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Building Data Literacy

In the Microsoft Data Platform Era



In this presentation...

Explore the basics of Data Literacy
o How does it apply to everyone?
o What makes it so important?

Find ways to measure Data Literacy
o In a Microsoft Environment

Discuss how to meaningfully improve Data Literacy

SQL | o What does ‘training’ mean?

o Whose job is it even?
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How Al influences all of this...




Oliver Engels is CEO of
oh22data AG, a Microsoft Gold

Partner in Germany specialized
In CRM and BI.

His interests are on Azure, Data
Governance and Integration,
Machine Learning and
visualization Tools like SSRS,
Power Bl and Tableau.

Oliver has worked with SQL
Server since version 6.5 and is
a founding member and current
president of German Microsoft
Data Platform Community
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Tries her best.

Only recently changed careers,
going from 3D to data
engineering, and is very humbled
to speak here.



What is Data Literacy?

“The abllity to explore, understand, and communicate with da
- Tableau

“Data literacy (s the abllity to read, write and communicate data (n conte
- Gartner

“Data Literacy refers to the essential 215t century skill of collecting, managing,
evaluating, and applying data in a critical manner.”
- Wikipedia



https://www.tableau.com/data-insights/data-literacy/what-is
https://www.gartner.com/en/information-technology/glossary/data-literacy
https://de.wikipedia.org/wiki/Datenkompetenz

What is Data Literacy?

Often portrayed in a ladder system:

COMMUNICATI
with data

WORK
with data

READ data



DECIDE
with data

COMMUNICATE
with data

WORK
with data

READ data

Interpret results and act

Present findings, argue insights

Manipulate, analyze, transform —> Self-servic

Understand charts, dashboards, —s  Tyyst: Confidence
datasets



Why does Data Literacy

In a self-service environment like Fabric/ Power BIl, data
to explore and analyze data without dependence on IT

And without it?

* Poor decisions due to misinterpretation
* Mistrust or misuse of reports
« Adoption of new platforms stagnates

« Data governance suffers



In a day-to-day, data-driven environment, data literacy empowers us to explore
and analyze data by depending on our critical thinking skills.
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In a day-to-day, data-driven environment, data literacy empowers us to explore
and analyze data by depending on our critical thinking skills.
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In a day-to-day, data-driven environment, data literacy empowers us to explore
and analyze data by depending on our critical thinking skills.
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In a day-to-day, data-driven environment, data literacy empowers us tc
and analyze data by depending on our critical thinking skills.

Carrie L'Atieun Phil Terrows

Sam Antic the Model

Nice little establishment with a lot of charme,

Saved my a** letting me use their toilet for free. Best burgers in town, just wish they'd do deliveries

Cot order wrong once in countless visits and it Is sometimes
really full for such a small place, but | guess that's just

10/10 burger to go was good too
proof how good it is ) Will gladly come back!!

Mike Rusoff

Rick Uwens Anne A. Littics

While the kitchen is highly competent and the staff very obviously
know what they are doing, | must unfortunately subtract a single star;
On occasion and very depending on the batch and presumably

the exact person taking care of said batch, the fries tend to be
slightly sogay.

It does not take away from the overwhelmingly beautiful interieur

or the otherwise exceptional menu though. Recommended! :-)

Absolute recommendation! Kids and | love it here! Competent staff and cooking, Special recommendation for the

potato wedagies, and ALL the housemade sauces.

Easily the best burger place in town, plus the open kitchen is
always a highlight



In a day-to-day, data-driven environment, data literacy empowers us
and analyze data by depending on our critical thinking skills.

Realest Customer

THIS PLACE IS SIT BAD WAITRESS NEVER AGAIN!!T 1t



In a day-to-day, data-driven environment, data literacy empowers us to explore
and analyze data by depending on our critical thinking skills.




In a day-to-day, data-driven environment, o
and analyze data by depending on our critical
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~“Vaccines’

Source: If Google Was A Guy



https://youtu.be/Cxqca4RQd_M?si=yZlooU6rh4sxM8Kv

Why does Data Literacy

- Spot biases or manipulation
o Not only in the report, but in yourself as well

- Judge the credibility of sources

- Be able to act and decide by interpreting everyday data correctly

All rooted in the ability to think critically and research meaningfully.




So how do you measur

Is everyone in your company data literate?

