MACHINE LEARNING IN PPC
How To Get Started Today

Christopher Gutknecht | norisk Group | #FOS19
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Note: I'm not a Data Scientist - I'm a PPC rerisk«

Christopher Gutknecht

PPC

PPC Automation
Munich-based
Focus Ecom & Retail Javascript
Self Taught Dev
Dad of 2,5 yr old Python

Machine Learning

2008 2012 2014 2016 2018



Think of Me As a Knowledgeable Tourist




Let's Get Started with ML Essentials
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What Do We All Have in Common? nariske

ERYWHERE



Data-Driven Nature Makes ML Relevant nerisk«

| Why owo is of people at your
agency/company to manage your ffaid Se¥g dblay Campaigns,
when you can replace almost all of §he |Iii| i system that

leverages ML?



‘ML-Worthy" PPC Automation Tasks noriskg

e Typo Detection e Anomaly detection e Keyphrase extraction
e Entity recognition e Semantic inventory match e Text summarization
o . o .. °

Q | start with the problem, not the solution.|Make sure you aren't treating ML as a hammer for your problems.




L et's Get To Know our ML Starter Toolkit

INTRO Machine Learning Essentials

ML Toolkit For PPC Platforms & Tools
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Python:

il

US, Google searches for coding languages
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Most Popular in 2018 and Dutch!

Guido van Rossum

nariske




Ads Scripts vs Python vs R? noriskg

Serverless
Direct Ads API
Many Packages
General Purpose

Machine Learning
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No Either-Or: Run Python From Scripts  nerisk«

Cloud Functions

\NC|

Demo: bit.lv/norisk_python



http://bit.ly/norisk_python

Colaboratory: Google-Sheets for Python  nerisk«

& norisk_FriendsOfSearch_PythonScripts.ipynb

Fle [dt View Insert Aurtime Tools Mel

CoCE B TEXY 4 CELL & CRLL

~ 1.4 Knowledge Graph Search API (Google)
Documentation: hitps.i/deveioners googie. comyinowiedae graph/

° LEport Tequests
import jsom

c

kguzl = “Bttpa://kgeearch.googleapis.con/vi/antition:scarchiquery~ * ¢ quary + “slasguages=" + language

Jsca_response = json.loads(requests.get(kglrl).content)

print("All place results and their scores:\n’)
{print(ate(list] ‘result’'))) for List json_response| it

print( ") **\n\n\nEntire JSON responsei\n’)
print('\n" + json.dumps(json_respoase, indente2, sort _keys=False))

# Or view directly in Drowser:

All place results and their scores:

fatxlement’) 4if 'Place

ia Llist[ resale’ji'0

h.googlespis.con/vi/entities: searchiquery=saarlenslanguages=dadl Luit=]04 indant=trunkkey

("0id'y 'kgt/m/Ogk79', "ftype’: ['Place’, 'Thing', 'Alrport’', ‘BusStation’), 'description’': ‘Luchtha'

{"#id's 'kgi/m/026svdt’', ‘name’: 'Station Adroport Charles-de-Gaulle 2 TGV', 'ftype’:s

{"#id': 'kg:/m/Obkéch’, “ftype’: ['Thing', 'Place’]}

Eatire JSON response:

(

"fcontext™: {
“fvocad™: “htip://echens.oxql”,
"goog®: “hitpir//echema.gocglespls.coml”,
“EntitySearchResult”: “googiEntitySearchResult”,
“deteiledDescription”: "goog:idetaileddDescription®,
“resultfcore”: “goog:resultScore”,
"kg": “hatpilig.colke”

b

| "Place’, 'Thii

DEMO:
bit.ly/norisk_python



http://bit.ly/norisk_python

Three Simpler Options To Tie in ML

nariske

: . WRITE TO
Your Script or Application
N

1. Pretrained

ML API 2. AutoML

3. BigQuery
ML

——————————————————————

| 4. Custom
i Model

Source: Lak Lakshaman - Medium

Effort, Data, Accuracy



https://towardsdatascience.com/choosing-between-tensorflow-keras-bigquery-ml-and-automl-natural-language-for-text-classification-6b1c9fc21013

Use Case #1. Classitying Near-Exact noriskg
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Case #1: Classitying Near-Exact noriskg

\ Match the intent of a search with close variants
@

Ssarch Engme

When exact match isn’t exact anymore: A
script to regain control ONLY BLOCKING.

Contributor Daniel Gilbert > What about EXPANSION?

Source: https://searchengineland.com/when-exact-match-isnt-exact-anymore-a-script-to-regain-control-307975



Classifty Near Exact? Ask Google!

