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Abstract 

This paper is motivated by the fact that traditional forecasting criteria are often challenged during periods 

of events such as economic crises, great recessions, institutional changes, wars, great natural disasters and 

other extreme events which influence the structure of the economy in major ways. Hence we consider 

alternative forecasting (or scoring) criteria which consider the probabilistic forecast approach and/or are 

weighted by the extreme observations. The probabilistic forecast approach of formulating forecasts in the 

form of probability distributions over the future state of an economic indicator takes into account forecast 

uncertainty and it is particularly useful in evaluating the forecasting performance beyond its mean 

forecasts. Similarly, the alternative approach is to consider restricted forecasting criteria which weight the 

sample of historical extreme observations. Using these scoring criteria, we evaluate the predictive ability 

of the benchmark time series models, such as the Random Walk (RW) and Autoregressive (AR) models, 

for forecasting the key economic activity variable, the total real GDP and its components for the period 

1995-2016. Our results suggest that the restricted prediction criteria favor models with longer memory 

compared to the corresponding unrestricted criteria. This evidence applies to the total GDP growth rate for 

the sample 1995-2016 and the subsample before the recent major economic crisis of 2013. This evidence also 

holds for all components of GDP and is also robust to different quantiles of extremes. Our empirical results 

suggest that in periods of economic turmoil or crises, the restricted forecasting criteria can be used to 

provide more accurate forecasts. These findings are useful for economic policy makers, especially in recent 

periods of global and local economic crises. 

Keywords: GDP forecasts; Components of GDP forecasts; Extreme events; Continuous ranked probability 

score. 
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1. Introduction 

Typically, the public debate about forecasts often focuses on the predictive performance in the 
wake of extreme events, and especially when forecasters have failed to forecast events with 
economic and social impact. However, accurate forecasts of extreme events do not necessarily 
reflect the ability of the forecaster. Extreme events like great recessions, financial crises, natural 
disasters, technical breakdowns, wars, great disasters pose great challenges to economists and 
forecasters because these events, which may be sometimes exogenous, influence the structure of 
economy in major ways. Recently, Cyprus has experienced three such events. The introduction 
of euro in 2008, the global economic crisis which started in the US in the summer of 2007 but hit 
Cyprus with a delay of about 2-3 years combined with the Cyprus government economic policy, 
the destruction of the island’s largest power station in July 2011, and finally the island’s economic 
collapse, following the banking crisis event in 2013. 

In this paper, we take a probabilistic forecast approach by formulating forecasts in the form of 
probability distributions over future states of the Cyprus economy. Not only do these forecasts 
take into account forecast uncertainty in a natural way, but they also allow for optimal decision 
making. The objective of probabilistic forecasting is to minimize a proper scoring rule, which 
represents a loss function that allows the forecaster to assess the compatibility of forecasts and 
data1. 31 A scoring rule is a function that assigns a numerical score based on a predictive 
distribution. In fact, density forecasts have become increasingly popular in many areas of 
economics. For example, in macroeconomics Lerch et al. (2017), Gneiting and Ranjan (2011), 
Galbraith and Norden (2012) and Groen et al. (2013) studied density forecasts of inflation and 
GDP growth rate. In risk management, probabilistic forecasts of portfolio values for extreme 
events is a rapidly growing area.  Moreover, predictive distributions provide useful information 
for decision making, for example to central banks (e.g. Clark (2011)). 

However, if the forecasting ability of models is only evaluated in the case of extreme events, even 
the best forecaster is likely to fail in the public eye. Hence, it becomes a worthwhile strategy for 
the forecaster to base forecasts on misleading inferential procedures since the reputation of the 
forecaster is at stake. This situation is known in the literature as the forecaster's dilemma. Put 
differently, forecast evaluation based on a selected subset of extreme observations is analogous 
to the use of an improper scoring rule and as a result forecasters always opt to predict a calamity.  