Are people in your personal environment data literate?

How and where do you start measuring it?

- People must be verbally, numerically, and graphically literate

- How to measure abstract values like critical thinking?



So how do you measu

1. Self-assessment
2.Normed quizzes

3.0Observed behavior



1. Self-assessment

- This is always a highly subjective matter!

o Self-esteem, personality, environment play an influenti

- Most valuable in context:

o Which role does the employee occupy?

- Measurement over time:
o Which impact has training had?

o Did it improve confidence?



1. Self-assessment

What to evaluate?

COMMUNICAT
with data

WORK
with data

READ data



WORK

READ data :
with data
- Discover - Collect - Interpret
- Evaluate - Analyze - Visualize
- Interpret - Transform - Present
- Curate

- Manage




How to evaluate?

Competency Rating Scale:

Level 1 | can finish simple tasks with clear instruction/ guidance

Level 2 | can finish tasks on my own
Level 3 | can solve problems on my own
Level 4 | can assist others with simple tasks and problems

Level 5 | can teach others to solve complex tasks and problems




| can open a | can browse and | can search various | can help others | can teach others
specified dataset/ access the data | sources to find data search a range of how to find and
report in a location need from a range related to my needs sources related to access the data they
provided to me of sources their needs need

v

Analyze data

| can use simple | can use the most | can research/ | can help others | can teach others
tools provided to appropriate tool for  create the most select and use the which tools are
me to undertake my analysis appropriate tool for most appropriate most appropriate

analysis my analysis tools and why
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Visualize data

| can use templates | can create | can visually | can help others | can teach others
to create tables and meaningful tables present data froma  Visually present how to visually
charts presenting and charts to range of sources simple data sources present data
data provided to present a dataset meaningfully meaningfully
me

~n
— .jh‘ —

Question data

| can teach others

| can answer basic | can find answers | know what to ask | can assist others H P
questions given regarding a stated and where to find in pointing out what Owto as tde "9
with data provided question inarange  answers regarding to ask and where to ql;]estlonsfgr:j

to me of data sources a broader issue find answers where to fin

answers



2. Quizzes/ Tests

- Can raise awareness

o About unknown deficiencies or about topics/ issues |

- Can already be tailored to emphasis specific topics or accommoda

- Measurement over time:

o Did training measures succeed?



°®
2. Quizzes/ Tests
A chart looks entirely unreasonable and confusing A dataset updates nightly.
What do you do? What does this imply?
The data is unreliable I u It updates manually
Today's decisions use : A
: It is nearly realtime
yesterday's data

m What does SQL stand for?

Standardized Query Language I ﬂ
Slowly Questioning Leadership I u System Query Language

Analyze the underlying data

Blame your boss
carefully

Post it on Slack and hope
someone else fixes it

A dashboard shows unexpected results.
What is the most appropriate first step?

. . Check the data source and
Use a Pie chart instead -
transformation steps
Refresh the page I u Ignore the dashboard

Blame society

Structured Query Language




2. Quizzes/ Tests

What d ha abbreviation ‘SHiR d for? Which SQL statement retrieves all columns from
at does the abbreviation ' ' stand for?
a table named Sales?

Save Hours with

SHit | Ran out of coffee
Incremental Refresh
Some Humans Ignore Reality I ﬂ Stuff Happens in Reports

Why is scripted analysis (SQL, Python) preferred You join two tables and rowcount suddenly doubles.
over manual steps? What is the most likely cause?

: It is easier to automate and
It looks more professional
reproduce
It requires less thinking I u It avoids documentation

GET * FROM Sales SHOW ALL * FROM Sales

SELECT * FROM Sales EXTRACT * FROM Sales

Data corruption Many-to-many join

Incorrect data types I u Missing values




2. Quizzes/ Tests

- Relevancy to the role/ business
- Adjusting difficulty

- Best usecase: check if implemented training was success



3. Observed behavior

= Monitor usage trends

- In a self-service setting like Fabric/ Power Bl - measuring
interaction
- FUAM to track adoption

- Monitor report performances

- ! Important to have an established governance foundation, allowing everyone easily
understandable and secure access
- Define and publish certified datasets
- Provide templated reports

