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Figure 1: Al-Assisted Power BI for Business Analytics

Case Study 1: Cloud Subscription Revenue Analytics

Microsoft Commercial Cloud Business

Module Alignment: Modules 1-2 (Copilot Interaction, Report Generation) Discussion Time: 30 minutes
Protagonist: Sarah Chen, VP of Cloud Sales Operations

The Story
Chapter 1: The Monday Morning Storm
It was 7:47 AM on a Monday when Sarah Chen’s inbox exploded.

The VP of Cloud Sales Operations at Microsoft had barely settled into her chair when the first wave hit.
By 8:15, she had counted 47 emails - all variations of the same theme: account executives across 12 regions,
desperately seeking data before their customer calls began.

“What’s our E5 renewal rate in Germany?”
“Show me Azure consumption trends for Contoso.”
“Which accounts in APAC are at churn risk?”

Down the hall, senior analyst Marcus Williams was already drowning. He’d arrived early, knowing what
Mondays brought. Each request took 30 minutes to fulfill - pull the data, validate it, format the response, add
context. By the time he replied, the account exec had already improvised through their customer meeting,
often with outdated numbers from some Excel file floating through email.

“Every Monday felt like a losing battle,” Marcus would later recall. “I’d clear my inbox by noon,
and by 2 PM it had filled back up. And the worst part? Everyone was asking for the same data
- just sliced different ways.”

The analytics team tracked it: 200+ ad-hoc requests per week. A small army of analysts, spending 400 hours
monthly just responding to emails. Meanwhile, somewhere in the chaos, 200 different Excel files circulated
through the organization, each claiming to be “the” revenue report.
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flowchart TB
subgraph Chaos[" The Monday Morning Storm"]
A1[" Account Exec APAC"] --> |"E5 renewal rate?"| B[" Analyst"]
A2[" Account Exec EMEA"] --> |"Azure trends?"| B
A3[" Account Exec Americas"] --> |"Churn risk?"| B
A4[" VP Sales"] --> |"Weekly summary?"| B
B --> C1[" 30 min each"]
B -—> C2[" 200 Excel files"]
B --> C3[" Outdated by noon"]
end
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The bottleneck was human: every question funneled through a handful of analysts.

Chapter 2: Three Analysts, Three Answers

The quarterly business review should have been routine.
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Sarah stood at the front of the conference room, presenting Q3 results to regional directors from around
the globe. The slides showed strong numbers - Azure growth exceeding targets, M365 enterprise adoption
accelerating, Dynamics 365 gaining momentum. Then came the question.

“What’s our renewal rate for E5 licenses in the healthcare vertical?”
The room fell silent. Sarah turned to her analysts.

Marcus pulled up his spreadsheet: “67%.”

His colleague Jennifer checked hers: “71%.”

A third analyst, connecting remotely from Singapore, offered: “64%.”

The Regional Director who'd asked the question leaned back. “So which number do I use when I talk to my
team tomorrow?”

No one had an answer.
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The meeting ended early. As the room emptied, the Chief Revenue Officer caught Sarah’s arm. “Fix this,’
she said quietly. “I don’t care how.”

Chapter 3: The Impossible Requirement

Sarah assembled a task force. The mission: build a system where any stakeholder could answer their own
questions instantly - without analyst intervention, without Excel files, without Monday morning chaos.

The requirements seemed contradictory:

e Self-service that non-technical users could actually use
e Governed enough to prevent chaos and ensure accuracy
o Fast enough to answer questions during live customer calls
e Smart enough to understand natural language, not SQL

“What you're describing is basically a junior analyst that never sleeps and can handle 10,000 simultaneous
conversations,” said one engineer. “That doesn’t exist.”

“It does now,” said Sarah. “It’s called Copilot.”

Chapter 4: Making Data Speak Human
The next three months tested the team’s patience.

Building a Copilot-enabled semantic model wasn’t just about connecting data sources. It was about teaching
an Al to understand how humans talk about business.

The Naming Problem

The first time an account executive typed “show me revenue,” Copilot returned nothing. The data model
used TRev_USD. No human calls revenue “TRev_USD.”

The team spent two weeks just renaming columns:

Before After

TRev_USD Total_Revenue_USD
cust_seg Customer_Segment
prod_sku Product_SKU_Name

dt_eff Subscription_Start_Date

The Synonym Problem



Copilot Q& A Interface

Figure 2: Copilot Q&A Interface

When sales reps said “bookings,” they meant revenue. When finance said “ARR,” they meant recurring
revenue. When executives said “the number,” they could mean any of a dozen metrics.

