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Pasion por Ciencia De Los Datos

Servicios Financieros: Podemos predecir si una persona que no tiene una “reputacion”
pagara un préstamo de banco para un negocio nuevo?

Educacion: Podemos predecir si una persona de pocos recursos puede terminar la
Universidad? Como ayudario ?

3 %« NEAL

S ANALYTICS




Neal Analytics: Microsoft Partner

&= Bl i
R ANALY TICS T mn Microsoft

Our Company Manu., Retail, Edu. Partnerships

Drive customer value with We are Seattle-based Our objective is to make We are a Microsoft partner Demand forecasting, decision
Analytics on the Microsoft company with 30 data analytics accessible to that develops solutions on modelling, resource

platform, and to drive IT & engineers and scientists that organizations of all sizes using Azure ML, Azure forecasting, predictive
business partnership in our have helped dozens of across our verticals. Our team marketplace, HDInsight, maintenance, systems
clients. We utilize a host of customers improve their specializes in creation of Stream Analytics, Azure Data integration and creating more
Microsoft technology to drive businesses. We were analytical practices to help Factory, SQL Server and profitable customers.

this value. founded in 2011. institutions grow and scale. Event Hubs.

OUR PROCESS

Prove ROI Broadly Engage Leaders Production

Solution Sales Director: David Brown, 425-283-6842, H .
davidb@nealanalytics.com M ICrOSOft Pa rtner Microsoft Rertnar ofthe Year
http://www.nealanalytics.com Gold Data Analytics 205 EImaliss

Gold Cloud Platform Big Data and Analytics
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Objetivos de un proyecto AA

05 Reducir desercion y
abandono

04 Cierre de la brecha de digital
y educativa en la educacion

O Fortalecer la educacion
publica.

O 2 Mejorar la calidad de
aprendizaje

01 Revalorizar la Carrera
Docente.
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Posibles Escenarios

Que estudiantes estan
en riesgo de dejar la

escuela

| Quiero saber quienes son
mis mejores profesores!

A

Cual es la estrategia
correctas para una
intervencidén de un nino en

riesgo?
&

Quiero optimizar mis
recursos en la
educacion!

Tenemos toda esta data
pero no hacemos nada
con ella!

1oo1
0701
N—4

Quiero una mejor ganancia
en mis programas
educativos!

&)

Quiero un Tablero de
control que me indique por
profesor y nifio/nifa su

rendimiento!

Quiero medir por
profesor el riesgo de que
niNos no aprendan !

Que estudiantes estan

muy abajo o muy arriba
en su desempeno y por
que?

~"

Quiero una mejor manera
de crear innovacion escolar!

2

Quiero mejorar mi
Curriculum

Qy

A2

Quiero saber que
estudiantes son genios.
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Aplicacion de Modelos para cumplir objetivos

YY) o o
Revalorizacién de la carrera  Fortalecer La Educacion
Mejorar Calidad docente Publica Reducir Desercion

Y abandono

Adopcion, Implementacion, Manejo del cambio, adaptacion de los sistemas de informacién, entrenamiento

3\' — Disenar nuevos programas de educqcién, entrenar a los profesores,
STENMEETE mejorar salaries, etc.

Predicti o 2
Moo Modelo para predecir nifios que saldran escuela

. Estudiantes en riesgo, quien es mi mejor profesor?, cual es el mejor
programa académico para un niio?, etc.

