
Australian Journal of Basic and Applied Sciences, 8(7) May 2014, Pages: 377-385 

 

AENSI Journals 

Australian Journal of Basic and Applied Sciences 

 ISSN:1991-8178 
 

 

Journal home page: www.ajbasweb.com  

 

Corresponding Author: Mohd Yaziz Bin Mohd Isa, Centre For External Programme, Bank Rakyat School of Business &  

                                          Entrepreneurship, Universiti Tun Abdul Razak, Block C, D, Capital Square, No. 8, Jalan Munshi  

                                          Abdullah, 50100, Kuala Lumpur, Malaysia.  

                                          E-mail: mohd_yaziz@unirazak.edu.my  

Basel III Accord: Different Bank Characteristics (Insolvency Risk) Due to Unobserved 

Heterogeneity Effects 
 
Mohd Yaziz bin Mohd Isa,  

 
Centre For External Programme, Bank Rakyat School of Business & Entrepreneurship, Universiti Tun Abdul Razak, Kuala Lumpur, 

Malaysia 

 
A R T I C L E  I N F O   A B S T R A C T  

Article history: 
Received  2 February   2014 

Received in revised form 

8 April 2014 
Accepted 28 April 2014 

Available online 25 May 2014 

 

Keywords: 

Basel III Accord, Unobserved 

heterogeneity effects, Loan loss 
provisioning, Panel data regression 

models, Fixed Effects, Random Effects, 

Pooled OLS, E Views, STATA 

 Background: The banking literature on loan loss provisions (LLP) have analyzed on 
several provisioning issues, but to the best of knowledge none of any previous literature 

has analyzed which regression model is more preferred that capture credit losses that 

are about to occur and the impending needs to also incorporate in the model, the 
moderating effects of the “credit risk management” arising from assessment of credit 

portfolio; and “intervening effects”, of “relevance and faithful representation in 

financial statements. Objective: To determine which regression model is a more 
appropriate model with determinants of loan loss provisions taking into account the 

current purposes in loan loss provisioning and the requirements of Basel III in 

strengthening stability of the banking industry through risk coverage, and that banks 
who are undercapitalized in internalizing to mitigate risks and externalities couple in 

the post adoption of IAS 39 regime to determine whether it has succeeded to mitigate 

the discretionary components of the loan loss provisioning practices; and - after the 
implementation of the Basel III Accord to determine whether it has strengthen 

reliability of financial statements, and to determine whether it accounts for treatment of 

pro cyclicality in the loan loss provisioning practices. Results: The results show, from 
using E Views version 8 and STATA version 13, the Random Effects model is a more 

preferred as it accounts for risk variation coming from within the particular bank itself 

(time series), as well as risk variation between banks in the banking industry, whilst the 
model allows for a different bank characteristics due to different capabilities to 

withstand insolvency risk arising from the unobserved heterogeneity effects or features 
that are unique in fundamental unmeasured ways of a particular bank in its loan loss 

provisioning practices such as, the different structural ability in mitigating more risk in 

lending activities. Conclusion: The Random Effects model allows the banks to capture 
their loss expectations for their loans and for the bank to be in a position to 

continuously reassess changes in the loss expectations as the conditions affecting their 

borrowers change; and will meet the two purposes of the recent regulatory changes - 
adoption of IAS 39 and implementation of Basel III Accord. 
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INTRODUCTION 

 

 This paper aims to determine in loan loss provisioning practices - in the post adoption of IAS 39 regime and 

after the implementation of Basel III Accord - which regression model from among Pooled Ordinary Least 

Square, Fixed Effects or Random Effects is a more appropriate model with determinants of loan loss provisions 

that capture the credit losses that are about to occur. More importantly, the model extended with the inclusion of 

moderating effects of “credit risk management”; and intervening effects of “relevance and faithful 

representation” in reporting of the financial statements. When examining the financial crisis of 2007-2010, 

several causes have been highlighted, but what common is that all the banks are undercapitalized which cause 

them to have either insufficient or inadequate quality of assets. Then, Basel III sets new rule that address 

insufficiencies in the tier-1 capital for not only each financial institution but also the overall financial stability. 

