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Introduction

Audience
Composition

30+ years Enterprise Data and Analytics Experience

10 years at Miami University — SPSS Statistics

10 years working with the Microsoft Bl stack —
SSAS, SSIS, SSRS, DW

5 years as a Senior Principal Technical Architect at
Qlik — QlikView and Qlik Sense

5 years in other technical and analytics roles

Show of Hands! — Old School!



Building a Data
Driven Organization

Key Components
* People
* Processes - Best Practices

* Technology

Why is Strategic Analytics so hard?

Thomas Davenport — Competing
on Analytics

From Descriptive to Predictive Analytics

N

Enabling Self Service - building Data Storytelling with Data — Insights on Citizen Data Scientists - Bl
Models and organizing visualizations professionals who have mastered

t t end ting thei how to be most effective with )
o support end-users creating their visualizations of data. one of the Modern Analytics and Bl

own dashboards and finding their toolkits could be looking to adopt
own insights. data science skills.

Advanced Analytics — solid Data Literacy Programs — building
Descriptive Statistics are required so business user’s abilities to analyze
the underlying data supports the data and practices.

ability to effectively develop and
deploy Al and ML models.



|. Gartner Essential Skills for Citizen Data
Scientists

Il. Microsoft Technologies
Power Bl add-ins for R and Python
Azure Machine Learning Studio
Microsoft ML.NET — Visual Studio
Microsoft Data Science Server

lIl. Environment and Demos

Discussion and Questions




Essential Skills for
Citizen Data Scientists

Experienced Business
Intelligence (BI) Analyst.

Exploit Modern Analytics and
Business Intelligence (A&BI)
Platforms

Technical professionals can
revamp career growing into
Citizen Data Scientist role.

Often are business Subject
Matter Experts (SME’s) with
exceptional Soft Skills.

Key Takeaways and Insights

A Citizen Data Scientist extracts predictive and prescriptive insights from
data while not being as technically skilled as an expert data scientist.
Citizen data scientists occupy a hybrid, boundary-spanning role, not a
distinct stand-alone position in the organization.

Citizen data scientists exploit modern analytics and business intelligence
(A&BI) platforms, which increasingly have augmented analytics capabilities
and integrations with data science and data preparation tools.

Technical professionals hoping to revamp their careers can grow into the
citizen data scientist roles via independent learning, intuitive augmented
analytics platforms and the support of a community of practice.

Technical skills are not enough. Citizen data scientists must develop deep
business subject matter expertise, collaboration skills, intellectual curiosity
and an ability to learn independently.



Figure 1: Citizen Data Scientist Skills Scope
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Core Skills
Modern A&BI Platforms

Business Subject Matter and Key Performance
Indicators (KPIs)

Data Visualization

Data Preparation

ML Model Development
Advanced Data Literacy
Independent Learning

Curiosity and Creativity

Valuable Skills

Querying Languages (SQL, etc.)
Data Science and ML Platforms
Model Testing/QA

Statistics and Quantitative Reasoning

Ability to Train Others
Intraorganizational Communication

Collaboration and Coordination

Specialized and Emerging Skills

Data Science Programming Languages (R,
Python)

ML Model Monitoring
ML Model Deployment
Leadership

Focus Area
Tools

Knowledge

Knowledge
Knowledge
Knowledge
Knowledge
Soft Skills
Soft Skills

Focus Area
Tools

Tools
Knowledge

Knowledge

Soft Skills
Soft Skills
Soft Skills

Focus Area

Tools

Knowledge
Knowledge

Soft Skills

Knowledge
Advanced Data Literacy

Business Subject Matter and Key
Performance Indicators (KPls)

Data Preparation

Data Visualization

ML Model Deployment
ML Model Development
ML Model Monitoring
Model Testing/QA

Statistics and Quantitative Reasoning

Soft Skills

Ability to Train Others
Collaboration and Coordination
Curiosity and Creativity
Independent Learning
Intraorganizational Communication

Leadership

Tools

Data Science and ML Platforms

Data Science Programming Languages
(R, Python)

Modern A&BI Platforms
Querying Languages (SQL, etc.)



