Insurance Quote Recommendations at
Swiss Mobiliar Powered By In-Database ML

Thomas Baumann
Swiss Mobiliar
IBM Champion

Machine Learning Week Europe

November 19, 2024
Munich

.l“".
- _‘?—‘.ﬂ__ o
; a‘

Trophan
| Versicherung fiir Nemo

"’0 hy
Broke The code™

Was immer kommt = wir helfen Ihnen

5 ‘: Y~ ‘,'f‘“_'] ”‘/}:ﬂ fi
rasch und unkomplizicrt, -,-.,’5:.;,,'; ar ,\ 2 Xaisie %
"_'n".".':i‘?.,‘i"" &“ .’S" > -
\.'\"_.‘ s g P 2k v'.".‘. o 3_,:&‘,;:
" .S

.

Py -~
A Yolitr =208 S R ENLYS e
F. l',:._'f,?' _”:.“«f;}gqv e ':Dy;z ‘

!

e N T s. RS L ‘;'*“ o A Ao S I e B e R
R UG G BB SRS e *«“»" ff?ﬂfﬂ@ﬁm. SIS SR AR



o v
Al
AN

). o

S L [

.

A ‘a1 - { . oy < : p r A ? ! / A SCxy 2 R "
e - e i . 3 | Sy WP, wile
AL ME L SO s S ] . . 2 J ’ 3 ; od o - bS - e g tena AR,
L A A ] R R RS ! . it A e AR & : B d .;:'1 -4 f,-;.,»’*'“jun\? 7, -

> v 5 . | 5 /] : y y - - LS A
. e







K
Y
f‘. ),f
"

05
7
Y
LTy

iy

(oS

Ay

Y

. '
.
- -9
e A A - -
A N gL ; - .
-~ 2 .
» -
-y L - - -
2 N
— |
— PR -
" - —
-
- -
: 2 kN oy . . “
‘ -
\ . -
! - = 3 .
_-M_‘ .
. . = '=
-
A Y " g =
. & muan
=L
== -
- ey
- -
-
e
.
I
P tee

die Mobil

iar

.

b UNIVERSITAT

" Mobiliar_Lab for.

~Natural

o,

~—

Hazards

- -
— s -
- - 5w
2 T
N
o - 5
p— a— ——
L .
! !

L 4

.}

Mobiliar Lab for
Analytics

- g ' - - S
A . N - n ~ B S -
- Y - ,
3 - e . . v
: S I Lo X\ . "
. . — ol . r' = - x ) R
= " s \.. ) - 1
- - = - \ 7 ‘ \ . ;
L ' A . ~ . R—— ‘Q‘w.;’ - '
- ‘ " - B
b . L ' ' L

e




v.

. €
b Life and you

’

R ——

' die Mobllla

“




Agenda

O Intro to In-Database ML
1 Swiss Mobiliar Use Case
2 In-Database ML Roadmap at Swiss Mobiliar

3 ML Explainability (Interpretability)
4 Summary
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In-Database Machine Learning
View "FIFA": 5k Rows, 42 attributes (40 to compare similarities)