The organization of this paper is as follows: Section 2 is a literature review whilst section 3 is an explanation of 

the regression models and assumptions. Section 4 describes the data employed; whilst the results are discussed 

and analysed in Section 5. Section 6 concludes the paper. 
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Literature Review: 
 Hlawatsch & Ostrowski (2010) advocate the view that the studies on loan loss provisions are introduced by 

Cyert & Trueblood (1957), and Cyert, Davidson & Thompson (1962) in quantifying uncertainty in repayments 

from aging account receivables in a department store. The latter estimate loss expectancy rates that can be 

interpreted as Loss Given Default (LGD) and they use probabilities of transition between different categories of 

retail debts. Subsequently, Kim & Santomero (1993) adopt this approach for bank loans. Beattie, Casson, Dale, 

McKenzie, Suteliffe & Turner (1995) write a comprehensive overview on determinants of loan loss provisions 

which are regarded as precursors of the concept of expected losses but it is without taking into account any 

regulatory points of view. Reflecting to tackle the financial system pro cyclicality in loan loss provisioning 

practices and the need to account for expected losses early enough rather than delaying to recognize the losses 

the Malaysian commercial banks have started to adopt the expected loss impairment approach. The adoption of 

the IAS 39 is to limit discretions in estimating the loan loss provisions (Leventis, Dimitropoulos & Anandarajan, 

2012). Therefore, the flow of studies now has shifted on an early recognition of loan losses. It is due to this 

reason to develop a more forward-looking provisioning model couple with the adoption of Basel II Pillar 1 

Accord in 2004 (these are the two major regulatory changes that have taken place) resulted in shifting the focus 

of studies on loan loss provisions.  

 The implementation of the Basel II Accords Pillar 1 2004 is intended for banking regulators to ensure that 

banks have adequate minimum capital of 8% for the credit risks that they expose themselves to through their 

lending activities. It is meant to safeguard the bank‟s solvency and overall economic stability. The Basel II 

Accord allows the banks to choose between two approaches in assessing their credit risks; the Standardized 

Approach and the Internal Rating Based Approach (IRB). The Basel II now has extended and effectively 

superseded by Basel III and its target full implementation is by 2019. The latest Basel III seeks to further 

strengthen the bank capital not only through holding minimum capital but also strengthening the quantity, 

quality, consistency; and reliability of the capital. It follows in this aspect of a need in the model to incorporate 

the moderating effects of “credit risks management” to account for the assessment of credit portfolio; and the 

intervening effects of “relevance and faithful representation” in the statements. 

 Where is the current focus of studies on loan loss provisions? Even though the original purpose of the loan 

loss provisions is the transmission of the risk precaution for the banks, the two major regulatory changes (the 

adoption of the IAS 39 and the implementation of the Basel II Accords) has resulted in its purpose now also in 

providing information to investors. Therefore, the current focus of studies on loan loss provisions is to 

determine whether in the post adoption of IAS 39 regime it has succeeded to mitigate the discretionary 

components of the loan loss provisions and whether after the implementation of Basel II Accord it has 

strengthened the reliability of financial statements.  

 
Table 2.1: Current focus of studies on loan loss provisions.  

The objectives of the regulatory changes. Users of financial 

statements 

Through adoption of IAS 39 and Basel III Accord, the loan loss provisioning practices now seek to 

become more forward-looking; and increase reliability of financial statements. 

Bank regulators, policy 

makers and investors 

Current 

focus of 
studies: 

Whether it has succeeded to mitigate the discretionary components of the loan loss 

provisions and whether it has strengthened the reliability of financial statements?  

 

Regression Models; Pooled Ordinary Least Square (Ols), Fixed Effects And Random Effects: 

The Pooled Ordinary Least Square (OLS) or constant coefficients model: 
 The pooled OLS is where the model simply pools all observations, i.e. for 12 sample banks over 17 years 

(1997 to 2013); and estimates a “grand” regression, neglecting the cross section and time series nature of the 

data.  

