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中文摘要 

 

【第一篇論文中文摘要】 

集中度風險於結構式商品的量化與分析：以房屋抵押貸款證券為例 

Martin and Wilde (2002)與 Gordy (2003)針對巴塞爾協定(Basel Accords)中金

融機構之投資組合所內藴之集中度風險提出了相對應的微粒化調整(Granularity 

Adjustment)風險量化準則，然而該模型僅止於單因子架構下探究單一信用標的集

中度風險之量化。本文將其架構延用至結構式商品中，允許債權群組內之信用標

的具不同區域別，我們採用 Hull and White(2010)之跨池違約相關性描述，並結合

Pykhtin (2004)中延拓單因子聯繫模型至多因子之方式，進而求取債權群組之單一

資產集中度(Name Concentration)與區域類別集中度(Sector Concentration)風險的

量化。本文以房屋抵押貸款證券(Mortgage Backed Securities, MBSs)為例，於集中

度風險的考量下，藉由檢視不同風險情境下分券之損失起賠點，重新評估房屋抵

押貸款證券 AAA 投資級分券信用評級之合理性。研究結果顯示，AAA 評等之分

券高度曝險於系統性風險，且於高風險情境下，標的房貸之區域集中現象擴大了

違約相關性對債權群組損失分配的影響，致使 AAA 分券之損失起賠點得以超過

其實際擔保額度(subordination)範圍。 

 

關鍵詞：房屋抵押貸款證券、集中度風險、微粒化調整、內部信用增強 
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【第二篇論文中文摘要】 

美國銀行放款多角化對其報酬與風險之影響：相關性與傳染的觀點 

本文目的在於分析銀行放款的多角化行為對其報酬與風險之影響。研究發現

納入銀行放款投資組合相關性之考量，亦即標的資產之相關性結構以及資產間因

契約關係所隱含跨投資組合之傳染途徑，將降低多角化之成效。文中透過因子模

型(factor model)建構資產之報酬，同時決定其相關性結構，其中將資產間殘差項

相關性作為傳染指標，進一步分析投資組合內標的資產間的平均相關係數、傳染

與多角化程度間的關聯性。我們以美國銀行作為研究樣本，分別以赫芬達-赫希

曼指數估算投資組合權重分配之集中度、使用組合內標的產業股票報酬資訊來計

算投資組合內相關程度，接著利用標的產業與投資組合外產業間的殘差相關性來

捕捉產業傳染效果，將此三項指標作為衡量多角化指標，分析其在 1987年至 2014

年間聯貸投資組合多角化情形並試圖分析放款多角化對銀行績效之影響。透過契

約關係的界定進而探討顧客傳染如何影響銀行績效。 

研究發現於市場處於平穩期間(tranquil period)，所有多角化指標銀行放款均

呈現放款多角化程度越高越有助於提高銀行的報酬並降低其風險。然而於危機期

間(turmoil period)，銀行應將放款權重集中於部分產業、建構相關性較低之組合

或選擇較低之傳染效果之產業作為放款的對象，用以提高銀行績效。隱含在危機

期間銀行應該選擇適度之多角化策略，若僅以赫芬達-赫希曼指數作為多角化之

衡量將顯示危機期間越集中越有助於銀行的表現，此舉將造成解釋上的偏誤。說

明於投資組合多角化的衡量上，不該忽略由相關性結構所引發之集中度風險。 

 

關鍵詞：放款投資組合、多角化、相關性程度、銀行績效 
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英文摘要 

 

【Essay I】 

Quantification and Analysis of Concentration Risk in Structured Products: the 

Case of Mortgage Backed Securities 

Granularity adjustments, introduced by Martin and While (2002) and Gordy 

(2003), allow one to quantify the concentration exposures of credit portfolios due to 

imperfect diversification. However, they focus solely on name concentrations under 

an Asymptotic Single Risk Factor (ASRF) framework. In this study, by adapting the 

multi-pool correlation structure of Hull and White (2010) under the multi-factor 

setting of Pykhtin (2004), we derive quantitative measures of name and sector 

concentration that facilitate subsequent analysis of the risk profiles embedded in 

Mortgage Backed Securities (MBSs). Under different stress scenarios, we examine 

the impacts of concentration exposures on the internal credit enhancements, in 

particular, the AAA tranche attachment points. We show that, under severe market 

conditions, the presence of sector concentrations in the underlying mortgage pools can 

further amplify the effects of default correlation on the portfolio loss distributions. As 

a direct consequence, the predetermined subordination level determined by the 

assignment of tranche attachment points can be exceeded.  

 

Keywords: mortgage-backed securities, concentration risk, granularity adjustments, 

internal credit enhancements 
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【Essay II】 

How Loan Portfolio Diversification Affects U.S. Banks’ Return and Risk: 

Correlation and Contagion Perspectives. 

In this paper we investigate how loan portfolio diversification affects the banks’ 

return and risk. We argue that, the dependence structure of bank loan portfolios, 

namely, the correlation structure among loan assets and the presence of contagion 

channels due to contractual relationships across the border of portfolio, contributes to 

the costs of diversification. Under the factor model framework, we derive a theoretical 

model to depict the asset returns and their dependence structure. Based on data of US 

bank loans collected from 1987-2014, our empirical study employs HHI, 

intra-portfolio correlation, and contagion as proxies for diversification to examine 

how loan portfolio diversification affects the banks’ profitability and riskiness. In 

addition, contractual relationships are identified and we investigate how customer 

contagion affects the bank’s performance. We find that all diversification measures 

exhibit a positive effect on the performance of U.S. banks during tranquil periods. 

However, for turmoil periods, banks with loan portfolios of more concentrated weight 

distributions, lower intra-portfolio correlation, or lower consumer contagion effects 

would have improved returns and reduced risk. In other words, during crisis, banks 

should choose an appropriate concentration strategy rather than focus on selected 

industries as determined solely by the HHI. 

  

Keywords: loan portfolio, diversification, dependence structure, bank performance 
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Introduction 

One fundamental yet vital implication of traditional portfolio theory is that 

diversification reduces risk. Ever since the seminal work of Markowitz (1952), where 

benefits of diversification are thoroughly discussed, one believes that through 

diversification, risk can be reduced without changing the expected portfolio return, 

and portfolio managers are encouraged to allocate assets subject to their 

mean-variance tradeoffs in order to maximize the portfolio return while minimizing 

risk.  

However, the existing literature on diversification has shown no consensus on a 

proper definition for diversification. The strategy of diversification can help to avoid 

concentration risk – the risk of amplified losses that may occur from having an 

excessively exposed to single names (name concentration) or from an excessive 

exposure to single sector or to several highly correlated sectors (sector concentration). 

Importantly, diversification implies more than simply the underlying assets’ relative 

sizes but also the dependent relationships. 

In this thesis, we provide two essays that focus on the issue of credit 

concentration risk in the context of two distinct asset categories. Essay I deals with 

structured financial instruments whereas Essay II deal with bank loan portfolios.  

In the case of structured finance, the essence of structured finance activities is 

that by pooling a large number of assets to reduce level of concentration of certain 

asset classes to attained diversification of the underlying portfolio and with the 

prioritization scheme to manufacture several tranches that are safer than the average 

asset in the underlying portfolio. On the other hand, the issue of diversification is 

important for banks as they are affected by several regulations that create incentives 

either to diversify or to focus their portfolio. Since both of these two categories 

concern the characteristics of the portfolio in the context of diversification, an 

accurate assessment of diversification is required. 

Regarding portfolio diversification, it tend to think “more is better”, without 

paying enough attention to the declining value of diversification. We try to shed more 

light on the role of dependent relationships in the measurement of diversification in 

both asset categories. In the first Essay, we illustrate how the dependent relationship 

affects the tranches’ exposure to systematic risk and their subordination level. In the 

second Essay, we examine how loan portfolio diversification, in the presence of asset 

correlation and contagion, affects bank’s performance.  

A central insight commonly shared in structured finance is the securitization of a 
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large number of heterogeneous assets into new classes of hybrid structures with an 

intended degree of portfolio diversification and return-risk profiles. Financial 

institutions and investor have different views on the diversification benefits of 

structured finance. Issuers (financial institutions) of structured financial instruments 

try to diversify their collateral pool by collecting various assets and thus reduce the 

magnitude of concentration risks. Since a pool with lower concentration risk, then the 

loss distribution has a much lighter tail. This in turn implies a larger portion of senior 

liabilities and thus lower costs of funding. Investors, on the hand, were attracted by 

the risk reduction potential of diversification, it appears that if the pool backing a 

structured financial instrument was diversified then tranche itself was well-diversified, 

too. 

However, there are 36,346 structured finance securities rated by Moody’s were 

downgraded in 2007 and 2008 (Benmelech and Dlugosz, 2010). Nearly 62% of 

downgrades can be attributed to securities backed by home equity loans (HELs) or 

first mortgages. This raised the question of whether rating agencies are properly 

assesses the risky structured instruments. 

Since the rating of structured instruments involved the application of a model 

rather than the traditional analysis and judgment methodology, Coval, Jurek, and 

Stafford (2009b) point out that the essence of pooling and tranching make the ratings 

highly sensitive to the parameter estimation and modeling assumption. A modest 

imprecision in evaluating underlying default risks or correlations can dramatically 

alter the ratings of structured instruments. Mortgages backed securities (MBSs) 

carried the dual risk of high rates of default due to the low credit quality of the 

borrowers and high levels of default correlation as a result of pooling mortgages from 

similar regions and vintages. Furthermore, it highlights the role of concentration risk 

during the subprime mortgage crisis. 

The first essay, Essay I, studies the risk profiles embedded in structured 

instruments. We focus on MBSs, which are created form pools of subprime residential 

mortgages. Even though Hull and White (2010) also evaluated ratings for this type of 

products, they apply the large portfolio assumption to neglect the name concentration 

risk and the one-factor Gaussian copula model is used to depict the dependent 

structure across mortgages which ignore the sector concentration. Hence, the first 

contribution of Essay 1 is that we undertake a multi-pool model for measuring 

concentration risk which can deal more explicitly with exposure distribution and 

dependence structure across names and regions. 

Since in the investment of structured instrument is a bet, the default rates in the 
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underlying pool will exceed the subordination with a certain probability. In the 

Standard & Poor’s (S&P) rating criterion, if the calculated probability of loss on a 

structured instrument corresponded to the probability of loss on an AAA rated bond, 

the structured instrument was rated AAA. We then obey the S&P criterion given the 

probability of default for AAA bond to derive implied subordination of AAA rated 

tranche. Furthermore, we indicate the estimation of the subordination level (or 

attachment point) for AAA rated tranche is equivalent to calculate the Value at Risk 

(VaR) of a portfolio with the confidence level is given by the survival probability of 

AAA rated bond. If the implied subordination of AAA rated tranche higher than 

practical ones which demonstrate that the existing subordination not afford to 

maintain the AAA ratings and reflects the AAA ratings assigned to structured 

instruments cannot be justified. The second contribution of Essay I is that under the 

multi-pool framework, we adopt the multi-factor analytical methodology for 

calculating portfolio VaR which is proposed by Pykhtin (2004) to derive quantitative 

measures of name and sector concentration in the calculating attachment point of 

AAA rated tranche that facilitate subsequent analysis of the risk profiles embedded in 

MBSs. 

The third and final contribution of Essay I is that concentration risk is indeed an 

important determinant for estimating the attachment point of tranches. We find that 

the impact of name concentration on attachment point is important for smaller 

underlying asset pool, and region concentration risk is the main contribution to 

attachment point for underlying asset pool of all sizes. In most risk scenarios, the 

rating are difficult to justify, i.e., the AAA ratings for the senior tranches of MBSs 

seem too high. On the other hand, we observe that the increasing in the numbers of 

mortgages or widely distributed regions in the underlying asset pool provide a way to 

lower the extent of concentration risk. In addition, the concentration of mortgages on 

several regions will enlarge the effect of dependence structure on the portfolio loss 

distribution, and relatively, the increasing in correlation will diminish the benefit of 

distributing mortgages into more regions. These results suggest that the 

correlation-induced concentration should not be ignored. 

Essay II, “How Loan Portfolio Diversification Affects U.S. Banks’ Return and 

Risk: Correlation and Contagion Perspectives”, studies empirically the effect of loan 

portfolio diversification on the bank performance. The issue of concentration versus 

diversification has been addressed thoroughly in an empirical context for financial 

institutions and banks. However, extant researches find that aggressive strategies of 

diversification not always dominates, and suggest that more careful assessments need 

to be made of the costs and benefits of diversification (Acharya, Hasan, and Saunders, 
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2006; Berger, Hasan, and Zhou, 2010; Tabak, Fazio and Cajueiro, 2011). It is 

noteworthy that all of these researches use Herfindahl - Hirschman Index (HHI) as a 

measure of diversification. The HHI is well known for its limitations for neglecting 

asset dependence structure. Essay II provide an assessment of the costs of 

diversification in the presence of dependent relationships among the loan assets, 

namely, the correlation structure among loan assets within the portfolio and the 

contagion channels between loan assets across the border of the portfolio. 

Studying the asset dependent relationships is important for several reasons. First, 

financial institutions and banks face several regulations that create incentives to 

diversify their portfolios, such as the imposition of capital requirements that are tied 

to the risk of the portfolio. Düllamnn and Masschelein (2010) show that quantifying 

concentration risk without a proper assessment of asset correlation could lead to 

biased estimates of the capital requirements. The increase in economic capital is 

substantially greater contingent on the concentration which is induced by higher asset 

correlations. In Essay II, asset correlation is referred to as intra-portfolio correlation 

with respect to a loan portfolio. 

Second, the increasing market integration provides greater scope of risk sharing, 

yet the integration may not fully explain the market co-movement, and contagion may 

in part, contribute to the process (Forbes and Rigobon, 2001, 2002; Bekaert, Harve, 

and Ng, 2005). The question they endeavor to answer is whether idiosyncratic shocks 

from one particular market or group of market are transmitted to the other market, i.e., 

a cross border contagion effect. Bekaert et al. (2005) define contagion as excess 

correlation, that is, correlation over and above what one would expect from economic 

fundamentals (systematic part). In other words, contagion is defined by the correlation 

of the model residual (idiosyncratic part). 

Jarrow and Yu (2001) provide a reduced-form framework where market-wide 

risk factors and firm-specific counterparty risk interact to affect bond prices. Jorion 

and Zhang (2009) use the bankruptcy file to identify creditors of the filing firms, and 

they find that bankruptcy announcements cause negative abnormal equity return and 

increases in CDS spreads for creditors. All of the researches mention above show that 

market- or firm-specific linkages (idiosyncratic part) provide a channel for 

transmitting the contagion effect. Contagion risk is then the risk that through 

idiosyncratic transmission channels, i.e., the credit deterioration of counterparty is 

propagated to other counterparties, leads to a different type of concentration risk. This 

implies that even the disturbance of assets which are not included in the portfolio can 

be propagated into the portfolio via the idiosyncratic transmission channels.  
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Since a complex web of contractual relationships is always present therein with 

any loan portfolio, then the dependent structure under consideration is important for 

assessing the cost of diversification. The first contribution of Essay II is that we give a 

theoretical argument to highlight the properties of the relationship among the extent of 

diversification, intra-portfolio correlation and contagion. In summary, portfolios that 

have greater intra-portfolio correlation, or higher extent of connection between 

underlying assets with their counterparties face more concentration risk. 

In the second contribution of the paper, in order to focus on the issue of how the 

disturbance of an asset which is not included in the portfolio is propagated into the 

portfolio via the idiosyncratic transmission channels. According to the position of 

each underlying asset’s counterparties which are included in the portfolio or not, we 

decompose the idiosyncratic transmission channels into inner- and outer-transmission 

channel, respectively. We put more emphasis on the role of outer transmission channel 

on the extent of diversification. We observe that the higher the overlap of the outer 

transmission channels, the intra-portfolio correlation contains a higher extent of outer 

transmission information. This implies that the intra-portfolio correlation can capture 

the extent of diversification more accurately. On the contrary, the lower the overlap of 

the outer transmission channels, the only use of the intra-portfolio correlations as a 

diversification proxy would have a poorer estimation of diversification. This 

observation is valuable for lender that is even when the loan portfolio with low 

intra-portfolio correlation but the underlying assets have higher extent of connection 

with outer assets are more likely to increase portfolio concentration risks. 

Recent research presents the notion of correlation asymmetry, i.e. the correlation 

among equity return tend to be much greater on the downside than on the upside 

(Longin and Solnik, 2001; Ang and Chen, 2002). The sizes of these co-movements 

have led many researches to raise the question of whether tranquil period and turmoil 

period are to be interpreted as different regimes in the propagation of shocks. Our 

third and final contribution is to investigate the effect of diversification on U.S. bank 

performance under tranquil and turmoil period, respectively, pointing to differences in 

benefits of diversification in stable and crisis periods. We show that under the tranquil 

period, a more concentrated weight distribution of the loan portfolio or a higher 

intra-portfolio correlation implied a lower degree of bank diversification, and would 

decrease the bank's return and increase its risk. Furthermore, by using the supply 

chain to portray how the external shocks are propagated and affect banks’ return and 

riskiness, we find that the contagion estimated based on the transmission channels 

between the underlying industry and its outer customers had a significantly 

explanatory ability for the performance of the bank's portfolio.  
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On the other hand, under the turmoil period we find that banks should focus on 

certain industries, lower the correlation between return from different industries in the 

portfolio or with lower connection between underlying industries with its outer 

corresponding customer industries to improve their performance. The foregoing 

concentration refers to the distribution of portfolio exposure as measured by the HHI. 

This implies that bank should focus on several specific industries to maximize 

monitoring efficiency during the crisis period. Low intra-portfolio correlations reduce 

the occurrence of co-movement of portfolios. The lower the degree of connection 

between underlying industry and its outer customer industries, the less likely the 

performance of the bank to be affected by fluctuations in the value of outer industries 

during crisis. That is to say, during crisis, banks should choose an appropriate 

concentration strategy rather than focus on selected industries as determined solely by 

the HHI. 

Briefly summing up, the overall purpose of this thesis is to gain further 

understanding of the importance of concentration risk in credit portfolio and the two 

essays in this thesis describe issue of concentration in two distinct credit portfolio 

categories. 
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Quantification and Analysis of Concentration Risk in Structured 

Products: The Case of Mortgage Backed Securities 

1 Introduction 

The rating agencies have encountered serious criticism for overvaluing 

structured products and underestimating the complexity embedded in structured 

scheme during the subprime crisis. In particular, Coval, Jurek, and Stafford (2009b) 

indicate that the modest imprecision in parameter estimates can lead to variation in 

the default risk of structured finance securities that is sufficient to cause a security 

rated AAA to have a severe downgrade. Hull and White (2010) further show that the 

model uncertainty about the choice of correlation model has great impact on the rating 

of structured instruments. These results indicate that the rating of structured 

instruments is highly sensitive to parameter estimation and model assumption. One of 

the most frequently stated benefits of structured instruments is risk diversification, 

which leads market participants and academic researches inherently ignore the role of 

concentration and may cause a biased estimation. In this paper, we undertake a 

model-based methodology for measuring concentration risk which can deal more 

explicitly with exposure distribution and dependence structure. We take concentration 

risk into account in the evaluating the reasonability of the AAA ratings assigned to 

structured instruments. 

Let us explain the issue of concentration risk in more detail based on the concept 

of capital requirement in Basel II. In the portfolio risk factor frameworks that 

underpin the Internal Rating Based (IRB) risk weights of Basel II, credit risk in a 

portfolio arises only from two sources, systematic and idiosyncratic. The risk weight 

formulas for the computation of regulatory capital in IRB are based on the so called 

Asymptotic Single Risk Factor (ASRF) framework developed by Gordy (2003). This 

model was constructed under two main assumptions. First, portfolios must be 

asymptotic fine-grained, which is called granularity assumption, in the sense that the 

largest individual exposures account for a smaller share of total portfolio exposure, 

idiosyncratic risk has been fully diversified away, then the portfolio is immune from 

idiosyncratic risk. Second, dependence across exposures can be described by 

one-factor Gaussian copula model. Under these assumptions, capital charges are 

driven entirely by the systematic risk. 

However, ASRF framework comes along with some drawbacks as it makes us 

hard to recognize the diversification effects. Since such a perfectly fine-grained 

portfolios do not exist due to the lumpy distributions of exposure sizes and a finite 

number of obligors in real portfolio. This form of credit concentration risk is called 
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lack of granularity or name concentration. Thus any capital charges computed under 

the granularity assumption must underestimate the required capital for a real finite 

portfolio. The impact of undiversified idiosyncratic risk on capital charges can be 

assessed via a methodology knows as granularity adjustment. The basic concepts and 

approximate form for the granularity adjustment were first introduced by Gordy 

(2003). It was then substantially refined and derived analytical granularity adjustment 

term by Wilde (2001) and Martin and Wilde (2002). 

Empirical researches by Zeng and Zhang (2001), Carling, Ronnegard, and 

Roszbach (2004) and McNeil and Wendin (2006) suggest that, all else equal, the 

credit losses associated with exposures to obligors in the same industry are more 

highly correlated with one another than those associated with exposures to obligors in 

different industries. A portfolio which can be considered as almost perfectly granular 

and therefore non-concentrated in the sense of name concentration might be highly 

concentrated in the sense of sector concentration due to excessive exposure to a single 

sector or to several highly correlated sectors. Hence, the other drawback of the ASRF 

model is the assumption of single risk factor can lead to a biased estimation of risk for 

portfolios with unequally distributed sector structure, which is called sector 

concentration. Pykhtin (2004) presents an analytical method which builds on earlier 

work by Wilde (2001) and Martin and Wilde (2002) on granularity adjustments in the 

ASRF model for dealing with an unbalanced distribution across names and sectors. In 

other words, Pykhtin model offers a measurement for both name and sector 

concentration. 

There are two empicial papers that consider the impact of concentration risk on 

economic capital. Gordy and Lütkebohmert (2007) and Düllmann and Masschelein 

(2010) measure the potential impact of name and sector concentration on the 

economical capitals of bank loan portfolios in Germany, respectively. They all 

indicate that concentration risk can meaningfully increase economic capital. 

Furthermore, Düllmann and Masschelein (2010) show that the analytic approximation 

formula developed by Pykhtin (2004) estimate economic capital reasonably well or 

err on the conservative side. 

Furthermore since we have relaized that how concentration risk can potentially 

impact the loss distribution of a portfolio and the corresponding capital requirement. 

The essence of structured finance is the pooling of assets and the subsequent issuance 

of a prioritized capital strucure of claims, i.e., these claims are issued against the 

underlying asset pool. Any imprecsion of portray the characteristic of the loss 

distribution of the underlying asset pool can have a greate impact on the rating or 

pricing of structured instruments. Hence, in the following, we focus on the 
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concentration issue in the context of rating. 

Benmelech and Dlugosz (2010) point out that there are 36,346 structured finance 

securities rated by Moody’s were downgraded (one-third of downgraded tranches bore 

the highest credit rating level) in 2007 and 2008. Nearly 62% of downgrades can be 

attributed to securities backed by home equity loans (HELs) or first mortgages. 

Collateralized debt obligations (CDOs) backed by asset backed securities (ABSs) 

accounted for a large share of the downgrades and some of the most severe 

downgrades. ABS CDOs accounted for 42% of the total write-downs of financial 

institutions around the world. Therefore, both academics and practitioners blame for 

the sophistication of structured finance securities and doubt the righteousness and 

rationality of credit rating agencies. 

Nonetheless, in practice, many investors rely heavily on credit ratings for pricing 

and risk assessment of credit sensitive securities. Recent research by Adelino (2009) 

examines whether yield spreads on each tranche at issuance contained information, in 

addition to that in their ratings, that would be useful in predicting performance. He 

finds only AAA rated tranche did not. Coval, Jurek, and Stafford (2009a) indicate that 

the securitization process substitute risks that are largely diversifiable for risks that are 

highly systematic. Moreover, as the result of prioritization scheme used in structuring 

claims confines senior tranche losses to systematically worse economic states. In 

particular, the increasing number of assets in the underlying portfolio shifts payoffs to 

tranche from states with high marginal utility to concentrate on states with low 

marginal utility. The state payoff transition and the prioritization scheme will cause 

the senior tranche undercompensated for the highly systematic nature of the risks it 

bears. In practical, they find that the market prices of senior CDX tranches are 

significantly higher than risk-matched financial instruments but approximately same 

as rating-matched ones which implies investors overly rely on credit rating and 

neglect underlying risk characteristic of senior tranches. 

However, since investors are not familiar with the complexity of securitization 

process as to the risk characteristic of structured finance securities, they are inclined 

to believe AAA rated securities to be riskless. On the other hand, securitization obey 

the rule of originate to distribute to create value from spread arbitrage that the higher 

the principal was allocated to AAA tranche the larger the spreads between weighted 

average interest earned on the underlying assets and weighted average interest paid on 

the securitized products. Then issuers have incentive to cater to investor demand and 

enlarge arbitrage spread by carving out large portions of their deals as AAA. 

Moody’s structured product ratings address the expected loss of the securities. 
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Standard & Poor’s (S&P) and Fitch are based on probability of default given by their 

model. Based on the rating rulings, as a tranche was designed, the attachment point 

(i.e. the minimum loss on the underlying pool that affects the tranche) and the 

detachment point (i.e. the minimum pool loss that wipes out the entire tranche) are 

chosen so that the resulting expected loss or default probability of the tranche matches 

the level required for a desired rating. In this paper we obey the S&P criterion given 

the probability of default for AAA bond to derive theoretical attachment point (the 

attachment point that we report reflect the total subordination) of AAA rated tranche. 

Specifically, we compared the theoretical subordination with the practical average 

subordination level of AAA rated tranches to evaluate whether the AAA ratings 

assigned to structured instruments by rating agency were reasonable. Furthermore, the 

estimation of the attachment point for AAA rated tranche is equivalent to calculate the 

Value at Risk (VaR) of a portfolio with the confidence level is given by the survival 

probability of AAA rated bond. If the theoretical attachment point of AAA rated 

tranche is higher than practical ones which demonstrates the existing subordination 

not afford to maintain the AAA rating and reflects the AAA ratings assigned to 

structured instruments cannot be justified. 

Structural instruments are far more complex than bonds. To analysis of the risk 

profiles embedded in structural instruments, we focus on mortgages backed securities 

(MBSs), which are created from subprime residential mortgages. Hull and White 

(2010) also evaluated ratings for this type of products. However, they assumed that a 

mortgage pool is sufficient large that a large portfolio assumption applies to neglect 

the name concentration risk and the one-factor Gaussian copula model is used to 

depict the dependent structure across mortgages which ignore the sector concentration. 

We do not make these assumptions. In this paper, we adopt multi-pool correlation 

model in Hull and White (2010) which allows us to distinguish mortgages into 

different regions. Since the estimation of attachment point of tranches is equivalent to 

the VaR of the underlying asset pool, we adopt the multi-factor analytical 

methodology proposed by Pykhtin (2004), which is mainly used to calculating the 

economic capital (where the economic capital is defined within the VaR paradigm), to 

take the name and sector concentration into consideration in calculating attachment 

point of AAA rated tranche. 

To evaluate concentration risk more prudent, this paper comprise two different 

perspectives. In first part, we pay attention to the unbalanced distributions of exposure 

sizes across names and regions in the mortgage pool to emphasis on the exposure 

weight distribution. As to the second part, holding the exposure weight across names 

and regions fixed, we investigate the impact of concentration risk arise from varieties 
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of dependence structure on ratings. 

Herfindahl-Hirschman Index (HHI) is the most commonly used model-free 

concentration measure of portfolio in practical. The HHI is defined as the sum of 

squares of exposures as a fraction of total portfolio. However, HHI cannot distinguish 

between a portfolio which is highly concentrated towards an obligor (sector) with a 

high correlation with other obligors (sectors), and another portfolio which is equally 

highly concentrated, but towards an obligor (sector) which is only weakly correlated 

with other obligors (sectors). Therefore, we based on the multi-factor model for 

quantifying concentration risk which can not only deal more explicitly with exposure 

distribution but also the dependence structure. 

We find that in the process of securitization, although increasing the number of 

mortgages in the underlying portfolio will not affect the conditional expected loss of 

the underlying portfolio, it raise the sensitivity of tranches to systematic risk. Ceteris 

paribus, both of the level of underlying asset pool and tranches exposure to systematic 

risk will increase with the increasing of correlation between mortgages. These results 

imply that, as the pooling allows for broad diversification of idiosyncratic risk which 

leads the expected loss of AAA rated tranche is highly sensitive to systematic risk. 

Hence the dependence structure will play an important role in determining risk profile 

of tranches, especially for an excessive exposure to several highly correlated regions 

will amplify the effect of dependence structure on evaluating the tranche’s ratings. 

Moreover, the fewer the number of mortgages in the portfolio, the higher the 

proportion in subordinates are contributed by idiosyncratic risk under a given 

dependence structure. This means that the consideration of name concentration is 

important for senior tranche backed by fewer mortgages. However, region 

concentration can meaningfully increase attachment point of AAA rated tranche for 

all sizes, where as we change portfolio exposure from uniformly distributed into five 

regions to total concentrated in one-region will lead the attachment point increased by 

58.14%. Next, we evaluate concentration risk origin from changing dependence 

structure. The numerical results show that when correlations are low, the effect of 

systematic factor is in low level and relatively enhance the effect of idiosyncratic risk 

on the attachment point of AAA tranche. On the country, with the increasing 

correlation would rise the sensitive of tranches to systematic risk and the correlation 

triggered concentration risk would be reflected in enlarging attachment point of AAA 

tranche. 

Additionally, we further examine the interaction effect of exposure distribution 

across regions and dependence structure on tranche’s risk profiles. We find that the 
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widely distributed across regions of mortgages, the lower attachment points of 

tranches have, which means by distributing mortgages into more regions can achieve 

the goal of decreasing concentration risk. However, higher correlation between 

regions will erode the benefit through it. If the regions are perfectly correlated, then 

the attachment point of AAA tranches is irrespective of the distribution of regions. 

Finally, once the recovery rate is negatively correlated with default probability 

(stochastic recovery rate model), most of theoretical attachment points of tranche will 

much higher than practical level in market. This suggests that AAA tranche should 

increase credit enhancement to support its credit rating.To sum up, we infer that the 

increasing in the numbers of mortgages and regions (evenly distributed mortgages 

across names and regions) in the underlying asset pool provide a way to lower the 

extent of concentration risks. Furthermore, the concentration of mortgages on several 

regions will enlarge the effect of dependence structure on the portfolio loss 

distribution, and relatively, the increasing in correlation will diminish the benefit of 

distributing mortgages into more regions. 

The paper is organized as follow. In Section 2, we present descriptions of internal 

credit enhancement and subordination of structure securities. The methodology 

framework is in Section 3. We construct a multi-factor model involving concentration 

risk of single asset and sectors, and then calculate the theoretical attachment point for 

given credit ratings. In Section 4, we provide numerical results and analysis. 

Considering concentration risk, we evaluate theoretical attachment points of 

mortgages backed securities under different scenarios and infer the rationality of AAA 

ratings assigned to MBSs. Summary and conclusion are in Section 5. 

 

2 Internal Credit Enhancement (Subordination) 

2.1 Modelling the dependence among mortgages 

In order to study all kinds of concentration, a model with multiple risk factors is 

required. Let us first set up a multi-factor Gaussian copula framework, which 

establishes dependencies among the portfolio positions. Consider a portfolio consists 

of �̅� mortgages. Each mortgage 𝑖 can uniquely be assigned to a specific regional 

pool 𝑢 and there are �̅�𝑢  mortgages in the regional pool 𝑢. Under multi-factor 

model, the value of mortgage 𝑖, denoted by 𝑥𝑖, belongs to region 𝑢 is represented 

by a random variable 

𝑥𝑖 = √𝜌𝑖𝑀𝑢 +√1 − 𝜌𝑖𝜉𝑖                                                (1) 

where 𝑀𝑢, 𝑢 = 1,… , 𝑛  denotes the systematic composite factor and 𝜉𝑖  is an 
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idiosyncratic shock. Both are independent and standard normal. Factor loading √𝜌𝑖 

measures mortgage 𝑖 sensitivity to the systematic risk. The assumed weight on the 

idiosyncratic risk makes sure that 𝑥𝑖 has a standard normal distribution. 

We then introduce the multi-pool correlation model developed by Hull and White 

(2010), where the composite factor 𝑀𝑢 is composed of a “between-pool” factor, 

𝑀𝑏𝑝, and a “within-pool” factor, 𝑀𝑤𝑝,𝑢. The factor 𝑀𝑏𝑝 affects the probability of 

default for all mortgages, whereas 𝑀𝑤𝑝,𝑢 affects the probability of default only for 

mortgages in regional pool 𝑢 . Since the portfolio now is divided into n 

non-overlapping regional pools which imply that there are 𝑛 within-pool factors and 

one between-pool factor. 

Therefore, composite factors have the form: 

𝑀𝑢 = √𝛼𝑢𝑀𝑏𝑝 +√1 − 𝛼𝑢𝑀𝑤𝑝,𝑢   for all 𝑖 ∈ 𝑢                          (2) 

where 𝑀𝑏𝑝 and 𝑀𝑤𝑝,𝑢 follow standard normal distribution and independent of each 

other. 

To simplify our exposition we assume homogeneity in terms of 𝜌 and α, i.e., 

𝜌𝑖 = 𝜌 and 𝛼𝑢 = α for any 𝑖  and 𝑢 . The parameter 𝜌 is the total within-pool 

correlation, which is also called intra-region correlation. The parameter 𝛼 measures 

the correlation between any pair of the composite factors. When 𝛼 =0, the default 

events in different regions are independent of each other. However, when 𝛼 =1, a 

single factor affects all mortgage defaults and the default events in all regional pools 

are the same. Roughly speaking, the parameter 𝛼 measures the proportion of the 

default correlation that comes from a factor common to all pools. The lower the value 

of 𝛼, the more the value to investors and creators by distributing mortgages to more 

regions. In our model, both of the intra-region and inter-region correlation, 𝜌 and α 

depict the cluster effect. 

The occurrence of mortgage 𝑖′s default is determined by whether the value of 

mortgage is below the threshold, denoted by 𝑐𝑖. 

𝐷𝑖 = {
1     if  𝑥𝑖 ≤ 𝑐𝑖
 0    otherwise

                                                    (3) 

where 𝐷𝑖 is the indicator variable. The corresponding unconditional probability of 

default is defined as: 

𝑝𝑖 = 𝑃𝑟(𝐷𝑖 = 1) = 𝑃𝑟(𝑥𝑖 ≤ 𝑐𝑖) = 𝑁(𝑐𝑖),   𝑖 = 1,⋯ , �̅�                       (4) 

where 𝑁(∙) is the cumulative normal distribution function. Through the equation 

(4), we can derive the threshold 𝑐𝑖 = 𝑁
−1(𝑝𝑖) by mapping asset value, 𝑥𝑖 to the 

probability of default, 𝑝𝑖. 
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The individual loss rate of mortgage 𝑖 can be written as:  

𝐿𝑖 = 𝐷𝑖 ∙ 𝐿𝐺𝐷𝑖                                                            (5) 

where 𝐿𝐺𝐷𝑖 is the fraction loss due to mortgage 𝑖′s default. It also can be expressed 

as one minus the recovery rate. We do not make any specific assumptions about the 

probability distribution of 𝐿𝐺𝐷𝑖.We only assume that the 𝐿𝐺𝐷𝑖 variable with mean 

(1 − 𝑅𝑖) and standard deviation 𝜎𝑖, where 𝑅𝑖 is the expected recovery rate. 