5| NAME |NATIONALITY | OVERALL| POTENTIAL| WAGE_EUR| VALUE_EUR| AGE| HEIGHT_CM| WEIGHT_KG| ATTACKING_CROSSING| ATTACKING_FINISHING| ATTACKING_HEADING_ACCURACY| ATTACKING_SHORT_PASSING| ATTACKING_VOLLEYS| SKILL_DRIBBLING|
Neymar Jr Brazil 92 92 290000 105500000 27 175 68 87 87 62 87 87 96
L. Messi Argentina o o 565000 95500000 32 170 72 88 95 70 92 88 97
K. Mbappe France 89 95 155000 93500000 20 178 73 78 89 77 82 79 91
E. Hazard Belgium 91 91 470000 90000000 28 175 74 81 84 61 89 83 95
K. De Bruyne  Belgium 91 91 370000 90000000 28 181 70 93 82 55 92 82 86
R. Burki Switzerland 85 86 92000 32000000 28 187 85 15 8 17 37 13 12
M. Akanji Switzerland 83 88 77000 31000000 23 187 91 53 36 79 80 42 69
X. Shagqiri Switzerland 82 82 120000 23000000 27 169 72 79 71 45 82 76 86
G. Xhaka Switzerland 81 84 94000 21500000 26 185 82 73 53 62 85 50 70
] SKILL_CURVE| SKILL_FK_ACCURACY| SKILL_LONG_PASSING| SKILL_BALL_CONTROL| MOVEMENT_ACCELERATION| MOVEMENT_SPRINT_SPEED| MOVEMENT_AGILITY| MOVEMENT_REACTIONS| MOVEMENT_BALANCE| POWER_SHOT_POWER| POWER_JUMPING|
88 87 81 95 94 89 96 92 84 80 61
93 o= 92 96 91 84 93 95 95 86 68
79 63 70 90 96 96 92 89 83 83 76
83 79 83 as a9 88 95 90 as 82 56
85 83 91 91 77 76 78 91 76 91 63
13 12 24 23 44 54 G 83 52 56 74
46 30 79 76 70 85 69 84 64 69 81
88 84 81 84 83 77 83 80 91 87 51
76 77 85 80 50 52 < 75 61 90 30
1”2 12 21 2C a0 cAa cc Q1 co A1 72
POWER_STAMINA| POWER_STRENGTH| POWER_LONG_SHOTS| MENTALITY_AGGRESSION| MENTALITY_INTERCEPTIONS| MENTALITY_POSITIONING| MENTALITY_VISION| MENTALITY_PENALTIES| MENTALITY_COMPOSURE| DEFENDING_MARKING| DEFENDING_STANDING_TACKLE|
81 o 84 51 36 87 90 90 B 27 26
75 68 94 48 40 94 94 75 96 33 37
84 76 79 62 38 89 80 70 84 34 34
84 63 80 54 41 87 89 88 91 34 27
89 74 90 76 61 88 94 79 91 68 58
36 74 14 35 18 10 50 20 58 11 13
74 84 48 76 81 33 67 40 80 84 84
73 71 84 61 55 74 81 65 82 35 49
79 77 79 92 71 75 82 63 74 66 72
| GOALKEEPING_DIVING| GOALKEEPING_HANDLING| GOALKEEPING_KICKING| GOALKEEPING_POSITIONING| GOALKEEPING_REFLEXES| 58 24 57 S 19

= 9 15 15 11

6 11 15 14 8

13 5 7 11 6

11 12 6 8 8

15 13 5 10 13

86 80 74 83 89

10 9 13 6 9

13 12 12 11 11

7 8 11 7 13

79 85 81 80 87

la Mobiliere




In-Database Machine Learning

SELECT name, nationality

, AL SIMILARITY (Name, 'M. Neuer')
as SIMILARITY SCORE

FROM FIFA

ORDER BY 3 DESC

fetch first 30 rows only

la Mobiliére

SELECT

AI FIFA PREDICT (new player)as
VALUE EUR
FROM SYSIBM.SYSDUMMY1

e NAME INATIONALITY | SIMILARITY_SCORE
» [B-Teno | Germany
2 Ederson Brazil 0.882723770502872
3_ De Gea Spain 0.880496660094689
4 Neto Brazil 0.878024048672472
5 |s. Handanovic Slovenia 0.878004193386333
6 K. Navas Costa Rica 0.877424840661706
7 |1. Pickford England 0.8768829530547
8 |K. Schmeichel Denmark 0.876774869105394
9 |W. Szczesny Poland 0.87579275272194
10 |Alisson Brazil 0.872326521849975
11 A. Areola France 0.864849126946127
12 |Rui Patricio Portugal 0.864432105246983
fE) R. Burki Switzerland 0.862906215105855
14 |H. Uoris France 0.857519723142511
15 |[T. Courtois Belgium 0.857407583420072
16 |J. Cillessen Netherlands 0.856265028773428
17 |s. Romero Argentina 0.854190859014894
18 |A. Lopes Portugal 0.851624479901499
19 |Kepa Spain 0.850749281904455
20 |s. Ruffier France 0.849047729799482
21 |M. ter Stegen Germany 0.847547588754877
T P. Gulacsi Hungary 0.843870876775031
23 |Y. Sommer Switzerland 0.842908851168139 >
2_4 S. Sirigu TItaly 0.837950177094316
25 |Adan Spain 0.83733394531309
26 |M. Ryan Australia 0.835842156630129
27 |Sergio Asenjo Spain 0.835608704126328
28 |G. Donnarumma Italy 0.832724353541428
29 A. Onana Cameroon 0.831862366263634
? M. Perin Italy 0.831681990128982




Paradigm: Move

the Algorithm, Not the Data

SDI (SOL Data Insights)* in a Nutshell

Q20

Org 4 hours from idea to production

Stepl: Select view to enable Al

Step2: Enable view for Al |
Triggers model creation ("training") No data sc
Comparable to index creation Models sto

