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Abstract		

 
The bachelor thesis deals with the evaluation of the predictive ability and measurement 

of the forecasting performance that economic indicators display with respect to the 

upcoming development of the business cycle. It provides overview of the business cycle 

and of the most commonly used leading indicators. Additionally, measurement methods 

of the forecasting performance are reviewed. The core of the thesis is the assessment of 

the forecasting performance of the Czech and German economic indicators intra- and 

inter-countries. In the first stage of the analysis, the predictive ability of indicators is 

evaluated according to the Pearson correlation coefficient and the Granger causality. 

Subsequently, small set of indicators is selected, and through ARIMA and ARIMAX 

models is their forecasting performance further analysed. The results of the analysis 

show that the quantitative indicators from the categories such as production, turnover, 

trade and finance, and qualitative indicators aimed at business climate, economic 

expectations and different economic sectors display considerable rate of predictive 

ability for both countries. Moreover, the OECD's CLI and Stock Market Indexes exhibit 

greater relative importance in the case of the Czech Republic than in that of Germany, 

whereas, for the Overall Business Indexes and OECD's manufacturing CI opposite 

seems to be true. 
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Abstrakt	

 
Práce se zabývá hodnocením predikčních schopností ekonomických ukazatelů a 

měřením jejich prognostické výkonnosti s ohledem na následující vývoj hospodářského 

cyklu. Poskytuje přehled hospodářského cyklu, jakož i nejčastěji používaných 

předstihových indikátorů. Dále jsou přezkoumány metody měření prognostického 

výkonu. Jádrem práce je zhodnocení prognostického výkonu českých a německých 

ekonomických ukazatelů v rámci zemí i napříč zeměmi. V první fázi analýzy je 

hodnocena prediktivní schopnost ukazatelů podle Pearsonova korelačního koeficientu a 

Grangerovy kauzality. Následně je vybrán malý soubor ukazatelů a skrze ARIMA a 

ARIMAX modely je jejich prognostická výkonnost dále analyzována. Výsledky 

analýzy ukazují, že kvantitativní ukazatele z kategorií jako jsou výroba, obrat, obchod a 

finance a kvalitativní ukazatele zaměřené na podnikatelské klima, ekonomická 

očekávání a různá hospodářská odvětví vykazují značnou míru predikční schopnosti pro 

obě země. Navíc, OECD CLI a Burzovní indexy vykazují větší relativní význam v 

případě České republiky než-li Německa, zatímco pro kvalitativní ukazatele, celkové 

obchodní indexy a Indikátor důvěry ve výrobě zveřejňovaný OECD se opak zdá býti 

pravdou. 

 

Klíčová	slova	
vedoucí ekonomické ukazatele, kvalitativní ukazatele, kvantitativní ukazatele 

výkonnosti, předpovídání, kauzalita, predikce, ARIMA, ARIMAX 
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Description:	

Leading economic indicators are used worldwide to assist in the difficult task of 

predicting future financial and economy trends and turning points in economy. There 

are at least two types of economic activity indicators that are  "forward-looking". First, 

there are "real-time" business cycle indicators and second, there are "soft" indicators of 

economic expectations that rely on surveying firms or economic analysts regarding their 

confidence of the economy conducted e.g. by OECD, European Commission and by 

IFO and ZEW institutes. 

 

The purpose of this study is to evaluate accuracy of the leading indicators for countries 

in the Central Europe and compare it with the accuracy of other forecast methods such 

as so called naïve forecast approach, that is the most cost-effective forecasting model 

and which construction is solely based on historical data, and official forecast 

estimations presented e.g. by the Central Bank or the Ministry of Finance of the 

particular country. Historical data will be used to analyze the difference between actual 

and predicted values for economic variables. The study will attempt to draw conclusion 

on usefulness of these indicators and will comment on differences in precisions of these 

indicators among small set of countries of Central Europe.   

	

Hypotheses:	

• Naive forecasting is the least precise kind of forecasting method and fails to predict 

upcoming turning points. 

• Soft economic indicators are effective tools for forecasting and bring substantial 

information about future trends in the economy.  

• Real-time business cycle indicators are effective tools for forecasting and bring 

substantial information about future trends in the economy.  
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INTRODUCTION 
 

In the realm of the economy and business, efforts to predict future development of the 

economic activity and business cycles are heavily dependent on the quality of the input 

information that has to exhibit consistent and considerable lead-time as well as on the 

ability to reliably interpret the input data. 

 

For these endeavours, analyst look at whole range of different economic indicators that 

are empirically proved to display coherent ability to outline the future development of 

the economic activity and turning points of the business cycle. 

 

There are two main types of leading economic indicators. First, there are "real-time" 

business cycle indicators that are based on quantitative or hard data, stemming from the 

measurements of macroeconomic variables, and second, there are "soft" indicators of 

economic activity that rely on qualitative or easy data obtained through surveying firms, 

economic analysts or consumers regarding their confidence of the economy and 

expectations about its short- and mid-term development. 

 

Many well-recognized institutions such as OECD, the Conference Board and 

EUROSTAT, are engaged in processing the values of the selected leading indicators 

and creating the composite leading indicators that are expected to better estimate future 

development of the business activity and the business cycle.  

 

The end-users that utilize either single economic indicators or composite economic 

indicators are usually economic and financial analysts, politicians, the press and other 

media, senior personnel in banks and financial institutions and senior executives. 

(Nilsson, 2001) 

 

The set of dynamics that sparks business cycles and that drives their development might 

vary significantly from one business cycle to the other. Furthermore, economy of each 

country is built on pillars of different nature and characteristic, making every economy 

unique. Therefore, particular indicator might prove utterly useful in predicting the 
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development of one business cycle, while being totally inadequate in predicting the 

following one. (Nilsson, 2001) 

 

First pioneers in the realm of the business cycle analysis through economic indicators 

were Burns and Mitchell (1946) who finalized the re-defining process of the key 

terminology, tools, methods and techniques used to analyse cyclical pattern of the 

economic activity, and subsequently to interpret them. Geoffrey H. Moore, former 

director of the research at the NBER and later founder of the Economic Cycle Research 

Institute, further advanced the original work of Mitchell and Burns and analysed 

business cycles via the composite indexes.  (Moore & Lahiri, 1991)  

 

Currently, many national as well as international institutions utilize leading indicators in 

predicting future development in the economic activity of given nation. Few of them 

are: OECD that evaluates leading economic indicators for a number of countries, the 

ZEW and the Ifo institute that primarily seek to predict German economic activity, the 

Conference Board that primarily seeks to predict economic activity of the USA and 

Czech Statistical Office that publishes results of the qualitative leading economic 

indicators and interprets them within the realm of the Czech economic activity. 

 

This thesis undertakes the effort to identify the leading economic indicators that display 

the highest rate of predictive ability towards the future development of the Czech as 

well as German economic activity. Moreover, once the best performing indicators are 

pinpointed, they'll be compared across these two countries and comments will be made 

upon their relative usefulness. 

 

Next section outlines the theory behind the business cycle, presents the most commonly 

used leading economic indicators and reviews the methods employed in assessing the 

predictive ability and evaluating the forecasting performance. In section 2, the 

methodology of the procedure, on which basis the two-stage analysis was conducted, is 

described.  

 

In the first stage of the analysis, the Pearson correlation coefficients are calculated and 

the Granger causality is investigated between the lagged values of the economic 

indicators and the reference series that acts as a proxy for the economic activity. The 
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second stage of the analysis consists of generating ARIMA and ARIMAX models for 

selected indicators, calculating one-step ahead "out-of-sample" forecasts and measuring 

the forecasting performance. 

 

In section 3.1 the results of the first stage of the analysis are reported. In sections 3.2 - 

3.4 the results and additional comments on the step-by-step procedure of the second 

stage of the analysis are presented. Finally, in section 3.5, the comparison of the 

usefulness of the indicators across countries is made. 
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1. Theoretical Background 
 

The economic indicator is a quantitative or a qualitative measure derived from a series 

of observed facts that can reveal relative positions (e.g., of a country) in a given area. 

Furthermore, economic indicator has the capacity to point out the direction of a change 

across different units and throughout time.  (Nardo et al., 2005)  

 

The difference between the qualitative and quantitative measure or data is that the 

qualitative data are collected via surveys, in which respondents are asked to assign 

qualities rather than quantities to the variable of interest, whereas the quantitative data 

are information regarding macroeconomic variables and are expressed in a numerical 

form. (OECD, 2003) 

 

1.1 Business Cycle & Cyclical Indicators 
 

1.1.1 Business Cycle Indicators 
 

Currently, economic indicators are used worldwide by large variety of world institutions 

ranging from governmental entities, using them to define their macro and micro 

economic policies, rating agencies, establishing on indicator's basis overall state of the 

business environment to individual investors attempting to pinpoint potential 

investment opportunities. 

 

Business Economic Indicators are divided into three major categories.  

• Coincident 

• Lagging 

• Leading 

 

The coincident economic indicators track the business cycle in the real-time and 

therefore, outline the current state of the economy. To this category belong economic 

measures from the category of employment, production, personal income and 

manufacturing.  
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The lagging economic indicators are the indicators that follow the business cycle and 

react to the changes in the economy with a certain time lag; therefore, they provide a 

good confirmation of the trend inside the business cycle, enabling to differentiate 

between the turning points, from only the idiosyncratic movements. Even though these 

indicators are usually overlooked, they are of great importance. After the recession in 

the economy occurs, policy makers are able to take precautions, aimed at the factors of 

economy that are yet to be hit in order to alleviate the eventual downturn (OECD, 2012) 

Some of the commonly used lagging indicators are inventory-sales ratio, average prime 

rate charged by banks or change in unit labour cost etc. (The Conference Board, 2001) 

 

The third category, by many considered the most important one, composes of leading 

economic indicators. Changes in the development of time series of the leading 

economic indicators occur before similar movement is observed in time series of the 

reference series. Therefore, they aid in the endeavours to predict the future trends in the 

economic activity. The leading economic indicators that are most commonly used are 

new orders, weekly average worked hours, housing permits, retail sales etc. (The 

Conference Board, 2001) 

 

The reference series is used as a proxy variable for the development of the economic 

activity. Macroeconomic variables such as quarterly GDP data or monthly Index of 

Industrial Production are most commonly used for this purpose. Recently, OECD 

managed to transform GDP data into the monthly form, while retaining high level of 

statistical significance, and uses it as the reference series for their computations. The 

third option is to compose an index of coincident indicators, tailored to capture the 

unique nature and features of the given economy. (Nilsson, 2001) 

 

To make the categorization of the economic indicators more quantitative, OECD 

differentiates the economic indicators on the basis of their lead or lag time with respect 

to the reference series. The coincident indicators have the median lead/lag time +/- 2 

months. Lagging indicators exhibit median lag of 2 months or less and leading 

indicators are divided into two categories, shorter/medium and longer, whereas the lead 

time from 2 to 8 months and more than 8 months, respectively, has been established. 

(OECD, 2012) 
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On the basis of the individual indicators, composite indicators are formed. The 

composite indicators are created by pooling individual indicators of the same nature into 

a single index. The main purpose of the composite indicators is to measure changes 

occurring in the economy by encompassing various factors such as technology, 

financial markets, industrialisation, knowledge-based society; factors that can't by 

captured by single economic indicator. (Nardo et al., 2005) 

 

Moreover, the main reason why a composite indicator is supposed to be more precise is 

due to inherent structure of the business cycles. The main engine that powers the 

development of the cycles differs for each of them. Therefore, the predictive ability of 

every individual indicator fluctuates, and so, to maximize the probability of correctly 

assessing and forecasting future economic development, it is necessary to include all 

key indicators into one bundle. The composition of the composite indicator might be 

based only on qualitative or quantitative data, or on combination of those two. (Nilsson, 

2001)  

 

One of the first breakthroughs into the analysis of business cycle via economic 

indicators was accomplished in 1937 by Wesley H. Mitchell and Arthur F. Burns who, 

in the 1930s, compiled the list of leading, lagging and coincident indicators on behalf of 

the National Bureau Research Programme. (Moore & Lahiri, 1991) 

 

Mitchell and Burns followed upon their work and in 1946 published the book, 

Measuring Business Cycle, in which, on the basis of accumulated statistical discoveries, 

finalized re-defining process of the key terminology, tools, methods and techniques 

used to analyse cyclical pattern of economic activity and subsequently to interpret them. 

(Burns & Mitchell 1946)  

 

1.1.2 Defining Business Cycle 
 

Business Cycle is defined as a recurrent fluctuation of output around the trend.  These 

fluctuations are generally irregularly spread out and of varying amplitude and duration. 

