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Use-case: Big supermarket chain with a mobile loyalty app

Their questions:

1.  How can we increase engagement?

2. How can we become more relevant and
personalized?

3. How can we reduce churn and app-user
frustration?

sentiance

What they tried:

- Personalized messages based on offline
segmentation

- Location based targeting

- Time based targeting

Result:

. Higher engagement (16%)
BUT

. Higher churn (+43% more app uninstalls)
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Reason: Location based marketing is not enough

Where are your users going?
LOCATION = 25% i}

How are they getting there?

CONTEXT = 75% fe@RE
When are they going?
© % HE¢
Why are they going?
LA d
/.., sentiance



How can Al solve this problem?

Al for behavioral modeling:

1. What
User is currently in transport
2. How
Transport mode is car
3. Why
User is dropping off kids during morning commute
L. Next
Predicted to stop at the shop
5. Who

User is brand-loyal and has kids

L}

,‘géb;;g; sentiance

3 vourcourons X

Don't forget those diapers!

20% off your favorite brand:

Hi there! We've got a personal offer for you. Come
b

Reply
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How can Al solve this problem?

Intelligence is needed:

1.  What & How
Activity detection

2. Why

Intent modeling
3. Next

Time-series prediction
k. Who

Clustering and look-alike modeling

sentiance

BIKING

WALKING IDLE

Accelerometer L

Gyroscoie : | . l.' 1
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How can Al solve this problem?

Intelligence is needed:

- . Driver vs
Transport mode . Driving behavior
e ————» Map matching ——» . —> Passenger
classification modeling .
detection

(&)
Q

D

Clustering ——» Venue mapping ————» Home/Work P Sema?ntlc'tlme

detection estimation
o D % t-4 t-3 % t-2 o -1 t 2 t+1
B Work *s Walking ++ Shop *s Walking s Work Car .
.

sentiance
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How did we build it?

digital coaching - behaviour change - user engagement

deep learning
semi-supervised by means of transfer learning
discover groups and user similarity in high
dimensional behavioral feature space

HOW

WISIOR Scntiance Al

MOMENTS

deep learning

time series => learn temporal
patterns via deep recurrent
neural networks

) NLP techniques

WHAT ) extract meaning from
WHERE behavioral timelines

WHEN
_ Sentiance Al -

signal processing +
machine learning

Why

WWUSPE Scntiance Al

Moments

What, Where, When

Ry
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How did we build it?
A real example of hyper-personalization: )

Research shows: ‘People are twice as likely '
to engage with moblle”ads during commutes o “
and in crowded areas =

Our implementation: . —— n_

=T ’ segments
- Send coupon to user if:

. Event: ‘on a tram or train’

- Moment: ‘In commute’ @ oonrmmaanmn ( Y o t
- Prediction: ‘About to stop at a shop’ e | | e e
. Segments: Brand-loyal, shopaholic, sportive ‘ sy e ~ N

- Results: ; predictions
- Engagement increased 400%
« Churn back to baseline levels \ ) W,
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Some example insights
for this customer

.
Sgntl a ncg Sentiance Confidential 2020



A day in life of a random user

home

work

drinks

[ shop

3 park
[ hospital

- gasstation
|:| hotel

mm restaurant
—— homegoods

— da
= SChool

— ﬁublic
— hobby

e DUS
= Walking

drinks

E] park

hotel

|:| hospital
- restaurant
[ public

mmm School

shop

— fastfood
—— hew

—— homegoods
= Culture

— day

— food
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Some segments assigned to this user:

Brand loyal: Gas station

Detail can be added to the flow
diagram by showing intermediate
stops between origin and destinations.
For example, it is clear that 'parking' is

not a final destination for this user.







When do your users shop?

Grocery shoppmg
- T ER PEEEE
T I=I

We

Friday late-evening
shopping

Th

Fr EEN SEEEE

\ Grocery shopping
\ mostly happens on

Shops close Saturdays before

early on noon
Sundays
Other shopping
N [ [T [TR
Mo
Non-grocery shopping

Tu CNEEEEEEEEEw (e.g. furniture and
we TEEEEEEEEEEEN clothing) is more
™ fEENEEEEEEw / spread throughout the
Fr o [ [ [T T[] day

> 0.6 >1.3

@ Grocery shopping

@ Brand-loyal users

@ Shop visits




How much time do us

/where?
S Spena wnere :
\ I/// }/

The least amount of time was spent in:
o 1‘.\,‘5“ nli //
@e&.,, (%% %‘69{{}1 v // //
. "y 2. \
Football is the sport 3 ' /

. W\ :

on which users spent %% . Ble R % {

the most of their time = ’ A %% \ Most shopping time is
T %y, spent in malls and

r ~ %o 2’ supermarkets
S00ny, .
S Ot Ty %. %
Ortcentry ﬂl"eSs /0@
wate Wimmi
"park® g water . Time spent when .
goi activity ~ SPort . christian
golfcourse small not working or at | |eisyre religion
soccer ba“ ¢ Placeotworship
large _— @ home Ulture tourism oo
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than 14% of their g g £ B Working and commute related
time in travel 3

Asian food is the most

related venues popular activities are excluded.
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Leisure travelers go international

Business trips Leisure trips
Average stay duration: 2 nights Average stay duration: 3 nights
Business travelers tend to avoid resorts and Leisure travelers chose resorts, motels and
72%
motels ° rent apartments i
27%
20%
8% . 5%
0% 0% 0% 0% 07% 1.3%
Yacht Resort Hotel Residential Motel Campsite Yacht Resort Hotel Residential Motel Campsite
Longest stay:
National 88% 79%
International 12% 21%
Business:  Leisure:

17 nights 37 nights




Main lessons learned

Data is the new oil:

1. Obtaining labeled data is expensive
¢ Pay students to walk around and label their transport mode

* Use specialized companies to crowd-source data labeling:
50k EUR for 50 users x 30 days

*  Develop internal tooling for data cleaning and labeling

2. Data is private
*  Cannot be used to train models for other customers

*  First-party: Owned by the customer

* Full transparency is the only way

sentiance

Scalability matters:

1.  Miflow: Manage the ML lifecycle
*  Experimentation: Which parameters worked?
*  Reproducability: Which dataset was used?

¢ Deployment: Versioning and continuous integration

2. AWS helps us scale

* Elastic scaling: 15x higher load during peak hours!
*  Reproducibility: Which dataset was used?

*  One-off model training on expensive GPU machines
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Do’s and Don’ts
Don’ts Do’s:

1. Let data scientists work on their own 1. Data science as a citizen
*  Developing a SOTA model in a notebook is easy

* The hard part:
- Deployment * Easy access to computational resources

* Easy access to data

Observability .
. * Freedom to experiment
Scalability
Reproducibility
*  For each Data scientist, you need 4 non-data scientists:

Data engineer 2. Work pl"OdUCt driven

Machine learning engineer

* Data scientists like to aim for SOTA

Infrastructure engineer

Full-stack engi . . .
Hrstack engineer * Are super curious and like to build crazy stuff

2. Say that data science cannot be agile . We need some direction

*  Doing research for months without baseline .
* Product team should drive Al

*  Doing research for months without deployments

¢ Research can be iterative!
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