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INTRODUCTION

Global

] e So much research, innovation, variety,
Reserving suggestions and demand to change

Landscape

o e Clear problems with traditional methods,
Uncertainties but we face difficulty implementing more
and problems robust solutions

How do we . .
e Still heavily relying on

traditional methods

navigate this
in SA market?




Global Reserving Landscape

Factors influencing reserving processes

Increased need to adapt to change, uncertainty and emerging trends

Increased reporting frequency and level of sophistication required

Competitive push to respond to technological advances, e.g. GenAl

SaaS products becoming available for Actuaries

Actuaries delving into data science and ML, challenging traditional modelling mindsets

Management and governance require proactivity and not reactivity




Global Reserving Landscape

Responding to inflation in the UK general insurance market

Claims inflation — technical challenge and decision-making uncertainty

Claims inflation impacts all general insurers — but not in the same way

The PRA has identified a range of areas across modelling, capital management and governance that require further consideration by
firms

It is critical to carefully challenge assumptions about the impact of claims inflation on reserving, capital, risk modelling, pricing and
business planning — both for existing and future exposures

The first step is identifying the drivers of claims inflation for an individual firm, which will be different from the headline inflation rate

and vary by geography and product line
Firms cannot necessarily rely on historical data and should assess existing modelling techniques to determine if they can still be relied

on
There needs to be a holistic view of inflation, bringing together claims, reserving, capital modelling and underwriting/pricing functions as

well as feeding into the business planning cycle

https://kpmg.com/xx/en/home/insights/2023/07/re-thinking-the-impact-of-claims-inflation.htmi



Global Reserving Landscape

Reserving practices continue to change
Influenced by

.. technology

.. big data

.. regulatory requirements

Need to understand uncertainty in models

Time and opportunity to broaden our roles and evolve
reserving techniques

Guess the year

2016

Reserving practices are expected to continue to change,
as the influences of technology, big data and regulatory
requirements continue to evolve. Actuaries can have
significant role, although it requires collaboration with
other professions and being aware of technology and
new techniques. Technology developments should be
embraced but core actuarial skills and insight are a key
actuarial strength.

There remains a need to understand the unceriainty in
models, be able to provide insights, and design of data
and models. There is likely to be opportunities for actua-
ries to focus more on the application of expert judgement
than mechanics and potentially work with more diverse
teams. Actuaries, with professional and ongoing training
are well placed to be key advisers to the many stake-
holders.

The view across our global professional is these repre-
sent exciting times for our profession, the opportunity to
broaden our roles, and continue to evolve the reserving
techniques and support to our industry.




Global Reserving Landscape

Em Global results
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Reserving in the South African Landscape

Standard claims: triangle-based technologies 2016

Percentage 10% 0% 5% 86%
Loss ratio 5% 24% 14% 57%
Chain ladder 74% 0% 17% 9%
Bornhuetter-Ferguson 32% 23% 18% 27%
Cape Cod 9% 5% 0% 86%
Average cost 14% 5% 29% 52%
De Vylder 0% 0% 0% 100%
Fisher-Lange 0% 0% 0% 100%
GLM 0% 0% 0% 100%
Munich Chain Ladder 0% 0% 0% 100%




Reserving in the South African Landscape

Adjustments / misc.

Past inflation INot treated 86% |Year per year 14% |Other modalities 0%
Future inflation Not treated 87% |Flat assumption 13% |Other modalities 0%
Discounting Not treated 57% |Dvt patterns-based 26% |Other modalities 17%
Discount type Yield curve 75% |Flat rate 25% |Other modalities 0%
Development patterns Chain ladder/paid 91% |Other 5%  |Other modalities 5%
Diversification effect Not calculated 96% |Correlation matrix 4%  |Other modalities 0%
Large claims Treated separately 48% |Treated jointly 43% |Other modalities 9%
S ee e 8 e - P rojection of net triangles 43% |N/A 26% |Other modalities 30%
S ubrogations Projection of net triangles 48% |Not calculated 17% |Other modalities 35%
Ibnr contract allocation Not allocated 65% |Individual claims reserving 17% |Other modalities 17%
Equalization resernve (Iocal) | [\ loX:=Te BN =1V 83% |Calculated 17% |Other modalities 0%
Risk Margin Projected 64% |Percentage 18% |Other modalities 18%
Ibnyr and Ibner diff.? No 83% |Yes 17% |Other modalities 0%