This is the main reason why Prescott (1986) finds this name unfortunate and prefers 

term Business Cycle phenomenon, which he defines as: "... nothing more that a certain 

set of statistical properties of a certain set of important aggregate series." (Prescott, 
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1986 p.13)  

 

Prescott further elaborates on the trend: "Fluctuations are by definition from some 

slowly varying path and since this slowly varying path increases monotonically over 

time, the common practice of labeling it trend emerged." Therefore, the trend is not a 

measure or an estimate but rather: "defined by the computational process used to fit the 

smooth curve through data." (Prescott, 1986, p.13) 

 

In figure 1 dark grey line represents the values of the GDP time series of the Czech 

Republic and light grey line represents the trend component of the time series. The 

difference between the original time series and trend components is what is generally 

understood as business cycle. 

 

Figure 1: Business Cycle of the Czech Republic from 2005 - 2015 

 
1.1.2.1 Cyclical and growth Cycle 
 

There are two main types of business cycle: cyclical and growth one. 

 

The Cyclical cycle is defined as recurring expansions and contractions in the absolute 

level of aggregate economic activity or, as Pagan (1997) described it: "a presence of 

hills and valleys in a plot of the levels of the series." The Cyclical cycle has four main 
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components and it is the cycle that economists during the 20th century were 

scrutinizing. 

 

On the other hand, the growth cycle is defined as the fluctuations in the rate of growth 

of aggregate economic activity with periods when the growth is above the long-term 

trend alternating with the periods when it is below the long-term trend, but not 

necessarily negative. (Boehm, 1990) 

 

Even though during 20th century the growth cycle has gained on popularity, the 

classical cycle is far more utilized to demonstrate the theory of the business cycle, and 

therefore, next section elaborates on different components of the business cycle in terms 

of classical cycle. 

 

1.1.2.2 Decomposition of Business Cycle 
 

The four main components of the business cycle are: 

• Expansion, also dubbed as upswing or prosperity 

• Peak 

• Contraction, also dubbed as recession, downswing or depression 

• Through 

 

Figure 2 depicts the components of the Classical business cycle.  

 

During the expansion phase the output level rises. The unemployment rate decreases 

and there is no involuntary employment. Furthermore, resources are fully employed and 

production capacity rises to its highest possible level with respect to the factors of 

production. The amount of investment rises as well as prices.  

 

The peak of business cycle is reached right before a shock manifests and hits the 

economy. The turning point takes place.  The empirical evidence suggests that the key 

economic variables move together. Therefore, after the shock occurs, employment, 

income, output and sales start to decline simultaneously, creating chain reaction and 

affecting every sector of the economy. (Pagan, 1997) 
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                                  Figure 2: Decomposition of the Business Cycle1 

 

The contraction or recession of the economy is defined by falling output, rising 

unemployment rate, widespread occurrence of involuntary unemployment. Furthermore, 

income and purchasing of goods and services by consumers falls, whereas durable 

goods are affected more severely than non-durable goods. Additionally, prices fall as a 

result of the decline in aggregate demand.2 

 

The through or the lowest level of the contraction might be present for unspecific period 

of time. The main impulses pushing the economy from the through are:2  

• expanding of the credit by banks 

• introduction of new technology 

• stimulation of investment 

 

1.1.3 Decomposition of time series and extraction of the cyclical 
component 
 

Time series of every variable consists of four components: seasonal, growth, cyclical 

and random:  

																																																								
1 Source:http://image.slidesharecdn.com/the-business-cycle-1205101419919645-2/95/the-business-   
   cycle-1-728.jpg?cb=1205076220. 

2 Source: http://www.yourarticlelibrary.com/macro-economics/theories-macro-economics/business-cycles-meaning- 
   phases-features-and-theories-of-business-cycle/38063/. 
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𝑦! = 𝑆! + 𝐺! + 𝐶! + 𝑅! 

When economists, researchers and data analysts refer to a time series of economic 

indicator, they relate to its cyclical component. It is this component of every time series 

that is being used, first to establish the nature of the economic indicators with respect to 

reference series and then to test the rate of relevance. (Hodrick & Prescott, 1997) 

 

Currently, there is no established golden rule how the cyclical component should be 

extracted. There is number of procedures that are used to do so; nevertheless, despite 

theirs advantages some of them posses major drawbacks that make them less relevant 

than the others. (Cooley, 1995)  

 

Most commonly employed procedures are: (Tkáčová, 2012) 

• Hodrick-Prescott Filter 

• Christiano-Fitzerald Filter 

• Method of Phase Average Trend (PAT) 

• Henderson Moving Average 

• Baxter King Filter  
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1.2 Leading Economics Indicators 
 

Due to theirs forward-looking character, leading economic indicators have secured the 

attention of statisticians, economic policy makers and investors and the number of 

literature devoted to these signallers vastly outnumbers that of its two companions. 

 

There are two main types of leading economic indicators. First, there are "real-time" 

business cycle indicators, that are based on quantitative or hard data stemming from the 

measurements of macroeconomic variables and second, there are "soft" indicators of 

economic activity that rely on qualitative or easy data obtained through surveying firms, 

economic analysts or consumers regarding their confidence of the economy and 

expectations about its short- and mid-term development. 

                                                                                                                                                     

1.2.1 Real-time Leading Economic Indicators 
 

Any quantitative data can be used as a real-time leading economic indicator, if it fulfils 

certain criteria. Firstly, it has to demonstrate considerable lead-time with respect to the 

reference series and secondly, it has to be of certain economic significance.  

 

Empirical studies identified sectors of economy and list of respective variables 

capturing certain parts of this sectors that proved to be desirably accurate in identifying 

turning points of the business cycles.  

 

Some of the variables and areas of interest are:3 

•  Stock Markets 

•  Manufacturing Activity 

•  Inventory levels 

•  Retail sales 

•  Building Permits 

•  Housing Market 

•  Level of new business starts 

•  Money Supply M2 
																																																								
3	Source: http://wtwealthmanagement.com/documents/pdf/WTWealth_2014-07_MajorLeadingList.pdf.	
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•  Current Employment Statistics 

 

Economists and analysts must be very careful when evaluating the time series of 

particular variable. Positive development of single variable might have its roots in 

number of different circumstances, each having potentially reverse impact on the 

economy. Similarly, as has been already mentioned, each business cycle differs from 

the other, and is driven by different set of dynamics. Therefore, one variable might 

perfectly explain and predict one business cycle, but completely miss the following one. 

This is also the reason why composite indexes have gained such popularity over the 

time. 

 

In the next chapter we look at the "soft" leading economic indicators that are based on 

surveys and qualitative data and name the institutions engaged in this realm in the 

Czech Republic and Germany. 

 

1.2.2 Soft Leading Economic Indicators 
 

There are three main types of surveys conducted to gather information related to 

economic and business activities. These are: 

• Structural 

• Recent or Current 

• Leading 

 

Structural business surveys are the most comprehensive and timely ones, which consist 

of quantitative information. The objective of these surveys is to provide in-depth 

analysis of past performance based on the findings from financial statements. Annual 

and Bi-annual production surveys are representatives of this category. 

 

Recent or current business surveys also consist of quantitative data, but they are 

published on more frequent basis and are not that detailed as structural business 

surveys. To this category belong monthly or quarterly sales (turnover) surveys. 
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The last category composes of leading business surveys that are solely based on the 

qualitative data and the questions are focused on upcoming time period. Business 

tendency surveys are the most common type of the leading business surveys. (Vincent 

& Evans, 2007) 

 

Business Tendency Surveys are cost-efficient, easy-to-evaluate qualitative business 

survey that are widely used to discover early signals of turning points, acceleration or 

deceleration; to obtain insights into current business situation and predict its short- term 

development. (Abberger, 2005) 

 

The important milestone in the development of the business tendency surveys took 

place in 1970s when the OECD introduced Harmonized System of Business Tendency 

Surveys, the bundle of unified recommendations regarding structures and compositions 

of the surveys, whose main goal is to standardize composition process. The 

standardization of the surveys allows to compare the result on international level and 

across different organization as well as to increase the transparency. (OECD, 2003) 

 

Currently, the national statistical offices are the main vehicle behind conducting and 

analyzing surveys and presenting the results. The sectors: industry, construction and 

retail trade in EU countries are surveyed on monthly and quarterly basis, whereas both 

surveys seek to obtain different, complementary information.  

 

The most important stage of the survey's life cycle for end users is the presentation of 

the results. The results are presented in a number of percentages that are important in 

order to derive the appropriate change index, which is of great importance. The results 

of the multiple-choice questions are presented in the form of balances, which represent 

the difference between the percentages of reported increases and decreases. 

 

The interpretation of the change of index goes as follows:  

 

"When a change index is positive, it means that activity is increasing; 

when it is negative, the activity is declining. The distance of the change 

index from the zero line signifies the amount of increase or decrease. 

Thus, a change index shows by one number both the direction and 
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magnitude of change." (Nilsson, 2001, p.16) 

 

Business tendency surveys are also used to develop cyclical composite economic 

indicators. One of the most common types of composite indicator produced by 

aggregating qualitative data is called "confidence indicator". 

 

The confidence indicator is created by weighting the replies to main questions or 

variables included in the surveys. It might be specifically oriented towards certain 

sector or cover the economy as whole. As in the case of general survey's results, 

confidence indicators are presented as the balance of positive over negative results. In 

general, the composition of confidence indicators developed by different statistical 

offices might vary in number of variables and in the variables themselves. 

 

Furthermore, questions on the general business situation might be considered composite 

indicators, as the respondents are taking into consideration whole portfolio of factors 

affecting current business cycle. These questions are used in surveys conducted in the 

Czech Republic, Germany, Poland, and Slovak Republic etc. (Nilsson, 2001) (OECD, 

2003) 

 

In the following sections, I elaborate on the specific national and international 

institutions engaged in the realm of business tendency surveys and describe the most 

important published output data resulting from these surveys. 

 

OECD 
 

Even though OECD is one of the major publishers of the Business Tendency Surveys, it 

doesn't conduct any on its own. The data are first gathered by the national statistical 

institutes, other government agencies, private research institutes, banks and other 

research institutes attached to universities or other academic institutions and then the 

OECD acquires the data from the European Commission.  

 

The business tendency surveys presented by OECD in its monthly Main Economic 

Indicators cover manufacturing, construction, retail trade and service sector of the 

economy. (OECD, 2016b) 
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ZEW - Centre for European Economic Research 
 

The Centre for European Economic Research (ZEW) in Mannheim conducts business 

tendency surveys on monthly basis since December 1991. Currently, the sample set of 

respondents consists of more than 350 experts and analysts who are highly proficient 

regarding issues related to business environment. Out of 350 respondents, 77% has 

background in banking industry, 14% of respondents are employed in insurance 

companies and the remaining 9% comes from large industrial entities. 

 

The respondents are asked to assess current situation and express their opinions on 

short- and long-term development of the current situation, expected inflation, short- and 

long-term interest rates and exchange rate during the upcoming time period of 6 

months. The data are published for countries in Eurozone, Japan, Great Britain and the 

U.S. 

 

On the basis of the ZEW Financial Market Survey, The ZEW Indicator of Economic 

sentiment is created and published. It represents a leading indicator for the German 

economy and is comparable to the IFO Index. (Köhler & Schmidt, 2016) 

 

IFO 
 

Established in 1949, the IFO, Institute for Economic Research is one of the oldest 

associations that are engrained in the realm of business tendency surveys. Currently, 

more than 7000 responses are gathered on monthly basis from firms engaged in 

manufacturing, construction, wholesaling and retailing. 

 

The enterprises are asked to give their opinions on current business situation as well as 

to provide their expectation on its development for the next 6 months. The Ifo institute 

publishes three main indicators: 

 

• Business Climate Index 

• Business Situation Index 

• Business Expectations Index 
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Business climate index is the weighted average of the balances of the business situation 

and business expectations. (Hüfner & Schröder, 2001) 

 

Czech Statistical Office 
 

Czech Statistical Office is the single most important vehicle when it comes to high 

quality business tendency surveys in the Czech Republic.  

 

Czech Statistical Office conducts business tendency surveys covering industry, 

construction and trade since 1993 and service sector since 2002. The sample size for 

individual sectors varies as only entities that specialize in particular field are 

approached. On monthly basis 1100 enterprises from industry sector, 600 entities from 

construction sector, 600 entities from trade sector, and 900 enterprises from service 

sector are addresses with response rates 85%, 75%, 60% and 75%, respectively. 

 

Moreover, Czech Statistical office compiles 4 kinds of composite indicators:  

• The Composite Confidence Indicator, or Economic Sentiment Indicator, which 

is weighted average of confidence indicators in industry, construction, trade, 

selected services and of the consumer confidence indicator.  

• The Business confidence indicator, which is a weighted average of confidence 

indicators in industry, construction, trade and in selected services.  