Step3: Fire semantic queries
Al SIMILARITY (find similar rows)

Al SEMANTIC C
Al ANALOGY (finc

USTER (similar rows compared to max 3 rows)

analogies between pairs of rows)

AIl_COMMONALI

Y (find uncommon rows)

entist

sts involvec
model (neural net)

_D
0 Frictionless Al

No data scientl
One size fits all

ramework necessary

ed and

maintained in catalog

No data litt and shift necessary
Analyze data where it lives

*IBM Db2's implementation of In-Database ML is called SOL Data Insights (SDI). Oracle calls it Oracle Machine Learning. 10



Db2 SOL Data Insights: Unsupervised Neural Network
Approach tor Natural Language Processing

| NAME INATIONALITY | OVERALL| POTENTIAL| WAGE_EUR| VALUE_EUR| AGE| HEIGHT_CM| WEIGHT_KG| ATTACKING_CROSSING|

M. Neuer  ((Germany> 88 88 155000 32000000 (33 193 92 15

Y. Sommer  Switzerland 84 84 37000 21000000 30 183 79 13
(] O

QP_O —> 0O

OO 4\

Fach field (column of a row in a Fach row of a view IS considered Generates semantic
view) is converted to a text token. as an unordered English-like representations of words using
Columns to be classified as sentence (bag-of-words) of text vectors (vector embedding).
numerical or categorical by user tokens. T

. o Semantic similarities between
betore training starts.

words measured using distance
between vectors.

la Mobiliére
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Swiss Mobiliar Use Case:
Success Prediction for
Vehicle Insurance Quotes

la Mobiliére

1

We compare 24
attributes for
similarity search.

2

We scan 15 million
rows of quote data.

/

We calculate their
average success
factor.

3

We sea
Most si

T

chthe 43

lar quotes

of the past.

13



ApPp —

Kundenbeziehung|bestehender Kunde -

Name vN [N

S C r e e n S h O 1: P-Nr _ Daten zu P-Nr holen | Neukunde Daten zu P-Nr holen I Kompetenz-rahmen g
Kompetenzrahmen o
G-Nr. Daten zu G-Nr holen I 1 <500
2 500<750
Score: 462
Kunden-Rendement 5058 Rendement des VN inkl. Partner im gleichen Haushalt
Geschiftsvolumen 4623 Total Jahrespramien aller NL Vertrage inkl. Partner im VertraQStendenz
gleichen Haushait
Anzahl Vertrage 5 Anzahl aktive Vertrage NL inkl. Partner im gleichen Haushait
Kunde seit 15.12.2021 Altestes VN seit Datum Anwendungsfeld
Deckungsfreier Zeitraum 0 Anzahl deckungsfreie Zeitraume (DfZ) Kompetenz Underwriter
N Einzelnes Grossschadenereignis mit grossem Einfluss auf
Grossschadenereignis O Rendement
Rendement Partnerbeziehungen 0 Rendement von Partner die nicht im gleichen Haushait leben
Schadenfrequenz Durchschnittliche Anzahl Schadenfalie pro Jahr
Anzahl Schaden Anzahl Schaden seit Vertragsbeginn
Schadenquote Schadenquote in %
Bei Abweichungen zum
Kompetenzrahmen
Art der Abweichung
Besprochen mit
Bemerkungen Eingabe loschen |

Offene Mfz-Halbfabrikate (max. 3)

I e ey P
1

o]l cocunen

2023.05-19 2994 61 14.00 10.00 T Abschiuss-Wahrscheinlichkedt berechnen > 53% Ersatzgeschaft
] 2023-05-17 2994 61 14.00 0.00 Abschiuss-Wahrscheinlichkedt berechnen |

1 2023-04-21 184439 14.00 0.00 Abschiuss-Wahrscheinlichkeit berechnen |

hasM7uschlag pra HE neagatwe Wade=7uschlan **saferm geniigend veralaichhare HF varhanden sind

hete Ra

la Mobiliére ~




Swiss Mobiliar
Use Case Based
on 24 Attributes

la Mobiliére

10 attr

with customer data

Year of birth, Gender
and Nationality ot
customer and of most
frequent driver,
Customer loyalty,
icence withdrawn > 3
month, Bonus/malus
rate

5 attr

with vehicle data

Year of putting into
circulation, Year of
ourchase,

_easing, Type of use,
ISt price, Accessories

O attr

with offer data

Individual and Product
Management (PM)
discounts (%),
Premium, Deductibles
for Collision, Theft,
Glass breakage,
Liability, Parking
damage and Young
drivers

15



KPI ot
Success
Prediction
Use Case

la Mobiliére

Is the model useful
as such?