1. Suggest

2. Custom
Search

noriske

& ' suggestqueries.google.com/complete/search?out har&hl=er "’.Iq=t0pshpo+amsterdan‘l
<toplevel/>
‘% C & https://www.googleapis.com/customsearch/v1?gl=de&qgqtopshpo
{

kind: "customsearch#search”,

- spelling: {
Icormtodouoryx "topshop”, I

Demo: bit.ly/norisk_python



http://bit.ly/norisk_python

Auto ML |: Model scores & Prediction

Model

campaignidentfi_v20190124225001.1

Created Analyzed Avg precision (0 Precision (2 Recall ()

Jan 25, 2019 44575 text item 0.888 81.695% 81.148%

215 AM 31 labeln. 4547 test text e

plus L2 swim ghorts Predctions

UP_US _SEA_PRO_Swimwear — 0955
UP_US_SEA_PRO_Bademode - 0426
UP_US SEA_PRO_RBLSA - 0226
UP_US_SEA_GEN_Mode - 0.094

$979 characters remaning SU_US_SEA_GEN_Mode 0.017
UP_US_SEA_PRO_Bottoms 0003

UP_US_SEA_BRA 0.002
UP_US_SEA_PRO_DUS_Streemple o.0Mm

nariske



Auto ML II: Classifying Brand Campaigns nerisk«

Confusion matrix
This table showx how often 1he modedl claxsfied wach Lbdl comecty (n b and whch ltelis mere mont aflen conluned for that label e crange)
s A
FL s S S
True label q/' AT "y o“\ & "o
Drand_Woolich 125 0 03N
Brand Diguared? LRSS 0N
Brand Wirdsor 0N 10N ars
brand _Mesro 295 oM ’ I
Brand_Alude 1N 0.5%
brand Calban v 174N
G_Teacha_Dosagner o 2%
Brand_Roni 0N 0
Brand_Moncht oS RS S

brand_Paraumpers N D




Use Case #2: Ngram Analysis & BigQuery nerisk«

INTRO Machine Learning Essentials
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Prediction 2. Analysing Query n-Grams




Remember This? BigQuery Is Faster! noriskg

Search Engine Land

Ads Script: Find Your Best And Worst Search
Queries Using N-Grams

Former Googler Daniel Gilbert of Brainlabs shares a script to help you identify
wasted Ads spend using n-grams.




The Basis: Google Ads Data Transfer noriskg

~ [E] SPOR.Transfer

Google BigQuery

i AccountBasicStats 2131444427

i AccountConversionStats_21314444..
New Transfer

Query Mistory Loam more about configuring Googh Ads Momary AdvYords) i AccountNonClickStats_2131444427
Job History Source Googhe Ads [Tormerty AdWosde) - i AccountStats_2131444427
Schedued Queries il Ad_2131444427
I Transfers Display name NL
i AdBasicStats_ 2131444427
Refresh window 30
AdConversionStats_2131444427
Schedute overy 24 hours tan
AdCrossDeviceConversionStats_21...
Destiasfion detesst el v AdCrossDeviceStats_2131444427
Customer ID 123-4567-890 AdGroup_2131444427
Bkt didisablod Hems AdGroupBasicStats_2131444427
AdGroupConversionStats_2131444..
+ Advanced

AdGroupCrossDeviceConversionSta...
i AdGroupCrossDeviceStats_213144..

=n -

AdGroupStats 2131444427

AdStats_2131444427

@i AgeRange_2131444427

Tutorial: https://www.excelinppc.com/big-query-automation-powerhouse-for-google-ads/



https://www.excelinppc.com/big-query-automation-powerhouse-for-google-ads/

BigQueryML: Train Models with SQL noriskg

Demo: bit.ly/norisk_python



http://bit.ly/norisk_python
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Text Summarization > see Demo

~ PART 3. TEXT SUMMARIZATION

» 3.1 Text Summarization with Sumy (Dan Shapiro)

L 2 cells hidden

» 3.2 KeyPhrase Dectection API (Microsoft Azure)

L 2 cells hidden

Demo: bit.ly/norisk_python



http://bit.ly/norisk_python

Takeaways: Start Experimenting! nariskg

INTRO Machine Learning Essentials
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USE CASES

TAKEAWAYS Start Experimenting!