• The Consumer confidence indicator, which is average of four indicators 

(expected financial situation of consumers, expected total economic situation, 

expected total unemployment (with inverted sign) and savings expected in 12 

months to come. 

• The Branch confidence indicators, which are averages of business cycle 

balances of particular sectors.4 

 

1.2.3 Composite Leading Indicators 
 

Composite Leading Indicator is defined by OECD as "an aggregate time series 

displaying a reasonably consistent leading relationship with the reference series that 

																																																								
4	Source: https://www.czso.cz/csu/czso/business_cycle_surveys. 
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acts as a proxy for economic activity and business cycle in a country." (OECD, 2016b) 

It is constructed by combining individual leading economic indicators that display high 

economic as well as statistical relevance. (The Conference Board, 2001) 

 

The main purpose of the CLI is to provide early signals of turning points between 

upswings and downswings of the economic activity. (OECD, 2007) The main 

advantage of the composite leading indicators is their inherent capability to summarize 

a pool of leading economic indicators coming from different sectors of the economy 

and to smooth out certain percentage of the volatility in the component series, therefore 

functioning as a more precise signaller. (The Conference Board, 2001) 

 

One of the first pioneers into the field of composite indicators, and specifically the 

composite leading indicators, was Geoffrey H. Moore, former director of the Research 

at the NBER and later founder of the Economic Cycle Research Institute, who further 

advanced the original work of Mitchell and Burns and analysed business cycles through 

the composite indexes.  (Moore & Lahiri 1991) 

 

Nowadays, the method of composite leading indicators is widely used to help predict 

development of the economic activity by the recognized institutions such as OECD, 

Eurostat and Conference Board.  

 

Even tough the composite leading indicators have numerous advantages, they posses 

some disadvantages. One such disadvantage is the proneness to misinterpretation and 

reporting recessions or revivals with no actual potential for manifestation. Trying to 

interpret monthly fluctuation, either upward or downward, only from the short-term 

perspective is very misleading and economists might end up predicting the recession on 

quarterly basis. Or, as the economist Paul Samuelson remarked:  

 

"The stock market predicted nine out of the last five recessions." 

(Bluedorn et al., 2013, p. 4) 

 

In order to correctly and precisely define turning points of the economic activity, 

Conference Board suggested the approach of "Three Ds". This rule consists of looking 

at the duration, depth and diffusion of the trend simultaneously. As a proper rule for 
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defining turning point they conclude:   

 

"... downward movements in the leading index of one to two percent 

over six months, coupled with declines in more than half of the 

components, can be reasonable criteria for a recession warning" (The 

Conference Board, 2001, p.19) 

 

Composite Leading Indicator of OECD 
 

The methodology behind the construction of the OECD's CLI undertook major change 

in April 2012. Before April 2012, OECD utilized as the reference series Index of 

Industrial Production. After April 2012, OECD started using as the reference series for 

their computations GDP data that it managed to transform into the monthly form, while 

retaining high level of statistical significance. 

  

OECD uses different components for the CLI of each country, mostly due to 

justification that different economies function on different principles and pillars, 

making each economy unique. (OECD, 2012) The composition of the composite 

leading indicators for the Czech Republic and Germany are stated in table 1. (OECD, 

2016a) 

 

Czech Republic Germany 

BOB Capital Amount IFO business climate indicator  

Demand evolution for Services Orders inflow/demand in manufacturing  

Production in manufacturing Export order books in manufacturing 

Consumer Price Index  New orders in manuf. industry  

Consumer confidence indicator  Finished goods stocks in manufacturing 

Total exports f.o.b.  Spread of interest rates  

PX index  
 Table 1: Components of the Czech CLI and German CLI created by OECD  
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1.3 Methods for assessing the accuracy of the Leading 
Economic Indicators 
 

When analysts are seeking to identify future development of the business cycle, they 

want to analyse only those indicators that are empirically proved to reliably predict and 

lead future changes in the economic activity. In order to establish these relationships 

and the rate of predictive ability, methods such as Pearson correlation coefficient or 

Granger causality might be employed. Furthermore, the values of indicators might be 

integrated into various forecasting models, whose forecasting ability is assessed on 

basis of the accuracy of forecasting errors, calculated through various statistics. 

 

1.3.1 Pearson Correlation Coefficient 
 

The most basic approach to assess the accuracy, or at least the characteristic of the 

relationship between given indicator and the reference series, is based on computing the 

Pearson correlation coefficient between the two components. Pearson correlation 

coefficient is a statistical measure of the linear correlation between two variables. The 

values range from +1 to -1, whereas the result of +1 indicates total positive correlation 

and the result of -1 indicates total negative correlation. No correlation between the 

variables is indicated by the result of 0. The Pearson correlation coefficient of the 

variables X and Y is calculated according to the following formula: 

 

𝑟!,! =
Σ(𝑥 − 𝑥)− (𝑦 − 𝑦)
Σ(𝑥 − 𝑥)!×Σ(𝑦 − 𝑦)!

 

 

1.3.2 Granger Causality 
 

To assess the ability of the indicator to predict future short-term development of the 

economic activity it is common to identify the causality between the indicator and its 

lagged values and the reference series that acts as proxy for economic activity. The 

Granger causality is a theoretical concept that was developed by C. Granger, and is 

most commonly used for the endeavour. The Granger causality tests a hypothesis that 
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one time series is appropriate for forecasting the other time series, or more specifically, 

that prior values of one time series can predict future values of the other. 

 

The main intuition behind the Granger causality is that the time series X, evolving over 

time, Granger-causes (G-causes) time series Y, evolving over time, if the predictions of 

the time series Y solely based on its past values, lags, are improved; when the variance 

of the unobserved error decreases after the past values of time series X are added into 

the equation. 

 

The univariate equation with p - lags of time series Y and added q - lags of time series 

X is defined as follows: 

𝑌(𝑡) =  𝐴!!,!𝑌 (𝑡 − 𝑗)
!

!!!

+ 𝐴!!!𝑋 (𝑡 − 𝑘)+ 𝜀(𝑡)
!

!!!

 

 
where 𝜀 is unobserved error and 𝐴!!,! is the matrix of respective coefficients. 

 

In order to determine the number of lagged variables, usually, the information criterion 

such as Akaike information criterion or Schwarz information criterion are employed. 

 

In order to determine whether any particular lagged variable is useful in determining 

future values of variable Y, combination of t-tests and F-tests is utilized: 

1. the lagged variable must be significant according to the t-test 

2. the lagged variable and the other lagged variables that are significant 

according to the t-test, are jointly significant according to the F-test. 

 

Then the retained lagged variables Granger-causes dependent variable Y. (Granger, 

1969), (Seth, 2007) 

 

1.3.3 Information Criterions 
 

Information criterions are used to determine the best possible model for the particular 

purpose of the study. Akaike Information Criterion (AIC), Schwarz or Bayesian 
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Information Criterion (BIS) and Corrected Akaike Information Criterion (AICC) are the 

three most employed information criterions. 

 

AIC = ln
𝑒!!!

!!!

𝑇 +
2𝑝
𝑇  

 
and 
 

SIC = ln
𝑒!!!

!!!

𝑇 +
2𝑝 ln 𝑇

𝑇  

 

where  T represents the number of time periods in the sample,  p represents number of  

parameters in the model and 𝑒𝑡 is the residual from the model-fitting process in the 

period t.  

 

The main intuition behind the criterions is that the smaller value model exhibits, the 

better it is. However, it was found that Akaike Information Criterion doesn't penalize 

enough for including more parameters into the model. As a result, the corrected version 

of the AIC was developed: 

 

AICC = ln
𝑒!!!

!!!

𝑇 +
2𝑇 𝑝 + 1
𝑇 − 𝑝 − 2  

 

Generally, when all of the criterions are available in a statistical software, it is 

recommended to apply BIC or AICC. (Montgomery, Jennings & Kulahci, 2008) 

 

Furthermore, they are other methods on which basis various model might be compared 

and evaluated such as Mean Squared Error of the Residuals, Squared Sum of the 

Residuals or the R-squared statistics. However, they also possess certain drawbacks that 

need to be taken into consideration when evaluating the models. (Montgomery, 

Jennings & Kulahci, 2008)  
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1.3.4 ARIMA - Autoregressive Integrated Moving Average Model 
 

Autoregressive integrated moving average model is an extension of the autoregressive 

moving average model (ARMA(p,q)) and is used for forecasting purposes or to better 

understand the data. ARIMA model might be of either seasonal or non-seasonal 

character. In the next paragraphs I explore methodology of the non-seasonal ARIMA 

model. 

 

Non-seasonal ARIMA model is usually presented in the form ARIMA(p,d,q), whereas    

p - stands for the number of the autoregressive terms 

d - stands for the degree of differencing 

q- stands for the number of the moving averages terms 

 

Non-seasonal ARIMA(p,1,q) model is defined as follows:  

 

𝑦!! = 𝑐 + 𝜙!𝑦!!!! +⋯+ 𝜙!𝑦!!!! + 𝑒! + 𝜃!𝑒!!! +⋯+ 𝜃!𝑒!!! , 

 

where 𝑦!! is differenced time series in time period t and  𝑒! is white noise in time period 

t, meaning that the noise values are mutually uncorrelated with zero mean and display 

identical distribution. 

 

Furthermore, the general ARIMA model might be defined with the help of the 

backward shift "backshift" operator B, which operates in the following manner:  

 

𝐵𝑌! = 𝑌!!! 

𝐵!𝑌! = 𝑌!!! 

 

With the help of the "backshift" operator B, general non-seasonal ARIMA model takes 

following form: 

 

1− 𝜙!𝐵 −⋯− 𝜙!𝐵! 1− 𝐵 !𝑦! = 𝑐 +  1+ 𝑒! + 𝜃!𝐵 +⋯+ 𝜃!𝐵! 𝑒! 

 

where c is constant and 𝑒! is white noise in time period t. (Nau, 2014) 
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Therefore, ARIMA(1,0,0) represents the autoregressive model of order one, 

ARIMA(0,0,1) represents the moving average model of order one and ARIMA(0,1,0) 

represents the random walk model. 

 

Building the model 
The key question when the analyst is building the ARIMA model is the determination 

of the parameters p, d and q.   

 

The time series that is under scrutiny using the ARIMA model must be stationary. The 

differencing of d-order helps to transform the non-stationary time series into the 

stationary. In order to determine the degree of differencing, one might first look at the 

time plot of the series to get the initial outlook and estimate how many degrees of 

differencing would transform non-stationary time series into time series with constant 

mean and variance. By employing augmented Dickey-Fuller, analyst can evaluate the 

optimality of chosen parameter d. (Andrews, Dean, Swain & Cole, 2013) 

 

After the stationarity of the time series is established, analyst further needs to define the 

parameters p and q. In this endeavour the Autocorrelation function and Partial 

Autocorrelation function are utilized. 

 

Autocorrelation function (ACF) 
ACF is an useful tool for identifying the order of the MA(q) process as it is expected to 

"cut-off" after the lag q. However, it is not useful in identifying the order of the AR(p), 

even though it might provide indication of the presence of AR(p) process, when the 

slow exponential decay occurs. 

 

Analysts look at the graphical representation of the ACF and according to the number of 

first lags whose values lie outside of the 95% confidence interval they estimate the 

value of parameter q.  

 

Figure 3 depicts the ACF of the cyclical component of the seasonally adjusted gross 

domestic product data from 1995Q1 to 2015Q4.  
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                      Figure 3: Autocorrelation function of the cyclical component of Czech GDP 

 

Partial Autocorrelation function (PACF) 
PACF between yt and yt-k is the autocorrelation between yt and yt-k after the terms yt-1, yt-

2, ... , yt-k+1 have been adjusted for. PACF is an useful tool in identifying the order of 

AR(p) process, as the PACF of the AR(p) model between the yt and yt-k for k > p should 

equal zero. (Montgomery, Jennings & Kulahci, 2008)  

 

As it is the case with ACF, analysts also look at the graphical representation of the 

PACF and according to the number of first lags whose values lie outside of the 95% 

confidence interval, they estimate the value of parameter p.  

 

Figure 4 depicts the PACF of the cyclical component of the seasonally adjusted gross 

domestic product data from 1995Q1 to 2015Q4.  

 

However, Montgomery, Jennings & Kulahci (2008) states that in the ARMA and 

ARIMA process the identification process of the p and q parameters solely based on 

ACF and PACF is more difficult, as "they both exhibit exponential decay and/or 

damped sinusoid patterns". Therefore, when analysts use the ACF and PACF, they must 

be very careful in interpreting the graphical representation. To address this issue, 

Extended Sample ACF (ESACF), the Generalized Sample PACF (GPACF), the Inverse 

ACF (IACF), and canonical correlations were developed, and might be utilized during 

the identification process. (Montgomery, Jennings & Kulahci, 2008) 
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                             Figure 4: Partial Autocorrelation function of the cyclical component of Czech GDP 

 

In the next step, Ljung-Box test for white noise is used to statistically test the degree, to 

which the residuals are free of serial correlation, and therefore, whether the determined 

AR(p) and MA(q) terms are valid.  (Andrews, Dean, Swain & Cole, 2013) 

 

Eventually, the building process might produce more than one viable ARIMA model. 