All models are wrong
@. but some are useful
¥

Calculate accuracy *
and other model KPI

90+%

*True Positive (TP):
Prediction >= 50% and quote converted
True Negative (TN):
Prediction < 50% and quote not converted
Accuracy = (TP+TN) / all

Do we have enough

‘esources for training?

Must fit Into scheduled
resource planning

2 Omin 1M keys

Is the scoring process
fast enough?

Scoring time must be
below 3sec

< 286(3 dividing?

2: Data partitioning into pieces of 2 Mio
unique keys / view

16
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Move the Algorithm, Not the Data
Sweet Spots tor In-Database ML to Identity Use Cases

DO NOT
-
<
- DUPLICATE
Analyze data even iT it's not yet committed. Avoid Data Litt and Shirt:
Insert missing values, identify outliers. * Why should I encrypt my data in a database

and monitor each individual access when
there are several more copies out there?

« Idonotwantto lose control of my data, e.g. it
a customer requests the deletion of their data
or If the law requires the deletion of old data.

la Mobiliére 18

Whenever the value of data over time decreases
significantly, ML on data where It lives becomes important.




Swiss Mobiliar In-Database ML Roadmap

Dec 2022 to
Spring 2023

From PoC to production
with AI_SIMILARITY()

for vehicle offers

la Mobiliére

Fall 2023

Al SIMILARITY() for
other products

Spring 2024 Summer 2024
Al SIMILARITY() for Outlier Detection
other use cases. (AI_COMMONALITY)

Predict household
Inventory sum based
on location (zip code),
YOB, no of rooms

19
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How much does each attribute contribute?

4 Summary




Explain the Model (2 | 2):

How much does each attribute contribute?

Instance-Level Explanations for Player's Value: M.Neuer

33500000 34000000 34500000

WAGE_EUR: 155000
WEIGHT_KG: 92

MOVEMENT BALANCE: 35
MOVEMENT _AGILITY: 51
MENTALITY_PENALTIES: 47
HEIGHT_CM: 193
POWER_STRENGTH: 80
MOVEMENT_SPRINT_SPEED: 60
MOVEMENT ACCELERATION: 54
MENTALITY_COMPOSURE: 70
AGE: 33

SKILL_LONG_PASSING: 59

la Mobiliére

350000

nN

)

SENNO00

35274999

750000

1250\

D0

725000

725000

725000

725000

725000

600000

600000

600000

600000

600000

36000000 36500000

How to read:

'If we add the attribute
WAGE EUR to the model,
the predicted value increases by

$750,000 ."

"It we add weight_kg to the model,

the predicted value decreases by
$725,000."

SELECT

AI FIFA PREDICT('M. Neuer')
as VALUE EUR

FROM SYSIBM.SYSDUMMY1

21



Explain the Model (2 | 2):
How much does each attribute contribute?

Instance-Level Explanations for Player's Value: Y. Sommer How to read:
WAGE_EUR: 37000 "If we add the attribute
OVERALL: 84 WAGE_EUR to the model,
WEIGHT KG: 79 the predicted value decreases by
MENTALITY_VISION: 58 1000000 $2,725,000 ."
ATTACKING_SHORT_PASSING: 40 950000 'If we add weight_kg to the model
POWER_STAMINA. 45 the predicted value increases by
POTENTIAL: 84 650000 $1,090,000 ."
MENTALITY_AGGRESSION: 38 650000
MOVEMENT_ACCELERATION: 48 500000
MOVEMENT_BALANCE: 58 525000
AGE: 30 390001
MOVEMENT_REACTIONS: 81 35000

la Mobiliére
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< 2sec
4 hI'S response time

iIdeation to production

15 .. 00% +

success rate

data records processed

die Mobiliar



Personal

die Mobiliar




Q&A

la Mobiliere

Thomas Baumann
Swiss Mobiliar

thomas.baumann@mobi.ch

26



Disclaimer

This document is distributed “as is” without any warranty, either express or implied. In no event shall Swiss Mobiliar be liable for any damage arising from
the use of this information, including but not limited to, loss of data, business interruption, loss of profit or loss of opportunity.

Examples are presented as illustrations of how Swiss Mobiliar has used database products and the results they may have achieved. Actual performance, cost,
savings or other results in other operating environments may vary.

la Mobiliere
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