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Train and deploy ML models in
SQL

Execute ML workflows without
moving data from BigQuery

Automate common ML tasks

Built-in infrastructure
management, security &
compliance
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Supported Models in BigQuery ML
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Supported Models in BigQuery ML
Classification Other Models

* Logistic regression * K-means clustering
* XGBoost » Time series forecasting
* DNN classifier (TensorFlow) « Recommendation : Matrix factorization
* AutoML Tables

Regression Model Import/Export
* Linear regression * Importing TensorFlow
» XGBoost models for batch prediction
* DNN classifier (TensorFlow) * Exporting models from BigQuery ML for online

* AutoML Tables prediction
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2. Machine Learning Process
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Predicting churn in a real mobile game

Lab Pixies Puzzle

€ Everyone

Contains Ads - Offers in-app purchases

© This app is available for your device

Google Play store: https://play.google.com/store/apps/details?id=com.labpixies.flood
App store: https://apps.apple.com/us/app/flood-it/id476943146
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Google Cloud

3. O|EFE O =(Churn Prediction)

Firstuse 24 hours later

25% users
retained

75% users
churned

User's propensity to churn

Churn probability 0%
I } Will return anyway

Users "on the fence".
Could be incentivized to return

I Will churn anyway
100%
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Q Data in BigQuery

Data preprocessing

in BigQuery

Churn prediction
modeling with
BigQuery ML

Utilize predictions
for activation

(Churn Prediction)
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Data preprocessin Churn prediction Utilize predictions
Q Data in BigQuery —> @ LR 9 |—» modeling with —> ke

in BigQuery i for activation
BigQuery ML
BigQuery Export for Google Analytics 4
z 4 evenidate ¥ 4 eventtimestamp ¥ eventname 4 Sventparamskey ¥ 4 eventparams_stingvalue v ev.intyalle ¥ e fioalvalue v . «oubleyalie ¥ eventprevious_time: evem_value_inusd, event bundle sequgr
: 1 20180708 1531065512237. post_score time null null null 00 1525559460809. null 306
0 Google Analytics 4 (GA4) .
i nuil 4.431211965098.
level 0
game_board
null nuil nuil 0.0
Measure user engagement for
2 20180708 1531065621418. post_score 00 1531065452237. null 306
web and app 20
app+gtm nul nul
null null 4.431211965098.
level 0
game_board
Event-based data model e
3 20180708 1531065459236... level_complete_quickplay board s nul null nufl 1525559460808. nul 306
(same schema as Google Analytics for Firebase) value oull n 1
firebase_screen_class game_board null
firebase_event_origin apptgtm u
firebase_screen_id null 4431211963098...

BigQuery export of event level raw data
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Data preprocessin I e Utilize predictions
Q Data in BigQuery —> Q L a 9 |- modeling with —> PIS

in BigQuer . for activation
9 y BigQuery ML
[ 1
1 1
1 t
1 1
e L,
] i
1 1
1 1
! i
bemee- » Identify users and churn label | --- i
1
i i
! . Training i 5 g : 5
Fonnee » Process demographic features  f---+ | F o= Ideal format for the training data for propensity modeling
i
i
it et > Process behavioral features F---
tiberit | Ehames User flemogmphic data User !:ehavioral data
(multiple columns) (multiple columns)
User1 1 (e.g., country, device type) | (e.g., # of times they did something within a time period)
User2 0 (e.g., country, device type) | (e.g., # of times they did something within a time period)
User3 1 (e.g., country, device type) | (e.g., # of times they did something within a time period)
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IF (user_last_engagement <=
TIMESTAMP_ADD(user_first_engagement,
INTERVAL 18 MINUTE),

24 hours later

10mins

First use

bounced

Identifying users who
bounced

(within the first 10 min)

1,

0 ) AS bounced,

Row  user_pseudo_id user_first_engagement user_last_engagement bounced
users retained 1 0002B103EB7E4844DAA75700C57E820E  2018-06-22 10:53:03.253001 UTC  2018-06-22 10:53:03.253001 UTC 1 |
2 001373EB022B5377FD914A42CFF11F38  2018-06-13 04:12:03.429010 UTC  2018-06-14 02:43:45.020003 UTC 0
3 0014DFDE712A8A42EE68057DD4062E42  2018-06-13 03:12:20.913009 UTC  2018-09-16 05:18:03.371008 UTC 0
u se rs 4 0015EE183D5A306035B51F4F6CETEGFE  2018-08-09 02:04:52.898 UTC 2018-08-09 02:19:08.233143 UTC 0
5 0018E9BAF92AFA2FFFCDCB5F48A3B134  2018-10-02 11:05:17.529006 UTC  2018-10-02 11:06:43.998005 UTC 1

