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ABSTRACT

The purpose of this paper is to build various medel forecast non-performing loans in the
banking sector of Barbados. Given its associatigih Wwank failure and financial crises, the
evaluation of non-performing loans is of great impoce, and should therefore be of interest to
developing countries. Using the estimates fromédHlesecasting techniques, the performance of
each model is evaluated to determine which perfdrest, as well as to facilitate comparison,
and discussion of results. Given the forecastingetsy  the paper is capable of providing
insights into the stability of the financial systemd is also practical for commercial banks and
bank regulators in terms of developing plans taleg the occurrence of non-performing loans

in the future.
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Introduction

One of the main tasks of commercial banks is terofbans, and their main source of risk is
credit risk, that is, the uncertainty associatethvaorrowers repayment of these loans. A non-
performing loan may be defined as a loan that leas lunpaid for ninety (90) days or more. For
the purpose of this study, we analyse the non-parfg loan ratios of the commercial banking
sector calculated by dividing gross classified dbpttotal loans. The commercial banking sector
of Barbados consists of six (6) commercial banksiclwv are currently all foreign owned, and

presently the aggregate NPL loan ratio is approteiye.138%.

The magnitude of non-performing loans (NPLs) ieg &lement in the initiation and progression
of financial and banking crises. Ahmad (2002) iralgning the Malaysian financial system
reports a significant relationship between credk and financial crises and conclude that credit
risk had already started to build-up before theebrd the 1997 Asian Financial crisis, and
became more serious as NPLs increased. Li (2008) Fofack (2005) also found this
relationship to be of a significant nature. In dda, the current global financial crisis, which
began in the United States (US), is also attribwetthe August 2007 collapse of the sub-prime
mortgage market. In fact, there is evidence thatléivel of NPLs in the US started to increase
substantially in early 2006 in all sectors. NPLe #ierefore a measure of the stability of the
banking system, and thereby the financial stabdftg country.

Given the above discussion, it is not difficultdee why being able to forecast non-performing
loans is important. The key issue here is how shewd go about forecasting non-performing
loans and what approach is most appropriate tamdGsnerally, previous empirical studies have
modeled NPLs through the use of various multivaratalyses. For example, Chase et al. (2005)
used OLS to forecast non-performing loans usingreesury bill rate, the consumer price index,
real GDP and a lagged dependent variable. Howenest of these papers use one model to

generate forecasts, and evaluate its performaatesrrthan using a comparative approach.

This study contributes to the existing literatuse hodeling the NPL ratio of the commercial

banking sector in Barbados, not only on an aggeelgatel but also on an individual bank level.



This research paper therefore attempts to use usafiorecasting techniques to forecast non-
performing loans using quarterly data, to faciéitatomparison so as to determine which
performs best. The use of individual bank dataetfoge provides a greater basis from which to
determine which forecasting technique is preferhedhis study we investigate the performance

of the univariate ARIMA model and a multivariate ded, as well as a combined model.

The structure of the paper is as follows: sectigm@ides an overview of non-performing loans
in Barbados; section 3 provides a review of exgstiterature; section four 4 then presents the
model estimates and results; section five 5 offediscussion of results and concludes with a

summary of the findings, including limitations apaolicy implications.

Il. Overview Of Non-Performing Loans In Barbados

This section reviews the evolution of non-perforgnioans (NPLs) in the banking system in
Barbados. As a precursor to the discussion, itlshioel noted that the Barbadian financial sector
is well developed and encompasses a wide rangeaidial institutions. There are currently 6
commercial banks, 13 non-bank financial institusio®4 credit unions, 11 life insurance, and 16
general insurance comparfieAt end-2008, assets of commercial banks accouoteti42% of
GDP and about 80% of the assets of all depositpkastitutions. In addition, commercial

banks accounted for 82% of all deposits, around @fifdans and advances.

Our study utilises quarterly data spanning theqgaefi996 to 2008. Prior t01995 there was no
standard treatment or interpretation of non-perfogioans. Information was received on past-
due loans that did not include all the featuresvbat is now termed as classified debt. Each
bank employed its own rating system, and some &ilin their own internal classification

system which runs parallel to that instituted by @entral Bank of Barbados. The Asset
Classification and Provisioning guidelines, whiate dased on the Basle Committee’s Core

Principles, were written into law in 1996. Over érthere has been general adherence to these

2 See Chase et al. (2005) and IMF (2009) for a rdetailed discussion on the composition of the fai@rsector in
Barbados.



guidelines and standardisation has been largeliea®th. Therefore, figures on classified debt
are available on a quarterly basis from 1996. Hmwesince complete adherence to the new
provisioning guidelines was not immediately achegeviggures may have been misrepresented in
the earlier stages. In fact, during this periodyats not unusual for examiners to adjust the level
of classified debt reported by banks on conclugibmn on-site examination. However, these

adjustments were usually minor.

Table 1 presents some descriptive statistics ofatiggregate NPL ratio, and indicates that the
average ratio during the period 1996 to 2008 isr@pmately 6.7%, reaching a minimum of
2.8% and a maximum of 16%. Figure 1 gives an idd@ow the NPL ratio is distributed across

the period.

Table 1: Some Summary Statistics of the NPL Ratio

Mean 0.067
Standard Error 0.005
Median 0.061

Standard Deviation 0.033
Sample Variance 0.001

Kurtosis 1.751
Skewness 1.356
Range 0.132
Minimum 0.028
Maximum 0.160
Sum 3.491
Count 52

Overall, the plot indicates a general downwarddrenclassified debt over the sample period.
The NPL ratio was recorded at 15.98% at the entheffirst quarter of 1996and steadily
declined into 2000; however the quality of the fmids weakens after 2001, as illustrated in
Figure 1. There is significant empirical evidencesuggest that local economic conditions
explain to some extent, the variation in non-periog loans experienced by banks, including
Keeton and Morris (1987), Sinkey and Greenwalt (39%alas and Saurina (2002), and Rajan
and Dhal (2003).



