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1004ER]

POFa7)—Ild. TORHLIOEBERHERCEOPOHEICED
., AR - FERFICHEITHIEEDHRICIMYBATET:

1654 fEZR:E (Blaise Pascal)

1662 4 an3 (John Graunt)

1671 REBFEE DM (Johan de Witt)
1693  #EHICE D& @& (Edmond Halley)

1762 Equitable Life Assurance Society 1756 BB REDEREREEE(ES (James Dodson) I
HE VTS & 6 & “the basic ingredients for constructing scientifically sound whole-life
(*@ﬁ*ﬂé)ﬁéﬁ;&‘&&"g%(gﬁ*ﬁg M ) insurance had by then become avallagle and were only waiting for a
actuaryJOi) g HT ward howe Mores creative mathematical imagination to put them together.” (Robert B.
1775 HEDEKRTHDERMDactuary (William Morgan) Mitchell, 1974)
[19cR1¥ B<DEBRME DRI ERifE () |
1848~ TFHOFa 7 )—HADKIL “Companies sprang up like gnats on a summer's evening, and
1848 Institute of Actuaries () disappeared as suddenly.” (Cornelius Walford, 1857)

1895 Comité Permanent des Congrés d’ Actuaires

(BERE70F17)—2(1AADHTH)

1899 HATZHIFaT7)—=(AJ) 1903  fEBRIEER (Filip Lundberg)
1911 Wisconsin | 57 SE#1EE (K)
1914 Casualty Actuarialian and Statisticail Society (k) (1920 ETIZ43D M TRBED EEHIELT)
(Casualty Actuarial Society (CAS) DREIS) 1939~ 55— KR KE

“Perhaps the most important contribution of operations research to
1957 ASTINBIZ% (Actuarial Studies in Non—Life Insurance)  the actuarial profession may lie in its redirecting the attention of

o e s actuaries to the possibility of studying scientifically various insurance
(HIAADZFfiT 27 32) problems outside the traditional actuarial field.” (G, D, Shellard,

1970 #EERBREHMNIAICAS 1957)
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FE|fRT7 9V F 17 ')—%E (AA: International Actuarial Association)
~FETVFaT7)—5EZ2ELTHENE (ERE73. £RE26)
-Iyrary

» Impact: Supranational Relationships

* Assure: Promotion of the Profession
» Advance: Development of Competence

SELEGH-OLDEH
- TEIIRE
- B I7OEX
- EBEEFEITOELR
- IAMAWNEDDHEBEHA |~74 VEVISNADER %
BA7 9 F a7 ')—%E (IAJ: Institute of Actuaries of Japan)
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*1 Withrich, M. V. (2023). Non—life insurance: mathematics & statistics.

Prof. Wiithrich Lecture Notes™

1 Introduction

6 Premium Calculation Principles

7 Tariffication with Regression

Models

8 Bayesian and Credibility Theory

9 Claims Reserving

2 Collective Risk Modeling

3 Individual Claim Size Modeling

4 Approximations for Compound

Distributions

5 Ruin Theory in Discrete Time

10 Solvency Considerations

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2319328
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HEHEELFEZOEE (EE7YFa71)—% GRIP (2007))

Tariff
Qualitative
Underwriting
Cost Plus

Distribution

Industrial

REGRENREFTIFIRFNERARBTHE=FEICLIYEE

Tariff = #&E K

T—RICLHRBLYHIRBLGHEIC, EENFHREEEMNFEROBL ZE
BELTEE

M FERICL HDRBRECREFORBLYICEDOSHE
ETIEDFEFEMGIDLHNEEHTLDOLH D

JRifi ZCost Plus&RIFRICHEE L2 AT, BBEDEBEILICHT HRICEZ
ZRELEBZREILI DL OMRZERE
BEBOREFYRIL- TSR - 3=y b, HEGHEREFDRET T,

(O EEEAEDE. REORFEDERZEME L. T7OEXEROD
ARL—S 3 0FERET)IL

- REPHIGIRE., EXRFEFICKYRATS 2HE - @VEGHEREIELE D

TG ER CTRELAERZZOFEFIEATE S LIFES AL (TariffE
TILDGERE)