Then, the portfolio loss rate 𝐿 can be expressed as the weighted average of each 

mortgage loss rate 𝐿𝑖: 

𝐿 =∑ 𝑤𝑖 ∙
�̅�

𝑖=1
𝐿𝑖 =∑ 𝑤𝑖 ∙

�̅�

𝑖=1
𝐷𝑖 ∙ 𝐿𝐺𝐷𝑖                                     (6) 

where 𝑤𝑖 = 𝐸𝐴𝐷𝑖 ∑ 𝐸𝐴𝐷𝑖
𝑁
𝑖=1⁄  denote the national share of mortgage 𝑖  in the 

portfolio and 𝐸𝐴𝐷𝑖  is denoted as Exposure at Default (EAD) of mortgage 𝑖. 

2.2 Structured finance  

The essence of structured finance is a process of converting receivables into 

marketable securities. It involves the pooling of assets and subsequent sale to 

investors of claims on cash flows backed by this pool. Typically, several participants 

are included in the securitization process. At first, the assets or cash flow streams are 

pooled by the originator and then pass through (true sale or assign) to special purpose 

vehicle (SPV). After acquisition the pool of assets, the credit risk of the collateral 

asset pool are fully de-linked from the credit risk of the originator. The payments to 

the investor are affected only by the performance of the de-linked asset pool and not 

by the performance of the originating firm. The benefits of de-linking allow for the 

issuance of claims secured by pool of assets with return that may be more predictable 

than the total return of the originator and even isolate the risk of originator file for 

bankruptcy. The SPV sequentially issue a series of claims with different priorities 

against the pool of assets. As a result of the prioritization scheme used in structuring 

claims, the risk profile among tranches and between tranches and underling assets 

pool are substantial differences. Finally, because of the complexity of structured 

instruments, which arises from the pooling and tranching of assets, the rating agencies 

act as provider of third-party opinions about the riskiness of the structured instruments. 

The rating agencies not only provide credit assessments of the underlying collateral 

asset pool, they also undertake careful analysis of cash flows, credit enhancements 

and other structural features designed to those tranches. Hence, the existence of rating 

agencies can help to overcome asymmetric information problems and improving 

efficiency and transparency. 
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The main characteristic of structured finance is to create a capital structure of 

prioritized claims against the underlying collateral pool, which is the prioritization of 

payments to the different tranches. Using the MBSs as an example, the interest and 

principal payment from mortgages were typically allocated to tranches in order of 

seniority. Thus, the most senior tranche received promised payments first, and then 

payments went to the next most senior tranche, and so on. On the country, as the 

result of the prioritization scheme used in structuring claims, tranches bore losses in 

order of reverse seniority. For example, the equity tranche absorbs initial losses, 

followed by a mezzanine which absorbs additional losses, again followed by more 

senior tranches. Hence, the most senior tranches only absorb losses after the more 

junior claims have been exhausted, i.e., the degree of protection offered by those 

junior claims determines the largest portfolio loss that can be sustained before the 

most senior claim is impaired, which is also called subordination level. In other words, 

the subordination level of the senior tranche determines the amount of loss protection 

provided to the senior tranche. 

Both the credit quality of the underlying collateral asset pool and the extent of 

credit support that be provided through the transaction’s structure are the main 

ingredients for determining tranche’s rating. Typically, the highest end of the credit 

spectrum is usually the AAA rated senior tranche. The middle tranches are generally 

referred to as mezzanine tranches and generally carry AA to BBB ratings and the 

lowest junk or unrated tranches are called the equity tranches. 

In particular, ratings are assessments of expected loss or probability of default. 

Structured finance tranches are usually tailored by issuers with certain rating levels. 

This is accomplished through the use of credit support specified with the tranche, i.e., 

the attachment and detachment point are set by issuer to achieve a target probability 

of default or expect loss for the tranche (the attachment and detachment points, which 

represent the critical levels of portfolio losses for which a tranche will first begin 

experiencing losses and then be exhausted). 

The subordination level of a certain tranche determine how much credit support 

the deal structure provides the tranche and have a great influence on the credit quality 

for the tranche. In the process of structured finance, issuers have the incentive to grab 

more profits from carving out more senior tranches. On the other hand, the issuers 

need to provide a clear signal to investor that the subordination of a certain tranche is 

enough to insulate them from a certain level of credit risk. Hence the determination of 

proper subordination level is a critical issue for the structured finance instruments. 
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2.3 Estimation of subordination level 

In this paper, we adopt the probability of default criterion for evaluating the 

credit rating of tranches. If the calculated probability of default on a tranche is less 

than or equal to the probability of default on an AAA rated bond, then the tranche was 

rated AAA. 

Suppose that the attachment point for the AAA tranche is 𝑎 percent, so the 

tranche is responsible for losses between 𝑎 percent and 100 percent. The probability 

of the tranche experiencing loss is the probability that loss on the underlying portfolio 

is greater than 𝑎 percent. The probability of loss is also referred to as probability of 

default for the tranche. A tranche achieve target rating if the probability of default of 

the tranche is less than or equal to an exogenously given target default probability, 

𝑝𝑇: 

𝑃𝑟(𝐿 > 𝑎) = ∫ 𝑓(𝐿)𝑑𝐿 ≤ 𝑝𝑇

1

𝑎

                                            (7) 

where 𝑎 is the attachment point of the tranche, 𝐿 is the portfolio loss rate, 𝑓(∙) is 

the probability density function of 𝐿 and 𝑝𝑇 is the predefined target probability of 

default. As mention previously, issuers have the inventive to maximize the arbitrage 

profits that can be achieved by minimizing the subordination level for the senior 

tranche. This implies that the setting of the AAA tranche’s attachment point is 

equivalent to the concept of VaR. 

Based on the definition of VaR, it results that, given the confidence level, the loss 

over a defined time period will not exceed the value of VaR. In other words, the VaR 

of a portfolio with loss variable 𝐿 at the confidence level 𝑞 ∈ (0,1) is given by the 

smallest number 𝑎 that the probability of underlying portfolio loss rate exceeds 𝑎 is 

not more than (1 − 𝑞). Thus, VaR is simply a quantile of the loss distribution. 

Formally, 

𝑉𝑎𝑅𝑞(𝐿) = inf{𝑎𝜖𝑅: 𝑃𝑟(𝐿 > 𝑎) ≤ 1 − 𝑞}                              (8) 

Hence, finding the AAA tranche’s attachment point is equivalent to determining 

the VaR for a portfolio at a given confidence level 𝑞 = 1 − 𝑝𝑇. The theoretical 

attachment of the tranche is the attachment point implied by the target probability of 

default. We then examine whether the AAA ratings assigned to structured products 

were reasonable by comparing the theoretical attachment point with the actual 

attachment point. If the actual attachment point is lower than the theoretical value 

which means that the practical subordination level of the AAA tranche is not enough 

to support the ratings for senior tranches. 
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Under the multi-factor framework presented in 2.1, which allow us to construct 

the underlying pool’s loss distribution and will be applied to estimate tranches’ 

probability of default and credit ratings. Depending on the nature of MBSs, 

underlying asset pool may contain large numbers of relatively homogeneous 

individual mortgage (pooling mortgages from similar region) or may be made up of 

rather heterogeneous exposures to several distinct regions. In the next chapter, based 

on the multi-factor model, we will provide a quantification criterion for measuring 

concentration risk. 

 

3 Measuring Concentration Risk 

3.1 The granularity assumption 

The issue of concentration risk in credit portfolio is mainly based on the ASRF 

model proposed by Gordy (2003). There are two main assumptions involved in ASRF 

model. First, it imposes a single systematic risk factor as the source of all dependence 

across exposures, the portfolio loss variable can be written as a function of the risk 

factor representing the systematic risk and a residual characterizing the idiosyncratic 

risk. Second, as the number of exposures in the portfolio increases, in the sense that 

the largest single exposure in total portfolio exposure vanishes to zero, idiosyncratic 

risk is diversified away at the portfolio level. Such a portfolio is called infinite 

fine-grained. Based on these two conditions and the law of large numbers, the 

portfolio loss rate converges to a function which is solely determined by the 

systematic risk factor. More formally, the portfolio loss rate can be expressed as: 

𝐿 − 𝐸[𝐿|𝑀𝑏𝑝] → 0, almost surely as �̅� → ∞                         (9) 

where 𝑀𝑏𝑝 is the systematic risk factor and 𝐸[𝐿|𝑀𝑏𝑝] is the conditional expectation 

of portfolio loss rate. Since the asymptotically fine-grained assumption might be 

much less satisfactory for real world portfolios, there will be a residual of 

undiversified idiosyncratic risk. On the other hand, the assumption of single risk 

factor cannot depict the distribution of exposures across sectors and thereby can lead 

to a biased estimation of risk for portfolios with unequally distributed sector structure. 

Hence, in order to account for sector concentration risk a more general model has to 

be considered. 

However, the importance of ASRF model is that it allows us to substitute the 

quantiles of 𝐸[𝐿|𝑀𝑏𝑝] for the corresponding quantiles of the loss rate  𝐿. Since 

𝐸[𝐿|𝑀𝑏𝑝] is a deterministic monotonically decreasing function of systematic risk 

factor 𝑀𝑏𝑝 , the VaR𝑞(𝐸[𝐿|𝑀𝑏𝑝])  can be expressed as 𝐸[𝐿|VaR1−𝑞(𝑀𝑏𝑝)] . 
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𝐸[𝐿|VaR1−𝑞(𝑀𝑏𝑝)] is simply the exposure weighted average of the individual assets’ 

conditional expected losses. A property of ASRF model is that capital charges are 

portfolio-invariant, i.e., the marginal capital required for an exposure depends only on 

its own characteristic, and not the characteristics of the portfolio in which it held. 

In the following, we show steps for calculating portfolio VaR based on ASRF 

model. First of all, with one factor Gaussian copula to model dependence between 

assets, the conditional expectation of 𝐿 can be written as:  

𝐸[𝐿|𝑀𝑏𝑝] =∑ 𝑤𝑖(1 − 𝑅𝑖)
�̅�

𝑖=1
𝑝𝑖(𝑀𝑏𝑝)                                    (10) 

where 𝑝𝑖(𝑀𝑏𝑝) is the probability of default of asset 𝑖 conditional on 𝑀𝑏𝑝, which is 

given by： 

𝑝𝑖(𝑀𝑏𝑝) = 𝑃𝑟(𝑥𝑖 ≤ 𝑐𝑖|𝑀𝑏𝑝) = 𝑁 (
𝑁−1(𝑝𝑖) − √𝜌𝑀𝑏𝑝

√1 − 𝜌
)             (11) 

Within the ASRF framework, it is assumed that all dependence across assets is 

due to common sensitivity to the single systematic factor 𝑀𝑏𝑝. Conditional on 𝑀𝑏𝑝, 

default events are independent between assets, i.e., each asset defaults with the 

conditional default probability are mutually independence. 

Secondly, based on the ASRF model, Gordy (2003) derives the economic capital 

which is measured as VaR at the 𝑞th percentile of the expected loss conditional on 

the systematic factor, VaR𝑞(𝐸[𝐿|𝑀𝑏𝑝]). Finally, as the use of ASRF framework for 

evaluating the reasonableness of the tranche’s rating, we only need to substitute 

survival probability of AAA bond for confidence level 𝑞 . Therefore, the AAA 

tranche’s theoretical attachment can be expressed as  

VaR𝑞(𝐸[𝐿|𝑀𝑏𝑝]) =∑ 𝑤𝑖(1 − 𝑅𝑖)
�̅�

𝑖=1
𝑝𝑖 (VaR1−𝑞(𝑀𝑏𝑝))                (12) 

Since 𝑀𝑏𝑝 is known as the standard normal distribution random variable. Then 

VaR1−𝑞(𝑀𝑏𝑝) = 𝑁
−1(1 − 𝑞), where 𝑁(∙) denotes the standard normal distribution 

function and 𝑁−1(1 − 𝑞) is the (1 − 𝑞)𝑡ℎ quantile of 𝑁(∙).1

                                                      
1 If we further assume homogeneity in terms of probability of default and LGD, the equation (12) is 

equivalent to the implied attachment point of AAA tranche derived by Hull and White (2010) for large 

and homogeneous portfolio assumption. 
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Let us note that the estimation of attachment point in equation (12) is under 

assumption that portfolio is infinitely fine-grained and there is only one risk factor. 

Hence, equation (12) omits the contribution of the residual idiosyncratic risk to the 

required subordination level. The occurrence of sector concentration directly results in 

violating the single factor assumption of the ASRF model and thereby can lead to 

over- or under- estimation of risk for portfolios with unequally distributed sector 

structure. However, the ASRF model developed by Gordy (2003) still provides a 

framework for explaining the issue of concentration risk and a straightforward and 

fast computation of attachment point. 

For a more accurate measurement of name and sector concentration we extend to 

the multi-factor model and with the analytical approximation method proposed by 

Pykhtin (2004) which use the single factor limiting loss distribution (infinite 

fine-grained loss distribution) as an approximation to the multi-factor loss distribution 

to derive theoretical attachment point. 

3.2 Quantification of concentration risk 

As mentioned above, for single factor model, Gordy (2003) replaces the original 

loss distribution with the loss distribution for an infinite fine-grained portfolio, whose 

VaR can be calculated analytically. However, the difference between the VaR of the 

original and the infinite fine-grained portfolio can be significant if the portfolio is not 

large enough. To estimate this difference, under the single factor framework, Martin 

and Wilde (2002) construct a random variable �̅� such that its quantile at level 𝑞, 

𝑉𝑎𝑅𝑞(�̅�), can be calculated analytically and is close enough to 𝑉𝑎𝑅𝑞(𝐿). They 

introduce a perturbed random variable 𝐿 = �̅� + 휀𝑈 to approximate the portfolio loss 

rate 𝐿, where 𝑈 = (𝐿 − �̅�) is defined as the perturbation term and 휀 is its scaling 

parameter. Then 𝑉𝑎𝑅𝑞(𝐿 ) can be calculated via the Taylor expansion in powers of 

휀 around 𝑉𝑎𝑅𝑞(�̅�). Evaluating the resulting formula and setting 휀 = 1, the VaR of 

the original portfolio can be presented as:2 

                                                      

2 By keeping terms up to quadratic in Taylor series, we can calculate the perturbed portfolio loss 

quantile as : 𝑉𝑎𝑅𝑞(𝐿 ) = 𝑉𝑎𝑅𝑞(�̅� + 휀0(𝐿 − �̅�)) +
𝜕

𝜕
𝑉𝑎𝑅𝑞(𝐿 )| = 0

(휀 − 휀0) +

1

2

𝜕2

𝜕 2 𝑉𝑎𝑅𝑞(𝐿 )| = 0
(휀 − 휀0)

2 + 𝑂(휀3). By letting 휀0 = 0, we get 𝑉𝑎𝑅𝑞(𝐿 ) = 𝑉𝑎𝑅𝑞(�̅�) +

𝜕

𝜕
𝑉𝑎𝑅𝑞(𝐿 )| =0 휀 +

1

2

𝜕2

𝜕 2 𝑉𝑎𝑅𝑞(𝐿 )| =0휀
2 + 𝑂(휀3). 
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𝑉𝑎𝑅𝑞(𝐿) = 𝑉𝑎𝑅𝑞(�̅�) +
𝜕

𝜕휀
𝑉𝑎𝑅𝑞(�̅� + 휀(𝐿 − �̅�))| =0 

+
1

2

𝜕2

𝜕휀2
𝑉𝑎𝑅𝑞(�̅� + 휀(𝐿 −  �̅�))| =0 + 𝑂

(휀3)                (13) 

since �̅�  is the one-factor infinitely fine-grained portfolio loss rate, i.e., �̅� =

𝐸[𝐿|𝑀𝑏𝑝], the calculation of 𝑉𝑎𝑅𝑞(�̅�) can be expressed in equation (12). Finally, the 

difference 𝑉𝑎𝑅𝑞(𝐿) − 𝑉𝑎𝑅𝑞(�̅�)  is the exact adjustment for the effect of 

undiversified idiosyncratic risk in the portfolio, which is also called granularity 

adjustment. 

A nature property of multi-factor model is that the computation of attachment 

point requires a Monte Carlo simulation of the portfolio loss distribution. Even if the 

portfolio is large enough to be considered infinite fine-grained, the portfolio loss rate 

can be replaced by the expected loss rate conditional on the systematic risk factors, as 

can be shown by applying the law of large numbers conditionally on the factors: 

          𝐿∞ = 𝐸[𝐿|{𝑀𝑏𝑝,𝑀𝑤𝑝,1, … ,𝑀𝑤𝑝,𝑛}] 

=∑𝑤𝑖(1 − 𝑅𝑖)𝑁 (
𝑁−1(𝑝𝑖) − ∑ (√𝛼𝜌𝑀𝑏𝑝 +√(1 − 𝛼)𝜌𝑀𝑤𝑝,𝑢)

𝑛
𝑢=1

√1 − 𝜌
)

�̅�

𝑖=1

(14) 

where 𝑀𝑏𝑝 and 𝑀𝑤𝑝,𝑢 , 𝑢 = 1⋯𝑛 all follow standard normal distribution. Because 

of the number of systematic risk factors is greater than one, it still requires 

time-consuming Monte Carlo simulation of the systematic factors. Moreover, there 

still exists a question about how large the portfolio needs to be for equation (14) to be 

considered accurate. 

In the following we based on the multi-pool correlation model proposed by Hull 

and White (2010) to construct a between- and within-region dependence structure. We 

then apply the method of Pykhtin (2004) to derive an analytic approximation for the 

attachment point. Pykhtin (2004) extend the granularity adjustment technique 

developed by Martin and Wilde (2002) to present an analytical method for calculating 

portfolio VaR in the multi-factor framework, which take the name and sector 

concentration into consideration simultaneously. 

Since it cannot calculate  𝐸[𝐿|{𝑀𝑏𝑝, 𝑀𝑤𝑝,1, … ,𝑀𝑤𝑝,𝑛}]  analytically in the 

multi-factor model, let alone the 𝑉𝑎𝑅𝑞(𝐸[𝐿|{𝑀𝑏𝑝,𝑀𝑤𝑝,1, … ,𝑀𝑤𝑝,𝑛}]). We start with 

by adopting Pykhtin (2004) methodology to construct the variable �̅� in the one factor 

setting. For simplicity, we assume that each mortgage of equal size and consider 

region dependent probability of default, which means the mortgages assign to the 
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same specific region then these mortgages have the same default probability. We then 

define �̅� : 

�̅� = 𝜇(�̅�) =∑ 𝜔𝑢(1 − 𝑅𝑢)
𝑛

𝑢=1
�̂�𝑢(�̅�)                                    (15) 

where �̅� is the single systematic risk factor, 𝜔𝑢 is weight of a region 𝑢 in the 

portfolio and  �̂�𝑢(�̅�) is the conditional probability of default for mortgages within 

region 𝑢, which is given by: 

�̂�𝑢(�̅�) = 𝑁 (
𝑁−1(𝑝𝑢) − 𝑎𝑢�̅�

√1 − 𝑎𝑢2
)                                         (16) 

where 𝑎𝑢 is the effective factor loading for region 𝑢. The construction of �̅� and the 

determination of 𝑎𝑢 are shown in Appendix A. 

After the construction of �̅�, on the basis of the work by Gourierou, Laurent, and 

Scaillet (2000) and Pykhtin (2004), we can derive the first two derivatives of VaR in 

equation (13) and expressed in a regional level: 

𝑉𝑎𝑅𝑞(𝐿) = 𝑉𝑎𝑅𝑞(�̅�) 

−
1

2𝜇′(�̅�)
[𝑣′(�̅�) − 𝑣(�̅�) (

𝜇′′(�̅�)

𝜇′(�̅�)
+ �̅�)]|

�̅�=𝑁−1(1−𝑞)

       (17) 

where 

𝑉𝑎𝑅𝑞(�̅�) =∑ 𝜔𝑢(1 − 𝑅𝑢)
𝑛

𝑢=1
�̂�𝑢(�̅�)                                   (18) 

𝜇′(�̅�) =∑ 𝜔𝑢(1 − 𝑅𝑢)
𝑛

𝑢=1
�̂�𝑢
′(�̅�)                                    (19) 

𝜇′′(�̅�) =∑ 𝜔𝑢(1 − 𝑅𝑢)
𝑛

𝑢=1
�̂�𝑢
′′(�̅�)                                   (20) 

where �̂�𝑢
′(�̅�) and �̂�𝑢

′′(�̅�)  are the first and second derivatives of conditional 

probability of default �̂�𝑢(�̅�): 

�̂�𝑢
′(�̅�) = −

𝑎𝑢

√1 − 𝑎𝑢2
 𝜙 (

𝑁−1(𝑝𝑢) − 𝑎𝑢�̅�

√1 − 𝑎𝑢2
)                           (21) 

�̂�𝑢
′′(�̅�) = −

𝑎𝑢
2

1 − 𝑎𝑢2
𝑁−1(𝑝𝑢) − 𝑎𝑢�̅�

√1 − 𝑎𝑢2
 𝜙 (

𝑁−1(𝑝𝑢) − 𝑎𝑢�̅�

√1 − 𝑎𝑢2
)            (22) 

where 𝜙(∙) is the standard normal density. 
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The 𝑣(�̅�) in equation (17) is the conditional variance of perturbation term 𝑈 

defined as 𝑣(�̅�) = 𝑣𝑎𝑟[𝑈|�̅� = �̅�] = 𝑣𝑎𝑟[𝐿 − �̅�|�̅� = �̅�]. Since �̅� is a deterministic 

function of �̅�, this implies that the conditional variance of 𝑈 is the same as the 

conditional variance of 𝐿  given �̅� = �̅� , i.e., 𝑣(�̅�) = 𝑣𝑎𝑟[𝑈|�̅� = �̅�] =

𝑣𝑎𝑟[𝐿|�̅� = �̅�]. We further decompose the conditional variance 𝑣(�̅�) into the sum 

of systematic and the idiosyncratic parts: 

𝑣𝑎𝑟[𝐿|�̅� = �̅�] = 𝑣𝑎𝑟[𝐸[𝐿|{𝑀𝑏𝑝,𝑀𝑤𝑝,1, … ,𝑀𝑤𝑝,𝑛}]|�̅� = �̅� ]⏟                          
𝑣∞(�̅�)

 

+𝐸[𝑣𝑎𝑟[𝐿|{𝑀𝑏𝑝,𝑀𝑤𝑝,1, … ,𝑀𝑤𝑝,𝑛}]|�̅� = �̅�]⏟                          
𝑣𝐺𝐴(�̅�)

         (23) 

The first term of the right hand side of equation (23) quantifies the difference 

between the multi-factor and single-factor infinitely fine-grained portfolio (we will 

denote this term as 𝑣∞(�̅�)). The second term of the right hand side of equation (23) 

describes the effect of the finite number of mortgages in the portfolio, i.e. it accounts 

for the difference between a finite number and an infinite number of mortgages in the 

portfolio (we will denote this term as 𝑣𝐺𝐴(�̅�)).  

As long as the distribution of mortgage alert from distributing on n regions to 

focus on single region or the regional factors are perfectly correlated, then the multi 

factor model will be reduced to single factor. The first variance term 𝑣∞(�̅�) 

disappears. As to the granularity adjustment term 𝑣𝐺𝐴(�̅�), it vanishes if the number 

of mortgages in the portfolio tend to infinity, i.e., �̅� → ∞. 

The conditional variance term of 𝑣∞(�̅�) can be expressed as: 

             𝑣∞(�̅�) =∑ 𝜔𝑢
2

𝑛

𝑢=1
(1 − 𝑅𝑢)

2[𝑁2(𝑁
−1[�̂�𝑢(�̅�)], 𝑁

−1[�̂�𝑢(�̅�)], 𝜌𝑢𝑢
𝑀 ) − �̂�𝑢

2(�̅�)] 

             +∑ ∑ 𝜔𝑢𝜔𝑡(1 − 𝑅𝑢)(1 − 𝑅𝑡)
𝑛

𝑡=1

𝑛

𝑢=1
 

             [𝑁2(𝑁
−1[�̂�𝑢(�̅�)], 𝑁

−1[�̂�𝑡(�̅�)], 𝜌𝑢𝑡
𝑀 ) − �̂�𝑢(�̅�)�̂�𝑡(�̅�)] 

where 𝑢 ≠ 𝑡   (24) 

where 𝑁2(. , . , . ) is a bivariate normal cumulative distribution function. Moreover, 

the derivative of 𝑣∞(�̅�) is given by 

         𝑣∞
′ (�̅�) = 2∑ 𝜔𝑢

2
𝑛

𝑢=1
(1 − 𝑅𝑢)

2�̂�𝑢
′ (�̅�)

[
 
 
 

𝑁

(

 
(1 − 𝜌𝑢𝑢

�̅� )𝑁−1(�̂�𝑢(�̅�))

√1 − (𝜌𝑖𝑗
�̅�)

2

)

 − �̂�𝑢(�̅�)

]
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+2∑ ∑ 𝜔𝑢𝜔𝑡(1 − 𝑅𝑢)(1 − 𝑅𝑡)
𝑛

𝑡=1

𝑛

𝑢=1
�̂�𝑢
′ (�̅�)                                           

[
 
 
 

𝑁

(

 
𝑁−1[�̂�𝑡(�̅�)] − 𝜌𝑢𝑡

𝑀𝑁−1[�̂�𝑢(�̅�)]

√1 − (𝜌𝑢𝑡
�̅� )

2

)

 − �̂�𝑡(�̅�)

]
 
 
 

 where 𝑢 ≠ 𝑡       (25) 

where 𝜌𝑖𝑗
�̅� is the correlation between mortgage i and mortgage j conditional on �̅�. 

If the mortgage i’s value 𝑥𝑖 is rewritten as: 

  𝑥𝑖 = 𝑎𝑢�̅� + (√𝛼𝜌 − 𝑎𝑢𝑏0)𝑀𝑏𝑝 + (√(1 − 𝛼)𝜌 − 𝑎𝑢𝑏𝑢)𝑀𝑤𝑝,𝑢 +√1 − 𝜌𝜉𝑖   

for all 𝑖 ∈ 𝑢  (26) 

We can observe that conditional on single systematic risk factor �̅�, individual loss 

was not independent. The correlation between mortgage i and mortgage j conditional 

on �̅� is given by: 

𝜌𝑖𝑗
�̅� =

{
 
 

 
 
𝜌 − 𝑎𝑖

2

1 − 𝑎𝑖
2                      if 𝑖 = 𝑗

𝛼𝜌 − 𝑎𝑖𝑎𝑗

√1 − 𝑎𝑖
2√1 − 𝑎𝑗

2

   if 𝑖 ≠ 𝑗 
                                    (27) 

where 𝑖 = 𝑗 and 𝑖 ≠ 𝑗 mean that mortgages belong to the same or distinct regions, 

respectively. 

The conditional variance term of 𝑣𝐺𝐴(�̅�) can be expressed as: 

𝑣𝐺𝐴(�̅�) =∑ 𝑤𝑖
2 ((1 − 𝑅𝑖)

2[�̂�𝑖(�̅�) − 𝑁2(𝑁
−1[�̂�𝑖(�̅�)], 𝑁

−1[�̂�𝑖(�̅�)], 𝜌𝑖𝑖
𝑀)]

�̅�

𝑖=1

+ 𝜎𝑖
2�̂�𝑖(�̅�))                                                                                                 (28) 

while its derivative is: 
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  𝑣𝐺𝐴
′ (�̅�) =∑ 𝑤𝑖

2
�̅�

𝑖=1
�̂�𝑖
′(�̅�)

(

 (1 − 𝑅𝑖)
2

[
 
 
 

1

− 2𝑁

(

 
𝑁−1[�̂�𝑖(�̅�)] − 𝜌𝑖𝑖

�̅�𝑁−1[�̂�𝑖(�̅�)]

√1 − (𝜌𝑖𝑖
�̅�)

2

)

 

]
 
 
 

   + 𝜎𝑖
2

)

                         (29) 

where 𝜎𝑖 is the standard deviation of mortgages 𝑖’s loss given default. 

We decompose the conditional variance 𝑣(�̅�) as the sum of systematic part 

𝑣∞(�̅�) and idiosyncratic part 𝑣𝐺𝐴(�̅�) in equation (23). Since equation (17) is linear 

in the conditional variance 𝑣(�̅�) and its first derivative, the quantile correction can 

be further decomposed into systematic adjustment term ∆𝑉𝑎𝑅𝑞
∞ and idiosyncratic 

adjustment term ∆𝑉𝑎𝑅𝑞
𝐺𝐴. It is given by: 

∆𝑉𝑎𝑅𝑞
∞ = −

1

2𝜇′(�̅�)
[𝑣∞
′ (�̅�) − 𝑣∞(�̅�) (

𝜇′′(�̅�)

𝜇′(�̅�)
+ �̅�)]|

�̅�=𝑁−1(1−𝑞)

       (30) 

∆𝑉𝑎𝑅𝑞
𝐺𝐴 = −

1

2𝜇′(�̅�)
[𝑣𝐺𝐴
′ (�̅�) − 𝑣𝐺𝐴(�̅�) (

𝜇′′(�̅�)

𝜇′(�̅�)
+ �̅�)]|

�̅�=𝑁−1(1−𝑞)

       (31) 

Compared with Martin and Wilde (2002) build on earlier work by Gordy(2003) 

on granularity adjustments in the ASRF model, the Pykhtin (2004) methodology 

allow us not only provide the adjustment deals with an unbalanced exposure 

distribution across names but also offers a treatment for an unbalanced distribution 

across correlated regions. To sum up, the region concentration and name 

concentration will be reflected in systematic part 𝑉𝑎𝑅𝑞(�̅�) + ∆𝑉𝑎𝑅𝑞
∞  and 

idiosyncratic part ∆𝑉𝑎𝑅𝑞
𝐺𝐴 in equation (17), respectively. 

3.3 The asymptotic limit of attachment point 

In this section, based on the infinitely fine-grained portfolio assumed by Coval, 

Jurek, and Stafford (2009 a) and Hull and White (2010), we can derive the asymptotic 

limit of attachment point. Under this framework, it helps us to highlight the impact of 

number of regions and the dependence structure on the attachment point. In the 

following, we make two main homogeneous assumptions in order to simplify our 

analysis. 
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Assumption 1 

We assume that each underlying mortgage has equal size (principal) and the number 

of mortgages in each region is identical, then the region weights 𝜔𝑢 can be expressed 

as: 

�̅�1

�̅�
=
�̅�2

�̅�
= ⋯ =

�̅�𝑛

�̅�
 

𝜔1 = 𝜔2 = ⋯ = 𝜔𝑛 =
1

𝑛
 

where �̅�𝑢 is the number of mortgages in region 𝑢 and �̅� is the total number of 

mortgages in the portfolio. 

Assumption 2 

Each mortgage in the portfolio has the same probability of default: 

𝑝1 = 𝑝2 = ⋯ = 𝑝𝑁 = 𝑝 

where 𝑝𝑖 is the default probability of mortgage 𝑖. 

A central insight of structured finance is that by pooling a large number of assets 

to reduce the overall risk of the underlying portfolio and with the prioritization 

scheme (known as traching) to manufacture several tranches that are safer than the 

average assets in the underlying portfolio. The more the risks be reduced by the 

process of pooling, the larger fraction of the issued tranches can end up with higher 

credit ratings than the average rating of the underlying pool of assets. 

Under assumption 1 and 2, the systematic part 𝑉𝑎𝑅𝑞(�̅�) + ∆𝑉𝑎𝑅𝑞
∞ and the 

idiosyncratic part ∆𝑉𝑎𝑅𝑞
𝐺𝐴  of the tranche’s attachment point 𝑉𝑎𝑅𝑞(𝐿)  can be 

expressed as function of number of regions 𝑛  and number of mortgages �̅� , 

respectively. The expression of each part is given in Appendix B. As might be 

expected, the attachment point decreases as we increase the number of mortgages and 

regions in the portfolio. On the one hand, as the number of mortgages in the portfolio 

goes infinite, we can derive asymptotic limit of attachment point. On the other hand, it 

seems that we can further to lower the asymptotic limit of attachment point just by 

distributing mortgages into more distinct regions. 
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Theorem 1 

If Assumption 1 and Assumption 2 are satisfied and as the number of mortgages and 

regions of the underlying portfolio go infinite, then the minimum attachment point is 

given by: 

𝑉𝑎𝑅𝑞(𝐿) = (1 − 𝑅)�̂�∞(�̅�)|�̅�=𝑁−1(1−𝑞)                                   (32) 

where 

�̂�∞(�̅�) = 𝑁 (
𝑁−1(𝑝) − √𝛼𝜌�̅�

√1 − 𝛼𝜌
)                                        (33) 

Proof. 

If the underlying portfolio consists of infinite number of mortgages and regions, 

i.e. as �̅� →∞ and 𝑛 →∞, then the effective factor loading for mortgages is 𝑎 =

√𝛼𝜌. The systematic part of the attachment point 𝑉𝑎𝑅𝑞(�̅�) can be expressed by: 

𝑉𝑎𝑅𝑞(�̅�) = (1 − 𝑅)𝑁(
𝑁−1(𝑝) − √𝛼𝜌�̅�

√1 − 𝛼𝜌2
)                               (34) 

and 

�̂�(�̅�) = 𝑁 (
𝑁−1(𝑝) − 𝑎�̅�

√1 − 𝑎2
) = 𝑁(

𝑁−1(𝑝) − √𝛼𝜌�̅�

√1 − 𝛼𝜌
) = �̂�∞(�̅�)            (35) 

In the limit 𝑛 → ∞, the systematic adjustment term ∆𝑉𝑎𝑅𝑞
∞ can be degenerated 

to (see Appendix B, equation (B3) ): 

∆𝑉𝑎𝑅𝑞
∞ 

= −(1 − 𝑅)

[
 
 
 

𝑁

(

 
𝑁−1[�̂�∞(�̅�)] − 𝜌𝑖𝑗∞

𝑀 𝑁−1[�̂�∞(�̅�)]

√1 − (𝜌𝑖𝑗∞
�̅� )

2

)

 − �̂�∞(�̅�)

]
 
 
 

 

     +
(1 − 𝑅)

2�̂�∞′ (�̅�)
[𝑁2(𝑁

−1[�̂�∞(�̅�)], 𝑁
−1[�̂�∞(�̅�)], 𝜌𝑖𝑗∞

𝑀 ) − �̂�∞(�̅�)�̂�∞(�̅�)] 

     (
�̂�∞
′′ (�̅�)

�̂�∞′ (�̅�)
+ �̅�)|

�̅�=𝑁−1(1−𝑞)

                                                                                            (36) 

Since the conditional correlation is 𝜌
𝑖𝑗∞
𝑀 = 𝛼𝜌 − 𝑎2 1 − 𝑎2⁄ = 0, then equation 
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(36) can be rewritten as: 

∆𝑉𝑎𝑅𝑞
∞ 

= −(1 − 𝑅)[𝑁(𝑁−1[�̂�∞(�̅�)]) − �̂�∞(�̅�)] 

     +
(1 − 𝑅)

2�̂�∞′ (�̅�)
[𝑁(𝑁−1[�̂�∞(�̅�)])𝑁(𝑁

−1[�̂�∞(�̅�)]) − �̂�∞(�̅�)�̂�∞(�̅�)] 

     (
�̂�∞
′′ (�̅�)

�̂�∞′ (�̅�)
+ �̅�)|

�̅�=𝑁−1(1−𝑞)

 

= 0                                                                                                                                             (37) 

This shows that when 𝑛  goes to infinity, ∆𝑉𝑎𝑅𝑞
∞  vanishes. As to the 

idiosyncratic adjustment term ∆𝑉𝑎𝑅𝑞
𝐺𝐴 (see Appendix B, equation (B4) ) will vanish, 

i.e. ∆𝑉𝑎𝑅𝑞
𝐺𝐴 → 0, in the limit �̅� → ∞. 