Figure 1: NPL to Total Loan Ratio, 1996 — 2008
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The initial decreasing trend in the data, for exnpan be linked to 5 years of consecutive
growth for the Barbadian economy from 1996 to 20@6llowing these consecutive years of
growth, real GDP contracted by 2.6% in 2001, withnaall recovery in 2002, which is in line
with an increased NPL ratio over that period. T8fisrt economic recession reflected the effects
on the tourism industry of the global downturn)dwaling the September 11 terrorists’ attacks in
the USA. According to the International Monetary nBu(2003), discussions with local
commercial bank representatives indicate that bamkse starting to see an increase in
delinquencies, and requests for restructuring laarsarly 2002. However, the economy quickly
recovered and continued to grow over the next sery, which is reflected in the improvement
of the NPL ratio into 2007. There is evidence @ik up in the NPL ratio in 2008, which may
be attributed to the current global financial @ishat originated in the USA with the 2007
collapse of the sub-primes mortgage market. Altlhotige Barbadian financial market did not
experience an immediate impact of the crisis in&00is likely that this deteriorating trend in
the NPL ratio is a consequence of the effects th&scis having on the real economy,
particularly on the tourism sector. Thus, this pigkin the NPL ratio is likely to continue into

2009, and even into 2010, depending on the exfaheaylobal financial crisis.

Not only do external factors influence the loansloate, but also internal bank-specific factors.
Hence, the individual banks in the banking secterexamined. For the purpose of this study,

the six commercial banks are labelled Bank 1 tokB&an



Figure 2 presents the NPL ratio for the individbahks. Consistent with the aggregate data,
there is a common decreasing trend in the NPL fedim 1996 to 2000 for Banks 1, 2, 3 and 5,

which, in addition to being reflective of GDP grdwimay also be a result of banks’ actions to
regulate their loan portfolios. Bank 1, for examptempleted a review of the non-performing

loan portfolio of the bank in 2005, which was pafran on-going restructuring process, and was
necessitated because the non-performing loans éfaésented more than 30% of the bank’s
total loan portfolio. Subsequently, many of the Wannon-performing loans have been

restructured, and have significantly decreased.

However, unlike others, the NPL ratio for Bank 4swalatively low from 1996 to 2001, with an
average of 1.26%. It then increased sharply in 2082ching a peak of 16.14% in 2003, and
gradually declined thereafter. This significant jum 2002 was due to a considerable increase in
non-performing loans in the third quarter of 20f@powed by another substantial increase in the
third quarter of 2003.

Bank 6 was formed through the merger of two otterkis (Bank 6A and Bank 6B), and began
operations in the fourth quarter of 2002. Figurpr8sents the NPL ratio for these banks from
1999 to 2002 and illustrates the common decreasemgl until 2001 for Bank 6A. However, the
NPL ratio for Bank 6B began with a reasonably l@atia of 7.74% in 1999 and increased to
17.61% in the second quarter of 2000, and fell @iain the fourth quarter. Following the
merger the NPL ratio gradually for Bank 6 declimetd 2007, with a slight increase in 2008.



Figure 2: NPL to Total Loan Ratio for Individual Banks of Barbados Banking Sector
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Figure 3: NPL to Total Loan Ratio, 1996 — 2002
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1. Literature Review

Despite the importance of the examination and monij of non-performing loans, forecasting
these ratios has only received moderate attentionliterature. The existing theoretical
approaches however, suggest a variety of detertsinand approaches to be used in the
forecasting of non-performing loans. Graham and plurmy (1978) present one of the early
attempts at predicting non-performing loans. Ththans suggest that, in general, banks with
larger amounts of classified loans will experiemgreater amounts of future losses, and hence
classified loan data should be included as an atdicof these loan losses. The authors therefore
evaluate whether taking classified loan data irdcoant improves forecasts of future net loan

losses.

Three models are used to predict loan loss lewtsdel A is a simple prediction model and
assumes that the ratio of net loan losd§gq total loans in the present periocbntinues to hold

in a future period + 1. Model B uses coefficients from the estimatedti@teship between net
loan losses in periodsandt — 1 from the regressionN,=4,+5,N,+&,, whereg is an error
term, to predict future net loan losses. Model ises classified loan data generated through on

site examination, categorised as doubtful, substahdr specially mentioned, to define the level

of net loan losses in peridd+ 1, as a linear function of classified and unclassifloans in



periodt. Since the amount of losses from unclassified daarlikely to be small, compared to

losses from classified loans, it is assumed thasds from unclassified loans are randomly
distributed and as such are captured in the ezrar of the model. The coefficients are estimated
from a regression equation, for the year just ptiothe forecast year. The root-mean-squared
error (RMSE) of these models indicated fairly aeterresults. The findings suggest that
although the addition of current classified loarad@nproves the fit of the regression model,
forecasts based upon the augmented model, oftéeh Igigs accurate forecasts than a simpler
model employing data only on past loans. In otherds, a simple univariate model outperforms

their multivariate model.

Subsequent models are of a more complex naturénahale a greater selection of variables for
the forecasting of non-performing loans. For examplarr et al. (1994) argue that bank failure
prediction studies have continually concluded thatefficiency of a bank’s management are the
leading causes of failure, yet few researchers a#eenpted to quantify management quality or
incorporate it into predictive models. Seballos ahdmpson (1990) and Hsing et al. (1991) also
support the view that a key determinant is managémebility to operate efficiently and
manage risks. Barr et al. (1994) therefore attetopincorporate management quality as an
explanatory variable through the use of a datalepwmeent analysis (DEA), which combines
multiple inputs and outputs to compute a scalarsmesof efficiency. In addition, the authors
include variables representing Capital AdequacyseAQuality, Earnings Ability and Liquidity
Position, to complete the CAMEL rating, as wellaaproxy for local economic conditions. The
performance of the DEA management variable is asseasing a Probit regression model to
develop one- and two-year forecastdeir results supported the claim that management’s
efficiency is indeed important in forecasting bdaiture.