To deal with this problem, we follow the literature and employ weighted scoring rules to predict 
one-step ahead real GDP growth in Cyprus, as well as for the main sectors of the economy2.32In 

                                                      
311The goal of probabilistic forecasting is often described as the aim to maximize the sharpness of the predictive 
distribution subject to calibration; see Gneiting et al. (2007). Calibration refers to the compatibility between the forecasts 
and the data. Sharpness refers to the concentration of the forecast.    
322 Various works have proposed proper scoring rules. Corradi and Swason (2006) consider the weighted probability 

score while Amisano and Giacomini (2007) use the weighted logarithmic score. Diks et al. (2011) show that when 
comparing density forecasts focusing on a particular area, such as the left tail in financial risk management applications, 
the weighted logarithmic score is not a suitable scoring rule, and that the weighted probability score is outperformed 
by the other scoring rules such as the conditional and censored likelihood. Gneiting and Ranjan (2011) propose a 
method for comparing density forecasts, which is based on threshold- and quantile-weighted versions of the 
continuous ranked probability score (CRPS). Hindenes (2016) compares weighting schemes using scores that assess 
the full distribution as well as those that focus on the upper tail or a single quantile only. Opschoor et al. (2017) 
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particular, we evaluate forecasts based on popular forecasting benchmark time series models 
given by the AR(1) –AR(4) and RW models, using the Continuous Ranked Probability Score 
(CRPS), which is based on the predictive Cumulative Distribution Function (CDF) (Gneiting and 
Raftery, 2007; Wilks, 2011). We compare the CRPS with the traditional scores such as the Mean 
Squared Error (MSE) and the Mean Absolute Error (MAE).  For example, Faust and Wright (2007) 
and Ravazzolo and Rothman (2016) discuss the MSE while Lerch and Baran (2017) investigate the 
MAE.  Moreover, we compute these scores using the full sample as well as a restricted sample, 
which involves the extreme events. 

2. Methodology 

Our methodology evaluates the predictive ability of simple AR and RW forecasting models, often 
considered as benchmark time series models for forecasting key macroeconomic indicators such 
as economic activity. The predictive ability is evaluated using a number of scoring rules. We 
employ the MSE, MAE, and CRPS as three alternative scoring rules, using all the available 
observations (unrestricted sample) or a subset of extreme observations (restricted sample), given 
below: 

𝑀𝑆𝐸 = 𝐸(𝑥 − 𝑦)2 (1) 

𝑀𝐴𝐸 = 𝐸(|𝑥 − 𝑦|) (2) 

𝐶𝑅𝑃𝑆 = ∫ (𝐹(𝑦) − 𝟏{𝑦 ≤ 𝑧})2 𝑑𝑧
∞

−∞

 
(3) 

where 𝑥  is a vector of random draws from the predictive distribution 𝐹  and 𝑦 is the realized 
observation. The difference between the CRPS and the scoring functions of MAE and MSE is that 
the former is based on the forecast distribution including information about its shape and width 
while the latter two are simply based only on a single characteristic of the predictive distribution, 
namely the mean. The corresponding restricted criteria are denoted by rMSE, rMAE, and rCRPS, 
respectively, and are estimated using the same formulae as above, but instead of taking the mean 
of scoring rules based on the full sample, we take the mean based on the forecasts of observations 
which are less than 0.1 and 0.2 quantile of observations.333The choice of the quantile value follows 
the literature (Lerch et al., 2017) for forecasting other macroeconomic indicators. 

Our baseline model is an AR(p) model with a constant variance. The conditional distribution of 
Yt is given by 

 

𝑌𝑡|𝑦<𝑡 , 𝑏0, … , 𝑏𝑝, 𝜎 ~ 𝜨 (𝑏0 +  ∑ 𝑏𝑖𝑦𝑡−𝑖
𝑝
𝑖=1 ,  𝜎2)                                   (4) 

 

                                                      
investigate the added value of combining density forecasts focused on a specific region of support while the main 
objective. 
333Other criteria similar to CRPS are proposed in the literature such as the Logarithmic Score (LogS) (Gneiting and 
Raftery, 2007). The CRPS is preferable to the LogS since it is less sensitive to outliers and more sensitive to predictions 
that are close to the outcome; see Ravazzolo and Rothman (2016) and Krüger et al. (2016). 
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Here, 𝑦<t denotes the vector of the realized values of the variable 𝑌 prior to time t. We estimate 
the model parameters 𝑏0, … , 𝑏𝑝, 𝜎 using a Markov Chain Monte Carlo (MCMC) method under a 

recursive estimation scheme, where the data sample 𝑦<t is expanded as forecasting moves forward 
in time. The predictive distribution is then given by the Gaussian mean-variance mixture:  

 

1

𝑚
∑ 𝜨 (𝑏0,𝑗 +  ∑ 𝑏𝑖,𝑗𝑦𝑡−𝑖

𝑝
𝑖=1 , 𝜎𝑗

2),𝑚
𝑗=1                                             (5) 

 

where m=5000 and 𝑏0,1, … , 𝑏𝑝,1, 𝜎1 and (b0,m,…, bp,m,σm) is a sample from the posterior distribution 

of the model parameters.  

