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MULTIPLE TRIANGLE MODELLING (or MPTF)
APPLICATIONS

* MULTIPLE LINES OF BUSINESS- DIVERSIFICATION?
e MULTIPLE SEGMENTS

— MEDICAL VERSUS INDEMNITY

— SAME LINE, DIFFERENT STATES

— GROSS VERSUS NET OF REINSURANCE

— LAYERS INCLUDING HIGH SEVERITY/LOW FREQUENCY
» CREDIBILITY MODELLING

— ONLY A FEW YEARS OF DATA AVAILABLE

— HIGH PROCESS VARIABILITY LEADS TO IMPRECISE
ESTIMATES OF TRENDS
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Breaking up a triangle due to change in mix of risks

1. Change of mix of business
2. Different development and/or inflation
3. Different process variability




Layer 1: Limit 100k Pricing different limits for different

1 ,H\‘ accident years

Composite (Layer 1 & Layer 2)
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BENEFITS

One composite model for all LOBS!

Level of Diversification- optimal risk
capital allocation by LOB and calendar
year

Reserve and underwriting risk charge

Combined reserve and underwriting risk
charge is not additive

No two companies are the same in
respect of volatility and correlations

Mack and Bootstrap

e You cannot measure process correlation
unless the model captures the trend
structure in the data (correctly)

» Mack induces spurious correlations

* In respect of risk charges (Economic
Capital) it is the calendar year
relationships and the calendar year liability
stream that are important

When do two LOBs (LOB A & LOB B) have common
drivers?
TWO LOBs “same” trend structure

Dev. Y Trends Dev. Yr Trends Acc. Yr Trends
! 7 1
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When do two LOBs (LOB A & LOB B) have common drivers?
TWO LOBs “same” trend structure and high process correlation

Wid Std Res vs Cal. Yr
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When do two LOBs (LOB A & LOB B) have common drivers?
TWO LOBs “same” trend structure and high process correlation
Trace of calendar year 2006 versus accident years.

Note high process correlation (of 0.85).

Wid Std Res vs Acc. Yr Witd Std Res vs Acc. Yr
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When do two LOBs (LOB A & LOB B) have common drivers?
TWO LOBs “same” trend structure and high process correlation
(Data adjusted for development and accident period trends only)

[ Witd Std Res vs Cal. Yr |

Witd Std Res vs Cal. Yr
v

|
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Model Displays for LOB1 and LOB3
Calendar year trend change in 01 for each LOB
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LOB1 and LOB3 Weighted Residual
Plots for Calendar Year.
Note some process correlation of 0.35
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Pictures shown above correspond to two linear models, which
described by the following equations

yi= XB, tg,

@
Y, = X,B, +&,,

Ee, =0, i=12; E(e,,¢,)=cov(g,,&,)=C; corr(g,g,)=R

Without loss of sense and generality two models in (1) could
be considered as one linear model:

b (s <)) o) @
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Which could be rewritten as

y= Xp +¢

For illustration of the most simple case we suppose that size of
vectors y in models (1) are the same and equal to n, also we
suppose that

E(s,,& ) =varg,) =107, i=12

n-i?

C=1,0,

In this case

1o2 1
var(g) =x =| "6122
I,o, Il,0;
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For example, when n =3

@ 0 0 g, 0 0
062 0 0 g, O
5|0 0 o 0 0 g
6, 0 0 o2 0 0
0o, 0 0 & O
0 0o, 0 0 &
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There is a big difference between linear models in (1) and linear
model (2), as in (1) we consider models separately and could not
use additional information, from dependency of these models, what
we can do in model (2). To extract this additional information we
need to use proper methods to estimate vector of parameters f.
The estimation

B=(X"X)"'X"y
which derived by ordinary least square (OLS) method, does not

provide any advantage, as covariance matrix X is not participating
in estimations. Only general least square (GLS) estimation

ﬁ — (XTZ_IX)_lXTZ_Iy

could help to achieve better results.
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However, it is necessary immediately to underline that we do not
know elements of the matrix £ and we have to estimate them as
well.  So, practically, we should build iterative process of
estimations

p(m, xm

and this process will stop, when we reach estimations with
satisfactory statistical properties.