- Implement RLS beforehand



3. Observed behavior

= Monitor usage trends

- Measure data-literacy maturity in a self-service setting needs
Power Bl already captures
- The program should be flexible and measurement should apply to

other regulatory standards



3. Observed behavior

= Monitor usage trends

Ability Typical behaviours Examples of Power Bl signals

Finds certified data, uses filters, interprets

Read )
visuals correctly

Report Views, Distinct P

Adds slices, drills, creates personal
Work bookmarks, builds reports, built semantic
models, write DAX, publishes to workspace

ViewReport + QueryDataset events,
CreateReport, CreateDataset events

Communicate & Shares links, schedules subscriptions,

ShareDashboard, CreateSubscription
Share comments

Uses certified datasets, applies sensitivity

Governance habits
labels

Dataset lineage + label activity



3. Observed behavior

= Capture quantitative evidence with standard Fabri

Source

Usage Metrics
report (per-item &
workspace)

Tenant Activity Log
(Audit)

Adoption-tracking
guidance

Fabric adoption
roadmap

What it gives you

90-day counts of views, shares, retention
curves, device split

Raw events such as ViewReport,
CreateReport, UpdateDataset,
ShareDashboard with actor, timestamp,
workspace

Possible KPIs, Measures

Maturity definitions & benchmark questions

How to enable / query

Available to every
View usage metric
More advanced with FU

Pull via Admin — Get Activity E
or PowerShell Get-PowerBIActivityEv
30 days per

More advanced on the FUAM Lakehouse Da

Microsoft Adoption Playbook

Helps translate telemetry into laddered maturity
levels



3. Observed behavior

= Capture quantitative evidence with standard Fabric te

Component Typical Power Bl signals Why it matters

* Distinct users who triggered CreateReport, CreateDataset, Captur
Active Creators UpdateDataset, PublishApp in the Activity Log during the period self-servi

(30 %) » Usually expressed as a percentage of licensed users in the moving from
same business unit to stay size-neutral creation
N Median drill-through actions per session (DrillThroughReport Indicates analytical ;tm
Depth of Interacti events)

users don'’t just glance at a KPI—

on (20 %) * Avg. filters/slicers applied they explore

* % of sessions with > 1 page viewed

Weighted sum of: Collaboration is a strong

Sharing Index » ShareReport and ShareDashboard events (x 1) : )
b - e predictor of data-driven
(15 %) * New subscriptions (CreateSubscription) (x 1.5) o )
) ) . . decision-making culture
* Mentions/comments via Teams integration (x 2)
Governance Com % of reports built on certified or promoted datasets Ensures self-service growth
* % of artefacts with a sensitivity label doesn’t erode trust, security or

H (o)
pliance (15 %) * % workspaces in the Production capacity tier lineage



3. Observed behavior

= Capture with standard Fabric telemetry

. i # Usery # Veernd Bepoery # 2 pwies il 144 # bt oot 304 » Actwibe OM * Akt OY " At
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Platform Product Fabric
Owners Owners Admins

" your data

via DirectLake mode

) ’ ,
é\& i Reporting

Optimization module

E=\- Best Practice Scope: workspaces on dedicated capacities Scope: top outliers Scope: tenant wide
: Checks

Tenant Overview Capacity Refreshes Semantic Catalog Activity anomalies % Fi n Ops CO ntrOI I i n g Data

nnn|
lEM*J ) @J Report Usage Overall Timeline View In-depth Engine Analysis Tenant Settings ~ Active Users

Intelligent engine level
diagnostic of top CU

Workspace Characteristics with Trend Analysis Item Impact Analysis Capacity Characteristics
consumers

FUAM Lakehouse Delta Tables

e Raw Files
unified data model

. o o Data ingestion
Pipeline Pipeline Pipeline modular structure Orchestration Pipeline
E2E module E2E module E2E module “Schedule one pipeline and get all the data”

lHJ i IHJ g [HJ i Incremental load Full load Ml_’@_’ |H|_> |H|

Tenant Capacity BPA & VertiPaq
meta data Metrics Engine data

Capacity

User Accesses
Refreshes

Activity logs




And how do you improv

- Define clear goals and metrics
- Raise awareness
o Communicate the values of data literacy
o "Data days”, webinars, newsletters
- Training and enablement

o Tiered learning paths based on user roles (workshops, internal

communities, train-the-trainer models, ...)