3. Empirical Analysis 

3.1 Data Description and Extreme Events 

We forecast the growth rates of the total real GDP in Cyprus and its sectoral components: (i) 
Financial and Insurance Activities, (ii) Construction, (iii) Manufacturing, (iv) Wholesale and 
Retail Trade, Repair of Motor Vehicles and Motorcycles, Transport, Storage and Communication, 
Accommodation and Food Services, (v) Information and Communication, (vi) Mining and 
quarrying, Electricity, Gas, Steam and Air Conditioning Supply, Water Supply; Sewerage, Waste 
Management and Remediation Activities, and (vii) Professional, Scientific and Technical 
activities, Administrative and Support Service Activities. The data definitions are found in 
Appendix A. All growth rates are computed as the quarterly log difference of total or sectoral real 
GDP at constant prices (seasonally adjusted data) from 1995:Q1 to 2016:Q2 (T=85 observations), 
because we are interested in the short-term fluctuations of GDP growth.  

Figures A1(a) – (h) present the time series of the growth rates of total or sectoral real GDP. The 
Figures can be found in the Appendix A. Figure A1(a) shows a clear structural break in the form 
of a downward shift in the mean of the total GDP growth rate, starting in the late years of the first 
decade of 2000 following the global economic crisis. During this period, we note three major falls. 
The first one, that occurred in 2009, can be attributed to the global economic crisis, which affected 
Cyprus with a lag, the second one, that occurred in the third quarter of 2011, is due to the 
explosion in the island’s largest power station, and the last one, that occurred in the first and 
second quarters of 2013, follows the economic collapse of the island.  

Figure A1(b) shows that the Financial and Insurance Activities component of the GDP growth 
rate, which includes the banking sector, experienced the worst effects of the economic crisis, 
especially after the island’s economic collapse in March 2013, which led to the closure of Laiki 
Bank and the restructuring of Bank of Cyprus. Figures A1(c) and A1(d) show the Construction 
and Manufacturing sectors, respectively.   Both exhibit similar downward spikes as the total GDP 
growth rate due to the global economic crisis and the deterioration of economic environment in 
Cyprus. Interestingly, the Construction sector also experienced very large spikes in the early 2000 
following the collapse of the stock exchange bubble. What is more, while it exhibits a downward 
shift in the mean in the late years of the first decade of 2000 like GDP growth, it also exhibits a 
clear upward shift in the volatility.   
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Figure A1(e) shows the growth rate of the GDP sector that covers Services, Wholesale, Retail, 
Hotels, Accommodation and Food Services and Transport sectors which also struggled and 
exhibited similar behavior as the total GDP. This is a key sector of the economy in Cyprus given 
it includes tourism as well as professional and technical services. In fact, as of 2012 about 82% of 
employment in Cyprus was due to services. As a consequence of the global economic crisis, the 
tourism industry underwent a restructuring as the predominant source of tourists, which was the 
UK market, was gradually replaced by the Russian and other European markets.   

Information and Communication (Figure A1(f)) and Professional and Scientific services (Figure 
A1(g)) sectoral activity growth rate both exhibited a shift in the mean like the one that occurred 
in the total GDP growth rate. This shift appears clearer in the case of Information and 
Communication because Professional and Scientific services also exhibited a clear shift in the 
volatility. Finally, the effect of the economic crisis is also evident in Figure A1(h), which presents 
Mining and others. 

3.2 Scoring rules 

We present results on CRPS, MAE and MSE over the evaluation period, from 1995Q1 to 2016Q2, 
for the total (unrestricted) sample and the restricted subsample of extreme observations4.34We 
start by presenting the results for the total GDP growth and then the corresponding results for 
the GDP components related to: Financial and Insurance, Manufacturing, Construction. The 
results for the other sectors are presented in the Appendix B. Finally, we present the actual 
forecasts using the benchmark time series AR and RW models for the total GDP growth rate.  