Pankratz (1983) states the properties that the good ARIMA model is supposed to 

possess, and which may function as the criterions to distinguish the best possible model 

out of the retained candidates. 

 

Good ARIMA model: 

1. is parsimonious (uses the smallest number of coefficients needed to explain the 

available data) 

2. is stationary (AR coefficients satisfy some mathematical inequalities) 

3. is invertible (MA coefficients satisfy some mathematical inequalities) 

4. has estimated coefficients of high quality 

5. has uncorrelated residuals 

6. fits the available data (the past) well enough to satisfy the analyst (based on 

RMSE and/or MAPE measure) 

7. forecasts the future satisfactorily. 
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1.3.5 ARIMAX - Autoregressive Integrated Moving Average Model 
with the Explanatory Variables  
  

Autoregressive Integrated Moving Average with Explanatory Variable Model is an 

extension of the ARIMA model, to which the independent variables are added, in order 

to explain the dependent variable more precisely, and also to improve model's 

forecasting performance. 

 

The autoregressive part as well as the differencing part of the ARIMAX model is 

applied to the variable X in the same manner as it is applied to the dependent variable Y 

before the X is multiplied by the regression coefficients. 

 

Therefore, the ARIMAX (1,0,1) with one explanatory variable is defined as follows: 

 

𝑌! − 𝜙!𝑌!!! = 𝑒! + 𝜃!𝑒!!! + 𝛽! 𝑋! − 𝜙!𝑋!!!  

 

1.3.6 Evaluation of the forecasting performance  
 

Forecasting performance of the model might be a good indicator of the model's 

superiority, as suggested by Pankratz (1983), as well as might provide a good indication 

of whether and how much is the naive forecasting method improved after additional 

information through explanatory variables have been included in the model.  

 

The most common way how to evaluate the forecasting performance is to measure one-

step ahead "out-of-sample" forecasting error that is defined as follows: 

 

𝑒! 1 = 𝑦! − 𝑦! 𝑡 − 1  

  

where 𝑦! 𝑡 − 1  is the forecast of the 𝑦! from the time period t− 1. 

 

On the basis of the one-step ahead forecasting error a number of statistics are computed: 
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The Average or Mean Error (ME): 

 

ME =  
1
𝑛 𝑒! 1

!

!!!

 

 
The Mean Absolute Deviation (MAD): 

 

MAD =  
1
𝑛 𝑒! 1

!

!!!

 

 
The Mean Squared Error (MSE) 

MSE =  
1
𝑛 𝑒! 1 !

!

!!!

 

 

where n is the number of one-step ahead forecasts errors for n observations. 

 

MAD and MSE are the measures of the variance in the forecast error, and therefore, the 

smallest possible value is desired. Furthermore, taking the square root of the MSE, we 

obtain the Root Mean Squared Error (RMSE) that represents the standard deviation in 

the forecast error. 

 

Root Mean Squared Error (RMSE) 

RMSE =  
1
𝑛 𝑒! 1 !

!

!!!

 

 
The statistic based on one-step ahead forecasting error are all scale-dependent, meaning 

that their values are based on the original values of the forecasted time series. 

Therefore, they do not provide the relatively desirable possibility to compare the 

forecasting performance of the model across different time periods or time series. 

(Montgomery, Jennings & Kulahci, 2008)   
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For the purpose of comparing forecasting methods intra-time series and inter-time 

series, relative forecast error, presented in percentage points, was developed. The 

relative forecast error is defined as follows: 

 

𝑟𝑒! 1 =
𝑦! − 𝑦! 𝑡 − 1

𝑦!
100 =

𝑒! 1
𝑦!

100 

 

Furthermore, similar statistics to MSE and MAD are constructed from the relative 

forecast error: 

 

Mean Percent Forecast Error (MPE) 

   

MPE =  
1
𝑛 𝑟𝑒! 1

!

!!!

 

 

Mean Absolute Percent Forecast Error (MAPE) 

 

MAPE =  
1
𝑛 𝑟𝑒! 1

!

!!!

 

 

Montgomery, Jennings & Kulahci (2008) warn that the MPE and MAPE are applicable 

only for the time series that doesn't include zero values. 
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2. Methodology of the analysis 
 

In the empirical part of the paper, I will test the accuracy and the predictive ability of 

various leading economic indicators and compare them across the small set of countries 

of Central and Eastern Europe. The chosen countries are the Czech Republic and 

Germany. The selected leading economic indicators are of the quantitative as well as 

qualitative nature.  

 

The leading economic indicators were primarily selected on the basis of theirs 

importance and popularity in the business world. The sources of the data were major 

well-established national and international institutions: OECD, ZEW, IFO and Czech 

Statistical Office. 

 

Out of the pool of quantitative economic indicators, I pinpointed a number of the 

indicators for investigatory purposes. The selection process was influenced by the 

OECD's list of key economic indicator 5 as well as by the study of Tkáčová  (2012) on 

the leading economic indicators of the V4 countries. 

 

Leading economic indicators that are of qualitative nature were primarily obtained from 

the institutions that conduct the business tendency surveys on their own and present the 

results in the compact form. Furthermore, despite not conducting any survey on its own, 

OECD compiles the confidence indicators for the sectors of the economy on the basis of 

the qualitative data obtained from the European Commission according to Harmonized 

System of Business Survey. For the importance of OECD, I included these indicators in 

the analysis. 

 

Eventually, 25 indicators in the case of the Czech Republic and 22 indicators in the case 

of Germany were studied. 

 

In order to maximize the validity of the assessment, the same quantitative data and 

composite indicators were chosen, and qualitative data published by different 

																																																								
5	Available at: http://www.oecd-ilibrary.org/economics/data/main-economic-indicators/finance_data-00043-    
    en;jsessionid=aodao77hg4bpq.x-oecd-live-02?isPartOf=/content/datacollection/mei-data-en.	
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institutions but covering the same sector of the economy and economy as whole were 

selected. Additionally, as the representative qualitative indicator for particular economic 

sector, I selected the composite indicators created by aggregating the answers to the 

questions related to particular sector.   

 

The trend component of the time series was obtained using the Hodrick-Prescott filter. 

For quarterly data the selected lambda was 1600 and for monthly data 14400, as 

suggested by authors of the filter. (Hodrick & Prescott, 1997) Subsequently, the cyclical 

component was calculated as the difference between the seasonally adjusted time series 

and its trend component. Therefore, every further reference to the time series is 

implicitly to its cyclical component. 

 

In order to gauge the predictive ability of LEI of the economic activity, I selected the 

reference series acting as the proxy of the economic activity. Nowadays, the most used 

variable, as the reference series, is the gross domestic product, whose only drawback is 

that the data are published on quarterly rather than monthly basis. Therefore, some 

institutions and analysts prefer to use the Index of Industrial Production, which is 

published on monthly basis. 

 

However, in the case of the Czech Republic, the Index of Industrial Production have the 

tendency to be considered a leading economic indicators, as suggested by Tkáčová 

(2012), and as outlined in table 2, in which the correlation coefficients between the 

respective Index of Industrial Production and lagged and lead values of the Gross 

Domestic Product for the Czech Republic and Germany are listed. 

 

Country 𝐭+ 𝟐 𝐭+ 𝟏 𝐭 𝐭− 𝟏 𝐭− 𝟐 

Czech Republic 0,42 0,61 0,76 0,78 0,67 

Germany 0,54 0,79 0,93 0,85 0,64 
 Table 2: Correlation coefficients between the lagged and lead values Index of Industrial Production of the Czech    

               Republic and Germany and respective GDP 

 

Therefore, despite the significant correlation coefficient between the IIP and GDP in 

time period t for Germany, in order to maintain the ability to compare the results among 

the countries, I decided to use the quarterly GDP data as the reference series. Another 
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major reason for using the GDP quarterly data rather than monthly IIP data is the 

preference of the OECD and EUROSTAT to use the GDP data as the reference series 

for theirs composite leading indicators. 

 

Furthermore, by using the simple method of arithmetic averages, monthly data of some 

indicators published on monthly basis were recalculated to get theirs quarterly 

equivalents. 

 

The analysis itself composes of two main stages. In the first stage the predictive ability 

of the leading economic indicators is assessed by investigating the Granger causality 

and calculating the Pearson correlation coefficients between lagged values of the 

indicators and the reference series. The type and number of lagged values of the 

dependent variable that were added into the regression to investigate the Granger 

causality were established by using Schwarz (Bayesian) Information Criterion. The 

operations were conducted jointly in the econometric software Stata 12 and in the 

operation software MS Excel. 

 

In the second stage, first the naive forecasting method based on the ARIMA model is 

generated to assess the additional information that economic indicators might possess 

over the information solely provided by the lagged values of the reference series. 

Subsequently, based on the results obtained in the first stage, a number of economic 

indicators were chosen and theirs lagged values were added into the established 

ARIMA model for cyclical component of the Gross Domestic Product of the Czech 

Republic and Germany, creating the ARIMAX model.  

 

In the final part of the second stage, one-step ahead "out-of-sample" forecasts are 

calculated and theirs forecasting performance is tested on yearly basis from year 2011 

to 2015. 

 

The leading economic indicators were categorized according to their nature, whether 

they are based on quantitative or qualitative data, and in the following sections, I will 

assess the predictive ability of the leading indicators accordingly.  
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3. Data Analysis and Results 
 

3.1 Granger Causality & Pearson Correlation Coefficient 
 

The first step of the analysis consisted of finding the appropriate number of lags of the 

dependent variable that would be included in the regression, on which basis Granger 

causality was tested. 

 

The selection process consisted of adding lagged variables up to 8th order, representing 

time horizon of 2 years, and combining different sets into regression, in which the 

reference series at time t was the regressor. As the determining rule the Bayesian 

Information Criterion was employed. The set with the lowest value of BIC was 

eventually selected.  

 

In the case of the Czech Republic lagged values of reference series in time periods 

t− 1 and t− 3. In the case of Germany, lagged values of reference series in time 

periods t− 1, t− 2, and t− 4. The BIC value of the set used for the Czech Republic 

was 1449.781 and the BIC value of that used for Germany was 1841.432.  

 

Therefore, the equations developed for testing the Granger causality are: 

 

In the case of the Czech Republic: 

𝑦! = 𝛼 + 𝛽!𝑦!!! + 𝛽!𝑦!!! + 𝛾!

!

!!!

𝑥!!! 

In the case of Germany: 

𝑦! = 𝛼 + 𝛽!𝑦!!! + 𝛽!𝑦!!! + 𝛽!𝑦!!! + 𝛾!

!

!!!

𝑥!!! 

 

where the yt is the reference series and xt is an investigated economic indicator in time 

period t.   
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Moreover, in the regression, 4 lagged values, representing time horizon of 1 year, of the 

economic indicators were included in the regression. 

 

In the next two sections I present the results of the first stage of the analysis for the 

quantitative and subsequently for the qualitative and combined data. In the following 

sections only indicators that either in the case of the Czech Republic or Germany 

achieved the value of the correlation coefficient at least 0,55 and that Granger causes 

reference series in time period t at least for one lagged value are listed. 

 

The full list of indicators with their respective correlation coefficients and results of the 

Granger causality for the Czech Republic and Germany are listed in appendix 1. 

 

3.1.1 Quantitative Data 
 

Out of the 16 studied quantitative economic indicators covering certain aspect of the 

Czech economic activity, 8 of them Granger causes the reference series in time period t. 

Out of 14 studied quantitative economic indicators covering certain aspect of German 

economic activity, 7 of them Granger causes the respective reference series in time 

period t. Six of these indicators Granger causes reference series of the Czech Republic 

as well as that of Germany.  

 

Table 3 summarizes the results of the analysis of quantitative data for the Czech 

Republic and table 4 those for Germany.  

 

In the table, next to the name of the indicator, the values of the Pearson correlation 

coefficient between the reference series in time period t and the values of the leading 

economic indicator in time period t and its lagged values in time period t− 1 and t− 2 

are listed. Eventually, in the column "G-Causality", the time periods, from which lagged 

values of the economic indicators were proved to Granger cause the reference series in 

time period t are identified. 

 
 
	  



	34	

3.1.1.1 Czech Republic 
 

In the case of the Czech Republic, indicators out of 4 different categories were proved 

to Granger cause reference series in time period t and display significant rate of 

correlation. These categories are production, trade, turnover and finance.  

