
International Journal of Management and Applied Science, ISSN: 2394-7926                                                 Volume-4, Issue-4, Apr.-2018 
http://iraj.in 

Non-Performing Loans’ Forecast – Evidence from Romania 
 

48 

NON-PERFORMING LOANS’ FORECAST – EVIDENCE FROM 
ROMANIA 

 
BOITAN IUSTINA ALINA 

 
1Bucharest University of Economic Studies, Faculty of Finance and Banking, Romania 

Email: iustinaboitan@yahoo.com  
  
 
Abstract - The post financial crisis period, due to a complex mix of distressed financial and economic fundamentals, has left 
European banks’ balance sheets in a vulnerable position. The impairment of loans represents a persistent problem, which still 
exhibits a slow pace of recovery in several EU countries. According to the level recorded by nonperforming-loans ratio 
(between 10 – 20%), Romania constantly places itself in a group composed also by Bulgaria, Croatia, Hungary, Ireland, 
Italy, and Portugal. These above EU-average ratios are exceeded only by those in Greece and Cyprus, with ratios of over 
40%. The paper aims at developing a univariate model for predicting the future evolution of the NPLs in the Romanian 
banking system. The results show that lagged values of NPLs exhibit explanatory power on the future levels of NPLs, but for 
an increased accuracy they have to be complemented by other macroeconomic and bank-specific variables.  
 
Index terms - Non-performing loans, ARMA model, forecast. 
 
I. INTRODUCTION 
 
The persistence of non-performing loans at the level 
of European banking system is a topic widely debated 
by European authorities.  Draghi (2017), the president 
of European Central Bank (ECB), warned that euro 
zone banks’ balance sheets still face structural 
weaknesses represented by a large proportion of non-
performing loans (NPLs). In his opinion, the 
deficiencies are related with inadequate internal 
governance of banks, ineffective loan recovery 
procedures or procedures for the quick resolution of 
NPLs. Complementary to the views above mentioned, 
the European Systemic Risk Board (2017) explains 
that NPL problem has broad, multifaceted 
implications, from micro prudential, macro 
prudential, financial stability and legal standpoint, 
which can be addressed by means of a coordinated, 
harmonized and comprehensive policy response at 
both national and EU levels. The European Banking 
Authority plans to issue until mid 2018 general, 
harmonized guidelines regarding NPLs management, 
applying to all banks in the entire EU.  A report 
published by the Council of EU (2017) has estimated 
for the entire EU banking system an amount of nearly 
€1 trillion NPLs at 2016 year-end, which represents 
almost 6.7% of the EU's GDP. In a country-by-
country approach the situation is more fragmented, 
NPLs ratios ranging from 1% to 46%. Also, there is 
variability in terms of the source of NPLs, some 
exposures being concentrated in real estate sector, 
whilst others being scattered across various economic 
sectors. The report concludes that banks are the main 
responsible for their business strategy, their risk 
profile and consequently for restructuring their 
business models and resolving troubled loans. But 
due to the current magnitude of NPL stocks in some 
EU member states, there is needed a coordinated 
involvement of banking regulators and supervisors so 
as to restore the quality of banks’ balance sheets and 

prevent future accumulation of NPLs. In this regard it 
has to be mentioned the guidance on NPLs issued by 
the European Central Bank (2016), which is meant to 
serve as a supervisory tool regarding NPL 
identification, management, measurement and write-
offs in particular areas where existing regulations 
lack specificity. In addition, it defines a new category 
of banks, called “high NPL banks” comprising those 
banks with a level of NPLs that exceeds the EU 
average. Audit companies too have investigated the 
root causes and prospects of NPLs in European 
banking industry. KPMG (2017) explains that the 
problem of NPLs is at the core of ECB, European 
Commission and ECOFIN priorities because its 
solving is closely related with the success of the 
European Banking Union project.  Several studies 
mention Cyprus, Greece, Italy, and Portugal as the 
EU countries with the highest levels of NPLs. By 
relying on data from International Monetary Fund, 
Aiyar (2015) had investigated on a wide country basis 
the NPLs levels at 3 key moments of time (see figure 
1). He found that countries in South-Eastern Europe 
are the most exposed to persistently high NPL levels, 
indirectly pointing the inability of households and 
businesses to recover their financial soundness and 
repay their debt. The author observed that NPLs’ EU 
average was of over 9% of GDP at the end of 2014, 
more than double the level recorded at 2009 year-end. 