Table 1a shows the scoring rules for total GDP growth for the full sample. The restricted scoring 
rules are estimated using the forecasts that correspond to the observations which are less than the 
0.1 and 0.2 quantile. Lerch et al. (2017) uses the 0.1 quantile to employ such scoring rules for 
analyzing the forecasts of GDP growth rate and inflation in United States. We show the lowest 
value for each score in bold. The results suggest that all unrestricted criteria choose the AR(1) 
model while the restricted CRPS and MSE criteria favor models with higher lag structure.  

Table 1b reevaluates these criteria for the same models but for the subsample before the recent 
2013 financial crisis. The rational for this is to examine whether the results for the period before 
major economic crisis also suggest that the restricted criteria opt for models with longer lags, 
albeit the smaller sample of extreme events (which is now reduced by 50% for both q=0.1 and 
0.2). The results in Table 1b show that the unrestricted criteria are minimized for the RW for the 
total GDP growth whereas the restricted CRPS and MSE are minimized for AR(2) and AR(3) 
models. Hence, the overall evidence from Tables 1a and 1b suggests that the restricted forecasting 
criteria tend to favor time series models with longer memory compared to the unrestricted 
criteria. 

                                                      
434For each quarter, t, in the evaluation period, we use the real-time data vintage, t, to estimate the forecasting models 
and construct one-step ahead forecasts. The data vintage, t, includes information up to time t-1. As the GDP data are 
continually revised, it is not clear which revision should be adopted as the realized observation and hence, we use the 
second available observation as the actual data.  
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Tables 2-4 present the results for some of the GDP components. For the Financial and Insurance 
GDP component in Table 2, the unrestricted CRPS and MAE criteria choose the AR(1) while the 
restricted choose the AR(2) with one exception. In the case of 0.2 quantile rMAE is minimized for 
the AR(1). Similarly, for the Construction sector in Table 3, the unrestricted criteria pick the RW 
model and restricted ones choose the AR(3). For the Manufacturing sector in Table 4, the 
unrestricted and restricted criteria choose the AR(1) and AR(2), respectively. Interestingly, this 
sector exhibits similar behavior with the Construction sector. 

The results of the remaining components of the real GDP growth rate are found in Appendix B, 
Tables B.1-B.4, for the Wholesale and Retail sector, the Professional sector, the Mining sector and 
the Information sector. The empirical results for these sectors show similar qualitative results to 
those mentioned above. Namely the unrestricted criteria for the full sample up to 2016Q2 favor 
the RW and AR(1) models whereas the restricted criteria often chose AR models with relatively 
longer lags. 

Summarizing, the empirical analysis for forecasting quarterly total real GDP growth in Cyprus 
over the period 1996-2016 provide the following three results: First, although the traditional MSE 
and MAE criteria focus on minimizing the mean square and absolute forecast error, our empirical 
results show that for this realization they seem to provide very similar results to the more general 
CRSP criterion which evaluates the empirical distribution (and not just the mean) of the forecasts. 
This is consistent with Lerch et al. (2017) simulation results, where these criteria behave the same.  
The second finding is that restricted criteria tend to favor AR(p) models with longer memory 
(p=2,3) while unrestricted models choose models with shorter memory such as AR(1) or even the 
RW for the period 1995-2016. This finding is robust to the choice of quantile values. One 
explanation for this result is that sample realization of extreme events (and/or structural changes) 
induce a memory in the process and models with longer autoregressive lag lengths are preferred 
based on these forecasting criteria. This is also consistent with the findings that structural breaks 
may cause persistence and memory in a time series (e.g. Diebold and Inoue, 2000). Finally we 
find that reevaluating these criteria for the same models but for the subsample before the recent 
2013 financial crisis our aforementioned two findings are robust. Hence, our findings are not 
driven by the recent major economic crisis in Cyprus. The above three findings are useful 
information for forecasters and policy makers in terms of using such restricted forecasting criteria 
in the presence of economic turmoil and extreme events. 

