each of which produces a working, reviewable output such as a prototype dashboard, a
cleaned dataset, or a preliminary model. Stakeholders review and provide feedback at the end of each
sprint, ensuring that the analytics team is always building toward the most current understanding of
business needs.

The adoption of Agile Analytics has accelerated significantly as organizations have recognized that
traditional waterfall approaches to analytics projects are poorly suited to the fast-moving, hypothesis-
driven nature of modern business intelligence work. Requirements change, data surprises analysts, and
business priorities shift — Agile's iterative structure accommodates all of these realities while
maintaining forward momentum. For Bl and analytics teams, Agile also improves collaboration with
business stakeholders by making the development process visible, participatory, and aligned to
continuously validated business value rather than a fixed specification document written months

before delivery.

Analyze
Plan Explore data, validate
Define sprint goals, prioritize hypotheses, and identify
analytics backlog, and align ‘fz\@z T insights for the sprint.

with stakeholders.

8 o Develop dashboards,
:Zﬂ? models, or reports to the
agreed sprint scope.
Improve
Incorporate feedback, refine Review
backlog, and launch the next Present deliverables to
sprint cycle. stakeholders and gather
structured feedback.
Vv Faster v Stakeholder v Continuous v Adaptability

Delivery Collaboration Feedback



17. Lean Analytics Framework

The Lean Analytics Framework applies Lean Startup and Lean Management principles to the analytics
function, focusing analytical effort on the metrics that most directly drive business value at each stage
of an organization's growth. The central principle is deceptively simple but profoundly impactful:
measure what matters most, and ruthlessly deprioritize everything else. In environments where
analytics teams are resource-constrained — as most startups and many enterprise teams are — Lean
Analytics provides a discipline that prevents the common failure mode of building impressive analytics
infrastructure that nobody uses to make decisions.

The framework progresses through four stages — Empathy, Value, Growth, and Optimization — each
representing a different phase of business maturity and a different set of analytics priorities. In the
Empathy stage, the focus is on deeply understanding customer needs through qualitative and
quantitative data. As the organization validates its value proposition, the Value stage shifts attention to
metrics that confirm product-market fit. Growth analytics supports scaling activities, and Optimization
focuses on efficiency and margin improvement. For analytics leaders, understanding which stage their
organization occupies is essential to focusing team effort where it will have the most meaningful

business impact.

@ Empathy Value @ Growth Optimizatio
Understand Deliver and Scale n
customer measure successful Improve
needs, pain business value. initiatives by efficiency and
points, and Focuson identifying reduce waste
behaviors metrics that growth drivers by measuring
through data confirm and allocating process
before building product- analytics performance
anything. market fit and resources to and identifying
Validate customer the highest- systematic
assumptions outcomes. leverage improvement

with evidence.

opportunities.

opportunities.



18. Data Quality Framework

Data quality is the silent determinant of analytics credibility and business trust. An organization can
have the most sophisticated data infrastructure, the most talented analytics team, and the most well-
designed dashboards — but if the underlying data is inaccurate, incomplete, or inconsistent, every
analysis built on that foundation is suspect. The Data Quality Framework provides a structured
approach to defining, measuring, monitoring, and improving the quality of data assets across the
enterprise.

The framework defines six core dimensions of data quality, each capturing a different aspect of what it
means for data to be "good" for its intended purpose. These dimensions are not independent — poor
accuracy undermines validity, and inconsistency breeds duplicates — which is why a holistic, multi-
dimensional quality assessment is essential rather than focusing on any single dimension in isolation.
For analytics professionals and data engineers, implementing data quality checks against these six
dimensions as part of data pipeline design is the most effective way to prevent downstream quality
issues from reaching analytical outputs and business reports.

B
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ACCURACY COMPLETENESS | CONSISTENCY

Data is correct and No missing information Uniform values across
reflects reality. or required fields. systems and datasets.

- @i/\_, N

TIMELINESS VALIDITY UNIQUENESS

Data is current and Data conforms to defined No duplicate records
available when needed. | business rules and formats. exist.

/\  Poor data quality costs organizations an average of $12.9 million per year according to Gartner
research. Invest in quality measurement before scaling analytics programs.



19. Analytics Operating Model

The Analytics Operating Model defines how an organization structures and orchestrates its analytics
capabilities to consistently deliver business value. It moves beyond individual frameworks and
methodologies to address the holistic organizational design question: what combination of people,
processes, technology, governance, and data is required for analytics to function as a strategic asset
rather than a reactive service function? Without a deliberate operating model, analytics teams tend to
be reactive, fragmented, and perpetually under-resourced relative to demand.

The five components of the Analytics Operating Model are interdependent — weakness in any single
component undermines the effectiveness of all others. A team with exceptional skills but no
standardized processes produces inconsistent outputs. Excellent processes running on unreliable data
generate trustworthy-looking but flawed insights. Powerful technology without governance becomes a
compliance liability. Organizations building or transforming their analytics capability should assess all
five dimensions simultaneously, prioritizing the components that represent the greatest constraints on
current performance rather than defaulting to technology investment as the first solution.