 
Figure 1. NPL ratios after the 2008 financial crisis 

Source: Aiyar, 2015 
From banks’ standpoint (KPMG, 2017), they perceive 
the process of NPLs management as being more 
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important than Basel 4 adoption and the conduct of 
Supervisory Review and Evaluation by the ECB 
(59% of respondent banks from euro area), 
profitability and impact of Brexit (50% of respondent 
banks), bank resolution mechanisms (47%). 
A main drawback of existing research conducted in 
the field of NPLs relies in the lack of uniform and 
standardized data reported for NPLs in each EU 
member state, on a longer time frame and with higher 
reporting frequency. That’s why most studies are 
conducted on a national basis.  
The purpose of this paper is to analyze the features of 
NPLs dynamics in the Romanian banking system and 
to forecast its future trend, by applying a Box-Jenkins 
method. The empirical analysis covers the post-crisis 
time frame (2009-2017) and benefits from a broad 
sample of observations, with monthly frequency. 
Another reason for focusing on Romanian banking 
system resides in the reform of the insolvency 
framework it is witnessing since 2014. The National 
Bank of Romania has issued two guidelines related to 
the effective out-of-court restructuring of past due 
mortgage loans and corporate loans. The analysis of 
historical NPLs time series will indicate whether 
these changes in the regulatory frameworks have 
indeed contributed to restoring the quality of banks’ 
balance sheets. The paper is structured as follows: the 
second part summarizes the previous attempts in 
forecasting the level of NPL, the third part briefly 
explains the methodology employed, the fourth part 
synthesizes the main stages of the empirical analysis 
and the results obtained while the last part concludes. 
 
II. LITERATURE REVIEW  
 
The research studies in this field cover two main 
research directions, namely the qualitative and 
quantitative identification of NPLs determinant 
factors in order to explain its dynamics, and the 
forecast of NPLs evolution. 
The report published by the Council of the European 
Union (2017) performs a comprehensive 
classification of NPLs key determinant factors, into: 
i) economic drivers, represented by real GDP growth, 
exchange rate effects, decline of stock prices, 
collapse of the real estate market, and increases in the 
lending interest rates; ii) structural drivers such as 
bank-specific lending standards and credit risk 
monitoring practices, banking supervision, regulatory 
framework related to insolvency, accounting 
standards, underdeveloped secondary markets for 
NPLs. Staehr and Uusküla (2017) have performed a 
comprehensive empirical analysis, covering all the 
EU countries and a time frame of 21 years. They 
found out that some indicators (GDP growth, 
inflation rate) are leading factors for most EU 
countries, while others are more important for a 
group of countries (current account balance and real 
house prices in the case of Western countries). A 
similar study published by IMF staff (Klein, 2013) 

focused only on Central, Eastern and South-Eastern 
Europe countries and uncovered that GDP growth, 
unemployment, and inflation are robust drivers of 
NPLs dynamics, while some bank-specific factors 
(low profitability and equity, loans-to-assets ratio, 
loans’ growth rate) contribute to worsening NPLs 
levels. 
In terms of forecasting future levels of NPLs, most 
studies employ an ARIMA method, with a country 
focus. Vatansever (2013) has forecasted NPLs in 
Turkish banking system by relying on an ARIMA 
(6,2,6) model. Nualsri, Roengpitya, Sabborriboon and 
Thanavibul (2014) relied on the same methodology to 
forecast the level of corporate and consumer loans. 
There isn’t a consensus regarding the proper method 
to be used, so that few other studies have tested 
various other techniques. Belgrave, Guy and Jackman 
(2012) relied on panel vector autoregression (VAR) 
to assess the sensitivity of NPLs to industry-specific 
shocks.  
Wezel, Canta and Luy (2014) have estimated the 
future path of NPLs and its further impact on bank 
capitalization, by employing a stress test scenario. 
Several macroeconomic and financial shocks have 
been defined and applied to the level of existing 
NPLs to assess the magnitude of their increase. 
 