There are some cases, when model (2) provides the same results
as models in (1). They are:

1. Design matrices in (1) have the same structure ( they are the
same or proportional to each other).

2. Models in (1) are non-correlated, another words

o, =0

However in situation when two models in (1) have common regressors
model (2) again will have advantages in spite of the same structure of design
matrices.
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Clusters of LOBs

* For 40 LOBs there are 780 pair wise
correlations

» Set up clusters
e Zero correlations between clusters
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Weighted Residual Plots for LOB1 and LOB3 versus
Calendar Years
What does correlation mean? (Regression of one set of
residuals against the other)

Wid St Res vs Cal Yr
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Model Displays for LOB1 and LOB3 for Calendar
Years

(G vrrims ]

Mean=0.1194 Mean=0.0514
StDev=0.0331 Silhev=0.0321
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Model for individual iota parameters

i~Nlw, o?); [, =0.1194; &, =0.0331
5, ~ Ny, o2); i, =0.0814; &, =0.0321

A . (01194 ~ (0.001097 0.000344
~N (u, Z), pn= , =
0.0814 0.000344 0.001027

p=corr(y,1,), p=0.359013

|
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There are two types of correlations involved in
calculations of reserve distributions.

Weighted Residual Correlations, that is

process correlation between datasets:
0.359013 — is weighted residual

Ec())rlrae?!atlon between datasets LOB1 and

Correlations in parameter estimates:

0.324188 — is correlation between iota
parameters in LOB1 and LOBS3.

These two types of correlations induce
correlations’between triangle cells and within
trlanqle_cells. These induce reserve
correlations between accident years, calendar
years and aggregates.
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Common iota parameter in both triangles ,~ N(,u, 0_2); [1=0.0996; & =0.0267

____ EEmma =
: b Two effects:
B Same parameter for each LOB increases
./ Il correlations and CV of aggregates
| Single parameter with lower CV reduces CV

of aggregates

Mean=0.0996
StDev=0.0267
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Dependency of aggregates in aggregate

Forecasted reserve distributions by accident year, calendar
year and total are correlated table

A ey 4 Indicates dependency through residuals’ and parameters’

correlations
<= = » Indicates dependency through parameter estimate In each forecast cell and in
correlations only aggregates by accident year and
== == calendar year (and total)
of=--"°1 ks = =255 =55 A2 SRS R Var(Aggregate) >> Var(LOB1) + Var(LOB?2).

Correlation between
reserve distributions is
0.833812
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Forecast tables- means and standard deviations

Aggregate | LOB 1:PL(1) | LOBZ:PLQ) |

Accident Period vs Development |

Cal. Per. Total 0 1 2 3 4

556,988 | 189,228 159,750 78,696 60,749 47 388 3

1999 528,693 | 185,925 145365 79,106 69,145 58323
589,958 | 210,160 200,323 100,868 77.243| 59794 §
2000 563,241 182,549 177,216 121,784 110,365 12,139 1
664,716 214,273 184,441 83,467 66,778 53,839 4
2001 583,994 | 157,342 159,261 77.836| 13890 11695 1
650,118 | 169,078 157.737| 77,789 60,160 47013 3

2002 652,469 | 149,481 158,285 16,266 13,044 10,698
745,017 | 271,726 | 255924 127,389 98226 76543 6
2003 655037 | 152377 55024 28026 22533 18488 1

Tetal Fitted/Paid 2004 2005 2006 2007
Cal. Per. 5,182,400 577,384 373,171 281,102 209,809 | 15
Total 5,035,182 70955 47090 40275 34059 2

