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Data Scientist: The
Sexiest Job of the 21st
Century

by Thomas H. Davenport and D.J. Patil

hen Jonathan Goldman arrived for work in June 2006 at LinkedIn,
wrhc business networking site, the place still felt like a start-up. The

company had just under 8 million accounts, and the number was
growing quickly as existing members invited their friends and colleagues to join.
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...Voice-Based Platform Back-Ends =
Voice Recognition Accuracy Continues to Improve

Google Machine Learning
Achieving Higher Word Accuracy, 2013-2017
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&« C ® © @& https://www.bme.com/blogs/cio-ai-artificial-intelligence/ B
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AlOps BMCBeat Cloud DevOps Experience ITSM Mainframe WorkloadAutT"_L FACES

PARTNER WITH US

FACE AI TRAINI Machine Learning & Big Data Blog .
Sy Why does Gartner predict

up to 85% of Al projects
will “not deliver” for CIOs?

and Markets),and ol speding o cogitve and A Once companies opt for an Al project, confusion can wreak havoc. A

billion in 2029, an increase of 44.0% over the amount sp¢
research suggests Al is advanced and on the move, alrea

8 general lack of understanding around all things Al means you may not
have enough data, or that data may not be suitable to the project
“ you're considering. If your data isn't good, your algorithms can't be
| tested correctly - maybe you're using the wrong algorithms for what

3 9
. you're trying to solve. Any amount of understanding can fuel poor team

management, but the more misunderstanding, the more likely the
team is just wasting time.
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; O O do tempo de um projeto de
Data Science

e gasto em Engenharia de Dados

https://www.kdnuggets.com/2019/03/most-impactful-ai-trends-2018-rise-ml-engineering.html



machine learning

161,300 repository results Sort: Best match v

data engineering

3,325 repository results Sort: Best match v

feature engineering

1,010 repository results Sort: Best match v

data lake

731 repository results Sort: Best match v
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3.5 bilhoces de novos reqistros
4.680 pipelines executados

em um dig



Teoria do Mundo Perfeito

1. NGo existe Big Data nem cddigo legado

2. Depois que vocé faz a experimentagdo, o trabatho acabou

3. Existe um Daka Lake com todos os dados que vVOCe precisa
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Data Science Pipeline

Comow
BIG DATA:

Processamento
Distrubuido
(Exemplo: Spark,
Hadoop)




> Spark SQL

val records = spark.read.option("header","true")
.csv ("example-database.csv") .toDF

records.createOrReplaceTempView (“records")

val transformed = spark.sqgl (
"SELECT ucase (name) as name from records"

transformed.write
.format ("com.databricks.spark.csv")
.option ("header", "true")
.save ("newrecords.csv") ;
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Exploration of geo data
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> Spark SQL

val records =
spark.read.option ("header", "true")

.Ccsv ("example—-database.csv") .toDF

val filtered =
records.filter ("type = 'android'")

filtered.write
.format ("com.databricks.spark.csv")
.option ("header", "true")
.save ("newrecords.csv") ;




> Spark SQL + Meu Cdédigo

val geoHash = new my.udf.SparkGeoHash() ;

spark.udf.register ("geoHash", geoHash,
DataTypes.StringType) ;

val recordsWithFunction =
filtered.withColumn ("generatedGeoHash",
callUDF ("geoHash", col("latitude"),
col ("longitude"), 1it(12)))
.select (col ("1d"), col("latitude"),
col ("longitude"),
col ("geo hash"),
col ("generatedGeoHash"))




> Plugins

> Tipos de dados com semantica
> Transformacdes
> Agregacodes




> Tipos de Dados com Semantica

val records = spark.read.option ("header","true")
.csv ("example-database.csv") .toDF

records.printSchema

id: string (nullable = true)

timestamp: string (nullable = true)

type: string (nullable = true)

latitude: string (nullable = true)

longitude: string (nullable = true)
horizontal accuracy: string (nullable = true)
geo hash: string (nullable = true)