 The data is an example of a longitudinal panel data, where data are elements of both cross-sectional (i.e. 12 

different banks), and time series (i.e. observations on the values that a variable takes at a different time from 

1997 up to the current year 2013. Whilst the variables for all the 12 banks are analyzed from 1997 to 2012; the 

variables up to the current year 2013 are included in the analysis for three of the 12 banks. This is the case 

because for the three banks, the variables for 2013 are readily reported in their latest annual reports for financial 

year ending 2013. The three banks are;  

(i) AmBank (Malaysia) Berhad whose financial year ended on 31 March 2013 

(ii) Alliance Bank (Malaysia) Berhad whose financial year ended on 31 March 2013; and  

(iii) Hong Leong Bank (Malaysia) Berhad whose financial year ended on 30 June 2013.  

Thus, the data in the analysis is an unbalanced panel data. 

The model is LLP it = B8 RFit [B0 + B1NPLit + B3IIit + B4NPit + B5LAit + B6GDPit+ B9CRM +  

                                   B7 ((CRMit x (NPLit x IIit x NPit x LAit x GDPit)) + ε it] 
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(LLP=loan loss provisions, a dependent variable; i = 1,..,12 (i.e. “i”=identity for 12 banks); t=1,2,.....17  (i.e. 

“t”=time for 17 years from 1997 to 2013); B0=intercept; B1…B9=partial regression coefficients; NPL=Non 

Performing Loan; II=Interest Income; NP=Net profit; LA=Loans & Advances; GDP=Gross Domestic Product 

where GDP=1 if the GDP for the year is higher than that of the previous year, GDP=0, otherwise; and ε 

it=stochastic or random error term). Further, CRM = Credit Risk Management, a moderating variable that is 

assigned a variable from 1 for banks with full frequency of the risk management board members at risk 

management meetings to less than 1 for less-than-full-frequency. And, RF = Relevance and Faithful 

representation in financial reporting, an intervening variable that is assigned a dummy variable 0 for reporting 

years before 2010, 1 for reporting years after 2010. 

 

The moderating variable “credit risk management”: 
 The moderating variable “credit risk management” has a contingent effect on the independent -dependent 

variable relationship because the largest and most obvious source of risk for the most banks is credit risk (Cole, 

2000), so that the credit risk management has become so significant over the years. Also, Ojo, 2010 in his 

writings on the growing importance of credit risk in financial regulation refers to Rendon (2008). The latter 

remarks that the Basle Committee‟s core principles (Basel Committee on Banking Supervision, 2006) which 

stated “banks are (to) adequately measure and manage them (the credit risk)” (p. 253). The moderating variable 

moderates either the form and/or strength of the relationship (Sharma et al. (1981)); and in this study, the credit 

risk management moderates the independent variables in their loan loss provisioning practices. The moderating 

variable (credit risk management) interacts with the independent variables to influence their form and/or 

strength of the relationship with the dependent variable (loan loss provisions).  

 In order to capture the interaction of the moderating variable (credit risk management), the frequency of 

board credit risk management meetings during the time the directors held office is used. The frequency of the 

board credit risk management committee members is divided by the number of broad credit risk management 

committee meetings held in order to obtain a quantitative scale. The board credit risk management committee 

members comprise of members who governs the banks‟ key credit risk areas, policy and appetite. The higher the 

frequency of the meetings is postulated the better is the monitoring, identifying, measuring, controlling of the 

credit risk to which the banks are exposed to in their loan loss provisioning practices. Cholopichien (2008) in 

her dissertation on the relationship of quality of directors to level of voluntary disclosure among listed 

companies in Thailand uses the attendance of the directors at their meetings as a moderating variable that 

interact to influence the form and strength of the relationship between independent and dependent variables. In 

her dissertation she also refers to earlier study by Vafeas, 1999 who used frequency of board meetings as a 

moderating variable to examine the qualities of directors. In a later study, Yunos, 2011 too refers to 

Raghunandan & Rama (2007) who discovered that frequent meetings reflect active committee members. In a 

more recent study, Tong et al. 2013 in the analysis on Chinese state-owned enterprise firm‟s boards conclude 

that frequency of meetings is positively related to firm performance. 