Reserving in the South African Landscape

Key developments

Covid 19 7 . Adverse weather
conditions

y a ) TT——J High inflation, rise in
AN KZN Riots R interest rates and volatile
markets

| Loadshedding

b

SouTH AFRICAN Reserve Bank
Prudential Authority

https://www.resbank.co.za/content/dam/sarb/publications/prudential-authority/pa-insurance/special-reports/2023/Non%20-
%20Life%20Industry%20Experience%202023%20ASSA%20Sessional%20November%202023.pdf



Reserving in the South African Landscape

Key Financial Indicators — Premium and Claims by Line of Business

® Terrorism

m Transport

m Trade Credit

M Agriculture

B Guarantee

m Miscellaneous
Engineering
Accident and

Health
W Liability

M Property

m Motor

db

Soutw Armican Rasoevr Sanx
Prudential Authority

https://www.resbank.co.za/content/dam/sarb/publications/prudential-authority/pa-insurers/insurance-sector-data/special-reports/2022/Non%20-
%20Life%20Industry%20Experience%202022.pdf



Addressing practical constraints



Addressing Practical Constraints

Improving level of information in data

Alternatives to bordereaux
Aggregated / monthly claim positions vs transactional claims data
Increase frequency of preparing claims datasets — ideally available on demand

Add data points — finalised dates, activity periods

a > w0 b e

Expand triangles available in reserving process
— case estimates, closed numbers, open numbers, reported numbers, active numbers

6. Need to set goals (roadmap)



Expanding your reserving toolkit -

— a few practical ways



Projected Case Estimate Method
Method Description

The Projected Case Estimate (PCE) method calculates the development of case estimates and payments
on these case estimates, producing lower triangles of both payments and case estimates.

Selections required for each development period:

« Paid to Outstanding (PO) factors oo P;.
iz =
« Case Estimate Development (CED) factors CEie-1
Pi: + CEj;




Projected Case Estimate Method

Assumptions

The PCE method assumes consistency over time for:
« The approach to case estimation

« The claims reporting patterns

« The payment patterns

* The mix of claims

 Inflation and currency trends

If the approach to case estimation has not been consistent over time, any changes need to be allowed for,
e.g. by segmenting the triangle or on-levelling the data.



Projected Case Estimate Method

Method Description

Suitable:

 older origin periods for which case estimates are more accurate (or at least stable)

Less suitable:
* recent origin periods
« portfolios with a high proportion of IBNR claims

» volatile case estimates



Projected Case Estimate Method

Calculations

1. Calculate PO;; and CED;,
(Paid to outstanding factor and case estimate development factor)

2. Make selections for PO; and CED;

3. Project future P;, and CEj;;
(Incremental payments and closing case estimate position)

P; .
PO;, =
CEj¢-1
Pi. + CE;;
CED"’r = CE 1
1,0—

Pi.t = CEM-_]_ X POt

CE["t - CEi.r_l X (CEDt o POt)



Projected Case Estimate Method

Paid to Case Estimate Ratios
Calculate PO;, and make selections for PO,

Data_PaidToCaseRatios (9\ Q G ™ B3 Data_PaidToCaseRatios Chart @ Q [:] = m B
1 2 3 4 5 6 7
20184 .281 0.766 0.540 0.220 0433 0.365 0477 5
20191 2280 0233 0.529 0470 0.401 0.221 0.247 —
20192 2182 0.667 0.485 0329 0415 0.462 0.275 2
20183 2390 0.901 0.506 0.358 0412 0.307 0.039
20194 2384 0.796 0520 0473 0.356 0174 0.374:
20201 2.085 0.232 0533 0.449 0217 0.346 0.125 K
20202 2402 0.644 0.503 0356 0.422 0.3%0
202032 2238 0.661 0474 0.436 0.187 o 4
20204 2593 0.785 0.600 0.368 0+ g //
2021.1 2.236 0.775 0.504
20212 2424 0.704 4 ’
20213 1.946 0 3 6 9 12 15 18
CalculatePaidToOutstandingRatios Insert Functions Parameters Operators (‘D\ Q D B8 ; FormulaePaidToOutstandingRatios Insert Functions Parameters Operators Q Q D B
(fastd) | (last7) | (lasti0) | (all)
Calculated Paid to Outstanding Ratio Q @\ |:_| ™ B Calculated Paid to Outstanding Ratio @ Q C] = m B
5 16 17 18 19 20 a
Calculated_PaidToCase(lastd) 0.000 0.007 0.297 0.088 0.000 1.000
Calculated_PaidToCase{last7) 0.000 0.007 0.297 0.028 0.000 1.000
Calculated_PaidToCase(last10) 0.000 0.007 0.297 0.088 0.000 1.C00
Calculated_PaidToCase(all) 0.000 0.007 0.297 0.088 0.000 1.000
Override_PaidTolazes
Selected_PaidTolas= 0.000 0.007 0.297 0.088 0.000 1.000 ?“A\
\ /