& Tl

Simulations from lognormals correlated within LOB and
between LOBs to find distribution of aggregate of LOB 1
and LOB 3

| Density Comparisons (Acc. Year: Total) |

1.8
1.6
1.4

1 Unit = $1,000,000,000
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Percentiles and V@R for aggregate based on explicit Risk Capital Allocation by LOB based on variance
assumptions. Can also compute by calendar year and accident )
covariance formulae
year
EYLOB 1 LOB 3:Composite DS:MPTF[optimal-1]:Reserve PALD Summary
All Statistios Ace Year: Tolal | Simulated Values | Quantile Summary |
@, Diagnostics | A Distiibutions [7] Quantites and V-aR |
Quantile Statistics and Value at | = = =
E’ LOB 1 LOB 3:Composite DS:MPTF[optimal-1]:Reserve Forecast Summaries
@ Sample Kernel Aggregate | LOB 1:PL1) | LOB3:PLI |
Quantile| #5.0.'s | V-a-R | Quantile| #S5.D.'s | V-aR MHacevs | Acavs | Observed vs Mean Estimate | @7 Los

99.995| 2.848| 4509  1.010 2925 4856 1.088 Xy (%) Diffy | I3 compari | IL Summary Graphs [=] come

9999 2767 4148 0920 2855 4543 1.018 By Datasets | By Periods |

9998 2766 4145 0829 2781 4214 0844 Conslations | Standard Deviations | Correlations (logs] Capital Allocation |

9997 2714 3914 0877 2746 4085 0909

9995  2603| 3818 0885[| 2721 3945 o884 o Capital Allocation

9995 2668 3710 08 2702 3859 0865 fee (Totals)

9994 2862 3682 0825 2696 3789 0849 e

9993 2653 3641 0816 2673| 3730 0836 Tl i)

9992 2642 3591 o805|| 2661 3678 o082 e LOB 1:PL() 37.63

9991 2638 3574 0801 2651 3633 0814 LOB3:PL(l) 62.37

999 | 2622| 3503 0785 2642 3592 0805

998 | 2562| 323 0725 2581 3319 0744

997 | 2531| 3.098 0694 2544 3453 0.706

31 32




Calendar year liability stream based on explicit
assumptions

ff 3:Compasita DS:M
(| Aamegate | Lo 1:6L1) | LOBZFLN) |

o %y () Diieeences | L2 Comparisnns | J1 Summary Graghs | [] Convlations and 802 | [7] Clusters
| e s Zdcel Y | [T Observed vs Mean Cstimate | T Loss flatior | I incumed Losses

- Calendar Yr Summary
Calendar| Mean  Standard CV
1 iz Reserve = Dev. Reserve
g 70,966 0.12
z 1| 4T0% 043
i 40275 04
3 | 34088 0.8
| 5% 08
3 2186 021
[ | wan 024
3 Mot
1 6395 031
al |
T Total 1837168 224075 0.12
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Risk Capital allocation by calendar year for the aggregate
reserves of LOB1 and LOB3

Q_‘!!-l BB T e T T ok
Er1 Aggeegate | LD 1.PLO | LOB.PLIY |
Agge Aacctn | tel¥n | [ Obierved vs Mesn Estimate | ¥ Loss Ratior
L Incuned Lasies | %o [2] Diflerences I+ Compasizons
I Summony Grophs [7] Courelations and 5Ds | B tustens
[ Gy Datassis By Posods |
) | Standerd | floga)  Capital Allocation | 2
Capital Allocation
1 ke (Aggregate - Cal. Years) 4
2 e | % 2
i 208 24s4
2005 1888 H
1 2008 s
2007 1272 3
] 2008 Toss 1
i 2009 8z
Cal 2010 585 ]
) 211 40 1
< L —

w
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SAD and SAM Two WC segments
Mack residuals for each. Note remaining structure and have
no idea how these two segments maybe related

‘Witd Std Res vs Dev. Yr 'Wtd Std Res vs Acc. Y ‘Wtd Std Res vs Dev. Yr ‘Wtd Std Res vs Acc. Yr
m
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SAD and SAM- WC segments (PTF)
Removal of Development Yr trends only. Note accident year and calendar year
similarities in trend structure. Have an immediate idea of how the segments
maybe related

Wtd Std Res vs Dev. Yr Wtd Std Res vs Acc. Y1

Wtd Std Res vs Dev. Yr Wtd Std Res vs Acc. Yr




SAD and SAM- WC segments (PTF)
Strong similarities in accident year trend structure

Acc. Yr Trends Acc. Yr Trends

-0.2447
Toas] [m0.0204
-0.0675 \
-0.3527
0.2447] [02447] |, 50370
-0.0204  {+0.0294 '
0.3979
+0.0351

-0.2539
T +0.0321
+-0.].’ISB/_\
0.2539| | 0.2539 +3333§
+0.0321] |+0.0321 -
[To3em
[-0.0369

-11671]
+0.1148

+-o.nss|

11706 6680
+0.0591 -0.0024

Gross versus Net of Reinsurance

Is your outward reinsurance program optimal?
Model Displays- same trend structure. Have common
drivers. Net zero calendar year trend and gross
6.81%+_1.27%. Net has higher process variance!