More recently, Chase et al. (2005) modelled norfiepering loans using the Treasury bill rate,
the consumer price index, real GDP and a laggedrat variable. The authors use a similar
technique to Graham and Humphrey (1978), wheren@rgiLeast Squares (OLS) is employed
to forecast the NPL to total loans ratio for thenkag system in Barbados. All of the

explanatory variables were found to be significant.



However, note should be made of an earlier argurbgnEmith and Lawrence (1995) that

macroeconomic variables have limited predictive @mnn explaining loan defaults, and that
explicitly including them in the forecasting modd, unlikely to improve its effectiveness for

forecasting purposes. They specify a mortgage-ttefault forecasting model based on a
Markovian structure, as an extension of the worlkk@afirence et al. (1992) who examined the
determinants of default risk for mobile home loa8mith and Lawrence findings suggest that
payment history, the geographical area in whichhivee is located, and the number of months
expired and remaining in the loan’s term are th&mantributions to loan default. The authors
also note that several papers have concentrateédeormentification of factors that help in the

prediction of default, but neglect issues in thegeli@oment of long-term forecasts of losses on

loan portfolios.

Nonetheless, Betancourt (1999) notes that althohgiMarkov Chain technique is a reasonable
approach for estimating loan losses, a common enoblith these models is the requirement of
very strong assumptions regarding stationarity lrmadogeneity, which are not usually satisfied.
The author estimates loan losses from a portfdlimartgages, where in any month, a mortgage
could be classified into one of the following caiggs: (1) Active, (2) Thirty days delinquent,
(3) Sixty days delinquent, (4) Ninety plus daysmglent, (5) foreclosure, (5) Real estate owned
(REO) and (6) Paid off. If Brepresents a start vector of mortgages at timthe®y, multiplying
the vector B times the transition matrix P yields a forecagsoBhow the mortgages in the start
vector will be distributed at time 1. A forecastloén losses (REO acquisitions) at titnean be
generated by simply observing the number of loapeeted to transition to REO at timeThe
authors conclude that when using the most recdatnmation on transition probabilities, the
Markov Chain approach could provide a more accui@tecast of loan losses, than a random

walk model.

\Y Model Estimates And Results

In order to accomplish the objectives of the stidyecasts of the NPL ratios will be generated

using both univariate and multivariate models. @mhand Humphrey (1978) expressed the
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view that only using data only on past loans ginese accurate results than less parsimonious
models. In light of this observation, we conside® popular Autoregressive Integrated Moving
Average (ARIMA) models forecasting. We also présemultivariate forecast model, however,
given our available data, we are unable to inclotBnagement efficiency as a variable as
recommended by Bar et al (1994), though their exddesupport the claim that it is an important
determinant in forecasting bank failure. Also, Markovian structure suggested by Smith and
Lawrence (1995) is inappropriate for our purpose tlu the common problem of restrictive
assumptions, as noted by Betancourt (1999). Intiaddithe models used in both studies utilise
data that is currently unavailable for Barbadoshsas payment history and geographical area in
which the home is located. Finally, despite theuargnt by Smith and Lawrence (1995) that
macroeconomic variables have limited predictive @gwve adopt the model by Chase et al.
(2005) for the multivariate analysis, since thewmdal has been proven to work well in the past,

and presents a more practical appréach

Univariate

The purpose of univariate modelling is to estabéistelationship between the present value of a
time series and its past values so that forecastde made on the basis of the past values alone
Wang (2008). Such an approach is useful where alatather determinants that maybe used for
forecasting purposes are either not available opaafr quality, and where the time series in
guestion exhibits significant persistence. Thus,tha search for an appropriate forecasting
model, univariate analysis must be consideredthigiregard, Greenidge and Dalrymple (1998)
and Greenidge and McClean (1997) demonstrate thah@ the various options for univariate

forecasting, Autoregressive Integrated Moving Ager@ARIMA) models perform well.

ARIMA Models
ARIMA models are developed to model single timéeseprocesses and involve the following
four steps: identification, estimation, diagnostiecking and forecasting. An important issue is

whether the process is stationary, which implied the distribution of the variable of interest

® The model of Chase et al. (2005) has been adaptie stress testing analysis of the IMF for Badms(see IMF
2003 and 2009).
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does not depend on time. The lettét (Integrated) indicates that the time series hasnb

transformed into a stationary time series.

The plot of the NPL ratio series for the bankingtsein Barbados indicates the existence of a
downward trend in the data and hence suggests tatorarity. However, the sample
autocorrelation plot “dies out” fairly quickly whicis an indication that the data may be
stationary. In addition, the Augmented Dickey Ful@DF) test indicates that the null
hypothesis of a unit root can be rejected at ti¥% Iyel of significance. The Phillips-Perron test
also suggests rejection of the null of a unit rdonally, the KPSS test indicates that the null
hypothesis of stationarity cannot be rejected. Thius evidence, though not definitive, points
towards the aggregate NPL ratio being stationaryatt, closer examination of Figure 1 shows
that prior to the first quarter of 2000, the NPligaexhibits a clear downward trend but levels
off thereafter. For modelling purposes we proceed the NPL ratio is stationary over the entire
sample period but also bear in mind that it codctlose to a unit root process. The results of the

unit root tests are presented in Table 2.