Projected Case Estimate Method

Case Estimate Development Factors
Calculate CED; .and make selections for CED;

Data_CEDFactors QaQldm 3 Data_CEDFactors Chart @aildE o B8
1 2 3 4 5 6 7
20171 2121 1177 0.925 1.042 1.08z 1241 0.944 0
2017.2 2587 121 1.043 1.194 1.008 0.996 1.187 3
20173 .269 1.140 1.201 1.052 1.020 1.053 1.020
20174 2443 1.180 1073 1.165 1071 1312 1.019
20181 2633 1221 1.088 1132 1.054 1318 1.020%
20182 2921 1182 1168 1.106 1142 1.102 0.977 2
20183 2.684 11832 1172 1.054 1175 1.202 1.049
20134 2975 1322 1.083 1128 1.040 1.152 0.967
2019.1 2962 1342 1203 1169 1192 1104 oge4 | T~ -
20192 2957 1238 1.142 1.056 1.110 1402 1.092
20193 3.118 1363 17 04972 1.035 1174 1400 $ >
20194 3.142 1351 1.079 1177 1.037 1.164 1.098 0 3 6 9 12 15 18
CalculateCaseDevelopmentRatios Insert Functions Parameters Operators Q a [.:] B FormulaeCaseDevelopmentRatios Insert Functions Parameters Operators ®\ Q D B
(fastd) | (last7) | (lasti0) | (all)
Case Estimates Developments Selection @ Q [:] M 5 Case Estimates Developments Selection Q Q C] = rm B
15 16 17 12 19 20
Calculated_CED(iastd) 0992 1.000 0.979 0972 1.000 1600 3 *
Calculated_CED({last7) 0.8%2 1.000 0.979 0872 1.000 1.000
Calculated_CED{last10) 0992 1.000 0979 0973 1.000 1.000
Calculated_CED(all) 0.993 1.000 0879 0973 1.000 1.000
Override_CEDRate i2
Selected_CEDRate 0.999 1.000 0479 0973 1.000 1.000 \




Projected Case Estimate Method

Projected Case Estimates

Data_CEs and Projected_CEsMovements @)\ Q D m (5 Data_CEs and Projected_CEsMovements Chart (9\ Q D = rm B
1 2 3 4 5 6 7

20121 1,799,724 -571.434 -663,688 -218,074 -104332 -43,929 -22842 | >000000 _: ]

20192 1,669,883 -376,153 -554,964 -248,706 -134,140 -108,521 -13,200 i i

20193 1,629,651 -442,873 -638,702 -213,557 -128714 -77,548 -17.086

2019.4 1,788,366 -432,089 -603,135 -332.770 -124716 -04377 -2,021

2020.1 1,701.421 -206,326 -783,286 -330,991 -96,493 -61,510 -21.870

20202 1720624 341,792 -537,008 -352811 -153,686 -153,97 52479

20203 1,697,540 -275479 -615458 -330,912 -190,645 -0,404 -31573 0B = ] (] 0 ) 9 L] ¢ 8 8 0 8 a 8 g o o e