 

The intervening variable - Relevance and Faithful representation in financial reporting: 
 The intervening variable that surfaces at the time independent variables start operating to influence the 

dependent variable and surfaces as a function of independent variables is relevance and faithful representation in 

financial reporting. This variable has a temporal quality or time dimension. It is relevance and faithful 

representation that will intervene between the independent variables and dependent variable, and bring about 

improvements in financial reporting of banks. In King (2013), Bank of England Financial Stability Report, June 

2013, issue 33; it introduces a more forward-looking model for impairment recognition is intended to meet “a 

faithful representation of the underlying economic risks and rewards of lending (of banks)” (p. 58).  

Further, the model assumes as in a typical pooled OLS model; 

(i) The intercept, Bo and the slope coefficients or regression coefficients are constant across the banks (i.e. they 

are the same for all the banks), and constant across the time. And, the error term captures differences across the 

banks and the time. There is no distinction between the banks and one bank is as good as another, an assumption 

that might be restrictive.  

(ii) The explanatory variables are uncorrelated with the error term (i.e. Cor (εit,Xit) = 0). The explanatory 

variables should not embody any information about the error term, εit, which may contain unobservable factor or 

heterogeneity effect (uniqueness or individuality different one bank from another in fundamental unmeasured 

ways). 

(iii) The explanatory variables are strictly exogenous, in that they do not depend on current, past and future 

values of the error term, εit .  

(iv) The explanatory variables are non stochastic; in other words, that they‟re not random and can be 

determined. However, if the explanatory variables are stochastic (that is, if they‟re random and cannot be 

determined, it is assumed that they‟re uncorrelated with the error term). 
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Fixed Effects Model: 

 The Fixed Effects model allows for heterogeneity features among the banks. All 195 observations are 

pooled; and there are five assumptions; 

(i) Each of the 12 banks has a different intercept. Even each of the banks has a different intercept, it does not 

vary over time, i.e., it is time-invariant. Henceforth, this model is termed, “fixed effects”. The model is: 

 

LLP it = B8 RFit [B0 + B1NPLit + B3IIit + B4NPit + B5LAit + B6GDPit+ B9CRM+B7 ((CRMit x (NPLit x IIit x NPit x 

LAit x GDPit)) + ε it   = λ i + μ it] 

 

 Where, subscript i on intercept term, B0i would suggest intercepts of the 12 banks may not be the same 

among the banks because of special features that are unique of the individual banks, such as different 

management structure, managerial quality, nature of ownership, policy objectives or more willingness to assume 

risk in the lending activities.   

(ii) In order to accommodate the heterogeneity specific features among the 12 banks, the error term, ε it, is 

decomposed into two independent components or composite error term, ε it = λi + μ it . The λ i is called individual 

specific effect, and is time invariant. The individual specific effect is the unobservable bank-specific effect and 

is now included in the regression (Law, 2012), and is unique of the individual banks. Also, it would remain the 

same over time. William (2012) warns the heterogeneity effect “does not vary overtime, not that it is non 

stochastic, which need not be the case” (p. 285). The model is rewritten: 

 

LLP it = B8 RFit [(B0 + λ i ) + B1NPLit + B3IIit + B4NPit + B5LAit + B6GDPit+ B9CRM+B7 ((CRMit x (NPLit x IIit x 

NPit x LAit x GDPit)) + μ it] 

 

Where in the model the λ i, now is part of constant term but it varies across the 12 banks. 

(iii) Also, the slope coefficients of regressors do not differ among the banks and overtime. Therefore, all the 12 

banks have the same coefficients on the explanatory variables. (iv) the error variances are same for all the 12 

banks; and (v) there is no contemporaneous correlation between errors of the 12 banks. 

 

Random Effects model or Error Components model (ECM): 

 The model assumes intercept values are a random drawing from a much bigger population of banks in 

Malaysia. This assumption seems appealing because this study analyses 12 banks whilst there are many banking 

groups presently in operation in Malaysia. However, the banks are not randomly selected. This model is also 

called Error Components Model (ECM) because it consists of two (or more error components). The model has a 

few typical assumptions. 