Microsoft
Data Science
Virtual
Machine

Server

LightCoam
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https://azure.microsoft.com/en-us/products/virtual-machines/data-science-virtual-
machines



https://azure.microsoft.com/en-us/products/virtual-machines/data-science-virtual-machines
https://azure.microsoft.com/en-us/products/virtual-machines/data-science-virtual-machines

ML.NET with
Visual Studio
2022 &
Visual Studio

Code

MLModel1.mbconfig*

Scenario
Environment
Data

Train
Evaluate
Consume

Mext steps

B Feedback

Select a scenario

Train with your data

The following scenarios use Automated ML te train and pick the best model for your data.

i earn more about training with your own data in Model Builder!

' '
Data classification
Classify tabular data into 2+

categories, e.g. predict if comments
are positive or negative sentiments,

Local

Recommendation

Produce a list of suggested items
for a particular user, e.g.
recammend products,

Local

& A

2 Ui

Value prediction

Predict a nurneric value from your
data (regression), e.g. predict the
price of a house based on features
like size, location, etc,

Local

A
4

Object detection

Detect and identify chjects in
images, e.g. detect cars in an image
and draw bounding boxes around
each car.

Azure

- <

Image classification

Classify images into 2+ categories,
e.q. predict whether an image is of a
dog or a cat,

Azure Local

e

Forecasting

Predict future values based on
previcusly chserved time series
values,

Local Preview

https://learn.microsoft.com/en-us/dotnet/machine-learning/automate-training-

with-model-builder



https://learn.microsoft.com/en-us/dotnet/machine-learning/automate-training-with-model-builder
https://learn.microsoft.com/en-us/dotnet/machine-learning/automate-training-with-model-builder

Microsoft
AVAS[g<
Machine
Learning

Studio

Ve e A e BT =l © Search within your workspac...  This workspace

Microsoft Partner Network
aml-workspace01

?7 ©

= ERICFRAYER ~» aml-workspace01

New

PR

(M Home

Author

=l Notebooks
Regression - Automobile Price

4% Automated ML Prediction (Basic) ()

&8 Designer
Assets

H

L Jobs .

25} Components

E Pipelines Binary Classification - Customer

Relationship Prediction
L Environments P ©

) Models

@> Endpoints
Manage
= Compute

cﬁ’ Linked Services
Permutation Feature

7l Data Labeling Importance (0

> Designer

Regression - Automobile Price
Prediction (Compare algori... ()

Use custom R script - Flight
Delay Prediction (1)

Recommendations for you

*E A A Ak AEA AN AN AR A

Recommendation - Movie
Rating Tweets (1)

Binary Classification with
custom Python script - Cre... (D

Binary Classification with
Feature Selection - Income... ()

L |
.
BT
=

Cross Validation for Binary
Classification - Adult Inco... (1)

Text Classification - Wikipedia
SP 500 Dataset (i)

ABC

Multiclass Classification - Letter
Recognition (1)

Tune Parameters for Binary
Classification - Adult Inco... ()

N ‘lif'l

-

https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-

machine-learning-integration



https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-machine-learning-integration#automated-machine-learning-in-power-bi
https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-machine-learning-integration#automated-machine-learning-in-power-bi

Microsoft
Power Bl
with R and
Python

New to machine learning models? Here's what you'll be doing:

1. Create and train your model

== M0 A

Select training data Choose a model type Train your model
Select your base data and We'll help you pick the The model will train on
related inputs to train best model to achieve your data and report on
your model. your business goals. ts performance.
Get started

2. Improve it

it

Iterate and retrain

Evaluate, customize and

retrain your model until

it's optimized

3. Apply it

®

Apply the model

Apply your model to

future data for predictive

insights.

https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-

machine-learning-integration



https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-machine-learning-integration#automated-machine-learning-in-power-bi
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Al/ML Considerations