TABLE 1a 

Average scoring rules for the total GDP growth rate in Cyprus 1995:Q1-2016:Q2 
 

Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 0.5605 0.5481 0.5796 0.5860 0.5670 0.5605 0.5481 0.5796 0.5860 0.5670 

MAE 1.0345 1.0217 1.0524 1.0505 1.0649 1.0345 1.0217 1.0524 1.0505 1.0649 

MSE 1.7386 1.6952 1.8370 1.8419 1.9152 1.7386 1.6952 1.8370 1.8419 1.9152 

rCRPS 0.8663 0.7290 0.7155 0.7699 0.7429 1.0506 0.8417 0.7823 0.7918 0.7834 

rMAE 1.3657 1.2273 1.2713 1.2420 1.2557 1.5558 1.3340 1.2681 1.2607 1.2702 

rMSE 2.8392 2.3484 4.7419 2.2390 2.3348 3.4022 2.6121 2.3337 2.2766 2.3098 
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TABLE 1b 

 Average scoring rules for the total GDP growth rate in Cyprus for the subsample 1995:Q1-2012:Q4 
 

Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 0.5267 0.5534 0.5931 0.5859 0.5757 0.5267 0.5534 0.5931 0.5859 0.5757 

MAE 0.9793 1.0200 1.0637 1.0541 1.0666 0.9793 1.0200 1.0637 1.0541 1.0666 

MSE 1.5519 1.6855 1.8832 1.8746 1.9476 1.5519 1.6855 1.8832 1.8746 1.9476 

rCRPS 0.7673 0.7526 0.7345 0.7506 0.7442 1.0095 1.0404 1.0226 0.9171 0.9498 

rMAE 1.2185 1.2492 1.2940 1.2306 1.2466 1.4547 1.5183 1.4836 1.3818 1.4032 

rMSE 2.2556 2.3357 5.0890 2.1514 2.2779 2.9715 3.1108 2.9403 2.6014 2.6824 

 

 

TABLE 2 

Average scoring rules for the Financial and Insurance GDP growth rate 1995:Q1-2016:Q2 
 

Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 1.3216 1.2593 1.2950 1.3202 1.3394 1.3216 1.2593 1.2950 1.3202 1.3394 

MAE 2.2981 1.7489 1.7755 1.8141 1.8326 2.2981 1.7489 1.7755 1.8141 1.8326 

MSE 8.2163 5.2276 5.5370 5.7977 5.8859 8.2163 5.2276 5.5370 5.7977 5.8859 

rCRPS 2.1162 1.8340 1.8055 1.8553 1.8989 2.2011 1.8783 1.8631 1.9324 1.9932 

rMAE 3.1813 2.3920 2.3532 2.4040 2.4283 3.3096 2.4705 2.4416 2.5121 2.5404 

rMSE 14.4833 9.1464 9.1804 9.5243 10.3193 15.3932 10.7498 10.5422 11.0583 12.1233 

 

TABLE 3 

 Average scoring rules for the Construction GDP growth rate 1995:Q1-2016:Q2 
 

Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 2.7038 3.3638 3.3095 3.4504 3.5763 2.7038 3.3638 3.3095 3.4504 3.5763 

MAE 4.8245 5.4543 5.4724 5.6972 5.9391 4.8245 5.4543 5.4724 5.6972 5.9391 

MSE 43.5501 58.1432 58.3581 64.1107 71.0519 43.5501 58.1432 58.3581 64.1107 71.0519 

rCRPS 3.7603 4.2627 3.7329 3.6055 3.9285 4.3565 4.8277 4.0525 3.7083 4.6029 

rMAE 6.2581 6.7393 6.2391 6.0757 6.6613 6.7573 7.2269 6.4714 6.0232 7.3738 

rMSE 61.5527 69.7235 60.3969 56.6796 80.1385 72.2163 80.1774 66.3279 57.9230 105.4620 
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TABLE 4 

 Average scoring rules for the Manufacturing GDP growth rate 1995:Q1-2016:Q2 

  Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 0.8211 0.7937 0.7999 0.8119 0.8526 0.8211 0.7937 0.7999 0.8119 0.8526 