 

The indicator that takes highest rate of correlation for lagged values in time period t−

1, and as well for time period t− 2, is the Index of Stock Prices, PX with base year 

2010, while displaying G-Causality for both of these time periods. The Pearson 

correlation coefficient between the reference series in time period t and the lagged 

values of Index of Stock prices in time period t− 1 is 0,8 and in time period t− 2 is 

0,75, suggesting considerable rate of correlation. 

 

Indicator 𝐭 𝐭− 𝟏 𝐭− 𝟐 G-Causality 

PX Index, 2010=100 0,77 0,8 0,75 t-1, t-2 

Production of total industry, Index 2010=100 0,76 0,78 0,67 t-1, t-2 

Production in total manufacturing, Index, 

2010=100 

0,74 0,77 0,67 t-1, t-2 

Index of turnover - Non-Domestic market, 

Index, 2010=100 

0,69 0,76 0,71 t-1, t-2 

Import in goods 0,6 0,58 0,43 t-1, t-2 

Export in goods 0,54 0,55 0,41 t-1, t-2 

Index of turnover (Total), Index, 2010=100 0,78 0,82 0,72 t-1 

Overnight interbank rate 0,16 0,07 -0,03 -- 
Table 3: Results of the Granger causality and Pearson correlation coefficient for quantitative indicators of the Czech  

              Republic 

 

The Index of Stock prices is closely followed by the Index of Industrial Production and 

by the Index of Manufacturing Production in terms of correlation coefficient for time 

period t− 1: the value of correlation coefficient decreases only by moderate 0,02, 

respectively by 0,03, and slightly loosely for time period t− 2 , as the value of 

correlation coefficient decreases for both indicators by 0,08. Index of turnover for non-

domestic market is the fourth indicator whose lagged values in time period t−

1 achieved value of the correlation coefficient higher than 0,75, 0,76. 
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Furthermore, as these indicators demonstrate higher values of the correlation coefficient 

between the reference series in time period t and theirs lagged valued in time period 

t− 1, rather than in time period t, it implies that they might be considered leading 

economic indicators. 

 

Additionally, export and import in goods and index of total turnover display the 

Granger causality in at least one lagged time period and correlation coefficient higher 

than 0,55. Indicator overnight interbank rate was added into the table for the 

comparative purpose with indicators of Germany.  

 

3.1.1.2 Germany 
 

In the case of Germany, lagged values of the indicators covering certain aspect of 

German economy that were proved to Granger cause reference series in time period t 

belong only to three categories. These categories are production, finance and trade.  

 

The indicator that takes highest rate of the correlation in time period t− 1 and whose 

lagged values from time period t− 1 and t− 2 Granger causes reference series in time 

period t  is the Index of Industrial Production, with the values of the correlation 

coefficient for lagged values in time period t− 1, 0,85, and in time period t− 2, 0,64.  

 

Variable overnight interbank rate displays second highest value of correlation 

coefficient for the lagged values in time period t− 1 among the indicators that display 

G-Causality in both time periods. It is worth noting, that this indicator doesn't display 

any rate of predicative ability in the case of the Czech Republic. Furthermore, import 

and export in goods also exhibit G-Causality in both lagged time periods and value of 

the correlation coefficient higher than 0.55.  

 

Additionally, values of the Index of Manufacturing Production and the Index of Stock 

Prices, DAX 100, also show high rates of correlation with the reference series in time 

period t. However, test for G-Causality revealed that only their lagged values in time 

period t− 1 seem to possess predictive ability towards the reference series in time 

period t. 
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Indicator 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 G-Causality 

Production of total industry, Index 2010=100 0,93 0,85 0,64 t-1, t-2 

Overnight interbank rate 0,85 0,71 0,47 t-1, t-2 

Import in goods 0,72 0,64 0,40 t-1, t-2 

Export in goods 0,71 0,64 0,39 t-1, t-2 

Production in total manufacturing, Index, 

2010=100 

0,9 0,85 0,64 t-1 

DAX 100 Index, 2010=100 0,72 0,7 0,6 t-1 

Index of turnover - Non - Domestic market, 

Index, 2010=100 

0,93 0,84 0,64 -- 

Index of turnover (Total), Index, 2010=100 0,94 0,83 0,62 -- 
Table 4: Results of the Granger causality and Pearson correlation coefficient for quantitative indicators of the Czech  

              Republic 

 

Finally, the results showed that all indicators display even higher rate of correlation 

with the reference series in time period t for their values in time period t, suggesting that 

even those indicators that might be considered leading in the case of the Czech 

Republic, might be labeled as coincident in the case of Germany. 

 

3.1.2 Qualitative Data 
 

Out of the 8 studied qualitative indicators covering certain factor of the business climate 

of the Czech Republic, 5 of them Granger causes the reference series in time period t. 

Out of 7 studied qualitative indicators covering certain factor of the business situation in 

Germany, 5 of them Granger causes the respective reference series in time period t.  

 

Table 5 summarizes the results obtained from the analysis of the qualitative indicators 

focused on the Czech economic activity and table 6 those focused on the German 

economic activity. 

 

3.1.2.1 Czech Republic 
 

Analysis of the qualitative indicators utilized to predict short- and medium-term 

development of the economic activity revealed, that the qualitative economic indicators 
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with the highest rate of correlation between the reference series in time period t and 

theirs lagged values in time period t− 1 are Business Indicator and Composite 

Indicator, compiled and published by the Czech Statistical Office, with identical value 

for lagged values in time period t− 1, 0,61, and only slightly different values in time 

period t− 2, 0,55 and 0,54, respectively. 

 

Furthermore, the Branch Confidence Indicator covering manufacturing has only slightly 

lower value of the correlation coefficient for time period t− 1, 0,59, but even higher for 

the time period t− 2, 0,57, than Business Indicator and Composite Indicator in the 

same time period. 

 

Finally, qualitative indicator covering current situation in the business published by the 

ZEW institute exhibits highest rate of correlation among all qualitative indicators for 

both time periods, 0,66 and 0,61, respectively. However, the G-Causality was proved 

only for the time period t− 1. This result seems to be intuitively valid, as in the 

underlying survey, questions regarding present situation are asked about present 

situation and short-term development, and not about medium-term development. 

	

Indicator 𝐭 𝐭− 𝟏 𝐭− 𝟐 G- Causality 

ČŠÚ Business Indicator, Index 0,54 0,61 0,55 t-1, t-2 

ČŠU Composite Indicator, Balances 0,51 0,61 0,54 t-1, t-2 

ČŠÚ The Branch Confidence Indicator 

(Manufacturing) 

0,49 0,59 0,57 t-1, t-2 

OECD, Confidence Indicator (Manufacturing) 0,42 0,53 0,49 t-1, t-2 

ZEW Current Situations Balances 0,63 0,66 0,61 t-1 

OECD, Confidence Indicator (Retail Trade) 0,63 0,55 0,37 - 
Table 5: Results of the Granger causality and Pearson correlation coefficient for qualitative indicators of the Czech  

              Republic 

 

3.1.2.2 Germany 
 

In the case of German qualitative indicators, only two of them were proved to G-Cause 

the reference series in both time periods t− 1 and t− 2. These are the Business 

Climate Index and, one of its components, Business Expectations Index published by 
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the IFO institute. The Business Climate Index achieved significantly higher correlations 

for both time periods, 0,73 and 0,7, respectively, than the Business Expectations Index 

did, 0,5 and 0,58, respectively. 

 

Moreover, the correlation coefficient between the Index of Business Expectation and 

the reference series in time period t is higher for the time period t− 2. This also seems 

to be correct intuitively, as in the underlying survey respondents are asked about their 

medium-term (6-month) prognosis of the development of the economic activity in the 

country. 

	

Indicator 𝐭 𝐭− 𝟏 𝐭− 𝟐 G- Causality 

IFO Business Climate Index 0,59 0,73 0,7 t-1, t-2 

IFO Business Expectations Index 0,24 0,5 0,58 t-1, t-2 

IFO Business Situation Index 0,76 0,77 0,65 t-1 

ZEW, Economic Situation, Balance 0,69 0,72 0,64 t-1 

OECD, Confidence Indicator (Retail Trade) 0,39 0,59 0,65 t-1 

OECD, Confidence Indicator (Manufacturing) 0,4 0,45 0,44 - 
Table 6: Results of the Granger causality and Pearson correlation coefficient for qualitative indicators of Germany 

 

Additionally, the second component of the Business Climate Index, Index of (current) 

Business Situation has highest correlation out of all studied qualitative indicators for the 

time period t− 1. Again, this fact is supported by the nature of the underlying survey. 

 

In conclusion, the qualitative indicators constructed to provide information either about 

the overall business climate, economic expectations or solely about current situation 

seem to possess considerable rate of predictive ability of the short or medium-term 

economic development for both countries. 

 

Nevertheless, it is worth noting that confidence indicators covering different sectors of 

the economy are concluded to have the aforementioned ability for both countries. In the 

case of Germany it is the confidence indicator of the retail trade sector that seems to 

possess certain predictive ability, whereas in the case of the Czech Republic it is the 

confidence indicator in manufacturing sector that seems to have the ability to signal 

future development. 
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3.1.3 Composite Indicator 
 

As the representative variable representing the category of composite indexes, the 

composite leading indicator produced and presented by OECD was selected. Table 7 

depicts the results of the analysis of the composite leading indicator of the Czech 

Republic as well of Germany. 

 

Indicator 	Country 𝐭 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟑 G- Causality 

OECD Composite 

Leading Indicator 

CZE 0,62 0,79 0,84 0,79 t-1, t-2, t-3 

GER 0,42 0,64 0,69 0,61 t-1, t-2 
Table 7: Results of the Granger causality and Pearson correlation coefficient for OECD's    

 

On basis of the analysis and calculated Pearson correlation coefficients, the composite 

leading indicators seem to provide the clearest signal for the future development of the 

economic activity in the Czech Republic as well as in Germany from the perspective of 

the 6-month lead-time. The value of the correlation coefficient for time period t− 2 in 

the case of the Czech CLI is 0,84, and in the case of the German one, 0,69.  

 

Furthermore, the Czech composite leading indicator was proved to G-Cause reference 

series in time period t also for the lagged values in time period t− 3, as the only 

indicator out of the pool of all studied indicators covering the Czech Republic. 

 

The following section opens up the discussion on the ARIMA and ARIMAX models. 

 

3.2 ARIMA  
 

In this section, I will first describe the process behind building the ARIMA model for 

the reference series of the Czech Republic as well as Germany. Subsequently, I will 

elaborate on the motivation behind selecting the variables to extend the ARIMA model 

to ARIMAX model. Finally, I will present the results of the forecasting errors of the 

ARIMA and ARIMAX models, and comment on their performance within the countries 

as well as across them. 
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3.2.1 ARIMA Model - Building for the Czech Republic  
 

The building process of the ARIMA model was based on the instructions provided by 

Montgomery, Jennings & Kulahci (2008) and Andrews, Dean, Swain & Cole (2013). 

 

First of all, the time series that is used for the ARIMA model must be stationary. As we 

are using the cyclical component of the seasonally adjusted time series that was 

extracted from original time series by calculating the long-term trend, which was 

subsequently subtracted from the original time series, we assume that this requirement 

is met and hence, no further degree of differencing is needed. Therefore, 𝑑 = 0.  

 

In the next step, the parameters p and q were determined. For this purpose the ACF and 

PACF were studied. Figure 5 depicts the ACP of the cyclical component of the GDP of 

the Czech Republic. Figure 6 depicts the PACP of the cyclical components of the GDP 

of the Czech Republic. 

 

The graphical representation of the ACF shows slow exponential decay, in which values 

of the first 3 lags are outside the 95% Confidence Interval. As stated in the 

Montgomery, Jennings & Kulahci (2008), this representation suggests two possible 

outcomes: 

1. moving average process of third order, as there is "cut-off" after 3rd lag, or 

2. autoregressive process of p-th order, as the exponential decay is present. 

 

 
                                Figure 5: Autocorrelation function of the cyclical component of Czech GDP 
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Furthermore, graphical representation of the PACF shows the cut-off after second or 

possibly third lag, implying: 

1. autoregressive process of second, or third order. 

 

 
                                Figure 6: Partial Autocorrelation function of the cyclical component of Czech  

                                                GDP 

 

Therefore, by combining outcomes of the observations, I started testing the ARIMA 

models with the value of p = 2, 3 and was systematically adding different values of 

parameter q.  

 

Additionally, in order for given specifications of the ARIMA model to be taken into 

consideration, all included terms had to prove statistically significant and take value of 

coefficient reliably different from zero. 

 

According to the aforementioned criterion and information criterion such as BIC and 

AICC, the ARIMA model with parameters 𝑝 = 2 & 𝑞 = 1 was established as the best 

model, with the value of BIC 1516.665. 