Identifying users who
churned

(after 24 hours)

IF (user_last_engagement <

TIMESTAMP_ADD(user_first_engagement,

INTERVAL 24 HOUR),

1,

@ ) AS churned,

US ers c h u r n e d Row  user_pseudo_id user_first_engagement user_last_engagement bounced  chumed |
1 7E4844DAATS700CSTEB20E 8 10:53:03.253001 UTC  2018-06-22 10:53:03.253001 UTC 1 1]
2 001373EB022B5377FDI14A42CFF11F38  2018-06-13 04:12:03.429010 UTC 2018-06-14 02:43:45.020003 UTC 0 1
3 0D14DFDE712ABA42EE68057DDA062E42  2018-06-13 03:12:20.913009 UTC 2018-09-16 05:18:03.371008 UTC 0 0 \
4 ODISEE ETE6FE 808-0902:04:52898UTC  2018-08-09 02:19:08.233143 UTC 0 1 \
5 34 201810-0211:05:17.529006 UTC  2018-10-02 11:06:43.998005 UTC 1 1 ‘

12
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Churn prediction

ey Data preprocessin : ; Utilize predictions
Data in BigQuery —> o 9 modeling with —> -
in BigQuery . =k for activation
BigQuery ML
i [
) t
i i
i L]
S ———. B LT
; :
1
E | SELECT
1 1 ] .
. _pseudo_id,
beneas » Identify users and churn label  |--- ; TR -
i ! geo.country as country,
]
! : device.operating_system as operating_system,
i . Training i device.language as language,
----- - b - -l -
" = Process demographic features - data *-' Demographic data FROM
i ‘firebase-public-project.analytics_153293282.events_*"
]
]
beww = - Process behavioral features ===
Row user_pseudo_id country operating_system  language
1 02508ACF3E0BA4D0C4770C03817AFDE3 Bangladesh ANDROID en-us
2 29D150D22AFB6AATAE6BS56F5B9123D43 Nigeria ANDROID en-us
3 3C3205B946F16D67CC21EABBAE2B6FA2 Colombia ANDROID en-us
4 43FF56BB4EB2B2E97E196C9E798E1674 Denmark ANDROID da-dk
5 47FFF3794BCAB42CB53683142AC09F71 Thailand 108 en-us
Google Cloud
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Data preprocessin bl Utilize predictions
Data in BigQuery —> o 9 modeling with —> -
in BigQuery . =k for activation
BigQuery ML

" '
1 t
I
1
e e e e e
i ]
| i
]
: :
[— Identify users and churn label  f---= :
: .
i . i
H . Training ]
------ = Process demographic features  --- ot
H data
|
1
|
beeneen Process behavioral features == D) (o) T
1 sCreen_view 2247623
Events from GA4 Selecting events for behavioral data What kinds of events exist in the GA4 data? Z_|memoemat s
3 levelstart_quickplay 523430
4 lewed_end_quickplay 349729
[P —p— prpe— ] => user_engagement SELECT 5 postacore 242081
20180806 1533621577532129  screen.vew fostase_srevous 82171 50845406342191 1530621448963129. : event_name,
frsbosesonenclass  ExaSwpnActvey =2 level‘SIart‘quu:kplay COUNT(event_name) as event_count ° Sl Compe Tenoee
feebose event oo auto - level_end_quickplay FROM 7 level fail_quickplay 137035
P T ;
- level_complete_quickplay “firebase-public-project.analytics 153203282 .events_+~  ©  Melreselavicoly tzazm
- level_reset_quickplay GROUP BY 1 9 | sslectooniet oSt
R — [e—— > 'nost._atere it 0 evelsmnt a1
rmssssaomIz = spend_virtual_currency CUEmEEI B 1| seaslon ot raass
" 12 level_end 54582
3 0103 1627065 ueerengagement 1837750m88614035 - ad_reward ) 13 level_retry 4335
1770655634720041094 > Challenge-a'frlend 14 level_up 35666
- - completed_5_levels [GA4] Events: Games 15 level.complere 33086
4 0180923 1SI7ISIONNSION ueer_engegement 153775088816303% > USe_EXtra_StepS hitps://support google com/analyticslanswer/9267565 FPR P p————— e
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Data preprocessing R Utilize predictions
Data in BigQuery —> il —> modeling with —> e
in BigQuery . =k fOr activation
BigQuery ML
v T
i 1
P lcccmmm———————
i H
; H
i '
I " )
b = Identify users and churn label Lo ! User ID Label User demographic data User behavioral data
)
! i
E Training , cnt_user_engagement
1
pee--- = Process demographic features  f---= data et cnt_level_start_quickplay
i cnt_level_end_quickplay
R »| Process behavioral features —— cnt_level_complete_quickplay
cnt_level_reset_quickplay
country
device os cnt_post_score
user_pseudo_id | churned device_language cnt_spend_virtual_currency
i i cnt_ad_reward
User ID | Churned User Flemographlc data User !JehiVlDla' data
(multiple columns) (multiple columns) cnt_challenge_a_friend
User1 1 (e.g., country, device type) | (e.g., # of times they did something within a time period) cnt_completed_5_levels
cnt_use_extra_steps
User2 |0 (e.g., country, device type) | (e.g., # of times they did something within a time period) user_first_engagement
User3 |1 (e.g., country, device type) | (e.g., # of times they did something within a time period)
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Q Data in BigQuery