Table 2: Results of the Aggregate and Individual NP Ratio Unit Root Tests

NPL Ratio ADF Phillips Perron KPSS
Aggregate -2.794* -2.913* 0.446*
Bank 1 -3.297* -3.337* 0.210
Bank 2 -2.970 -3.755* 0.049
Bank 3 -4.095** -4.034** 0.440
Bank 4 -1.040 -1.040 0.104
Bank 5 -4.535** -4.874** 0.542*
Bank 6 -4.039* -4.016* 0.092

** and * indicate significance at the 1% and 5%sdkvrespectively

An examination of the autocorrelation and partiiegorrelation functions suggests an
autoregressive process of order 1, AR(1), or a npaverage process of order 4, MA(4). As
such, we estimate both models over the period 12981D6Q4 and the following results are

obtained:
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NPL, = 5.637+ 0.843AR()
(4.424) (15044

R 0.847 Akaike info criterion 3.133 D-W 2.338
R? 0.843 Schwartz criterion 3.215 Chow ForecasfF] 1.572
ARCH [F] 1.307 Breusch GodfreylL M) 1.465 Norm[Jarque-Bera] 4.400

NPL = 6.778+ 0.707MA(L) + 0.472MA(2) + 0.870MA(3) + 0.680MA(4)
10545 (5935 (6.23)) (15.144) (6.246)

R 0.876 Akaike info criterion 3.236 D-wW 1.770
R? 0.863 Schwartz criterion 3.438 Chow ForecasfF] 0.490
ARCHIF] 0.480 Breusch GodfreylL M) 1.857 Norm[Jarque-Bera] 1.257

The parameter estimates for both models are sigmifiand the ADF test indicates that the
residuals are stationary. For neither of theseifipaiitons can we reject the null hypothesis that
the residuals correspond to a white noise prodédss.autoregressive model provides a better fit
than the moving average model, as suggested byahms of theAkaike Informationand
Schwartzriteria. A static in-sample fit over the periodd8®1-2006Q4, as well as dynamic out-
of-sample forecasts for the period 2007Q1-2008@4gaenerated, and the results presented in
Table 3.

Table 3: Forecast Evaluation of the ARIMA model ofthe Aggregate NPL Ratio

In-Sample Fit Out-of-Sample Forecast

Period: 1996Q1-2006Q4 Period: 2007Q1-2008Q4
AR(1) MA(4) AR(1) MA(4)
Root Mean Squared Error (RMSE) 1.106 1.089 1.724 3.116
Mean Absolute Error (MAE) 0.790 0.877 1.692 3.014
Mean Absolute Percentage Error (MAPE) 12.028 13.369 55.135 97.580
Theil Inequality Coefficient 0.072 0.069 0.216 0.333
Bias Proportion 0.000 0.000 0.963 0.936
Variance Proportion 0.042 0.315 0.000 0.025
Covariance Proportion 0.958 0.685 0.036 0.040

An examination of the forecast evaluation critedi@es not suggest a clear-cut model with
regards to the in-sample fit. The RMSE and Thedqumality Coefficient are in favour of the

moving average model, whereas the MAE and MAPE assigthat the autoregressive model is

13



more accurate. This slight discrepancy in the pregation of the Akaike and Schwartz criteria,
as compared to the forecast evaluation criteriddcoesult form the former penalising for an
increased number of parameters, in the case omthveng average modeMore importantly
however, the AR(1) has a greater out-of-samplectstng accuracy than that of the moving
average model, and hence will be used for our cosgrapurposes A root mean squared error
(RMSE) of 1.724 is produced for the out-of-sampR(&) forecast , which is less than that of the
MA(4) model. The other forecasting criteria confithis result.

We also estimate ARIMA models for the individualnka of the banking sector to facilitate
comparison with other forecasting models. The thne root tests, suggest that the NPL ratio
series for Banks 1, 3, 5 and 6 are stationary, @dgethere is no consensus on Banks 2 and 4
(See Table 2 above). The ADF test of the NPL ratidBank 2 indicates that the null hypothesis
of a unit root could not be rejected. However, Bigllips Perron and the KPSS test suggest
rejection of the presence of a unit root at thel®él. Earring on the side of caution, we assume
that this series is 1(1). Similarly, both the ADmda Phillips Perron tests statistics were
insignificant, for the NPL ratio of Bank 4 and henee also assume the series is I(1). The results

of the estimated models are presented in Table 4.

The autocorrelation and partial autocorrelatiorcfions of the NPL ratio for Bank 1 suggests an
AR(1) model or MA(4) model. Diagnostic checks oftlautoregressive model reveals the
existence of non-normality, and hence a dummy iias incorporated to account for an
unusual fluctuation in the data in the second quast 2002. The effect on the economy of the
September 11 terrorists’ attacks is believed tthkecause of the increase in the NPL ratio in this
period due to the contraction of real GDP. The ifitance of the dummy variable led to a
satisfactory model on the basis of specificatisgtsteincluding the Jarque-Bera normality test.
The 4" term of the moving average model was insignificamd hence eliminated from the
model, to form a MA(3) model. The AR(1) model prdes a better fit on the basis Akaike
Information and other criteria. The forecasting statisticsttifse models also reveal that the

autoregressive model has more accurate predichititygTable 5).

The low values of the ACF and PACF after differeigcmake it difficult to identify a pattern for
NPL ratio series of Bank 2. Significant lags wesarfd only at period 5 for the ACF and period

14



2 for the PACF. Hence, an autoregressive modelr@éro2, and a moving average model of
order 5 were estimated. A dummy variable was iretloh the AR(2) model to account for an
irregular deviation in the differenced data in tinst quarter of 1998. The first three terms of the
MA(5) model were removed due to their insignifican@he AR(2) produces better diagnostic
statistics and generally a better fit, however,M#5) model with the first three terms removed,

has greater forecasting accuracy.

The NPL ratio series for Bank 3 was modelled withAR (1), as well as a MA(3) model. The

sample size in this case was reduced to 1998Q1200i order to achieve normality in the

sample. Subsequently, both models passed all dsisignohecks and produced very similar
results with regards to the model’s fit. Howevdre imoving average model has better out-of-
sample forecasting accuracy.

After transformation of the NPL ratio series fornBa4 to stationarity, both autoregressive and
moving average models of order 3 were estimate@. firet two terms were removed in each
case due to their insignificance, and a dummy b&iavas added to account for a few irregular
variations in the data. Although both models gageysimilar results, the AR(3) model fits the

data better, but the moving average model forestagitly better.