We now have 

𝑉𝑎𝑅𝑞(𝐿) = 𝑉𝑎𝑅𝑞(�̅�) + ∆𝑉𝑎𝑅𝑞
∞ + ∆𝑉𝑎𝑅𝑞

𝐺𝐴 = 𝑉𝑎𝑅𝑞(�̅�)                     (38) 

which means that in the limit �̅� → ∞ and 𝑛 →∞, both of the two adjustment term 

vanish. The attachment point of the tranche 𝑉𝑎𝑅𝑞(𝐿) is determined only by the 

systematic term 𝑉𝑎𝑅𝑞(�̅�). It follows that, other things being equal, the 𝑉𝑎𝑅𝑞(�̅�) is 

the minimum attachment point can be attained by increasing the number of mortgages 

and regions to infinity. 

 Under this minimum attachment point, we partial derivative of 𝑉𝑎𝑅𝑞(𝐿) with 

respect to intra-region correlation 𝜌 and inter-region correlation 𝛼, respectively, to 

illustrated the impact of dependence structure on attachment point.  

𝜕𝑉𝑎𝑅𝑞(𝐿)

𝜕𝜌
 

= (1 − 𝑅)
𝜕�̂�∞(�̅�)

𝜕𝜌
 

= (1 − 𝑅)
(√𝛼 2⁄ )[√𝛼𝜌𝑁−1(𝑝) − �̅�]

(1 − 𝛼𝜌)3 2⁄ √𝜌
𝑛 (
𝑁−1(𝑝) − √𝛼𝜌�̅�

√1 − 𝛼𝜌
) ≥ 0                           (39) 

where �̅� = 𝑁−1(1 − 𝑞), 𝑞 is equal to the survival probability of AAA rated bond 

and 𝑝 is the probability of default of underlying mortgages. Since the ability of 

structured finance to create safe tranche from otherwise risky collateral, then the 

condition (1 − 𝑞) ≤ 𝑝  must be satisfied. Furthermore, we combine with the 

condition √𝛼𝜌 ≤ 1 to derive [√𝛼𝜌𝑁−1(𝑝) − �̅�] ≥ 0 and hence 𝜕𝑉𝑎𝑅𝑞(𝐿) 𝜕𝜌⁄ ≥

0. 
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The partial derivative of 𝑉𝑎𝑅𝑞(𝐿) with respect to inter-region correlation 𝛼 is 

given by : 

𝜕𝑉𝑎𝑅𝑞(𝐿)

𝜕𝛼
= (1 − 𝑅)

(√𝜌 2⁄ )[√𝛼𝜌𝑁−1(𝑝) − �̅�]

(1 − 𝛼𝜌)3 2⁄ √𝛼
𝑛 (
𝑁−1(𝑝) − √𝛼𝜌�̅�

√1 − 𝛼𝜌
) ≥ 0      (40) 

with the characteristic of the structured product, we can show that [√𝛼𝜌𝑁−1(𝑝) −

�̅�] ≥ 0 and 𝜕𝑉𝑎𝑅𝑞(𝐿) 𝜕𝛼⁄ ≥ 0. 

These results suggest that, even attaining the asymptotic limit of attachment 

point, the attachment point decrease with the number of regions 𝑛 in the portfolio. 

However, from Theorem 1 we can observe that as �̅�, 𝑛 →∞, the attachment point 

will immunize from number of mortgages and regions. The level of attachment point 

is determined by its dependence structure. In the following, we will use numerical 

analytic to illustrate the impact of the two main ingredients of the loss distribution 

which are about the distributing weight across names and regions and the dependence 

structure on the attachment point. 

4 Numerical results and analytics 

This chapter is divided into two sections. In the first section, using the MBSs as 

an example, we illustrate that how the tranche’s risk profile is affect by the 

composition of an underlying asset pool. Section 4.2 provides the analysis of several 

types of concentration risks, which including the weight distribution of names and 

regions and the dependence structure. We then adopt the methodology proposed in 

last chapter to take concentration risk into consideration in the estimate of attachment 

point and evaluate the reasonability of assigning AAA rating to structured 

instruments. 

4.1 Assessing the risk characteristics of tranches of MBSs 

4.1.1  Contents of commodity contract  

First of all, we briefly discuss the characteristics of MBSs’ underlying mortgages 

and take these as reference for parameter setting. Typically, mortgages are amortized 

over 20 to 30 years, prepayment lead to a weighted average life of about five years. 

Therefore, we assume the durations of contract are five years. When determining the 

ratings of structured instruments created from mortgages, their losses are compared 

with the losses on bonds over a five year period. Table 1 reports statics from Moody’s 

for 1970 to 2011 concerning the cumulative five-year probability of default and 

expected loss for AAA and BBB bonds. 
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In Table 1, the cumulative five-year probability of default for AAA bonds is 

0.101%. Therefore, if the calculated probability of default on the tranche is less than 

or equal to 0.101%, the tranche is rated AAA. 

Table 1: Cumulative five-year probability of default and expected loss for AAA and BBB bonds 

 Moody AAA Moody BBB 

Default Probabilities 0.101% 1.875% 

Expected Loss 0.0606% 1.125% 

This table reports statistics from Moody’s for 1970-2011 concerning the cumulative five-year 

probability of default for AAA and BBB bonds. The expected loss is calculated from the probability of 

default, assuming a recovery rate of 40%. 

As to the number of assets involved in reference pool of structured finance are 

different across different instrument types. For a standard synthetic CDOs in which 

the collateral pool mainly consist of an index of reference securities, such as the 

Markit iTraxx Europe or CDX.NA.IG. In credit market, Markit iTraxx Europe and 

CDX.NA.IG are composed of 125 of the most liquidity of European and North 

American entities with investment grade credit ratings that trade in the CDS market, 

respectively. The Asset Backed Securities (ABS) issued by Yuanta Securities (security 

ticker: 00764MFJ1) and Aegis Asset Backed Securities Trust (security ticker: 

00764MFJ1) are securities created from 35 bonds and 1071 loans, respectively. 

Therefore, the range of the number of assets considered in our paper are referring 

to the structured instruments which are issued and traded in public market as mention 

above. We start with 10 assets to form the coarsest granular distribution and increase 

the number of assets to 100 and 1,000 gradually to evaluate the effect of name 

concentration on subordination level of a tranche. To simplify analysis, we construct a 

benchmark loan portfolio which is composed of 100 BBB rated mortgages and are all 

pooling from the same region. Meanwhile, we assume homogeneity in term of 

notional amount, probability of default, recovery rate and intra-region correlation, i.e., 

𝐴𝑖 = 𝐴, 𝑝 =1.875%, 𝑅 =40%, and 𝜌 =0.2. 

As shown in Table 2, as the result of prioritization scheme we can construct three 

different tranches against the reference pool. The attachment point and the detachment 

point define the size and subordination level of the each tranche. The equity tranche 

has the lowest attachment point of the structure 0% and a detachment point 6.51%. 

This tranche will be used to absorb the first 6.51% losses on the reference pool due to 

defaults. When the accumulated loss has exceed 6.51%, the equity tranche is wiped 

out. The next tranche is the mezzanine tranche which covers the cumulative loss in 

excess of 6.51% and up to a maximum of 14%. The senior tranche suffers loss only as 

the cumulative loss has in excess of 14%. Based on the probability of default criterion, 
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we evaluate the credit quality of each tranche. 

Table 2: Tranches structures and credit rating 

Tranches Attachment Point Detachment Point Credit Rating 

Senior Tranches 14% 100% AAA 

Mezzanine Tranches 6.51% 14% BBB 

Equity Tranches 0% 6.51% Unrated 

4.1.2  Characterizing tranche risk profile 

Based on the concept of conditional independence, the defaults in the underlying 

asset pool are independent given the realization of the systematic risk factor 

(economic state). Then the number of defaulted mortgages in the underlying asset 

pool in a given state 𝑀𝑢 follows a binomial distribution, with parameter 𝑝(𝑀𝑢) and 

�̅� trials. In practical, the underlying mortgages of MBSs are large enough, such that 

the binomial distribution will be well approximated by a normal distribution with 

mean  �̅� ∙ 𝑝(𝑀𝑢)  and variance, �̅� ∙ 𝑝(𝑀𝑢) ∙ (1 − 𝑝(𝑀𝑢)) .Therefore, the condition 

loss rate of underlying asset pool can be approximated by a normal distribution with 

mean (1 − 𝑅) ∙ 𝑝(𝑀𝑢) and variance, 
(1−𝑅)2

�̅�
∙ 𝑝(𝑀𝑢) ∙ (1 − 𝑝(𝑀𝑢)). 

 After constructing the distribution of condition loss rate of underlying asset 

pool, we can derive the conditional default probability of a tranche with attachment 

point 𝑎: 

𝑝𝑎(𝑀𝑢) = 𝑃𝑟(𝐿 > 𝑎|𝑀𝑢) = 1 − 𝑁

(

 √�̅�
𝑎 − (1 − 𝑅) ∙ 𝑝(𝑀𝑢)

(1 − 𝑅) ∙ √𝑝(𝑀𝑢) ∙ (1 − 𝑝(𝑀𝑢)))

  (41) 

In order to develop intuition for how securitization process affect the 

state-contingent loss, we begin by considering a tranche, called a digital tranche, that 

the tranche loss one if underlying asset pool loss exceeds the attachment point 𝑎, and 

zero otherwise. It is noteworthy that under the digital framework, the expected loss 

conditional on 𝑀𝑢 can be written as 𝑝𝑎(𝑀𝑢) and can be used to evaluate the rating 

of the tranche under a specific economic state 𝑀𝑢. 

 An essential concept in any risk-factor model is the distinction between 

unconditional and conditional default probability. A mortgage’s unconditional default 

probability is the probability of default before some horizon given all information 

currently observable. It is also called expected default frequency. The conditional 
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default probability is the probability of default we would assign the mortgage if we 

have known the realized value of the systematic risk factor at the horizon would be. 

The probability of default criterion adopted by rating agency is based on the concept 

of expectation, i.e., the average value of the conditional default probability across all 

possible realizations of the systematic risk factor. Since 𝑝𝑎(𝑀𝑢)  denote the 

probability of default for a tranche with attachment point 𝑎 conditional on realization 

of the systematic risk factor 𝑀𝑢, i.e., we have known the realized probability of 

default of the tranche under specific economic state, then we can judge the credit 

rating of the tranche under specific economic state. 

First of all, we construct the tranche to have the same unconditional default 

probability as the mortgages in the underlying asset pool. In this case, the expected 

loss on the tranche and underlying asset pool are identical, and two securities would 

command identical ratings. Figure 1 illustrates and compares the loss of the 

underlying asset pool and a digital tranche that have been constructed to have the 

same expected loss, as a function of the systematic risk factor (equation (41)). As we 

can see, there are almost no losses in the positive range of 𝑀𝑢 for the underlying 

asset pool and the tranche. Following the decline of the economic state, the 

underlying asset pool start to bear slight loss but the tranche still has zero loss. Once 

the macroeconomic situations deteriorate toward a critical point, then the loss of the 

tranche are close to unity. Consequently, relative to the underlying asset pool, the 

tranche has greater losses in bad state and lower losses in good state. From the 

conditional expected losses, we can observe that the rating of the tranche is more 

sensitive to systematic risk than underlying asset pool. The phenomenon suggests that 

pooling and tranching alter the risk of the underlying asset pool for manufacturing 

securities with increased systematic risk. 

 

Figure 1: Conditional expected loss of BBB tranches and underlying asset pool 
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The advantage of structured financial instruments is reducing risk by increasing 

numbers of assets and heterogeneous properties between assets. In the discussion 

above, the underlying asset pool is constructed with �̅� =100 and 𝜌 =0.2. In the 

following, we explore how the changing of number of mortgages and correlation 

between mortgages affect the risk profile of underlying asset pool and tranches. 

From equation (41) we can observe that, holding 𝜌 fixed, increasing the number 

of mortgages in the underlying asset pool will not affect the conditional expected loss, 

but will reduced the standard deviation of the conditional loss distribution of the 

underlying asset pool. Especially when the number of mortgages increases to infinity, 

Vasicek (1991) applies the law of large numbers to derive that the conditional loss rate 

of underlying asset pool will converge to its conditional expectation. The increasing 

of number of mortgages will not affect the conditional expectation of underlying asset 

pool, but changes the distribution of loss rate. This will alter the shape of each 

tranche’s loss distribution and leads the tranche’s rating to change. 

To examine how the number of mortgages in the underlying asset pool affects the 

risk profiles of tranches, so as with the increase in mortgages we adjust the attachment 

and detachment point simultaneously to maintain the rating of each tranche not to 

change. Table 3 illustrates the adjusted tranches: 

Table 3: Tranches with different mortgage numbers 

 𝑁 =10 𝑁 =100 𝑁 =1,000 

 Attachment 

Point 

Detachment 

Point 

Attachment 

Point 

Detachment 

Point 

Attachment 

Point 

Detachment 

Point 

Senior 

Tranches 

20.09% 100% 14% 100% 13.15% 100% 

Mezzanine 

Tranches 

9.65% 20.09% 6.51% 14% 6.03% 13.15% 

Equity 

Tranches 

0% 9.65% 0% 6.51% 0% 6.03% 

From Table 3, we can observe that when the number of mortgages increases from 

10 to 1,000, the attachment point of the AAA rated senior tranche decrease from 

20.09% to 13.15%. Since the more the mortgages are pooled together the more the 

idiosyncratic risks are diversified away, then the issuer can create a wider AAA rated 

tranche. Figure 2 displays the conditional expected loss of AAA rated tranche for 

various economic state. All curves have equal expected loss but different number of 

mortgages �̅�, where �̅� is either 10, 100, or 1,000. As with the increase in the 

number of mortgages in the underlying asset pool, the sensitivity of AAA rated 
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tranche to systematic risk increases. For example, as the underlying asset pool is 

comprised of 1,000 mortgages, market declines to a critical point then the tranche is 

wiped out immediately. It implies that even though the tranches have the same rating 

but with different number of underlying mortgages will induce a quite different risk 

profile. 

 

Figure 2: The effect of number of mortgages on the conditional expected loss of AAA rated 

tranche. The underlying asset pool is comprised of �̅� identical assets, where �̅� is either 10, 100, 

or 1,000. 

Our results are consistent with the finding of Coval, Jurek, and Stafford (2009a) 

who indicate that the prioritization scheme of structured finance causes the defaults of 

more senior tranche to, on average, be associated with progressively worse economic 

outcomes, i.e., the default risk of senior tranche is concentrated in systematically. 

Besides the investigation of the effect of number of mortgages, we further examine 

the effect of correlation between mortgages on the tranche’s risk characteristic. 

Next, we consider the underlying asset pool is comprised of 100 mortgages but 

with different level of correlation between mortgages. From the distribution of 

conditional loss rate of underlying asset pool, we can observe that the changing of 

correlation will alter the value of mean and the standard deviation of the distribution. 

Figure 3 shows conditional expected loss of the underlying asset pool for different 

correlations 𝜌. All curves have equal expected loss, i.e., these three underlying asset 

pools have same rating. We see that compared to the result of changing of number of 

assets will not affect the conditional expected loss rate of the underlying asset pool, 

the increasing of 𝜌 will rise the sensitivity of underlying asset pool loss rate to 

systematic risk . As we can expect, the alteration of the distribution of conditional loss 

rate of underlying asset pool will be reflected in the process of tranching and causing 
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a fluctuation of tranche’s raring. 

 

Figure 3: The effect of correlation on the conditional expected loss of underlying asset pool 

Meanwhile, inspecting how correlations affects the risk profile of tranches, as 

with the increase in correlation, we adjust the attachment and detachment point 

simultaneously to maintain the credit rating of each tranche not to change and the 

adjusted tranches are shown in Table 4: 

Table 4: Tranches with different correlations 

 𝜌 =0.05 𝜌 =0.2 𝜌 =0.75 

 Attachment 

Point 

Detachment 

Point 

Attachment 

Point 

Detachment 

Point 

Attachment 

Point 

Detachment 

Point 

Senior 

Tranches 

6.09% 100% 14% 100% 53.3% 100% 

Mezzanine 

Tranches 

3.82% 6.09% 6.51% 14% 17.6% 53.3% 

Equity 

Tranches 

0% 3.82% 0% 6.51% 0% 17.6% 

From Table 4, we observe that the effect of increasing correlation from 0.05 to 

0.75 is to increase the attachment point of AAA credit rating tranches from 6.09 % to 

53.3 %. The higher levels of 𝜌 imply higher probability of concentration of losses in 

the adverse states of economic. The increase in risk arising from correlation will 

decrease the percent of mortgage principal allocated to AAA tranches. Figure 4 plots 

the conditional expected loss of AAA tranches with different level of correlation. 

Even if the correlation is at low level 𝜌 = 0.05 , the steepness of the curve 

demonstrate that the AAA rated tranche has extreme sensitivity to systematic risk. 

Otherwise, when the number of mortgages are fixed to 100, the correlation increasing 
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from 0.2 to 0.75 amplify the sensitivity of AAA rated tranches to systematic risk. 

 

  Figure 4: The effect of correlation on the conditional expected loss of AAA rated tranches 

Finally, comparing Table 3 and Table 4, we find that the effect of increasing 

number of mortgages on the setting of attachment is less than the changing of 

correlation. For example, when number of mortgages reduces from 1,000 to 10, the 

attachment point of AAA rated tranche only increases 6.94%. However, the effect of 

increasing correlation from 0.05 to 0.2 is to increase the attachment point of AAA 

rated tranche by 7.91%. Once the correlation up to 0.75, attachment point of AAA 

rated tranche rises 47.21%. 

In this section, we consider a simplified underlying asset pool where all 

mortgages are from the same region to put emphasis on how the composition of the 

portfolio (number of mortgages and correlation between mortgages) influence the 

sensitivity of tranches to systematic factor. Typically, the number of underlying assets 

of CDOs are about 100, moreover, ABS are more than 1,000. In such a large 

diversified underlying asset pool, losses are driven by the systematic risk. As a result, 

tranches written against highly diversified collateral pool, let the dependence structure 

become the main ingredient of the risk profile. 

It is noteworthy that a sing factor model cannot capture any clustering of 

mortgage defaults due to common sensitivity to a specific regional factor, especially 

for the MBSs which pool mortgages from similar region. Hence, in the following 

section, in order to prudently measure all kinds of concentration risk, we evaluate the 

reasonability of the AAA rating assigned to structured products under the multi factor 

framework. 
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4.2 Assessing the concentration risk in tranches of MBSs 

We divide this section into four parts. The first part deal with the concentration 

risk arise from the distribution of exposures of mortgages to single borrower or 

different region, that is, we focus the effect of weight distribution of mortgages across 

names and regions on the attachment point. The second part, holding the weight 

distribution constant, we examine the impact of dependence induced concentration 

risk. The third part illustrate the relation between the weight distribution and the 

dependence structure in the underlying asset pool, and explore the interaction effect of 

weight distribution and dependence structure on the attachment point of a tranche. 

The fourth examine which type of concentration risk is the main determinant of 

attachment point. 

In order to measure the impact on attachment point of different level of 

concentration induced by weight distribution across names and regions, we construct 

a sequence of five underlying asset pool, each with increased regional concentration 

relative to the previous one. This increase in region concentration is also reflected in 

the HHI which is 0.2, 0.25, 0.4, 0.65 and 1, respectively. In this paper, we assumed 

that the exposures are evenly distributed to 100 and 1,000 mortgages, respectively. 

Then the weight distribution of each mortgage is equal to the reciprocal of number of 

mortgages. This implies that the more the mortgages in the underlying asset pool the 

lower the level of name concentration.  

Table 5 shows the sequence of underlying asset pool with increasing region 

concentration. The sequence of the five underlying asset pools is constructed by using 

the following algorithm. First of all, the underlying asset pool 1 is uniform distributed 

into five regions, i.e., the exposure weight of each region is 20%. In next step we 

remove 5% mortgages from all regions and add them to a region 5 to construct 

underlying asset pool 2. This procedure leads the exposure weight to the first four 

regions reduce from 20% to 15% and increase the exposure weight of the fifth region 

from 20% to 40%. This procedure is repeated until a single region underlying asset 

pool, which the total mortgages are total concentration on the fifth region. The HHI is 

given in the last law of Table 5 which is calculated at regional level. 
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Table 5: Sequence of underlying asset pools with increasing region concentration 

 
Underlying 

asset pool 1 

Underlying 

asset pool 2 

Underlying 

asset pool 3 

Underlying 

asset pool 4 

Underlying 

asset pool 5 

Region 1 20% 15% 10% 5% 0% 

Region 2 20% 15% 10% 5% 0% 

Region 3 20% 15% 10% 5% 0% 

Region 4 20% 15% 10% 5% 0% 

Region 5 20% 40% 60% 80% 100% 

HHI 0.2 0.25 0.4 0.65 1 

In this paper, we have applied the methodological framework proposed by 

Pykhtin (2004) who use the single factor limiting loss distribution as an 

approximation to the multi factor loss distribution to derive an analytical approximate 

attachment point for a tranche without running computationally intensive Monte Carlo 

simulations. The resulting formula consists of two analytical adjustment terms. The 

first component is the factor adjustment term which quantifies the difference between 

the multi factor and the single factor limiting loss distribution. The second component 

represents a correction for coarse granularity in the underlying asset pool, i.e., the 

granularity adjustment term. Whereas the single factor limiting loss distribution and 

the factor adjustment term are all belonging to non-diversifiable via increase the 

number of mortgages, we refer it to systematic part of attachment point, the 

granularity adjustment deals with an exposure distribution across names and as �̅� →

∞ then granularity adjustment term vanishes, so we indicate granularity adjustment 

term belongs to idiosyncratic part of attachment point. Hence, the estimation of 

attachment point 𝑉𝑎𝑅𝑞(𝐿) can be decomposed into systematic part 𝑉𝑎𝑅𝑞(�̅�) +

∆𝑉𝑎𝑅𝑞
∞ and the idiosyncratic part ∆𝑉𝑎𝑅𝑞

𝐺𝐴. 

4.2.1  The analysis of concentration risk arise from exposure distribution across 

names and regions 

In this section, as the dependence structure among mortgages is fixed, we then 

can focus on evaluating the effect of weight distribution across names and regions on 

attachment point of tranches. 

Under homogeneous assumption in terms of exposure weight of each mortgage, 

default probability, recovery rate, intra-factor correlation and inter-factor correlation, 

i.e., 𝑤𝑖 = 1 �̅�⁄ , 𝑝𝑖 = 𝑝 =0.05, 𝑅 =0.75, 𝜌𝑖 = 𝜌 =0.1, and α𝑢 = α =0.25. Table 6 

displays attachment point of AAA rated tranches with different weight distribution 

across names and regions. 
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Table 6: Attachment point of AAA rated tranches with different weight distribution across names 

and regions 

 Underlying 

asset pool 1 

Underlying 

asset pool 2 

Underlying 

asset pool 3 

Underlying 

asset pool 4 

Underlying 

asset pool 5 

Panel A: 𝑁 =100 

∆𝑉𝑎𝑅𝑞
∞

 0.0247% 0.0348% 0.0378% 0.0141% 0.0000% 

∆𝑉𝑎𝑅𝑞
𝐺𝐴 1.7349% 1.6331% 1.4367% 1.2897% 1.2024% 

Systematic 𝑉𝑎𝑅 3.7043% 3.9228% 4.4972% 5.2262% 6.0122% 

𝑉𝑎𝑅𝑞(𝐿) 5.4392% 5.5559% 5.9339% 6.5158% 7.2146% 

Panel B:𝑁 =1,000 

∆𝑉𝑎𝑅𝑞
∞

 0.0247% 0.0348% 0.0378% 0.0141% 0.0000% 

∆𝑉𝑎𝑅𝑞
𝐺𝐴 0.1735% 0.1633% 0.1437% 0.1290% 0.1202% 

Systematic 𝑉𝑎𝑅 3.7043% 3.9228% 4.4972% 5.2262% 6.0122% 

𝑉𝑎𝑅𝑞(𝐿) 3.8778% 4.0861% 4.6409% 5.3551% 6.1324% 

Panel A and Panel B show the value of attachment point of AAA rated tranche which is created from 

the pool of 100 and 1000 mortgages, respectively, with different exposure weight distributed across 

regions. The principal of underlying asset pool 1 is equally distributed across five regions. The 

composition of underlying asset pool 2 is that each of the first four regions contains 15% of total 

principal and the fifth region contains the remaining 40% of the total principal. The composition of 

underlying asset pool 3 is that each of the first four regions contains 10% of total principal and the fifth 

region contains the remaining 60% of the total principal. The composition of underlying asset pool 4 is 

that each of the first four regions contains 5% of total principal and the fifth region contains the 

remaining 80% of the total principal. The principal of underlying asset pool 5 is totally concentrated in 

the fifth region. 

First of all, as the underlying asset pool has the same weight distribution of 

mortgages among regions, we then can evaluate the impact of residual of 

undiversified idiosyncratic risk induced from name concentration on attachment point. 

Take underlying asset pool 1 as an example, where the underlying mortgages are 

evenly distributed into five regions, the only difference between Panel A and Panel B 

is the number of mortgages in the underlying asset pool. Hence, when comparing 

Panel A and Panel B of Table 6, as the number of mortgages increase from 100 to 

1,000, we can observe that, holding the regional distribution fixed, the systematic part 

of attachment point both are 3.7043%, the idiosyncratic part decrease from 1.7349% 

to 0.1735% and the attachment point of AAA rated tranches decrease from 5.4392% 

to 3.8778%. The decreasing magnitude of attachment point of AAA rated tranches is 

exactly due to the reduction of the granularity adjustment. Figure 5 illustrates the 

attachment point reduction for increasing number of mortgages. It shows that the 

number of mortgages held does reduce attachment point of AAA rated tranche 

however this reduction becomes negligible as �̅� gets large. These results suggest that 

the idiosyncratic risk can be diversified away to create a wider AAA rated tranche by 

adding more mortgages into the underlying asset pool. 
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Figure 5: The effect of number of mortgages on the attachment point of AAA rated tranche 

We also observe that name concentration is meaningful for smaller underlying 

asset pool, which is comprised of less numbers of mortgages. For example, as �̅� 

reduce from 1,000 to 100, the share of granularity adjustment in total attachment point 

rise from 4.47% to 31.89%3. This implies that the neglecting of name concentration 

will bias the estimate of the attachment point and leads to an overestimating of the 

credit rating of the tranche, especially for the smaller underlying asset pool. 

Secondary, as the mortgages in the underlying asset pool to be fixed at 

�̅� =1,000, we then evaluate the impact of region distribution on attachment point. 

From Table 6 Panel B, we can see that attachment point of underlying asset pool 1 and 

underlying asset pool 3 are 3.8778% and 4.6409%, respectively. As expected, the 

increase in region concentration will rise the attachment point. Attachment point for 

the totally concentrated underlying asset pool 5 is 6.1324%, which implies a 

substantial growth rate of 58.14% relative to the evenly distributed underlying asset 

pool 1. This result demonstrates the importance of taking region concentration into 

account when calculation attachment point. 

4.2.2  The analysis of concentration risk arise from dependence structure 

Coval, Jurek, and Stafford (2009b) points out that the rating of structured 

instruments are highly sensitive to changes in the baseline parameters. Even slight 

changes in default probabilities and correlations can have great impact on the ratings 

of tranches. MBSs carried the dual risk of high rates of default due to the low credit 

                                                      
3 The share of granularity adjustment in total attachment point is defined as ∆VaRq

GA VaRq(L)⁄ . 
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quality of the borrowers, and high levels of default correlation as a result of pooling 

mortgages from similar regions and vintages. However, due to the limitation of 

subprime mortgages data time length and neglecting the overlap in regions within 

mortgages pool causes biased estimation of default probability and correlation. The 

process of structured further magnified the effect of imprecise estimates of these 

parameters. As the overall economy goes down will trigger a meaningful rating 

downgrade for tranches. 

In this section, we assess the effect of concentration risk to attachment point of 

AAA rated tranche under different default probability scenarios. In practice, the 

underlying asset pool was allocated to (1) an equity tranche that was unrated, (2) a 

number of mezzanine tranches rated AA, A, or BBB, and (3) one senior tranche rated 

AAA. Principal was allocated to each tranche. Typically, 75% to 85% of the mortgage 

principal was allocated to AAA tranche, i.e., the attachment point for AAA rated 

trances was 15% to 25%. In other words, if the estimation of the attachment point 

(theoretical attachment point) exceeds 15%, we get the result that some of the AAA 

ratings assigned to tranches seem a little high. All of the AAA rated tranches are hard 

to justify when the theoretical attachment point exceed 25%.  

In evaluating the AAA ratings assigned to tranches, the definition of the scope of 

default probability is indispensable in scenario analysis. The issue of evaluating the 

AAA ratings assigned to MBSs has also been examined in a paper by Hull and White 

(2010). Contrary to the approach in our paper, it does not take concentration risk into 

consideration. However, we take reference to its settings of default probability in 

different risk scenarios and compare with it to highlight the role of concentration risk 

in the setting of attachment point. Data for the mortgage default experience from 1999 

to 2006 in the United States suggest a value for default probability of less than 5%. 

Until 2007 to 2010, due to the subprime mortgage crisis, an estimate of 10% would 

seem more prudent to use. Otherwise, we do not explicitly consider the prepayment 

behavior in our model. Therefore, we assumed that the effect of prepayment be 

reflected in the probability of default and even raise it to an extreme cases of 20%.  

In the following, we consider an underlying asset pool which is consist 1,000 

mortgages and these mortgages are uniformly pooling from two region A and region 

B. Each region has its own probability of default, 𝑝𝐴 and 𝑝𝐵. In low-default rate 

scenario, we let 𝑝𝐴 =5% and 𝑝𝐵 =10%. A different macroeconomic environment 

could be anticipated over the subprime mortgage crisis and the incorporation the 

effect of prepayments. We report results for value of 𝑝𝐴 =10% and 𝑝𝐵 =20% in a 

high-default rate scenario. 
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Table 7 presents the attachment point of AAA tranches from combining various 

values of the intra-region, inter-region correlations and default probabilities. Panel A 

and Panel B of Table 7 show the results for low-default-rate and high-default-rate 

situations, respectively. 

In Panel A, we observe that an increase in correlations increases the attachment 

point of AAA rated tranche, 𝑉𝑎𝑅𝑞(𝐿) . When intra-region and inter-region 

correlations are all equal to 0.05, the attachment point is 4.5296%. Ceteris paribus, as 

the intra-region correlation increases to 0.2, then attachment point increases to 

8.1953%. Relatively, when a 0.05 intra-region correlation is combined with a 0.95 

inter-region correlation, the attachment point becomes to 5.5638%. We can also find 

that in the low-default-rate situation and with the high level of correlations, i.e., 

𝜌 =0.3 and 𝛼 =0.95, the attachment point is 14.9555%. These results show that the 

internal credit enhancement of AAA rated tranche seems sufficiently to support its 

credit rating. 

Moreover, in the case of the underlying asset pool is comprised of 1,000 

mortgages, only slightly part of the attachment point can be attributed to granularity 

adjustment, ∆𝑉𝑎𝑅𝑞
𝐺𝐴 . The systematic part, 𝑉𝑎𝑅𝑞(�̅�) + ∆𝑉𝑎𝑅𝑞

∞ , is the main 

contribution to attachment point of AAA tranches. For example, as the intra-region 

and inter-region correlation are 0.2 and 0.5, the share of the systematic part in 

attachment point is almost 99%. On the other hand, Table 7 also shows that the lower 

the levels of correlation, the higher the share of granularity adjustment in attachment 

point. Suppose that the intra-region correlation is fixed at 0.05, as the inter-region 

correlation decrease from 0.5 to 0, the share of the granularity adjustment in 

attachment point increase from 3.9% to 5.1%. Keeping inter-region correlation at 0.5, 

the share of granularity adjustment in attachment increase from 2.1% to 3.9% along 

with the intra-region correlation decrease from 0.1 to 0.05. Since in the factor model 

framework, the low level of correlation between mortgages implies low sensitivity to 

systematic risk. This result also emphasizes the importance of name concentration on 

the evaluation of attachment point of tranches which are created from mortgages with 

low correlations and less numbers of mortgages within the underlying asset pool.  

At last, from Panel B of Table 7, we can observe that the aggregate tendency 

between the attachment point of tranches and correlations under high-default-rate 

scenario is consist with the result of low-default-rate scenario. However, the only 

difference is that all of the attachment points in high-default-rate scenario have 

substantial increase. In addition, from the viewpoint of composition of the underlying 

asset pool in Panel A is made up of one half the probability of default of 5% and one 

half the probability of default of 10%. As we replace the mortgages with default 
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probability 𝑝 =5% by mortgages with default probability 𝑝 =20% to form the 

underlying asset pool in Panel B, which means the raise of the default probability is 

the reason for the increase in attachment point, 𝑉𝑎𝑅𝑞(𝐿). This result suggests that the 

composition of the underlying asset pool is of critical importance for attachment point, 

i.e., for the pool is composed of low credit quality of the mortgages will greatly 

increase the level of required credit enhancement to support the rating. This is consist 

with the finding in Benmelech and Dlugosz (2010) which document that 64% of all 

downgrades in 2007 and 2008 were tied to securities that had HELs or first mortgages 

as collateral.
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Table 7: Attachment point of AAA tranches 

     Inter- 

region 

Intra-region 

0   0.05   0.5   0.95 

  𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞
∞

 ∆𝑉𝑎𝑅𝑞
𝐺𝐴 

 
𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞

∞
 ∆𝑉𝑎𝑅𝑞

𝐺𝐴  
 
𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞

∞
 ∆𝑉𝑎𝑅𝑞

𝐺𝐴  
 
𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞

∞
 ∆𝑉𝑎𝑅𝑞

𝐺𝐴 

Panel A: 

0.05 4.4735% 4.2278% 0.0189% 0.2268% 
 

4.5296% 4.2903% 0.0162% 0.2231% 
 

5.0457% 4.8461% 0.0043% 0.1952% 
 

5.5638% 5.3878% 0.0004% 0.1755% 

0.1 5.7791% 5.5620% 0.0487% 0.1684% 
 

5.8754% 5.6686% 0.0412% 0.1657% 
 

6.7813% 6.6262% 0.0094% 0.1457% 
 

7.7068% 7.5741% 0.0009% 0.1318% 

0.2 8.0235% 7.8045% 0.0932% 0.1259% 
 

8.1953% 7.9951% 0.0763% 0.1239% 
 

9.8358% 9.7115% 0.0145% 0.1097% 
 
11.5150% 11.4123% 0.0023% 0.1004% 

0.3 9.9899% 9.7959% 0.0880% 0.1060% 
 
10.2388% 10.0683% 0.0662% 0.1044% 

 
12.6047% 12.4992% 0.0120% 0.0934% 

 
14.9555% 14.8640% 0.0048% 0.0868% 

Panel B: 

0.05 7.4701% 7.1908% 0.0115% 0.2678% 
 

7.5556% 7.2817% 0.0109% 0.2629% 
 

8.3032% 8.0668% 0.0084% 0.2280% 
 

9.0068% 8.8010% 0.0013% 0.2045% 

0.1 9.1463% 8.9257% 0.0207% 0.1998% 
 

9.2866% 9.0710% 0.0194% 0.1962% 
 
10.5137% 10.3268% 0.0155% 0.1714% 

 
11.6596% 11.5019% 0.0026% 0.1551% 

0.2 11.7967% 11.6233% 0.0224% 0.1511% 
 
12.0297% 11.8580% 0.0230% 0.1486% 

 
14.0305% 13.8634% 0.0351% 0.1320% 

 
15.8201% 15.6916% 0.0064% 0.1221% 

0.3 14.0027% 13.8484% 0.0251% 0.1292% 
 
14.3166% 14.1552% 0.0341% 0.1274% 

 
16.9128% 16.7152% 0.0815% 0.1161% 

 
19.0568% 18.9329% 0.0129% 0.1110% 

Table 7 presents the attachment point of AAA tranches from combining various values of the intra-region, inter-region correlations and default probabilities. Panel A and 

Panel B of Table 7 shows the result for low-default-rate and high-default-rate situations, respectively. In low-default rate scenario, region A has default probability 𝒑𝑨 =5% 

and region B has default probability 𝒑𝑩 =10%. In high-default rate scenario, the default probabilities in region A and region B are 𝒑𝑨 =10% and 𝒑𝑩 =20%. Recovery rate 

in both region is fixed at 75%. 𝑽𝒂𝑹𝒒(𝑳) is the attachment point of AAA tranches. 𝑽𝒂𝑹𝒒(�̅�) is the attachment point of single factor limiting portfolio. ∆𝑽𝒂𝑹𝒒
∞

 is the 

multi-factor adjustment term. ∆𝑽𝒂𝑹𝒒
𝑮𝑨 is the granularity adjustment term. 
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In all cases mentioned above, we defined a constant recovery rate of 75% for 

all underlying mortgages. If this percentage is assumed to be the recovery rate in all 

situations, the worst possible loss on a portfolio of residential mortgages under the 

model would be 25%. Thus the 25%-100% senior tranche of MBSs could reasonably 

be considered safe. 