 

In order to test the validity of the selected AR and MA terms, the Ljung-Box test that 

determines the rate, to which the residuals of the model demonstrate behaviour of white 

noise was employed on the residuals of the ARIMA(2,0,1) model. The results are stated 

in figure 7. 



	42	

 
Figure 7: Results of the Ljung-Box test for residuals of the established ARIMA model for the Czech Republic 

 

The results of the test signal that the H0, that the residuals are independently distributed 

and that they don't exhibit serial autocorrelation, is not rejected at any considerable 

significance level and therefore, the parameters p and q are correctly selected. 

 

Therefore, the established model for naive forecasting of the economic activity of the 

Czech Republic has the form ARIMA(2,0,1).  

 

3.2.2 ARIMA Model - Building for Germany 
  
The ARIMA building process for the reference series representing German economic 

activity was based on the same literature as in the case of the Czech Republic and 

consisted of the same steps. 

 

As we are using the cyclical component of the seasonally adjusted time series that was 

extracted from the original time series by calculating the long-term trend, which was 

subsequently subtracted from the original time series, we assume that this requirement 

is met and hence, no further degree of differencing is needed. Therefore, 𝑑 = 0.  

 

In order to determine the parameters p and q, the graphical representations of the ACF 

and PACF were studied. Figure 8 depicts the ACF of the cyclical component of the 

German GDP and Figure 9 depicts the PACF of the same variable. 

 

Similar to the ACF of the cyclical component of the Czech GDP, the ACF of the 

cyclical component of the German GDP displays slow exponential decay that "cuts-of" 

after second, possibly third lag, implying two possible outcomes:  

1. moving average process of the second, (third), order, as the "cut-off" after 2nd, 

(3rd)  lag is present, or 

2. autoregressive process of p-th order, as the exponential decay is present. 

 

 Prob > chi2(40)           =     0.9837
 Portmanteau (Q) statistic =    23.3160
                                       
Portmanteau test for white noise
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                                Figure 8: Autocorrelation function of the cyclical component of German GDP 

 

Additionally, graphical representation of the PACF suggests: 

1. autoregressive process of the second order, as the "cut-off" after second lag is 

present. 

 

 
                                Figure 9: Partial Autocorrelation function of the cyclical component of German  

                                                GDP 

 

Moreover, the value of partial correlation of the 4th lag is on the edge of the 95% 

confidence interval, and therefore, it was also considered into the subsequent analysis. 
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According to the observations of the ACF and PACF, I started testing various 

combinations of the parameters p and q, starting with the value of p = 2. According to 

the same criterion as in previous section, only models with all terms statistically 

significant were taken into consideration for the final evaluation. BIC was again used as 

final decisions maker.  The previously considered model with p = 4 was eventually 

discarded, as the terms AR(2)-AR(4) were not statistically significant. 

 

At the end of the analysis, the ARIMA model with parameters 𝑝 = 2 & 𝑞 = 0 was 

chosen with the value of BIC 1936.806.  In order to test the validity of selected AR and 

MA terms, Ljung-Box test for white noise was employed. The results are depicted in 

figure 10. 

 

 
Figure 10: Results of the Ljung-Box test for residuals of the established ARIMA model for Germany 

 

The results of the test conclude that the residuals of the ARIMA(2,0,0) model do behave 

as white noise, and therefore, the AR and MA terms sufficiently free the residuals from 

the autocorrelation. 

 

Therefore, the established model for naive forecasting of the economic activity of 

Germany has the form ARIMA(2,0,0).  

 

3.3 Selection of the economic indicators for the ARIMAX 
models 
 

After the ARIMA models for naive forecasting were established, a number of indicators 

was selected, on the basis of the results from the first stage of the analysis, to examine 

whether they provide an additional information over the information solely provided by 

the lagged values of the reference series. 

 

Five variables for each country were chosen, whereas two are of quantitative, two of 

qualitative and one of mixed character. In order to maintain the ability to compare the 

 Prob > chi2(40)           =     0.8183
 Portmanteau (Q) statistic =    31.8247
                                       
Portmanteau test for white noise
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results across two countries, identical indicators or indicators of similar nature were 

selected. As the quantitative indicators with the highest correlation coefficient and the 

Granger causality in time period t− 1 and t− 2 differ for both countries, these two 

types of indicators were selected.  

 

Therefore, the selected quantitative indicators are: 

• Index of Industrial Production 

• Stock Market Index 

o PX for the Czech Republic 

o DAX 100 for Germany 

 

Furthermore, during selection process of the qualitative indicators, similar approach was 

followed. In the case of Germany, the indicator representing the overall business 

climate displayed highest correlation coefficient among the indicators whose lagged 

values in both lagged time periods (t− 1 & t− 2) Granger causes reference series in 

time period t. As the equivalent for the Czech Republic, the Composite Indicator 

produced and published by the Czech Statistical Office was chosen.  

 

As the qualitative indicator with the highest correlation coefficient for the Czech 

Republic is very similar to the already selected Composite Indicator, another indicator, 

in order to increase the diversity of studied sample, was preferred. Eventually, the 

Confidence Indicator in manufacturing compiled and published by the OECD became 

the fourth studied indicator. 

 

Therefore, the selected qualitative indicators are: 

• OECD Confidence Indicator in manufacturing  

• Business Climate Indicators 

o Ifo Business Climate Index for Germany 

o The Composite Indicator by the Czech Statistical Office for the Czech 

Republic 

 

Finally, the composite leading indicator produced and presented by OECD 

complements the set and is the fifth studied indicator via the ARIMAX model. The 
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main motivation is its practical importance, high rate of correlation with the reference 

series in all time periods as well as proved Granger causality. 

 

In the beginning of next section I will shortly describe the principle of the forecasting 

method that was employed as well as measurements utilized for assessing the 

forecasting performance.  

 

3.4 Measurement and evaluation of the forecasting errors 
 

In order to assess the quality of the potential additional information that lagged values 

of the chosen economic indicators might possess, one-step ahead "out-of sample" 

forecasts were calculated. The forecasts were computed on quarterly basis, jointly 

covering 5 years, beginning from the first quarter of 2011. 

 

The process of obtaining the forecasts composed of procedure called "rolling-window"; 

in order to obtain the first forecast, for the time period 2011Q1, data from 1995Q1 till 

2010Q4 were used and on their basis the established ARIMA and ARIMAX model 

were launched. Furthermore, in order to obtain the second forecast for the time period 

2011Q2, data from 1995Q1 till 2011Q1 were used and on theirs basis the models were 

launched.  

 

This process was repeated for all subsequent time periods, whereas for every 

succeeding time period the size of the sample set proliferated by one. Eventually, in 

order to obtain the forecast for the last studied time period, 2015Q4, data from 1995Q1 

to 2015Q3 were used. 

 

Moreover, for every observation, forecasts for two subsequent periods were made. In 

the case of the ARIMA models, it didn't constitute any obstacle, as for the second 

forecast the value of the first forecast was used as a term AR(1). Moreover, in order to 

obtain the first forecast for the period t+ 2, data ranging from 1995Q1-2010Q3 were 

utilized. In order to obtain the last forecast for the period t+ 2, the data from 1995Q1 

till 2015Q2 were used. 
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However, in order to obtain forecasts for the time period t+ 2 by using the ARIMAX 

model, certain arrangements were made. Being in time period t  and having the 

respective data available for the time period t, the forecast for the time period t+

1 might be based on the lagged values of the indicator with lead time 1 quarter as well 

as with lead time two quarters. Nonetheless, being in the time period t and having the 

respective data available for the time period t, the forecasts for time period t+ 2 might 

be based only on the lagged values of the indicator with lead-time 2 quarters, as the 

only way how we could employ data for lagged indicator with lead-time 1 quarter, 

would be to know its respective value for period t+ 2, which we do not know. 

 

Therefore, in the ARIMAX model, lagged value of the indicator with lead-time one 

quarter was dropped when the forecasts for period t+ 2 were conducted. 

 

The evaluation of the forecasting performance of the ARIMA and ARIMAX model for 

given economic indicators are primarily based on calculating Mean-Absolute-Percent-

Error and then Root-Mean-Squared-Error statistics.  

 

In the next section, the results of the assessment of the forecasting performance of the 

ARIMA models for both countries are presented. In the subsequent section, results of 

the assessment of the forecasting performance of the ARIMAX models for selected 

indicators within the countries are stated and commented upon. Finally, the obtained 

results are compared across the countries.  

 

3.4.1 ARIMA Model   
 

Statistics mean-absolute-percent-error (MAPE) was utilized for the comparison 

purposes of the forecasting performance of the established ARIMA models. 

Furthermore, MAPE was calculated for the forecasts of the time periods within the 

same year, from 2011 to 2015. This allows not only to verify the consistency of the 

predictive ability of the indicators, but also to better compare predictive ability of the 

indicators intra and inter-countries. 
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Table 8 summarizes the MAPE of one-period-ahead forecasts of the ARIMA models for 

the Czech Republic and Germany and table 9 summarizes the MAPE of the two-

periods-ahead forecasts of the ARIMA models. 

 

In the case of the Czech Republic, considerable rate of consistency in forecasting one-

period-ahead is present. The only exception is the deviation that occurred in 2012. The 

consistent rate of the absolute relative error seems to be around 40%. 

 

However, in the case of Germany, considerable instability of the forecasting 

performance of one-period-ahead forecasts is detected. Furthermore, during the year 

2014 the forecasting performance is significantly the worst. This is result of the change 

in course of the development of the cyclical component in the fourth quarter of the 2014 

that the forecasting model completely missed. Additionally, it is worth noting that the 

value of the cyclical component in Q4 2014 increased from -9489 to 506, and so, this 

sudden occurrence of the small value skewed a little bit the results due to nature of the 

MAPE. 

 

MAPE (𝐭− 𝟏) ARIMA(2,0,1) CZE ARIMA(2,0,0) GER 

2011q1-q4 43% 47% 

2012q1-q4 96% 92% 

2013q1-q4 40% 135% 

2014q1-q4 31% 630% 

2015q1-q4 41% 30% 

Mean MAPE 50% 187% 
                Table 8: MAPE of the one-period-ahead forecasts produced by ARIMA models 

	

In conclusion, the naive forecasting model for the Czech Republic outperformed in 

forecasting one-period-ahead forecasts the naive forecasting model for Germany during 

2011, 2013 and 2015, and in 2012 and 2014 the naive forecasting model for Germany 

achieved lower MAPE values than did the naive forecasting model for the Czech 

Republic.  

 

The similar pattern in the forecasting performance of two-periods-ahead forecasts is 

visible in the case of the Czech Republic, as in the previous case. Forecasting 
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performance seems to be consistent and stable over the time, except for the recurring 

deviation during 2012 

 

MAPE (𝐭− 𝟐) ARIMA(2,0,1) CZE ARIMA(2,0,0) GER 

2011q1-q4 45% 66% 

2012q1-q4 123% 80% 

2013q1-q4 44% 226% 

2014q1-q4 49% 613% 

2015q1-q4 65% 111% 

Mean MAPE 65% 219% 
                Table 9: MAPE of the two-periods ahead forecasts produced by ARIMA models 

	

Furthermore, the MAPE is higher for all studied time periods, the fact that is valid also 

from the intuitive perspective, as the forecasts for the later periods are conducted, the 

more uncertain they become. 

 

However, forecasting performance for two-periods-ahead in the case of Germany 

follows completely different pattern than in the case of one-period-ahead forecasts. In 

years 2012 and 2014 the forecasting performance was improved, whereas for the other 

years deteriorated. Despite the slight improvement in forecasting performance, the mean 

MAPE for the whole studied time period increased, in comparison to the mean MAPE 

of one-period-ahead forecasts.  

 

In conclusion, the established ARIMA model for the Czech Republic seems to have 

been more precise in forecasting future development of the reference series than the 

established ARIMA model for Germany.   

 

3.4.2 ARIMAX Models for the Czech Republic 
 

For the comparison purposes between the forecasting performance of the ARIMA and 

ARIMAX models for the Czech Republic, the MAPE and RMSE ratios between the 

ARIMAX models and respective ARIMA model were calculated according to the 

following formula: 
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𝑅𝑡 =
𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝐴𝑅𝐼𝑀𝐴𝑋𝑀𝐴𝑃𝐸; 𝑅𝑀𝑆𝐸 𝑖𝑛 𝑡𝑖𝑚𝑒 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡
𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝐴𝑅𝐼𝑀𝐴𝑀𝐴𝑃𝐸; 𝑅𝑀𝑆𝐸 𝑖𝑛 𝑡𝑖𝑚𝑒 𝑝𝑒𝑟𝑖𝑜𝑑 𝑡   

 
The values that are lower than 1 indicate that the ARIMAX model improved given 

statistics and enhanced the forecasting performance, whereas the values that are over 1 

indicate that the ARIMAX model worsened given statistic and the forecasting 

performance. 