Data preprocessing
—=|
Q in Biglluery

Churn prediction

BigQuery ML

— @ modeling with —

Litilize predictions
for activation

Train a machine
learning model in
sQL
with CREATE MODEL

CREATE MODEL
[PROJECT_ID].[DATASET] .churn_logreg

OPTIONS(
model _type="LOGISTIC_REG",
input_label_cols=["churned"]
) AS

SEINEGH)
*

FROM
[PROJECT_ID].[DATASET].train

Train churn propensity model

Evaluate the model

Make predictions on new users

e o el e e

--------------------------------
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Churn prediction

- Data preprocessin . . Utilize predictions
Data in Biglluery — CaA PrEprocessing |, modeling with - prec N
: in BigQuery : for activation
BigQuery ML
1
Query editor i E
o - I e Train churn propensity model = .
churn_logreg :
Agaregete metric Score threshoid Confusion matrix Evaluate the model II-
s - r——— @ S22 " : !
e —— : E
E‘: m o Make predictions on new users :
ecaos ke Priclaon sad Becatin Tivsshond weare Evaluate the model SELECT

by |

with ML.EVALUATE FROM

Row  pencition, woownoy

0A307816091950020 0. 1DSHSABSESHEEENE O 772521957340025

0.17002237136465320

ML .EVALUATE(
MODEL [DATASET].churn_logreg

e

049420724043767983 0.7162997002997002
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Churn prediction

- Data preprocessin . . Utilize predictions
Data in BigQuery —| —ata prep ssing L, modeling with —= prec N
in Bigluery for activation
BigQuery ML
1
]
Predictions using the probabilities ' lecesssmcssssmsssssnssssncnasnnns
E :
SELECT i 1
Z:Z:;z:em‘ld' Train churn propensity model [~ |
predicted_churned, T i
predicted_churned_probs[OFFSET(@)].prob as probability_churned 1 :
FROM
ML .PREDICT(MODEL [DATASET].churn_logreg, Evaluate the model ) l:'
(SELECT * FROM [DATASET].test) T H
) T !
Make predictions on new users :
SELECT H
FR;M : E

ML .PREDICT(
MODEL [DATASET].churn_logreg,
Makes predictions on (SELECT
new data %

with ML.PREDICT FROM
[DATASET] . test)

Row  predicted_chumed  predicted._churmed_probs.label  predicted_chumed_probs prob  user_pseudo_id o

1 o1
0 0.8833767318045819
1
[

0.8328140068446371

0 0.924413950387373
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Data preprocessing

(Churn Prediction)
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Churn prediction

Utilize predictions

Data in BigQuery —> Q " modeling with —> I
Q in BigQuery BigQuery ML =k for activation
| i o
E ;
! Train ch it l
b » ldentify users and churn label  [--- ERlrahurm pepensity fHbdd
: :
pamne= »  Process demographic features f---= Evaluate the model
E :
B > Process behavioral features s Make predictions on new users
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4. =M A AE|(Recommendation System)