In the following, we adopted the stochastic recovery model proposed by Hull 

and White (2010). Hull and White (2010) indicated that as the default rate increases, 

the recovery rate for a particular asset class can be expected to decline because a 

high default rate leads to more of the assets coming on the market and thus a 

reduction in price. Hence, there exist a negative relationship between recovery rates 

and default rates. The stochastic recovery rate can be represented as: 

                                     𝑅𝑖 = 𝑅𝑚𝑖𝑛 + (𝑅𝑚𝑎𝑥 − 𝑅𝑚𝑖𝑛)exp(−𝑑𝑖�̂�𝑖)                                 (42) 

where 

                                      𝑑𝑖 = −
𝑙𝑛[(𝑅∗ − 𝑅𝑚𝑖𝑛) (𝑅𝑚𝑎𝑥 − 𝑅𝑚𝑖𝑛)⁄ ]

𝑝𝑖
                               (43) 

and �̂�𝑖 is the conditional default probability of mortgage 𝑖. As �̂�𝑖 increases from 0 

to 100%, the recovery rate decreases from 𝑅𝑚𝑎𝑥  to close to 𝑅𝑚𝑖𝑛 . When the 

conditional default probability �̂�𝑖  equals the expected default rate 𝑝𝑖 , then 

𝑅∗ =0.75. 

Table 8 presents the results of attachment point of AAA tranches based on the 

setting that recovery rate is a decreasing function of default probability. By 

comparing with the result of Table 7 and Table 8, we can see that the increasing 

magnitude of attachment point is much higher with the stochastic recovery rate 

model than with a constant setting, following the increasing default correlations or 

default probabilities. Suppose that the under the low-default-rate situation (Panel A 

of Table 7 and Table 8), intra- and inter-region correlation both are 0.05. The 

attachment point in constant recovery rate model and stochastic recovery rate model 

is 4.5296% and 7.7005%. Ceteris paribus, when the economy goes from boom to 

recession (Panel B of Table 8), the attachment point of the AAA rated tranche is 

12.0162%. As expected, the attachment point is 32.5929% when 0.3 intra-region 

correlation is combined with 0.5 inter-region correlation and under a 

high-default-rate situation. Otherwise, in Panel 8, as the mortgage pool is consist of 

1,000 mortgages, the name concentration effect seems to have slight impact on the 

estimation of attachment point. Intuitively, pooling of 1,000 mortgages allows for 

broad diversification of idiosyncratic risk. 
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Table 8 shows that most of the AAA ratings are difficult to justify when the 

stochastic recovery model is used. From Panel B of Table 8, we observe that even 

with the low correlations, i.e., 𝜌 =0.2 and 𝛼 =0, the attachment point is 22.0934%. 

As we further to consider the composition of 𝜌 =0.3 and 𝛼 =0.95, the attachment 

is so high (36.7392%) that an AAA rating for senior tranche is unwarranted. 

Therefore, under the stochastic recovery rate model, if the credit enhancement of 

AAA tranches doesn’t adequately increase, the AAA raring seems unreasonable. 
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Table 8: Attachment point of AAA tranches 

     Inter- 

region 

Intra-region 

0   0.05   0.5   0.95 

  𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞
∞

 ∆𝑉𝑎𝑅𝑞
𝐺𝐴  

 
𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞

∞
 ∆𝑉𝑎𝑅𝑞

𝐺𝐴 
 
𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞

∞
 ∆𝑉𝑎𝑅𝑞

𝐺𝐴 
 
𝑉𝑎𝑅𝑞(𝐿) 𝑉𝑎𝑅𝑞(�̅�) ∆𝑉𝑎𝑅𝑞

∞
 ∆𝑉𝑎𝑅𝑞

𝐺𝐴 

Panel A: 

0.05 7.5982% 7.2867% 0.0326% 0.2789% 
 

7.7005% 7.3984% 0.0281% 0.2740% 
 

8.6299% 8.3835% 0.0080% 0.2383% 
 

9.5499% 9.3355% 0.0008% 0.2136% 

0.1 10.7119% 10.4088% 0.0904% 0.2128% 
 
10.8998% 10.6139% 0.0768% 0.2091% 

 
12.6461% 12.4450% 0.0185% 0.1826% 

 
14.4106% 14.2446% 0.0018% 0.1642% 

0.2 15.6669% 15.3289% 0.1815% 0.1566% 
 
16.0107% 15.7079% 0.1490% 0.1539% 

 
19.2739% 19.1098% 0.0294% 0.1347% 

 
22.5959% 22.4697% 0.0045% 0.1218% 

0.3 19.7726% 19.4718% 0.1741% 0.1267% 
 
20.2715% 20.0158% 0.1312% 0.1245% 

 
24.9984% 24.8646% 0.0247% 0.1091% 

 
29.6833% 29.5746% 0.0096% 0.0991% 

Panel B: 

0.05 11.8712% 11.5438% 0.0217% 0.3057% 
 
12.0162% 11.6958% 0.0208% 0.2997% 

 
13.2688% 12.9959% 0.0151% 0.2578% 

 
14.4323% 14.2001% 0.0021% 0.2301% 

0.1 15.9508% 15.6771% 0.0421% 0.2315% 
 
16.2085% 15.9416% 0.0399% 0.2270% 

 
18.4348% 18.2085% 0.0304% 0.1959% 

 
20.4890% 20.3088% 0.0047% 0.1755% 

0.2 22.0934% 21.8706% 0.0522% 0.1705% 
 
22.5434% 22.3227% 0.0534% 0.1672% 

 
26.3727% 26.1575% 0.0701% 0.1451% 

 
29.7700% 29.6267% 0.0122% 0.1310% 

0.3 26.9314% 26.7309% 0.0618% 0.1387% 
 
27.5453% 27.3312% 0.0780% 0.1361% 

 
32.5929% 32.3144% 0.1593% 0.1192% 

 
36.7392% 36.6054% 0.0249% 0.1089% 

Table 8 presents the attachment point of AAA tranches from combining various values of the intra-region, inter-region correlations and default probabilities. Panel A and 

Panel B of Table 8 shows the result for low-default-rate and high-default-rate situations, respectively. In low-default rate scenario, region A has default probability 𝒑𝑨 =5% 

and region B has default probability 𝒑𝑩 =10%. In high-default rate scenario, the default probabilities in region A and region B are 𝒑𝑨 =10% and 𝒑𝑩 =20%. Recovery 

rate in both region are stochastic. 𝑽𝒂𝑹𝒒(𝑳) is the attachment point of AAA tranches. 𝑽𝒂𝑹𝒒(�̅�) is the attachment point of single factor limiting portfolio. ∆𝑽𝒂𝑹𝒒
∞

 is the 

multi-factor adjustment term. ∆𝑽𝒂𝑹𝒒
𝑮𝑨 is the granularity adjustment term. 
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4.2.3  The analysis of region concentration risk 

In this subsection, we explore the relationship between attachment point and 

sector concentration. Since the extent of region concentration depends on the 

distribution of exposures among regions and the correlation between the individual 

regions. We then investigate the interaction effect of regional weight distribution (in 

order to simplify our analysis we assume that the weight of each region equals the 

inverse of the number of regions) and inter-region correlation on the attachment point.  

To this end, we make homogeneous assumption in terms of exposure weight of 

each mortgage, default probability, and intra-factor correlation, i.e., 𝑤𝑖 = 1 �̅�⁄ , 𝑝𝑖 =

𝑝 =10%, and 𝜌𝑖 = 𝜌 =0.2. We adopt a stochastic recovery rate model. In order to 

simplify our analysis we further assume that the weight of each region equals the 

inverse of the number of regions, i.e., 𝜔𝑢 = 1 𝑛⁄ . Figure 6 shows the attachment 

point of AAA tranches for various values of the number of regions (vary from 1 to 

100) and the inter-region correlation (vary from 0 to 1). 

 

Figure 6: Attachment point of AAA tranches for different number of regions and inter-region 

correlations 

For a given number of regions, attachment point increases in Figure 5 with 

inter-region correlation as expected. For the number of regions 𝑛 =3, as the 

inter-region correlation increase from 0.2 to 0.6 will lead the attachment point 

increase from 17.86% to 22.47%. Figure 5 also shows that attachment point generally 

decreases when the number of regions increases for given inter-region correlation. 

These results can be explained by risk reduction through distributing mortgages into 

more regions with low correlation among each other. 
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Moreover, the higher the correlation between regions the more the benefits of 

distributing mortgages across regions will be eroded. For an inter-region correlation 

of 0.2, the number of regions increase from 2 to 5, the attachment point will reduce 

21.75%. All other things being equal, as the inter-region correlation 0.2 is substituted 

by 0.8, the attachment point will only reduce 3.78%. 

Table 9 describes the average marginal change in attachment point as a result of 

adding a new region at a time for various values of inter-region correlation. If the 

inter-region correlation approaches zero, then a one-unit increase in region can 

average reduce 1.225% of the attachment point. However, the marginal benefit of 

increasing number of regions decrease with increased inter-region correlation. In the 

limiting case of the inter-region correlation equal to 1, then the attachment point 

irrespective the number of regions. 

Table 9: Average marginal change of attachment points for different inter-region correlations 

Inter-Region 

Correlation 
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 

Average 

Marginal Change 

of Attachment 

Points 

-1.225 -0.905 -0.711 -0.568 -0.453 0.355 -0.269 -0.192 -0.123 -0.059 0 

In order to observe the effect on attachment points of tranches with increasing 

region numbers under different inter-region correlations. In Figure 6, the horizontal 

axis is inter-region correlation; while in Figure 7, we show the results in horizontal 

axis as number of regions. Next, Figure 8 displays the marginal effect of increasing 

region numbers. 

 

Figure 7: Attachment point of AAA tranches for different number of regions for 0, 0.1, 0.2, 0.5, 

0.9 and 1 inter-region correlations. 
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Figure 8: Marginal effect of attachment point of AAA tranches for different number of regions 

for 0, 0.1, 0.2, 0.5, 0.9 and 1 inter-region correlations. 

As expected, from Figure 7, the lower the correlation between regions, the 

greater the reduction in attachment point that can be achieved by distributing 

mortgages into more regions. Figure 8 shows that when the underlying asset pool is 

comprised of the lower number of regions (𝑛 ≤10) and with lower correlation among 

regions, then the higher the marginal effect of decreasing attachment point. However, 

the marginal effect is decreasing when number of regions included in the underlying 

asset pool are getting larger. In the case of 𝑛 =19, even though the inter-region 

correlation is zero, the average decreasing level of attachment point by every unit 

increase in regions is only 0.1%. Moreover, the marginal effect approaches zero when 

the number of regions attain a certain high level. In other words, the attachment point 

is irrespective of number of regions. 

Overall, when the inter-region correlation is low (𝛼 ≤0.3), even the underlying 

asset pool is comprised of 39 regions, the attachment point still can be reduced by 

adding extra regions. On the contrary, when the underlying asset pool is comprised 

over 24 regions with high inter-region correlation (𝛼 ≥0.7), we cannot reduce the 

attachment point by including more regions in the underlying asset pool. 

 In the following we examine the minimum value of attachment point which can 

be determined as the number of mortgages and the regions go infinite. We then further 

explore the impact of the dependence structure on the minimum attachment point. 
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Figure 9: Attachment points for different dependence structure 

Figure 9 shows that attachment point of the AAA rated tranche generally 

decrease when the intra-region correlation decreases for given inter-region correlation. 

For a given value of inter-region correlation 𝛼 =0.3, the attachment point decrease 

from 25.02% to 14.35% with the intra-region correlation decrease from 0.6 to 0.2. On 

the other hand, while keeping the intra-region correlation fixed, the lower the level of 

correlation between regions the lower the attachment point of tranches. This result 

suggest that when the minimum attachment point is attained, i.e., as 𝑁 ̅̅ ̅and 𝑛 → ∞, 

the attachment point cannot be reduced by lending in more mortgages or distributing 

mortgages into more regions. The only way to reduce the attachment point is by 

lowing the correlation between mortgages, which implies that the construction of 

underlying asset pool relies not only on the numbers of mortgages and regions but 

also the dependence structures. 

4.2.4  Comparing the concentration effect induced from distribution of exposures 

among names and regions and dependence structures 

In this subsection, we evaluate the effect of concentration which separately arose 

from distributing exposure to borrowers and regions and correlations between 

underlying mortgages on the attachment point. To simplify the analysis, we construct 

a benchmark underlying asset pool, which is comprised of 1,000 mortgages and 

uniformly distributed in 10 regions. Suppose further that the default probability, intra- 

and inter-region correlation are 𝑝𝑖 = 𝑝 =10%, 0.2 and 0.2. We adopt a stochastic 

recovery rate model. We then construct four different underlying asset pools with 

higher concentration than benchmark underlying asset pool by gradually increasing 

the concentration from distributing the mortgages to single borrowers, specific 
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regions, the level of intra- and inter-region correlation, respectively. 

 

Figure 10: Percentage change of attachment points for different concentration type 

From Figure 10, we can observe that the effect of concentration arise from 

intra-region correlation on attachment point is the largest, follow by inter-region 

correlation, number of distributing regions and the name concentration. This result 

implies that correlation-induced concentration is a more critical ingredient of 

determining the concentration effect on attachment point than numbers of elements. 

Therefore, when measuring the concentration risk of the underlying asset pool, not 

only number of mortgages and regions should be considered, but also the dependence 

structure. Especially for the underlying mortgages are distributing into several highly 

correlated mortgages, then the weight distribution of names and regions will amplify 

the effect of correlation structure on attachment point. 

As mentioned earlier, HHI is the most commonly used model-free concentration 

measure of portfolio in practical. However, HHI cannot distinguish between a 

portfolio which is highly concentrated towards a mortgage with a high correlation 

with other mortgages, and another portfolio which is equally highly concentrated, but 

towards a mortgage which is only weakly correlated with other mortgages. In this 

paper, we have used a model based approach for measuring concentration risk which 

can deal with more explicitly with exposure distribution and dependence structure. 

This make us to prudently evaluate the AAA ratings assigned to structured products. 

Finally, as the result of securitization process, it substitutes risks are largely 

diversifiable for risk that are highly systematic. At this time, the constitution of 

regional distribution and dependence structure determine the risk profile of tranches.  



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

52 

 

5 Conclusion 

Following the subprime mortgage crisis, market participants raised criticisms 

that the failure of rating agencies to properly assesses the risky structured instruments. 

Therefore, the first part of this paper explores how securitization process to affect the 

risk profile of tranches. The essence of securitization is that by pooling a variety of 

assets to reduce the level of concentration of certain asset classes to attained 

diversification. Under the homogeneous portfolio assumption, the increasing in the 

number of mortgages will not affect the conditional expected loss of the underlying 

asset pool but it substantially increase the exposure of tranches to systematic risk. 

This result is consistent with the finding of Coval, Jurek, and Stafford (2009 a) who 

indicate that the securitization process leads the default risk of tranche concentrate in 

systematically adverse economic states. Ceteris paribus, we further observe that the 

increase in correlation between mortgages will both raise the underlying asset pool 

and tranche’s exposure to systematic risk and the systematic risk sensitivity of 

tranches is much higher than underlying asset pool. 

Typically, MBSs is made up of hundreds or thousands of residential mortgages. 

Since most of the idiosyncratic risk is diversified away, then losses of tranches are 

driven by the systematic risk exposure. As a result, the dependence structure between 

mortgages has become the main ingredient in determining the risk profile of a tranche. 

Once the underlying asset pool is highly concentrated in regions due to an unequal 

distribution of exposures to several regions, this will amplify the effect of dependence 

structure on loss distribution of underlying asset pool and tranches. In the assessing of 

concentration risk, we adopt a model-based approach which can deal more explicitly 

with exposure distribution and dependence structure. We explore how the attachment 

point of AAA rated tranche is affected under different risk scenarios and with it to 

evaluate the whether the AAA ratings assigned to structured instruments by rating 

agencies were reasonable. 

We find that the impact of name concentration on attachment point is important 

for smaller underlying asset pool, and region concentration risk is the main 

contribution to attachment point for underlying asset pool of all sizes. For example, 

when we alter the distribution of mortgages from uniformly distributed in five regions 

to concentrate in a region, the attachment point of AAA will increase 58.14%. 

Moreover, other things being equal, attachment point increases with correlations. The 

rating are difficult to justify when the stochastic recovery model is combined with a 

high-default-rate situation, the AAA ratings seem too high. 

We also observe that the region concentration can indeed be reduced by 
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distributing the mortgages into more regions. However, this benefit tends to decrease 

as the increase of correlation between regions. Especially when the correlation 

approaches one, then the attachment point is irrespective of the number of regions. 

Finally, for the comparison of the effect of different type concentration risk (the 

concentration risk is induced by exposure distribution across names or regions, intra- 

and inter-region correlation, respectively) on attachment point, we find that the effect 

of dependence structure is larger than weight distribution. 

To sum up, concentration risk is indeed an important determinant for estimating 

the attachment point of tranches. In most cases, we can via increasing number of 

mortgages or widely distributed regions to reduce the concentration risk. For 

structured financial instrument, pooling of numerous assets allows for broad 

diversification of idiosyncratic risks. As for the efficiency of increasing the number of 

regions is affected by the level inter-region correlation. These results suggest that the 

correlation-induced concentration should not be ignored. 

AAA tranches created from subprime residential mortgages convinced investors 

that the tranche were almost completely free of risk. However, the one-dimensional 

nature of credit ratings based on expected loss or probability of default cannot fully 

gauge the riskiness of the structured instruments. On the other hand, the rating of 

structured instruments involved the application of a model rather than the traditional 

analysis and judgment methodology. The essence of pooling and tranching make the 

ratings are highly sensitive to the parameter estimation and modeling assumption. A 

modest imprecision in evaluating underlying default risks or correlations can 

dramatically alter the ratings of structured instruments. Therefore, investors should 

concern about not only the credit rating but also appreciate these securities’ intrinsic 

risk characteristics. 

This paper complements the issue of modeling risk in estimating the internal 

credit enhancement of structured instruments. The modeling risk mentioned here is 

the model uncertainty arises from the departure from ASRF framework. We elaborate 

how this uncertainty is reflected in the design of attachment point of tranches and 

evaluate the reasonability of ratings. However, the assumption of systematic and 

idiosyncratic risk factor to be normally distributed is a double-edged sword. The 

advantage of using normal distribution is that we can combine the methodological 

framework of Pyktin (2004) to derive an analytic and tractable expression for the 

quantification and analysis of concentration risk. The disadvantage of normal 

distribution is that it is not enough to portray heavy-tailed of default correlation in 

reality. Hence, the extension of using double-t model (Hull and White, 2004) or 

normal inverse gamma distribution (Kalemanova, Schmid, and Werner, 2007) allows 
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the following researcher to address issues of fat tails beyond those allowed by the 

normal distribution. 
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Appendix 1.A 

In single correlation model, the asset price 𝑥𝑖 is: 

𝑥𝑖 = 𝑎𝑖�̅� + √1 − 𝑎𝑖2휁𝑖 

where �̅�  is the single systematic factor. Therefore, the default in single factor 

granularity portfolio is: 

�̅� = μ(�̅�) =∑ 𝑤𝑖(1 − 𝑅𝑖)
�̅�

𝑖=1
�̂�𝑖(�̅�) 

                  Where �̂�𝑖(�̅�) = 𝑁 (
𝑁−1(𝑝𝑖)−𝑎𝑖�̅�

√1−𝑎𝑖
2
)                                         (𝐴1) 

�̅� is the single systematic factor, and 𝑎𝑖is the correlation of the 𝑖th asset to �̅�. We 

can numerically approximation the value-at-risk of single factor granularity portfolio, 

however, approximating 𝑉𝑎𝑅𝑞(�̅�) to 𝑉𝑎𝑅𝑞(𝐿) in multi-factor correlation model is 

needed. Assume �̅� is a linear combination by “between-sector” factor, 𝑀𝑏𝑝, and 

“within-sector” factor, 𝑀𝑤𝑝,𝑢: 

�̅� = 𝑏0𝑀𝑏𝑝 + ∑ 𝑏𝑢𝑀𝑤𝑝,𝑢
𝑛
𝑢=1  with ∑ 𝑏𝑢

2 = 1𝑛
𝑢=0  𝑓𝑜𝑟 𝑢 ∈ {1, … , 𝑛} 

Next, we construct the correlation between composite factor, {𝑀𝑢}𝑢=1,…,𝑛, and 

�̅�  to determine parameter 𝑎𝑖and 𝑏𝑢such that 𝑉𝑎𝑅𝑞(�̅�) sufficiently approximate 

𝑉𝑎𝑅𝑞(𝐿)。 

The composite factor of the 𝑖th asset in single correlation model is : 

𝑀𝑖 = 𝜌�̅��̅� + √1 − 𝜌�̅�
2휂𝑖                                                (𝐴2) 

where 휂𝑖  follows standard normal distribution and is independent to�̅�.𝜌�̅�  is the 

correlation between composite factor, 𝑀𝑖, and single systematic factor, �̅�: 

𝜌�̅� ≡ 𝐶𝑜𝑟(𝑀𝑖, �̅�) = 𝑏0√𝛼 + 𝑏𝑢√1 − 𝛼   for all 𝑖 ∈ 𝑢 

 By (A2), the asset price 𝑥𝑖 can be written in: 

𝑥𝑖 = √𝜌𝜌�̅��̅� + √1 − (√𝜌𝜌�̅�)
2
𝜍𝑖 ,   𝑖 = 1,⋯ ,𝑁 

where 𝜍𝑖 follows standard normal distribution and is independent to�̅�, meanwhile, 

conditional default of portfolio is: 
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𝐸[𝐿|�̅�] =∑ 𝑤𝑖(1 − 𝑅𝑖)𝑁

(

 
𝑁−1(𝑝𝑖) − √𝜌𝜌�̅��̅�

√1 − (√𝜌𝜌�̅�)
2

)

 
�̅�

𝑖=1
                  (𝐴3) 

From equation (A1) and (A3), if the condition below satisfies, then �̅� = 𝐸[𝐿|�̅�]. 

𝑎𝑖 = √𝜌𝜌�̅� = 𝑏0√𝛼𝜌 + 𝑏𝑢√(1 − 𝛼)𝜌    for all 𝑖 ∈ 𝑢 

Therefore, parameter 𝑎𝑖 is determined by {𝑏𝑢}𝑢=0,…,𝑘. To make sure 𝑉𝑎𝑅𝑞(�̅�) 

in single factor granularity can be approximated to 𝑉𝑎𝑅𝑞(𝐿)  in multi-factor 

correlation model. We need to choose the optimal {𝑏𝑢}𝑢=0,…,𝑛 by maximizing the 

correlation between �̅� and 𝑀𝑖, this means: 

𝑚𝑎𝑥
{𝑏𝑢}

(∑ 𝑐𝑖𝐶𝑜𝑟(�̅�,𝑀𝑖)
�̅�

𝑖=1
)  such that ∑ 𝑏𝑢

2 = 1
𝑛

𝑢=0
 

From Pykhtin (2004), we derive: 

{
 
 

 
 𝑏0 =∑ (

𝑐𝑖
𝜆
)√𝛼

�̅�

𝑖=1
                               

𝑏𝑢 =∑ (
𝑐𝑖
𝜆
)√1 − 𝛼   𝑢 = 1,…𝑛

�̅�

𝑖=1

 

𝑐𝑖 = 𝑤𝑖(1 − 𝑅𝑖) ∙ 𝑁 [
𝑁−1(𝑝𝑖) + √𝜌𝑁

−1(𝑞)

√1 − 𝜌
] 

where 𝜆 is lagrange multiplier which makes 𝑏𝑢satisfies the constraint ∑ 𝑏𝑢
2 =𝑘

𝑢=0

1. 

In this article, we assume assets in the same sector are homogeneous. This means 

we can derive �̅� in every sector since there are same probability of default, 𝑝𝑢, 

recovery of rate,  𝑅𝑢, and √𝜌 and 𝑎𝑢 separately correspond to composite facto, 

𝑀𝑢, and system single factor, �̅�, in the same sector. 
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Appendix 1.B 

From equation (17), (30) and (31), we define the attachment point for tranches 

by considering concentration risk:  

𝑉𝑎𝑅𝑞(𝐿) = 𝑉𝑎𝑅𝑞(�̅�) + ∆𝑉𝑎𝑅𝑞
∞ + ∆𝑉𝑎𝑅𝑞

𝐺𝐴                              (𝐵1) 

By assumptions 1 and 2, we rewrite every proportion in the equation above:  

𝑉𝑎𝑅𝑞(�̅�) =∑ 𝜔𝑢(1 − 𝑅𝑢)
𝑛

𝑢=1
�̂�𝑢(�̅�)|

�̅�=𝑁−1(1−𝑞)

= (1 − 𝑅)�̂�(�̅�)|�̅�=𝑁−1(1−𝑞)  (𝐵2) 

∆𝑉𝑎𝑅𝑞
∞ 

= −
1

2𝜇′(�̅�)
[𝑣∞
′ (�̅�) − 𝑣∞(�̅�) (

𝜇′′(�̅�)

𝜇′(�̅�)
+ �̅�)]|

�̅�=𝑁−1(1−𝑞)

 

= −
(1 − 𝑅)

𝑛
 

    

[
 
 
 

𝑁

(

 
𝑁−1[�̂�(�̅�)] − 𝜌𝑖𝑖

𝑀𝑁−1[�̂�(�̅�)]

√1 − (𝜌𝑖𝑖
�̅�)

2

)

 − 𝑁

(

 
𝑁−1[�̂�(�̅�)] − 𝜌𝑖𝑗

𝑀𝑁−1[�̂�(�̅�)]

√1 − (𝜌𝑖𝑗
�̅�)

2

)

 

]
 
 
 

 

    −(1 − 𝑅)

[
 
 
 

𝑁

(

 
𝑁−1[�̂�(�̅�)] − 𝜌𝑖𝑗

𝑀𝑁−1[�̂�(�̅�)]

√1 − (𝜌𝑖𝑗
�̅�)

2

)

 − �̂�(�̅�)

]
 
 
 

 

    + {
(1 − 𝑅)

2𝑛�̂�′(�̅�)
[𝑁2(𝑁

−1[�̂�(�̅�)], 𝑁−1[�̂�(�̅�)], 𝜌𝑖𝑖
𝑀)

− 𝑁2(𝑁
−1[�̂�(�̅�)], 𝑁−1[�̂�(�̅�)], 𝜌𝑖𝑗

𝑀)] 

    +
(1 − 𝑅)

2�̂�′(�̅�)
[𝑁2(𝑁

−1[�̂�(�̅�)], 𝑁−1[�̂�(�̅�)], 𝜌𝑖𝑗
𝑀) − �̂�(�̅�)�̂�(�̅�)]} 

     (
�̂�′′(�̅�)

�̂�′(�̅�)
+ �̅�)|

�̅�=𝑁−1(1−𝑞)

                                                                                            (𝐵3) 

∆𝑉𝑎𝑅𝑞
𝐺𝐴 

= −
1

2𝜇′(�̅�)
[𝑣𝐺𝐴
′ (�̅�) − 𝑣𝐺𝐴(�̅�) (

𝜇′′(�̅�)

𝜇′(�̅�)
+ �̅�)]|

�̅�=𝑁−1(1−𝑞)
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= −
1

2𝑁�̂�′(�̅�)

{
 
 

 
 

{(1 − 𝑅)2[�̂�(�̅�) − 𝑁2(𝑁
−1[�̂�(�̅�)], 𝑁−1[�̂�(�̅�)], 𝜌𝑖𝑖

𝑀)] + 𝜎𝑖
2�̂�(�̅�)}

− �̂�′(�̅�)

{
 

 
(1 − 𝑅)2

[
 
 
 

1 − 2𝑁

(

 
𝑁−1[�̂�(�̅�)] − 𝜌𝑖𝑖

�̅�𝑁−1[�̂�(�̅�)]

√1 − (𝜌𝑖𝑖
�̅�)

2

)

 

]
 
 
 

   

+ 𝜎𝑖
2

}
 

 

(
�̂�′′(�̅�)

�̂�′(�̅�)
+ �̅�)

}
 
 

 
 

|
|

�̅�=𝑁−1(1−𝑞)

                                                     (𝐵4) 

where 𝑎 = √𝜌√
1

𝑛
+ (1 −

1

𝑛
)𝛼；�̂�(�̅�) = 𝑁 (

𝑁−1(𝑝)−𝑎�̅�

√1−𝑎2
)； 

�̂�′(�̅�) = −
𝑎

√1−𝑎2
 𝑛 (

𝑁−1(𝑝)−𝑎�̅�

√1−𝑎2
)； 

�̂�′′(�̅�) = −
𝑎2

1−𝑎2
𝑁−1(𝑝)−𝑎�̅�

√1−𝑎2
 𝑛 (

𝑁−1(𝑝)−𝑎�̅�

√1−𝑎2
)； 

𝜇′(�̅�) = (1 − 𝑅)�̂�′(�̅�)；𝜇′′(�̅�) = (1 − 𝑅)�̂�′′(�̅�)；𝜌𝑖𝑗
�̅� = {

𝜌−𝑎2

1−𝑎2
                    if 𝑖 = 𝑗

𝛼𝜌−𝑎2

1−𝑎2
                  if 𝑖 ≠ 𝑗 
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How Loan Portfolio Diversification Affects U.S. Banks’ Return and 

Risk: Correlation and Contagion Perspectives. 

1 Introduction 

One fundamental implication of traditional portfolio theory is that diversification 

reduces the variance of returns for a portfolio of assets. Drawing on the analogy, the 

banking theory suggests that diversification reduces potential bank failures; and based 

on a delegated monitoring argument, it is optimal for financial intermediaries to be as 

diversified as possible (see, for example, Diamond, 1984; Diamond and Dybvig, 1986; 

Boyd and Prescott, 1986). However, recent studies find aggressive strategies of 

diversification to be responsible for the banks’ increased risk and impaired return, and 

suggest that more careful assessments need to be made of the costs and benefits of 

diversification (Acharya et al., 2006; Berger et al., 2010; Tabak et al., 2011). 

This study provides an alternative assessment of the costs of diversification in 

the presence of dependent relationships among the loan assets, namely, the correlation 

structure among loan assets within the portfolio and the contagion channels between 

loan assets cross the border of the portfolio. Based on data collected from the 

syndicated loan portfolio compositions of individual U.S. banks during 1987-2014, 

we examine how loan portfolio diversification, in the presence of asset correlation and 

contagion, affects bank profitability and riskiness. 

The dependent relationships under consideration are important for several 

reasons. First, the HHI is well known for its limitations for neglecting asset 

correlation. Diez-Canedo (2005) finds that asset correlation affects diversification and 

proposes a correlation adjusted concentration index in place of HHI. Düllamnn and 

Masschelein (2010) show that quantifying concentration risk (due to imperfect 

diversification) without a proper assessment of asset correlation could lead to biased 

estimates of the economical capital requirements for financial institutions. The 

economic capitals of portfolios with embedded correlated structures are found to be 

substantially higher than the ones without. These findings underline the necessity of 

taking asset correlation into account when measuring diversification. In this paper, 

asset correlation is referred to as the intra-portfolio correlation with respect to a loan 

portfolio.  

Second, the integration of interbank markets of recent decades provides greater 

scope of risk sharing, yet at the same time, a channel for cross border contagion 

(Bonfiglioli, 2008; Fecht, Gruner, and Hartmann, 2012). Cross border contagion 

results in the amplification of the banks’ idiosyncratic risk exposures which are 

otherwise assumed fully diversifiable under the Asymptotic Single Risk Factor (ASRF) 
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framework (Vasicek, 1987; Gordy, 2003) of Basel II IRB guidelines. The conditional 

independence assumptiom1 behind ASRF attributes the sources of default clustering to 

observable macroeconomic factors. However, Das, Duffie, Kapadia, and Saita (2007) 

find evidence of the ASRF failing to fully explain default clustering, suggesting the 

presence of contagion or frailty2. 

One line of the researches of credit contagion is to consider the information 

transfer effect. Lang and Stulz (1992) and Jorion and Zhang (2007) examine the 

intra-industry information transfer effects due to bankruptcy events. They find that 

Chapter 11 bankruptcies have negative impacts on industry peers. Hertzel and Officer 

(2012) further the investigation by considering how newly issued industry-specific 

bank loans are affected by the bankruptcy events of their rivals. The other approach to 

credit contagion is through contractual linkages. This effect arises when the default of 

one of the parties causes a ripple effect among its business partners. Jarrow and Yu 

(2001) provide a reduced-form framework where market-wide risk factors and 

firm-specific counterparty risk interact to affect bond prices. To empirically examine 

the contractual linkage contagion, Jorion and Zhang (2009) use the bankruptcy file to 

identify creditors of the filing firms. They find that bankruptcy announcements induce 

negative abnormal equity returns and an increase in CDS spreads of the creditors. 

Hertzel, Li, Officer, and Rodgers (2008) examine the contagion effects of bankruptcy 

filing and pre-filing distress along the supply chain. Supplier abnormal returns around 

both the distress and bankruptcy filing of a major customer are significantly negative 

on average. They further observe that contagion effects spread beyond reliant 

suppliers to their respective industries. In summary, subsequent to the bankruptcy 

announcement or financial distress of a firm, its creditors will have a direct loss on 

current credit exposure. In addition, market participants update their beliefs on the 

financial conditional of creditors with the expectation that a client’s default will also 

affect future earnings, i.e., they may further impair by the negative information about 

sales prospects and this effect can even spread to creditors’ industry. These related 

studies imply that contagion can hinge either upon information transfer effect or on 

the capital connections between firms. The question they try to answer is whether 

idiosyncratic shocks from one particular asset are propagated to the other assets via 

these transmission channels. Since a complex web of contractual relationships is 

always present therein with any loan portfolio. Contractual relationships bring about 

directional information transfer effects and counterparty risk. We argue in this paper 

that contractual relationships plays a role in the dependence structure, and affects the 

banks’ risk-return profiles. 

                                                      
1 Otherwise known as doubly stochastic assumption. 
2 Unobservable explanatory variables. 
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To sum up, assets are correlated because they are jointly exposed to the same 

macroeconomic factors plus possible other factors, which may include the 

firm-specific business ties or information transfer.  Hence, as regards the 

dependent relationships which may be caused by both systematic and idiosyncratic 

structure. The idiosyncratic dependence structure can be used to depict the contractual 

relationships between assets. 

As refer to dependence structure, intra-portfolio correlation is a common 

indicator for identifying the dependence characteristics of a portfolio and measuring 

the costs of diversification. However, correlation is composed of the covariance 

between assets normalized by the square root of the variance of the individual assets 

involved.  