 

Furthermore, the MAPE ratios are utilized as the primary criterion when evaluating 

whether adding lagged values of selected economic indicators helped to improve the 

forecasting performance of the established ARIMA models due to its no scale-

dependent character. Additionally, as the RMSE statistics is scale-dependent, its ratios 

are utilized only as a secondary statistics.  

 

For stated economic indicator tables 10−  14 declare whether given ratio is conducted 

for the MAPE or RMSE statistics, and whether one-period- or two-periods-ahead 

forecast errors are compared to those generated by the ARIMA model for given time 

period.  

 

3.4.2.1 Composite Leading Indicator, OECD 
 

In table 10 the forecasting performance of the ARIMAX model with lagged values of 

OECD composite leading indicators is evaluated with respect to the established ARIMA 

model for Czech Republic. 

 

The MAPE ratios signal that adding lagged values of the CLI into ARIMA model 

improved the forecast errors during 4 out of 5 studied time periods for one-period-ahead 

forecasts, and during 2 out of 5 studied periods for two-periods-ahead forecasts.  

 

Furthermore, the greatest improvement of the forecasts was for year 2012, during 

which, the MAPE of ARIMA model more than doubled with respect to other time 

periods, meaning that the forecasts were much more inaccurate than in the previous 

years. Therefore, employing OECD's CLI seems to penalize for this inefficiency in the 

performance of the ARIMA model in 2012 and normalize the forecast errors. 
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Composite Leading Indicator, OECD 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 0,57 1,01 1,09 1,02 

2012q1-q4 0,28 0,08 0,69 0,64 

2013q1-q4 0,87 0,89 0,91 0,86 

2014q1-q4 1,42 1,20 1,42 1,12 

2015q1-q4 0,65 1,05 1,24 1,07 
                   Table 10: MAPE and RMSE ratios for the ARIMA model with added lagged values of OECD's  

                                   CLI for the Czech Republic 

 

Additionally, the RMSE ratios affirm the results implied by the MAPE ratios. During 

2012 as well as 2013, the ARIMAX model was more accurate in forecasting both one-

period- and two-periods-ahead forecasts. For the time periods in 2011 the forecasting 

performance seems to be almost identical for both ARIMA and ARIMAX models. 

However, the ARIMA model seems to anticipate future periods in 2014 and 2015 better 

than the ARIMAX models. 

 

3.4.2.2 Index of Industrial Production 
 

Table 11 summarizes the MAPE and RMSE ratios between the ARIMA model and 

ARIMAX model with lagged values of the Index of Industrial Production. 

 

Index of Industrial Production 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 1,41 1,64 1,27 1,15 

2012q1-q4 1,56 0,46 0,97 1,06 

2013q1-q4 0,71 0,71 0,94 1,03 

2014q1-q4 0,76 0,67 0,88 1,04 

2015q1-q4 0,28 1,02 1,02 1,03 
Table 11: MAPE and RMSE ratios for the ARIMA model with added lagged values of Czech 

                                    Index of Industrial Production 
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The MAPE ratios suggests that ARIMAX model improved relative forecast errors for 

one- period- as well two-periods-ahead forecasts for 3 out of 5 studied time periods. 

One-period-ahead forecasts were improved in years 2013, 2014 and 2015, whereas two-

periods-ahead forecasts during 2012, 2013 and 2014.  

 

Furthermore, the RMSE ratios affirm the improvement in three out of five periods for 

the one-period-ahead forecasts; nevertheless, the periods differ. The RMSE was 

improved during 2012, 2013 and 2014, while in 2015 the RMSE ratio seems almost 

balanced. Contrary, the RMSE ratios for the two-periods-ahead forecasts suggest that 

the RMSE of the ARIMA model was constantly slightly more accurate than that of 

ARIMAX model with added lagged value of the Index of Industrial Production with 

lead time 2 quarters.   

 

Finally, it is worth pointing out that the MAPE of one-period-ahead forecasts, resulting 

from the ARIMAX model with lagged values of the Index of Industrial Production, 

improved the relative forecasting error for year 2014, the only year out of studied 

sample, for which the ARIMAX model with added lagged values of CLI produced 

larger relative forecast errors than ARIMA model did. Similarly, for time periods in 

2012, for which the ARIMAX model with lagged values of CLI improved the ARIMA 

model mostly, ARIMAX model with lagged values of IIP generated less accurate 

forecasts than ARIMA model did.  

 

3.4.2.3 Index of Stock Prices 
 

Table 12 summarizes the calculated MAPE and RMSE ratios between the ARIMA 

model and ARIMAX model with lagged values of the PX stock index. 

 

According to the  MAPE ratios, ARIMAX model with lagged values of PX stock index 

improved the relative forecast errors produced by ARIMA model in three out of five 

studied time periods for one-period-ahead forecasts, and in two out of five studied time 

period for two-periods-ahead forecasts. These time periods are 2012, 2014 and 2015, 

and 2012 and 2014, respectively. 
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PX Index 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 1,56 1,76 1,68 1,62 

2012q1-q4 0,64 0,3 0,92 1,08 

2013q1-q4 1,22 1,41 1,1 1,23 

2014q1-q4 0,84 1,03 0,92 1,05 

2015q1-q4 0,38 1,06 1,01 1,03 
                   Table 12: MAPE and RMSE ratios for the ARIMA model with added lagged values of PX 

 

However, the RMSE ratios signal that the RMSE of the ARIMA model was improved 

only for one studied time period, 2012, for one-period-forecasts, whereas, the RMSE of 

two-periods-ahead forecasts was maximally almost identical or much worsened for all 

studied time periods. 

 

3.4.2.4 The Composite Indicator, Czech Statistical Office 
 

Table 13 summarizes the MAPE and RMSE ratios between the ARIMA model and 

ARIMAX model with lagged values of the Composite Indicator compiled and published 

by the Czech Statistical Office. 

 

The Composite Indicator, Czech Statistical Office 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 0,98 1,04 1,27 1,16 

2012q1-q4 1,18 0,39 0,96 1,02 

2013q1-q4 0,95 0,97 0,94 1,08 

2014q1-q4 0,97 1,11 0,85 1,04 

2015q1-q4 0,28 1 1,03 1,02 
                 Table 13: MAPE and RMSE ratios for the ARIMA model with added lagged values of  

                                 Composite Indicator produced by Czech Statistical Office 

 

The MAPE ratios are below break-even value 1 during 4 out of 5 studied periods for 

one-period-ahead forecasts, and during 3 studied periods for two-periods-ahead 
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forecasts. Nevertheless, for majority of years the ratios are only slightly below 1, 

suggesting that the rate of improvement is less dramatic as it is, for example, in the case 

of IIP, whose MAPE ratios are well below value 0.8, during time periods when the 

forecasting performance of the ARIMA model was improved.  

 

Furthermore, the RMSE ratios signal that the RMSE of the forecasts was improved 

during two studied time periods, 2012 - 2013, whereas in 2015 the RMSE was identical 

for one-period-ahead forecasts. However, the RMSE of the two-periods-ahead forecasts 

produced by the ARIMAX model is worse for all studied periods, whereas the ratios are 

only slightly above one.  

 

3.4.2.5 Confidence Indicator in Manufacturing, OECD 
 

Table 14 summarizes the MAPE and RMSE ratios between the ARIMA model and 

ARIMAX model with lagged values of the confidence indicator in manufacturing that is 

compiled and published by the OECD. 

 

The MAPE ratios suggest that the forecasting performance for one-period-ahead 

forecasts as well as for two-periods-ahead forecasts was improved during three studied 

time periods. The forecasting performance of one-period-ahead forecasts was enhanced 

during 2011, 2013 and 2014, and of two-periods-ahead forecasts during 2012 - 2014. 

 

Confidence Indicator in Manufacturing, OECD 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 0,65 0,78 1,19 1,11 

2012q1-q4 1,27 0,38 0,96 0,99 

2013q1-q4 0,9 0,96 0,95 1,12 

2014q1-q4 0,96 1,16 0,89 1,04 

2015q1-q4 1,05 1,03 1,01 1,01 
                   Table 14: MAPE and RMSE ratios for the ARIMA model with added lagged values of Czech  

                                   Confidence indicator in manufacturing compiled by OECD 
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Furthermore, the RMSE was lower for one-period-ahead forecasts during years 2011, 

2012 and 2013 than was the RMSE for one-period-ahead forecasts produced by the 

ARIMA model. The RMSE of two-periods-ahead forecasts produced by the ARIMAX 

model was higher than that generated on the basis of the ARIMA model for all studied 

time periods. 

 

3.4.2.6 Evaluation of the accuracy of ARIMAX models 
 

This section provides an overview of the results presented in the previous sections. In 

table 15 the indicators that improved the MAPE of one-period-ahead forecasts are 

ranked according to the quality of the additional information that helped to forecast 

future time periods with higher accuracy; evaluated according to the magnitude of the 

improvement. In table 16 the indicators that improved the MAPE of two-periods-ahead 

forecasts are ranked according to the same criterion. 

 

𝐭− 𝟏 1. 2. 3. 4. 5. 

2011q1-q4 OECD CLI OECD CI CSO CI - - 

2012q1-q4 OECD CLI PX - - - 

2013q1-q4 IIP OECD CLI OECD CI CSO CI - 

2014q1-q4 IIP PX OECD CI CSO CI - 

2015q1-q4 IIP CSO CI PX OECD CLI - 
   Table 15: Evaluation of one-period-ahead forecasts produced by ARIMAX models established for the Czech       

                    Republic 

 

In the case of one-period ahead forecasts, the OECD's composite leading indicator and 

the Index of Industrial Production display the additional information of the highest 

quality that improved the forecast errors generated by the established ARIMA(2,0,1) 

model. 

 

In the case of two-periods-ahead forecasts, the composite leading indicator proved to be 

the most informative economic indicator out of all studied indicators for the Czech 

Republic, with Index of Industrial Production being the second most informative. 
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𝐭− 𝟐 1. 2. 3. 4. 5. 

2011q1-q4 - - - - - 

2012q1-q4 OECD CLI PX OECD CI CSO CI IIP 

2013q1-q4 OECD CLI IIP CSO CI OECD CI - 

2014q1-q4 CSO CI IIP OECD CI PX - 

2015q1-q4 - - - - - 
   Table 16: Evaluation of two-periods-ahead forecasts produced by ARIMAX models established for the Czech  

                    Republic 

 

In conclusion, the results provides us with enough evidence to say that aforementioned 

indicators do possess the additional information of considerable quality over the 

information solely provided by the lagged values of the reference series. As studied 

indicators are from the category "Real-time" as well as "Soft" indicators, we have 

enough evidence, for the case of the Czech Republic, to validate the hypothesis number 

2 and 3 that state: Soft economic indicators are effective tools for forecasting and bring 

substantial information about future trends in the economy, and Real-time business 

cycle indicators are effective tools for forecasting and bring substantial information 

about future trends in the economy. 

 

Moreover, the results also indicate that the ability of the indicators to provide additional 

information vary; the implication that is consistent with the statement, that every 

business cycle is unique and sparked as well as driven by different set of dynamics, and 

therefore, the results also affirm the reasoning, according to which analyst should 

considered whole range of indicators, when trying to predict future development of the 

business cycle. 

 

The recorded fluctuations in the forecasting performance of the studied indicators lead 

us to the conclusion that we have enough evidence to reject the first hypothesis that 

state: Naive forecasting is the least precise kind of forecasting method and fails to 

predict upcoming turning points, as during certain time periods, naive forecasting 

method provided more accurate forecasts than the model with added lagged values of 

economic indicators. 
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Finally, in combination with the results from the first stage of the analysis, the results of 

the second stage of the analysis showed that the composite leading index exhibits the 

highest rate of the consistency in displaying this ability as well as the quality of the 

information provided, demonstrating why the composite indexes gained such popularity 

over the time. 

	

3.4.3 ARIMAX Models for Germany 
 

For the evaluation purposes of the forecasting performance of one-period-ahead as well 

two-periods-ahead forecasts produced by different ARIMAX models, the same MAPE 

and RMSE ratios were used to establish the relationship between the forecasting errors 

of established ARIMA(2,0,0) model for Germany and different ARIMAX models, as in 

the case of the Czech Republic. Moreover, the MAPE ratios were used as the primary 

statistics and RMSE ratios as the secondary statistics.  

 

3.4.3.1 Composite Leading Indicator, OECD 
 

In table 17 the forecasting performance of the ARIMAX model with added lagged 

values of OECD composite leading indicators is evaluated with respect to the ARIMA 

model. 

