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Table 1 Variance reduction of the portfolio with 50 factors Copula
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PCA2 MC| 2.48 | 4.57 | 6.22 | 12.09 | 29.45 | 32.73 t Copula
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being that the successful probability of the farmer’ s project affects only the expected return of the bank and the
other being that the successful probabitity of the farmer’ s project affects on both the expected return of the
bank and the expected return of the farmer respectively it proposes two farmer credit loan decision models and
gives two different optimal loan interest rate mechanisms on the bank by taking both individual rationality of the
farmer and loan risk losing ratio the bank can tolerate the most as constraint conditions. It also gives an exam-—
ple. Aiming at the farmer’ s different credit grades and he got the bank credit in the course of the five levels of
classification it designs 4 groups of different combinatorial data. It discusses the changes of both the optimal
project successful probability of the farmer and the optimal loan interest rate of the bank based on the changes
of the loan fund the farmer’ s self-wealth the loan risk losing ratio the bank can tolerate the most and the ex—
pected yield of the farmer. It also discusses the changes of both the net expected yield and the reasonable in—
terval of the expected yield for the farmer project.

Key words: loan risk losing ratio of bank; farmer credit rating; individual rationality; successful probability

of the project; credit loan decision model

< © 0 < < 0 < <

( 10 )

Principal component importance sampling for bank credit portfolio risk man—
agement

GONG Pu DENG Yang HU Zu-hui
School of Management Huazhong University of Science & Technology Wuhan 430074 China

Abstract: The bank credit portfolio risk measurement has great significance to bank supervision. One of the
most popular methods to estimate the default probability of credit asset is Monte Carlo simulation. In order to
improve the simulation efficiency more and more studies have adopted the important sampling technique to
deal with it. In this paper we propose an importance sampling procedure which does not need the conditional
independence which previous studies had to base on. The procedure we provide uses principal component a—
nalysis to choose dominant factors. Numerical experiments are provided and the results show that our approach
when a credit portfolio confronts extreme events offers substantial variance reduction and outperforms plain
Monte Carlo algorithm and Morokoff IS algorithm.

Key words: portfolio credit risk; Monte Carlo simulation; important sampling; principle component analysis