20204 1,609,700 217,224 -786,743 -363,698 -48,198 -51,953 -16.257 ¢ v

20211 1,711,820 -369,593 -770,228 -277.839 87,485 -55,367 -17.326 :‘ ! i

20212 1,700.401 -298,790 -610,424 -348,257 -134.436 -85,080 -26,624

20213 1,831,702 -739,073 -530,642 -244,607 94424 -59,758 -18,700 3 4

20214 2028378 -439.400 -771.696 -355,724 -137.318 -86.904 -27,194 0 5 10 15 20
Data_CEs and Projected_CEs @)\ G)\ |:j ™ B Data_CEs and Projected_CEs Chart (—Q Q D = [

1 2 3 4 5 6 7

2019.1 1,790.724 1228240 564,542 346,467 242,136 193,207 170585 | 5000000 ;

20192 1,669,833 1203729 738,765 490,059 355,919 247398 234198 B

20193 1,629,651 1,186,778 548,076 334519 205,806 128,258 111,171 s

20194 1,788,366 1,356,777 753,642 420,872 296,157 201,780 199,758

20201 1,701,421 1,494,595 711.310 380319 283,821 222311 2004418 1000000

20202 1,720,624 1,387,831 850,733 497,922 344236 190,266 127,781 -

20203 1,697,540 1,422,060 206,603 475,691 285,045 275,551 243978

20204 1,609,700 392476 605,733 242,035 193837 141,884 125,627 ]

20211 1,711,820 1342227 571998 294059 206,573 151,207 133.86¥ 0 :f

20212 1,700,401 1,410,611 800,127 451,870 317,434 232354 205,739

20213 1,831,702 1,092,629 561,928 317.381 222957 163,199 144409 $ 2

20214 2028378 1588078 817.282 451,558 324240 237.335 z1o,14i 0 5 10 15 20




Projected Case Estimate Method

Projected Payments

Data_Paid and Projected_Paid

20121
2019.2
20193
20194
2020:1
20202
20203
20204
2021.1
2021.2
20213
20214

1

3.470,73

3,033,957
3,005428
303534
3,053,923
3113371
3404225
3,087.078
2777.210
3221341
3.364,688
3,856,052

2

4103324
3643497
3504393
4264320
3,565,049
4,155,040
3,799,185
4,174,621
3913393
4,246,604
3,564,061
4657.362

Data_Paid and Projected_PaidCumulative

20191
20192
20193
20194
2020.1
2020.2
20203
20204
20211
20212
20213
20214

1

3470736
3,033,957
3005428
3,035,341
3053923
311337N
3,404225
3,087,078
2777.210
3,221.841
3364623
3,856,052

)
<

7,574,060
6677454
6,990,321
7300222
6618972
7.268412
7.203410
7,261,689
6,690,603
7468445
6,923,749
8513915

w

1.084100
862674
1,069.378
1,079,617
1243439
893,362
939,673
1,003 322
1,040,611
993,081
832,630
1,210.369

8,658,160
7,540,128
8,059,699
83793328
7.862410
8,161,774
8143082
8355021
7,731,214
8,461,526
7761379
9724734

332767
359,066
277498
392,186
378439
427,725
382,507
363,585
288,405
418.251
203769
427219

8,990,926
7,899,184
8337193
8772025
8,241,849
8580499
8,525,580
8718606
2019619
8879777
8055142
10,152,003

162,947
161,380
119,304
199,129
170.832
177191
231,062

89,134
117.041
179.353
126324
183709

9153873
8060574
8,457,002
8971154
2412682
8,766,691
8,756,652
8,807,740
8,136,661
9,059,631
£181472
10335712

@ G)\ D m 5 Data_Paid and Projected_Paid Chart

105,287
61,538
145363
53421
68,039
72,509
111,422
78,280
11381

Qe B8

9,250,871
8208133
85418438
9,076,440
8474220
8912059
8810073
8875779
2200170
9,171,053
8259732
10,449,523

42604
114215 4000000
39370
35049
76,865

74192 2000000

85,085
211
46,650 6 : . 3
71748

50303

73285 0 5

° oo o

Data_Paid and Projected_PaidCumulative Chart

9,203,565

10

]

15

@ Q]

o —

7 —
oo

o 5

8322349 10000000
2581212

9111439

8,551,085 ;

2086251

8895158 5000000
2,919,500

8,255,860

,242799

8310,124
10,522,308 0 5

4

10

15

20



Munich Chain Ladder Method

Method Description

“A reserving method that reduces the gap between IBNR projections based on paid losses and IBNR
projections based on incurred losses.”