(i) The common intercept is a representation of mean value of all the banks‟ intercepts. And, the error 

component εit represents the random deviation of individual bank‟s intercept from this mean value. In same vein, 

Verbeek (2008, p.367) views this regression model as something that “allows one to make inference with 

respect to the population characteristics” (p.367).Since the Random Effects model treats B1i as a random 

variable of B1, a mean value, and εi a random error term with mean value zero and a variance of σ 
2
 ε ; the 

intercept value can be expressed as B1i= B1 + εi . Further, the model assumes the individual specific effects λ i is 

random, and now is part of the composite error term Wit. The model is:- 

 

LLP it = B8 RFit [B0 + B1NPLit + B3IIit + B4NPit + B5LAit + B6GDPit+ B9CRM+B7 ((CRMit x (NPLit x IIit x NPit x 

LAit x GDPit)) + Wit]   

 

Wit =the composite error term consisting of two components: first εi which is cross-section or bank-specific error 

component λi and uit which is a combined time series and cross-section error component λi. It is sometimes called 

idiosyncratic term due to variations among the banks as well as over time. 

(ii) Also, the model assumes the individual error components are not correlated with each other and not auto 

correlated both - among the banks; and - over time.  (iii) This model assumes the error term is not correlated 

with any explanatory variables, a crucial assumption for the model to construct an efficient estimator (Law 

(2012)). 

 

The Data: 

 The data on bank-specifics of nine (9) locally-owned commercial banks in Malaysia and three (3) largest, in 

terms of assets, foreign-owned locally-incorporated commercial banks. They are as tabulated below. The nine 

(9) locally incorporated commercial banks are;  

plus HSBC Bank (Malaysia) Berhad, Standard Chartered Bank (Malaysia) Berhad; and Citibank (Malaysia) 

Berhad and the reported figures are extracted from published annual reports and each bank‟s web sites. The total 
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number of observations is 195 observations for 17 years (1997 to 2013) for the 12 banks. The panel data 

multiple regression models are estimated using software; E-Views version 8 and STATA version 13.  

 
Table 4.1: Nine (9) locally incorporated commercial banks. 

(1) Maybank (Malaysia) Berhad  

(2) CIMB Bank (Malaysia) Berhad   

(3) Public Bank (Malaysia) Berhad  

(4) RHB Bank (Malaysia) Berhad 

(5) AmBank (Malaysia) Berhad  

(6) Hong Leong Bank (Malaysia) Berhad  

(7) EON Bank (Malaysia) Berhad 

(8) Affin Bank (Malaysia) Berhad; and 

(9) Alliance Bank (Malaysia) Berhad. 

 

Discussions and Analysis of Results: 

The Results - Pooled Ols Least Square, Fixed Effects and Random Effects: 

The results of Pooled OLS least square, Fixed Effects and Random Effects are tabulated below. 

 
Table 5.1.1: The Results Summary Using E-Views. 

Variable Pooled OLS Fixed Effects Random Effects 

C 32.54049 32.54049 32.54049 

NPL -0.755787 -0.755787 -0.755787 

INTINCOME 0.835475 0.835475 0.835475 

NETPROFIT -1.319072 -1.319072 -1.319072 

LOANADV 1.455105 1.455105 1.455105 

GDP -1.718658 -1.718658 -1.718658 

CRM -84.27543 -84.27543 -84.27543 

MODERATING 1.054251 1.054251 1.054251 

INTERVENING -0.002864 -0.002864 -0.002864 

Fixed Effects (Cross) 

 

-3.76E-14 

 Random Effects (Cross) 

  

0.000000 

R-squared 0.526343 0.526343 0.526343 

Adjusted R-squared 0.524717 0.522463 0.524717 

F-statistic 323.7847 135.6871 323.7847 

Prob(F-statistic) 0.000000 0.000000 0.000000 

S.E. of regression 3.716687 3.725488 3.716687 

Sum squared resid 32199.88 32199.88 32199.88 

 

 The results indicate that moderating variable (i.e. “Credit Risk Management”) positively moderates the 

relationship between the independent variables and the loan loss provisions. When the interaction term between 

the moderating variable (i.e. “Credit Risk Management”) and the independent variables is not entered into the 

regression equation, there is a significant decrease in the model fit R
2
 to 0.522205 with a (Prob(F-statistic) = 