The covariance captures the dependence between assets arising from correlated 

factors. For example, when a portfolio is composed of two assets and the dependence 

between these two assets originates only from macroeconomic factors, i.e., there exist 

no contractual relationship between these two underlying assets. We further assume 

that each underlying asset has its own distinct counterparties which are not included 

in the portfolio. The portfolio covariance only measure the strength and the direction 

of the relationship between these two underlying assets arising from systematic 

factors, but ignore the idiosyncratic dependence structure of each underlying asset. 

The higher the strength of connection between underlying asset and its 

counterparty, the higher the probability of the value fluctuation of the counterparty 

may through the idiosyncratic dependence structure to have influence on underlying 

asset’s value as to the return distribution of the portfolio. However, the higher the 

strength of connection between underlying asset and its counterparty which is outside 

the scope of the portfolio will not have any influence on the portfolio covariance 

measure, but that will cause the higher volatility of underlying asset return and results 

in lower level of correlation. From the perspective of portfolio management, when the 

correlation between underlying assets is positive, the higher the volatility of the 

underlying asset return, the wider the range of uncertainty on the portfolio return 

distribution. This implies a lower level of diversification. Hence, the only use of 

intra-portfolio correlation as diversification measure will bias the estimates. Studying 

the dependence structure is important especially for some underlying assets with 

extensive linkages would tend to be more prone to external shocks than assets with 

less.3 In this paper, we take the idiosyncratic dependence structure into consideration 

                                                      
3 Phylaktis and Xia (2009) examine whether unexpected shocks form a particular market, or group of 

markets, are propagated to the sectors in other countries. The result confirm the sector heterogeneity of 
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in the measurement of the degree of diversification. 

In the first part of the paper, we extend the standard factor model to include 

additional latent factors, which are used to depict the idiosyncratic infectious effect. 

Furthermore, according to the position of each underlying asset’s counterparties 

which are included in the portfolio or not, we decompose the idiosyncratic 

dependence structure into inner and outer transmission channels, respectively. In this 

framework, we are able to show the impact of different types of transmission channels 

on the measure of correlation and the degree of diversification. 

In the second part we undertake an empirical investigation of how loan 

diversification affects banks’ profitability and riskiness. To prudent measure the extent 

of diversification, especially from the perspective of asset dependence structure, we 

decompose the dependence measure into two categories. The first category aims at 

intra-portfolio correlation, which measures the dependence between assets within the 

portfolio. The second category is aimed at the idiosyncratic part of the dependence 

structure of the underlying assets. However, in this paper we endeavor to investigate 

the unidirectional contagion effect which is focus on the risk that the fluctuation of an 

asset which is not included in the portfolio through outer transmission channels 

triggers the co-movement of its counterparty within the portfolio. Hereafter, we call it 

customer contagion effect.4 Hence, as proxies of diversification, we consider a 

traditional exposure weight measure and two dependence measures: the HHI, the 

intra-portfolio correlation and customer contagion. Each type of measures has 

different definitions. For example, while the HHI considers diversification as equal 

exposure to every industry and the intra-portfolio correlation measure uses the equally 

weighted average pairwise correlation across industries held in the portfolio to 

construct proxy of diversification, respectively.5 However, before we discuss the 

customer contagion effect, we have to define what exactly contagion is and how to 

measure it. In this paper, we follow the definition of contagion as excess correlation, 

                                                                                                                                                        

contagion. One point to note is the information technology stands out as a sector, as it is more globally 

integrated regardless of its geographic location. On the other hand, utilities sector is less affected by 

global shocks. This implies that there are sectors that can still provide a channel for achieving the 

benefits of international diversification during crises despite the prevailing contagion at the market 

level. 

4 Hertzel et al. (2008) indicated that supplier abnormal returns around both the distress and bankruptcy 

filing of a major customer are significantly negative on average, i.e., the contagion effect are mainly 

propagated from the customer to its supplier. 

5 Campbell, Lettau, Malkiel and Xu (2001) use the equally weighted average pairwise correlation 

across stocks held in the portfolio to measure the portfolio correlations. 
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that is, correlation over and above what one would expect from macro fundamentals 

(Bekaert, Harvey, and Ng, 2005; Phylaktis and Xia, 2009; Bekaert, Hodrick, and 

Zhang, 2009; Bekaert, Ehrmann, Fratzscher, and Mehl, 2014). Our paper adopt the 

approach of Bekaert et al. (2009) and employ the Fama French three-factor model to 

capture movements in asset return. The model allows for decomposition of empirical 

correlation of asset return into correlation between risk factors, which represents the 

fundamental co-movements between assets, and correlation between idiosyncratic 

shocks, which captures the excess co-movements beyond expectation. We use of the 

residual correlation to gauge the correlation that is originated from idiosyncratic 

dependence structure and provide in a single number the extent of contagion effect. 

After that, we focus on the customer contagion effect. In our paper we gather 

contractual relationship information on underlying industry’s customers from 

Compustat’s Segment Database to specify the direction of contagion effect. Under the 

supply chain framework, we then set forth that the higher the extent of connection 

between the underlying industry and its outer customers, the higher the contagion 

risks the underlying industry itself has to bear. In summary, portfolios that have higher 

HHI, greater intra-portfolio correlation or higher level of contagion measure face 

more concentration risk. 

Recent research presents the notion of correlation asymmetry, i.e. the correlation 

among equity return tend to be much greater on the downside than on the upside 

(Longin and Solnik, 2001; Ang and Chen, 2002). The sizes of these co-movements 

have led many researches to raise the question of whether tranquil period and turmoil 

period are to be interpreted as different regimes in the propagation of shocks.6 Given 

the asymmetric correlation views in the literature, we further examine whether the 

diversification effects on bank return and risk would differ across tranquil and turmoil 

periods. 

Our paper makes a number of contributions to the literature. According to the 

contractual relationship between assets, we split the assets into two distinct types, 

primary sector (customer) and secondary sector (supplier), to specify the direction of 

the shock transmit from primary sector to secondary sector via the idiosyncratic 

transmission channels. We find that as each underlying asset has more counterparties 

in common, indicating a higher degree of overlap in transmission channels, that will 

                                                      
6 During financial crises, markets tend to move more closely together as compared to tranquil periods. 

The size of these co-movements are frequently referred to as contagion. Many papers have studied the 

contagion effect on equity market (Forbes and Rigobon, 2001, 2002; Corsetti, Pericoli, and Sbracia, 

2005; Bekaert et al., 2005). All of them focus on the empirical evidence at the market level and 

examine whether contagion exist across markets during financial crises. 
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lower the extent of diversification of the portfolio. In particular, the higher the overlap 

of the outer transmission channels, the intra-portfolio correlation contains a higher 

extent of outer transmission information. This implies that the intra-portfolio 

correlation can capture the degree of diversification more accurately. On the contrary, 

the lower the overlap of the outer transmission channels, the intra-portfolio correlation 

will has a poorer estimation of diversification. Therefore, the only use of the 

intra-portfolio correlation as a diversification proxy has some potential biases. 

In this paper, an actual portfolio of bank syndicated loans was used to investigate 

the issue of focus versus diversification and verify the inference of the model. Our 

findings, compared to the extant literature, are based on a more prudent measure of 

bank diversification that put more emphasis on the dependence structure of the 

underlying assets. Our results suggest that under the tranquil period, a more 

concentrated weight distribution of the bank portfolio or higher intra-portfolio 

correlation all implied a lower degree of bank diversification, and would decrease the 

bank's return and increase its risk. According to the contractual structure, we find that 

the contagion estimated based on the transmission channels between the underlying 

industry and its outer customer industries has a significantly explanatory ability for 

the return and risk of the bank. It indicates the importance of using supply chain to 

portray how the external shocks are propagated and affect banks’ return and riskiness. 

The above shows that bank portfolios should be uniformly distributed in industries, 

with low correlation among underlying industries or select assets with lower 

connection with its customer industries to improve return and reduce risk. This 

supports the policy of the Basel Concordat that requires banks to implement 

diversification. It is noteworthy that, in addition to the intra-portfolio correlation, the 

portfolio concentration triggered by the customer contagion effect from the outside 

industry through the supply chain structure is indeed one of the decisive factors 

affecting the bank profitability and safety. 

Another interesting contribution of our study is that we further limited the 

sample period to the turmoil period, in response to the impact of increased correlation 

in stressed market conditions on the measurement of diversification. We find that 

during the crisis, the selection of industries by banks should focus on several specific 

industries, with low correlation among constituent industries, or with low connection 

between underlying industries and its’ outer customer industries. Focusing on specific 

industries is to maximize monitoring efficiency to catch problem loan before matters 

deteriorate too far, and assembling a portfolio with low correlation among the 

constituent industries is to reduce the possible of return co-movement, which, in turn, 

reduces the portfolio’s concentration risk. As we can see, if the HHI is used as an 
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indicator for the degree of portfolio diversification, the result shows that a higher 

concentration could improve the bank return and decrease risk during the crisis period, 

which is inconsistent with the effect in the tranquil period. Once the dependence 

structure is incorporated, lending to industries with low correlation to each other or 

with low extent of connection between underlying industries and its’ outer customer 

industries will all reduce the degree of portfolio concentration. This implies that if we 

only use the HHI to measure the portfolio diversification, it will overestimate the 

degree of the overall portfolio concentration and lead to a biased interpretation. 

Finally, the study finds that a higher overlap ratio of the outer transmission 

channels will reduce the explanatory ability of the customer contagion effect for bank 

return and risk, and that such phenomenon would not differ across sample periods. It 

confirms the discussion in the model regarding the role of overlap ratio of outer 

transmission channels in the correlation measure, namely the higher the overlap ratio 

of outer transmission channels, the more the information of the outer connection will 

be contained in the intra-portfolio correlation. From the syndicated loan portfolio of 

the banks, we can see that 72.73% of the portfolios are with zero outer overlap ratio. 

It once again highlights that the customer contagion effect originates from the outside 

connection channel cannot be overlooked. 

The remainder of this paper is structured as follows. In Section 2, we construct a 

theoretical model to illustrate the idiosyncratic infectious effect on the measurement 

of bank diversification. In Section 3, we describe the data sources, variable definitions 

and explains the paper’s methodology. Section 4 presents our empirical result. Finally, 

section 5 provides concluding remarks. 

 

2 The Models 

For traditional portfolio theory, we know that diversification increases the central 

tendency of the distribution of a loan portfolio. The rationale behind this strategy is 

that diversification reduces both the upside and downside potential and allows for 

more consistent performance under a wide range of economic conditions. In this 

section we provide an illustration that not only the weight distribution among assets 

within portfolio but also the dependence structure of assets which breed co-movement 

of asset return can play a critical role in diversification. 

2.1 A factor model with sector-specific latent factor 

Our model is an extension to standard factor model as it is used in CreditMetrics 

and also in the Basel II Capital Accord. Let us first set up a single-factor model. We 
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consider a portfolio of loans to 𝑛  distinct sectors. Sectors are defined in the 

following as industries. 

In the standard factor model, sector 𝑖’s standardized asset return is driven by a 

common factor and an idiosyncratic factor, that is: 

𝑟𝑖 = √𝜌𝑀 +√1 − 𝜌𝜉𝑖                                                   (1) 

where 𝑀~𝑁(0,1) and 𝜉𝑖~𝑁(0,1) are both normalized i.i.d. random variables and 

mutually independent. 𝑀 is a systematic factor which represent global economy that 

may affect sectors’ return in a systematic way. 𝜉𝑖 is the idiosyncratic (sector-specific) 

risk factor. Factor loading √𝜌 measures sector 𝑖’s sensitivity to systematic risk. 

Our model builds on and ties into previously documented evidence that the 

unexpected shocks from a particular sector, or group of sectors, are propagated to 

other sectors. Reflecting implications for sectors that are connected along the 

contractual relationships. Therefore, we split the sectors in the portfolio into two 

distinct types, primary sector and secondary sector, i.e. the set of sectors is reordered 

so that the first 𝑛1 sectors are primary sectors and the next 𝑛2 sectors belong to 

secondary sectors. Primary sectors’ return processes depend on generally systematic 

and idiosyncratic factors. As a fluctuation of primary sector’s asset return would cause 

waves to the return of secondary sector via the contractual relationships, which we 

refer to as via the idiosyncratic transmission channels.7 

However, there might be several sectors are not included in the portfolio, but 

these sectors may still through these idiosyncratic transmission channels to have 

influence on the sectors within the portfolio. We further assume that there are 𝑚 

outer primary sectors, which means the performance of 𝑚 sectors may have impact 

on the portfolio. This strict ex-ante segmentation, which is also used by Jarrow and Yu 

(2001) in default intensity model, to describe the counterparty risk and make sure the 

direction of the shock transmission from primary sector to secondary sector. 

In the first steps, we construct the asset return for primary sectors, that is rough 

the same as standard factor model, besides the idiosyncratic term. According to the 

definition, contagion occurs when a sector-specific shock becomes regional or 

common. Hence, in this paper we decompose the idiosyncratic structure into a latent 

variable and a residual idiosyncratic risk factor. An illustration of this concept is 

                                                      
7 In analogy to the literature of contagion effect on equity market, contagion occurs when a 

country-specific shock becomes regional or common. Contagion is defined as the shocks from a 

particular market are propagated to other markets via the idiosyncratic channel. (e.g., Corsetti et al., 

2005; Phylaktis and Xia, 2009; and Bekaert et al., 2009) 
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provided by the following factor model. The asset process for the primary sector is 

then given by ( 𝑖 ∈  primary sectors): 

𝑟𝑖 = √𝜌𝑀 +√1 − 𝜌𝜉𝑖                                                    (2) 

𝜉𝑖 = √휃휂𝑖 + √1 − 휃휀𝑖                                                     (3) 

where 휂𝑖 is the standardized normally distributed latent factor and 𝑀, 휂𝑖 and 휀𝑖 

are independent from each other. 

For secondary sectors, we assume that their asset return processes have the 

following form ( 𝑗 ∈  secondary sectors):8 

𝑟𝑗 = √𝜌𝑀 +√1 − 𝜌𝜉𝑗                                                  (4) 

𝜉𝑗 = √𝛼휁𝑗 + √1 − 𝛼휀𝑗                                                    (5) 

휁𝑗 =∑ 𝜔𝑗𝑙𝛿𝑗𝑙휂𝑙
𝑛1

𝑙=1
+∑ 𝜔𝑗𝑘𝛿𝑗𝑘

(𝑛+𝑚)

𝑘=(𝑛+1)
휂𝑘                                 (6) 

where 휁𝑗~𝑁(0,∑ 𝜔𝑗𝑙
2𝑛1

𝑙=1 𝛿𝑗𝑙
2 + ∑ 𝜔𝑗𝑘

2(𝑛+𝑚)
𝑘=(𝑛+1) 𝛿𝑗𝑘

2 ) is a composite factor. We define 

𝜔𝑗𝑙 the relative exposure of the sector 𝑗 to sector 𝑙 and 𝛿𝑗𝑙 measures sector 𝑗’s 

original sensitive to sector 𝑙-specific shock. This means the transmission of shock 

from primary sector to secondary sector is mainly through the latent factor 휂𝑖 (𝑖 =

1,⋯ , 𝑛1, 𝑛 + 1,⋯ , 𝑛 + 𝑚). As the sector-specific shocks 휂𝑖  of primary sector 𝑖 

become a regional or common factor which have impact on the asset return of 

secondary sectors. √(1 − 𝜌)𝛼𝜔𝑗𝑙𝛿𝑗𝑙  and √(1 − 𝜌)𝛼𝜔𝑗𝑘𝛿𝑗𝑘  measure secondary 

sector’s sensitivity to the transmission effect from the primary sector within and 

across the portfolio, respectively. Briefly speaking, the dependence between sectors 

not only build on a common factor but there still exists latent factors that play key role 

in propagating shocks. In the rest of the paper, as referring to transmission channel 

which is specified to the dependence between sectors originate from idiosyncratic 

latent factor excluding the common factor. 

2.2 The ingredient of the extent of diversification 

Diversification strives to smooth out idiosyncratic risk event in a portfolio so that 

the positive profitability of some assets will neutralize the negative profitability of 

others to avoid damaging a portfolio’s profitability by the poor profitability of a single 

                                                      
8 Similar latent factor models of contagion are used by Dungy, Fry, Gonz�́�lez-Hermosillo, and Martin 

(2002, 2005). 
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asset. In other words, we know that diversification increases the central tendency of 

the distribution of a portfolio. Hence, we try to find out the ingredients which affect 

the shape of the portfolio return distribution as to the degree of diversification.9 

𝑉𝑎𝑟[𝑟𝑝] = ∑𝜔𝑖
2𝑉𝑎𝑟[𝑟𝑖]

𝑛

𝑖=1

+∑∑𝜔𝑖𝜔𝑗𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝑛

𝑗=1

𝑛

𝑖=1
𝑖≠𝑗

 

=∑𝜔𝑖
2𝜎𝑖

2

𝑛

𝑖=1

+∑∑𝜔𝑖𝜔𝑗𝜎𝑖𝜎𝑗𝜌𝑖𝑗

𝑛

𝑗=1

𝑛

𝑖=1
𝑖≠𝑗

                                        (7) 

where 𝜔𝑖 and 𝜎𝑖 are the relative exposure of the bank to sector 𝑖 and standard 

deviation of sector 𝑖, respectively. 𝜌𝑖𝑗 is the correlation between sector 𝑖 and 𝑗. In 

summary, the distributing of the exposure to each sector, the volatility of individual 

sector return and correlation are the three main ingredients determine the dispersion of 

return for the given portfolio. 

2.2.1 Return dispersion of each underlying sector to the extent of diversification 

In order to illustrate the role of the underlying sectors’ return volatility 

specifically, the variance of each sector is computed by the following proposition. 

Proposition 1 

(1) If sector 𝑖 ∈ primary sector, the variance of 𝑟𝑖 is: 

𝜎𝑖
2 = 𝑉𝑎𝑟(𝑟𝑖) = 𝑉𝑎𝑟 (√𝜌𝑀 + √(1 − 𝜌)휃휂𝑖 +√(1 − 𝜌)(1 − 휃)휀𝑖) = 1           (8) 

(2) If sector 𝑖 ∈ secondary sector , the variance of 𝑟𝑖 equals: 

𝜎𝑖
2 = 𝑉𝑎𝑟(𝑟𝑖) 

             = 1 + (1 − 𝜌)𝛼 (∑ 𝜔𝑗𝑙
2𝛿𝑗𝑖

2
𝑛1

𝑙=1
+∑ 𝜔𝑗𝑘

2 𝛿𝑗𝑘
2

(𝑛+𝑚)

𝑘=(𝑛+1)
− 1)                                (9) 

From the proposition, we recognize that the variance of 𝑟𝑖 can be decomposed 

into systematic and idiosyncratic parts. Based on the return-generating process, we 

                                                      
9 Choueifaty and Coignard (2008) and Goetzmann and Kumar (2008) use a diversification ratio to 

capture the extent of diversification in portfolios. The diversification ratio is obtained by dividing the 

portfolio variance by the average variance of stocks in the portfolio. The diversification ratio indicates 

that portfolio variance can be reduced by increasing the number of stocks in the portfolio or by a proper 

selection of stocks such that the average correlation among stocks in the portfolio is low. 
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restrict the shocks transmit from primary sector to secondary sector, which means that 

primary sector would not be infected by the shocks of any other sectors and the 

idiosyncratic risk of the primary sector would hold at constant level (1 − 𝜌). As the 

secondary sector uniform distribute their exposure on primary sectors, the more 

idiosyncratic risk can be diversified away, and the lower the volatility of the 

secondary sector return. It is noteworthy, the idiosyncratic structure of secondary 

sector can be segmented into inner and outer transmission channels. However, the 

risen of the degree of dependence between secondary sector and its corresponding 

inner or outer primary sectors will induce a higher level return dispersion of 

secondary sector and have a greater impact on the extent of the diversification of the 

portfolio. 

2.2.2 Portfolio correlation to the extent of diversification 

In the following, we investigate the effect of correlation on the level of 

diversification. In order to avoid cumbersome notations and simplify our analysis, we 

assume that each secondary sector has the same number of primary sectors which is 

consist of �̅� and �̅� sectors within and outside the portfolio, respectively. We further 

assume that each secondary sector has 𝑛′  inner primary sectors and 𝑚′  outer 

primary sectors in common.  Underlying sectors’ primary sensitive to inner and outer 

primary sector 𝑙-specific shock are 𝛿𝐼 and 𝛿𝑂, respectively. 

The correlation coefficient can be written as: 

Proposition 2 

(1) If sector 𝑖 and sector 𝑗 ∈ primary sector, the correlation between the two sectors 

equals:                         𝜌                                                                     (10) 

(2) If sector 𝑖 ∈ primary sector and sector 𝑗 ∈ secondary sector, the correlation 

between the two sectors equals : 

𝜌′

=

{
 
 
 
 

 
 
 
 𝜌 + (1 − 𝜌)√𝛼휃 (

1
�̅� + �̅�

) 𝛿𝐼

√1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

, 𝑓𝑜𝑟 𝑖 =
1,⋯ , 𝑛′

�̅�𝑗−1
′ + 1,⋯ , �̅�𝑗

′

𝜌

√1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�
)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                       

 

(11) 
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(3) If sector 𝑖 and sector 𝑗 ∈ secondary sector, the correlation between the two 

sectors equals: 

𝜌′′ =
𝜌 + (1 − 𝜌)𝛼 [𝑛′ (

1
�̅� + �̅�)

2

𝛿𝐼
2 +𝑚′ (

1
�̅� + �̅�)

2

𝛿𝑂
2]

1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

           (12) 

Proof : see Appendix 2.A 

The proposition is very intuitive. It states that correlations can be distinguished 

into three types. The first type is that the correlation between primary sectors only 

arise from the common factor. The second type shows that the existent of transmission 

channels induced a higher correlation between primary and secondary sector. As to 

the third type, indicate that secondary sectors in the portfolio may have a much higher 

correlation from the overlap of transmission channels within or across the portfolio. 

After constructing the dependence structure, which in turn we use for deriving 

correlation between sectors. In the following we can direct clarify how the 

dependence structure affect the extent of diversification, which is measured by the 

dispersion of portfolio return. 

Corollary 1 

(1) Holding the number of primary and secondary sectors constant, increasing 

correlations (𝜌, 𝜌′or 𝜌′′) increases the volatility of portfolio return. 

𝑉𝑎𝑟[𝑟𝑝] = (
1

𝑛
)
2

{𝑛1 + 𝑛2𝜎𝑠
2 + 𝑛1(𝑛1 − 1)𝜌 + 2𝑛2𝜎𝑠[�̅�𝜌1

′ + (𝑛1 − �̅�)𝜌2
′ ]

+ 𝑛2(𝑛2 − 1)𝜎𝑠
2𝜌′′}                                                                                   (13) 

where 𝜌1
′and 𝜌2

′ are the correlations between secondary sector and primary sector 

which with or without contractual relationships, respectively. 

(2) Asymptotic limit of the portfolio as the number of sectors go infinite 

𝑉𝑎𝑟[𝑟𝑝] = (
𝑛1
𝑛
)
2

𝜌 + 2 (
𝑛2
𝑛
)𝜎𝑠 [(

�̅�

𝑛
) 𝜌1

′ + (
𝑛1 − �̅�

𝑛
) 𝜌2

′ ] +  (
𝑛2
𝑛
)
2

𝜎𝑠
2𝜌′′               (14)  

where 𝜌1
′  and 𝜌2

′  are the correlations between secondary sector and primary sector 

which with or without contractual relationships, respectively. 

Proof : see Appendix 2.B 
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In part (1) of the corollary 1, the dispersion is an increasing function of level of 

correlation. However, we can observe that the dispersion decreases as the number of 

sectors 𝑛 increases in the portfolio. From the part (2) of Corollary 1, we find that the 

return dispersion cannot be eliminated even as the number of sectors go to infinity, i.e., 

as 𝑛 → ∞. In other words, this baseline volatile is not diversifiable by investing in 

more sectors. The only way to reduce it is by decreasing the correlation, which 

implies that the lower level of correlation between sectors the more diversification of 

the portfolio. 

By integrating the above mentioned, the dependence structure of underlying 

sectors can be identified into two ways to have influence on the extent of 

diversification. At first, as the portfolio is highly concentrated towards several highly 

correlated secondary sectors. And the highly correlated characteristic of these 

secondary sectors are originated from the high overlap of their transmission channels. 

The other is still about underlying secondary sectors’ specific idiosyncratic structure 

which they may overexposure on several inner or outer primary sectors, and this 

would rise underlying secondary sectors’ return volatility and may even induce higher 

return dispersion of portfolio. This implies that we should not only focus on the 

dependence structure between assets within the portfolio but also the aggregate 

dependence structure. 

In the following, we try to investigate whether the outer non-overlap part of the 

transmission channels between secondary sectors would affect the precision of using 

correlation measure to depict the diversification. 

Proposition 3 

(1) If sector 𝑖 and sector 𝑗 ∈ primary sector, then the first-order derivative of the 

correlation coefficient with respect to strength of outer connection is: 

𝜕𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
=
𝜕𝜌

𝜕𝛿𝑂
= 0                                            (15) 

(2) If sector 𝑖 ∈ primary and sector 𝑗 ∈ secondary sector, then the first-order 

derivative of the correlation coefficient with respect to strength of outer 

connection is: 

𝜕𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
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=

{
 
 
 
 
 

 
 
 
 
 
−

{
 

 

[
 
 
 

1

√𝑉𝑎𝑟(𝑟𝑗)

(1 − 𝜌)𝛼�̅� (
1

�̅� + �̅�)
2

𝛿𝑂

]
 
 
 

[𝜌 + (1 − 𝜌)√𝛼휃 (
1

�̅� + �̅�) 𝛿𝐼]

}
 

 

𝑉𝑎𝑟(𝑟𝑗)
,

for                                    

𝑖 =
1,⋯ , 𝑛′

�̅�𝑗−1
′ + 1,⋯ , �̅�𝑗

′     
  

−

{
 

 

[
 
 
 

1

√𝑉𝑎𝑟(𝑟𝑗)

(1 − 𝜌)𝛼�̅� (
1

�̅� + �̅�)
2

𝛿𝑂

]
 
 
 

𝜌

}
 

 

𝑉𝑎𝑟(𝑟𝑗)
                                                     , otherwise                         

 

≤ 0                                                                                                                                             (16) 

where 0 ≤ 𝜌, 𝛼, 휃 ≤ 1 

(3) If sector 𝑖 and sector 𝑗 ∈ secondary sector, then the first-order derivative of the 

correlation coefficient with respect to strength of outer connection is: 

𝜕𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂

=
[2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] {𝑚
′[1 − (1 − 𝜌)𝛼] − �̅�𝜌 + (𝑚′�̅� − �̅�𝑛′)(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝐼
2}

𝑉𝑎𝑟(𝑟𝑖)2
 

<
=
>
0                                                                                                                                               (17) 

where 0 ≤ 𝜌, 𝛼 ≤ 1 

Proof : see Appendix 2.C.1 

As we know that the linkages between primary sectors is derived only from 

systematic factor, therefore, the strength of the connection between underlying 

secondary sector and outer primary sectors would not affect the correlation between 

primary sectors. Similarly, because of the dependence between secondary sector and 

primary sector within portfolio still exclude outer connection channels. Hence, the 

strength of outer connection would not have any influence on the covariance, but that 

would increase the return dispersion of secondary sector and lower the correlation 

between secondary and primary sector within the portfolio. As to the dependence 

between secondary sectors include the overlap of transmission channels with inner 

and outer primary sectors. The higher the strength of outer connection that would rise 

both of the covariance between secondary sectors and the return volatility of 

individual secondary sector simultaneously. This implies that the rising or falling of 
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the correlation will be the net result of the two. In the following, we try to construct 

two extreme portfolios, where the outer transmission channels of the underlying 

secondary sectors are non-overlap and complete-overlap, respectively. 

Corollary 2 

(1) If sector 𝑖 and sector 𝑗 ∈ secondary sector, and each of them has invested in 

different outer primary sectors, then the first-order derivative of the correlation 

coefficient with respect to strength of outer connection is: 

𝜕𝜌′′

𝜕𝛿𝑂
=
−�̅� [2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] [𝜌 + 𝑛
′(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝐼
2]

𝑉𝑎𝑟(𝑟𝑖)2
≤ 0    (18) 

where 0 ≤ 𝜌, 𝛼 ≤ 1 

(2) If sector 𝑖 and sector 𝑗 ∈ secondary sector, and each of them has invested in the 

same outer primary sectors, then the first-order derivative of the correlation 

coefficient with respect to strength of outer connection is: 

𝜕𝜌′′

𝜕𝛿𝑂

=
[2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] {�̅�[(1 − 𝜌)(1 − 𝛼)] + �̅�(�̅� − 𝑛
′)(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝐼
2}

𝑉𝑎𝑟(𝑟𝑖)2

≥ 0                                                                                                                                             (19) 

where 0 ≤ 𝜌, 𝛼 ≤ 1 

(3) If sector 𝑖 and sector 𝑗 ∈ secondary sector, and 𝑚′ is the number of secondary 

sector’s outer overlap counterparties, then the partial derivative of 
𝜕𝜌′′

𝜕𝛿𝑂
 with 

respect to 𝑚′ is: 

𝜕𝜌′′

𝜕𝛿𝑂𝜕𝑚′
 

= [
2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂

𝑉𝑎𝑟(𝑟𝑖)2
] [1 − (1 − 𝜌)𝛼 + �̅�(1 − 𝜌)𝛼 (

1

�̅� + �̅�
)
2

𝛿𝐼
2] ≥ 0      (20) 

where 0 ≤ 𝜌, 𝛼 ≤ 1 

Proof : see Appendix 2.C.2 
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From the equation (20), we can observe that 
𝜕𝜌′′

𝜕𝛿𝑂
 is an increasing function of the 

extent of overlap of outer transmission channel 𝑚′. This result indicates that the 

higher the overlap of the outer transmission channels the more the information would 

be contained in the correlation measure which include the strength and channels 

through which the outside primary sectors can have influence on the sectors within 

the portfolio. Interesting, taking the extreme case in equation (18) by assuming that  

there exist no outer overlap transmission channels, the corresponding covariance in 

portfolio only contain the information of linkage between sectors originate from 

systematic factor and inner overlap transmit channels without describing other 

non-overlap outer transmission channels, that would increase the return dispersion of 

secondary sector and lower the correlation between secondary sectors within the 

portfolio. 

At last, we further examine the relationship between strength of outer connection, 

intra-portfolio correlation, and portfolio dispersion. The intra-portfolio correlation 

measure uses the equally weighted average pairwise correlation across sectors held in 

the portfolio. 

Corollary 3 

(1) The partial derivative of the return dispersion of the portfolio with respect to 

strength of outer connection is: 

𝜕𝑉𝑎𝑟[𝑟𝑝]

𝜕𝛿𝑂
=∑𝜔𝑖

2
𝜕𝑉𝑎𝑟[𝑟𝑖]

𝜕𝛿𝑂

𝑛

𝑖=1

+∑∑𝜔𝑖𝜔𝑗
𝜕𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂

𝑛

𝑗=1

𝑛

𝑖=1
𝑖≠𝑗

≥ 0              (21) 

(2) The partial derivative of the average correlation of the portfolio with respect to 

strength of outer connection is: 

       
𝜕�̅�

𝜕𝛿𝑂
 

       =
2

𝑛(𝑛 − 1)
[
𝑛1(𝑛1 − 1)

2

𝜕𝜌

𝜕𝛿𝑂
+ 𝑛2�̅�

𝜕𝜌1
′

𝜕𝛿𝑂
+ 𝑛2(𝑛1 − �̅�)

𝜕𝜌2
′

𝜕𝛿𝑂
+
𝑛1(𝑛1 − 1)

2

𝜕𝜌′′

𝜕𝛿𝑂
] 

       
<
=
>
0                                                                                                                                       (22) 

where �̅� is the equally weighted average pairwise correlation across sectors held 

in the portfolio, which is given by: 
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       �̅� 

       =
1

𝑤
∑∑𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝑛

𝑗>𝑖

𝑛

𝑖

 

       =
2

𝑛(𝑛 − 1)
[
𝑛1(𝑛1 − 1)

2
𝜌 + 𝑛2�̅�𝜌1

′ + 𝑛2(𝑛1 − �̅�)𝜌2
′ +

𝑛1(𝑛1 − 1)

2
𝜌′′]          (23) 

where 𝑤 is the number of sector pairs with the portfolio, 𝜌1
′  and 𝜌2

′  are the 

correlations between secondary sector and primary sector which with or without 

contractual relationships, respectively. 

Proof : see Appendix 2.C.3 

From equation (21), we can observe that no matter how the level of transmission 

channels overlap are, the higher the degree of the dependence between underlying 

sector and its corresponding outer primary sectors, the higher the return dispersion of 

the portfolio. According to Corollary 2, the relation between intra-portfolio correlation 

and strength of outer connection is determined by the extent of overlap of outer 

transmission channels. In equation (22), the lower the overlap of the outer 

transmission channels the higher the probability of intra-portfolio correlation to be 

negative with the strength of outer connection. Under the extreme condition that all of 

the underlying secondary sectors have no any outer transmission channels in common, 

the higher extent of underlying sectors connect with outer primary sectors the lower 

the average correlation of the portfolio. This implies that the only use of 

intra-portfolio correlation would bias the measurement of the extent of diversification. 

It is noteworthy that the inclusion of the transmission channels in the 

measurement of correlation in our model has led us to raise the question of whether 

the correlation measure of the portfolio can depict the extent of diversification 

accurately, especially for the overlap ratio of the outer transmission channels of the 

portfolio is low. In the next section, we provide a procedure to examine it empirically. 

2.3 Research hypotheses 

Our analysis focuses on studying the effect of loan portfolio diversification on 

the return and risk. Before looking at the effect of diversification on bank 

performance, in order to prudently measure diversification from different perspectives, 

we distinguish diversification measures into traditional distribution of exposure 

measure and dependence structure measure. 
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Starting with the study of the relationship between distribution of exposures and 

return, we can assume two alternative hypotheses. In banking, one of most important 

reason for diversification per se is no guarantee for better return is the role of loan 

monitoring. By monitoring loans, the bank is better able to catch problem loans before 

matters deteriorate too far, but bank have to bear monitoring costs. Therefore, the first 

one, which we call monitoring hypothesis, suggests that having a diversified portfolio 

with loans uniformly distributed across in more sectors may thus increase monitoring 

costs and erode return. Based on the monitoring perspective, banks may lack the 

expertise in lending to a new sector. As the bank exposure to many sectors, 

considering that the bank may not familiar with many of them, will raise the 

monitoring cost. This suggests that bank may focus their exposure on several familiar 

sectors in which previous exposures of the bank have been relative large or existent, 

to ensure maximize monitoring efficiency, especially during crises. 

On the other hand, as diversification reduces the idiosyncratic risk, this may 

enable banks to loosen their monitoring efforts and therefore to lower the costs. The 

alternative idiosyncratic hypothesis would suggest that uniform distribution of loans 

to more sectors can reduce the monitoring costs, which ceteris paribus should lead to 

higher return. 

However, the major concern of our study is whether the concentration arises 

from dependence structure between assets will negatively or positively affect the bank 

return. At first, we use intra-portfolio correlation to measure the extent of dependence 

among assets within the portfolio. The rule is that the lower the intra-portfolio 

correlation, the lesser the benefits of diversification would be eroded (i.e., the lower 

the costs of diversification), which implies the more diversification can be achieved. 

Banks face regulations that create incentive to diversify their loan portfolio to reduce 

capital requirements. We would therefore predict a positive relation between a 

diversified portfolio with lower correlated assets and bank return. On the contrary, 

portfolio which is distributed to assets with high correlations could also result in high 

return. Having too many highly correlated or perfectly correlated assets, in terms of 

return they behave as single asset in the portfolio, which implies that banks may focus 

their monitoring efforts on a few specific assets and therefore to lower operating 

costs. 