Dev. Yr Trends Acc. Yr Trends Dev. Yr Trends Acc. Yr Trends

0000
-0.0000

Gross and Net of Reinsurance
Weighted Residuals versus Calendar year. Note high
process correlations (common drivers)

Wid Std Res vs Cal. Yr [ wtd Std Res vs Cal. Yr |
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Weighted Residual Covariances Between
Datasets

FAC ENG G:Paid Incremental FAC ENG N:Paid Incremental
FAC ENG G:Paid Incremental 0.174511 0.174520
FAC ENG N:Paid Incremental 0.174520 0.248382

Weighted Residual Correlations Between Datasets

FAC ENG G:Paid Incremental | FAC ENG N:Paid Incr
FAC ENG G:Paid Incremental 1 0.838250
FAC ENG N:Paid Incremental 0.838250 1

40




Note CV of gross reserves < CV of net reserves
Because Net data has higher process variance!!

o S
Aggregate FAC ENG G:Paid Incremental ]FAI: EMG M:Paid Incuemenlall

Xy (] Differences i Comparisons
Il Summary Graphs I, Forecast Settings | [] Corelations and $Ds
Hace.¥is | 4 cal vis | [F] Observed vs Mean Estimate | % Loss Ratios

Accident Yr Summary

&f Comp N & G:Composite DS:MPTF[optimal-1]:Reserve

Aggregale} FAC ENG G:Paid Incremental FAC ENG N:Pail

Xy (%) Differences | 5
J1 Summary Graphs I Forecast Setings | [
Hace vis | 4 cal vis | [ Observed vs Mean Est

Accident Yr Summary

MODELING LAYERS

Similar Structure
Highly Correlated
Surprise Finding!

Mean Standard cv
Ace. Yr Reserve | Ultimate Dev. Reserve | Ultimate
1992 204 | 15,839 394 0.44 0.02
1993 562 8,104 234 0.42 0.03
1994 433 3,596 170 0.39 0.05
1995 616 3.662 228 0.37 0.06
1996 883 4,962 313 0.35 0.06
1997 3,176 11,604 945 0.30 0.08
1998 4,434 10,642 1,140 0.26 0.11
1999 6,746 17,310 1,554 0.23 0.09
2000 25186 | 35132 5,397 0.21 0.15
2001 57,933 60,632 11,968 0.21 0.20
2002 0 0 0 0.22 0.22
Total | 101,705 | 216,641 15,450 0.15 0.07 |

Mean Standard| |
Ace. ¥r Reserve | Ultimate Dev. Rese¢
1992 550 | 10,791 303 !
1993 448 §,782 237 '
1994 327 3,159 164 !
1995 440 2,159 208 !
1996 597 4,353 270 !
1997 1,999 6,517 750 !
1998 2,610 7,400 832 !
1999 3728 11,084 1,041 !
2000 13109 19,452 3321 !
2001 28,464 29,820 6,776 !
2002 0 0 0 !
Tetal 52,821 134,323 8725[
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CV of reserves limited to $1M is the same
as CV of reserves limited to $2M !
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Model Display for All 1M: PL(I)
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Model Display for All 2M:
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Model Display for All 1Mxs1M: PL(l)
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Note that All 1IMxs1M has zero inflation, and All 2M has lower inflation than
All 1M, and distributions of parameters going forward are correlated