0.000000). The decrease provides evidence that the moderating variable (i.e. “Credit Risk Management) 

strengthens the relationship between the independent variables and the dependent variable (“Loan Loss 

Provisions”); and that the relationship being stronger in banks with higher frequency of credit risk management 

meetings. In addition, the results show that intervening variable (i.e. “Relevance and Faithful Representation”) 

negatively intervene the relationship between the independent variables and the loan loss provisions; and that 

the relationship being weaker for the banks with stronger relevance and faithful representation. In other words, 

the higher the levels of relevance and faithful representation of non-performing loans, interest income, net 

profit, and loan & advances (the independent variables); the lower the loan loss provisions. 

 However, the pooled least square estimation model neither distinguishes between the various banks nor 

does it provide any information whether the reaction of the dependent variable, the loan loss provisions to the 

explanatory variables across time is constant in all the banks. By grouping together all the different banks at the 

different times, any heterogeneity (individuality or uniqueness) that may exist between the banks is not taken 

into account. Therefore, it may be possible the error term may be correlated with some of the regressors 

resulting in the estimated coefficients may be biased and inconsistent.  

 Between the Pooled OLS versus the Fixed Effects models; the former is a “restricted” model, because it 

imposes a common intercept for all the 12 banks and assumes the errors are uncorrelated with the regressors; 

whilst the latter, all the 12 banks have varying intercepts.  

 

Random Effects Hausman Test: 

The ability of the Random Effects model to take into account variations between the individual banks as well as  
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within the individual banks makes it an alternative model to the Fixed Effects model.  This is as tabulated 

below: 

 
Table 5.2.1: Fixed Effects versus Random Effects models. 

 Fixed Effects Random Effects 

Variation between individual banks  

(e.g. differences between individual banks) 

√ √ 

Variation within individual banks 
(e.g. differences of individual banks during different time; that is, time series variation) 

 √ 

 

 However, for the Random Effects model estimators to be unbiased the effects must be uncorrelated with the 

explanatory variables (an assumption that is often unrealistic). The Hausman test is used to test whether the 

explanatory variables is uncorrelated with the effects. The Hausman test is a test of the significance of the 

difference between the Fixed Effects estimates and the Random Effects estimates (the difference between the 

two estimates by analyzing a Chi-Sq. test statistic). The Hausman test tests the null hypothesis that the 

coefficients estimated by the efficient Random Effects estimators are the same (no correlation) as the ones 

estimated by the consistent Fixed Effects estimators. 

 

HO: There is no correlation between the explanatory variables and the random effects  

HA: There is a correlation between the explanatory variables and the random effects 

  
Table 5.2.2: Hausman Specification Test. 

 HO is true HA is true 

Random Effects estimator is preferred Efficient Consistent Inconsistent 

Fixed Effects estimator is preferred Consistent Inefficient Consistent 

 

The results of the test are tabulated as follows; 

 
Table 5.2.3: Random Effects Hausman Test using EViews version 8. 

Test Summary Chi-Sq. Statistic Chi-Sq. d.f. Prob. 

Cross-section random 0.000000 8 1.0000 

* Cross-section test variance is invalid. Hausman statistic set to zero. 

**WARNING: estimated cross-section random effects variance is zero. 

Cross-section random effects test comparisons: 
Variable   Fixed  Random Var(Diff.)          Prob. 

NPL -0.755787 -0.755787 -0.000000 NA 

INTINCOME 0.835475 0.835475 -0.000000 NA 

NPROFIT -1.319072 -1.319072 -0.000000 NA 

LOANADV 1.455105 1.455105 -0.000000 NA 

GDP -1.718658 -1.718658 -0.000000 NA 

CRM -84.275430 -84.275430 -0.000000 NA 

MODERATING 1.054251 1.054251 -0.000000 NA 

INTERVENING -0.002864 -0.002864 -0.000000 NA 

 
Variable Coefficient Std. Error t-Statistic Prob. 