An autoregressive process of order 1 or a moviregaaye process of order 5, seems appropriate
for the NPL ratio series for Bank 5. A dummy vatetvas included in the model to account for
an unusual deviation in the data in the fourth tpraof 1998, which results from a significant
fall in the NPL ratio in that period. This adjustm@enerates a satisfactory model with performs
better than the corresponding MA(5) model in tewhghe model's fit. An evaluation of the
forecast criteria for both models suggests that dlkoregressive model also has better

forecasting ability.
An analysis of the autocorrelation and partial aateelation functions of the NPL ratio series

for Bank 6 suggests an AR(1) model. The model veamd to be satisfactory based on all

diagnostic checks.
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The model with the greatest forecasting accuracyeéch bank was selected, and the forecast
evaluation criteria are presented in Table 5. Talifate comparison, multivariate models are

estimated for the aggregate NPL ratio series, adl we for the individual banks.
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Table 4: Results of the ARIMA models of the individial NPL Ratios

Model 1 Bank 1 Bank 2 Bank 3 Bank 4 Bank 5 Bank 6
Coefficients 9.88**C -0.624**C - - - 6.602**C
8.579(DUM)**  4.639(DUM)**  0.954AR(1)**  4.693(DUM)**  -1.483(DUM)**  0.826AR(1)**
0.77AR1)** -0.268AR(1)* -0.291AR(3)* 0.907AR(1)**
-0.305AR(2)*
R? 0.789 0.342 0.514 0.889 0.963 0.662
R2 0.779 0.288 0.514 0.886 0.962 0.636
Akaike info criterion 4.848 3.755 1.884 1.924 2.238 3.036
Schwartz criterion 4,971 3.922 1.928 2.008 2.320 13B.
Durbin-Watson statistic 2.114 1.807 2.543 2.228 3Q.2 2.145
Norm [Jarque Bera] 1.274 0.295 0.273 2.457 0.444 062.
ARCH [F] 0.081 0.341 0.470 0.956 0.130 2.141
Breusch Godfrey (LM) 0.874 1.812 1.674 1.055 0.703 1.318
Model 2
Coefficients 12.179**C -0.445**C 2.989**C - 2.736**C
0.642MA(1)** -0.300MA(4)*  0.80MA(L)**  4.711(DUM)** 1.086MA(1)**

0.67IMA(2)**
0.96MA(3)**

-0.688MA(5)**

0.918MA(2)*
0.772MA(3)**

-0.297MA(3)*

1.06MA(2)*
1.302MA(3)**
1.02MA(4)**
0.65MA(5)*

R? 0.774 0.304 0.580 0.889 0.962
R2 0.758 0.269 0.540 0.886 0.956
Akaike info criterion 5.172 3.815 1.906 1.847 2.633
Schwartz criterion 5.334 3.938 2.082 1.929 2.876
Durbin-Watson statistic 1.90 2.674 2.096 2.209 3.76
Norm [Jarque Bera] 2.091 1.481 0.689 4.326 1.141
ARCH LM test 0.600 1.301 0.248 1.385 0.683
Breusch Godfrey (LM) 0.401 9.300** 0.335 1.184 DH8

** and * indicate significance at the 1% and 5%sdkvrespectively. DUM and C represent dummy éeiand constant respectively.
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Table 5: Forecast Evaluation of the ARIMA models othe individual NPL Ratios

Bank1l Bank?2 Bank 3 Bank 4 Bank 5 Bank 6

In-Samplefit* (1996Q1-2006Q4)

Root Mean Squared Error 2.548 1.520 0.562 0.582 0.707 0.966
Mean Absolute Error 1.860 1.775 0.459 0.344 0.543 0.769
Mean Absolute Percentage Error 19.072 10.846 16.336 8.106 23.608 10.594
Theil Inequality Coefficient 0.098 0.054 0.086 0.054 0.069 0.065
Bias Proportion 0.000 0.001 0.000 0.038 00.0 0.000
Variance Proportion 0.095 0.003 0.046 0.000 0.002 0.103
Covariance Proportion 0.905 0.996 0.954 ».96 0.994 0.897

Out-of-Sample forecast (2007Q1-2008Q4)

Root Mean Squared Error 4.966 3.226 1.463 0.558 1.403 2.611
Mean Absolute Error 4.917 2.923 1.367 0.420 1.215 2.573
Mean Absolute Percentage Error 118.073 68.144 76.733 27.474 58.137 71.229
Theil Inequality Coefficient 0.369 0.529 0.250 0.129 0.531 0.259
Bias Proportion 0.980 0.820 0.005 0.183 49.7 0.971
Variance Proportion 0.000 0.064 0.766 0.596 0.104 0.014
Covariance Proportion 0.020 0.115 0.229 D.22 0.147 0.015
Multivariate

For the multivariate forecast of non-performingrisan Barbados, we adopt the model of Chase
et al. (2005), since, as mentioned earlier, it rasn proven to work well with the Barbadian
case. In this regard, the aggregate NPL ratio lier hanking system is estimated from the

following equation:

NPL, = f(l;;l, B, % NF:IHJ 1)

+

* The in-sample forecast period for Bank 3 and Baig1998Q1-2006Q4 and 2003Q1-2006Q4 respectively.
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wherer is the treasury bill ratg is the consumer price indexjs real GDP, a superimposed dot

denotes the variable’s growth rate and a +/— sejavipthe variable indicates its expected impact
on the NPL ratio. Given that higher interest rateske it more costly for borrowers to pay off

loans, the interest rate is expected to have dip®selationship to the NPL ratio. High levels of

inflation create an uncertain economic climate #merefore lead to a higher level of non-

performing loans. Growth in real GDP increasescdygability of borrowers to repay their debts

and should contribute to a lower NPL ratio. Lasthg lagged dependent variable is included in
the model to account for inertia in the procesdesling with non-performing loans.