5 Busirjess S . z
DmiciSiigence Calificaciones, tareas, examenes, etc.

Source
" gai Estudiantes, Profesores, GEOData, Gobierno, Social Media, etc.
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©p©[ﬁtunﬁdad@3 * Explorar los datos disponibles
Ciclo de vida del analisis de datos * Formular la pregunta

* Formular hipdtesis

* Tomar decisiones basadas en los h . * Determinar datos necesarios
resultados oo

G * Recopilar datos
* Definir estandares de servicio Explorar g E « Limpiar datos
* Metas para alcanzar estandares [ * Analizar consistencia de datos
* Planificar y asignar recursos VS &j
Preparar

Utilizar

Datos

* Interpretar resultados

* Determinar qué variables
* Generar visualizaciones explican y cudles predecir
adecuadas para comunicar * Seleccionar posibles modelos
resultados @ ® * Implementar los modelos @ y algoritmos a utilizar
* Hacer recomendaciones de * Determinar el mejor segln * Definir métricas de
mejora 9 ajuste y significancia e desempefio
* Validar el modelo

Planificar

ﬁ Modelo
Elaborar j /

Comunicar

modelo

Source: Patricio Rodriguez <prodriguez@ciae.uchile.cl>

Schmarzo (2012): Data Analytics Lifecycle ‘NEAL
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Casos en Educacion

Prediccion de la desercion y abandono
escolar

Centro de Investigacion
' P4 Avanza da en Educacion

ettt Universidad de Chile

0y I_=_|

7% UNIVERSIDAD ADOLFO IBANEZ

- . . . 0101 NEAI—
Source By: Dr. Patricio Rodriguez <prodriguez@ciae.uchile.cl> jE ANALYTICS



Allanza Universidad De Chile, Microsoft, Neal

1.

2.

En equipo elaboramos un plan detallado.

3. Creamos en detalle los requerimientos y escenarios.

O

Universidad
De Chile

——

Neal

Prepare Data

Universidad
De Chile

— NEAL

Universidad
De Chile

NEAL

Plan Model Create Model

Universidad
De Chile

|

Neal

Communicate

Universidad
De Chile

Neal

Trabajamos juntos en la transferencia de conocimientos de herramientas Microsoft a la Universidad.

Implementation

)

Universidad
De Chile

Microsoft

Socios

———

o010
01010,
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Modelos explicativos y predictivos
Modelos predictivos: Azure ML

* Prediccion de la desercion y abandono escolar:

—Se usaron 127 atributos de los estudiantes, establecimientos y las
manzanas donde viven o se ubican para alimentar el algoritmo de
aprendizaje automatico

—Se utilizd Azure ML para identificar los atributos mas significativos
reduciéndolos a 31

—Aparecen significativas variables como la vulnerabilidad del colegio,
la convivencia, participacion, autoestima y motivacion como factores
que permiten explicar y predecir la desercion y abandono escolar

Source By: Dr. Patriclo Rodriguez - Universidad De Chile <prodriguez@ciae.uchile.cl> N AR Tes



Modelos explicativos y predictivos

Modelos predictivos: Azure ML vkl

1 em
AAAAAAAAAAAAAAAAAAA

= betwoen defectors an
&, Project Colurrs v ctoes for trairing
= R \

2 for ~

v on

%)

Source By: Dr. Patricio Rodriguez - Universidad De Chile <prodriguez@ciae.uchile.cl> /IXEAALLYTICS



Modelos explicativos y predictivos
Ajuste del modelo Machine Leaning

Microsoft Azure

ALGORITHM BEST FIT
Two-Class Decision Forest

True Positive  False Negative Confusion matrix
Dropout Model (defectors) ¥ Execute R Script  Result Dataset 7581 59 1 0

rows columns False Positive  True Negative 1REEPEYE  0,77%
6 8 22370 228368 0  8,92% =kiL