T=2o| = A|AE Z5 - GepLIE 9| Retail Al Recommendation model, BQML Recommendation model, Vertex Al

(C) Al
GA Cl|O|E{ AtE
L WELCOME %
ZIQSHH|0|E| S5 : AF2 X} HIO|E], content data, 12|10 BX H|O|E A nfeicfold R
SRS 24 ot R 23
7HX|Ef|O|2: 0|, Retail Recommendation Al -> BA|X Z=HAAREHO| EXfsh= 4<9)
0| & G| 2 : BQML Recommendation Al -> QEA| R ZHA|ARIEAO| EXYSHX| Y= H)
Bxplicit Data: 42 WHI} 20| 42 MS T8 42 FHI| 2 4 = HO|E e (..
implicitData: HO[X| W2 31+ 2 HO|X| K AlZk} Zo], 124o] AHZof cigt {ilel 2 P m
MSEE o 4 giX|Bh 12io| HE S BATP7}AK]8ket Hlo]ed — o o o
@ Q @ WBK g & sl Q s
. colgeie  SuCold  HOERA 2t XPTOP oo} Al
T2 7|AFFEE AL —
oc|2 7HALtR? Lot ] snaso | swsio]
Session duration= AME510] rating2 = HE v m m M & m (
"
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HOlH =% X FH|

GIO|Ef =& S F=H| THAlojMs =8 A|ABIS 87| 9o DAl 2{L RE0)| I|X G|O|E2M 8T 4 U2 H0|5HE 8 U

7+SSiF0{0F BtL|Ct O Xt=ZOf|A|= Visitorld 2 2 Contentld0i] CHSH SESSION DURATIONZ HS HAG|O|H 2 A SIS LICE

4. =M A AE|(Recommendation System)

1I: a x>
Ciloje] =% 2 FH| HM2d nd 1= A gt oz
E‘" OI E'l x_I x'l EI o p visitorld - 4 contentld « y rating - P
— 1 7337153711992174438 100074831 0.231209762328046
; 2 2293633612703952721 100510126 0.24722025648549284
e A O| & (n =
Visitor Id, content Id, ratlng_l HE 2 257 3 5874973374932455844 100510126 0.16626162901082212
4 1173698801255170595 100676857 0.054431537704748269
Schema  Details  Preview 5 8R3307426232097550 10083328 0.94504375442290756
6 7615995624631762562 100906145 0.48231872551219424
Row  visitorld contentld session_duration
7  5519169380728479914 100915139 0.19948410022955968
1 7337153711992174438 | 100074831 44652 8  3427736932800080345 100950628 0.55676855895196509
2 5190801220865459604 100170790 1214205 9 4099400976147890119 101002112 0.82006144605347175
3 2203633612703952721 100510126 47744 10 6004290094349750425 10110054 0.39534839567116004
A SR74973374932455844 | 100510126 23108 11 5031046326044518949 101422240 0.69356715052557094
12 5711844529919584930 10153460 0.47226815333897165
5 7762128704324316312 100562039 13189
13 3166390526532207315 101612793 0.17328822686711429
6 1173608801255170595 | 100676857 10512 14 7121158157393118369 101792147 0.067133265443498971
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Cr\ AlI/MLE AL2% O|SHE A at 7St FH MH|A Al 4. = A2 8(Recommendation System)
Ml 2id 28 5

D 1= CHA|o M-S QA AEst AR, QAR 2ES BQMLOA S SQLEIC 2 TAIE 4= QISLICH BO|E| 48, MM IFHS S3) A s

O O1—-
HO|E{M S Select =& 0|26l CREATE MODEL 2| 20f I/ H|O|E 2 XM|S3tH &)1, SMS M

o

O}

= FEksQtez Fdg = AL

I

4. =M A AE|(Recommendation System)

HlolE] % & =

CREATE MODEL

st& 2 data lossE training &5 22l 715

Details  Training Evaluation  Schema

Viewas  Graphs @ Table

#standardSQL

CREATE OR REPLACE MODEL bgml_tutorial.my_implicit_mf_model lteration  Training DataLoss  Duration (seconds)
OPTIONS