- Gerhard Quarg and Thomas Mack



Munich Chain Ladder Method

Incurred and Paid Claims Development

7000
6000
a"’
5000
2
/ ————-_--_--
Cd —‘-
4000 P o ™
3000
ﬁ—-__-_-___::::——ﬁh'
2000 e ————EE
1000
0
1 2 3 4 5 6 7
= = Paidl e = Paid2 e == P3id3 = == P3id4 == = P3id5 Paid6

e NCUrred]l —e——ncurred? —e——ncurred3 e ncurred4 — e |ncurred5S Incurred6



Munich Chain Ladder Method

Calculations

« Development factors — incurred and paid

» Paid to incurred and incurred to paid ratios
* Residuals for all of the above

» Relationship between residuals (lambda)

Using these residuals and the relationship between them, the method iteratively calculates future claim
development factors to arrive at a lower triangle of paid and incurred claims.



Munich Chain Ladder Method

Example

Taken from the original MCL paper by Quarg and Mack (2008). Further details on the method can be found in
this paper.

Paid Losses Incurred Losses
Year 1 2 3 4 5 6 7 Year 1 2 3 4 5 6 7

1| 576 1804 1870 2024 2074 2102 2131 1| 978 2104 2134 2144 2174 2182 2174
2| 866 1948 2162 2232 2284 2348 2| 1844 2552 2466 2480 2508 2454

3| 1412 3758 4252 4416 4494 3| 2904 4354 4698 4600 4644

4| 2286 5292 5724 5850 4| 3502 5958 6070 6142

5| 1868 3778 4648 5| 2812 4882 4852

6| 1442 4010 6| 2642 4406

7| 2044 7| 5022




Munich Chain Ladder Method

Example

Paid Development Factors Incurred Development Factors

Year 1 2 3 4 5 6 Year 1 2 3 4 5 6
1} 313 1092 1027 1.025 1.014 1.014 i 2151 1014 100 1014 100 1.00
2( 225 111 1.032 1023 1.028 2( 1384 05966 1.006 1.011 0578
S 266 1.131 1035 1.018 3 150 1079 0878 101
4( 231 1.082 1.022 4( 170 1015 1.012
5 202 123 5( 1.736 0.5994
6 278 6| 1.668

Incurred to Paid Ratio Paid to Incurred Ratio

Year 1 2 3 4 5 6 7 Year 1 2 3 4 5 6 7
1l 170 1.166 1083 1055 1.048 1038 1.02 1 0.589 0.857 0523 05944 05954 05983 098
2 213 131 1141 1111 110 1045 2 047 0.763 0.B877 0.9 0511 0857
S 206 1158 110 1.042 1.033 3 0.486 0863 0905 096 0968
4( 153 1126 106 1.05 4( 0653 0.888 0243 05952
5[ 151 1292 1.044 5 0.664 0.774 0858
6 183 1.10 6| 0.246 091
7| 246 7| 0.407




Munich Chain Ladder Method

Example

summary Stats of paid development factors, weighted by paid losses

Weighted Average

2437 1131 1.025

1.021 1.021

Std dev (weighted)

13456 3.666 0482

0.210 0.479

1.I}14\

summary Stats of incurred to paid ratios, weighted by paid losses

summary Stats of incurred development factors, weighted by incurred losses

Weighted Average

1.652

1.015

1.000

1.011

0.580

Std dev (weighted)

9.727

2.545

1.004

0.120

0.860

ﬂ

Summary Stats of paid to incurred ratios, weighted by incurred losses

Weighted Average 1878 1178 1078 1058 1054 1.042 1.020 Weighted Average 0533 0845 05928 05945 0549 050 0.580
Std dev (weighted) 14243 4990 2167 1619 1.791 0237 Std dev (weighted) 411 381% 15918 1461 1637 0221
Forj=1..J-2,K={P, 1} It P