In turn, we investigate whether unexpected shocks from an asset which is outside 

the portfolio are propagated to the assets in the portfolio via the outer transmission 

channels. In order words, as the higher the extent of dependence originate from outer 

transmission channels the greater the risk underlying asset assume. Hence, banks have 

to incur additional costs for monitoring this asset. We predict a negative relation 
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between the contagion effect and bank return. 

Looking next at the effect of diversification on the risk, the classical theory of 

finance suggests that a higher diversification in a bank’s loan portfolio should reduce 

risk.10 Therefore, there exist a traditional diversification hypothesis, suggests that no 

matter what type of diversification measures, the higher the extent of diversification 

should have lower risk. But if the management lacks the expertise to monitor the loan 

effectively, diversification by lending to a wide range of companies does not 

necessarily imply less risk. 

At last, the question we try to investigate is whether the overlap ratio relevant to 

the outer transmission channels would affect the role of using the intra-portfolio 

correlation to measure the degree of diversification. Based on the aforementioned 

model indicate that the higher the overlap of the outer transmission channels, the 

intra-portfolio correlation contains a higher level of information about outer 

transmission. Therefore, we would predict that the lower the level of overlap with 

outer transmission channels the more important the idiosyncratic structure originate 

from outer transmission channels in explaining bank return and risk. 

 

3 Empirical Examinations 

To test our assertions, we use a sample of U.S. bank’s syndicated loan portfolio 

from 1987 to 2014 between corporate borrowers domiciled in the United States as 

reported by LPC DealScan. The LPC DealScan contains detailed information on 

corporate loan contracts. Using the loan dataset allows us to identify borrowers for 

which there exist loan contracts. Moreover, we can compute the share of loans for 

each participating lender in a syndicated loan. We define the quarterly loan portfolio 

as a deal not maturing until the end of the quarter. Bank financial statement variables 

are obtained from the COMPUSTAT database.  Finally, we assign each borrowing 

firm to one of the 49 Fama and French (1997) industries. For calculating the 

intra-portfolio correlation and the contagion effect, we use Ken French's Web site data 

for industry return, market return, and Fama French three-factor. 

Firstly, we regress bank performance on variables that capture distribution of 

exposure (LendingHHI), intra-portfolio correlation (CORR), and contagion effect 

                                                      
10 Markowitz (1952) indicate that diversification is a strategy that seeks to combine in a portfolio assets 

with returns that are less than perfectly positively correlated, in an effort to lower portfolio risk without 

sacrificing returns. 
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(Contagion) under tranquil-period and turmoil-period, respectively. 11 In our analyses, 

the data were collected from 1987 to 2014, which include two banking crises and 

three market crises defined by Berger and Bouwman (2013)12. To be precise, we 

estimate the following equation: 

Bank Performance
𝑖,𝑡

= 𝛽0 + 𝛽1Lending HHI
𝑖,𝑡−1

+ 𝛽2CORR𝑖,𝑡−1 + 𝛽3 Contagion
𝑖,𝑡−1

+ 𝛽4Size𝑖,𝑡−1 + 𝛽5Equity ratio
𝑖,𝑡−1

+ 𝛽6Employee
𝑖,𝑡−1

+ ∑ 𝜅𝑠𝑇𝑖𝑚𝑒𝑠

2014𝑄4

𝑠=1987𝑄1

+∑𝜆𝑙𝐵𝑎𝑛𝑘𝑆𝐼𝐶𝑙

2

𝑙=1

+ 휀𝑖,𝑡                              (24) 

where Bank Performance ∈ {𝑅𝑂𝐴𝑖,𝑡, 𝑁𝑃𝐿𝑖,𝑡}. 
13 𝑅𝑂𝐴𝑖,𝑡  is the return of bank 𝑖 at 

time t measured by the return on assets. 𝑁𝑃𝐿𝑖,𝑡, a risk measure, represents the ratio of 

non-performing loans to total assets. Our first empirical hypothesis is that the positive 

(negative) relationship between diversification and bank return (risk). Following the 

hypothesis, we expect the coefficient on diversification measures, 𝛽1, 𝛽2 and 𝛽3 to 

be negative (positive) in the regressions for bank profitability (risk). The alternative 

hypothesis is that 𝛽1 might on the opposite sings for the bank performance, as 

discussed in the previous section. 

To further investigate the dependence structure between underlying assets and its’ 

counterparties which are not included in the portfolio, we estimate the contagion 

coefficients with and without such a specific supply chain link of which the outer 

industries would be the customers of the underlying industries, defined as Customer 

Contagion and Non-Customer Contagion, respectively. We use the following 

regression to link customer contagion effect and bank performance: 

                                                      
11 As a robustness check, we also replicate all analyses under full sample period. To examine whether 

the diversification effects on bank return and risk would differ under asymmetry correlations, we 

introduce interaction terms between the diversification measures and the crisis dummy variable, which 

is equal to one if the observation takes place during crisis. The results are shown in Appendix 2.D and 

we find that our main inferences remain unchanged. 

12 Banking crises that originated in the banking sector like 1990s credit crunch and recent subprime 

lending crisis. The market crises that originated outside banking in the financial markets like 1987 

stock market crash, 1998 LTCM bailout and early 2000s dot.com bubble and 911 terrorist attacks. 

13 As a robustness check, however, we re-estimated the model using return on equity (ROE) rather than 

ROA as our profit measure. In addition, we also employ standard deviation of ROA and ROE as 

another two measures of bank riskiness. The results of these robustness checks are shown in Appendix 

2.E. We find that the conclusions remain unchanged. 
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Bank Performance
𝑖,𝑡

= 𝛾0 + 𝛾1Lending HHI
𝑖,𝑡−1

+ 𝛾2CORR𝑖,𝑡−1

+ 𝛾3Customer Contagion
𝑖,𝑡−1

+ 𝛾4Non-Customer Contagion
𝑖,𝑡−1

+ 𝛾5Size𝑖,𝑡−1 + 𝛾6Equity ratio
𝑖,𝑡−1

+ 𝛾7Employee
𝑖,𝑡−1

+ ∑ 𝜅𝑠𝑇𝑖𝑚𝑒𝑠

2014𝑄4

𝑠=1987𝑄1

+∑𝜆𝑙𝐵𝑎𝑛𝑘𝑆𝐼𝐶𝑙

2

𝑙=1

+ 휀𝑖,𝑡                               (25) 

where Bank Performance ∈ {𝑅𝑂𝐴𝑖,𝑡, 𝑁𝑃𝐿𝑖,𝑡}. 

We expect customer contagion to hamper bank performance. Therefore, we 

expect the coefficient 𝛾3 to be negative (positive) in bank profitability (risk). More 

specifically, we expect that the coefficient 𝛾3 would significantly larger than the 

coefficient 𝛾4 . This implies that customer contagion has an importance role in 

portfolio diversification and bank performance. 

For additional tests, according to the extent of overlap of outer transmission 

channels, we further partition our bank loan portfolio into higher outer overlap ratio 

and lower outer overlap ratio sub-samples, and carry out analyses to compare the 

findings between these two groups. The baseline regression model is as following: 

Bank Performance
𝑖,𝑡

= 휃0 + 휃1Lending HHI
𝑖,𝑡−1

+ 휃2CORR𝑖,𝑡−1

+ 휃3Customer Contagion
𝑖,𝑡−1

+ 휃4Size𝑖,𝑡−1 + 휃5Equity ratio
𝑖,𝑡−1

+ 휃6Employee
𝑖,𝑡−1

+ ∑ 𝜅𝑠𝑇𝑖𝑚𝑒𝑠

2014𝑄4

𝑠=1987𝑄1

+∑𝜆𝑙𝐵𝑎𝑛𝑘𝑆𝐼𝐶𝑙

2

𝑙=1

+ 휀𝑖,𝑡                       (26) 

where Bank Performance ∈ {𝑅𝑂𝐴𝑖,𝑡, 𝑁𝑃𝐿𝑖,𝑡}. 

Based on Corollary 2 and 3 prediction that the higher the outer overlap ratio the 

higher the information contained in the intra-portfolio correlation measure, we argue 

that the intra-portfolio correlation can depict most of the overall dependence structure 

and explain the degree of portfolio diversification. Accordingly, we expect the sign of 

the coefficient 휃3 to hold mainly among the group with lower outer overlap ratio. 

 

3.1 Description of Variables 

Next we describe the key variables. 
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3.1.1. Measuring Loan Diversification 

Since the diversification increases the central tendency of the distribution of a 

loan portfolio, we use three proxies to measure diversification for each bank’s loan 

portfolio: (i) the HHI; (ii) the average pairwise correlation across industries held in 

the portfolio; and (iii) the residual correlation as proposed by Bekaert et al. (2009). 

We describe each of these measures in turn. 

A. Lending HHI 

We employ HHI to measure a bank’s relative exposures to each industry. 14 For 

each loan portfolio, DealScan provides the identities of a borrower’s industry through 

the Standard Industrial Classification (SIC) Code. We then use the classification of the 

Fama and French (1997) to group a bank's all exposures into 49 industries. Thus, the 

Lending HHI at time 𝑡 for a loan portfolio 𝑖 is defined as the sum of the squares of 

loan exposures to industry j (q
ijt

) as a fraction of total loan exposures (Q
it
) under a 

given 49 different industrial classification: 

Lending HHI
it
=∑(

q
ijt

Q
it

)

249

𝑗=1

                                            (27) 

Note that the inferior limit of the HHI is 1/49 and represents a perfect diversified 

portfolio, meaning an equal share of exposure to each industry. On the other hand, if 

HHI is equal to 1, the bank loans to only one industry. 

After constructing the HHI, we consider the time-varying portfolio correlations 

between borrowers’ industry return, addressing the question of whether diversification 

has indeed affected bank performance over our sample period. As HHI alone may not 

be sufficient to capture the degree of portfolio diversification, we therefore include 

another two variables, the intra-portfolio correlation (CORR), and contagion effect 

(Contagion and Customer Contagion), to measure the degree of portfolio 

diversification. All these variables are calculated at the industry level. 

B. CORR 

As regard to the measurement of portfolio correlation, Campbell, Lettau, Malkiel, 

                                                      
14 In addition, we also seek to establish the robustness of our results with the following measures of the 

extent of diversification that focus on the characteristic of exposure weight distribution. We consider a 

traditional diversification measure and two distance measures: the Shannon Entropy (SE), an absolute 

distance measure (𝐷𝑎) and a relative distance measure (𝐷𝑟). These results are presented in Appendix 

2.F. We find that the results lead to the same conclusions. 
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and Xu (2001) and Demirer and Lien (2004) use the equally weighted average 

pairwise correlation across stocks held in the portfolio as proxies of portfolio 

correlation. Therefore, for each loan portfolio, the average portfolio correlation 

(CORR) is calculated by averaging over all possible pairs of industries held in the 

portfolio: 

CORR = 𝜌𝑖𝑛tra,𝜏
𝐶𝑂𝑅𝑅 =

1

𝑊
∑ ∑ CORR (Rj1,t , Rj2,t)                   (28)

49
𝑗2>𝑗1

49
𝑗1=1

 

where 𝜏 is a 12-month research period for each loan portfolio; W indexes number of 

pair industries in loan portfolio; Rj,t  is the value-weighted industry return for 

industry 𝑗. 

C. Contagion 

We construct the measure of industry contagion (Contagion) in a bank portfolio 

using a residual correlation as proposed by Bekaert et al. (2009).15 The method 

decomposes the sample correlation of a portfolio into explained correlation and 

idiosyncratic correlation. We define the average portfolio-level correlation between 

the underlying industries and the outer industries as: 

𝜌𝜏
𝐶𝑂𝑅𝑅 =

1

𝑁
∑ ∑ 𝐶𝑂𝑅𝑅(𝑅𝑗1 , 𝑅𝑘1)

49

𝑘1=1

49

𝑗1=1
𝑗1≠𝑘1

 

             =
1

𝑁
∑ ∑ 𝐶𝑂𝑅𝑅(𝛽𝑗1 

′ 𝐹𝑡, 𝛽𝑘1 
′ 𝐹𝑡)

49

𝑘1=1

49

𝑗1=1
𝑗1≠𝑘1

+
1

𝑁
∑ ∑ 𝐶𝑂𝑅𝑅(𝜖𝑗1,𝑡 , 𝜖𝑘1,𝑡) 

49

𝑘1=1

49

𝑗1=1
𝑗1≠𝑘1

 

= 𝜌𝑟𝑖𝑠𝑘,𝜏
𝐶𝑂𝑅𝑅 + 𝜌𝑖𝑑𝑖𝑜,𝜏

𝐶𝑂𝑅𝑅                                                                                                      (29) 

where 

𝑅𝑗 − 𝑅𝑓 = 𝛼𝑗 + 𝛽𝑗
𝑀𝐾𝑇𝑀𝐾𝑇 + 𝛽𝑗

𝑆𝑀𝐵𝑆𝑀𝐵 + 𝛽𝑗
𝐻𝑀𝐿𝐻𝑀𝐿 + 𝜖𝑗                (30) 

 𝑅𝑘 − 𝑅𝑓 = 𝛼𝑘 + 𝛽𝑘
𝑀𝐾𝑇𝑀𝐾𝑇 + 𝛽𝑘

𝑆𝑀𝐵𝑆𝑀𝐵 + 𝛽𝑘
𝐻𝑀𝐿𝐻𝑀𝐿 + 𝜖𝑘             (31) 

𝜏 is a 12-month research period for each loan portfolio; N indicates the number of 

industry pairs between underlying industry (j) and outer industry (k). As there is no 

consensus upon what the common factors are for asset pricing, we use the Fama and 

                                                      
15 The literature on contagion has shown no consensus as to the exact definition of contagion. Bekaert 

et al. (2005) and Phylaktis and Xia (2005) define contagion as excess correlation, that is, correlation 

over and above what one would expect from economic fundamentals. 
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French (1992) three-factor asset pricing model to estimate the residual 𝜖. 𝐹𝑡 is a 

vector of the three factors, namely the market factor (𝑀𝐾𝑇), the size factor (𝑆𝑀𝐵), 

and the value factor (𝐻𝑀𝐿). 𝜖 is contagion factor (residual term). 

According to equations (29)-(31), both the expected correlation (𝜌𝑟𝑖𝑠𝑘,𝜏
𝐶𝑂𝑅𝑅) and the 

contagion (𝜌𝑖𝑑𝑖𝑜,𝜏
𝐶𝑂𝑅𝑅) are obtained from the factor model. Thus, the residual correlation 

(𝜌𝑖𝑑𝑖𝑜,𝜏
𝐶𝑂𝑅𝑅) can be viewed as a time-varying contagion measure.16 Contagion is measured 

by the correlation of the model’s idiosyncratic shocks. Any significant correlation 

among those shocks would indicate that sector residuals are correlated beyond what is 

captured in our model, suggesting evidence of contagion. The following is the 

correlation measure as our industry contagion: 

Contagion = 𝜌𝑖𝑑𝑖𝑜,𝜏
𝐶𝑂𝑅𝑅 =

1

𝑁
∑ ∑ 𝐶𝑂𝑅𝑅(𝜖𝑗1,𝑡 , 𝜖𝑘1,𝑡)

49
𝑘1=1

49
𝑗1=1
𝑗1≠𝑘1

                (32) 

where N indicates the number of industry pairs between underlying industry (j) and 

outer industry (k); 𝜖 is a contagion factor. 

D. Customer Contagion 

To better understand how the external disturbance is propagated into the 

portfolio via the outer transmit channels, we develop the supply-chain relationship to 

identify the customers of underlying industries of a bank loan portfolio. We examine 

whether the customer contagion has an impact on bank performance. First, we use 

supplier-customer data from the COMPUSTAT’s Segment Customer database to 

identify underlying industries’ major customers.17 The database reports all customers 

that represent more than 10% of a firm’s total sales. We employ a text-matching 

program to match the text abbreviation for the customer’s name and industry. We 

define important customer relations as recurring customer and exclude customers that 

appear for less than three times in the sample period. 

We construct a measure of customer contagion (Customer Contagion) as: 

Customer Contagion = 
1

�̅�
∑ ∑ 𝐶𝑂𝑅𝑅(𝜖𝑗1,𝑡 , 𝜖�̅�1,𝑡)                (33)

49
�̅�1=1

49
𝑗1=1

𝑗1≠�̅�1

 

where �̅� is the number of industry pairs between j and �̅�; �̅� is j’s major customer 

industry (primary sector). 

                                                      
16 For this application, we use the 3-Factors Model to capture the industry residual term as our 

contagion factor. 

17 The unit of observation in the Segment database is a supplier-customer pairs. 
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Customer contagion captures the contagion effect through a supply-chain, 

especially for shocks that are transmitted from outer customer industries. In this paper 

we construct another contagion measure without such relationship which is defined as 

Non-Customer Contagion to examine the effect on bank performance. 

Non-Customer Contagion = 
1

�̿�
∑ ∑ 𝐶𝑂𝑅𝑅(𝜖𝑗1,𝑡 , 𝜖�̿�1,𝑡)

49
�̿�1=1

49
𝑗1=1

𝑗1≠�̿�1

           (34) 

where �̿� is the number of pair industry between j and �̿�; �̿� is not underlying 

industry j’s major customer industry. 

3.1.2. Measuring Outer Overlap Ratio (Outer Overlap Ratio) 

To corroborate our argument that the importance of outer transmission channel is 

associated with less overlap ratio, we examine the relation between outer overlap ratio 

and customer contagion. If underlying industries have a lower overlap with outer 

customer industries, the outer transmission channels will be more important in 

calculating the portfolio diversification. We define the outer overlap ratio as follows: 

Outer Overlap Ratio = 
1

𝑊
∑ ∑ 𝑂𝑢𝑡𝑒𝑟𝑂𝑣𝑒𝑟𝑙𝑎𝑝(𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑗1,𝑡 , 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑗2,𝑡)

49
𝑗2>𝑗1

49
𝑗1=1

 

(35) 

where W indexes number of industry pairs in loan portfolio, and  

𝑂𝑢𝑡𝑒𝑟𝑂𝑣𝑒𝑟𝑙𝑎𝑝(𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑗1,𝑡 , 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑗2,𝑡)

=
𝑂𝑢𝑡𝑒𝑟𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑗1,𝑗2,𝑡

𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑗1,𝑡 + 𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑗2,𝑡 − 𝑂𝑢𝑡𝑒𝑟𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑗1,𝑗2,𝑡
  

(36) 

𝐶ℎ𝑎𝑛𝑛𝑒𝑙𝑗,𝑡  is the number of underlying industry j’s corresponding outer customer 

transmit channels; 𝑂𝑢𝑡𝑒𝑟𝑂𝑣𝑒𝑟𝑙𝑎𝑝𝑗1,𝑗2,𝑡 is the number of overlap in outer customer 

transmit channels between underlying industry 𝑗1 and 𝑗2. 

A high level of 𝑂𝑢𝑡𝑒𝑟Overlap Ratio means a large proportion of outer customer 

transmission information is contained in intra-portfolio correlation. Accordingly, for a 

loan portfolio with lower outer overlap ratio, a customer contagion effect from outer 

transmits channel becomes ever more important and cannot be ignored. 
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3.1.3. Control variables 

To assess the impact of the loan portfolio diversification on profitability and risk, 

we control for other factors that might affect bank profitability and risk. These factors 

include bank size, equity ratio, and number of employees. Bank size (Size) is 

measured by the natural log of total assets. We also control for equity ratio and the 

employee ratio to capture the bank characteristics. Equity ratio (Equity Ratio) is 

defined as book value equity divided by book value of assets, the approximate 

equivalent of bank’s tier 1 capital ratio. Employee ratio (Employee) is defined as the 

number of employees divided by total assets. 

3.2 Data Summary and Univariate Results 

Table 1 presents the summary statistics of the variables that we use in this paper 

over the sample period 1987-2014. In Panel A, the mean value of the bank’s 

profitability is approximately 0.929% and the ratio of nonperforming loans to total 

assets is 5.949% in our sample. The average traditional diversification measure 

(Lending HHI) is 0.589. The mean of the intra-portfolio correlation is 0.555, and the 

mean of industry contagion is 0.152. In panel B, we only focus on the portfolio where 

the underlying industries have customer channels. The mean values of bank’s 

characteristics are not different between the results of full sample. We can find that 

the mean value of Customer Contagion and Non-Customer Contagion are 0.382 and 

0.047, respectively. 

In Table 2, we divide the full sample periods into tranquil and turmoil periods to 

investigate whether each variable is affected by the macro-environment. From column 

(3) of Table 2, we can observe that the return, ROA, in the non-crisis period is superior 

to that in the crisis period. The risk measure NPL significantly increase under turmoil 

period. On the other hand, the bank loan diversification, as measured by Lending HHI, 

CORR, and Contagion, is significantly higher under turmoil period. Table 3 presents 

the correlation matrix among these variables. In Panel A of Table 3, we observe that 

the measures of Lending HHI, CORR, and Contagion are all negatively correlated 

with bank profitability, and positively correlated with bank risk. Table 3, Panel B, we 

also find that higher level of Customer Contagion is associated with lower return and 

higher risk. These results show that a greater degree of diversification in a bank's loan 

portfolio will improve bank profitability and decrease risk. We find that a bank with a 

higher equity ratio will have lower profitability and higher risk. Moreover, we find 

that the three measures of a portfolio diversification, namely HHI (Lending HHI), 

intra-portfolio correlation (CORR), and contagion effect (Contagion or Customer 

Contagion), are not highly correlated with each other. Thus, the correlation table 
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suggests that, although these three measures are related to some extent, they actually 

capture different aspects of the extent of diversification of a bank's loan portfolio. 

Table 4 presents the effect of outer overlap ratio on a loan portfolio 

diversification. Notice that the correlation between intra-portfolio correlation and 

customer contagion in higher outer overlap ratio group (0.483) is higher than in lower 

outer overlap ratio group (0.068). We can predict that if a portfolio has a higher outer 

overlap ratio, its portfolio correlation might contain more information about outside 

customer channel. Thus, a bank loan portfolio with a lower outer overlap ratio might 

have a significant customer contagion effect. 

Table 1: Summary Statistics 

Panel A: Full Sample 

Variable N Mean Med. Std. Min. Maxi. 

ROA: Return on assets (%) 6,829  0.929 0.936 0.994 -3.963 6.734 

NPL: Nonperforming loans to total assets ratio (%) 6,829  5.949 2.944 1.843 0.000 62.280 

Lending HHI 6,829  0.589 0.567 0.139 0.177 1.000 

CORR 6,829  0.555 0.599 0.255 -0.562 0.973 

Contagion 6,829  0.152 0.071 2.705 -1.683 2.537 

Size: Natural log of total assets ($millions) 6,829  11.406 11.346 1.790 6.191 15.108 

Equity ratio: Equity to total assets ratio (%) 6,829  8.080 8.180 3.022 0.711 25.522 

Employee: Number of employees to total assets ratio (%) 6,829  3.305 3.658 1.633 0.035 5.799 

Panel B: Supply Chain Channel 

Variable N Mean Med. Std. Min. Maxi. 

ROA: Return on assets (%) 6,338  0.929 0.936 1.030 -3.963 6.734 

NPL: Nonperforming loans to total assets ratio (%) 6,338  5.953 2.549 1.896 0.000 62.280 

Lending HHI 6,338  0.529 0.504 0.119 0.177 1.000 

CORR 6,338  0.555 0.599 0.255 -0.562 0.973 

Customer Contagion 6,338  0.382 0.187 4.622 -1.683 2.537 

Non-Customer Contagion 6,338  0.047 0.084 3.085 -0.933 1.690 

Size: Natural log of total assets ($millions) 6,338  11.457 11.389 1.814 6.191 15.108 

Equity ratio: Equity to total assets ratio (%) 6,338  8.080 8.080 3.022 0.711 25.522 

Employee: Number of employees to total assets ratio (%) 6,338  3.347 3.816 1.657 0.035 5.799 

Note. This table shows the summary statistics of the bank performance measures, exposure weight, 

portfolio correlation, contagion measures, and bank characteristics variables. The loan portfolio sample 

spans the 1987-2014 window, featuring lead arrangers in the syndicated loan market that have available 

bank characteristics and our key variables. Panel A presents the full sample of loan portfolio. Panel B 

shows that the industries in loan portfolio that have available customer information. Lending HHI, a 

Herfindahl-Hirschman index, measures the exposure of a bank's loan portfolio. CORR indicates the 

average portfolio correlation by using Pearson correlation for each pair-industry. Contagion captures 

the outer transmit channel by measuring residual correlation for each pair-industry connections. 

Customer Contagion captures the customer contagion effect by employing residual correlation for each 

pair-industry with supplier-customer connections. Non-Customer Contagion captures the non-customer 

contagion effect by employing residual correlation for each pair-industry without supplier-customer 

connections. The definitions of all variables appear in Section 3. 
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Table 2: Tranquil and Turmoil Period 

Panel A: Full Sample 

Variable 

Tranquil 

Period 

(1) 

N=5,271 

Turmoil 

Period 

(2) 

N=1,558 

Difference 

(2)-(1) 

ROA: Return on assets (%) 0.997 0.861 -0.136 *** 

NPL: Nonperforming loans to total assets ratio (%) 4.831 7.067 2.236 *** 

Lending HHI 0.859 0.870 0.011 * 

CORR 0.490 0.619 0.129 *** 

Contagion -0.045 0.349 0.394  *** 

Size: Natural log of total assets ($millions) 11.313 11.722 0.409 *** 

Equity ratio: Equity to total assets ratio (%) 8.079 8.081 0.002  

Employee: Number of employees to total assets ratio (%) 3.235 3.541 0.306 *** 

Panel B: Supply Chain Channel 

Variable 

Tranquil 

Period 

(1) 

N=4,888 

Turmoil 

Period 

(2) 

N=1,450 

Difference 

(2)-(1) 

ROA: Return on assets (%) 0.958 0.800 -0.158 *** 

NPL: Nonperforming loans to total assets ratio (%) 4.943 6.963 2.029 *** 

Lending HHI 0.849 0.861 0.012 * 

CORR 0.490 0.619 0.129 *** 

Customer Contagion -0.055 0.819 0.874 *** 

Non-Customer Contagion 0.011 0.083 0.072 *** 

Size: Natural log of total assets ($millions) 11.368 11.759 0.391 *** 

Equity ratio: Equity to total assets ratio (%) 8.080 8.081 0.001  

Employee: Number of employees to total assets ratio (%) 3.279 3.574 0.294 *** 

Note. This panel tests for differences in means between the loan portfolio that are from tranquil and 

turmoil periods. Panel A presents the full sample of loan portfolio. Panel B shows that the industries in 

loan portfolio that have available customer information. ***, **, * indicate significantly different from 

zero at the 1%, 5%, and 10% levels, respectively. The definitions and calculations of all variables 

appear in Section 3. 
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Table 3: Correlation Coefficients 

Panel A: Full Sample 

 
Variables (1) (2) (3) (4) (5) (6) (7) (8) 

(1) ROA 1.000        

(2) NPL 0.432 1.000       

(3) Lending HHI -0.009 0.042 1.000      

(4) CORR -0.072 0.144 0.052 1.000     

(5) Contagion -0.002 0.029 0.023 0.109 1.000    

(6) Size -0.015 0.002 -0.086 0.172 0.037 1.000   

(7) Equity ratio -0.077 0.217 -0.083 0.000 0.043 -0.119 1.000  

(8) Employee 0.003 -0.011 -0.144 0.159 0.017 0.455 -0.039 1.000 

Panel B: Supply Chain Channel 

 
Variables (1) (2) (3) (4) (5) (6) (7) (8) (9) 

(1) ROA 1.000         

(2) NPL 0.432 1.000        

(3) Lending HHI -0.009 0.042 1.000       

(4) CORR -0.072 0.144 0.053 1.000      

(5) Customer Contagion -0.005 0.013 0.005 0.052 1.000     

(6) Non-Customer Contagion 0.007 0.014 0.029 0.110 0.124 1.000    

(7) Size -0.015 0.002 -0.086 0.173 0.063 0.014 1.000   

(8) Equity ratio -0.077 0.217 -0.083 0.000 0.026 0.028 -0.119 1.000  

(9) Employee 0.003 -0.011 -0.144 0.159 0.049 0.003 0.455 -0.039 1.000 

Note. The table presents Pearson correlation matrix for the bank performance measures, exposure 

weight, portfolio correlation, contagion measures, and bank characteristics variables. Bold text 

indicates significance at the 5% level and italic text indicates significance at the 10% level. Panel A 

presents the correlations for the full sample of loan portfolios. Panel B shows the correlation for 

variables of those industries that have available customer information in loan portfolios. 

 

Table 4: The Role of Outer Overlap Ratio 

Panel A: Lower Outer Overlap Ratio 

 
Variables (1) (2) (3) (4) 

(1) CORR 1.000    

(2) Contagion 0.148 1.000   

(3) Customer Contagion 0.068 0.662 1.000  

(4) Non-Customer Contagion 0.136 0.724 0.122 1.000 

Panel B: Higher Outer Overlap Ratio 

 
Variables (1) (2) (3) (4) 

(1) CORR 1.000    

(2) Contagion 0.527 1.000   

(3) Customer Contagion 0.483 0.779 1.000  

(4) Non-Customer Contagion 0.049 0.799 0.308 1.000 

Note. The table presents Pearson correlation matrix for the portfolio correlation, and contagion 

measures. All of loan portfolio sample has the customer information. Panel A presents the loan 

portfolio has lower outer overlap ratio. Panel B shows that loan portfolio has higher outer overlap ratio. 

Bold text indicates significant at 5% level and italic text indicates significant at 10% level. 
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4 Empirical Result 

In this section, we present multivariate analysis to investigate the effect of loan 

portfolio diversification on bank return and risk. In the first subsection, we analyze 

the effect loan portfolio diversification on bank return using three different 

diversification measures. Then, we verify whether the customer contagion is the 

major causes that underlining the transmission effect to the portfolio return. As for 

section 4.3, we investigate whether the degree of the overlap ratio of outer 

transmission channels will affect the explanatory ability of the customer contagion for 

the bank return. In section 4.4 to 4.6, the return measure is substituted by the risk 

measure to examine the effects of diversification on risk. 

4.1 The relationship between bank return and loan portfolio diversification 

Table 5 contains the results of ordinary least squares regressions examining the 

effects of diversification on bank return, while controlling the bank’s size, the equity 

ratio and employee ratio. The dependent variable in all regressions is the ROA. The 

key independent variables of interest are the diversification measures, which include a 

traditional diversification measure, a correlation measure and a contagion measure. 

Furthermore, as to the estimation of the contagion, we adopt residual correlation to 

specify and measure the strength of linkage between underlying industries and outer 

industries via the idiosyncratic dependence structure. We next examine whether these 

effects differ under different market conditions, especially for the existent of 

correlation asymmetry under crisis period, by considering two sample periods, one is 

characterized by the absence of crisis referred to as the tranquil period and the other is 

turmoil period. 

Firstly, from columns (1) and (4) we can observe that the coefficients of 

traditional diversification measure, i.e. HHI are all negative correlated with bank 

return during the tranquil period. This result shows that concentration reduces bank 

return, suggesting that uniformly diversifying loan portfolios to more industries is 

more profitable than focusing. In column (2), the coefficients of intra-portfolio 

correlation are negatively significant at 1%. As we replaced the correlation with 

contagion in column (3), the estimated coefficients of contagion are negative 

significant at 1% level. In regard to contagion, which measures the extent of 

co-movement across the portfolio, column (3) shows that contagion affects banks’ 

return. Taking all of the diversification measures into account, column (4) shows that 

the coefficients of these three measures are all negative and significant at 1% level. 

The inclusion of correlation measure and contagion measure in column (4) 

significantly enhances the explanatory power of equation (24), compared to only use 
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HHI as the proxy for bank diversification in column (1). These results indicate that 

the three measures of portfolio diversification are all negatively affected banks’ 

return. 

Next, we investigate whether the return-diversification relationship in a bank 

loan portfolio depends on the market environment, especially for periods of market 

decline. We first restrict the sample period to the crisis period and provide the 

analyses in columns (5) to (8). In Panel 5, columns (5) and (8), the coefficients of 

HHI are positive, in contrast to negative coefficients as presented in columns (1) and 

(4) for the tranquil period. The results indicate that during the turmoil period banks 

have greater profitability from portfolio concentration than diversification. In fact, this 

result is analogy with Acharya et al. (2006), which suggest that diversification across 

industries is not necessary beneficial for the bank return especially for banks facing 

highly downside risk. Acharya et al. (2006) conclude that bank owners have less 

incentive to monitor their loans during periods of market stress, and might benefit 

from focusing, rather than diversifying, their bank loan portfolio. 

On the other hand, the coefficients on the intra-portfolio correlation and 

contagion are all negative and statistically significant, suggesting that the signs are not 

dependent on the market environment. In columns (7) and (8), the coefficients on 

contagion measure during the turmoil period are statically significant at 1% level, and 

are even higher than the coefficients in the tranquil period. To summarize, as regards 

to a loan portfolio construction, bank should reduce the level of intra-portfolio 

correlations in order to achieve higher return. Moreover, bank should pay more 

attention to the underlying asset’s potential idiosyncratic transmission channels, 

especially during the turmoil period. 
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Table 5: Diversification and Bank Return 

Independent variables 

Dependent variable: ROA 

Tranquil Period  Turmoil Period 

(1) (2) (3) (4)  (5) (6) (7) (8) 

Lending HHI -0.081**   -0.045***  0.111**   0.097* 

 (-2.03)   (-2.77)  (2.03)   (1.87) 

CORR  -0.118***  -0.111***   -0.122***  -0.174*** 

  (-3.16)  (-3.74)   (-2.38)  (-2.38) 

Contagion   -0.105*** -0.103***    -0.240*** -0.236*** 

   (-3.03) (-3.49)    (-4.05) (-3.96) 

Size -0.138 -0.134*** -0.139 -0.133***  -0.148*** -0.123 -0.134** -0.097 

 (-0.79) (-5.92) (-0.80) (-6.02)  (-2.67) (-1.49) (-2.42) (-1.18) 

Equity ratio -2.378 -0.812** -2.381 -0.877**  -2.433 -0.477 -1.896 -0.325 

 (-0.50) (-2.25) (-0.49) (-2.41)  (-1.37) (-0.25) (-1.04) (-0.19) 

Employee 0.141 0.148*** 0.142 0.147***  0.147*** 0.118 0.134*** 0.103 

 (0.88) (7.06) (0.89) (7.15)  (2.95) (1.56) (2.69) (1.38) 

Intercept 1.834 1.123*** 1.812 1.143***  1.025* 1.346* 0.787 1.125 

 (0.76) (6.09) (0.75) (6.31)  (1.89) (1.67) (1.49) (1.44) 

Year Control Yes Yes Yes Yes  Yes Yes Yes Yes 

Bank SIC Control Yes Yes Yes Yes  Yes Yes Yes Yes 

N 5,271 5,271 5271 5,271  1,558 1,558 1558 1,558 

adj. R2 0.017 0.298 0.117 0.502  0.110 0.168 0.183 0.301 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio concentration on bank performance. The loan portfolio sample 

spans the 1987-2014 window, featuring lead arrangers in the syndicated loan market that have available bank characteristics and our key variables. Columns (1) 

through (4) show the regression results for the tranquil period. Columns (5) through (8) show the regression results for the turmoil period. The dependent variable is 

the bank profitability (ROA). Our key concentration measures are Lending HHI, CORR, and Contagion. Lending HHI measures bank loan exposures by employing a 

Herfindahl-Hirschman index. CORR indicates the average portfolio correlation by using Pearson correlation for each pair-industry. Contagion captures the outer 

transmit channel by measuring a residual correlation for each pair-industry connections. The definitions of all variables and also a description of how they are 

computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. Bank-fixed effect is classified as 2-digit SIC industry. The t-statistics in 

parentheses are corrected for heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively. 
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4.2 The relationship between bank return and the customer contagion effect 

Table 6 provides the result of whether the return and contagion relationship is differ in 

the existence of supply chain. In column (1), it can be observed that when the observations 

are specified that the underlying industries must have its corresponding outside customer 

industry, the effect of customer contagion on portfolio return is negative and significant. Next, 

in column (2), we estimate both the contagion coefficients with or without such a specified 

supply chain linkage, and test the explanatory abilities for the portfolio return in both 

situations. The results show that, the customer contagion coefficient is -0.115 and is 

statistically significant. The coefficient on Non-Customer Contagion has a statistically 

insignificant effect on bank return. The study finds that, for the customer contagion, the 

higher the connection strength between underlying industries and its outer customers, the 

worse the bank return. Comparing the customer contagion coefficients of column (2) and 

column (4), the values are -0.115 and -0.309, respectively, and both are significant at 1% 

level. This implies that as we switch the sample period to the turmoil period, the results show 

that the customer contagion still significantly affects the bank return, and in an even greater 

manner. Table 6 shows evidence of significant customer contagion effect. 
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Table 6: Supply Chain Channel and Bank Return 

Independent variables 

Dependent variable: ROA 

Tranquil Period  Turmoil Period 

(1) (2)  (3) (4) 

Lending HHI -0.044*** -0.044***  0.060* 0.089 

 (-2.64) (-2.60)  (1.82) (1.77) 

CORR -0.113* -0.111*  -0.151* -0.173* 

 (-1.84) (-1.82)  (-1.88) (-1.93) 

Customer Contagion -0.111** -0.115***  -0.309*** -0.309*** 

 (-2.58) (-2.73)  (-3.22) (-3.19) 

Non-Customer Contagion  -0.003   -0.016 

  (-1.09)   (-1.46) 

Size -0.133*** -0.133***  -0.115 -0.109 

 (-5.97) (-6.01)  (-1.37) (-1.30) 

Equity ratio -0.889** -0.860**  -0.020 -0.060 

 (-2.42) (-2.34)  (-0.01) (-0.03) 

Employee 0.147*** 0.147***  0.117 0.113 

 (7.09) (7.15)  (1.52) (1.47) 

Intercept 1.134*** 1.150***  1.289 1.249 

 (6.19) (6.34)  (-0.060) (-0.089) 

Year Control Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes 

N 4,888 4,888  1,450 1,450 

adj. R2 0.511 0.512  0.328 0.328 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio concentration on bank 

performance. All of the loan portfolio has customer information. The loan portfolio sample spans the 1987-2014 window, 

featuring lead arrangers in the syndicated loan market that have available bank characteristics and our key variables. 