(model_type='matrix_factorization', & 0.0033 42 .81

feedback_type='implicit’,

L 5 0.0034 83.09
user_col="visitorId',
item_col='contentId', 4 0.0036 4235
rating_col='rating",
12_reg=38, a 0.0045 62.29
num_factors=15) AS
SELECT 2 0.0079 44.03
visitorId,
contentId, 1 0.0090 56.49
8.3 * (1 + (session_duration - 57937) [/ 57937) AS rating
0 49885 165.18

FROM bgml_tutorial.analytics_session_data
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olZate EHa| x| _—
Cr)l) Al/MLE AL2% O|SHE A3t 7HQISt FH MH|A AlA 4. =™ A2 8l(Recommendation System)
2 ELE oS

2 HIL CHAJoIA S EVALUATE FZI2S 0185t0] SIS El BHS BIL B 4 Qo0 2| A% 22 S5 WIKIESS Sof 28| 452

HolE] 43 X Z| oAzl B 75
(
29 F}
» Mean average precision #standardSQL
* Mean squared error SELECT
* Normalized discount cumulative gain *
* Average rank FROM
ML.EVALUATE(MODEL ‘bgml_tutorial.my_implicit_mf_model")
Job information  Results  JSON Execution details
Row mean_average_precision mean_squared_error normalized_discounted_cumulative_gain  average_rank
1 0.4198780762470944 0.0016110931782291533 0.9028453856380017 0.2630861705873781
. »




Agatecal| : )
Cr)l) AlI/MLE AL2% O|SHE A at 7St FH MH|A Al 4. = A2 8(Recommendation System)
28 Forel o=

F=H MM THA o M= RECOMMEND H2|22 0|2310] SX Of0|C|2 XM SI2S AlZEE 2 QIOM, O] AFRO|A = H2| 28 T30 O

OPO|C|E 2 5702| = =T Got= = 2 J5tAS L L,

M L RECOM M AN D . SQL AMH Jobinformation  Results  JSON  Execution details
. =0
Row  visitorld rec.contentld  rec.predicted_rating_confidence
> WA Al &4 o 1 900642939694876345 299852437 0.5081523652599376
T vici i S
° EJ—l'- VISItorId, Contentld, o™ |_E| T S EH —| 200781837 0.4932700825602718
= =
E‘” 0 | = E HH = 299844825 0.436699726711050656
299866366 0.43132597938161077
HP H A O k=3 299818044 0.37186686109097455
* Visitorld¥ =27t LI3
#standardSQL 2 7085297963632519016 299907275 1.0032236832904617
SELECT 299837992 0.8996197557162765
*
299814775 0.85684306456474245
FROM
. . - 299809748 0.6466632097912051
ML .RECOMMEND (MODEL bgml_tutorial.my_implicit_mf_model,
( 299937546 0.6307393520819515
SELECT 3 6228701310466099766 299957318 0.7240665127042221
visitorId 299965853 0.6725458090477598
FROM 299935287 0.6709732249984339
bgml_tutorial.analytics_session_data
299972800 0.5450286444703107
LIMIT 5))
299826775 0.5254886284801624
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azaecH E|I|
Cr)l) Al/MLE AL88H O|EHE EMat 7HQlst F=H MH[A Al 4. =8 A AE(Recommendation System)
Retail APl — Recommendation Al

F=H A AHRle goMmLe o|88) & JHeret 45 YZIX|T Google@| Retail APIE 0|23 GUI Alo| OFQA 22| g1 0t 2 AFFo| H3tst 2|
=S S| MA|El CHOFst XM DES MENSIO] SHAA|F| T H|X|L|AO| 283t 4= Q&LICY

7He
_ movielens-others-you-may-like

Google?| Retail APl= 2 O = =M mEAS DHS7| Rf3lA = ST Codet 1ES2| AREH Atp22

THSHO{OF SEX|2H O 2{oh 20| A=3HX| G2 DIAEHESS fI8H GUIE 08310] bteA 28| 3 Hat

o= XN BYS OIS 4 AT TAE/Of YBLICE

HIO]E 27}
. Q5" CIXLZ2iA WEYA S CjEN | OTTAHIA S| FHYMRIE0| R Y IFES T HOoj=

ol =
S|
2|7| ?I5H B=HE Hlo[H A S B ALY,
- O|HHOf| ArZE G|O|H = B2t H7I0] T C|O|HAI 2 O|U|AEf TS| DE A0 Ofdh 7H | S LT,

« 9f 580002 ol Ciieh F7t= O|ROIM 2 B7Plia= 2f27002 ARILICE

27



ZateEEal x|
Cr):) Al/MLS A%t O|RE EAM0t 71212t =8 MH|A AHA

rol-

5. Data Export & Application
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XS] Zok= & 37K IR E A2 OEA 28 5= U= X(0f CHSI LOFE S LTt