ROC PRECISION/RECALL LIFT

Algorithm Accuracy | Precision  Reca F-Score AUC Average Log Loss  Training Log Loss

view as 0
I Ao
-L """ . | I || I ||| I II ' | | . . f

- S [ - e S I .
~mictic ReArsccinn QICAA - A 70 Qc10qc 2C7NC A QN1SEE
L[—'—l_'t- 'c'—l i WU g VAUV " ------- - S QU - - l- - -
T e N e I e
=1 Natm C C QR QAARTA aQ CRCNCE
Neural Netwa 29 /U5 295/ 3 a2/44)  0.80U2Z 4 98480628 2 -[288.585 Us5 i
@
Il
[='4
L ) o i G B I S £2 EAATI -
ecis ungle 926418 274812 20824 421952 972655 204718 -03.64473 ¢
CISIC g'e J.920418 5 8280 0U.421952 0.9/72055 5 33 =
‘@
[} n
R S o i — S p—— - - B & 05
ecision Forest 9373 318159 a79712  0.480331 985494 560043 320.323 &4 ¥
y
=
E‘—— __-,[.- - == QO ] Q Q p | ] Q70870 ~N8 CAR 22
posted Decision Iree 2 2824 37182 434124 4012232
R - I o e R .
n ) NARR2AG QRAC Q2 (O COR23 CCI2AA 1A C
SVM 847723 068369 0.32866 113192  (0.59633 4 552368 314563072
00 01 02 03 04 05 06 07 08 09 10

False Positive Rate

Source By: Dr. Patricio Rodriguez - Universidad De Chile prodriguez@ciae.uchile.cl XE/-‘A*'—LYTBS
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Casos en Educacion

"Restart Academy of Missouri”

% NEAL

Datos ficticios solo para ilustracion delcaso & ANALYTICS



b

Scenario: “Restart Academy of Missouri

Restart Academy (RA) is a “second chance” school in Missouri, for 5,625 students who have failed
in their original schools and are attempting to restart their educations.

Students at all public school grade levels participate in RA. Classes at RA are taught on line, except
in St. Louis and Kansas City MO where there is a high enough concentration of students, for
conventional class room teaching.

School Type Online In-Class
: North Elementary St. Louis Elementary
CrEE e SEeel (<9) : South Elementary Kansas City Elementary
! 12 schools total
Midd| hool (6-8 : North Middle St. Louis Middle . 5 625
'ddle school (6-8)  South Middle Kansas City Middle B2 st
| : North High St. Louis High :
High School : South High Kansas City High

Task is to predict who is likely to drop out from student data, and then.

What drop-out prevention intervention, is most likely to succeed for each student.

SINEAL
S ANALYTICS



Scenario Users

Teachers Principals Superintendent/

ClO

« Managing individual students « Managing schools and teachers  * Managing a set of schools
« Interest focused on within schools

* |nterest focused on
— “How are my students doing?”

— “How is my school system doing?”
— “Which students are at risk for — “How is online vs. in-class
dropping out?”

* Interest focused on
— “How is my school doing?”

— “How are my teachers doing?” teaching going?”
— “How many at risk students do we — “What will it cost to handle drop
have?” “Which teacher has the outs?”

most potential drop outs?”

16




The Problem

=

JOE KLEIN: HOW CONSULTANTS RUINED POLITICS

EXCLUSIVERRSTL00K

SPECIAL REPORT I
high school students
will leave without

graduating. Hergishan
what one town tells

us aboutthe crisis

BY NATHAN THORNBURGH

Source: http://content.time.com/time/covers/0,16641,20060417,00.html

17

Average high school dropouts

- earn$20,241 per year, according to the
U.S. Census Bureau.

- $10,386 less than high school graduates, and
- $36,424 less than college graduates.

oo NEAI—
S ANALYTICS



Four Solutions

Four Core Dropout

Prevention Strategies

1. After School Opportunities
2. Alternative Schooling
3. Mentoring/Tutoring

4. Service-Learning Programs
of Study as

State
Mandate:
A Longitudinal
Study of the

Personal Pathways
to Success Initiative

Read the Report

http://www.dropoutprevention.org/ At Clemson University

18 ERNEAL
I ANALYTICS



Easy Connection To
Azure

Plug Existing Data

Azure
Machine

Learning
i D Iag nOStI C Teacher Principal Superintenden/ClO

Source Data

« Historical performance From Excel ... Into

Machine Learning

« Student demographic
and

BY GRADE, FREEORREDUCEDLUNCH BY ZIP, RA SCHOOL TYPE
. . . = False = True - In Person Online
 Disciplinary A SE -~ e
200 Indianapoli
_ 3 84 ; [ ([T Wﬁ Mof Data Predictions