Z] Pn Zl Ing
] Al s 1= A o n=
JZ:j oK q(]) = J—j+1 and (Ilrw(.l) = T—j+1
J+1 : N
g > Ing > Py
41 J—i n=1 n=1
cK.
-] \J 1 - f :
) 1 —— I A 5Q (5 = | — j - —alq 2
I _ n,j+1 P19 () ; n.)(Qn.J 7(7))
— P / Fri
a (/) J I—J_IHZ] -_I( I)“) -,J ) ﬂlld J n=1
=ae
J _] "anu 7Y — ' R] d -1 A o 1\2
. /—[—l n,J ]“J Lo B :

Formulae taken from: Application and Bootstrapping of the Munich Chain Ladder Method, VICTOR SUNDBERG (2016)




Munich Chain Ladder Method

Residuals

Residuals of paid development factors

Year

Year

O a W N

1 2 3 4 5 6
1.24 -0.45 -0.18 0.85 -0.72 0
-0.41 -0.26 0.29 057 0.68
0.628 0.00 1.25 -0.98
-0.43 -0.98 -1.15
-1.33 1.66
0.971

Residuals of incurred:paid ratio

1 2 3 4 5 6
-0.29 -0.1 0.11 0.03 -0.14 -0.72
0.496 1.17 1.34 155 1.19 0.68
0.45 -0.24 0.81 -0.68 -0.75
-1.11 -0.76 -0.61 -0.35
-1.086 141 -1.08
-0.12 -1.01
1.753

e U

Residuals of incurred development factors

Year

Year

1 2 3 4 5 6
1.61 -0.08 0.22 1.13 0.73 0
-1.18 -1.04 0.28 0.1 -0.68
-0.85 1.57 -1.42 -0.84
0.3 0.00 0.93
0.46 -0.68
0.08

Residuals of paid.incurred ratio

1 2 3 4 5 6
0.31 0.1 -0.11 -0.03 0.14 0.73
-0.47 -1.13 -1.32 -1.54 -1.18 -0.69
-0.44 025 -0.8 0.69 0.77
1.25 0.8 0.63 0.4
1.22 -1.37 1.1
0.12 1.06
-1.56

L R S

N O B W N




Munich Chain Ladder Method

Res (I:P ratio) vs Res (Paid dev factors) Lqmbdq VGlUQS ZR Q R F’ )
es es
2.000 Y )
AP =
= 4 > T e ° _ " Res( Qiy)?
- s o Paid Lambda = 0.636 A
-~ o p—"
& Res Q; Res F’
3600 .,Y,’;,'/f"*.//‘o_w = e Incurred Lambda= 0.436 = 2, es(Qug)Res(Fyy)
-& ) /‘.l';.;;.‘ - 1.000 2 AR Z Res((p}l"j )2
* &0 A
200 — Relationship:
Res (P:l ratio) vs Res (Incurred dev factors) Residual of pald dev factor (I’ J —> j+1)
B = paid lambda * residual of incurred to paid ratio (i, j)
oo
T 1.000
% . O
= @ : . L
b /""”/’ T8 7 Residual of incurred dev factor (i, j —> j+1)
— Y e = incurred lambda * residual of paid to incurred ratio (i, j)
3
-2 000

Res (Incurrad dev factor)

Formulae taken from: Application and Bootstrapping of the Munich Chain Ladder Method, VICTOR SUNDBERG (2016)



Munich Chain Ladder Method

Exqmple Year 1 2 ] 4 5 6 7

576 1804 1570 2024 2074 2102 2131

b - T B L I ]

Paid Development Factors

Year 1 2 3 4 5 6
3132 1092 1027 1025 1014 1014
2249 1110 1.032
2661 1131
2315 1.082
2022 1230
2781

= N e L R

Incurred to Paid Ratio
Year 1 2 3 4 5 G 7
1.038 1.020

1698 1.186 1.083 1.055 1048
2125 1310

2.057
1532
1.505
1.832
2.457

o B - TS B - R

Incurred Losses

Year

4 & 6 7
2182 2174

a7g8 2104 2134 2144 2174
1844
2304
3502
2812
2642
5022

= &N W M

Incurred Development Factors

Year

1 2 3 4 5 ]
2151 1014 1005 1014 1004 0896

b L= I+ Y - O I T

Paid to Incurred Ratio

Year

=l @ N B D R




Munich Chain Ladder Method @

Results Comparison - Basic CL vs Munich CL

“A reserving method that reduces the gap between IBNR projections based on paid losses and IBNR
projections based on incurred losses.”