Models and Data Security

Infrastructure Ease of

and Security

and
Considerations

Algorithms Model Design
Available

Use/Difficulty Interpretability

Predictive Analytics Options -

January 2022
Options and Alternatives: Models Available Model Design Data Security and Considerations Infrastructure and Security Ease of Use/Difficulty Interpretability Costs
1. Power Bl Add-ins for R and Python: Medium - leverages shared and Ul Design First Data Models required Uses dataflows for "design driven”  Easy to Medium Easy to Medium Low - already included in
pre-tuned models regression, classification and Power Bl with Premium
clustering models Capacity
2. ML.NET with Visual Studio 2022 & High Code-First Provides highest degree of Visual Studio 2022 could not be Medium to Hard Medium to Hard Low - runs on existing
Visual Studio Code: flexibility in VDI using R and Python installed - VS Code is working depending on model hardware
engines
3. Azure Machine Learning Studio: High - provides several out of the Ul Design First Secured in Microsoft Azure Azure Portal based Medium to Hard Easy to Medium - built Low to High depending on
box models and can be environment into Machine Learning usage and demand
customized Studio
4.Microsoft Data Science Virtual Machine High Supports both Ul Design and Code- Specific Instance in isolated VM running in CoreCivic Azure Cloud Easy to Hard Medium to Hard Low to Medium - less
Server: First approaches environment. Very Secure. Will with the ability to scale up (server depending on model expensive than Machine
need some assistance to implement resources) or out (number of VM's) to Learning Studio

support multiple use cases

Recommendation:

Regression, Classifi

tion and Can be implemented on

) N ) ) Can be governed by Microsoft Requires some use of R and Python in Low - already included in
. Clustering - uses PBI Service and workstation or server with N . N ) . _ .
Power Bl with R and Python N N Purview or related technologies. Can Power Bl Desktop design Easy to Medium Easy to Medium Power Bl with Premium
Azure ML for calculations and data  dependencies on R and Python o ) )
o adopt "sensitivity labels” environment Capacity
mining process Packages.

- Uses combination of Design and ~ N N
. . Leverages DAX and Al/ML addins B K Can be governed by Microsoft R L . Low - already included in
Power BI: Integrating Al and Machine K L Code with dependencies on DAX B N Uses visualizations to provide and N N i R
N to meet visualization R K Purview or related technologies. Can L R Easy to Medium Easy to Medium Power Bl with Premium
Learning calculations and function calls to support insights and analysis

requirements adopt "sensitivity labels" Capaci
9 Azure ML P i pacity



Microsoft
Data Science
Virtual
Machine

Server

Models Available

Model Design

Data Security and
Considerations

Infrastructure and
Security

Ease of Use/Difficulty
Interpretability

Costs

Data Science Virtual Machine Server
High

Supports both Ul Design and Code-First
approaches

Specific Instance in isolated environment. Very
Secure. Will need some assistance to implement

VM running in secured Azure Cloud with the
ability to scale up (server resources) or out
(number of VM's) to support multiple use cases

Easy to Hard
Medium to Hard depending on model

Low to Medium - less expensive than Machine
Learning Studio

https://azure.microsoft.com/en-us/products/virtual-machines/data-science-virtual-

machines


https://azure.microsoft.com/en-us/products/virtual-machines/data-science-virtual-machines
https://azure.microsoft.com/en-us/products/virtual-machines/data-science-virtual-machines

ML.NET with Visual Studio 2022 & Visual Studio

Code
Models Available High
ML.NET with Model Design Code-First
Visual Studio Data Security and Provides highest degree of flexibility in VDI using R
2022 & Considerations and Python engines
Visual Studio
Code Infrastructure and Visual Studio 2022 could not be installed - VS Code
Security is working

Ease of Use/Difficulty Medium to Hard
Interpretability Medium to Hard depending on model

Costs Low - runs on existing hardware

https://learn.microsoft.com/en-us/dotnet/machine-learning/automate-training-
with-model-builder



https://learn.microsoft.com/en-us/dotnet/machine-learning/automate-training-with-model-builder
https://learn.microsoft.com/en-us/dotnet/machine-learning/automate-training-with-model-builder

Microsoft
AVAS[g<
Machine
Learning

Studio

Azure Machine Learning Studio

Models Available High - provides several out of the box models
and can be customized

Model Design Ul Design First

Data Security and Secured in Microsoft Azure environment
Considerations

Infrastructure and Azure Portal based
Security

Ease of Use/Difficulty Medium to Hard

Interpretability Easy to Medium - built into Machine Learning
Studio
Costs Low to High depending on usage and demand

https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-

machine-learning-integration



https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-machine-learning-integration#automated-machine-learning-in-power-bi
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Power Bl Add-ins for R and Python

Models Available Medium - leverages shared and pre-tuned models
Model Design Ul Design First