III. PRESENTATION OF METHODOLOGY  
 
Box-Jenkins models, known also as AutoRegressive 
Integrated Moving Average (ARIMA) models, 
represent an important method for time series’ 
forecasting. Unlike regression analysis which defines 
a dependent variable and a list of explanatory ones 
with the purpose of examining the influence exerted 
by the latter on the dependent variable, Box-Jenkins 
technique involves the identification of the best 
model specification by focusing on a single variable. 
In other words, the forecast is based exclusively on 
past historical values recorded by the variable to be 
forecasted and stochastic error terms.  Gujarati (2004) 
explains that Box-Jenkins models follow the 
philosophy let the data speak for themselves, because 
their fundamental aim is to model the persistence of 
the dependent variable, by analyzing only the 
stochastic properties of the time series considered. 
Economic literature claims that ARIMA models are 
best suited to short-tem forecasting due to the 
underlying assumption that future patterns will 
resemble current ones. 
Stellwagen (2017) enumerates the specific features 
depicted by ARIMA models, namely they are 
adaptive, by modeling trends and seasonal patterns, 
are based on autocorrelations (patterns in time) and 
provide better results for longer, more stable data. 
The family of ARIMA models gathers simpler time 
series models, represented by Autoregressive (AR) 
processes and Moving Average (MA) processes, as 
well as mixed models, called ARMA. In AR (p) 
models of order p the current value of a variable is 
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explained only by its preceding values and an error 
term: 
y =  α +  ∑ ∅ × y  +  u               (1) 
 
where 
y is the variable considered 
α is the intercept 
y t-i are the past values of the variable  
p is the order of the AR model 
ut is a white noise disturbance term 
MA (q) models of order q assume that the current 
value of a variable y can be explained by actual and 
lagged values of a white noise process:  
y =  α +  u + ∑ β  ×  u                     (2) 
 
where 
y is the variable considered 
α is the intercept 
q is the order of the MA model 
ut is a white noise disturbance term 
          By combining AR(p) and MA(q) processes it 
will be created an ARIMA(p, d, q) model, where p 
denotes the number of autoregressive terms, d the 
number of times the series has to be differenced 
before it becomes stationary, and q the number of 
moving average terms. The ARIMA (p, d, q) model is 
equivalent to applying an ARMA (p, q) model on the 
stationary variable. To discriminate whether a time 
series follows an AR, a MA or an ARMA process, it 
has to be performed first the analysis of 
autocorrelation function (ACF) and of partial 
autocorrelation function (PACF). 
The variable to be modeled by means of a Box-
Jenkins method is represented by the ratio of non-
performing loans in total loans (NPLs), computed for 
the entire Romanian banking system. The variable is 
defined as the share of troubled loans (loans 
exhibiting a delay in repayment of over 3 months and 
/or loans for which it has been triggered debtor’s 
enforcement procedure) in total loans. The time series 
employed covers the timeframe September 2009 – 
August 2017 and had been extracted from National 
Bank of Romania database. Before conducting the 
unit root tests and estimating the models, it has been 
investigated the intrinsic features of the non-
performing loans time series, in order to uncover the 
statistical properties of the raw data. Table 1 
synthesizes several basic descriptive statistics. 