MAE 1.4831 1.4676 1.4877 1.5334 1.5561 1.4831 1.4676 1.4877 1.5334 1.5561 

MSE 3.6282 3.5398 3.6325 3.8066 3.8675 3.6282 3.5398 3.6325 3.8066 3.8675 

rCRPS 1.2626 1.1428 1.0733 1.0815 1.1368 1.5491 1.3315 1.2308 1.2392 1.2907 

rMAE 1.9397 1.8182 1.7747 1.7889 1.8459 2.2593 2.0357 1.9600 1.9673 2.0295 

rMSE 6.1084 5.4588 5.1792 5.2495 5.5126 7.7534 6.4736 5.8772 5.8782 6.3197 

3.3 Forecasts of benchmark models for GDP growth rate 

In this subsection we present the one-step ahead forecasts of the total GDP growth rate using the 
total sample for the four models: RW, AR(1), AR(2), and AR(3). Figure 1 presents the mean of the 
predictive distribution along with 50% and 90% prediction intervals along with the realized total 
real GDP growth rates, focusing in the recent turmoil period after 2011Q2. Comparing the graphs, 
we observe that higher order AR models, with lags 2 or 3, provide better forecasts than AR(1) and 
RW over the forecasting period marked by the 2013 economic crisis. Recall that AR(1) model is 
chosen by the unrestricted forecasting criteria while the AR(2) model is chosen by rCRPS and 
AR(3) is chosen by rMAE and rMSE. These forecasts seem to suggest that restricted criteria choose 
models that yield more accurate predictions in the wake of extreme observations.  

4 Conclusions  

Comparing CRPS criterion with the other two widely used criteria, MSE and MAE, we conclude 
that they behave the same, despite the fact that the former evaluates the empirical distribution of 
the forecasts and not just the mean, as the latter two for the quarterly total real GDP and its 
components. In addition, the empirical results of this paper show that the restricted version of 
new (CRPS) and traditional (MSE and MAE) prediction (or scoring) criteria are minimized for 
different benchmark AR and RW type forecasting models. More specifically, the restricted 
criteria, which are based on extreme events, seem to prefer models with longer memory, instead 
of models with short memory, which are chosen by the unrestricted (total sample) criteria for 
forecasting the real GDP and its components. Moreover, comparing the models, chosen by the 
criteria, we obtain better forecasts with AR(2) and AR(3) models than AR(1) and RW for the total 
real GDP growth rate in Cyprus. These results hold even when we focus on the subsample before 
2013, which indicates that our findings are not dependent on the recent financial crisis. 
Concluding, we find that the choice of restricted criteria, instead of unrestricted ones, leads to 
better predictive performance in the wake of extreme observations and based on the empirical 
analysis, it appears to lessen the chance of failed GDP growth rate forecasts. Moreover, our results 
suggest that if policy makers face periods with economic turmoil associated with extreme events, 
then the restricted forecasting criteria provide additional information and can be used along with 
traditional, unrestricted criteria in choosing forecasting models as well as combining forecasting 
models and predictions. 
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FIGURE 1 

One quarter ahead forecasts of total real GDP growth in Cyprus generated by RW, AR(1) - AR(3) 
models. The mean of the predictive distribution is shown in the black line, and the central 50% and 90% 

prediction intervals are shown in the blue and green line, respectively. The red line shows the 
corresponding GDP observations 
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Appendix A: Data Appendix and Figures 

Gross Domestic Product (GDP): It is an essential measure of National Accounts, which summarizes the 

value of gross output of the country produced during a calendar year, minus intermediate consumption 

i.e. the value of raw materials, fuels and services rendered by others used in the production process. It 

represents value added generated by the sectors producing goods and services within the country.  The 

GDP sectors are the sub-groups of NACE A10.  

K - Financial and insurance activities GDP sector includes financial service activities, including insurance, 

reinsurance and pension funding activities and activities to support financial services. 

F - Construction GDP sector includes general construction and specialized construction activities for 

buildings and civil engineering works. 

C - Manufacturing GDP sector includes the physical or chemical transformation of materials, substances, 

or components into new products. 

J - Information and communication GDP sector includes the production and distribution of information 

and cultural products. 

M_N - Professional, scientific and technical activities, Administrative and support service activities GDP 

sectors include specialized professional, scientific and technical activities and a variety of activities that 

support general business operations. 

B_E - Mining and quarrying, Electricity, gas, steam and air conditioning supply, Water supply; sewerage, 

waste management and remediation activities GDP sectors (excluding C)  include the extraction of 

minerals, the activity of providing electric power, natural gas, steam and hot water, the provision of steam 

and air-conditioning supply, and finally activities related to the management of various forms of waste. 

G_I- Wholesale and retail trade; repair of motor vehicles and motorcycles, Transport, storage and 

communication, Accommodation and food service activities GDP sectors include wholesale and retail sale, 

the repair of motor vehicles and motorcycles, the provision of passenger or freight transport the renting of 

transport equipment, the provision of short-stay accommodation for visitors and other travelers and the 

provision of complete meals and drinks fit for immediate consumption. 
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FIGURE A1 

Time series plots of the growth rate of total real GDP in Cyprus and its components 1995:Q1-2016:Q2. 
Solid circles represent the extreme events defined as the 0.2 quantile. 