Columns (1) and (2) show the regression results for the tranquil period. Columns (3) and (4) show the regression results 

for the turmoil period. The dependent variable is the bank profitability (ROA). Our key concentration measures are 

Lending HHI, CORR, and Contagion. Lending HHI measures bank loan exposures by employing a Herfindahl- 

Hirschman index. CORR indicates the average portfolio correlation by using Pearson correlation for each pair-industry. 

Customer Contagion captures the customer contagion effect by employing a residual correlation for each pair-industry 

with supplier-customer connections. Non-Customer Contagion captures the non-customer contagion effect by employing 

a residual correlation for each pair-industry without supplier-customer connections. The definitions of all variables and 

also a description of how they are computed appear in Section 3. All regressions use year-fixed effects and bank-fixed 

effects. Bank-fixed effect is classified as 2-digit SIC industry. The t-statistics in parentheses are corrected for 

heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, 

respectively. 
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4.3 The role of outer overlap ratio on customer contagion effect on bank return 

This section is mainly to verify the inference made in the model in section 2, namely 

whether the overlap ratio relevant to the outer transmission channels would affect the role of 

customer contagion in explaining bank return. Firstly, the samples are limited to the 

portfolios that have specific supply chain flows, i.e., what we concern is the disturbance of 

outer customer industries are propagated to the corresponding supply industries within the 

portfolio. Banks were divided into two groups―higher and lower outer overlap ratio groups, 

on the basis of whether the outer overlap ratio is above or below 0.5. 

In columns (1) and (3) of Table 7, when the bank portfolio has high outer overlap ratios 

in different sample periods, the intra-portfolio correlation has a significant negative impact on 

bank return. However, although the customer contagion coefficient also takes a negative signs 

but are not significant. Next, in columns (2) and (4), once the bank portfolio has a low degree 

of outer overlap ratio, there is evidence of a negative relationship between customer 

contagion and return, which is significant. This finding implies that the loan portfolio has a 

higher outer overlap ratio, the intra-portfolio correlation measure capture more dependence 

structure information, and include most part of the information of the transmission channels 

of the underlying industry. Turning to the findings for the sub-sample of lower outer overlap 

ratio, we find that the customer contagion effect from transmission channels become ever 

more important and cannot be ignored. Furthermore, bank should pay more attention to the 

correlation and the customer contagion effect, which means the shocks of external customer 

industries are propagated to their corresponding supplier industries via the idiosyncratic 

transmission channels. 
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Table 7: Overlap Ratio and Bank Return 

Independent variables 

Dependent variable: ROA 

Tranquil Period  Turmoil Period 

(1) (2)  (3) (4) 

High Outer 

Overlap Ratio 

Low Outer 

Overlap Ratio 

 High Outer 

Overlap Ratio 

Low Outer 

Overlap Ratio 

Lending HHI -0.010* -0.009*  0.034* 0.029* 

 (-1.82) (-1.89)  (1.77) (1.88) 

CORR -0.229** -0.247**  -0.151** -0.156* 

 (-2.27) (-2.23)  (-2.01) (-1.82) 

Customer Contagion -0.001 -0.029***  -0.001 -0.039*** 

 (-0.46) (-2.88)  (1.05) (-2.82) 

Size -0.509*** -0.160  -0.080*** -0.062 

 (-10.26) (-0.84)  (-3.22) (-0.66) 

Equity ratio -2.472*** -1.941  -0.730* -0.325 

 (-3.70) (-0.80)  (-1.88) (-0.16) 

Employee 0.501*** 0.157  0.103*** 0.072 

 (10.66) (0.84)  (4.46) (0.85) 

Intercept 4.550*** 1.422  0.728*** 0.897 

 (10.01) (0.84)  (3.70) (1.02) 

Year Control Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes 

N 125 4,763  38 1,412 

adj. R2 0.634 0.508  0.497 0.436 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio 

concentration on bank performance in different overlap levels. All of the loan portfolio has customer 

information. The loan portfolio sample spans the 1987-2014 window, featuring lead arrangers in the syndicated 

loan market that have available bank characteristics and our key variables. Columns (1) and (2) show the 

regression results for the tranquil period. Columns (3) and (4) show the regression results for the turmoil period. 

We use the level of overlap to proxy for the outer customer contagion effect. We classify loan portfolio as 

“higher, and “lower” overlap ratio by median value respectively. The dependent variable is the bank profitability 

(ROA). Our key concentration measures are Lending HHI, CORR, and Contagion. Lending HHI measures bank 

loan exposures by employing a Herfindahl-Hirschman index. CORR indicates the average portfolio correlation 

by using Pearson correlation for each pair-industry. Customer Contagion captures the customer contagion effect 

by employing residual correlation for each pair-industry with supplier-customer connections. Non-Customer 

Contagion captures the non-customer contagion effect by employing residual correlation for each pair-industry 

without supplier-customer connections. The definitions of all variables and also a description of how they are 

computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. Bank-fixed effect is 

classified as 2-digit SIC industry. The t-statistics in parentheses are corrected for heteroscedasticity using 

White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively. 
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4.4 The relationship between bank risk and loan portfolio diversification 

Table 8 presents the results of tests of equation (24). Our objective with this regression is 

to evaluate the effect of loan portfolio diversification on bank’s risk, measured by 

nonperforming loan to assets ratio. In columns (1) and (4) of tranquil period show that the 

HHI are significantly positively related to bank’s risk. Columns (2) and (3) investigate the 

effects of intra-portfolio correlation and contagion on banks’ risk, respectively. We observe 

that the effect of both intra-portfolio correlations and contagion on bank risk are positive and 

statistically significant. From column (4), we take the HHI, correlation measure and 

contagion measure into account simultaneously and the coefficients of these measures are all 

positive and significant. These results give us strong evidence that concentration influences 

positively banks’ risk and suggesting that diversification decrease bank risk for all measures 

of loan portfolio diversification. 

As the sample period is restricted to focus on crisis period, in columns (5) and (8) of 

Table 8, the coefficients on HHI in each column are negative and significant, which have 

exact the opposite signs with the result of tranquil periods. This suggests that the more 

diversified banks have riskier portfolios. In the case of intra-portfolio correlation, from 

columns (6) and (8), both of the coefficients of intra-portfolio correlation are positive and 

significant. With respect to the contagion, in columns (7) and (8), the coefficients are still 

economically significant. This implies, the positive relationship between dependence 

structure and banks’ risk are not differs during different market conditions. 

These results provide some evidence suggesting that under the circumstance of turmoil, 

the correlations in portfolio construction should as low as possible. Especially for the 

contagion measure, our results imply that the bank risk might suffer contagion effect across 

the portfolio. It also highlights that, if the conventional weight distribution is used as the 

indicator of portfolio diversification, a higher degree of concentration will more effectively 

reduce portfolio risk in the turmoil period. Noteworthy, we should be selected an industry 

which has low correlation and lower extent of connection with outer industries. This suggests 

that banks are likely to build their loan portfolio with moderately concentrated. 
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Table 8: Diversification and Bank Risk 

Independent variables 

Dependent variable: NPL 

Tranquil Period  Turmoil Period 

(1) (2) (3) (4)  (5) (6) (7) (8) 

Lending HHI 0.426***   0.421***  -0.302***   -0.287* 

 (3.71)   (4.09)  (3.34)   (-1.96) 

CORR  0.204**  0.243***   0.281*  0.292** 

  (2.19)  (2.62)   (1.87)  (2.06) 

Contagion   0.030*** 0.025**    0.044*** 0.046** 

   (2.61) (2.45)    (2.92) (2.32) 

Size 0.637* 0.814*** 0.671* 0.803***  0.585*** 1.060*** 0.558*** 1.030*** 

 (1.70) (6.90) (1.82) (6.94)  (3.67) (5.07) (3.42) (5.04) 

Equity ratio 25.995*** 13.676*** 25.846*** 12.823***  24.243*** 13.277** 22.868*** 13.132** 

 (2.65) (6.21) (2.62) (5.80)  (5.54) (2.29) (5.04) (2.38) 

Employee -0.524 -0.740*** -0.566 -0.728***  -0.488*** -0.968*** -0.464*** -0.946*** 

 (-1.45) (-7.16) (-1.60) (-7.16)  (-3.44) (-5.12) (-3.19) (-5.07) 

Intercept -10.317** -5.914*** -10.073** -5.966***  -2.734** -9.180*** -2.073 -9.028*** 

 (-2.30) (-6.15) (-2.24) (-6.29)  (-1.99) (-4.53) (-1.50) (-4.57) 

Year Control Yes Yes Yes Yes  Yes Yes Yes Yes 

Bank SIC Control Yes Yes Yes Yes  Yes Yes Yes Yes 

N 5,271 5,271 5271 5,271  1,558 1,558 1558 1,558 

adj. R2 0.331 0.455 0.329 0.561  0.306 0.458 0.401 0.557 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio concentration on bank performance. The loan portfolio sample 

span the 1987-2014 window, featuring lead arrangers in the syndicated loan market that have available bank characteristics and our key variables. Columns (1) 

through (4) show the regression results for the tranquil period. Columns (5) through (8) show the regression results for the turmoil period. The dependent variable is 

the bank risk (NPL). Our key concentration measures are Lending HHI, CORR, and Contagion. Lending HHI measures bank loan exposures by employing a 

Herfindahl-Hirschman index. CORR indicates the average portfolio correlation by using Pearson correlation for each pair-industry. Contagion captures the outer 

transmit channel by measuring a residual correlation for each pair-industry connections. The definitions of all variables and also a description of how they are 

computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. Bank-fixed effect is classified as 2-digit SIC industry. The t-statistics in 

parentheses are corrected for heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively. 
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4.5 The relationship between bank risk and the customer contagion effect  

The previous section shows that the extent of the connections between underlying 

industries and outer industries does indeed affect the bank risk. This section further 

demonstrates whether this relationship is differed in the existence of specific supply chain, 

i.e., we focus on the role of customer contagion effect. 

From Table 9, it can be observed that all of the coefficients of customer contagion are 

positively significant. In columns (2) and (4) of Table 9, we examine the relationship between 

contagion effect and risk with and without such a specific supply chain linkage, and find that 

the coefficients of non-customer contagion are all positive but insignificant. The above results 

show once again that the linkage between assets is the key factor for bank risk, especially for 

the shocks originate from the outer customer industries. 
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Table 9: Supply Chain Channel and Bank Risk 

Independent variables 

Dependent variable: NPL 

Tranquil Period  Turmoil Period 

(1) (2)  (3) (4) 

Lending HHI 0.455*** 0.454***  -0.177** -0.151* 

 (4.25) (4.22)  (-2.10) (-1.94) 

CORR 0.243*** 0.247***  0.210** 0.191* 

 (2.62) (2.68)  (2.05) (1.85) 

Customer Contagion 0.039*** 0.038***  0.043** 0.043** 

 (2.67) (2.59)  (2.37) (2.39) 

Non-Customer Contagion  0.007   0.015 

  (0.70)   (1.26) 

Size 0.802*** 0.802***  1.034*** 1.039*** 

 (6.97) (6.97)  (4.97) (5.01) 

Equity ratio 12.719*** 12.786***  13.139** 13.210** 

 (5.75) (5.73)  (2.33) (2.34) 

Employee -0.729*** -0.730***  -0.949*** -0.953*** 

 (-7.18) (-7.20)  (-5.00) (-5.04) 

Intercept -5.984*** -6.020***  -9.058*** -9.093*** 

 (-6.32) (-6.36)  (-4.50) (-4.53) 

Year Control Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes 

N 4,888 4,888  1,450 1,450 

adj. R2 0.563 0.563  0.558 0.558 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio 

concentration on bank performance. All of the loan portfolio has customer information. The loan portfolio 

sample span the 1987-2014 window, featuring lead arrangers in the syndicated loan market that have available 

bank characteristics and our key variables. Columns (1) and (2) show the regression results for the tranquil 

period. Columns (3) and (4) show the regression results for the turmoil period. The dependent variable is the 

bank risk (NPL). Our key concentration measures are Lending HHI, CORR, and Contagion. Lending HHI 

measures bank loan exposures by employing a Herfindahl-Hirschman index. CORR indicates the average 

portfolio correlation by using Pearson correlation for each pair-industry. Customer Contagion captures the 

customer contagion effect by employing a residual correlation for each pair-industry with supplier-customer 

connections. Non-Customer Contagion captures the non-customer contagion effect by employing a residual 

correlation for each pair-industry without supplier-customer connections. The definitions of all variables and 

also a description of how they are computed appear in Section 3. All regressions use year-fixed effects and 

bank-fixed effects. Bank-fixed effect is classified as 2-digit SIC industry. The t-statistics in parentheses are 

corrected for heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated 

by *, **, and ***, respectively. 
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4.6 The role of outer overlap ratio on customer contagion effect on bank risk 

From Table 10, it can be observed that in columns (1) and (3) as the portfolio with high 

outer overlap ratios (i.e., outer overlap ratio≥0.5), the coefficients of intra-portfolio 

correlation are both significantly positive in NPL estimations. As for the coefficients of 

customer contagion is positively correlated with risk, but not significant. From columns (2) 

and (4), we still can observed that as the portfolio turn out to with low outer overlap ratios 

(i.e., outer overlap ratio <0.5), the higher the intra-portfolio correlations, the higher the bank 

risk. However, compared to the high outer overlap ratio, the coefficients on customer 

contagion associated with low outer overlap ratio are positive and are statistically 

significantly. It supports the inference in the paper on the correlation coefficients, i.e., when 

the overlap ratio of outer transmission channels is high, most of the connection information 

between the underlying industry and its corresponding outside customer industries will be 

included in the correlation measure. In this case, the role of correlation in diversification will 

reduce the explanatory power of customer contagion effect. 

Generally speaking, it is believed that the higher the overlap ratio of outside customers, 

the more attention should be paid to the extent of the linkage between outside customer 

industry and the inside supplier industry. However, the model shows that the higher the outer 

overlap ratio, the higher the information contained in the correlation measure of the portfolio; 

in such a case, the intra-portfolio correlation can almost depict the overall dependence 

structure and explain the degree of portfolio diversification. 
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Table 10: Overlap Ratio and Bank Risk 

Independent variables 

Dependent variable: NPL 

Tranquil Period  Turmoil Period 

(1) (2)  (3) (4) 

High Overlap 

Ratio 

Low Overlap 

Ratio 

 High Overlap 

Ratio 

Low Overlap 

Ratio 

Lending HHI 0.170* 0.425***  -0.137* -0.053* 

 (1.85) (3.67)  (-1.84) (-1.91) 

CORR 0.267*** 0.291***  0.234** 0.143** 

 (2.60) (2.71)  (2.12) (2.24) 

Customer Contagion 0.006 0.055**  0.009 0.065*** 

 (0.64) (2.05)  (0.30) (2.60) 

Size 1.054*** 0.673***  1.322*** 0.914*** 

 (3.26) (4.60)  (2.82) (3.90) 

Equity ratio 24.032*** 10.554***  26.964** 12.209** 

 (5.28) (3.93)  (2.71) (2.02) 

Employee -0.740** -0.655***  -0.991** -0.867*** 

 (-2.35) (-5.04)  (-2.16) (-4.17) 

Intercept -11.332*** -4.920***  -13.181*** -7.830*** 

 (-3.85) (-4.49)  (-3.00) (-3.67) 

Year Control Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes 

N 125 4,763  38 1,412 

adj. R2 0.719 0.497  0.722 0.436 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio 

concentration on bank performance in different overlap levels. All of the loan portfolio has customer 

information. The loan portfolio sample span the 1987-2014 window, featuring lead arrangers in the syndicated 

loan market that have available bank characteristics and our key variables. Columns (1) and (2) show the 

regression results for the tranquil period. Columns (3) and (4) show the regression results for the turmoil period. 

We use the level of overlap to proxy for the outer customer contagion effect. We classify loan portfolio as 

“higher, and “lower” overlap ratio by median value respectively. The dependent variable is the bank risk (NPL). 

Our key concentration measures are Lending HHI, CORR, and Contagion. Lending HHI measures bank loan 

exposures by employing a Herfindahl-Hirschman index. CORR indicates the average portfolio correlation by 

using Pearson correlation for each pair-industry. Customer Contagion captures the customer contagion effect by 

employing a residual correlation for each pair-industry with supplier-customer connections. Non-Customer 

Contagion captures the non-customer contagion effect by employing a residual correlation for each pair-industry 

without supplier-customer connections. The definitions of all variables and also a description of how they are 

computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. Bank-fixed effect is 

classified as 2-digit SIC industry. The t-statistics in parentheses are corrected for heteroscedasticity using 

White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively. 
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5 Conclusion 

Diversification in a portfolio of securities is a primary issue of modern portfolio theory – 

yet the tools we used to measure and understand diversification remain inexact. Investors 

tend to think “more is better,” without paying enough attention to the declining value of 

diversification. Especially for the increasing correlations among asset classes diminish the 

benefits of diversification; and, even when the underlying assets with low correlations, the 

shocks of assets which is not included in the portfolio are propagated to underlying assets via 

the contractual relationship can be easily overlooked. 

In this paper, such characteristics as exposure weight distribution, intra-portfolio 

correlation and strength of connection between assets cross the border of the portfolio are 

used to interpret the extent of portfolio diversification to reexamine the effect of 

diversification on bank return and risk of U.S. banks over the year 1987-2014. Understanding 

these three effects enables us to derive conclusions about the overall effects of diversification 

on a bank's profitability and riskiness. 

Based on the model proposed, three theses are put forth: 1. A higher overlap of the 

idiosyncratic transmission channels will rise the intra-portfolio correlation and further 

increase the overall concentration; 2. According to the position of each underlying secondary 

sector’s primary sectors which is included in the portfolio or not, we decompose the 

idiosyncratic channels into inner and outer transmission channels, respectively. Furthermore, 

we indicate the importance of considering the outer transmission channels to the 

measurement of portfolio diversification; 3. The higher the overlap ratio of the outer 

transmission channels, the more the information would be contained in the intra-portfolio 

correlation, and would reduce the explanatory ability of the extent of the connection via outer 

transmission channels, i.e., the customer contagion effect. 

However, given the asymmetric correlations in the market, the role of idiosyncratic 

transmission channels is particularly important. This paper estimates the extent of connection 

via residual-correlation, in order to capture the idiosyncratic dependence structure that 

triggers the correlations between assets that go beyond their exposure to common factors. 

Particularly when the market is in turmoil, a higher degree of residual correlation implies that 

it is more easily for the volatility of outside asset value to affect the performance of the inside 

assets through outer transmission channels. 

In our empirical results, we find that under tranquil period overall diversification 

measures have a negative effect on the performance of the U.S. bank. It indicates that, when 

banks build portfolios, they should uniform distribute their exposure on industries, or 
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assembling industries with low correlation to each other to reduce risk and improve return. 

The customer contagion effect estimated based on the supply chain indeed significantly 

affects the bank performance. However, under the turmoil period we find that banks should 

focus on certain of industries, construct a lower intra-portfolio correlation or select industries 

which have lower connection with its’ outer corresponding customer industries to improve 

their performance. The foregoing focus refers to the distribution of portfolio exposure as 

measured by the HHI. It supports the conclusion by Acharya et.al. (2006), which indicates 

that diversification across industries is not necessary beneficial for the bank return and risk 

especially for high-risk banks. Low intra-portfolio correlation reduce the occurrence of 

co-movement of portfolio. The lower the degree of connection with outer customer industries 

of an underlying industry, the lower the probability that the external shocks to be propagated 

from the customer industries to the portfolio. This implies that the performance of portfolio is 

less likely to be affected by fluctuations in the value of outer industries during crisis. That is 

to say, during crisis, banks should choose an appropriate concentration strategy rather than 

focus on selected industries as determined solely by the HHI. 

As for the transmission channels of the underlying industry, the outer overlap ratio is 

indeed the key factor that affects the explanatory ability of customer contagion effect for 

bank performance. Especially when the outer channel is highly overlapped, the intra-portfolio 

correlation contains the majority of the outside connection information, and dramatically 

reduces the importance of the customer contagion effect. Nevertheless, according to the 

information of the U.S. syndicated loans, 72.73% of the bank portfolios are characterized by 

zero outer overlap ratio. It directly supports that the role of external connections of the 

underlying industries cannot be overlooked. It demonstrates that, when building investment 

portfolios, the effect of outer industries through idiosyncratic transmission channels should 

not be ignored. 
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Appendix 2.A: Proof of Proposition 2 

(1) If sector 𝑖 and sector 𝑗 ∈ primary sectors, then each sector return can be presented as: 

𝑟𝑖 = √𝜌𝑀 +√(1 − 𝜌)휃휂𝑖 +√(1 − 𝜌)(1 − 휃)휀𝑖 

𝑟𝑗 = √𝜌𝑀 +√(1 − 𝜌)휃휂𝑗 +√(1 − 𝜌)(1 − 휃)휀𝑗 

The correlation between the two rates of return are: 

𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗) =
𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

√𝑉𝑎𝑟(𝑟𝑖)√𝑉𝑎𝑟(𝑟𝑗)
 

where 

𝑉𝑎𝑟(𝑟𝑖) = 𝑉𝑎𝑟 (√𝜌𝑀 + √(1 − 𝜌)휃휂𝑖 +√(1 − 𝜌)(1 − 휃)휀𝑖) = 1 = 𝑉𝑎𝑟(𝑟𝑗) 

Then the correlation coefficient between 𝑟𝑖 and 𝑟𝑗 can be rewritten as: 

𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗) 

= 𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗) 

= 𝐶𝑜𝑣 (√𝜌𝑀 + √(1 − 𝜌)휃휂𝑖 +√(1 − 𝜌)(1 − 휃)휀𝑖, √𝜌𝑀 + √(1 − 𝜌)휃휂𝑗

+√(1 − 𝜌)(1 − 휃)휀𝑗) 

= 𝜌                                                                                                                                                  (𝐴1) 

(2) If sector 𝑖 ∈ primary sector and sector 𝑗 ∈ secondary sector, then each sector return 

can be presented as: 

𝑟𝑖 = √𝜌𝑀 +√(1 − 𝜌)휃휂𝑖 +√(1 − 𝜌)(1 − 휃)휀𝑖 
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𝑟𝑗 = √𝜌𝑀 +√(1 − 𝜌)𝛼 (∑ 𝜔𝑗𝑙𝛿𝑗𝑙휂𝑙
𝑛′

𝑙=1
+∑ 𝜔𝑗𝑙′𝛿𝑗𝑙′휂𝑙′

�̅�𝑗
′

𝑙′=(�̅�𝑗−1
′ +1)

+∑ 𝜔𝑗𝑘𝛿𝑗𝑘
(𝑛+𝑚′)

𝑘=(𝑛+1)
휂𝑘

+∑ 𝜔𝑗𝑘′𝛿𝑗𝑘′
�̅�𝑗
′

𝑘′=(�̅�𝑗−1
′ +1)

휂𝑘′) + √(1 − 𝜌)(1 − 𝛼)휀𝑗 

�̅�𝑗
′ = 𝑛′ +∑𝑛𝑖

′

𝑗

𝑖

 

�̅�𝑗
′ = 𝑛 +𝑚′ +∑𝑚𝑖

′

𝑗

𝑖

 

where 𝑛′ and 𝑚′ are the number of overlap primary sectors within and across the 

portfolio, respectively. As for the number of 𝑛𝑗
′ and 𝑚𝑗

′ are the non-overlap primary 

sectors, which sector j invest within and across the portfolio, respectively.  

For simplicity, we assume that each secondary sector has the same number of primary 

sector within portfolio and across the portfolio and uniformly exposed to each primary 

sector. Namely, the number of primary sectors and relative exposure to each sector can 

be written as: 

�̅� = 𝑛′ + 𝑛𝑗
′ 

�̅� = 𝑚′ +𝑚𝑗
′ 

𝜔𝑗𝑙 = 𝜔𝑗𝑙′ = 𝜔𝑗𝑘 = 𝜔𝑗𝑘′ =
1

�̅� + �̅�
 

We further assume that sector 𝑗’s primary sensitive to inner and outer primary 

sector 𝑙-specific shock is 𝛿𝐼 and 𝛿𝑂, respectively. 

       𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗) =
𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

√𝑉𝑎𝑟(𝑟𝑖)√𝑉𝑎𝑟(𝑟𝑗)
 

where 

𝑉𝑎𝑟(𝑟𝑖) = 𝑉𝑎𝑟 (√𝜌𝑀 + √(1 − 𝜌)휃휂𝑖 +√(1 − 𝜌)(1 − 휃)휀𝑖) = 1 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

110 

 

𝑉𝑎𝑟(𝑟𝑗) = 𝑉𝑎𝑟(√𝜌𝑀

+ √(1 − 𝜌)𝛼 (∑ 𝜔𝑗𝑙𝛿𝑗𝑙휂𝑙
𝑛′

𝑙=1
+∑ 𝜔𝑗𝑙′𝛿𝑗𝑙′휂𝑙′

�̅�𝑗
′

𝑙′=(�̅�𝑗−1
′ +1)

+∑ 𝜔𝑗𝑘𝛿𝑗𝑘
(𝑛+𝑚′)

𝑘=(𝑛+1)
휂𝑘 +∑ 𝜔𝑗𝑘′𝛿𝑗𝑘′

�̅�𝑗
′

𝑘′=(�̅�𝑗−1
′ +1)

휂𝑘′)

+ √(1 − 𝜌)(1 − 𝛼)휀𝑗) 

              = 𝜌 + (1 − 𝜌)𝛼 [𝑛′ (
1

�̅� + �̅�
)
2

𝛿𝐼
2 + (�̅� − 𝑛′) (

1

�̅� + �̅�
)
2

𝛿𝐼
2 +𝑚′ (

1

�̅� + �̅�
)
2

𝛿𝑂
2

+ (�̅� − 𝑚′) (
1

�̅� + �̅�
)
2

𝛿𝑂
2] + (1 − 𝜌)(1 − 𝛼) 

                = 1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�
)
2

𝛿𝐼
2 + �̅� (

1

�̅� + �̅�
)
2

𝛿𝑂
2 − 1] 

       𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗) 

       = 𝐶𝑜𝑣 (√𝜌𝑀 + √(1 − 𝜌)휃휂𝑖 +√(1 − 𝜌)(1 − 휃)휀𝑖, √𝜌𝑀

+ √(1 − 𝜌)𝛼 (∑ 𝜔𝑗𝑙𝛿𝑗𝑙휂𝑙
𝑛′

𝑙=1
+∑ 𝜔𝑗𝑙′𝛿𝑗𝑙′휂𝑙′

�̅�𝑗
′

𝑙′=(�̅�𝑗−1
′ +1)

+∑ 𝜔𝑗𝑘𝛿𝑗𝑘
(𝑛+𝑚′)

𝑘=(𝑛+1)
휂𝑘 +∑ 𝜔𝑗𝑘′𝛿𝑗𝑘′

�̅�𝑗
′

𝑘′=(�̅�𝑗−1
′ +1)

휂𝑘′)

+ √(1 − 𝜌)(1 − 𝛼)휀𝑗) 

       = {
𝜌 + (1 − 𝜌)√𝛼휃 (

1

�̅� + �̅�
) 𝛿𝐼       , for 𝑖 = 1,⋯ , 𝑛′, �̅�𝑗−1

′ + 1,⋯ , �̅�𝑗
′

𝜌                                                        , otherwise                                         
 

 

Then 
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       𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗) 

      =

{
 
 
 
 

 
 
 
 𝜌 + (1 − 𝜌)√𝛼휃 (

1
�̅� + �̅�) 𝛿𝐼

√1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�
)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

, for 𝑖 =
1,⋯ , 𝑛′

�̅�𝑗−1
′ + 1,⋯ , �̅�𝑗

′

𝜌

√1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

,otherwise                         

 

(𝐴2) 

(3) If sector 𝑖 and sector 𝑗 ∈ secondary sectors 

𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗) =
𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

√𝑉𝑎𝑟(𝑟𝑖)√𝑉𝑎𝑟(𝑟𝑗)
 

where 

𝑉𝑎𝑟(𝑟𝑖) = 𝑉𝑎𝑟(𝑟𝑗) = 1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�
)
2

𝛿𝐼
2 + �̅� (

1

�̅� + �̅�
)
2

𝛿𝑂
2 − 1] 

       𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗) 
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       = 𝐶𝑜𝑣 (√𝜌𝑀

+ √(1 − 𝜌)𝛼 (∑ 𝜔𝑖𝑙𝛿𝑖𝑙휂𝑙
𝑛′

𝑙=1
+∑ 𝜔𝑖𝑙′𝛿𝑖𝑙′휂𝑙′

�̅�𝑖
′

𝑙′=(�̅�𝑖−1
′ +1)

+∑ 𝜔𝑖𝑘𝛿𝑖𝑘
(𝑛+𝑚′)

𝑘=(𝑛+1)
휂𝑘 +∑ 𝜔𝑖𝑘′𝛿𝑖𝑘′

�̅�𝑖
′

𝑘′=(�̅�𝑖−1
′ +1)

휂𝑘′)

+ √(1 − 𝜌)(1 − 𝛼)휀𝑖, √𝜌𝑀

+ √(1 − 𝜌)𝛼 (∑ 𝜔𝑗𝑙𝛿𝑗𝑙휂𝑙
𝑛′

𝑙=1
+∑ 𝜔𝑗𝑙′𝛿𝑗𝑙′휂𝑙′

�̅�𝑗
′

𝑙′=(�̅�𝑗−1
′ +1)

+∑ 𝜔𝑗𝑘𝛿𝑗𝑘
(𝑛+𝑚′)

𝑘=(𝑛+1)
휂𝑘 +∑ 𝜔𝑗𝑘′𝛿𝑗𝑘′

�̅�𝑗
′

𝑘′=(�̅�𝑗−1
′ +1)

휂𝑘′)

+ √(1 − 𝜌)(1 − 𝛼)휀𝑗) 

 = 𝜌 + (1 − 𝜌)𝛼 [𝑛′ (
1

�̅� + �̅�
)
2

𝛿𝐼
2 +𝑚′ (

1

�̅� + �̅�
)
2

𝛿𝑂
2] 

   Then 

                   𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗) =
𝜌 + (1 − 𝜌)𝛼 [𝑛′ (

1
�̅� + �̅�)

2

𝛿𝐼
2 +𝑚′ (

1
�̅� + �̅�)

2

𝛿𝑂
2]

1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

      (𝐴3) 
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Appendix 2.B: Proof of Corollary 1 

Let 𝑟𝑖 denote return of sector 𝑖, and 𝜔𝑖 is the relative exposure of the bank to sector 𝑖 

in the total portfolio. For the total portfolio variance we obtain 

               𝑉𝑎𝑟[𝑟𝑝] = 𝑉𝑎𝑟 [∑ 𝜔𝑖
𝑛

𝑖=1
𝑟𝑖] 

                              = ∑ 𝜔𝑖
2𝑉𝑎𝑟[𝑟𝑖]

𝑛

𝑖=1
+∑∑𝜔𝑖𝜔𝑗𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝑗𝑖
𝑖≠𝑗

                                     (𝐵1) 

To simplify analysis, we assume that each sector has exactly the same principal with 

standardize to 1, so that each sector has portfolio share of 1 𝑛⁄ . 

 

(1) If sector 𝑖 and sector 𝑗 ∈ primary sectors, then the portfolio-weighted pairwise 

covariance is given by: 

∑∑𝜔𝑖𝜔𝑗𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝑗𝑖
𝑖≠𝑗

= (
1

𝑛
)
2

𝑛1(𝑛1 − 1)𝜌 

(2) If sector 𝑖 ∈ primary sector and sector 𝑗 ∈ secondary sector, then the 

portfolio-weighted pairwise covariance is given by: 

∑∑𝜔𝑖𝜔𝑗𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝑗𝑖
𝑖≠𝑗

= (
1

𝑛
)
2

2𝑛2𝜎𝑠[�̅�𝜌1
′ + (𝑛1 − �̅�)𝜌2

′ ] 

where 𝜎𝑠 is the standard deviation of secondary sector.  