Table 1. Descriptive statistics 
  
Statistics  Values  
 Mean  14.08802 
 Median  13.53500 
 Maximum  22.52000 
 Minimum  6.460000 
 Std. Dev.  4.171637 
 Skewness  0.333408 
 Kurtosis  2.194015 
 Jarque-Bera  4.377024 

 Probability  0.112083 
 No. of observations  96 
  
Theory states that a time series is normally distributed 
when mean and median values are equal, and 
respectively when the skewness is zero and the 
kurtosis equals 3. Consequently, non-performing 
loans ratio depicts a relative normal distribution. In 
absolute terms, the lowest value of 6.46 had been 
recorded in late 2009 while the highest maximum 
value of non-performing loans had been recorded in 
the first quarter of 2014. The broader the difference 
between the maximum and the minimum values, the 
higher the fluctuation exhibited by loan portfolio’s 
quality. 
Complementary information is provided by standard 
deviation, which accounts for the spread of a time 
series values around its mean. The higher the 
standard deviation, the more persistent the extreme 
values in the sample considered.    
Skewness and kurtosis are a pair of related statistics 
used for describing the shape of the distribution. 
There is a positive asymmetry, meaning that the time 
series depicts a tail towards right and hence greater 
values of the variable under analysis predominate in 
the sample. Kurtosis value is below the threshold 3, 
suggesting a time series flatter than a normal 
distribution (platikurtotic). 
The null hypothesis of Jarque-Bera test assumes the 
presence of a normally distributed series. In this case 
the probability assigned to Jarque-Bera statistic is of 
11.21%, thus the null hypothesis can be accepted 
meaning that it is likely that NPLs time series follows 
a normal distribution. 
 
IV. ESTIMATION STAGES, RESULTS AND 
INTERPRETATIONS 
 
The NPLs time series had been first tested for the 
presence of unit root, by using the Augmented 
Dickey-Fuller test. The NPLs time series is stationary 
in second difference, thus it is integrated of the 2nd 
order and follows an ARIMA process whose d equals 
2. In applying the Box-Jenkins method there are three 
successive steps: 
a) identification of  the appropriate values for p 
and q; 
It starts with estimating the coefficients of the 
autocorrelation function (ACF) and the partial 
autocorrelation function (PACF). The patterns of 
ACF and PACF coefficients will indicate whether 
NPLs time series for Romanian banking system 
follows an ARMA process. We tested several orders 
for the AR and MA processes, the results indicating 
potential values to be recorded by p and q ranging 
between 2 and 3. 
b) estimation of the parameters for the AR and 
MA terms to be included in the model and 
performance of a diagnostic check, to find out 
whether the estimated models fit well the data; 
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Each ARMA model has been estimated by means of 
Least Squares method. Economic theory states that 
the results obtained should be interpreted in terms of 
model plausibility as a whole, because the main 
purpose of the analysis is to assess whether the model 
fits the data well and can provide accurate forecasts. 
As for any other regression analysis, all the estimated 
coefficients have to be statistically significant. It had 
been identified six models with highly statistically 
significant coefficients, which have been 
subsequently tested for goodness-of-fit, by relying on 
several residuals’ diagnostic tests. For all the six 
models there is no root outside the unit circle and the 
model is invertible. Residuals have also been checked 
for normality and the presence of heteroskedasticity 
by using White test. The presence of autocorrelation 
has been tested through the Breusch-Godfrey Serial 
Correlation LM test, residuals’ correlogram and 
squared residuals’ correlogram. By applying the 
Breusch-Godfrey serial correlation LM test (null 
hypothesis: there is no serial correlation between 
residuals) the null hypothesis is accepted for 5 out of 
6 models. The model ARMA(2,2) has been removed 
as it depicts serial correlation of residuals.  
In the following we have to choose from five 
candidate models the one which best explains the 
evolution of NPLs. Economic theory proposes the 
simultaneous assessment of 3 criteria, namely the 
values recorded by adjusted R squared and the 
information criteria. Table 2 synthesizes the values of 
these criteria and the configuration of ARMA 
processes that best describe NPLs features, obtained 
by running each model specification.  
 