> Tipos de Dados com Semantica

val schema = StructType (Array (
StructField ("ad id", StringType, true),
StructField "utE_timestamp",LongType,true),
StructField ("id type",StringType, true),
StructField "laEitude",DoubleType,true),

StructField("horizontal accuracy",DoubleType, true),
StructField("geo hash",StringType, true)

))

(
(
(
StructField ("longitude", DoubleType, true),
(
(

val records = spark.read.schema (schema)
.option ("header", "true")
.csv ("example-database.csv") .toDF
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CpfSparkType.java o

class CpfSparkType
SparkType<String, CpfType> {
Override
String serialize(CpfType dataType) {
dataType.value();

}

Override
CpfType deserialize(String sparkData) {
CpfType(sparkData);
}

Override
DataType sqlType() {
DataTypes.StringType,;



> Tipos de Dados com Semantica

val schema = StructType (Array (
StructField ("id", StringType, true),
StructField("cpf",
new CpfSparkType () .sqlType () , true)

val records = spark.read.schema (schema)
.option ("header", "true")
.csv ("cpfs.csv")




Tipo de dados + semantica = muda o jogo

Detectores de tipo = +inteligéncia

Privacidade + LGPD Validacado

Feature engineering automatizada



Teoria do Mundo Perfeito

1. NGo existe Big Data nem cddigo legado

2. Depois que vocé faz a experimentagdo, o trabatho acabou

3. Existe um Daka Lake com todos os dados que vVOCe precisa




EXPERIMENTACAO

PRODUCAO
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@ Firefox File Edit View History Bookmarks Tools Window Help MB & & O L 3 =«

& geo-demo b +

c @ @ localhost:9001/notebooks/tailtarget/geo-demo-spark.snb.ipynb 5]
L Most Visited @ Getting Started @ Getting Started [ Latest Headlines @ JavaToolsLog - Goo... @ Project Requests fo... @ Readability } Most Visited @ Getting Started @ Jav

File Edit View Insert Cell Kernel Help

records.createOrReplaceTempView( "records"”)

val grupedLocation = spark.sgl(
"SELECT first(latitude) as latitude, first(longitude) as longitude, first(geo_hash), first(substring(geo_hash, 0, 2)) " +
"FROM records group by substring(geo_hash, 0, 2)");

GeoPointsChart (grupedLocation, latLonFields=Some{("latitude","longitude”)})

grupedLocation: org.apache.spark.sgl.DataFrame = [latitude: double, longitude: double ... 2 more fields]
res33: notebook.front.widgets.charts.GeoPointsChart[org.apache.spark.sqgl.DataFrame] = <GeoPointsChart widget>

code lake : B

+

data lake | %sqv &‘

(amostras) -~ Q

17.57421:-0.28125 Leafiet | © OpenStreetMap
Took: 4.948s, at 2018-10-15 18:06

To improve performance, you can persist temporary results. Compare the time to compute the following two equivalent code snippets:



@ localhost:9001/notebooks/tailtarget/geo-demo-spark.snb.ipynb.
% Most Visited @ Getting Started () Getting Started [ Latest Headlines @) JavaToolsLog - Goo... @) Project Requests fo... @) Readabiity %¥ Most Visited @ Getting Started @
File  Edit  View  Inset  Cell Kemel  Help

records.createorReplaceTempView (" records") > ox
val grupedLocation = spark.sql(
"SELECT first(latitude) as latitude, first(longitude) as longitude, first(geo_hash), first(substring(geo_hash, 0, 2)) " +
"FROM records group by substring(geo_hash, 0, 2)");

GeoPointsChart (grupedLocation, latLonFields=Some{(“latitude”, "longitude”)})

grupedLocation: org.apache.spark.sql.DataFrame = [latitude: double, longitude: double ... 2 more fields]
res33: notebook.front.widgets.charts.GeoPointsChart[org.apache.spark.sql.DataFrame] = <GeoPointsChart widget>
~-

‘Took: 4.948s, at 2018-10-15 18:06

To improve performance, you can persist temporary results. Compare the time to compute the following two equivalent code snippets:
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Teoria do Mundo Perfeito