𝜎𝑠 = √1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�
)
2

𝛿𝐼
2 + �̅� (

1

�̅� + �̅�
)
2

𝛿𝑂
2 − 1] 

𝜌1
′ =

𝜌 + (1 − 𝜌)√𝛼휃 (
1

�̅� + �̅�) 𝛿𝐼

√1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

, 𝑓𝑜𝑟 𝑖 =
1,⋯ , 𝑛′

�̅�𝑗−1
′ + 1,⋯ , �̅�𝑗

′ 
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𝜌2
′ =

𝜌

√1 + (1 − 𝜌)𝛼 [�̅� (
1

�̅� + �̅�
)
2

𝛿𝐼
2 + �̅� (

1
�̅� + �̅�)

2

𝛿𝑂
2 − 1]

, 𝑓𝑜𝑟 𝑖 ≠
1,⋯ , 𝑛′

�̅�𝑗−1
′ + 1,⋯ , �̅�𝑗

′ 

(3) If sector 𝑖 and sector 𝑗 ∈ secondary sectors, then the portfolio-weighted pairwise 

covariance is given by: 

∑∑𝜔𝑖𝜔𝑗𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝑗𝑖
𝑖≠𝑗

= (
1

𝑛
)
2

𝑛2(𝑛2 − 1)𝜎𝑠
2𝜌′′ 

where 𝜎𝑠 is the standard deviation of secondary sector. Then the return dispersion of 

the portfolio is given by  

𝑉𝑎𝑟[𝑟𝑝] 

= (
1

𝑛
)
2

𝑛1 + (
1

𝑛
)
2

𝑛2𝜎𝑠
2 + (

1

𝑛
)
2

𝑛1(𝑛1 − 1)𝜌 + (
1

𝑛
)
2

2𝑛2𝜎𝑠[�̅�𝜌1
′ + (𝑛1 − �̅�)𝜌2

′ ]

+ (
1

𝑛
)
2

𝑛2(𝑛2 − 1)𝜎𝑠
2𝜌′′ 

= (
1

𝑛
)
2

{𝑛1 + 𝑛2𝜎𝑠
2 + 𝑛1(𝑛1 − 1)𝜌 + 2𝑛2𝜎𝑠[�̅�𝜌1

′ + (𝑛1 − �̅�)𝜌2
′ ]

+ 𝑛2(𝑛2 − 1)𝜎𝑠
2𝜌′′}                                                                                              (𝐵2) 

as 𝑛 → ∞ 

𝑉𝑎𝑟[𝑟𝑝] = (
𝑛1
𝑛
)
2

𝜌 + 2 (
𝑛2
𝑛
) (
�̅�

𝑛
) 𝜎𝑠𝜌1

′ + 2(
𝑛2
𝑛
) (
𝑛1 − �̅�

𝑛
) 𝜎𝑠𝜌2

′ +  (
𝑛2
𝑛
)
2

𝜎𝑠
2𝜌′′ 

                = (
𝑛1
𝑛
)
2

𝜌 + 2 (
𝑛2
𝑛
)𝜎𝑠 [(

�̅�

𝑛
) 𝜌1

′ + (
𝑛1 − �̅�

𝑛
) 𝜌2

′ ] +  (
𝑛2
𝑛
)
2

𝜎𝑠
2𝜌′′                           (𝐵3) 
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Appendix 2.C.1: Proof of Proposition 3 

(1) If sector 𝑖  and sector 𝑗 ∈  primary sectors, then the first-order derivative of the 

correlation coefficient with respect to strength of outer connection is 

                                                        
𝜕𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
=
𝜕𝜌

𝜕𝛿𝑂
= 0                                                (𝐶1) 

(2) If sector 𝑖 ∈ primary sector and sector 𝑗 ∈ secondary sector, then the first-order 

derivative of the correlation coefficient with respect to strength of outer connection is 

𝜕𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
 

=
𝜕𝜌′

𝜕𝛿𝑂
 

= [
 
 
 
𝜕𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
√𝑉𝑎𝑟(𝑟𝑗) −

𝜕√𝑉𝑎𝑟(𝑟𝑗)

𝜕𝛿𝑂
𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

]
 
 
 

𝑉𝑎𝑟(𝑟𝑗)
 

=

{
 
 
 
 
 

 
 
 
 
 
−

{
 

 

[
 
 
 

1

√𝑉𝑎𝑟(𝑟𝑗)

(1 − 𝜌)𝛼�̅� (
1

�̅� + �̅�)
2

𝛿𝑂

]
 
 
 

[𝜌 + (1 − 𝜌)√𝛼휃 (
1

�̅� + �̅�) 𝛿𝐼]

}
 

 

𝑉𝑎𝑟(𝑟𝑗)
, for 𝑖 =

1,⋯ , 𝑛′

�̅�𝑗−1
′ + 1,⋯ , �̅�𝑗

′ 

−

{
 

 

[
 
 
 

1

√𝑉𝑎𝑟(𝑟𝑗)

(1 − 𝜌)𝛼�̅� (
1

�̅� + �̅�)
2

𝛿𝑂

]
 
 
 

𝜌

}
 

 

𝑉𝑎𝑟(𝑟𝑗)
                                                     , otherwise                         

 

< 0                                                                                                                                                    (𝐶2) 

(3) If  sector 𝑖 and sector 𝑗 ∈ secondary sectors, then the first-order derivative of the 

correlation coefficient with respect to strength of outer connection is 

      
𝜕𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
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     =
𝜕𝜌′′

𝜕𝛿𝑂
 

     =
[2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] [𝑚
′𝑉𝑎𝑟(𝑟𝑖) − �̅�𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)]

𝑉𝑎𝑟(𝑟𝑖)2
   

     

=
[2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] {𝑚
′[1 − (1 − 𝜌)𝛼] − �̅�𝜌 + (𝑚′�̅� − �̅�𝑛′)(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝐼
2}

𝑉𝑎𝑟(𝑟𝑖)2
 

<
=
>
0                                                                                                                                                         (𝐶3) 
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Appendix 2.C.2: Proof of Corollary 2 

(1) If sector 𝑖 and sector 𝑗 ∈ secondary sectors, and each of them has invested in different 

outer primary sectors, i.e., 𝑚′ = 0 then the first-order derivative of the correlation 

coefficient with respect to strength of outer connection is: 

𝜕𝜌′′

𝜕𝛿𝑂
=
−�̅� [2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] [𝜌 + 𝑛
′(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝐼
2]

𝑉𝑎𝑟(𝑟𝑖)2
< 0                     (𝐶4) 

(2) If sector 𝑖 and sector 𝑗 ∈ secondary sectors, and each of them has the same outer 

transmission channel, i.e., 𝑚′ = �̅�  then the first-order derivative of the correlation 

coefficient with respect to strength of outer connection is: 

 
𝜕𝜌′′

𝜕𝛿𝑂

=
[2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] {�̅�[(1 − 𝛼 + 𝛼𝜌 − 𝜌)] + �̅�(�̅� − 𝑛
′)(1 − 𝜌)𝛼 (

1
�̅� + �̅�

)
2

𝛿𝐼
2}

𝑉𝑎𝑟(𝑟𝑖)2

=
[2(1 − 𝜌)𝛼 (

1
�̅� + �̅�)

2

𝛿𝑂] {�̅�[(1 − 𝜌)(1 − 𝛼)] + �̅�(�̅� − 𝑛
′)(1 − 𝜌)𝛼 (

1
�̅� + �̅�

)
2

𝛿𝐼
2}

𝑉𝑎𝑟(𝑟𝑖)2

> 0                                                                                                                                                        (𝐶5) 
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Appendix 2.C.3: Proof of Corollary 3 

(1) The partial derivative of the return dispersion of the portfolio with respect to strength of 

outer connection is: 

𝜕𝑉𝑎𝑟[𝑟𝑝]

𝜕𝛿𝑂
=∑𝜔𝑖

2
𝜕𝑉𝑎𝑟[𝑟𝑖]

𝜕𝛿𝑂

𝑛

𝑖=1

+∑∑𝜔𝑖𝜔𝑗
𝜕𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂

𝑛

𝑗=1

𝑛

𝑖=1
𝑖≠𝑗

 

where 

𝜕𝑉𝑎𝑟[𝑟𝑖]

𝜕𝛿𝑂
= {

0                                                        , for 𝑖 ∈ primary sector

2(1 − 𝜌)𝛼�̅� (
1

�̅� + �̅�
)
2

𝛿𝑂 ≥ 0  , for 𝑖 ∈ secondary sector
 

a. If sector 𝑖 and sector 𝑗 ∈ primary sectors, the partial derivative of the covariance of 𝑟𝑖 

and 𝑟𝑗 with respect to strength of outer connection is: 

𝜕𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
=
𝜕𝜌

𝜕𝛿𝑂
= 0 

b. If sector 𝑖 ∈ primary sector and sector 𝑗 ∈ secondary sector, the partial derivative of the 

covariance of 𝑟𝑖 and 𝑟𝑗 with respect to strength of outer connection is: 

𝜕𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
=

{
 
 

 
 𝜕 [𝜌 + (1 − 𝜌)√𝛼휃 (

1
�̅� + �̅�) 𝛿𝐼]

𝜕𝛿𝑂
= 0, for 𝑖 =

1,⋯ , 𝑛′

�̅�𝑗−1
′ + 1,⋯ , �̅�𝑗

′

𝜕𝜌

𝜕𝛿𝑂
= 0                                                   , otherwise

 

c. If sector 𝑖 and sector 𝑗 ∈ secondary sectors, the partial derivative of the covariance of 𝑟𝑖 

and 𝑟𝑗with respect to strength of outer connection is: 

𝜕𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂
 

=
𝜕 {𝜌 + (1 − 𝜌)𝛼 [𝑛′ (

1
�̅� + �̅�)

2

𝛿𝐼
2 +𝑚′ (

1
�̅� + �̅�)

2

𝛿𝑂
2]}

𝜕𝛿𝑂
 

= 2(1 − 𝜌)𝛼𝑚′ (
1

�̅� + �̅�
)
2

𝛿𝑂 ≥ 0 
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Based on these results, we can derivative  

𝜕𝑉𝑎𝑟[𝑟𝑝]

𝜕𝛿𝑂
=∑𝜔𝑖

2
𝜕𝑉𝑎𝑟[𝑟𝑖]

𝜕𝛿𝑂

𝑛

𝑖=1

+∑∑𝜔𝑖𝜔𝑗
𝜕𝐶𝑜𝑣(𝑟𝑖, 𝑟𝑗)

𝜕𝛿𝑂

𝑛

𝑗=1

𝑛

𝑖=1
𝑖≠𝑗

≥ 0                                        (𝐶6) 

(2) The partial derivative of the average correlation of the portfolio with respect to strength 

of outer connection is: 

𝜕�̅�

𝜕𝛿𝑂
=

2

𝑛(𝑛 − 1)
[
𝑛1(𝑛1 − 1)

2

𝜕𝜌

𝜕𝛿𝑂
+ 𝑛2�̅�

𝜕𝜌1
′

𝜕𝛿𝑂
+ 𝑛2(𝑛1 − �̅�)

𝜕𝜌2
′

𝜕𝛿𝑂
+
𝑛1(𝑛1 − 1)

2

𝜕𝜌′′

𝜕𝛿𝑂
] 

         
<
=
>
0                                                                                                                                        (𝐶7) 

The average correlation of the portfolio is defined as: 

�̅� =
1

𝑤
∑∑𝐶𝑜𝑟𝑟(𝑟𝑖, 𝑟𝑗)

𝑗>𝑖

𝑛

𝑖

 

where 𝑤 is the number of sector pairs with the portfolio. 

�̅� =
2

𝑛(𝑛 − 1)
[
𝑛1(𝑛1 − 1)

2
𝜌 + 𝑛2�̅�𝜌1

′ + 𝑛2(𝑛1 − �̅�)𝜌2
′ +

𝑛1(𝑛1 − 1)

2
𝜌′′] 
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Appendix 2.D: Robustness Check 

Diversification and Bank Performance-CRISIS 

Independent Variables 
ROA  NPL 

(1) (2) (3) (4)  (5) (6) (7) (8) 

Lending HHI -0.206**   -0.194***  0.262**   0.244** 

 (-2.55)   (-3.26)  (2.37)   (2.13) 

Lending HHI× Crisis 0.149**   0.161***  -0.217*   -0.220* 

 (2.09)   (2.88)  (-1.99)   (-1.89) 

CORR  -0.026***  -0.025***   0.108**  0.166** 

  (-2.30)  (-2.28)   (2.28)  (2.04) 

CORR× Crisis  -0.196***  -0.136***   0.260***  0.391*** 

  (-3.69)  (-2.62)   (3.17)  (3.67) 

Contagion   -0.002** -0.002**    0.013* 0.004** 

   (-1.93) (-2.06)    (1.92) (2.01) 

Contagion× Crisis   -0.035*** -0.038***    0.031** 0.006** 

   (-4.03) (-4.09)    (2.48) (2.22) 

Size 0.119*** 0.028*** 0.122*** 0.033***  -0.725*** -0.314*** -0.735*** -0.302*** 

 (2.82) (2.87) (2.81) (3.44)  (-3.21) (-6.64) (-3.25) (-6.35) 

Equity ratio -0.928** -0.744*** -0.948** -0.939**  9.860*** 9.451*** 9.894*** 9.019*** 

 (-2.13) (-2.61) (-2.08) (-2.16)  (4.57) (4.31) (4.49) (4.16) 

Employee 0.303 0.027 0.303 0.031*  -1.462*** -0.628*** -1.493*** -0.603*** 

 (0.78) (1.52) (0.77) (1.79)  (-2.78) (-7.01) (-2.82) (-6.75) 

Intercept 0.643* -0.033 0.464 -0.055  -9.658** -8.359*** -9.093** -8.396*** 

 (1.76) (-0.47) (1.30) (-0.79)  (-2.25) (-2.73) (-2.16) (-2.79) 

Year Control Yes Yes Yes Yes  Yes Yes Yes Yes 

Bank SIC Control Yes Yes Yes Yes  Yes Yes Yes Yes 

N 6,829 6,829 6,829 6,829  6,829 6,829 6,829 6,829 

adj. R2 0.031 0.264 0.028 0.310  0.382 0.548 0.380 0.551 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio concentration on bank performance. The loan portfolio sample spans the 

1987-2014 window, featuring lead arrangers in the syndicated loan market that have available bank characteristics and our key variables. Columns (1) through (4) show the 

regression results for the bank profitability (ROA). Columns (5) through (8) show the regression results for the bank risk (NPL). Our key concentration measures are Lending HHI, 

CORR, and Contagion. Lending HHI measures bank loan exposures by employing a Herfindahl-Hirschman index. CORR indicates the average portfolio correlation by using 

Pearson correlation for each pair-industry. Contagion captures the outer transmit channel by measuring a residual correlation for each pair-industry connections. Crises is indicator 

variable equal to one if the loan is take out in the market crises or bank crises respectively and zero otherwise, where the market crises and bank crises are defined by Berger and 

Bouwman (2013). The definitions of all variables and also a description of how they are computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. 

Bank-fixed effect is classified as 2-digit SIC industry. The t-statistics in parentheses are corrected for heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 

1% level is indicated by *, **, and ***, respectively.
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Appendix 2.E: Robustness Check 

Diversification and Other Bank Performance Measures 

Panel A: Bank Profitability (ROE) 

Independent Variables 

Dependent Variable: ROE 

Full sample period  Tranquil period  Turmoil period 

(1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Lending HHI -0.754**   -0.797**  -1.493**   -1.462**  0.673*   0.662* 

 (-2.38)   (-2.56)  (-2.19)   (-2.10)  (1.79)   (1.89) 

CORR  -0.496***  -0.475**   -0.317***  -0.317**   -0.506***  -0.505*** 

  (-2.90)  (-2.02)   (-2.63)  (-2.27)   (-2.84)  (-2.76) 

Contagion   -0.073*** -0.079***    -0.035** -0.034**    -0.107*** -0.105*** 

   (-2.83) (-2.67)    (-2.11) (-2.20)    (-3.43) (-3.52) 

Size 0.890* 0.114 0.885* 0.159  1.097** 0.261** 1.115** 0.276**  0.704 0.259 0.636 0.495 

 (1.87) (0.97) (1.84) (1.36)  (2.08) (2.33) (2.06) (2.49)  (1.11) (0.46) (1.00) (0.87) 

Equity ratio -15.138 -11.707*** -13.691 -12.951***  -21.212 -25.448*** -20.733 -24.428***  -19.296 -24.539 13.629 -16.098 

 (-0.40) (-5.98) (-0.36) (-5.73)  (-0.46) (-7.10) (-0.45) (-6.93)  (-0.53) (-1.43) (0.78) (-0.96) 

Employee -1.539 0.106 -1.509 0.031  -1.884 -0.069 -1.894 -0.098  -1.201 -0.757 -1.042 -1.053 

 (-1.49) (0.49) (-1.44) (0.14)  (-1.57) (-0.33) (-1.55) (-0.46)  (-0.84) (-0.56) (-0.73) (-0.78) 

Intercept 1.716 5.217*** 0.848 5.156***  1.630 4.125*** 0.894 4.235***  -14.725 4.813 -15.338 2.858 

 (0.19) (5.83) (0.10) (5.76)  (0.16) (4.97) (0.09) (5.13)  (-1.42) (0.85) (-1.50) (0.49) 

Year Control Yes Yes Yes Yes  Yes Yes Yes Yes  Yes Yes Yes Yes 

Bank SIC Control Yes Yes Yes Yes  Yes Yes Yes Yes  Yes Yes Yes Yes 

N 6,829 6,829 6,829 6,829  5,271 5,271 5,271 5,271  1,558 1,558 1,558 1,558 

adj. R2 0.038 0.265 0.036 0.271  0.026 0.504 0.025 0.508  0.185 0.046 0.191 0.218 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio concentration on bank performance. The loan portfolio sample span the 

1987-2014 window, featuring lead arrangers in the syndicated loan market that have available bank characteristics and our key variables. Columns (1) through (4) show the 

regression results for the full sample period. Columns (5) through (8) show the regression results for the tranquil period. Columns (9) through (12) show the regression results for the 

turmoil period. The dependent variable is the bank profitability (ROE). ROE is the return on equity. Our key concentration measures are Lending HHI, CORR, and Contagion. 

Lending HHI measures bank loan exposures by employing a Herfindahl-Hirschman index. CORR indicates the average portfolio correlation by using Pearson correlation for each 

pair-industry. Contagion captures the outer transmit channel by measuring a residual correlation for each pair-industry connections. The definitions of all variables and also a 

description of how they are computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. Bank-fixed effect is classified as 2-digit SIC industry. The 

t-statistics in parentheses are corrected for heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, respectively. 
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Panel B: Bank Risk (std_ROA) 

Independent Variables 

Dependent Variable: std_ROA 

Full sample period  Tranquil period  Turmoil period 

(1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Lending HHI 0.021***   0.022***  0.022***   0.023***  -0.001*   -0.001** 

 (4.22)   (4.24)  (3.80)   (3.67)  (-1.84)   (-2.60) 

CORR  0.017***  0.015***   0.020**  0.019**   0.015*  0.013* 

  (4.24)  (4.07)   (2.42)  (2.41)   (1.78)  (1.87) 

Contagion   0.001** 0.001**    0.001** 0.001***    0.001*** 0.001*** 

   (2.20) (2.48)    (2.27) (2.82)    (2.86) (2.67) 

Size -0.001*** -0.001*** -0.001*** -0.004***  -0.001*** -0.001** -0.001*** -0.001**  -0.001 -0.001*** -0.001 -0.001*** 

 (-2.93) (-3.60) (-2.92) (-3.24)  (-2.59) (-2.32) (-2.61) (-2.13)  (-0.99) (-2.73) (-0.99) (-2.77) 

Equity ratio 0.006*** 0.002 0.005*** 0.001**  0.005*** 0.002 0.004** 0.004  0.008*** 0.024* 0.007*** 0.027** 

 (4.42) (0.33) (3.82) (2.21)  (3.02) (0.32) (2.56) (0.56)  (4.03) (1.88) (3.90) (2.03) 

Employee -0.000** -0.000** -0.000*** -0.004**  -0.000*** -0.000* -0.000*** -0.000  -0.000 -0.001 -0.000 -0.001 

 (-2.27) (-2.51) (-2.95) (-1.97)  (-2.58) (-1.86) (-3.23) (-1.53)  (-0.90) (-0.93) (-0.60) (-1.00) 

Intercept 0.003*** 0.006*** 0.002*** 0.006***  0.003*** 0.004*** 0.002*** 0.005***  0.002** 0.012*** 0.002** 0.012*** 

 (5.83) (3.97) (4.91) (4.23)  (5.05) (2.65) (3.99) (2.96)  (2.39) (3.05) (2.23) (3.19) 

Year Control Yes Yes Yes Yes  Yes Yes Yes Yes  Yes Yes Yes Yes 

Bank SIC Control Yes Yes Yes Yes  Yes Yes Yes Yes  Yes Yes Yes Yes 

N 6,829 6,829 6,829 6,829  5,271 5,271 5,271 5,271  1,558 1,558 1,558 1,558 

adj. R2 0.018 0.038 0.007 0.064  0.015 0.018 0.005 0.049  0.039 0.265 0.027 0.268 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio concentration on bank performance. The loan portfolio sample span the 1987-2014 

window, featuring lead arrangers in the syndicated loan market that have available bank characteristics and our key variables. Columns (1) through (4) show the regression results for 

the full sample period. Columns (5) through (8) show the regression results for the tranquil period. Columns (9) through (12) show the regression results for the turmoil period. The 

dependent variable is the bank risk (std_ROA). std_ROA is the volatility of the bank’s return on assets over the past four quarter. Our key concentration measures are Lending HHI, 

CORR, and Contagion. Lending HHI measures bank loan exposures by employing a Herfindahl-Hirschman index. CORR indicates the average portfolio correlation by using Pearson 

correlation for each pair-industry. Contagion captures the outer transmit channel by measuring a residual correlation for each pair-industry connections. The definitions of all variables 

and also a description of how they are computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. Bank-fixed effect is classified as 2-digit SIC 

industry. The t-statistics in parentheses are corrected for heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, 

respectively. 
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Panel C: Bank Risk (std_ROE) 

Independent Variables 

Dependent Variable: std_ROE 

Full sample period  Tranquil period  Turmoil period 

(1) (2) (3) (4)  (5) (6) (7) (8)  (9) (10) (11) (12) 

Lending HHI 0.008***   0.020***  0.018***   0.041***  -0.006*   -0.016** 

 (3.86)   (5.81)  (3.44)   (5.17)  (-1.80)   (-2.60) 

CORR  0.020**  0.018***   0.022**  0.024**   0.014***  0.014*** 

  (1.98)  (5.30)   (2.09)  (2.20)   (2.53)  (2.94) 

Contagion   0.000*** 0.001***    0.001*** 0.001**    0.001*** 0.001** 

   (2.75) (2.91)    (3.58) (1.98)    (2.61) (2.29) 

Size -0.000 -0.005*** -0.000 -0.005***  -0.001 -0.006*** -0.001 -0.005***  -0.002* -0.007** -0.002* -0.006** 

 (-0.04) (-3.51) (-0.06) (-3.11)  (-1.09) (-3.00) (-1.18) (-2.81)  (-1.92) (-2.21) (-1.87) (-2.05) 

Equity ratio 0.087*** 0.051 0.078*** 0.038**  0.076*** -0.009 0.067*** 0.018  0.114*** 0.183 0.103*** 0.193 

 (4.35) (0.68) (3.91) (2.50)  (3.04) (-0.10) (2.73) (0.21)  (4.05) (1.47) (3.64) (1.56) 

Employee -0.001 -0.004** -0.000 -0.003  -0.001 -0.005** -0.001 -0.004*  -0.006** -0.006 -0.005** -0.006 

 (-0.86) (-2.26) (-0.42) (-1.62)  (-0.53) (-2.34) (-1.08) (-1.93)  (-2.41) (-1.38) (-2.24) (-1.41) 

Intercept 0.031*** 0.068*** 0.021*** 0.071***  0.033*** 0.066*** 0.024*** 0.071***  -0.001 0.088** -0.007 0.091** 

 (4.48) (3.82) (3.64) (4.03)  (4.12) (3.12) (3.43) (3.35)  (-0.10) (2.33) (-0.73) (2.39) 

Year Control Yes Yes Yes Yes  Yes Yes Yes Yes  Yes Yes Yes Yes 

Bank SIC Control Yes Yes Yes Yes  Yes Yes Yes Yes  Yes Yes Yes Yes 

N 6,829 6,829 6,829 6,829  5,271 5,271 5,271 5,271  1,558 1,558 1,558 1,558 

adj. R2 0.017 0.051 0.011 0.082  0.012 0.038 0.007 0.073  0.052 0.123 0.046 0.133 

Note: This table presents the ordinary least squares regression results on the effect of loan portfolio concentration on bank performance. The loan portfolio sample span the 1987-2014 

window, featuring lead arrangers in the syndicated loan market that have available bank characteristics and our key variables. Columns (1) through (4) show the regression results for 

the full sample period. Columns (5) through (8) show the regression results for the tranquil period. Columns (9) through (12) show the regression results for the turmoil period. The 

dependent variable is the bank risk (std_ROE). std_ROE is the volatility of the bank’s return on equity over the past four quarter. Our key concentration measures are Lending HHI, 

CORR, and Contagion. Lending HHI measures bank loan exposures by employing a Herfindahl-Hirschman index. CORR indicates the average portfolio correlation by using Pearson 

correlation for each pair-industry. Contagion captures the outer transmit channel by measuring a residual correlation for each pair-industry connections. The definitions of all variables 

and also a description of how they are computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. Bank-fixed effect is classified as 2-digit SIC 

industry. The t-statistics in parentheses are corrected for heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated by *, **, and ***, 

respectively. 
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Appendix 2.F : Robustness Check 

Diversification and Bank Performance: Robust tests for the other weight concentration 

measures 

This table presents the ordinary least squares regression results on the effect of loan portfolio 

concentration on bank performance. The loan portfolio sample span the 1987-2014 window, featuring 

lead arrangers in the syndicated loan market that have available bank characteristics and our key 

variables. Columns (1) through (4) show the regression results for the full sample period. Columns (5) 

through (8) show the regression results for the tranquil period. Columns (9) through (12) show the 

regression results for the turmoil period. Our dependent variables of Table 8 are the bank profitability 

(ROA) and bank risk (NPL). ROA is the return on assets. NPL is the nonperforming loans to total 

assets ratio.  

We consider three weight concentration measures of Tabak, Fazio, and Cajueiro (2011), there are 

Entropy, Absolute Distance, and Relative Distance as our proxies. Panel A presents the results of 

entropy, where Entropy is the Shannon Entropy indicates variety of distributions at a given point of 

time of Tabak, Fazio, and Cajueiro (2011). Panel B presents the results of absolute distance, where 

Absolute Distance quantify the absolute divergence between a bank and the benchmark loan 

portfolios of Tabak, Fazio, and Cajueiro (2011). Panel C presents the results of relative distance, 

where Relative Distance measure the relative distance between a bank and the benchmark loan 

portfolios of Tabak, Fazio, and Cajueiro (2011). 

CORR indicates the average portfolio correlation by using Pearson correlation for each pair-industry. 

Contagion captures the outer transmit channel by measuring a residual correlation for each 

pair-industry connections. The definitions of all variables and also a description of how they are 

computed appear in Section 3. All regressions use year-fixed effects and bank-fixed effects. 

Bank-fixed effect is classified as 2-digit SIC industry. The t-statistics in parentheses are corrected for 

heteroscedasticity using White’s correction. Significance at the 10%, 5%, and 1% level is indicated 

by *, **, and ***, respectively. 
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Panel A1: Entropy and Bank Profitability 

Independent Variables 

Dependent Variable: ROA 

Full sample period  Tranquil period  Turmoil period 

(1) (2)  (3) (4)  (5) (6) 

Entropy -0.079* -0.033***  -0.060** -0.025***  0.060** 0.070** 

 (-1.76) (-2.78)  (-2.42) (-3.30)  (2.20) (2.75) 

CORR  -0.029***   -0.016**   -0.089* 

  (-2.55)   (-2.01)   (-2.09) 

Contagion  -0.008***   -0.002**   -0.039*** 

  (-2.88)   (2.02)   (-4.77) 

Size 0.123 0.030***  0.193 0.034***  0.050 0.078* 

 (0.83) (3.00)  (0.96) (3.38)  (1.28) (2.12) 

Equity ratio -5.413 -1.034**  -6.032 -0.923**  -1.818 -1.696 

 (-1.15) (-2.29)  (-1.04) (-2.12)  (-1.65) (-0.82) 

Employee 0.309 0.029  0.453 0.029  0.138 0.165* 

 (0.79) (1.61)  (0.91) (1.57)  (1.46) (2.04) 

Intercept 0.548 0.065  0.200 0.097  0.072 0.478 

 (1.57) (0.89)  (0.39) (1.37)  (0.19) (1.45) 

Year Control Yes Yes  Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes  Yes Yes 

N 6,829 6,829  5,271 5,271  1,558 1,558 

adj. R2 0.039 0.262  0.054 0.469  0.234 0.323 

Panel A2: Entropy and Bank Risk 

Independent Variables 

Dependent Variable: NPL 

Full sample period  Tranquil period  Turmoil period 

(1) (2)  (3) (4)  (5) (6) 

Entropy 0.211*** 0.370*  0.213*** 0.215***  -0.219** -0.246* 

 (3.05) (1.89)  (2.78) (4.29)  (-2.45) (-1.77) 

CORR  0.127***   0.406**   0.023*** 

  (2.23)   (2.21)   (3.25) 

Contagion  0.070***   0.052**   0.093** 

  (2.48)   (2.16)   (2.23) 

Size -0.725*** -0.408**  -0.832*** -0.330***  -0.448** -0.042 

 (-3.22) (-2.01)  (-2.91) (-6.81)  (-2.22) (-0.20) 

Equity ratio 21.094 3.746***  21.002 8.807***  22.519*** 6.211 

 (1.58) (2.50)  (1.19) (3.72)  (3.49) (0.85) 

Employee -1.463*** -0.659*  -1.651** -0.644***  -0.893* -0.069 

 (-2.77) (-1.74)  (-2.51) (-7.18)  (-1.92) (-0.15) 

Intercept -9.353** -7.363***  -1.085* -1.238**  -1.029 -0.512 

 (-2.23) (-5.32)  (-1.86) (-2.32)  (-0.46) (-0.36) 

Year Control Yes Yes  Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes  Yes Yes 

N 6,829 6,829  5,271 5,271  1,558 1,558 

adj. R2 0.383 0.414  0.350 0.569  0.341 0.469 
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Panel B1: Absolute Distance and Bank Profitability 

Independent Variables 

Dependent Variable: ROA 

Full sample period  Tranquil period  Turmoil period 

(1) (2)  (3) (4)  (5) (6) 

Absolute Distance -0.009* -0.005*  -0.013** -0.014*  0.008** 0.069** 

 (-1.98) (-1.72)  (-2.56) (-1.79)  (2.06) (2.40) 

CORR  -0.032***   -0.020**   -0.075** 

  (-2.72)   (-2.30)   (-2.47) 

Contagion  -0.008***   -0.002*   -0.039*** 

  (-2.84)   (1.99)   (-4.25) 

Size 0.123 0.026***  0.193 0.032***  0.049 0.075* 

 (0.83) (2.64)  (0.95) (3.09)  (1.00) (1.74) 

Equity ratio -5.265 -0.963**  -5.897 -0.863*  -1.685 -1.789 

 (-1.14) (-2.06)  (-1.03) (-1.93)  (-1.14) (-1.29) 

Employee 0.303 0.023  0.448 0.024  0.143 0.171* 

 (0.78) (1.24)  (0.90) (1.27)  (1.27) (1.68) 

Intercept 0.556 -0.004  0.161 -0.047  0.213 -0.428 

 (1.53) (-0.05)  (0.29) (-0.64)  (0.38) (-0.98) 

Year Control Yes Yes  Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes  Yes Yes 

N 6,829 6,829  5,271 5,271  1,558 1,558 

adj. R2 0.030 0.256  0.045 0.446  0.238 0.315 

Panel B2: Absolute Distance and Bank Risk 

Independent Variables 

Dependent Variable: NPL 

Full sample period  Tranquil period  Turmoil period 

(1) (2)  (3) (4)  (5) (6) 

Absolute Distance 0.572*** 0.184*  0.922*** 0.503**  -0.528** -0.335* 

 (3.11) (1.94)  (3.09) (2.03)  (-2.37) (-1.87) 

CORR  0.254***   0.174*   0.354*** 

  (2.43)   (1.87)   (3.14) 

Contagion  0.077***   0.051**   0.096** 

  (2.72)   (2.07)   (2.26) 

Size -0.728*** -0.179***  -0.835*** -0.341***  -0.445*** -0.147 

 (-3.22) (-2.49)  (-2.91) (-6.90)  (-2.87) (-0.37) 

Equity ratio 2.707 2.112***  2.642 3.943***  2.996*** 5.882 

 (1.56) (2.27)  (1.17) (4.40)  (7.48) (1.29) 

Employee -1.484*** -0.134  -1.673** -0.658***  -0.909** -0.034 

 (-2.80) (-1.15)  (-2.53) (-7.24)  (-2.42) (-0.13) 

Intercept -9.531** 9.092***  -1.257* -1.474***  -1.306 -0.632 

 (-2.26) (6.08)  (-1.88) (-2.70)  (-0.83) (-0.60) 

Year Control Yes Yes  Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes  Yes Yes 

N 6,829 6,829  5,271 5,271  1,558 1,558 

adj. R2 0.318 0.389  0.349 0.563  0.419 0.458 
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Panel C1: Relative Distance and Bank Profitability 

Independent Variables 

Dependent Variable: ROA 

Full sample period  Tranquil period  Turmoil period 

(1) (2)  (3) (4)  (5) (6) 

Relative Distance -0.180*** -0.055*  -0.352*** -0.057**  0.116*** 0.007** 

 (-4.78) (-1.77)  (-3.96) (-2.53)  (3.14) (2.13) 

CORR  -0.033***   -0.021**   -0.076** 

  (-2.74)   (-2.32)   (-2.48) 

Contagion  -0.008***   -0.001*   -0.039*** 

  (-3.00)   (-1.79)   (-4.28) 

Size 0.122 0.026***  0.192 0.031***  -0.048 0.072* 

 (0.83) (2.65)  (0.95) (3.08)  (-0.98) (1.66) 

Equity ratio -5.306 -1.051**  -5.919 0.966**  -1.783 1.783 

 (-1.14) (-2.22)  (-1.03) (2.12)  (-1.21) (1.29) 

Employee -0.304 0.021  -0.447 -0.023  0.134 -0.158 

 (-0.78) (1.17)  (-0.90) (-1.21)  (1.20) (-1.56) 

Intercept 0.655* -0.011  0.260 -0.034  0.237 -0.375 

 (1.83) (-0.14)  (0.50) (-0.47)  (0.43) (-0.85) 

Year Control Yes Yes  Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes  Yes Yes 

N 6,829 6,829  5,271 5,271  1,558 1,558 

adj. R2 0.031 0.259  0.045 0.450  0.247 0.313 

Panel C2: Relative Distance and Bank Risk 

Independent Variables 

Dependent Variable: NPL 

Full sample period  Tranquil period  Turmoil period 

(1) (2)  (3) (4)  (5) (6) 

Relative Distance 0.613*** 0.065*  0.890*** 0.098**  -0.563*** -0.034** 

 (4.88) (1.84)  (5.03) (2.03)  (-3.84) (-2.16) 

CORR  0.256***   0.170*   0.356*** 

  (2.44)   (1.82)   (3.13) 

Contagion  0.081***   0.001**   0.178** 

  (2.93)   (2.01)   (2.30) 

Size -0.728*** -0.199***  -0.836*** -0.345***  -0.442*** -0.058 

 (-3.22) (-2.45)  (-2.92) (-6.99)  (-2.85) (-0.45) 

Equity ratio 2.838 1.782**  2.747 9.837***  2.253*** 5.897 

 (1.57) (2.21)  (1.18) (4.32)  (7.57) (1.28) 

Employee -1.476*** -0.182  -1.668** -0.673***  -0.886** -0.076 

 (-2.80) (-1.16)  (-2.53) (-7.39)  (-2.36) (-0.29) 

Intercept -9.745** -8.897***  -1.453* -1.556***  -1.428 -0.806 

 (-2.30) (-4.61)  (-1.90) (-2.90)  (-0.91) (-0.75) 

Year Control Yes Yes  Yes Yes  Yes Yes 

Bank SIC Control Yes Yes  Yes Yes  Yes Yes 

N 6,829 6,829  5,271 5,271  1,558 1,558 

adj. R2 0.383 0.388  0.350 0.561  0.426 0.454 

 




