OVHSUMMI T

106ETHER

Lightning Talks 3g*

OOOOOOO



Découvrez le
Machine Learning
appliqués aux logs web
avec Dataiku DSS

(11 octobre 2016)

Jérémy Greze
Data Analyst
Dataiku




Dataiku DSS

A Collaborative Data Science Platform
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Logs webs
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Data cleaning (dates, IPs...

A Logsproject

Exemples:

Iogs_prepared Summary Explore Charts Status Settings &) PARENT RECIPE

* Parsing dates _MWeomns_psamping -

* Géolocalisation IP 1 oot (R

* Nettoyage des valeurs

w useragent_brand

* Extraire composants S
d’URL deseh

sitor Safari (3788)
n_id Safari Mobile (3041)

* Enrichissement user- j p——

Bing (422)

a ge n t , No value (62)

Google (37)
Opera (33)

* Filtrage ol

 Catégorisation

t *+ More options N Leaflet | ©® OpenStreetMap contributors, @ CartoDB
#OV' 'Sl.“ nm lt 3 No thumb.
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Réduction de dimension (group by

/_ Logs project S v @ ull FLOW RECIPES

Agrégation au niveau de
l’utilisateur:

group_logs_prepared Summary Group Inputs / Outputs Advanced History

Group Keys +CUSTOM KEY

* Cookie

agroup nique combinatio

visitor_id a

» |dentifiant

.« IP

Compute count for each group

« HashIP+ user—agent : Per field aggregations
Q, Hide unused variables Show mass actions

Recette visuelle SQL de
Q server_ts date Distinct mm Count  First

group byo E client_ts date Distinct Count  First

N/ client_addr string Distinct m First
EXé C u ti O n in _da tab ase client_addr_country string Distinct Count IS Ordered by: server_ts

client_addr_region_code string Distinct Count Ordered by: server_ts

p OSS i b le : M yS Q L, client_addr_region string Distinct Count
POStgreSQ L, Ve rtica ) H ive o client_addr_city string Distinct Count

( H a d O O p O u S p a rk) cee client_addr_geopoint string Distinct Count Last Ordered by: server_ts
session_id string Distinct Last

location string Distinct Count Last

o
4

Ordered by: server_ts

client_addr_region_hierarchy string Distinct Count Ordered by: server_ts

o
4

Ordered by: server_ts

referer string Distinct Count Last Ordered by: server_ts

useragent string Distinct Count Last Ordered by: server_ts

useragent_type string Distinct Count Last
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Enrichissement en SQL

A Logs project s o >l FLOW  RECIPES
com pute_referers i Summary </> Code = Inputs/Outputs & Advanced History

Epatasets = variables

Objectif: construire des
variables au niveau
agrégé (visiteur)

{}Code Samples
SELECT
'visitor_id",
MIN("sq first referer") AS "first referer",

v logs_prepared

server_ts date @ b COUNT(*) AS "count"
client_ts at ) FROM :
O H S
Exemples: :
client_addr_country 2 | "logs_prepared".*,
. . . client_addr_region_code t ® FIRST VALUE("referer") OVER (PARTITION BY "visitor_ id" ORDER BY "server_ts" ASC) AS "sq_first_ referer"
o R t d N d o 12 FROM "logs_prepared
eC u e ra I O n u client_addr_region | ) as "subgquery"”

client_addr_region_hierarchy trin GROUP BY "visitor id"

prem ier referer avec St o

client_addr_geopoint
une Window Function ptorid

* Enrichissement avec

useragent
4 b3 ° useragent_type
des données a partir du
o useragent_brand
C R M avec u n Left JOIn useragent_version
useragent_os
useragent_osversion
useragent_osflavor
type
visitor_params
session_params
event_params
br_width
br_height

# OVH S umm it sc_width t & VALIDATE » RUN & @ Validate before running




Préet pour le Machine Learning ?!

Prérequis: des données . E—

, C,| * ":o Machine Learning on logs Summary  Script  Charts  Models
agrégées, propres et
enrichies

Create a model

Machine Learning:

» Supervisé: pour prédire
une variable cible l_l_l

—
. s [
* Non-supervise: pour ]
tro uver d es g rou p es Prediction Clustering
. N . . Cross-selling, churn, fraud, likeliness to Look for hidden patterns and discover
SI m I la I reS (Clusterlng) click or to purchase... Understand the groups of people sharing the same
drivers of your business and predict what behavior. Discover how they are using

could happen next. your products and services.
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Prediction

Exemple: prédire une

Summary Script Charts Models
conversion ,

= UST [EJ TABLE £ Settings

Y Filter ~ % | Metric: ROCAUC - I&  Training date

Eta pes: Logistic Regression Details ‘

* Choix desvariables et
types (numériques,
catégorielles, ...)

ROCAUC: 0.881

Random Forest with 84 trees

* Choix des algorithmes
(linéaires, arbres...)

e Phase d’entrainement
ROCAUC: 0.893

 Etude des résultats

Logistic Regression

#OVHSuUmMmit ROC AUC: 0.879




Un peu de Python ou R?

A logsproject > = o M NOTEBOOKS

* Pour aller plus loin que
.- ;
l Intelrface \{Isuelle dans :Jupyter lOgS notebook (autosaved)
la préparation de
données + (5 @A B 24 ¢ M B C | Code j &3 | CellToolbar

logs notebook

* Pourintégrer des ;| oyian iniine
éléments eXtérieu rs Populating the interactive namespace from numpy and matplotlib

: import dataiku
(API .o .) from dataiku import pandasutils as pdu
b import pandas as pd
import seaborn as sns

import matplotlib.pyplot as plt

© Pou r utiliser deS sns.set(context="paper", font="monospace")
li brairies de MaChine : # Load the DSS dataset as a Pandas dataframe

mydataset = dataiku.Dataset("logs_prepared by visitor_ id")

M df = mydataset.get_dataframe()
Learning

: # Get correlations
corrmat = df.corr()
# Set up the matplotlib figure
f, ax = plt.subplots(figsize=(12, 9))
# Draw the heatmap using seaborn
sns.heatmap(corrmat, vmax=.8, square=True)

Out[14): <matplotlib.axes._subplots.AxesSubplot at 0x75d£387d5950>

client_addr_count
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Le « flow » pour 'industrialisation

e Exécuter ’ensemble de
la préparation des
données et |a
modélisation en
quelques clics

* Possible de déployer
sur une infrastructure
de production dédiée
(batch & real time
Nelelglsle)
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Les cas d’usages classiques avec les logs

vente captain

» Optimisation des conversions Shides * train

* Segmentation des comportements
 Travail sur la recommandation - ETEET showroom

. . . prive .
* Calculs de score de satisfaction client

» Détection comportements suspects

PP Bla BlaCar @ Aramisaut:
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Nos clients (80+)

Web

Banques ACCORHOTELS GJF LOREAL:
Assurances |

Industrie ﬁ chronopost &
Infrastructure essilor v
Santé

VEGIER L

Jeux vidéo GROUPE PRISMA MEDIA .
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Essayez Dataiku DSS

Bonus:

* Un plugin pour récupérer les logs OVH mutu
github.com/jereze/dataiku-dss-plugin-ovh-logs

Free Edition .
» Un tracker web open-source qui scale
Enterprise Edition github.com/dataiku/wt1

«

www.dataiku.com/try

ereze [ datalku-dss-plugin-ovh-logs

OVH logs importer

This ph
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