- Gerhard Quarg and Thomas Mack

Paid Incurred
Year|Ultimate CL Ultimate MCL |Ultimate CL Ultimate MCL
1 2,131 2,131 2,174 2,174
2 2,380 2,383 2,445 2,444
3 4,652 4,597 4,582 4,629
4 6,182 6,119 6,126 6,176
- 5,056 4,938 4,839 4,950
6 4,934 4,656 4,476 4,665
7 6,128 7,549 8,429 7,650
Total 31,463 32,372 33,071 32,688




Munich Chain Ladder Method

Incurred to Paid ratios per origin year Paid to Incurred ratios per origin year
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Munich Chain Ladder Method

( )
Closes the gap between IBNR projected on paid vs incurred Assumes past claims development pattern is reflective of
basis future development patterns
\§ J
( A

*If claims triangles are not inflation-adjusted, implicitly
Allows for correlation between paid and incurred data assumes weighted average of past inflation is reflective of
expected future inflation

*Development of latest claims of the first origin period will

Takes variance of paid and incurred claims into account i .
akes variance ot pal I be as dictated by the tail factor

*Assumes a linear relationship between the residuals of the

i i sed in a Bootstra : . :
Residuals are calculated which can be u ! P paid development factor and the residuals of the I:P ratio

- J

( )

Insights gained on speed of development of paid vs incurred
claims relative to average speed

*Assumes a linear relationship between the residuals of the
incurred development factor and the residuals of the P:l
ratio




Alternative BF Credibility Weights (D)

Gluck (1998) proposed that the weights used in the Standard BF method might not be the most optimal, especially
when:

* The LDF is less than 1.0

 The LDF is close to 1.0 when a large portion of incurred consists of case estimates

Solutions:
« Use Paid CL pattern for credibility weights

* Rework the credibility weights by taking the absolute value of pattern increments

o 1 ]
L=D -4+ A l- ‘
LDF LDF |
where

L = estimated ultimate loss

~ loss development estimate

Balancing Development and Trend in Loss Reserve Analyses (Gluck, Spencer, 1998) A = expectedlossestimate
LDF = loss development factor.




Trend Adjustments

Seasonality

US inflation at 4.9%

Consumer Price Index for all urban consumers,
% change from a year ago
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Trend Adjustments

What else can you adjust your claims history for?

« Changes in mix of business

« ChangesinT'sand C’s

« Changes in average policy length
« Distortions in data

* Changes in Claims Handling

« Changes in case reserve policy

» Allowance for re-underwriting

« External Environment Impacts

« “actuarial judgement”



Trend Adjustments

Methodology Example

1. Split trend analysis in Frequency and Severity
(combine at the end to arrive at an ultimate claim projection)

2. Adjust Frequency (Numbers / Exposure) for:
« Changes in risk mix of business -> divide historic data with risk adjustment factors

« Seasonality
-> Calculate average frequency by quarter/month for last couple of periods
-> [nvestigate for trends
-> Set assumption about seasonality trend (adjustment factor per quarter)
-> Historic data with risk adjustment factors

3. Fit a curve through adjusted frequency (e.g. log-linear regression fit)

4. Calculate final frequency by multiplying extrapolated curve by Risk Mix and Seasonality factors



Trend Adjustments

Methodology Example

5. Repeat process for Severity.

Adjust for:

* Changes in risk mix of business

« Seasonality

 Inflation

6. Multiply final frequency x exposure X severity
« Can be used as Ultimate

« Can be used as APriori in BF



CONCLUSION AND DISCUSSION

These methods give additional insights and provide benefits even if not used to set reserves directly.

E.Q.

« identifying tfrends which may otherwise be overlooked
» breaking down drivers

* support assumption setfing

« provide more narrative

Relevant to the SA market (predominantly short tail)

Realistic to implement given constraints



CONCLUSION AND DISCUSSION

Global

_ So much research, innovation, variety,
Reserving suggestions and demand to change

Landscape

o Clear problems with traditional methods, but
Uncertainties we face difficulty implementing more robust
and problems solutions

How do we
Still heavily relying on

traditional methods Questions?

navigate this
in SA market?

stephan.marais@dyna-mo.com

lara.vanschalkwyk@dyna-mo.com