Al Is Coming ? Let's be Jon Snow! nariskg
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. 1. Listen to Your Team's problems
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2. Learn the Craft of Tool Prototyping &
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THANK YOU. Your Questions Please!
#FOS19

MACHINE LEARNING IN PPC

How To Get Started Today

Christopher Gutknecht | norisk Group | #FOS19




Bonus: GA Anomaly Detection for Slack  nerisk«

#om_ga_alarmduck

@ Alarmduck
Anomales in |
Page: /

Bounce Rate: 10 557965069

A 56% UP compared to expected value (46 kB) =

Freitag. 4. Januar

Anomalies in
Page: /Wntersport/Skitouren/
Pageviews:

A 78% UP compared to expected value (31 kB) -




Our Agenda: Intro & 3 PPC Use Cases
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Rule #1: Not Every Problem Needs ML

RULE BASED

e Designed rule-flow
e Outliers not included
e Won'timprove on data

EN

THEN

D

ELSE

o

F_]

nariske

MACHINE LEARNING

Algorithmic model
Model learns from errors
Model constantly retrained

N
E= ;(y,' _y)z




Rule-Based vs Machine Learning Code  nerisk«

Traditional Programming Machine Learning Programs

Source: Machine Learning 101 (Jason Myers, Google)


https://docs.google.com/presentation/d/1kSuQyW5DTnkVaZEjGYCkfOxvzCqGEFzWBy4e9Uedd9k/preview?imm_mid=0f9b7e&cmp=em-data-na-na-newsltr_20171213&slide=id.g2397597de6_0_18

Five Main Types of ML Algorithms noriskg

O

)]

% Clustering Dimension Reduction
2 5

z =" -

ko

= Classification Regression

)]

Q "

- 0

+ Reinforcement Learning




Natural Language Processing Is Its Own Game noriskg
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Sentiment Analysis

-

Topic Modelling
T

Entity Recognition

<

Sequence Prediction




And Deep Learning? Higher Accuracy!  neorisk«

Unsupervised Learmng: Dimension Keduchion

Supervsed Learning. Regression

oo«

ACCUracy

Source: https://blogs.sas.com/content/subconsciousmusings/2017/04/12/machine-learning-


https://blogs.sas.com/content/subconsciousmusings/2017/04/12/machine-learning-algorithm-use/#prettyPhoto/0/

Main Challenges for ML Approaches

Good Problem Framing

e Finding value drivers
e Defining relevant outputs

Q

Access To Data

e Depth and Breadth
e Cleanliness

LN

Y

\

\

A\

~

nariske

Knowledge of Solutions

e Choice of framework
e References projects

0¥ e




The 3 Cloud Platforms & their ML Tools noriske

Google Cloud Platform Amazon Web Services

+ Google Integrations + Best DevOps Workflow + Windows & Bing maybe

Managed Storage
Serverless Execution @
Pretrained MLAPIs )
AutoML Service ©

> All similar. But Google has its benefits!



Pretrained APIs: Amazon Comprehend  neorisk«

Amazon Comprehend
Natural Language

Processing and Text
Analytics

Entities L [* Sentiment
Key Phrases 7% Syntax
Language Topics

Document Classifications

Extracts data, topics, and document
classifications with confidence scores



Look out for Colab: Example TensorFlow reorisk«

() basic-text-classification.ipynb B
File Edit View Insert Runtime Tools Help

TensorfFlow ~

& CODE TEXT 4 CELL ¥ CELL 4 COPY TO DRIVE
Leam

TUTORIALS ] 4 w Copyright 2018 The TensorFlow Authors.

[ 1 Licensed under the Apache License, Version 2.0 (the "License”);

Ot ehorind wih Subsort o Text classification with movie reviews () MIT License
Lo el vae ML g & " . . . . .
CO faninOsogie Dplad ~ Text classification with movie reviews
Pax cuspfcanon
S This notebook Classifies MOve IeVews &5 DOSINS OF NEgRtve usng ™he text of -r ( me OW

O TwO-Ciass—CclasfcIton. an IMportant and widely apokcable kind of machia

Ove ond ) WIS o0 1o IMADD Getisut Biat cniatan the et ol 50,000 o~ :’:w";:l";”“f"ﬁ‘“:;dm;‘;’"”f?“f°"{°‘-“i"f”9'”““""9"'"°"‘°"""°"‘”‘ This is an example
$ove and sesrone modens SPM IN0 25,000 reviews for waining and 25,000 reviews for testng. The trainin We'll use the IMDB dataset that contains the text of 50,000 movie reviews from the Internet Movie Database.*
iy CONMMN @ equal number of pasaive and Negatve reviews 25,000 reviews for testing. The training and testing sets are balanced, ing they contain an equal numb
This notebook uses tf keras, a high-level API to build and train models in TensorFlow. For a more advanced te:
ThS notebook utes © o us, @ hghdevel APT 10 Datld and Sain models In Tenso MLCC Text Classification Guide.
classfcation twional Lsing +1 ker e, 590 the MLCC Tont Classfcaton Guaoy

import tensorflow as tf

(3]
from tensorflow import keras

irport tesssrflow as 1f

1

2

3

4 import numpy as np
from tenserfloe inport Rerss s
6

print(tf._version_ )