Total_Revenue_USD synonyms:
- revenue
- sales
- bookings
- TCV (total contract value)
- ARR (annual recurring revenue)
- '"the number"

For every field, the team catalogued every way a human might refer to it. They conducted interviews,
analyzed email threads, sat in on sales calls - anything to capture the vocabulary of the business.

The Context Problem

Even with perfect naming and synonyms, Copilot still misunderstood nuance. When users asked about
“performance,” did they mean revenue growth? Market share? Individual quotas?

The team wrote Al Instructions to capture institutional knowledge:
When users ask about "performance," they typically mean revenue growth

compared to the same period last year.

When users ask about "health," they mean churn risk based on usage
patterns and renewal dates.
"Top customers" means customers ranked by Total_Revenue_USD descending.

Three months of metadata work. It felt tedious. It would prove transformative.

Chapter 5: The First Real Test
The pilot launched on a Tuesday in May.

Sarah chose 50 account executives across three regions - a mix of veterans and newcomers, skeptics and
enthusiasts. She gave them one simple instruction: “For the next two weeks, ask Copilot instead of emailing
analysts.”

Day one was rocky. Users didn’t trust the answers. Several emailed analysts anyway to “verify” what
Copilot returned. Marcus found himself fielding the same questions twice - once from Copilot users wanting
validation, once from holdouts who refused to try.

But something shifted by day four.

In Japan, an account executive named Yuki was preparing for a call with a major automotive client. The
client had concerns about their Azure commitment - were they getting value? Were they on track? Were
other automotive companies seeing better results?

Before the pilot, Yuki would have emailed the analytics team 24 hours before the call, hoping for a response.
This time, she opened Copilot during the meeting itself.

“Show me Contoso Automotive’s Azure consumption trend versus industry benchmark.”

The answer appeared in three seconds. She shared her screen with the client. The conversation shifted from
“we’ll get back to you” to “let me show you right now.”



Figure: The Copilot QA interface showing Yuki’s real-time query during the customer call. Answers in 8
seconds replaced 24-hour email turnaround.

The client renewed early.

Chapter 6: The Transformation

Six months after launch, the numbers told a story of reinvention:

Metric Before After Change
Ad-hoc requests/week 200+ 45 -78%
Time to insight 30 min avg 30 sec avg -98%
Analyst hours on reporting 400 hrs/mo 90 hrs/mo  -78%
Self-service adoption 12% 73% +61 pts
Excel reports in circulation 200+ 23 -89%

But the real transformation wasn’t in the metrics. It was in what people did with their time.
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flowchart TB
subgraph After[" Self-Service Analytics"]
A1[" 'Show me E5 trends'"] --> B[" Copilot"]
A2[" 'Compare APAC vs EMEA'"] --> B
A3[" 'Who's at churn risk?'"] --> B
B --> C[" 3 seconds"]
B --> D[" Single Source of Truth"]
end

subgraph Analysts[" Analyst Freedom"]
E[" Strategic Analysis"]
F[" Predictive Models"]
G[" Business Innovation"]

end

C-—>E&F&G
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The bottleneck dissolved: users got instant answers; analysts got time to think.

Marcus Williams, the analyst who once spent Mondays drowning in emails, now spent them differently.
Instead of pulling data for others, he was building predictive models for churn risk. Instead of formatting re-
ports, he was discovering why certain regions outperformed others. The repetitive work had been automated;
the strategic work remained.

“I used to feel like a human API - take a request, return a result, repeat forever. Now I feel like
an analyst again. I find things no one thought to ask about.”

For account executives like Yuki, the change was immediate. Customer conversations became data-driven in
real-time. The phrase “I'll get back to you” nearly disappeared.

“Last week, I asked Copilot ‘What’s the renewal risk for Contoso’s Azure commitment?’ and got
the answer before my customer finished their question. That would have taken days before.”
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And for Sarah Chen, the VP who set it all in motion, the Monday morning inbox told the story. Where
there had been 47 frantic emails, now there were three - edge cases, complex scenarios, strategic questions
that deserved human attention.

The rest answered themselves.