—Qualitative UnderwritingE TIILZHEBA L GEFNIEGZE 5 G LMRIRTIE, 7—
FICKDRED YUHLREH

LT T, BN FRICLIIRREDRB[LYICERZHTS
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Bl: YFa—tyYMOBEBERIREET—5 D—&F

 @ERT—% &8T5
nol id 3222855 2650451 B 260962 cgroup A S I M B Total
poleff 200609 200601 200607 ‘earnexpo 66,695| 13,221 2,637 3,353 1,135] 87,041
d 200609 200608 200607 | 3,214 569 352 288 71 4494
. 2006/9/1 2006/1/1 2006/7/1 8,877,820| 1,652,027 1,224,745 784,852 202,623|12,742,067
dd 2007/9/1 2006/8/15 [2007/7/1 ] frequency 0.048 0.043 0.133 0.086 0.063 0.052
Yo 11 0.66666467 1 severity 2,762 2,903 3,479 2,725 2,854 2,835
2G4WB52K3|1HGCM726 |4T1SK12E9 claimcost 133 125 464 234 179 146
X 506 [SU563184 A — Adult, S - Senior Citizens
1 = 26 1101 | - Youthful with less than 3 years Experience
. 2 400 %%’J 1&#& M - Youthful with 3-6 years Experience
. :
1 2 1 ! B - Business
0d 0 24 0 N
14831 4789 16352 - 1~H Fﬁﬂo)*ﬂilu\b\ig (eamexpo)
d 0 D 333 15 274 o N s
: 1 1 i —~I9 RR—T ¥ Xearnexpo (FFBEED)
0 TAUNTON [STONEHAM [SPRINGFIELI
ek 7 L— LR
24 o 1) E
losspaidi 0 0 602 _ ‘\ § = 1]
lossreservel 0 0 0 EEE] 'L' 75 % é *E *7’:
osspaids _ 0 g : - FHEErequency= "2 L— AP+ BBERK
tount || 7 L—4 o [ - EEREseverity=RIREHREE-V L— LB
rcount =k 0 0 . . g
olm. id No 'lﬁili.,. 668861 « 7 L—L3X bclaim cost=RRE{EE - Z BT
ladate 2007/6/22 —_— o
{TotLoss 0 0 602 _:ET)l/1t0)200)77 I:I_a:
ClaimNum 0 0 1

c VL LBBEREREZENENETILE

http://instruction.bus.wisc.edu/jfrees/jfreesbooks/

PredictiveModelingVoll/predictive-modeling-

foundations/chapter-6.html

o IRIEEHEE (DY L—LORFN) ZETILE
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9 L—L#H#(ClaimNum)
9 L—LIGELOT—2H %L

— B 5 ER

ClaimNum

0 20000 50000

1000 2000 3000
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0

mean= 0.0419
var= 0.0434

cgroup=A

mean= 0.102
var=0.113

—/

1 2 3

cgroup=|

mean= 0.0559
var= 0.0544

——

1 2

cgroup=B

10000

0 4000
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0 1000

40000 80000

0

mean= 0.0393
var=0.0412

cgroup=S

inean= 0.0687
var=0.0707

—

1 2

cgroup=M

mean= 0.0449
var=0.0469

cgroup= Total

& (TotLoss)

Frequency

Frequency

Frequency

-EE>O0

—FEHEL

log TotLoss

2 skew= 3.87 5
kurt= 20.1 e
0 2 4 6 8 10
cgroup=A
S
3 skew= 3.06 3
2 kurt= 12.8 s
S i
0 2 4 6 8 10
cgroup=|
o skew=4.41 3
kurt=22.6 :
2 4 6 8 10
cgroup=B

60 100

0 10 20 30 40 20

100 200 300

0

2

skew= 4
kurt= 18.5

4 6 8

cgroup=S

skew= 3.1
kurt=10.9

2 4 6 8

cgroup=M

skew= 3.8
kurt= 18.9

2 4 6 8

cgroup= Total
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10
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-HRERDERICTYNS