In addition to the macroeconomic variables, sonmkIspecific variables are also included in the
individual bank forecasting models based on trediture review of Khemraj and Pasha (2009).
As such, the individual bank regression equati&egdhe form:

NPL, = f(l;_l, B, % NPL,ALOANS §_|z} )

whereSIZEis the relative market share andOANSiIs the annual growth in loans of each bank.
It is expected that loan growth will be positivelated to the level of NPLs since rapid credit
growth is often associated with a higher NPL rathemraj and Pasha (2009) note that
empirical evidence relating to the effect of bamkeson the NPL ratio is mixed. A negative
relationship between the NPL ratio and bank sizg signify that the larger the banks is, the
better risk management strategies it is able emp@og hence a lower level of non-performing
loans compared to a smaller bank. However, it nisg be the case that larger banks take on
more risk, increasing the magnitude of non-perfognioans, thus resulting in a positive
relationship. Nonetheless, the authors report tioasignificant relationship exists between the
size of a banking institution and the level of NPBots of the bank-specific variables are

presented in Figures Al, A2 and A3 in the Appendix.
The results of the unit root tests of the bank-Be&nd macro-economic variables are presented

in Table 6. The annual growth rate of loans isistairy for each bank, whereas the relative

market share is only stationary for Banks 3, 4 an#or Bank 1, the ADF and Phillips Perron
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Tests indicate that the null of a unit root canpetrejected, and the KPSS test rejects the null of
stationarity, and hence the Size variable for Bank assumed to be non-stationary. The ADF
suggest that the size of Bank 2 is I(1), yet th#lipsi Perron and KPSS test suggest it is 1(0). An
examination the series leads us to conclude tleasdhies is indeed I(1). Table 6 also indicates
that the GDP growth rate and inflation rate are¢i@tary. The ADF and Phillips Perron tests
suggest that the treasury bill rate is 1(1), howetlee KPSS test suggests it is stationary.
Inspection of the plot of the treasury bill rats@points that the series may be stationary, and
hence we assume thatis 1(0) .

Table 6: Results of the Unit Root Tests of the BanBpecific Variables

ADF Phillips Perron KPSS
size -3.381 -3.328 0.205*
Bank 1 Aloans -5.891** -5.862% 0.147
SiZ(? -1.239 3.276* 0.229
Bank 2 Aloans -6.861* -6.845+ 0.226
size “4.243% “2.083* 0.115
Bank 3 Aloans -6.186** -6.241%* 0.120
size -3.815% -3.484* 0.278
Bank 4 Aloans -4.668** -4.620%* 0.136
size -4.831% -5.597* 0.053
Bank 5 Aloans 5 152%* -5.086** 0.100
y, -3.542* -3.607** 0.171
Macroeconomic b -2.997* -0.674 0.171
¢ -1.04 -1.07 0.0133

** and * indicate significance at th& and 5% levels respectively

ARDL Models
Given the mixture of 1(0) and I(1) variables, wa ¢o utilise an Autoregressive Distributive Lag
(ARDL) models, to forecast the NPL ratios, whichmore suited for such cases. Since the

specific lag structure of the variables is not knpwhe general-to-specific approach is used
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where initially a general model is estimated, andsgquently reduced in size and complexity.
The idea behind this approach is that once thergkgpecification is adequate to model the data
including diagnostic checks, any model that is mpegsimonious is considered to be an
improvement, as long as it conveys the same infoomgjust in a simpler more compact form.
Hence, the variables removed must not have beetrilmaimg to the desirable results of the

model.

Initially, a general ARDL model with 5 lags on eadriable is estimated for the aggregate NPL
ratio. Subsequent to satisfactory diagnostic chrecki the model, it is then reduced to produce a
more parsimonious model, and used to forecast digeegate NPL ratio. Table 7 presents the
results of this model, and both the in-sample amdod sample forecast results are presented in
Table 8.

Table 7: Results of the final ARDL Model of the Aggegate NPL ratio

Coefficient t — Statistic

Dependent variableANPL, _,

ANPL,_, -0.552 -3.287**
ANPL,_, -0.386 -1.736*
ANPL, _, 0.267 1.708*
ANPL,_, 0.455 3.906**
ANPL, _, 0.373 3.447**

Vs -0.280 -4.263**

r, 0.324 3.518**

L, -0.226 -2.241*

P, -0.559 -4.212**

P, 0.625 4.214%

R° 0.564 Akaike info criterion 2.793
R2 0.424  Schwartz criterion 3.310
Durbin Watson statistic  2.020 Breusch Godfrey (LM)1.972
Norm [Jarque Bera] 2.230 ARCH [F] 1.323

** and * indicates significance at the 1 andégcent levels respectively.
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Table 8: Forecast Evaluation of the ARDL Model of he Aggregate NPL Ratio
In-Sample Fit Out-of-Sample Forecast
Period: 1996Q1-2006Q4 Period: 2007Q1-2008Q4

Root Mean Squared Error 0.765 0.980
Mean Absolute Error 0.573 0.823
Mean Absolute Percentage Error 9.858 29.956
Theil Inequality Coefficient 0.059 0.155
Bias Proportion 0.001 0.006
Variance Proportion 0.021 0.285
Covariance Proportion 0.978 0.709

A similar procedure follows for the individual banbkf the banking sector. However, the bank
specific variables, ‘relative size’ of each bankasired as the relative market share of haatk

timet, and ‘growth rate of total loans’ at each bankiaokuded in each of the six models. Bank
6 is excluded from this analysis due to the smathgle size of its NPL ratio, and thereby the
inability to estimate the ARDL model with 5 lagsu®to the non-stationarity of the NPL ratio
and size of Bank 2, an error correction model igailty estimated, and subsequently reduced.
Dummy variables are included in the models for Bahk3 and 4 to capture irregular spikes in

the data and to generate a satisfactory generatimardbr to reduction.