e EXtra'CurnCUIar 9 1011 0 125 8 3

Teacher - Drop Out Intervention  Principal - Drop Out Invention Superintendent/CIO - Drop O...
BY STUDENTNAME BY TEACHER NAME RASch.. RAPrin.. Bestint.. Averag..
mm Average.. W Average.. = Average.. mm AGUSTI... == ALEASE.. ALl EPPS KCMid Anita Ni...  5,977.00 0.68
1.00 - X
* o SouMid Carrie B...  33,271.00 0.70
BERTR.. . 050 SlHigh  CarfieR.. 17,281.00 066 P Bl
0 100 200 NorEle Danene... 32,247.00 0.58 OWG r
0.00 0.50 1.00 Count of StudentName

SLEle Jeff Gutj..  3,963.00 059 Visualization

XE

Excel

Existing Worksheets

NEAL
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Ejemplo de analisis por profesor

Maestro
A. Como esta mi clase?
B. En que area estan mis alumnos atrasados?
C. Que estudiantes estan en riesgo de salir?
D. Cual es la mejor estrategia para evitar salga de la clase?

I Ask a question about the data on this dashboard l —

er Status Dash
@Making Progress @Stuck/Behing @ Lessons Completod Coumt of Pracicted . SestiservestionCost _ Sestinservestion
) S S e nemich
S LILLIRILRTRIRIAIRIRtRIn]Ln ) DAL CLARKE - SNSS e AMERICA AUSTRALIA
B N i . S —
o - - 334 107.783.00 - o . 3

* NEAL
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para intervencion usando ML

Profesores, Subdirectores, Directores de area

Crear Tableros de informacion

Como van
mis
alumnos?

21
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Tableros por cada profesor y sus nifos:

Lessonl Lesson2 Lesson3 Lesson4

Female

CAUDILL

I ALBERTINA

Making Progress, Stuck
10

have completed Lesson 5 by now.

A & ) A &

F & &9 & S § & s 8§ S

¥ & 8§85 §F &6 5§ &5 88
s T §§ FFTEFFgESEEL S g
§$ F & F P FT g5 9 gy &o I
o $ s & S & IS ¢ ¢ Y&
9 s & & F F S5 < S

s y§&§§ s TS s £

< ¥ N & 9

22

White (non-Hispanic) 64439

ind e r RA - he

Online

Lesson5 Lesson6 Lesson7 Lesson8 Lesson9 Leson10
fF- ¢ ». .. L. :
No

Scenario Data; The class should all

I Making Progress
I Stuck/Behind
[ Lessons Completed

Students who are “Stuck” or “Behind”

N\

o o o &
S ¢ §F & & § & S g g &
F § § &§ &§ & 5§ 9§ & ¢ 5§ & 8 § &
Yy ¥§ & & f e F LK S F S § E o F
9 F & 2 LK & o I S & & S
5 9 S ¥ § & & v & JF & ¢ & x
g & T & e F I E S e T 5 S
L & 3 & ¥ & & & & 5
& s > ¢ Y & ¥ § I
O <] [CRS &
N & ¥ o
N «

StudentName

= ALBERTINA CAUDILL
= ALDEN NEFF

= BONNY PENA

= DELICIA HEDRICK

= DENIS BURNHAM

= DENIS HUGGINS

= DRUSILLA ISAACS

= EILEEN GASKINS

= ERROL KAUFMAN

= FAY MAYER

= GRICELDA LAYTON

= JANI PICKENS

= JEFFEREY BURNHAM
= JONATHAN ROACH
= JUDSON JOHNSTON
= KARY TALLEY

= KURTIS ORTIZ

= LESLEE CAHILL

= LEWIS CROW

= MARGUERITE BALDWIN
= MICKEY CAIN

= ORLANDO GREER

= RAVEN HAMMOND
= REGINA LOCKWOOD
= ROSALINDA MAGANA
= SCOT FERRIS

= SHELLEY HOLLAND

= SOL OAKES




Tablero por profesor:

23

Lessonl Lesson2 Lesson3 Lesson4 Lesson5 Lesson6 Lesson7 Lesson8 Lesson9 Leson10
m h ‘ 63 ’48 tlz ' 27 s [ - 6 0
I ALBERTINA CAUDILL Female 8 No White (non-Hispanic) 64439 Online

Student F.Name Student L.Name Gende Grade Home nd Race Zip RA School Type

Making Progress, Stuck/Behind, and Lessons Completed by StudentName

10
8
6
4
2
oIIIIIIIIIIIII
¥ ¢ & £ & ¢ 3 & 5§ & & g
e 8§fFsFEsEiFe
& & P ¥ ¥ £ & K~ L
s EE N C I I K & & &
§ F§ ¢ IFT P FT g5 888 yse
5 S 9 § 5§ ¢ & ¥ £ & & g
O w%QQ_\:o ~ X
s ¥ §F s & §F 8 s
g ° 9 $ &
< S <

[ Making Progress
I Stuck/Behind
[ Lessons Completed

?

Click on
Rosalinda
to find out

omo esta mi clase?

StudentName

= ALBERTINA CAUDILL
= ALDEN NEFF

= BONNY PENA

= DELICIA HEDRICK

= DENIS BURNHAM

= DENIS HUGGINS

= DRUSILLA ISAACS

= EILEEN GASKINS

= ERROL KAUFMAN

= FAY MAYER

= GRICELDA LAYTON

= JANI PICKENS

= JEFFEREY BURNHAM
= JONATHAN ROACH
= JUDSON JOHNSTON
= KARY TALLEY

= KURTIS ORTIZ

= LESLEE CAHILL

= LEWIS CROW

= MARGUERITE BALDWIN
= MICKEY CAIN

= ORLANDO GREER

= RAVEN HAMMOND
= REGINA LOCKWOOD
= ROSALINDA MAGANA
= SCOT FERRIS

= SHELLEY HOLLAND

= SOL OAKES




Modelo Predictivo usando Azure ML

* NEAL
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Predictive Models Overview

Drop Out Prediction Model

% EDU Dropout Prediction Train

—

?ﬂ Project Columns v
*

@ Two-Class Decision Forest v
*

l
&) spit v
/. !
¢

S
[B] Train Mocel v

.
@ Score Model v

@ Evaluate Model v

+ Single model that predicts drop * Model is web-service ready. —

out on individual student basis

* Outputs of prediction include
binary 1/0 prediction whether
student will drop out and relative
certainty of prediction

25

Indicated by green and blue
circles

Intervention Effectiveness Model

&y £0U et Chice Tran
!

¢
Service Alternative -—:;—*/&i::;\ After School
Learning — Learning Program =
= S
! !

\ o

sub-model creates a prediction
for an intervention method

Output of model includes binary
1/0 prediction of success and
relative certainty 0-1.0 rating for
each intervention

! : !
\ o . *
| L] | T.
'. [ TR '- |
|| B Jl_“;:_tijx‘:»i::_::“-- | ll
'/----!—r------/”"- \\ - “——-,;\' o ! ——--““\\' |'l|
an Mode v N v B Tran Mede . B Train Mode
. Z] 1ran vtcce v 4 . (& 1an
— l = | = | =4 !
- ‘ ) T B score o . , @D Score i
ey . o /‘
Y '// = = —
Model composed of four * Intervention methods covered:
prediction sub-models. Each » Service Learning

Alternative Learning
After School Programs
Mentoring

NEAL

g ANALYTICS



Drop Out Prediction Model

Azure Machine Learning Model

Azure
Machine

3 4]

ﬁ EDU Dropout Prediction Traini...