—ERICE 2 TET 2 END LG CHERLTRE

LA L\57§.IHE

Minimum DOREHLEIVRR—O v ERESBLEEICHHIEHZFER
Bias L&TEEF%T%"Z)L@O L— — /L3R I‘%n-l'ﬁ

GLM BRAT—2 £ -IXEHNT—2ZHLGLMTETILIE

(S5 E R

Bonus-
Malus

Minimum Bias® % < DETILIIGLME L THRIRTE 5
KEEROHEEE CIIBEMLEER LG LTS

WRET DL () DBEDY L—LEREDEHNIIZ. SR

TE5EH (SHEERDY L—LERESE) 27 H
FRAMExZ+SRIEX1-2)

% ZBaileyh’ N4 etk U EHE

BREFREIC BEET%) E T, FRIHMCEBERS» T ERE

B3 IZETEMTEE (BuhlmannETFJL)

GLMM & L T4 IR AT BE

ZEICE > THEDEIESHMY IS LMEEEERICKD
53bDELTHBERKRTHA
WS ODMDFEREZNICIE LM RINES I RZED, AIFE
DY L—LBERFICKYLAFEDFRZTRE

AR < BRI x FagER % - - =)

Bailey (1963)

Brown (1988)
Mildenhall
(1999)

Mowbray (1914)
Bailey (1950)
BUhlmann
(1967)

Nelder and
Verrall (1997)

Pesonen (1962)
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REE2E, FRORKREXIICHR, ZIHISREHO—&
ERAIUTTHEDELHD

-FREET DEHROXILICHZ D  EEEHKS

~BRICHE L EBAOXILIHEZ S : ZiLfES

—RIC. ERREEHNLRIREZILET., HLEEOHHZERT S
~BHREN L RBREU~NODEROHEET

BB AHNERDREES (T TH LRSI ETET (MA~K+5)
iRE O
(2185244 0> 47 REH (ZiEEOFEMEER)

s (L BE  Fi
BHE %A@
FHC % | A | O®

HHRR (RER) CTEVWTXIFERE LTRAILTEHINERHE
- L@EEHE  BFRES L—L (EHB) (S2UV T, EFIFHE

—IBNRfE% (IBNR=Incurred But Not Reported) ... #t5tHIF ;%I & Y ZE{fh
- BERERMKEY L—L (FHC) (ncurred But Not Yet Reported)
« BBERE Y L—LIZDOWNT, FEREL ST ZEE (Incurred But Not Enough Reported)
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32 b (i S EE D B /Y
- FRERICHLT..—EHROMNRCHOIFRICE ITOIMEENDTEH
-BRBE/ITH LT ARBRAFOREL
~ZE - BEBERICHLT.. . HE5FRICEITHEEEDERE
—HEREEDEHIT..ZHN T EDPRZDIEE
-RETEDEOIC.. FHLZRES TO—EHARDOINZ DL

HMICK>TROGNLHBIETRT S
~RIFMLRELY v BRROLGVRES Y

- 2EMBEKEDNRBEL Y vs BAURNLOREL Y
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XIREFAMICRLET—5

Bl :

*

 ERT—4

RERRSHOEBERIROER T —5 O—&B

p.8DERT—4% LRHRDHH. LI L—LLAHSLI—FDH

£HT—4

BIEDH -0 L—LOEFRIEREXILZE+HEREE (incurred triangle)

B [EEHALOEBEH E—FE=0)

ERE 1 2 3 1 4 5 16 118109
1088 [( 125) 163] 160 205 231 221 225 228 230 243
1989 2611 342 3570 426 433 440, 441, 452
1990 | 204 \.198] 247 301, 305 304 304 319

1991 | 267 32| 649 548 562 552 570

1992 | 653 506 537 540, 535 533

1993 | 727 750\ 738 719/ 720

1004 | 468 436, \439 413

19951393 355 317 | 1988 EHKLEDEHIZDOLVT.
| ETIE 19884EER & TISERNH 1=

L—LALIZDWTOXIEE+ RiE%E

RERIEREXILEE (paid triangle)