Microsoft Data Security and Data Models required
Considerations

Power Bl

with R and Infrastructure and Security | Uses dataflows for "design driven" regression,
Python classification and clustering models
Ease of Use/Difficulty Easy to Medium
Interpretability Easy to Medium
Costs Low - already included in Power Bl with Premium
Capacity

https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-
machine-learning-integration



https://learn.microsoft.com/en-us/power-bi/transform-model/dataflows/dataflows-machine-learning-integration#automated-machine-learning-in-power-bi
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= Sorry I'm not givin
you a definitive answer,







Environments and Demo’s

* Data Science Virtual Machine Server — from the Azure Portal
* ML.NET - Visual Studio Community 2022 — Visual Studio Code
* Azure Machine Learning Server Studio - look and feel

* Power Bl with R and Python - EDA example

* Helen Wall — LinkedIn Learning



Data Science Virtual Machine Server

A 168.62.174.181:3389 - Remote Desktop Connection — a X
[l

Azure ML
Studio

|
H C (33 https://ml.azure.com/H

Azure Portal

Im) \ Home - Microsoft Azure X Microsoft Azure Machine Learnir X — JupyterLab

Machine Learning Studio

Welcome to the Azure Machine Learning Studio
DSVM

Documenta.. - Create a new workspace, or open one of your recent workspaces to pick up where you left off.

H Recent workspaces
Jupyter

aml-workspace01 Azureml-SDK-WSO01

PC . .
Subscription Subscription

£y Microsoft Partner Network Microsoft Partner Network
PyCharm

Communi...

View all workspaces —>

Learning components

Build Al solutions with Azure Introduction to the Azure @ Train a machine learning model
=

Machine Learning Machine Learning SDK with Azure ML

RStudio View all learning components —

Tutorials




ML.Net and Visual Studio Code/Commumty 2022

n File  Edit View Git Project Build Debug Teamm  Test  Analyze Tools  Extensions  Window  Help |Search|CtrI+C.] P| TaxiFarePrediction — O A

- | i~ B | £ - v| |Debug v| |Ar|y CPU v| |TaxiFarePrediction v| P TaxiFarePrediction ~ [> ¢ -~ () vl ﬁl [ |& Live Share &Y
§ MLModell.mbconfig® = < ~ #  Sglution Explorer
&
3
é Scenario Train Search Selution Explorer (Ctrl+;)
2 P ac#® Index.cshtml.cs
E—. Environment Specify a time to train.for evaluating varicus models. b & Privacy.cshtml
= How long should | train for? b & et .
= Data 1] appsettings.json
& Training setup summary .~ P & C® Program.cs
Train 48 TaxiFarePrediction
- Tirne to train (seconds): (@ b &5 Dependencies
valuate
b B Properties
Censume w  ¥minutes, 51 seconds remaining... b E'D} data
4 v MLModell.mbconfig
Mext steps
L P 8 c# MLModell.consumption.cs
Jraining resylts B C# MLModell.training.cs
Best quality (R5quared): 0.8773 «[] MLModell.zip
Best model: FastForestRegression & {2 MLModell_Notebookl.ipynb
Training time: 5.03 seconds & [ MLModell_Motebook1-MLModell.zip
Muodels explored (total): 2 & C# Program.cs
LU SIS Git Changes  Tearn Explorer
Browser Link Dashboard > 0 x
B Feedback 4 TaxiFare_API (0 connections)

4 Connections

No current connections

Output e
View in Browser

| = | e

Show output from: | Machine Learning - MLModel1 '|| = | _—

Available Trainers: LGBM,RF,FASTTREE,LBFGS,SDCA 4 TaxiFare_Web (1 connection]

Training time in second: G288
Trainer Boopa-ed My =t-1 00

4 Connections

~f

FastForestRegression
FastTreeTweedieRegression

Learn more about Browser Link

Error List Output Browser Link Dashboard [aisla=il=

] Ready 1L 0/0 «

I® master « 4 TaxiFarePrediction « [



ML.Net and Visual Studio Code/Community 2022

w File  Edit View Git Project Bulld Debug Team  Test Analyze Tools  Extensions  Window  Help |Sr:arch (Ctrl+C) P | TaxiFarePrediction e = O X
£ - | b = | - - | |Debug v| |Ar|),r CPU v| |TaxiFarePrediction v| P TaxiFarePrediction = [> ¢F ~ 1 v| B | i |&) LiveShare &7