Eﬂm Project Columns v
B o Dssenforet v/ J This drag and drop canvas is
. how Azure Machine Learning

s Spit v

Predictions

Builds Models

/ Anyone in the PTO can do this!

Teachers, Administrators,

l Parents,
@ Score M> Vv
@ Evaluzts Madel v

EAL
NALYTICS



How Good Is Our Drop Out Prediction Model?

EDU Demo Dropout predictor » Evaluate Model » Evaluation results

Existing Worksheets

ROC PRECISION/RECALL LIFT
;i EDU Dropout Prediction Traini... 1.0
0.8
21 .
Project Cel v
e e Further away from
3 45° diagonal is “better’%
Two-Class Decision Forest v ,% 0.6
o)
s 0.5
?Hﬂ Split v g
=

@ Train Model v

@ Score Model v 00 01 02 03 04 05 06 07 08 09 10
False Positive Rate
(5] eusiate Mocel v Azure Machine Learning Model is 80% Accurate

predicting who will drop out from class data

27 NEAL
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Great, Now We Know Who Will Drop Out

* But, ... can machine learning do more?

* For Example:
Can we predict which of the four dropout intervention strategies will be
best for each individual student?

28 ‘?5 NEAL

00000 ANALYTICS



Interventions View

Based on Historical Data ...

Predictions can be made for each Basic Core Dropout

Prevention Strategies

of the 4 Clemson strategies, for
each student 1. After School Opportunities

2. Alternative Schooling
3. Mentoring/Tutoring

4. Service-Learning Programs
of Study as

State
Mandate:

A Longitudinal
Study of the
Personal Pathways

to Success Initiative

Read the Report

NEAL

29 g ANALYTICS




Yes, ... By Building An Intervention Prediction

J
NAAAAI
IVIUUC DU - Intervention Method Success Prediction :
Model is more complex than drop-
out prediction, but still the same
basic drag and drop to-build
@& 1ran

@ Score

(B e
30 NEAL

H ANALYTICS




Teacher Intervention Dashboare

Predicted to Dropout

0
mi

Teacher Nams

AGUSTIN LOOMIS
ALEASE DUDLEY

MIOS CARVER
RNOLD CHACON
NEDICT NCRTH
RNA SPEARS

FLOS HAMM
Select

Teache
r

| Superintendent/CIO

31

2

Basic Core Dropout
Prevention Strategies

1. After School Opportunities
2. Alternative Schooling
3. Mentoring/Tutoring

4. Service-Leamning

AILENE CROWL
067

Average of AfterScho,,

0.89

Average of Altemativ,

0.70

Average of Mentaring

059

Average of Servicelearnin

MARIA MAGUIRE E JINARDSENTHAL

Number of

;i‘ Q.80 Race: White (non-Hispanic) StUdentS and

g A A oropoun 063 Probability of

.- Count of StudentName: 8

: Those Students
3o Dropping Out
Principal Teacher Teacher Intervention PrlnoplaI;Mcr\;cmo:l l Superintendent Intervention

JINA ROSENTHAL

1

Count of Teacher Name

5

Caunt of RA Principa

Intervention
Success

Probability

Dropout Probability
vs. Best
Intervention
Probability

White inon-Hispanic

NEAL
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Principal Intervention Dashboard

Predicted to DI'GPOUI RA Teacher Count of Predicted 10 Dropout '. BestinterventionCor: 52 34 1
0 ’ Count of Predicted to Dropout Count of Teacher Name Count of RA Principa
L 12
10
52
Regina Steinkamp
Rick Matthiesen ASIA
Sondra Zerow NORTH EUROPE
AMERICA
AFRICA
\SOUTH
AUSTRALIA AMERICA AUSTRALA
School Type .
W High b 9 €L 'E-ERE ©I0'6 Moot Copomtion
7 = Gender Ae RA Toacher
§ ue ® Fomak BOS ECHOLS
Z o7 ® Max