gl

Residual displays vs
calendar years show high
correlations between three
triangles
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Compare Accident Year Summary ; ¢ b i for Limited
— R — If we compare forecast by accident year for Limite
L Compacisons | J] Summsiy Grapha | [7] Comrelations snd 501 | [ Chusters || L Compacisons | J] Summsiy Graphs | [7] Comelations and 501 | [ Chusters | 1mi 1 1
B 1M and limited 2M t is easy to see that CV is the
Accident Year Summary Accident Year Summary same.
e Mean Standard cV e Mean Standard cV Agmmgate | AL | Agomgate | A P |
it nn-n--l Utimate Dav. m--n-iummat- ] nn-n--l Ultimate Dev. n.nn-iummat- L Compansons | [l Summeep Geaphs | [7] Conetations and 500 | [ Dasters | L Compmisons | i Summary Graphs | [7] Cometations and 505 | [ Clusters |
1885 0 48940 0 0.00 1885 0 18,940 5 0.00 Jacevems | Col¥ems | W lemMatios | % (%) Enon rce vams | Cal oo | W Lossflatios | ¥x (%) Cnor
1986 1R 46283 1274 074 0.03 1986 1755 46,307 1319 075 0.03 Accident Year Summary Accident Year Summary

1887 4268 57251 2312 054 0.04 1887 4255 57238 2,347 055 0.04 = Mean SERE] oV " P P oV
1meE | 7A4 56.953 352 045 0.08 L Se.82r 3505 048 0.08 M‘ “'_ Reserve Ultimate Dev. ﬁ.ﬁlr\rl!“ﬂllm o YO aserve| Uttimate Dev.  Reserve| Uimate
18889 8439 49,038 3616 043 007 18889 8498 49097 3692 043 008 | 1805 | 0 2245370 0 == 000 1985 0 48840 [ = oo0
1290 21169 70392 7486 035 o1 1290 21373 705% 7,661 036 0.1 | tese 828038 72,089,848 599,031 072 083 19886 173 46283 1274 074 003
1891 32445 74080(| 10359 032 014 1891 32476 T4 | 10484 033 014 | 1087 2424068 28.487.418) | 1431771 053 004 1887 4268 67261 2312 054 004
1982 47782 89.314 14284 0.30 0.18 1882 47 539 89,092 14,342 0.30 0.18 | 1988 | 4m2407| 29396571)| 1829332 044 L 1988 TAM| % i 045 006
1993 63507 s0s3|| 17848 02 048 1983 63488 s00%6)| 762 0z 020 s 4516000 22500520 180805 ARy 0N e L. 2N L L
P 79474 orser|| wmszs 038 030 P rees2 orass|| 1esaz 038 030 | 1890 | 11e39042 39028900 | 4052276 035 040 1980 169 709 T4 035 011
1885 “m 108,426 24712 023 0.20 1885 §5.235 108,563 2638 023 0.20 1§81 | 16.376.282 43.010.289 5,836,036 032 0.4 19881 32145 74,080 10,358 03z 014
S 11zlszs Py 2:!. a1 030 s 1 P = a1 030 | o2 26391320 53745208 | | 8373832 0.2 0.16 1892 47762 B3 14.284 0.30 0.16
; ; o : ’ 200 2 : ’ | s I9E01EIE  BESE1TEI| | 10,802,798 0 0.18 1983 63837 S0SM|| 1TE4E 028 019
1887 124732 427021|| 26,080 021 021 1887 125881 428270 | 26308 021 021 st |stsamsan | esseosen || 1asorara o) T o8| om
1998 135287 135783 | 28250 021 021 1998 138137 138803 | 28812 021 021 | s sesossos 7as2asas| | wserser x| om W wan| sl 2 YT
. 1998 79233602 3,196 467 18,801 828 021 020 1998 112,628 118,166 23938 o 0.20
Total 735182 1,171,112 | 84443 011 007 Total 737883 1,173.804| | 84.854 011 007 | 1587 91489518 92716710 | 19166452 02 021 1997 424732 12me21|| 26,080 024 0y
1 Unit = 1,000 1 Unit = §1,000 | 1998 | 03342254 103348904 | | 21737628 0z om 1908 13s2e7 qasgss| | 2samo 021 o
Consistent forecasts based on composite model. [ Yool _smdenem FoTe0esis |essaurll baz oo Toul _mee wpaell el on on

nit = §1,000
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