MLModell.mbconfig & < Solution Explorer

- 7
Evaluate //Load sample data far "E | TG" = @ |' | "P

var sampleData = new MIModell .Model Input () Search Solution Explorer (Ctrl+;) p|-
Consume ] - -

Vendor_id = @™CMI", &[4 Selution 'TaxiFarePrediction' (3 of 3 projects)
Next steps Rate_code = 1F, b & &1 TaxiFare_API
Pagsenger_count = 1F, b E"E TaxiFare Web
) 4 &[5 TaxiFarePrediction
b &#& Dependencies

J210|dx3 Rlgo 2RSS

Project templates b &3 Properties
i . b aEl data
These projects use the model most recently trained on 3/17/2023 at 1:19 PM. i .
4 v 4% MLModell.mbconfig
Console app b & c# MLModell.consumption.cs

A .NET console application that uses your model to make predictions. Add to solution

P wC# MLModell.training.cs
« [ MLModell.zip
& {5 MLModell_Notebookl.ipynb
&[] MLModell_Notebookl-MLModell.zip

6 C# Program.cs

Web API _
An ASP.NET Core web AP that consumes your model. Add to solution

Notebook
An interactive Notebook with code for re-training your model and visuals for data
exploration and model explainability. Requires a notebook extension.

B Feedback Install Motebook Editor for V5 2022

Add to selution

Solution Explorer [EEReETT =A== 1=

Properties

Output TaxiFarePrediction Project Properties -

Show output from: | Machine Learning - MLModell of ?J' | »

B Misc -
Updating nuget dependencies... File Mame TaxiFarePrediction.csproj
Starting update NuGet dependencies async. Full Path C:\Users\Eric Frayer\sourc
Installing nuget package, package ID: Microsoft.ML, package Version: 1.7.1 Proiect Ealdar C:\Users\Eric Frayer\sourc ™
Installing nuget package, package ID: Microsoft.ML.LightGbm, package Versionm: 1.7.1
COMPLETED

File Mame
Mame of the project file.

Error List Browser Link Dashboard EilaEiEs

Ready D/0 1® master = 9 TaxiFarePrediction « [



ML.Net and Visual Studio Code/Community 2022

~ OC m (D localhost:5139 A o v= E

TaxiFare_ APl Home Privacy Hello, THINKLAPTOP\Eric Frayer!

Welcome to V

sual Studio 2022 - Example
Web App

Embedded Analytics can be delivered in multiple ways. Visual Studio Community Edition 2022 is available from Microsoft for free.
Visual Studio Code is also a consideration. Both support Web and API development.

Visit www.ThinkDataAnalysis.com for more information!

Learn about building Web apps with ASP.NET Core.

© 2022 - TaxiFare_API - Privacy




Azure Machine Learning Studio

Mi ft Partner Network -
Microsoft Azure Machine Learning Studio ? © ‘ \crosoft Fariner Metwork - o [ ]
aml-workspace01 g
= - ERICFRAYER > aml-workspace01 MNotebooks Notifications
€ All workspaces Notebooks [ 02 - Regression.ipynb X
4 Home Files  Samples = ) Edit in V5 Code @ Compute: ® @
|:l,'=‘ Model catalog sreview ) C_:l & infol - Kermel ... CPU 0% RAM 2% Last saved a few seconds ago Python 3.8 - AzureML
i . =] Users - . oy 2 e =
Authoring R
S egression
| E Notebooks . Ly - ] hi I ; hni . Iy i del £
5 M  azureml-getting-started upervised machine learning techniques involve training a model to operate on a seto
features and predict a label using a dataset that includes some already-known label
Aut ted ML
% Automate > ™ azureml-sdk-for-r values. The training process fits the features to the known labels to define a general
2 Designer 5 o Keras function that can be applied to new features for which the labels are unknown, and
predict them. You can think of this function like this, in which y represents the label we
Assets o &=l mil-basics want to predict and x represents the features the model uses to predict it.
3 M challenges y = f(z)
5 Dats hS Ml data In most cases, x is actually a vector that consists of multiple feature values, so to be a
K Jobs . 8 odeks little more precise, the function could be expressed like this:
y= f([z1, T2, 73,...])
BY Components I .gitignore B
The goal of training the model is to find a function that performs some kind of
g g [
2 Pipelines (¢ 01 - Data Exploration.ipynb calculation to the x values that produces the result y. We do this by applying a machine
. . learning algorithim that tries to fit the x values to a calculation that produces y reasonably
. 01-Data Exploration ERF.ipynb
& Environments B P oY accurately for all of the cases in the training dataset.
[+ 02 - Regression.ipynb ) ) . . )
ere are lots of machine learning algorithms for supervised learning, an ey can be
) Models Th lots of hine | g algorithms f p d | g, and they b
¢ 03 - Classification.ipynb broadly divided into two types:
e
3> Endpoints
[ 04 - Clustering.ipynb * Regression algorithms: Algorithms that predict a y value that is a numeric value,
bl - ciwrh oc tho nreo nf o henico nrthe nimabor of colos troncartinme il