 

A1(a)                                                                                          A1(b) 

 

 

A1(c)                                                                                           A1(d) 
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A1(e)                                                                                           A1(f) 

 

 

A1(g)                                                                                           A1(h) 

 

 

 



 

 

71 

 

Appendix B: Supplemental results for the real GDP forecasts of the other economic sectors 

TABLE B.1 

Average scoring rules for the Wholesale and Retail GDP growth rate 1995:Q1-2016:Q2 

  Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 0.8772 0.8733 0.9214 0.9175 0.8791 0.8772 0.8733 0.9214 0.9175 0.8791 
MAE 1.8626 1.8985 1.9628 1.9023 1.9272 1.8626 1.8985 1.9628 1.9023 1.9272 
MSE 5.5206 5.9064 6.4116 5.8705 6.0562 5.5206 5.9064 6.4116 5.8705 6.0562 

rCRPS 0.9812 0.9291 0.8792 0.8182 0.8499 1.0298 0.9793 0.9784 0.9980 1.0076 
rMAE 1.9100 1.8773 1.8256 1.7538 1.7845 1.9513 1.9275 1.9317 1.9340 1.9483 
rMSE 5.4584 5.3203 5.0592 4.6878 4.8155 5.7278 5.5963 5.6250 5.6739 5.7508 

 

TABLE B.2 

Average scoring rules for the Professional GDP growth rate 1995:Q1-2016:Q2 

  Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 0.8996 0.9172 0.9489 0.9881 1.0138 0.8996 0.9172 0.9489 0.9881 1.0138 
MAE 1.6575 1.6846 1.7392 1.8072 1.8583 1.6575 1.6846 1.7392 1.8072 1.8583 
MSE 4.4700 4.5820 4.8644 5.2736 5.5587 4.4700 4.5820 4.8644 5.2736 5.5587 

rCRPS 1.3064 1.2855 1.3474 1.3729 1.4009 1.3428 1.2611 1.3402 1.3367 1.3078 
rMAE 2.0774 2.0720 2.1451 2.2139 2.2477 2.1560 2.0724 2.1502 2.1672 2.1595 
rMSE 6.7136 6.5765 7.0678 7.5239 7.6473 7.5570 6.8666 7.2575 7.3456 7.3255 

 

TABLE B.3 

Average scoring rules for the Mining GDP growth rate 1995:Q1-2016:Q2 

  Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 0.7022 0.6563 0.6612 0.6988 0.7291 0.7022 0.6563 0.6612 0.6988 0.7291 

MAE 1.2985 1.2645 1.2834 1.3368 1.3829 1.2985 1.2645 1.2834 1.3368 1.3829 

MSE 2.8080 2.6301 2.6973 2.8794 3.0939 2.8080 2.6301 2.6973 2.8794 3.0939 

rCRPS 1.0115 0.9213 0.8752 0.9213 0.9248 1.2347 1.0778 0.9974 1.0253 1.0504 

rMAE 1.6300 1.5275 1.5025 1.5549 1.5861 1.8719 1.7027 1.6443 1.6811 1.7216 

rMSE 4.2117 3.6221 3.4770 3.6968 3.8776 5.3568 4.3673 4.0334 4.2106 4.4702 

 

TABLE B.4 

Average scoring rules for the Information GDP growth rate 1995:Q1-2016:Q2 

  Quantile = 0.2  Quantile = 0.1 

  RW AR1 AR2 AR3 AR4 RW AR1 AR2 AR3 AR4 

CRPS 1.7544 1.7453 1.8296 1.8655 1.9219 1.7544 1.7453 1.8296 1.8655 1.9219 

MAE 3.3275 3.3395 3.4318 3.4753 3.5244 3.3275 3.3395 3.4318 3.4753 3.5244 

MSE 17.6377 17.8379 18.8191 19.1463 19.5805 17.6377 17.8379 18.8191 19.1463 19.5805 

rCRPS 1.7961 1.7266 1.4949 1.5073 1.4732 2.1254 2.2711 1.8566 1.8293 1.7950 

rMAE 3.4856 3.4070 3.0918 3.1287 3.0592 3.8391 3.9516 3.4514 3.4465 3.3864 

rMSE 18.6032 18.2105 15.0412 15.2568 14.5662 22.197 23.6135 18.467 18.2385 17.5519 
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