Process
People Standardized analytics
Analytics skills, data literacy, workflows, methodologies, and
roles, and competency oo G@) delivery practices.
development (sl
(b Technology
M Analytics tools, platforms,
data infrastructure, and
automation capabilities.
Data
Reliable, governed data assets Governance

that serve as the foundation for Controls, accountability

all analytics. frameworks, policies, and quality

standards.



20. Decision Intelligence Framework

Decision Intelligence is an emerging discipline that systematically combines data analytics with decision-
making science, behavioral economics, and organizational design to improve the quality, speed, and
consistency of decisions at every level of an organization. Where traditional analytics stops at generating
insights and recommendations, Decision Intelligence extends the value chain to encompass the actual
decision process — including how decisions are structured, who makes them, what data supports them, and
how outcomes are measured and fed back into future decisions.

The Decision Intelligence Framework transforms analytics from a reporting function into a decision-enabling
system. Its six-stage process — from raw data through to outcome measurement — creates a closed-loop
system where every decision generates learning that improves the next one. This feedback loop is what
separates organizations that genuinely become data-driven from those that simply consume more reports.
For analytics leaders and digital transformation executives, Decision Intelligence represents the highest-
leverage application of analytics investment — directly connecting data capability to measurable business
outcomes and organizational agility.

Data

Collect and prepare reliable, governed data
from relevant sources.

Insight

Apply analytics to surface patterns, trends,
and causal relationships.
Recommendation

Translate insights into specific, actionable
decision options.
Decision

Stakeholders select the best course of action
with full analytical context.
Action

Implement the decision with clear owners,
timelines, and resources.
Outcome Measurement

Measure results and feed learning back into
the next decision cycle.

v Better Decisions v Faster Response v Improved Business
Times Outcomes



Framework Selection Guide

One of the most common challenges analytics practitioners face is selecting the right framework for a
given project or organizational need. With over a dozen frameworks covered in this guide, the choice
can seem overwhelming — but in practice, the selection criteria are relatively straightforward: match
the framework to the nature of the business problem, the scope of the initiative, and the maturity of the
organization. The table below provides a quick reference mapping of common business scenarios to
their most appropriate frameworks.

Note that frameworks are not mutually exclusive — many successful analytics programs combine
multiple frameworks. A data science project might use CRISP-DM for project execution while
operating within a DAMA-DMBOK governance structure and reporting results against a Balanced
Scorecard. The key is to be intentional about framework selection and to ensure that every team
member understands which framework governs which aspect of the work. Consistency in framework
application is as important as the choice of framework itself.

Business Need Recommended Framework

General Analytics Projects Analytics Lifecycle Framework
Data Mining Projects CRISP-DM

Data Science Projects OSEMN

Governance Programs DAMA-DMBOK

KPI Management Balanced Scorecard

Root Cause Analysis 5 Whys / Fishbone Diagram
Agile Reporting Teams Agile Analytics Methodology
Startup Analytics Lean Analytics Framework
Enterprise Data Management Data Governance Framework

Strategic Decision Making Decision Intelligence Framework



Best Practices for Analytics Success

Across all the frameworks and methodologies covered in this guide, a consistent set of best practices emerges —

principles that distinguish high-performing analytics organizations from those that struggle to deliver lasting

business value. These are not abstract ideals; they are practical habits and organizational behaviors that experienced

analytics leaders have identified as the highest-leverage determinants of program success. Whether you are

launching a new analytics initiative or maturing an existing capability, applying these principles systematically will

improve outcomes at every stage.

The most important of all best practices is to start with business objectives. Every framework in this guide begins with
business understanding for a reason: analytics that is not anchored to a specific, valued business question will

ultimately be deprioritized, defunded, or ignored regardless of its technical quality. Equally important is the

commitment to building a data-driven culture — which requires not just tools and frameworks, but consistent

leadership behavior that models evidence-based decision-making and rewards analytical thinking at every level of the

organization.

@ Start with Business
Objectives

Every analytics initiative must
trace directly to a valued
business question or strategic
priority. No objective = no
impact.

“. Select the
Appropriate Framework

Match the framework to the
business need, project type,
and organizational maturity —
and apply it consistently.

~/ Measure Business
Outcomes

Track the business impact of
analytics investments —
revenue influenced, decisions
improved, costs reduced.

. Establish Governance
Early

Implement data ownership,
quality standards, and

compliance controls before
scaling analytical programs.

99 Maintain Stakeholder
Engagement

Involve business stakeholders
throughout the analytics
lifecycle — notjust at the start
and end of projects.

=] Continuously Improve

Build retrospective loops into
every analytics program. What
worked, what didn't, and what to
change next cycle.

Focus on Data Quality

Invest in all six quality
dimensions — accuracy,
completeness, consistency,
timeliness, validity, and
uniqueness.

;] Visualize Insights
Effectively

Design for clarity and audience.
The right chart, simply
executed, drives more decisions
than complex analysis poorly
communicated.

Build a Data-Driven
Culture

Champion evidence-based
decision-making at every
organizational level. Culture is
the ultimate multiplier of
analytics investment.

© Organizations that consistently apply these best practices report 2-3x higher ROl on analytics investments

and significantly stronger stakeholder satisfaction with analytical outputs.
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