Azure Machine Learning Studio

B AWS Management... [T PowerB

< All workspaces
{m Home
D? Model catalog ereview

Authoring

[E] Notebooks

4% Automated ML

&= Designer

Assets

&Y Data

A Jobs

BS Compenents

& Pipelines

£ Environments

< G o https://ml.azure.com/visualinterface/authoring/Mormal/alfbac7f-365a3-422c-bdcd-da86902b30b5 ?wsid =/5... A {a ,E' (o7 ’E: {3 {‘E

8 Amazoncom - Onli.. [7] Onlinelearning [] Amazon [7] Azure [ Goegle & Geoogle [ CodeExamples [7] ASUS E-Service » | [ Other faverites

Microsoft Azure Machine Learning Studio

ERICFRAYER > aml-workspace01 Designer Authoring

@ | Microsoft Partner Network
aml-workspace01

v |Ii,ll

% £ = o Y Validate = Clone Configure & Submit

=]
O Search by name, tags and description &

LoanApplicationsPrediction01 &

[ Tags:All | | "7 Add filter |

Data Component

Save 52 Pipeline interface

Results datas.. Results fatas..

& Two-Class Legistic Regression
95 ('_:1 + two_class_logistic_regression

P Data Iranstormation (19)

Untrained model
P Computer Vision (6)

Untraifed mod... Datiaset
P Meodel Scoring & Evaluation (5) I
@t Train Model
P Machine Learning Algorithms (19) train_model

P Text Analytics (7)
P Python Language (2)
P Data Input and Output (3)

P Recommendation (5)

b Featurs Sslectinn (21 -

P R Language (1) B Navigator ,@ N 100% @\ @\ 5’7& Scareﬁiatﬂset

Traine
L model Dafiazet

A
[} Score Model
score_model

Scored fatase.. Scored datase...

L]