C 32.54049 28.47847 1.142635 0.2533 

NPL -0.755787 0.309029 -2.445687 0.0145 

INTINCOME 0.835475 0.403543 2.070348 0.0385 

NPROFIT -1.319072 0.313276 -4.210570 0.0000 

LOANADV 1.455105 0.444761 3.271655 0.0011 

GDP -1.718658 0.362994 -4.734672 0.0000 

CRM -84.27543 28.53096 -2.953824 0.0032 

MODERATING 1.054251 0.318150 3.313687 0.0009 

INTERVENING -0.002864 0.001442 -1.986542 0.0471 

Effects Specification 

Cross-section fixed (dummy variables) 

R-squared 0.526343 Mean dependent var 20.58650 

Adjusted R-squared 0.522463 S.D. dependent var 5.391130 

S.E. of regression 3.725488 Sum squared resid 32199.88 

F-statistic 135.6871 Durbin-Watson stat 1.585222 

Prob(F-statistic) 0.000000    

 

 The correlation between the explanatory variables and the Random Effects will cause these estimates to 

diverge; their difference will be significant. In this case, is to reject the null hypothesis. And, the Fixed Effects 

model is preferred because the model always gives consistent results. Further, the Random Effects model is not 

preferred in this case because the model is inconsistent.  
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 However, if the difference is not significant, there is no correlation, and in this instance, is to accept the null 

hypothesis. Thus, the Random Effects model is preferred due to higher efficiency. And, the Fixed Effect is not 

preferred because the model is inefficient. The source of the inefficiency of the Fixed Effects model is that the 

model uses only the “within variation”. Again, in summary, the decision is as tabulated as follow; 

 The test summary above shows this result; 

1. Chi-Sq.Statistic 0.000000,  

2. Chi-Sq. d.f. is 8; and  

3. the prob. is 1.0000.  

 

 The result indicates the Random Effects estimate of cross-section variance is zero, so that there is no 

evidence of individual effects. With such the result, however, it appears the model is not efficient for a 

computation of the Hausman test variance, explains Glenn (2011). 

 

5.3. To Pool or not to pool. Use the Breusch-Pagan Test using STATA 

 
Table 5.3.1: Pooled regression using STATA version 13. 

Source SS df MS Number of obs = 195 

Model 2981.79042     8 372.723803 F(8,186) = 25.84 

Residual 2683.3236 186    14.426471 Prob > F = 0.0000 

Total 5665.11404 194 29.2016187 R-squared = 0.5263 

    Adj R-squared = 0.5060 

    Root MSE = 3.7982 

 

LLP Coef. Std. Err. t P> (t) (95% Conf. Interval) 

NPL -.755787 1.091405 -0.69 0.489 -2.908912 1.397338 

INTINCOME .8354753 1.425206 0.59 0.558 -1.976172 3.647123 

NPROFIT -1.319072 1.106408 -1.19 0.235 -3.501794 .8636495 

LOANADV 1.455105 1.570776 0.93 0.355 -1.643723 4.553933 

GDP -1.718658 1.281997 -1.34 0.182 -4.247781 .8104662 

CRM -84.27543 100.7637 -0.84 0.404 -283.062 114.5111 

MODERATING 1.054251 1.123622 0.94 0.349 -1.16243 3.270932 

INTERVENING -.0028636 .0050911 -0.56 0.574 -.0129073 .00718 

_cons 32.54039 100.5783 0.32 0.747 -165.8803 230.9613 

 

 In addition, the result of the Random Effects model to test whether GLS is necessary or simple OLS will do 

is tabulated as below. The null hypothesis is that variances across the banks are zero, i.e., there are no significant 

differences across the 12 banks. 