The results of the final ARDL models of the NPLioadf the individual banks are presented in
Table 9. Diagnostic checking of the results indictitat the models are satisfactory. The GDP
growth rate significantly and negatively impact® tNPL ratio for Banks 1, 3 and 4. The
cumulative effect of the inflation rate implies asjtive relationship, which is significant for &l
banks. The treasury bill rate is also significaot &ll 5 banks, however, the association is
negative for Banks 1, 2, and 3, and positive fonk&a4 and 5. The bank’s ‘size’ is only
important for Bank 1, whereas ‘total loan growtk’ significant for Banks 2, 3 and 5. Loan
growth bears a negative relationship with the NRiiorfor Bank 2, and a positive relationship

otherwise. The results of the forecasts of theseéatscare presented in Table 10.
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Table 9: Results of the ARDL models of the individal NPL ratios.

Bank 1 Bank 2 Bank 3 Bank 4 Bank 5

Dependent Variables NPL, ANPL, NPL ANPL, NPL

C 7.533* 2.503** -1.965** 0.548**
NPL,, 0.545** -0.551**

NPL,_, 0.592** 0.174** 0.242* 0.382**
NPL,_, 0.752**

NPL, -0.310** 0.339** -0.157*

\A -0.059*

A -0.209**

Vs -0.441**

Yea -0.388** -0.259**

o} 0.533** 0.069*
Ps 0.652**

P, 0.746** 0.207** -1.221**

Pes -1.443** -0.278* 1.208**

P._. 0.884** 0.143*

r, 0.462** 0.460**

f, -0.273**

f, -1.049** 0.369** 0.447*

fs -1.805** 0.648** -0.267** -0.851**

s 0.912*

s -0.216* 0.359** 0.134**
size, -1.353**

size,, 1.331%

Aloans -0.112** -0.093** -0.058**
Aloansg, -0.045*

Aloans,, 2.272%

Aloans,, -0.037**

Aloans -0.065**
R® 0.893 0.864 0.959 0.902 0.934
R 0.859 0.806 0.941 0.842 0.921
Norm [Jarque Bera] 0.876 1.495 1.652 0.747 0.707
Durbin-Watson statistic 2.668 2.253 2.010 2.232 31.8
Akaike Info criterion 4.103 2.512 0.604 2.545 1.704
Schwartz criterion 4.534 3.029 1.122 3.191 2.006
ARCH [F] 0.182 1.615 0.001 0.688 0.744
Breusch Godfrey LM 2.592 1.335 0.363 1.033 0.081

** and * indicates significance at the 1 and 5 gaitdevels respectively.
Dummy variables are not reported in the resuliteta
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Table 10: Forecast Evaluation of the ARDL Models othe individual NPL ratios

Bank 1 Bank 2 Bank 3 Bank 4 Bank 5
In-sample fit (1996Q1-2006Q4)
Root Mean Squared Error 1.459 0.620 2.166 0.582 0.553
Mean Absolute Error 1.118 0.529 0.648 0.442 0.431
Mean Absolute Percentage Error  12..360 6.198 9.152 21.462 22.368
Theil Inequality Coefficient 0.062 0.024 0.191 0.051 0.081
Bias Proportion 0.001 0.000 0.002 0.000 0.005
Variance Proportion 0.012 0.041 0.166 0.004 0.049
Covariance Proportion 0.987 0.958 0.832 0.996 0.946
Out-of-Sample (2007Q1-2008Q4)
Root Mean Squared Error 5.725 5.023 1.107 5.972 0.747
Mean Absolute Error 4.832 4.753 0.935 4.897 0.613
Mean Absolute Percentage Error 111.747 111.169 67.116 256.649 45.852
Theil Inequality Coefficient 0.413 0.863 0.176 0.609 0.171
Bias Proportion 0.666 0.895 0.170 0.672 0.457
Variance Proportion 0.292 0.042 0.553 0.250 0.110
Covariance Proportion 0.043 0.063 0.277 0.077 0.433

Combined Forecasts

The idea of combining individual forecasts in thiedquction of an overall forecast was originally
proposed by Bates and Granger (1969). In theirmpdpey discussed the combination of pairs of
forecasts. However, the methodology can easily Xdended to the combination of several
forecasts Reid (1969). If individual forecasts ofgaven variable are unbiased, then the
combination forecast obtained by regressing th&lhke on these forecasts without and intercept

will also be unbiased if the sum of the beta coédfits is restricted to unity.

Granger and Ramanathan (1984) have argued thadbfasecasts may also be successfully

combined by fitting the model:
NPL =a+> Bf, +e,0i=1..k (3)
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wheref; represents the forecast values from maogdahd not restricting eitherto be zero op to

sum to unity. This model is fitted by least squai@ghe available historical record and then

projected forward to derive the required compofitecast. We adopt this approach to generate

combination forecasts from the preferred univar@®MA model and the multivariate model

of the aggregate and each of the individual NPlosatWe regress the actual NPL ratios on the

respective forecast combination for the period IP6- 2006Q4. These equations are then used
to forecast the NPL ratio over the period 2007QQ&D4. The results of these regressions and
the forecasts are presented in Tables 11 and 4jzectvely.

Table 11: Results of the Combined models of the agggate and individual NPL Ratios

Model 1 Aggregate Bank 1 Bank 2 Bank 3 Bank 4 Bank 5
Coefficients 0.379C -0.521 C -0.243 C 0.172C 30.C 0.200C
-0.0171; 0.215* 0.095f; 0.017f, 0.459f,** 0.129f,
0.962f,** 0.838 f,** 0.926 f,** 0.931 f,** 0.516 f,** 0.784 f,**
-3.788(DUM)** -0.577(DUM)*  1.593(DUM)**
-0.563(DUM)*  1.287(DUM)**
R? 0.781 0.917 0.989 0.933 0.993 0.939
R2 0.768 0.913 0.988 0.924 0.993 0.935
Akaike info criterion 2.448 3.499 1.965 0.127 0.824 1.667
Schwartz criterion 2.578 3.627 2.095 0.347 0.996 794.
Durbin-Watson 2.432 2.4654 2.421 1.267 2.048 1.798
statistic
Norm [Jarque Bera] 1.951 0.420 2.025 0.832 0.693 789D.
ARCH [F] 1.593 0.002 2.989 0.554 0.058 0.270
Breusch Godfrey (LM) 1.196 1.176 2.601 2.715* 0.115 0.004