Who should take care

- Gap of expectations
- Responsibility to learn vs. responsibility tc

- Everybody expects the other to do it




Cost and Investment

“Training everyone

“Learning data skills on my own costs my time

and energy.’



Time and Capacity

"We can't pull tea

“Learning should |

“There's no protected time to practice.”

“Learning data skills feels like extra unpaid work.”



Responsibility
“Data literacy i

"People don't engage witl

“If it's important, why isn't it formalized?”
“We are expected to be data-driven but not

taught how.”



Motivation and Confidence

“Numbers look intimidating and | will look

incredibly stupid.”



Forrester Consulting — Building Data Lite

82%

Of leaders expect basic data
literacy from all employees

Of employees
been offered da

Source


https://wp.sfdcdigital.com/tableau/en-us/wp-content/uploads/sites/47/Data%20Literacy/Forrester_Building_Data_Literacy_Tableau_Mar2022.pdf

47%

Of employees say that they have
been offered data training

Use data visualization and analytics tools 35% 7 9 /O

Of leaders say their departmen
Utilize statistical data tools or languages SUCCGSSfU”y equipping their
employees with the data skills they
Read data outputs relevant to the role 27% are expected to have

Make decisions based on data 26%

Advanced analytical skills 21% 40%

Of employees say their organization
has successfully equipped them with
the data skills they are expected to
have

Use basic data tools

Data science

Artificial Intelligence 15%
Source


https://wp.sfdcdigital.com/tableau/en-us/wp-content/uploads/sites/47/Data%20Literacy/Forrester_Building_Data_Literacy_Tableau_Mar2022.pdf

47%

Of employees say that they |
been offered data training

37%
G\ \ & &=\ /AN
A
Who _
receives o
Training?
24% .
Research Operations Engineering

Source


https://wp.sfdcdigital.com/tableau/en-us/wp-content/uploads/sites/47/Data%20Literacy/Forrester_Building_Data_Literacy_Tableau_Mar2022.pdf

% of employees who think Data Traini

‘
e Market il
85% 80% 87%

Q

Research

83%

Engineering

86% 81%

Source


https://wp.sfdcdigital.com/tableau/en-us/wp-content/uploads/sites/47/Data%20Literacy/Forrester_Building_Data_Literacy_Tableau_Mar2022.pdf

26%

Of employees say that th
talked to management abou
wanting more data training.

16%

Of employees say that they
complained about the amount
of data training offered.

Source


https://wp.sfdcdigital.com/tableau/en-us/wp-content/uploads/sites/47/Data%20Literacy/Forrester_Building_Data_Literacy_Tableau_Mar2022.pdf

Lack of skilled staff Lack of budget Lack of knowledge
to lead training on how to

improve data skills
©

ek ol e e Resistance from .In.adequate.
the employees training materials

culture



Lack of knowledge
on how to
improve data skills

Lack of skilled staff
to lead training

Lack of a data Resistance from Inadequate

culture the employees training materials



How to solve this?

Governance

Make things easy to access and understand

Ensure data quality

Utilize embedded tools like Power Bl descriptions, tooltips, formatting

Maintain easy to find and read data glossaries and documentations

- Guided Self-Service

- Establish confidence



How to solve this?

Training and Enablement

- Leadership commitment
- Communicate the value of Data Literacy
- Data-days, webinars, newsletters

- Train-the-Trainer, Lunch-and-Learn models

- Tiered learning paths, based on role, create relevancy

> Keep Motivation high



How to solve this?

Tool Familiarity

- Smaller onboarding sessions introducing Power Bl/ Fabric

- Create a defined system for support, practice communities

Gamification

- Not a competition!
- But value top contribution

- System for badges, certifications for completing certain milestones



Al and Data Literacy

Understand LLMs
o Where they receive information from

o How they are coded

Write effective prompts, skill to phrase good prompts

Correctly interpret a reply

Potential inaccuracies and hallucinations



But that's not the point.

Hi there, | have to write a SQL query:
I need to find out how many doctors (docX) in the business | work for

have done a specific treatment (differentiated by ‘GOP’ digit) more than
once. How would | do that?

Hey! @ This is a classic GROUP BY + HAVING problem in SQL. I'll walk you through the idea first, then give

you a concrete example you can adapt.




But that's not the point.