Table 2. Summary of statistical indicators 
 Adjusted 

R-
squared 

Akaike info 
criterion  

Schwarz 
criterion  

AR (2) 0.4013 1.3446 1.4268 
MA (3) 0.3955 1.3511 1.4593 
ARMA(1,2) 0.3906 1.3681 1.4769 
ARMA(2,3) 0.4691 1.2556 1.4201 
ARMA(3,1) 0.4113 1.3601 1.4981 

 
According to the three criteria considered, the highest 
value for adjusted R-squared and respectively the 
lowest values for the information criteria have been 
recorded by an ARMA(2,3) model.   
c) using the model validated in the previous 
stage for forecasting  
The model that passed the diagnostic check for 
goodness-of-fit has been further used for making 
predictions of NPLs evolution for a time horizon 
between September 2017 and March 2018. It has 
been chosen a period of 8 months because it is known 
that the quality and reliability of forecasts derived 
from time series’ previous values diminishes on 
longer time periods. It has been performed an out-of-
sample dynamic forecast and we computed several 

measures of forecast accuracy, to account for the 
presence of forecasting errors.  
 
The value recorded by Mean Absolute Percentage 
Error (265.94%) exceeds the 100% threshold and 
suggests that the specification of ARMA model isn’t 
suitable for making forecasts, as it generates forecast 
errors. As Brooks (2008) argues, this kind of 
empirical finding is not unusual because the attempt 
to reliably forecast changes in any other financial 
assets proves to be a difficult task. Further, the 
forecast errors can be decomposed into three 
components: the bias, the variance and the 
covariance. The forecast errors are unbiased, meaning 
that the mean of the forecasted values is very close to 
the mean of the actual data. The variance component 
records a quite large value (20.64%), indicating that 
there is a difference between the variation of the 
forecasts and the one of actual data in the initial 
sample. The covariance component (79.36%) shows 
the remaining unsystematic part of forecast errors. 
Theory claims that in case of unbiased errors and if 
both bias and the value of variance are small, the 
forecasts might be considered good, reliable. 
However, the big value recorded by covariance 
indicates that there are also other factors which are 
able to trigger changes in the level of NPLs, apart 
from its own lagged values. The forecast suggests a 
decreasing trend of the NPLs until December 2017, 
followed by a small rise in early 2018. 
 
CONCLUSION 
 
NPLs’ concern holds a central place on decision 
makers’ agenda but due to ample variations recorded 
between EU countries, this problem has to be 
assessed in a fragmented, individualized manner, with 
European coordination of the regulatory frameworks. 
It is not a one size fits all approach. For instance, the 
European Parliament (2016) summarizes the various 
types of measures implemented recently across 
Member states in order to solve the non-performing 
loans’ problem and to clean banks’ balance sheets, 
namely: transferring NPLs to specially established 
bad banks, developing an active secondary market for 
NPLs to facilitate the sale of these impaired portfolios 
to investment funds, strengthening of insolvency 
frameworks to allow for a timely restructuring of bad 
loans, as well as enhancing banking supervision. 
The European Systemic Risk Board (2017) adds 
some figures related to the spread of NPLs across 
loans portfolios and across banks. In most EU 
countries the largest share of NPLs belongs to loans 
provided to small and medium-sized companies, 
followed by large companies and households. As 
regards the correlation between banks’ size and NPLs 
level, it appears that medium-sized banks exhibit the 
highest NPL ratios. Also, in a country-by-country 
approach, some countries witness a decreasing trend 
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of NPLs while others record levels higher than in the 
period preceding the onset of the financial crisis.  
European Commission officials agreed, during a 
seminar organized in late 2016 that the Romanian 
case for solving the NPLs problem is a positive 
example of good practice, which relies on 
strengthened supervision from the central bank, a 
high coverage ratio of impaired loans with credit risk 
provisions, sales of NPLs portfolios to investment 
funds and a reform of the insolvency framework. The 
National Bank of Romania’s Financial Stability 
Report (2017) states that the quality of loans’ 
portfolios has entered on an ongoing improvement 
path, although some specific risk indicators are still 
monitored by the European Banking Authority’s risk 
dashboard. The Romanian central bank is actively 
monitoring the evolution of NPLs and the lending 
activity of banks, both by relying on a broad range of 
indicators and by performing sophisticated analyses, 
such as stress tests, early warning tools, and forecasts. 
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