+ B o 2o

=




nd_EDA - Power Bl Desktop

Power Bl and Al/ML

22 Search

File Home Insert Modeling View Help External Tools
He & BL ARdD B 4 )
@ [ B0 & 5 : h
P Get Exce Data SQOL Enter Dataverse Recent Transform Refresh New Text More New Quiick Sensit Publish
data~ workbook hub~ Server data SOUrCEs v dataw visual box wisualsv measure measure
Clipboard Data Queries nsert Calculations Senzitivity Sharz
pl Dataset Summary Descriptive Statistics for Mumeric Variables
Eariable Stats Values Unique Valid Freq of Valid Valid Missing A yariable mean sd min g1 med g3 max mad irq o skewness kuriosis
-
B A | Menlo)2e7iis)  Seastnct  SSdstinchales T T Sunived 036 040 000 000 000 100 100 000 100 127 048  -177
[numerid] pin < ea < max v R R SbSp 052 110 000 000 000 100 800 000 100 211 368 1773
ﬂg QR {CV) 1 17.9 (05) Pclass 231 084 100 200 300 300 300 000 100 036 063 -1.28
Cabin 1. A10 147 distinct 1 ( 0.5%) 204 657 Parch 038 051 000 000 OG00 000 6.0 0.00 000 211 274 9.69
[factor] 2. A14 valuss 1(05%) (22.9%) (77.1%) Fare 3220 4969 000 7.90 1445 3100 51233 1024 2300 134 477 3342
3.A16 1({0.5%) Age 2970 1453 042 2000 2800 3800 8000 1334 17.88 049 039 016
4,418 1(0.5%)
5. A20 1(0.5%)
6, AZ3 1(0.5%) v
T.AZ4 11 0.5%)
Basic Dataset Info Dataset Sample
ijribu:e valua Eame Pclass Sex Age SibSp Parch Ticket Fare Cabin Embarked Survived "
all_missing_columns 0 Ahlin, Mrs. Johan (Johanna Persdotter Larsson) 3 female 40,0 1 0 7346 945 5 0
columns 11 Allen, Mr. William Henry 3 male 35.00 0 0 373450 805 5 0
complete_rows 183 Anderssen, Miss. Erna Alexandra 3 female 17.00 4 2 3101281 793 s 1
continuous_columns B Anderssen, Mr. Anders Johan 3 male 39.00 1 5 347082 31.28 s H
discrete_columns 5 Andreasson, Mr. Paul Edvin 3 male 20.0 0 0 347488 785 s H
duplicated_rows 0 Amold-Franchi, Mrs. Josef (Josefine Franchi) 3 female 18.00 1 Q348237 17.80 3 ]
memary_usage 184456 Asplund, Mrs. Carl Oscar (Selma Augusta Emilia 3 female 38.00 1 5347077 31.39 5 1
rows 201 Johansson)
total_missing_values S66 Backstrom, Mrs. Karl Alfred (Maria Mathilda 3 female 33.00 3 0 3101278 1585 5 1
total_obsenvations 9601 Gustafssan)
Beesley, Mr. Lawrence 2 male 34.00 0 0 248698 13.00 D56 5 1
Bing, Mr. Lee 3 male 32.0 0 0 1601 56.50 5 1
Bonnell, Miss. Elizabeth 1 female 58.00 0 0 113783 26,55 C103 5 1
Braund, Mr. Cwen Harris 3 male 22.00 1 0 AS 2117 .25 3 ]
Caldwell, Master, Alden Gates 2 male 0.83 0 2 248735 29.0 3 1
Cann, Mr. Ernest Charles 3 male 21.00 0 0 A5.2152 805 5 0
Carrau, Mr. Francisco M 1 male 28.00 0 0 113059 7.10 5 0
Celotti, Mr. Francesco 3 male 24,00 0 0 343273 8.05 s H
Chaffee, Mr. Herbert Fuller 1 male 46,00 1 Q0 W.EP.5734 61.18 E s H [
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ERIC FRAYER.COM

A sandbox website using Lightsail and AWS

Questions?

Home About Contact Blog

BLOG

JANUARY 18, 2023

ESRI Tapestry Segmentation

For the last 20 years, ESRI has been capturing geographic and
demographic data. In the 90’s Acxiom (and others) came up with
Lifestyle Segmentation. ESRI started in 1969 and today maps
“everything” down to the household level.

I'm surprised by the accuracy of Tapestry Segmentation. The top three
segments in my zip code are: “Top Tier”, “Comfortable Empty Nesters”
and “In Style”. Pretty accurate - with one data point. I'm an Empty
Nester who would like to be “In Style” or “Top Tier” but feel very lucky
and fortunate to be “comfortable”.

@esri Know ¥

OTHER SITES

Azure

ThinkQlik.com

ThinkDashboards.com
ThinkDataAnalysis.com
Coming soon:

Azure Machine Learning Server and
ThinkDataMining.com

SEARCH

Search... n

ABOUT ME

My passion is providing data and analytics to aid in

making business decisions.

https://www.ericfrayer.com/

Think Data Analysis ABOUT SANDBOX SITES

Think Data

Analysis

Web Applications-and Data Visualization

Eric Frayer.com

Welcome to my Think Data Analysis website!

EricFrayer.com is my AWS Lightsail /WordPress based site. This site hosts
links and web applications with content, examples and visualizations. This site
is hosted in Azure and was developed using Node.js, Visual Studio Code and
Bootstrap.

CONTACT

https://www.thinkdataanalysis.com/

Thank You!