5. Data Export & Application

A Churn prediction a s
Data in BigQuery Data preprocessing modeling with Utilize predictions
in BigQuery . = foOr activation
BigQuery ML
| i o
e | s
i. ..... » Identify users and churn label [---- E TEin-churn prapensity mpod . E
i i : :
l Trainin | A
s » Process demographic features === d:'atla L - Evaluate the model : H
| : i
Sommeatanss > Process behavioral features sy Make predictions on new users E




dlZgecHa| x|
/5 A/MLE AFE3t 0|2 E 2N x=H

5. Data Export & Application

HOIHE ALE 7hs2h YEi 2 TetotaE ST 2|0 2 $17L vt FEZ Google Cloud StorageOilAl Exportotal =7+ AUFLICEL 0|5 21t
0|83l 1SS EFIE et MZ22 O E &S M2 & JAZSLICL

5. Data Export & Application

Data preprocessin Gy prediation Utilize predictions
Data in BigQuery —> o ok 9 |- modeling with —> e
in BigQuery ' = for activation
BigQuery ML

Exporting predictions
asa CSV file

. ' l GA4 Data Import for user properties

to Google Cloud “ — -
Storage ke 4 . . 7 o s e s 0 s s o e
predicted. a probs[OFFSET(8)].prob as prob " [ e—
({ [DATASET] | n.logreg, -
sc ECV tif* o 1n TASET] -t o i [ - -
o i e e Gmgh:- i
E‘,_:—:_-__ S el e sl e Anahtice E“,‘
BigQuery
< Create segments and remarketing lists
ﬁ et T “ ‘ Firebase Q External campaigns (e.g., email marketing)
o R T R Marketing & A
Cloud Storage tools %) -
........ % 3
‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘
5 Imported Segments »

Export list to your preferred marketing tool
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dZatecHa|x| . L
Cr)l) Al/MLE AT OIS E4at 7HQU3}t =H M| A A|H 5. Data Export & Application

A Atz ok QlolEle msly| QJ8) B2 AFRAFS 0| 0 23}H= FHX|E|0| 22 Retail APIZ AFR3S|| ZXA|AEIS T12510] poC 7|7t SOt 2282
A
T

62.8%, Ol AT &2 749% S70tAUELICE PoC7t ELILL M| MH|AR ERAER{S [ §52 B SUSS 2elsk

5. Data Export & Application

EtE ZFAN 3212 Ol Q:IIOFI S = I.
O|RE &2 =28 F A ogdgE 57
First use 24 hours later -—
aE 2
users retained = 2o [&HAl BHE 2iel]
2B olletE et g 28 oot E et g
62.8% =0t 74.9% =0t 59.1% =0t 65.4% =0}

users churned

First use

24 hours later \ ( & MU B2ARKNS, WERK S 0| \

S
® ZCURKS @ YERHS

users retaimed

o 0
2.9 D > > D 2
\_ userschurned ) \_ A PRI )
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6. Summary
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Al/MLE AT OIS E4at 7HQU3}t =H M| A A|H

Google Analytics H|O|E{ 2} BigQuery ML M 3|7 12|52 AtE

Retail APIS AESH = A|A” 28 S & 37HK|2| 2 E S3ff 2T E

6. Summary

Oll 53t BigQuery MLO| R ol 212|FS ALESH M A|AH 7135,

Data preprocessing

Churn prediction

Utilize predictions

Q Data in BigQuery — Q in BigGuery gggﬂ;"r‘i}/ V[\‘;I'Eh > Ll foractivation
| | =
: : E
: Train ch i | e
b » ldentify users and churn label |---» vein S RropeRsilyTRodS 1 '
| : |
Fmmn » Process demographic features ---= Evaluate the model H
s ‘ i
Leomem > Process behavioral features Halateing Make predictions on new users E
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Specialized Consulting Firm in Data & Al
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Thank You

T. 02.552.9700
E. info@mcloudbridge.com
H. www.mcloudbridge.com
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