1. NGo existe Big Data nem cddigo legado

2. Depois que vocé faz a experimentagdo, o trabatho acabou

3. Existe um Daka Lake com todos os dados que vVOCe precisa
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& Data Lake

26 Datastores

Buscar por nome

CEPs Brasil
19 )

LOG_CPC
019

LOG_FAIXA_LOCALIDADE
19-11-20

LOG_GRANDE_USUARIO
19-11 )

LOG_NUM_SEC
019 )

Emma_Teste_Yp

LOG_FAIXA_BAIRRO
11-2

LOG_FAIXA_UF
11-2

LOG_LOCALIDADE
11-2

LOG_UNID_OPER
-1

LOG_BAIRRO

LOG_FAIXA_CPC

LOG_FAIXA_UOP

LOG_LOGRADOURO
0 |

LOG_VAR_BAI

Recarregar

Visualizagao

Conta: TAIL
Cliente: 1




Nome Somente Leitura?
CEPs Brasil (CEPsBrasil ) Nao

Diretério
1/dataReceptor/DataReceptorOfCEPsBrasil

Chave Primaria Tipo de Persisténcia Atualizado em Criado em Ultima escrita
cep BIG_DATA 29/08/2019 29/08/2019 29/08/2019

Esquema

Tipo Anonimizada Aumentada
cep STRING
tipologradouro STRING
logradouro STRING
bairro STRING
cidade STRING

uf STRING

Amostra(s)

Nome

Sample of CEPs Brasil *




> Amostras

val records =
spark.read.option ("header", "true")
.Ccsv ("example—-database.csv") .toDF

records.createOrReplaceTempView (“records")

val sample = spark.sqgl (
"SELECT * FROM records "+
"TABLESAMPLE (25 PERCENT)"
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Become a Machine
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Become a Machine Learning Engineer

Learn advanced machine learning techniques and algorithms -- including how to package and deploy your
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Engenharia de Machine Learning

1. Impian&ar modelos em Frodug&'o
2. Catdlogo de modelos

3. Versionamento e rasktreamento de modelos




% Machine Learning Run training in cell READ_1

BETA

Choose type of execution Training Prediction

Runteston READ_1

Method Choose * Implementation

Method Stage

FEATURE VectorAssembler

MACHINE_LEARNING KMeans

Save model?

No data avaiable, please press run to execute the cell

Choose *

Custom Parameters

inputCols, outputCol

featuresCol, predictionCol

MACHINE_LEARNING_1

MODEL_1




g (& Model (D)
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Account: Demo
Home Customer: 2

Data Lake 4 Models

Pipelines —
Reload Visualization :—

Models
AptosSBC_LR London Bike - kmeans US Census Income

Schedule
Executions teste-modellineage

Dashboards

Marketplace

Integrations




- tail

Home

Data Lake

Pipelines

Models

Schedule

Executions

Dashboards

Marketplace

Integrations

English

@é Models > London Bike - kmeans

BETA

Executed by pipeline Last written at Created at
London Bike - kmeans 2020-08-26 2020-08-21

Stages

Implementation Class

org.apache.spark.ml.feature.VectorAssembler

org.apache.spark.ml.clustering.KMeans

Metrics

Account: Demo
Customer: 2

Updated em
2020-08-26

Parameters

outputCol : feature

inputCols : distance_from_city_center, duration, num_trips

featuresCol : feature
k:4

predictionCol : prediction

k:4 trainingCost : 2011028850.9182916 silhouette : 0.9852745744646104

clusterCenters : [[4.38405851599234,1311.901797195024,49.38569604086846],(7.340377184173547,146561.53846153847,13],[4.5927111386
39755,45405.24844720497,23],[6.123645553776085,13545.683495035795,32.529411764705884]]
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Pipelines

Models

Schedule

Executions

Dashboards

Marketplace

Integrations

@5 Models > London Bike - kmeans > Model Lineage

Name :
London Bike - kmeans

Updated at :
2020-08-26

public domain

public domain

public domain

public domain

public domain

Created at :
2020-08-21

Filter by pipeline

Filter by date

Account: Demo
Customer: 2

Last written at :
2020-08-26

Reload
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