Hey, could you write a SQL query for me that finds all individual
patients (PatX) which have received specific vitamin treatments
(VitCode) more often than once in 2025?

Sure thing @ I'll keep it clean and generic so you can drop it into your schema easily.



But that's not the point.

Hello, | am suspecting that the business | work for hands out Order
numbers more often than once.

Can you help me write a SQL query which finds all Order Numbers
(OrderX) which occur more often than once in the year 20257

Absolutely! We can write a SQL query that groups by the orderX number, counts how many times each

appears, and then filters for those that appear more than once in the year 2025. I'll assume your table is



Understanding is NOT retention.

Exposure is NOT exp






Process



Recall
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Your Brain on ChatGPT: Accumulation
of Cognitive Debt when Using an Al
Assistant for Essay Writing Task®

Nataliya Kosmyna ' Eugene Hauptmann Ye Tong Yuan Jessica Situ
MIT Media Lab MIT Wellesley College MIT
Cambridge, MA Cambridge, MA Wellesley, MA Cambridge, MA

Xian-Hao Liao Ashly Vivian Beresnitzky Iris Braunstein Pattie Maes
Mass. College of Art MIT MIT MIT Media Lab
and Design (MassArt) Cambridge, MA Cambridge, MA Cambridge, MA
Boston, MA

United States

oy
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ioss
it

ot
ot

Figure 1. The dynamic Direct Transfer Function (dDTF) EEG analysis of Alpha Band for groups:
LLM, Search Engine, Brain-only, including p-values to show significance from moderately
significant (*) to highly significant (***).

Nataliya Kosmyna is the corresponding author, please contact her at pkosmyna@mi.edu
A Distributed under CC BY-NC-SA

Preprint, under review

“This study focuses on finding out the
cognitive cost of using an LLM in the
educational context (...)"

“Brain connectivity systematically scaled
down with the amount of external support:

(-.)"

"...LLM group fell behind in their ability to
quote from the essays they wrote just
minutes prior.”

"We hope this study serves as a preliminary
guide to encourage better understanding of
the cognitive and practical impacts of Al
on learning environments'”

Scan or Click for Source:



https://arxiv.org/pdf/2506.08872v2

Q% PNAS

https://dol.org/10.1093/pnasnexus/pgaf316
ess puk ber 2025

v NEXUS B

Experimental evidence of the effects of large language
models versus web search on depth of learning

i Melumad (" and Jin Ho Yun (&

nguage models, web

Significance Statement

Might the ease afforded by large language model (LLM) syntheses come at the cost of learning compared with traditional web search? A
theary is proposed that because LLM summaries lessen the need to discover and synthesize information from original sources—steps
essential for deep leaming—users may develop shallower knowledge compared with learmning from web links. When subsequently
forming advice on the topic, this manifests in advice that is sparser, less original—and less likely to be adopted by recipients
Results from seven experiments suppart these predictions, showing that these differences arise even when LLM summaries are aug-
mented by rezl-time web links, forexample. Hence, learning from LLM syntheses (vs. web links) can, at times, limit the development of
deeper, more original knowledge.

Introduction

"The effects of using LLMs versus traditional
web search on depth of learning are
explored.”

“(...) shallower knowledge accrues from an
inherent feature of LLMs — the presentation
of results as summaries of vast arrays of
information rather than individual search
links — (...)"

“(...) those who learn from LLM syntheses
feel less invested in forming their advice,
and, more importantly, create advice that is
sparser, less original, and ultimately less
likely to be adopted by recipients.”

Scan or Click for Source:



https://academic.oup.com/pnasnexus/article/4/10/pgaf316/8303888

"GenAl tools are the latest in a long line of
technologies that raise questions about
their impact on the quality of human
thought (...)"