%%{init: {'theme': 'base', 'themeVariables': { 'edgeLabelBackground':'#ffffff'}}}%%
flowchart LR
subgraph before[" Before: The Email Storm"]
direction TB
ael["Account Exec<br/>needs data"]
ael -->|"Email"| analyst["Analyst<br/>drowning in requests"]
analyst -->|"30 min"| response["Response<br/><i>often too late</i>"]
response —-->|"Customer meeting<br/>already over"| missed[" Missed<br/>Opportunity"]
end

subgraph after[" After: Self-Service"]
direction TB
ae2["Account Exec<br/>in customer call"]
ae2 -->|"Natural language<br/>question"| copilot[" Copilot"]
copilot -->|"3 seconds"| answer[" Answer<br/><i>on screen</i>"]
answer --> win[" Customer<br/>impressed"]

end

before -.->|"Transformation"| after
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The Architecture Behind the Story
How It Worked

%%{init: {'theme': 'base', 'themeVariables': { 'edgelLabelBackground':'#ffffff'}}})%
flowchart TB
subgraph pbi["Power BI Service"]
direction TB
subgraph interfaces["User Interfaces"]
copilot[" Copilot<br/>Natural Language Q&A"]
dashboards[" Dashboards<br/>Visual Reports"]
mobile[" Mobile App<br/>On-the-go Access"]
end

subgraph model["Semantic Model: Cloud Revenue"]
synonyms [" Synonyms<br/><i>Multiple ways to say things</i>"]
descriptions[" Descriptions<br/><i>What each field means</i>"]
instructions[" AI Instructions<br/><i>Business context</i>"]
end

copilot --> model
dashboards —--> model
mobile --> model

end

synapse[("Azure Synapse<br/>Data Warehouse")]
model --> synapse
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The Data Scale

Data Source Volume Refresh Frequency
Subscription transactions 10M+ records Daily

Customer accounts 500K+ accounts  Real-time
Product catalog 50+ SKUs Monthly

Revenue actuals $100B+ annually Daily close

Governance That Enabled Scale

The team didn’t just build self-service - they built governed self-service:
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flowchart TB

subgraph governance["Governed Self-Service"]
direction TB
rls[" Row-Level Security<br/>AEs see only their accounts"]
certified[" Certified Answers<br/>Finance-approved metrics"]
monitor[" Usage Monitoring<br/>Track adoption & training"]
feedback[" Feedback Loop<br/>Flag incorrect answers"]

end

subgraph outcomes["Results"]

direction TB

trust[" Trust<br/>Users believe answers"]

scale[" Scale<br/>500K accounts, O bottleneck"]

improve[" Continuous Improvement<br/>Model gets smarter"]
end

rls —--> trust
certified —-> trust
monitor --> scale
feedback --> improve
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Key Learnings
What Worked

1.

Invest in metadata: The three months spent on naming, synonyms, and Al instructions paid off
tenfold. Users didn’t need training because the model spoke their language.

. Start with high-value questions: The team identified the 20 questions that generated 80% of

ad-hoc requests - and optimized for those first.

Iterate on failures: Every failed query became a learning opportunity. When Copilot misunderstood
something, they asked why and fixed the underlying metadata.



4. Executive sponsorship: Sarah’s visible championship of self-service drove adoption. When the VP
uses it, everyone uses it.

What Was Hard

1. Cultural shift: Some analysts felt threatened. The team addressed this by reframing their role:
“You’re not being replaced - you’re being promoted to work that matters.”

2. Trust building: Users initially didn’t trust AI answers. This resolved over time as they validated
results and saw consistency.

3. Edge cases: Copilot struggles with complex, multi-step questions. Users learned to ask sequentially:
“Show me revenue by region” then “Now show me just Germany.”

Discussion Questions
For Class Discussion

1. Self-Service Trade-offs: What are the risks of empowering non-analysts to query data directly? How
do you balance democratization with accuracy?

2. AI Trust: How should users validate Copilot’s answers? When should they trust Al versus asking an
analyst?

3. Metadata Investment: The team spent three months preparing data for AI. Was this investment
justified? How would you prioritize with limited time?

4. Role Evolution: How should the analyst role change in an Al-enabled world? What skills become
more valuable?

5. Your Organization: What “Monday morning email storms” exist in your organization? Which
high-volume questions could Copilot address?
Reflection Prompts

o How does this case change your view of self-service analytics?
e What metadata improvements could help Copilot in datasets you work with?
e What cultural barriers might your organization face in adopting this approach?

Connection to Course Labs

Lab Connection

Lab 1 You’ll ask natural language questions, just like
Microsoft’s account executives

Lab 2 You’ll generate reports with prompts, similar to the
self-service experience

Lab 4 You’ll add metadata to improve Copilot accuracy,

mirroring Microsoft’s investment

Additional Resources

e Copilot in Power BI Overview
e Preparing Data for Q&A
e Semantic Model Best Practices

Case materials based on real Microsoft implementations. Details modified for educational purposes.


https://learn.microsoft.com/en-us/power-bi/create-reports/copilot-introduction
https://learn.microsoft.com/en-us/power-bi/natural-language/q-and-a-best-practices
https://learn.microsoft.com/en-us/power-bi/guidance/star-schema
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