B |IERHLLDEBEH (R—FE=0)

EE| 0 1 2 3 4 5 6 7 8 9
1988 | 80 117 110] 2071 215 2221 225/ 226 243
1989 | 85 ((104]) 268 321, 4131 425 440, 440] 441
1990 | 109 t397 \108: 262/ 298 302 302 310

1991 94. 190/ 440 523 546 546 558

1992 | 206 367 466\ 513 532 532

1993 | 294 509 629 \689 705

1994 | 164 290, 382 204

1995 | 140 254, 299 1989 F EHRENDEMHIZHT S
1996 | 152 236 1990 F E DX 158

1997 | 256

GitHub - kasaai/insurance:

fekm 5 TCDT (Claims
Development Triangle)] kS
ATOTILT—R]1 EEEIND

HHEHRZAVNSGCLEEHD

SMICE->TORBER

- FEMHLIOETITRTOIINT
T3 B EKRESLEL

- AVILDOEE

- SHORBEEIILEHFEOZE
- a%ﬁ%b%@iaw%ﬁ

- ZET0OEE (BEFEERES)

T T H |
Tidy datasets for actuarial science and insurance, schedule_p data 13


https://github.com/kasaai/insurance

X REEE QT IO—F

EXRBELE.RON-EXICTHVEHE
—REHDO—FE|E (Black, N. C. (1927)) . RE£D—TFENE. &
~EHEIBNREE X RIEEDEME (Tarbell (1934))
HETWREEL. T2 ICE OSSN EY EER HFETHST
—-BAERDESFTREDO NS K DIZ1E > =DIF20065F E LUEF
Chain ladder « CDTO#EAMR (BFEFEH) ITHMETLIEILDEDOLZEENOHETE (19504
fo~. XERIZ& > TIE 1004 Ll EFTA S FIAL )

HAIAERETILORLHEEME (Hachemeister and Stanard (1975))
FRIREDFE (Mack (1993) 74 &)

Bornhuetter- c COTHOREBEHFNDREEHITESZFHETL., AEEEL-EBEER XRIK
Ferguson #Z@F (Bornhuetter and Ferguson (1972))

« FHEREDEE (Mack (2008) % &)
GLM e Chainladder;ZZ 158 Z < DFEDFHFRIIGLMIZ & Y HFIEA (Renshaw and

Verrall (1998) % &)
IND A —BZEHIDTEEAT S & T, Chainladderix & Bornhuetter-
FergusoniZZ# R U ETILTRIEA (Verrall (2004))
—ZDMBLDFEENMREESINATULSD, ERIZHEDN TLVSFZEILChain
Ladderi% & Bornhuetter-Fergusonii. £ Mt & Y BHIGFENFTEALE
GLMZFALTWS=#ELETIEFRE (ASTIN (2016))
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GEHMEEODTH, GLMIZLBEMEYA D (BICHEEFECH
L\T) ALV hTZET-
— 8T (FB#HofmikE. Y208, Aoty R, L)

S

—~EHOHRAETHOEYZZER Y KLY

—_zfi'li*c BREFRBOME

—RBAD LT & i B B2

—Eiﬁo)%:—if ( I\/Iinimum-BiaS}f?Q? E) &@%ﬁ.*”'li‘t é @1 claim cost Tij nqy

—~EBRETOTERX FPFNDPT VY —ILDFHE i o, exposuren;; n,

i n, n,

f-& ZIEHEHEICE T y = by or i+ Fy

_Minimum-Biasi% %, BEATOREEBENTIZ. zj"if“”if ~7y) =0
FZULEEENE-ITARESEE (WEHEEE) ZTED. z () —
— . . n’l](rl] rl]) O
_huxm-98xKH5FE i

—Minimum-BiasiZ EGLM E DR IZ5R LBEEAH DA Z E. GLMZHWAS Z &
TETILODEEM - LEEBRZIT O FEOCFD=HDY—ILAFIBETESZ L.
HEDERAMNS LS ZIT AN OGNS L DIZTEoT=
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HMEBHEOZIFEITME, WIThIFEROFRICET HHE
~HEREE  FROBRRENICEVTRET ERICL IXIERED T
- RIMBERIE : BECHE LEERICLIXLERSOTH