The Impact of Generative Al on Critical Thinking: Self-Reported
Reductions in Cognitive Effort and Confidence Effects From a
Survey of Knowledge Workers

Hao-Ping (Hank) Lee Advait Sarkar Lev Tankelevitch

Camnegie Mellon Unaversity
Pittaburgh, Pennaylvasnia, USA
haopinglescs comu edu

lan Drosos

Microsoft Wesenrch
Cambeadge, United Kingdom
advaste@microsoft com

Sean Rintel

Microsoft Research

Cambesdge, United Kingdom

levighmicrosodt com

Richard Banks

Microsolt Research Microsolt Research
Cuambridge. United Kingdom
sevinleldmicrosadt com

Cumbridge. United Kingdom
t- saandrososgdmicroseft com

Microsall Rescarch Cambeidge
Cambridge. United Kingdom
rhanksidmictosoft com

Nicholas Wilson
Microsolt Research
Cambridge. United Kingdom
mwilsoni@microsoft.com

Abstract

The rise of Generative Al {UGenAl) i koowlodge wotkilows satees
guestons sboul iy dtnpact om crsticad thinking akills ased practices
We ssrvey 319 knowledge warkess 10 investigate 1) when and
how they perveny the emaction of ertical thinking when unng
CemAl snd 2) when and why GenAl affects their efart to da ea
Participants dhared 4 o hanl examples of using GenAl in werk
tacks. Quantitativel oo roasidening both tadk- anl wer-speatfic

Eactors, & user’s ta

bosd ©

deswe is assocated wirh more ontical thinking

GenAl shifts the matare of creicoal thimking toward

sndormation vesilication, respesar integration and tack drwasdship

Ous imsights reveal sew design challenges wnd opportunities for
developing GenAl 1ools for kawwlalge work

CCS Concepts
» Human-centered computing —+ Empirical studies in HCT
Keywords

Critseal thinking Genevative Al hools, Koowledgre warher, Bloam's

Latonumy. Sarvey

ACM Reference Format
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Introduction

AL {GenAl sools, detined ns sy “ond sner toed [ ] wiesr
trom svetudes u geseratree model baved on deep
ot i & long lew of techoologies that raise
questions ahost their umpact an the qualsty of bessar
that includes writing o 10 by Socrmtes ting |
by Trithemiu), cak aw lobjected ta by 1eachen of artthmenc)
and th,
semation i net wsfousdal Used imprepedy. techneds
ghes can wod o resall in the deterionation of cognitive facolties
that cught to be preserveld As Bassdwidge | 7] noted, o key reay
of astomation 1 that by mechanising routine ks and ke
cxception kandling ta the hussan wer, you deprive the wer
tuulme epportunities to practice tieie judgment and streng
their cognitive maculature, leaving them alrophuicd and snpre
pered mhen the exveptiana do sise
In rospomss. 1esew s begun lookang desely ot bow Eferent
sctivitios siv sopeciod by GenAl and the extemt 10
offloading | < hether this may be an o
Some w
y ¢ [1. 104]) and om cvmativ
£ ! over, design research huas also been dev
Inteyvents t Imygwowe the ability of people %o think i certeis
ways ey review ihese lines of work in Soction 2
in this p wt om 2 higher-Jevel concept that capteses an
atber napect of thought comalered destrable and werthy of preses
valsss critical thinbing (defioed in Section ) The effect of the use

v b Dol Bhsh e + st Srrom e

e L e

Microsoft Research

"Output diversity is a proxy for critical
thinking, and a flawed one."

“We find that GenAl tools reduce the
perceived effort of critical thinking while
also encouraging over-reliance on Al, with
confidence in the tool often diminishing
independent problem solving.”

“(...) workers who are confident in their own
skills tend to perceive greater effort in
(critical thinking) tasks, particulary when
evaluating and applying Al responses.”

Scan or Click for Source:



https://dl.acm.org/doi/epdf/10.1145/3706598.3713778

As plagiarism falls, AI-related misconduct is rising

Proven misconduct cases per 1,000 students

Plagiarism Al-related Other academic misconduct s are ‘Al S]op" Study finds

ed content is now saturating social
about $117m a year, data shows

o | |

2024-  20159- 2024-  2019-
25*% 20 25* 20

Build your digital wardrobe and get Al-powered outfit r¢

Guardian investigation finds almost 7,000 proven cases of
cheating - and experts says these are tip of the iceberg

02:53pm EST




Why this matters for Data Literacy

- Some awareness

- Convenient tool becomes a convenient excuse
- Why train knowledge that everybody already has available on prom

- Why motivate yourself to learn something when it is so easy to machina

- lIronically: Al will raise the standard for everyone, not the other way around
- If Al'is already providing a high amount of value, the threshold of expertise one

needs to contribute will become higher than ever



How to develop real expertise in yourself and y
when you walk into a room, you know that any dat
interact with, you can produce a higher quality res




THANK YOU!
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