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Abstract

Exponential models have been widely used to model various types of data, such as survival data
and insurance claim data. However, exponential composite distribution models have not been
widely explored. In this paper, an improved two-parameter inverse-gamma Pareto composite model,
namely exponential composite inverse-gamma Pareto model, is created by taking exponents of
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random variables related to the single-parameter inverse-gamma Pareto composite distribution
function, and a good case of Norwegian fire data is analyzed. It is concluded that the two-parameter
exponential gamma Pareto model is superior to the single-parameter inverse-gamma Pareto model
in the goodness of fit measure of all data sets.
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Figure 1. Compound exponential inverse-gamma Pareto density when 6 =5
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Figure 2. Compound exponential inverse-gamma Pareto density when 6 =10
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Table 1. Simulation results for 8=1,7=0.8

£ 1. 0=171n=08FAELILER

n T Orean 7 WA bR HE 2 O (ke bR 2
20 0.876 1.304 0.204 1.437
50 0.828 1.094 0.117 0.474
100 0.816 1.040 0.084 0.315
500 0.804 1.006 0.037 0.135
Table 2. Simulation results for #=1,7=1
T2 0=1n=1RRHENLER
n Tiean 7 HIREA R e 2% O (REA bR e 2
20 1.093 1.262 0.248 1.025
50 1.036 1.092 0.145 0.478
100 1.017 1.039 0.102 0.307
500 1.005 1.005 0.049 0.137
Table 3. Simulation results for 8=1,7n=1.2
3. 0=1n=12BRERIER
Mo Mo 1 AR 6 [IREA bR 2
1.322 1.263 0.312 1.094
1.240 1.091 0.174 0.463
1.220 1.048 0.120 0.314
1.206 1.005 0.0582 0.140
Table 4. Simulation results for 8=5,7=0.8
4. 0=51n=08 FIHEIILER
n Fean 17 R A bR 22 6 WA bR
20 0.877 7.464 0.203 9.776
50 0.829 5.555 0.117 1.992
100 0.813 5.276 0.082 1.263
500 0.805 5.049 0.037 0.512
Table 5. Simulation results for 6=5,7=1
5 0=5n=1REHNER
n Tean 7 WREA bR 22 0 (REA bR E 22
20 1.098 7.256 0.256 6.480
50 1.036 5.626 0.146 2.070
100 1.017 5.269 0.101 1.232
500 1.003 5.048 0.049 0.511
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Table 6. Simulation results for #=5,7=1.2
6. 0=5n=12FHEINLER

n e O AU O AR
20 1.317 7.245 0.305 7.213
50 1.244 5.566 0.173 2.025
100 1.224 5.283 0.121 1.261
500 1.206 5.059 0.0579 0.511
4. BEZES]
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F R AR SRAS R th S50 e/ 3, DA RO B R 1) £t BB AR B 4. AIC I BIC.

RBl: WK R

IR K 5 A 6 B e VF 22 W FE N T2 A P SRA A [F) 2 AR I i DA B 5 P B 1 1 5
R AR — SRR A F M 1972 42 1992 AL 1000 #)8 5e BA(NKK) T 9181 22k . FkAl il
It R A58 214 . BT/ 500,000 NKK 12 65 4% 5% il 22 >R v 500,000 NKK. 2811, SKH 1972 4
(R IR B AT, RIS RATTER: TR E 1972 S MEERRAITAS TP IR R O M R . A B AR T
TV . 1972 FHI RSB 97 ME, DMIE T BI(INKK) T R E IR
0.520, 0.529, 0.530, 0.530, 0.544, 0.545, 0.546, 0.549, 0.553, 0.555, 0.562, 0.565, 0.565, 0.568, 0.579, 0.586, 0.600,
0.600, 0.604, 0.605, 0.621, 0.627, 0.633, 0.636, 0.667, 0.670, 0.671, 0.676, 0.681, 0.682, 0.699, 0.706, 0.725, 0.729,
0.736, 0.741, 0.744, 0.750, 0.758, 0.764, 0.767, 0.778, 0.797, 0.810, 0.849, 0.856, 0.878, 0.900, 0.916, 0.919, 0.922,
0.930, 0.942, 0.943, 0.982, 0.991, 1.051, 1.059, 1.074, 1.130, 1.148, 1.150, 1.181, 1.189, 1.218, 1.271, 1.302, 1.428,
1.438, 1.442, 1.445, 1.450, 1.498, 1.503, 1.578, 1.895, 1.912, 1.920, 2.090, 2.370, 2.470, 2.522, 2.590, 2.722, 2.737,
2.924, 3.293, 3.544, 3.961, 5.412, 5.856, 6.032, 6.493, 8.648, 8.876, 13.911, 28.055
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Table 7. Goodness of fit of different models based on maximum likelihood estimation to Norwegian fire insurance data in 1972
= 7. AT MAMARGEIT T EREL AL 1972 & KRR BB EIE HE

i SRS A 1T ST EAUIR BRI 2 AIC BIC
4=0.867
AT R R 158.708 321.4165 326.566
£=1.974
. a=2.406
WA - 167.213 236.512 241.661
£=2.239
{11y Pareto 0=1.896 221.837 445,675 448250
m=76
SEHALIN T Pareto 0=0048 96.080 196.160 201.309
7 =8.260
—— Gaussian Kernel Density Estimate
- Exponentiated 1G-Pareto
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Figure 3. The density chart of Norwegian fire insurance data (1972) and the corresponding index against
gamma Pareto and the Pareto model of Gamma
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