FHAREZERT 556, FEZGLMICRET HBEFE L
— Bl ZILCAS CREERT YV F2171)—=) DPredictive Modeling for

Actuaries Book Projectm”2014~2015%F [Z/ERL L T=&2EDTF X L TIXL.
UTDFEDREADICANTHON TS

« GLM, GLMM, NLMM, GAM

* Ridge, LASSO, Elastic Net

 CART, Random Forests, Neural Networks, Bagging

» k-means, fuzzy clustering, hierarchical clustering, PRIDIT

—2016FEIZHETESINT-CASOTFR +TIX, ERIZZOVFa7)—LFEAL
TWW5F%K L LT, CARTHNeural Networks#: EZ#ZIFTLVS

—2017FICHET SNzIAA (EE7 V0 Fa7)—=) OBEVT/NRTEH,
ERATICH-YBBEL I OOWTERZORAZRODELSIZH-TLVS

—p.5 T 7=Prof. Withrich® Lecture notes Tl& [7.Tariffication and

Regression Models] TNeural network regression models## > Tl %
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FRBENATRTHN?
H-nIEENELSHD TG
_FREEMICET B IER

_BhE, BEBRLE, 2t BERE~DHH
_ESVLHEEOES. HELOFR

-t AL E o

_RIREZORELRE. AEOFEOEE

T7OFa7)—HERRELY
BEEARKROINZEILDFERNMFEDEZNERICLSBDTHASZ EMNFIAL =,
CDEHIHHBRIZ, NEXHEZXZERTEIT S5-OICEMERETPREREZITOLTHE
EIRNZTHFHEICIOWVWT, BFHHERKROFOUEHMKRIFORSELBEZA. 77
FaF7!)—ELTOMRRZRRZIZ LY, 20184 E 18R 1 FIZE3 (2)
—BREECLED) RV ERERICRBLI-ETILAEoNT=ELT

s NDRUVBREZEEICRBLERERZEAT 52 &IE)IL—)L EATEED
HENWITREDELILTWNWENEFSI 2T N &EIFIL—IL ERTRED

s INXEBEADHKRDER., BEtIEED LS B ITRNZE DA 5D

- HOABEEDRIEHMNEMIOOBA L LE--1EE. COLOILBRERBEITIZITAN OGNS D
ZITANONGEWNGEE., BREDO FSA4/N\—HE2TLEHLLZLD

s RIEHZETET H-ODERIIRENZEET ARFETICAFTEZSHIN,

C RBRHEERT 3LOOBRLENIC, FLHRBELHASFIAZLON .




BRFEFEORRTIF21T7)—RBE~DIEH

FOFLT7Y—DEBISHNT, BIBBEEBOFEEZEEDLS
[TEALS 500, SETFLEHAMNITONTINS

— Blier-Wong et al. (2021)DH—_RA 2k 5. EIBFEEFEZZRAV-EERIEZDOH =R
HE - XIESFTHMICRET H5mXE

- 10
8 8
7 7 8 ,

6 6 e &
5 55 =
9
4 4 £
3 3 3 5

2 2 .

1 1 1
\ 00 0 \ \ \ \ 0
2000-2014 2015 2016 2017 2018 2019 2020 (aug)
| Oooverviewl D PricingD 0 Reserving
Figure 1. Number of publications per year.
9 - 10
8

7 8 '
6 6 £
[
g
3 3 3

2 2 .,

1 1 1
| | | | | 0
Neural networks CART Boosting GAM/GAMLSS Unsupervised SVM
‘ 0 OPricin gD 0 Reservin, g

Figure 3. Number of publications by model.
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BRFETFEORERTVF2T)—RB DA (2)

—p.18DT T T DmXD > LERLAED LD
* Dugas et al. (2003). Statistical Learning Algorithms Applied to Automobile Insurance
Ratemaking