** and * indicate significance at the 1% and 5éwdls respectively. DUM and C represent dummy

variable and constant respectively.
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Table 12: Forecast Evaluation of the combined modeglof the NPL ratios

Aggregate Bank 1 Bank 2 Bank 3 Bank 4 Bank 5
In-Samplefit (1996Q1-2006Q4)
Root Mean Squared Error 0.761 1.279 0.597 1.892 0.328 0.516
Mean Absolute Error 0.579 0.989 0.513 0.493 0.260 0.430
Mean Absolute Percentage Error 10.024 10.963 5.867 7.237 11.020 21.838
Theil Inequality Coefficient 0.059 0.054 0.023 0.175 0.029 0.077
Bias Proportion 0.000 0.000 0.000 0.018 00.0 0.000
Variance Proportion 0.062 0.021 0.003 0.660 0.002 0.016
Covariance Proportion 0.938 0.979 0.997 ».32 0.998 0.984

Out-of-Sample forecast (2007Q1-2008Q4)

Root Mean Squared Error 0.206 0.299 0.155 0.093 0.082 0.064
Mean Absolute Error 0.206 0.298 0.155 0.089 0.081 0.052
Mean Absolute Percentage Error 6.687 7.122 3.692 5.881 4.197 3.855
Theil Inequality Coefficient 0.032 0.036 0.018 0.015 0.020 0.016
Bias Proportion 0.992 0.994 0.997 0.136 76.9 0.320
Variance Proportion 0.008 0.006 0.003 0.864 0.024 0.680
Covariance Proportion 0.000 0.000 0.000 ©.00 0.000 0.000

Comparison of Models

We have estimated ARIMA univariate models and ARBDUltivariate models for the aggregate
and individual NPL ratios of the banking sectorvasl as, a combination of these models to
generate static in-sample and dynamic out-of-samiplecasts for the best model of each
technique. For the aggregate NPL ratio, an assegsoh¢he forecast evaluation criteria of the
chosen AR(1) model as compared to the reduced ARIlivariate model indicates that the
multivariate model produces smaller out-of-sammlee¢ast errors, and hence may be a more
reliable forecast option. The RMSE, MAE, MAPE ankil Inequality coefficient all favour the
multivariate model with regards to the in-sample &s well as the out-of-sample forecasts.
However, the combination model outperforms both etdvith smaller forecast errors. A
RMSE of 0.206 is produced for the out-of-sample lbmration forecast, compared to 0.980 for

the multivariate model.
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With regards to the individual bank models, the ikkaand Schwartz criteria of the chosen
models reveal that for 4 out of the 5 banks, thdtivawiate model has a better fit than the
univariate model, the exception being Bank 4. Tiasample forecast evaluation produces a
similar result. The multivariate model for Banks2land 5 has a better fit than the univariate
model, where for Banks 3 and 4, the univariaterefgored. The results of the out-of-sample
forecasts indicate that for Banks 3 and 5, the irariite models produce smaller forecast errors
with reference to all included forecast measuresydver, the univariate model produces more
accurate forecasts for Banks 2 and 4. For Bankd RMSE and Theil Inequality coefficient

favour the univariate model, whereas, the MAE andP# favour the multivariate model.

Moreover, combined models outperform both the umat@ and the multivariate models for all 5

banks in the banking sector as evidenced by snfallecast errors for all measures.

V. Concluding Remarks And Policy Implications

This study attempts to utilise univariate ARIMA natel and multivariate ARDL models to

estimate the aggregate NPL ratio of the bankingpseas well as the NPL ratio of the individual

banks. Additionally, we combine the univariate andltivariate forecasts to produce an overall
forecast. The inclusion of the individual bank misderovides a greater basis for comparison
and also allows us to incorporate bank specificabdes in our analysis. Overall, it can be said
that of the two reasonable options presented kieeenultivariate model slightly outperforms the
univariate. Nonetheless, the combination forecgsfmocedure considerably improves the

accuracy of the forecasts in all cases, and hageprto be the more superior model.

Our empirical results support the view that maaror®mic factors such as growth in real GDP,
the inflation rate and the treasury bill rate hasimpact on the level of NPLs, and should
therefore be included in the forecasting modelsuagyested by Chase et al. (2005). It follows
therefore that our results are contrary to the ment by Smith and Lawrence (1995) that
macroeconomic variables have limited predictive @oim explaining loan defaults. Evidence to
support the view of Graham and Humphrey (1978) tbedcasts employing data only on past
loans are usually more accurate than less parsousmodels, can only be found for 2 of the 6
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cases presented. In addition, the bank specifiablas, growth in total loans and relative
market share, adopted from the models of KhemrdjRasha (2009) are moderately significant,
in contrast to the authors’ reports that thereassignificant relationship between the size of a
banking institution and the NPLs.

Note should be made of the inability to utilise Bahin the individual multivariate modelling,
due to its small sample size, as well as the ureility of a larger data set, since prior to 1995

there was no standard treatment of non-perfornoagd.

Forecasting NPLs has major implications for the gwrcial banking sector of Barbados, and for
the financial system as a whole, including the miown of insights into the stability of the
financial system and the regulation of non-perforgnioans to occur in the future. Additionally,
unexpected increases in NPLs reduce the coveray&dpd by loan loss reserves, and lead to a
deterioration of banks’ liquidity. Based on ourdings, we suggest that highly accurate forecasts
may be obtained though the use of a combinatiomnofariate and multivariate forecasts. The
study also implies that commercial banks should giggntion to the performance of the real

economy when providing loans so as to reduce thgninale of non-performing loans.
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Figure Al: Total Loan Growth Rates for the Individual Banks of the Banking Sector
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Figure A2: Relative Market Share (Size) of the Indvidual banks f the Banking Sector
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Figure A3: Macroeconomic Variables
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