10OOrL PUSpy aF M o 1.a2.0

pramtief, __versien. )



Popular Python NLP Packages noriskg

String Similarity Language Model Context Modeling
~ ] i
fuzzyWuzzy
spaCy
gensim

Fuzzy Wuzzy Cloud Function Example:
https://colab.research.google.com/drive/IW6quxVZIgp-duQT6iSImsaxkrCat95Cl#scrollTo=a60zDUMIOEXD



https://colab.research.google.com/drive/1W6guxVZJqp-duQT6jSlmsqxkrCgt95Cl#scrollTo=a60zDUMiOEXD

Sixt: Query Disambiguation via App & Spacy noriskg

Training Day /\
bristol car & w
van hire ’

| think it is a Improve
VEHICLE_TYPE

Training Data




Don't want write code? Try KNIME noriskg

Open for Innovation @ KNIME Analytics Platform

KN I I I E Open, intuitive, integrative data science.

Truadi @ @B i=A . mss >
P v b R e Lt
| = LR

TP NS p— p——
» 00 e e {
» TN e e T A | S a4 R S S - — - -

B Rt

» " 08 vasteses e ]
» " a——

» 00 Mewne

» S G —

- — -
£ evren Cmem B De*n .
P e e —— -
et e - e e .
o - e 3
ot b~ - D hd »
O MY e ~ ot o/ Vo vt et oo et e
I —— -n .‘ " P ng S ‘ . . .
A - - | o= . . | Querying Google Analytics in KNIME
v e -t - —
[ep—
:&:’" e Mon, 10/06/2014 - 00:00 — winter
D \ ' N :' The KNIME Google API extension (since version 2.10) alows for the connection and interaction of KNIME with Google
:_:_ APIs. For now nodes are provided 1o request and load data from Google Analytics,
R e et » -
» ™.
i ~
W e —



Our Agenda: Intro & 3 PPC Use Cases noriskg
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Resources: Google ML Crash Course nariskg

Machine Learning Crash Course

with Ty .ot w A

developers.google.com/machine-learning/crash-course/



;;“ Learn from ML
experts at Google

-




Resources: cloud.google.training noriskg

) Google Cloud oy oo

Tralning
Programs

Lewning Trahs
Citasd vy artue
SaU § Me N Laaveny
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e Al M.
P Galossay s COP
Tnetve Cataky
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Salt Paces Traning
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Resources: codelabs.google.com noriskg

& DG So0eBe CovRiopaTE QOOgie COM Trat« Cl it

) GoogleDevelopers A

Buiding & Serveriess Data Pipgelne loT %o Bullang 2 gRPC sorvice wth C Building 3 gRPC service with Java

Asalytics

0 0 Bl ©° ES

Buidrg & QRIFC Service with Node 18 Clasaty Text imd Categones with the Classfy mages of clouds in the cloud
Natural Language AP with AumoML Vision

Compute the Cosmos with Google Configura an Uptime Chack and Alerting Cornect and visualize ol your data n

Compete [ngne Pelicy Dats Studo

0 = © Bl ° =X

Cannecang to Cloud SOL Contiruous Dadrvery to Kubemates Using Cornruous Degloyment with Cloud Bulo
Spernaner

o Bl o Em o




Resources: aws.training (Courses) noriskg

Thee Dervarvia of Ostd e - YUt % e Derveeis of Date SCwss

Q =

The Elements of

Data Science Introduction to The Elements of Data
Science




Resources: aws.training
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Resources: Machine Learning 101 noriskg

i Creatve Engimd

Machine Learning
101

Feel free Lo share this deck with others who are
leamning! 5 |

docs.google.com/presentation/d/TkSuQyW5DTnkVaZEiGYCkfOxvzCqgGEFzWBy4e9Uedd9k/



http://docs.google.com/presentation/d/1kSuQyW5DTnkVaZEjGYCkfOxvzCqGEFzWBy4e9Uedd9k/

Resources: TechSEO Boost (Python/ML) noriskg

Python & SEO Talks @ TechSEOBoost: https://voutu.be/NOulp_IXfOg



https://youtu.be/N0uJp_JXfOg

Resources: Scraping with Python noriskg

amazon

Python Scragy Tulodal 1 - Web Scraging. Spiders and Craniing

Python Scrapy Tutorial: https://youtu.be/ve_0Oh4Y8nul