-BE7O2FaT!)— SMSCEE ASTIN Bulletinl“$i8&F s -5/ 5(0)15'1

l

1 Addressing imbalanced insurance data through zero- 2021 HMHERHEFE Delta
inflated Poisson regression with boosting boosting
Cost-sensitive multi-class adaboost for understanding 2021 HFEREF Adaboost
driving behavior based on telematics
Improving automobile insurance claims frequency 2022 #EHEHF Neural
prediction with telematics car driving data networks
Discrimination-free insurance pricing 2022 FEHEZF Neural
networks
Geographic ratemaking with spatial embeddings 2022 #EHEHF Neural
networks
The use of autoencoders for training neural networks 2023 #EHEHF Neural
with mixed categorical and numerical features networks
A tree-based algorithm adapted to microlevel reserving 2019 X 3#L{g€ CART
and long development claims 2T {dh
A neural network boosted double overdispersed 2020 T iLfis¥ Neural
Poisson claims reserving model 2F{dh networks



BRFETFEORERTVF2T)—KBE DA (3)

RROMEBFIETHEBRHE CFASATEY ., SRFFTS
ICFIREIEKT 5 RAH

ZEFRC (7 Fa7)—%FBIETLHREH - BEBEER) I2&£51048DT7 IV FaT7)—~D7 2r— rEF (FRC (2023))
OBFPF—LDEFRICAIOMLEEDEEFIALTULSD  OQAIOMLIFHEBHRNOLUTOERFIZE

50 Mean 2.5 @*EDEFE_*IJFH _é;h'—CL\%)h\ ({é{%)
45 Use of Al/ML — .-
g 40 1 (not at all) - pricing
£ 35 2 L
§ o Mean 1.8 - i | , risk and
g 25 B 5 (extensively) = outwards reinsurance
5 20 — Mean 1.1 estimating reserves
2 15 —— —— Mean 2.7 for financial accounts
> 10— Mean 1.8 ] — - .
< . regulatory compliance
0 T and capital modelling
Finance General Life Pensions Other 1 < 3
& Investments Insurance Insurance
ORET A#MiEX. SESELAICAIPMLER—X E L OBEKROBEFHICEITSEMAKML
RIFFMESTOFAZEDEEECT FTEL 1| FA 151
50 Mean 3.8 Use of Al/ML —
45 Not d — > | \
i Notmerd L > UROBHEONM
Z 35 2 -
% 30 _ Mean36_ — - > EmEDMIEEDED L
o 25 — Il 5 (extensively) — o o
o 20 T—— >HIGEERDORN U FI—I FBED
E 15 Mean 3.4 _QE
32 10—Mean 4.0 —— ——— -

5__
0

Finance General Life Pensions Other
& Investments Insurance Insurance
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ASTINER EMRE & (&
—BERTIF1TY—ROHELDVED
B EICEERRBEOTIF AT —FOWHE
— A N— : 384 (2024F18BFR)

26, BREUFHREICA. ERZHUFRESAR. KFHE6HA
CERA15%

—ASTIN=_Actuarial STudies In Non-life insurance
ASTINIEZ., IAADZEMIEI a3 DVED

FLRFBRE
—ASTIN Bulletinig & i/ XD HZE
-FRETTDHE
—IAA ASTIN & D EHE
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ASTINBS:ERER S D HERI(2)ASTIN BulletiniS BB SX DT

ASTIN Bulletinld. IAADRE

BIEEIZ T INT=ASTIN Bulletin{B &/ 3 &=
—AbstractZ&1ER LIAJS & [\ (IR
—BADDHABXEEVEETEREY AR

S CE NS IE B
2021FEE » Za—FJIRxYNIT—DIZ&KYT—RTFo 2T L2008 ERT7TY UX
IMEEETIL
> FHAELMIEDLCIEBORER) R EREBIEFTHEOHI/NNF—

2022FFE » SUATESATUTNICE TR BERIKFEEEZETIVIET B=0DH
< BB 1) EFE

> ERlEHRMAEEREBIVICEZRSEE
RETRETILOERERM Y L—L)H—E T ~DEA
2023FE > RTEEDETVUITEFADEHDY ) —R—XADEWESFi%
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