MEETUPS @ UNION HALL

DATA & ANALYTICS MEETUP

Informal monthly meetups at Union Hall in OTR featuring subject
matter experts and enthusiasts of data and analytics in Cincinnati

Bridging the Gap Between Analytics and Value

Customers invest in products and services that create value for them. Value can be most

effectively illustrated through stories that connect the dots of performance data, insights Jen Seale

and visualization with the customer’s perception of value at a given moment. Assembling Vice President of Analytics
and evolving these stories requires nuanced playbooks that connect and empower Olive
analytics, product, sales and customer teams. In this session, Jen will introduce a

framework to expose and overcome common value story pitfalls.

Wednesday, June 21st
Union Hall, 1311 Vine St
4-5pm talk, 5-6pm networking







R and Python limitations in Power Bl

1X

- Power Bl Service: This is sometimes called Power Bl Online, . f\'\ |-

and it's the Software as a Service (Saa$S) declination of Power ) il B :Tw
Bl. It was created to facilitate the sharing of visual analysis PouerBlBenley’ " Power Bl Embedded -
between users through Dashboards and Reports. ’

il I LI

I
1.9
iy
' 3
1 Q

publish _,

ublish BT 1

. Power Bl Report Server: This is the on-premises version of P £ — \P/ % N
Power Bl and it extends the capabilities of SQL Server it Y o
Beporting Services, enabling the sharing of reports created o ) |
in Power Bl Desktop (for Report Server). — I—_._—

. Power Bl Embedded: A Microsoft Azure service that allows R e
dashboards and reports to be embedded in an application N /N A
for users who do not have a Power Bl account. A

. Power Bl Desktop: A free desktop application for Windows " %}5
that allows you to use almost all of the features that Power [are a\eo] 3
Bl exposes. It is not the right tool for sharing results (J[%B o
between users, but it allows you to share them on Power B '“l T o
Service and Power Bl Report Server. The desktop versions PEwerBISEne
that allow publishing on the two mentioned services are .
distinct. v&

. Power Bl Mobile: A mobile application, available on
Windows, Android, and iOS, that allows secure access to
Power Bl Service and Power Bl Report Server, and that -
Power Bl Desktop Power Bl Desktop
allows you to browse and share dashboards and reports, Report Server
but not edit them.




m What is the difference between Al and ML?

Al (Artificial Intelligence) is a broad field that encompasses many different subfields, ifs]

including machine learning (ML). ML is a specific type of Al that involves the use of
algorithms to learn patterns in data and make predictions or decisions without being
explicitly programmed to do so. In other words, Al is the overarching concept of machines
being able to perform tasks that would typically require human intelligence, while ML is a

specific method of achieving Al, through training models on data.

m What are good examples of Supervised versus Unsupervised learning?

Supervised learning is a type of machine learning where the model is trained on labeled ]

data, meaning that the desired output or label is provided along with the input data. The
goal of the model is to learn a mapping from inputs to outputs, and it is then applied to

new, unseen data to make predictions.
Examples of supervised learning include:

Image classification, where a model is trained to identify objects in an image (e.g. "dog,"

ChatGPT Jan 8 Versian. Free R

>

leszarch Praview. Our goal is to make Al systerns more natural and safe to interact with, Your feedback will help us improwve,




What is the difference between Principal Component Analysis and Exploratory Data Analysis

Principal Component Analysis (PCA) and Exploratory Data Analysis (EDA) are two different

techniques used for analyzing data, but they have different goals and applications.

Principal Component Analysis (PCA) is a dimensionality reduction technique that is used to
reduce the number of features in a dataset while preserving as much of the variance in the
data as possible. It does this by identifying the directions in the data (i.e. the "principal
components”) that account for the most variance, and projecting the data onto these
directions. PCA is typically used to improve the performance of machine learning models or

to make data visualization easier.

Exploratory Data Analysis (EDA) is a technique used to understand the patterns and
relationships in a dataset. It is an iterative process of visualizing and summarizing the data in
order to gain insights and identify potential issues or areas of interest. EDA is typically used
at the beginning of a data analysis project to get a better understanding of the data and to

inform the development of more formal models or hypotheses.

In summary, PCA is a technique used to simplify and understand the underlying structure of
the data by reducing the number of features, and EDA is a technique used to understand the

patterns and relationships in a dataset for gaining insights and identify potential issues.

{5
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