@ BUFORD ELLIOT

i
;
w

©® CARLOS WAMM

@ CARY PADGETY

False

: ‘ o
S o7 - False

- ue False 6

3 l i True

| Superintendent/CIO Principal Teacher Teacher Intervention Principal Intervention Superintendent Intervention

32
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Superintendent Intervention Dashboard

Edit report ORefresh }? Pin Live Page

™
v

M -

$19}]4

RA Superintendent
B Ravi Olson

-

BA School %

ASIA
NORTH EUROPE

AMERICA

B AFRICA

SOUTH

® £
TRALIA AMERICA AUSTRALIA

L>» bina o ames e = anes oz - -
~ - SiliEmERE © 40T MoTet Loperaten

Superintendent Intervention

Superintendent/CIO Principa Teacher Teacher Intervention Principal Intervention
o101
B N

EIANALYTICS
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The Journey

Azure
Machine
Learning

Student Info Azure Machine Learning
« 10 Variables « Data to cloud ... via Excel

« Starting life in teacher grade books » Bring back predictions

34

Indianspolis

* Gncin

vvvvvvvv
 Nassivil
79 TENNESSEE
/@ 215 Wision Corparibon

f Final Grade

nal Grax

PowerBI
« Self-Serve

» Data Visuals

SINEAL
EIANALYTICS



The Journey In 3 Steps

Azure
Machine
Learning

Data I l Predictions

b 7 s e 2ran
Average of Prob: of Final Grade

Student Info Azure Machine Learning PowerBI
» 10 Variables + Send to cloud via Excel » Self-Serve
« Starting life in teacher grade books  Bring back predictions } « Data Visuals

Step1: Start with tool you know
well, and data you already have

35
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The Journey: Step 1

X bunt of Predicted to Dropout Avera robabil ity o of Dropou

by e201d
Average of P: of Final Grade

Step2: Leverage the most
powerful cloud on the planet

Azure
Machine
Learning

Data I l Predictions

Student Info Azure Machine Learning PowerBI
» 10 Variables + Send to cloud via Excel » Self-Serve
« Starting life in teacher grade books  Bring back predictions « Data Visuals

Step1: Start with tool you know
well, and data you already have

36
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The Journey: Step 2

Step2: Leverage the most
powerful cloud on the planet

Azure
Machine

||||||||II||
Learning

Massive Data: No Problem - q P
Complexity: No Problem - Ililiillli|l .1 ‘ I
Data I lPredlctlons

Student Info Azure Machine Learning PowerBI
» 10 Variables + Send to cloud via Excel » Self-Serve
« Starting life in teacher grade books  Bring back predictions « Data Visuals

Step1: Start with tool you know
well, and data you already have

37




The Journey: Step 3

X bunt of Predicted to Dropout Avera robabil ity o of Dropou

BT 2 ||||||||II||
 1E I'II.I 1
Leverage Self I“II'III'I '_I

Service Bl

Step2: Leverage the most
powerful cloud on the planet

Azure
Machine
Learning

Massive Data: No Problem

Complexity: No Problem

Predictions

Student Info Azure Machine Learning PowerBI
» 10 Variables + Send to cloud via Excel » Self-Serve
« Starting life in teacher grade books  Bring back predictions « Data Visuals

Step1: Start with tool you know
well, and data you already have

38
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Our Results What if scenario

- D D D [-/: [Lé \2’

Copy
Recent Enter Edit Refresh New

ste ) Get
Format Painter  pata~v Sources~ Data  Queries

Clipboard External Data

3K 80 - ——
E— ® Counto.. White (non-Hispanic)

4K - @ Average...

100 RA School ...

@ In Person
@ Online
6 @ Average of Final ...

an

C
C

1,000

TeacherStatus

SuperStatus

PrincipalStatus
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