 
Table 5.3.2: Random-Effects GLS regression using STATA version 13 Breusch and Pagan Lagrangian multiplier test for random effects 

LLP (Code, t) = Xb + u (Code) + e (Code, t) Estimated results: 

 Var sd = sqrt (Var) 

LLP 29.20162 5.403852 

e 13.90175 3.728505 

u .2024108 .4499009 

 

Test: Var (u) = 0 

chibar2 (01)  = 0.16 

Prob > chibar2 = 0.3431 

 

 The calculated value exceeds the tabulated chi-squared. Therefore, to conclude the Random Effects model 

is more appropriate than the Pooled OLS. In other words, there are bank-specifics effects (ui) in the data. The 

Pooled OLS may result in heterogeneity bias because there are often reasons why the intercept or the slope 

coefficients (the effects of the explanatory variables on the dependent variable) may be different across the 12 

banks and over the observation periods. In other words, the unobservable factors or heterogeneity effects (i.e. 

uniqueness or individuality different one bank from another in fundamental unmeasured ways) may exist among 

the banks. These unobservable factors or heterogeneity effects that may exist among the banks would probably 

remain constant over time (i.e. time invariant) for a given bank, but they may effects the loan loss provisions 

(the dependent variable). For example, the banks which are more willing to assume risk in their lending 

activities may report higher loan loss provision.  

 Also, the “more willingness to assume risk in the lending activities” may effect on, or may be correlated to, 

interest income (one of the explanatory variables). As a result, the estimated coefficients probably would be 

higher than they would otherwise have been (i.e. “biased upward”). This is because the Pooled OLS would 

mistakenly attribute the variation in “loan loss provisions” is caused by “more willingness to assume risk in the 

lending activities”, instead of “interest income”. Then the next question is how to treat the bank-specific effects? 
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 If the bank-specifics effects are uncorrelated with the regressors, then the Random Effects estimator will 

produce a consistent estimator that is also efficient (in which case, the Random Effects model is a more 

appropriate model).On the other hand, the Fixed Effects model will be unbiased under both scenarios, although 

it will be inefficient if the bank-specific effects are uncorrelated with the regressors (the source of this 

inefficiency is due to the Fixed Effects estimator only uses “within variation”). The second test is to determine 

which is a more appropriate model, the Random Effects or the Fixed Effects model?  The Hausman 

specification test of the Stata version 13 is used next. 

 
Table 5.3.3: The Hausman specification test results using Stata version 13 (step 3): Coefficients - 

 (b) 

Fixed 

(B) (b-B) 

Difference 

sqrt(diag(V_b-V_B)) 

S.E. 

NPL -1.119382 -.8061892 -.3131928 .5861254 

INTINCOME .9186528 .85772 .0609328 .5429834 

NPROFIT -1.559117 -1.355273 -.2038434 .5689709 

LOANADV .603727 1.349586 -.7458586 .8561997 

GDP -1.681995 -1.721458 .0394633 .6632287 

MODERATING 1.346659 1.095849 .2508096 .6089006 

INTERVENING -.0031458 -.002945 -.0002007 .0014922 

b = consistent under Ho and Ha; obtained from xtreg 
B = inconsistent under Ha, efficient under Ho; obtained from xtreg 

Test: Ho: difference in coefficients not systematic 

    chi2 (7) = (b-B) „ [(V_b-V_B) ^ (-1)] (b-B) 
                  = 8.44 

Prob>chi2 = 0.2952 

(V_b-V_B is not positive definite) 

 

 Since the calculated Pro>chi2=0.2952 (which is > than 0.05, it is insignificant); thus shows the results have 

failed to reject the null, and failed to conclude the Random Effects model is not appropriate.   

As such, the Random Effects model is preferred as it is more efficient and consistent; whilst the Fixed Effects 

model is less efficient but consistent. Also, the Prob>chi2 = 0.2952 indicates evidence there is unique errors (ui) 

that are correlated with the regressors (Greene, 2008), and therefore there is reason to believe that differences 

across the banks have some influence on the independent variables. 

 

Conclusions: 
 The conclusion is from the three models it appears that the Random Effects model is a more appropriate 

model. The model produces estimates that are both, efficient and consistent.The model will meet the two 

purposes of the recent regulatory changes – adoption of IAS 39 and implementation of Basel III Accord - in that 

it will mitigate the discretionary components of loan loss provisions whilst at the same time will mitigate risk 

emerges endogenously from within the bank as well as from among banks in the industry. The finding lends 

support to Schwerter (2011) in his study on Basel III‟s ability to mitigate systemic risk, where he holds the view 

that the revised framework has fulfilled to account the interconnectedness of banks in the industry towards 

strengthening the stability of the industry. 
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