	

Composite Leading Indicator, OECD 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 1,08 0,89 0,63 0,63 

2012q1-q4 0,74 0,76 1,26 1,79 

2013q1-q4 1,14 0,89 0,82 0,59 

2014q1-q4 1,61 1,03 0,98 1,69 

2015q1-q4 2,83 0,98 2,29 1,69 
                   Table 17: MAPE and RMSE ratios for the ARIMA model with added lagged values of                     

                                    OECD's CLI for Germany 

	

MAPE ratios for one-period-ahead forecasts suggest that the forecasting performance of 

the ARIMA model was improved during year 2012, and for two-periods-ahead forecasts 
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the relative forecast errors improved for three studied time periods: 2011, 2013 and 

2014. 

 

Nevertheless, the RMSE ratios for one-period-ahead forecasts suggest that the 

forecasting performance was improved for years 2011-2013 as well as 2015. 

Furthermore, the RMSE ratios for two-periods-ahead forecasts suggest that the 

forecasting performance was improved for years 2011 and 2013.   

	

3.4.3.2 Index of Industrial Production 
 

In table 18 the RMSE and MAPE ratios between the ARIMA model and ARIMAX 

model with lagged values of Index of Industrial Production are listed. 

 

Index of Industrial Production 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 0,67 0,66 0,98 0,98 

2012q1-q4 1,22 0,89 1,01 1 

2013q1-q4 0,73 0,58 1 0,85 

2014q1-q4 0,92 0,88 0,99 1,33 

2015q1-q4 2,58 1,05 0,99 0,8 
                   Table 18: MAPE and RMSE ratios for the ARIMA model with added lagged values of  

                                   German Index of Industrial Production 

 

According to the MAPE ratios for one-period-ahead forecasts the ARIMAX model with 

lagged values of IIP improved the forecasting errors of the ARIMA model during three 

studied periods: 2011, 2013 and 2014. Furthermore, the MAPE ratios for two-periods-

ahead signal that the forecasting performance between the ARIMA and ARIMAX 

model is practically identical, as the ratios fluctuate around value 1, with deviations of 2 

percentage points in both directions. 

 

Additionally, according to the RMSE ratios, one-period-ahead forecasts were improved 

in 4 studied time periods: 2011-2014, and two-periods-ahead forecasts in 2011, 2013 

and 2015.  
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Finally,	according	to	the	RMSE	statistics,	the	ARIMAX	model	with	lagged	values	of	

Index	of	Industrial	Production	was	the	only	model	that	managed	to	produce	two-

periods-ahead	 forecasts	 for	 year	 2015	with	 lower	MAPE	 than	 the	 ARIMA	model	

did.		

	

3.4.3.3 Index of Stock Prices 
 

Table 19 summarizes the RMSE and MAPE ratios between the pure ARIMA model and 

ARIMA model, to which lagged values of the stock index DAX 100 were added. 

 

DAX 100 Index 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 1,18 0,9 0,99 1,01 

2012q1-q4 1,31 1,14 1,22 1,45 

2013q1-q4 0,65 0,85 0,72 0,71 

2014q1-q4 1,16 1,03 1,05 1,5 

2015q1-q4 9,72 3,88 2,16 1,28 
                   Table 19: MAPE and RMSE ratios for the ARIMA model with added lagged values of  
                           DAX 100 

 

The MAPE ratios suggest that both one-period-ahead and two-periods-ahead forecasts 

of were improved during 2013. Additionally, the MAPE ratio for two-periods-ahead 

forecasts was also improved for time periods in year 2011 as well as in 2012. 

 

Complementary, the RMSE ratios for two-periods-ahead forecasts affirm that the only 

period, in which the forecasts were improved, is 2013, and for year 2011 the RMSE 

ratio is slightly above 1, 1.01, implying very similar forecasting performance between 

ARIMA and ARIMAX model. Furthermore, RMSE ratios for one-period-ahead 

forecasts suggest that the forecasting performance was improved during already 

mentioned year 2013 as well during 2011. 
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3.4.3.4 Business Climate Index, Ifo Institute 
 

Table 20 summarizes the MAPE and RMSE ratios between the ARIMA model and the 

ARIMA model, to which lagged values of the Business Climate Index that is produced 

and published by the Ifo institute were added. 

 

 Business Climate Index, Ifo Institute 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 0,67 0,64 0,44 0,44 

2012q1-q4 0,44 0,75 1,3 1,52 

2013q1-q4 0,61 0,49 0,81 0,6 

2014q1-q4 2,18 1,49 0,48 1,66 

2015q1-q4 6,64 1,04 3,35 0,66 
                   Table 20: MAPE and RMSE ratios for the ARIMA model with added lagged values of  

                                    Business Climate Index by Ifo Institute 

 

According to the calculated MAPE ratios, the ARIMAX model improved one-period-

ahead forecasts during three periods, 2011-2013, as well as two-periods-ahead forecasts 

during three periods, 2011, 2013 and 2014.   

 

Furthermore, the RMSE ratios also imply that the forecasting performance was 

improved during three out of five time periods for one-period- as well as two-periods-

ahead forecasts. 

 

For one-period-ahead forecasts, the RMSE ratios whose values are below 1 match those 

MAPE ratios whose values are also below one. In the case of two-periods-ahead 

forecasts, the RMSE ratios with aforementioned property match the MAPE ratios in two 

time periods, 2011 and 2012, but differ in suggested third time period, as according to 

the RMSE the third period, during which the forecast errors were lowered, is year 2015.  
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3.4.3.5 Confidence Indicator in Manufacturing, OECD 
 

Table 21 summarizes the MAPE and RMSE ratios between the ARIMA model and 

ARIMAX model with lagged values of the confidence indicator in manufacturing that is 

compiled and published by the OECD. 

 

 Confidence Indicator in Manufacturing, OECD 

Time Period MAPE RMSE MAPE RMSE 

 𝐭− 𝟏 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟐 

2011q1-q4 1 0,76 0,84 0,85 

2012q1-q4 0,73 0,99 1,15 1,31 

2013q1-q4 0,99 0,82 0,79 0,59 

2014q1-q4 1,2 0,77 1,11 1,52 

2015q1-q4 2,26 1,04 1,16 0,66 
                   Table 21: MAPE and RMSE ratios for the ARIMA model with added lagged values of  

                                    German Confidence indicator in manufacturing compiled by OECD 

 

The MAPE ratios indicate that only during one time period were one-period-ahead 

forecasts errors significantly improved, for year 2012, whereas during 2013 the 

forecasting performance seems to be almost identical, as the value of the MAPE ratio is 

0.99. The two-periods-ahead forecast errors were improved during two studied periods, 

during 2011 and 2013. 

 

Furthermore, the RMSE ratios for one-period-ahead forecasts suggest that during 4 out 

of 5 studied periods the forecasting performance of the ARIMAX model was not worse 

than the performance of the ARIMA model, whereas during three studied periods it was 

better, 2011-2013. Additionally, RMSE ratios suggest that two-periods-ahead forecasts 

produced by the ARIMAX model were more accurate than those produce by pure 

ARIMA model during three time periods, 2011, 2012 and 2015. 

 

3.4.3.6 Evaluation of the accuracy of ARIMAX models 
	

In table 22 the indicators that improved the MAPE of one-period-ahead forecasts are 

ranked according to the quality of the additional information that helped to forecast 
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future time periods with higher accuracy; evaluated according to the magnitude of the 

improvement. In table 23 the indicators that improved the MAPE of two-periods-ahead 

forecasts are ranked according to the same criterion. 

 

𝐭− 𝟏 1. 2. 3. 4. 5. 

2011q1-q4 IIP   IFO BCI - - - 

2012q1-q4 IFO BCI  OECD CI OECD CLI  - - 

2013q1-q4 IFO BCI  DAX 100 IIP   OECD CI - 

2014q1-q4 IIP   - - - - 

2015q1-q4 - - - - - 
  Table 22: Evaluation of one-period-ahead forecasts produced by ARIMAX models established for Germany 

 

In the case of one-period-ahead forecasts, the indicators Index of Industrial Production 

and the Business Climate Index published by the Ifo Institute were identified to 

consistently provide most informative additional information that helps to assess future 

development of the German economic activity. 

 

𝐭− 𝟐 1. 2. 3. 4. 5. 

2011q1-q4 IFO BCI OECD CLI OECD CI IIP DAX 100 

2012q1-q4 - - - - - 

2013q1-q4 DAX 100 OECD CLI OECD CI IFO BCI - 

2014q1-q4 IFO BCI IIP - - - 

2015q1-q4 IIP - - - - 
   Table 23: Evaluation of two-periods-ahead forecasts produced by ARIMAX models established for Germany 

 

In the case of two-periods-ahead forecasts, indicator Business Climate Index display the 

most consistent rate of improving the forecasting performance of the pure ARIMA 

model, implying that it provides the additional information of highest quality in terms of 

assessing future development of the German economic activity for the time horizon 2 

quarters. Additionally, OECD's Composite Leading Indicator and Index of Industrial 

Production were proved to provide a helpful guidance for two-periods-ahead 

forecasting, nevertheless, not of such high quality as Business Climate Index did. 
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As it was in the case of the Czech Republic, we have enough evidence to say that the 

economic indicators do provide additional information of considerable quality over the 

information solely provided by the lagged values of the reference series and as both 

"Real-time" and "Soft" indicators exhibited this property, we also have enough evidence 

to validate the hypothesis 2 and 3 that state: Soft economic indicators are effective tools 

for forecasting and bring substantial information about future trends in the economy, 

and Real-time business cycle indicators are effective tools for forecasting and bring 

substantial information about future trends in the economy. 

 

Furthermore, results showed that the rate of consistency, with which additional 

information is provided vary throughout time and across indicators. Therefore, the 

statement, that analyst should look on whole range of indicators covering different 

aspect of the economy at once, while seeking to predict future development of the 

economic activity, is once again confirmed. Additionally, we might add that in the case 

of Germany, qualitative indicators seem to work better for the forecasting purposes than 

quantitative ones do. 

 

Additionally, the iterated fluctuations in the forecasting performance lead us to reject 

the first hypothesis that states Naive forecasting is the least precise kind of forecasting 

method and fails to predict upcoming turning points, as also in the case of Germany, 

time periods were recorded, during which naive forecasting method provided more 

accurate forecasts than the model with added lagged values of the economic indicators. 
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3.5 Final Comparison 
 

In this section, the quality of additional information that the indicators add to the pure 

ARIMA model is compared across the countries according to the nature of the indicator. 

The MAPE measurement was employed as the decisive criterion, on which basis the 

predictive ability of the indicators is evaluated due to its not scale-dependent character. 

 

3.5.1 Composite Leading Indicator, OECD 
 

Adding lagged values of the OECD's composite leading indicator for the Czech 

Republic into the established ARIMA model resulted in decreasing the MAPE of one-

period-ahead forecasts during 4 out of 5 studies time periods, whereas adding the lagged 

values of the OECD's composite leading indicator for Germany into the established 

ARIMA model resulted in decreasing the MAPE of one-period-ahead forecasts only 

during one studied time period.  

 

In the case of two-periods-ahead forecasts, the ARIMAX model for the Czech Republic 

improved forecasting performance for two studied time periods, whereas ARIMAX 

model for Germany improved forecasting performance for three studied time periods. 

 

Furthermore, the results of the Pearson correlation coefficient imply higher rate of the 

correlation between the lagged values of the Czech composite leading indicator and the 

respective reference series for both lagged time periods than between the lagged values 

of German CLI and the respective reference series, with difference for both time periods 

0,15. 

 

Therefore, OECD's composite leading indicator seems to be relatively more important 

and precise in assessing the future development of the Czech economic activity for one-

period-ahead predictions than of the German economic activity. However, in the same 

endeavour, but for two-periods-ahead predictions, the CLIs for both countries exhibit 

similar forecasting performance, and none indicator significantly outperform the other, 

despite the difference in the Pearson correlation coefficient values. 
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3.5.2 Index of Industrial Production  
 

ARIMAX models with lagged values of Index of Industrial Production for both 

countries lowered the MAPE for one-period-ahead forecasts for three studied time 

periods in the case of the Czech Republic as well as in the case of Germany. 

 

Furthermore, in the case of the Czech Republic also two-periods-ahead forecasts were 

improved for three time periods, whereas in the case of Germany the values of the 

MAPE ratio were below 1 during three studied time periods, but by no more than 0,02.  

 

In conclusion, even though the correlation coefficients between the lagged values of IIP 

with lead time t− 1 is higher in the case of the German indicator, on basis of the MAPE 

ratios, we can conclude that the relative importance of the Index of Industrial 

Performance in predicting future development with lead-time t− 1 is comparable for 

both countries.  

 

Moreover, the quality of the additional information that indicator provides in terms of 

forecasting future economic development for two-periods-ahead forecast is even more 

similar, as not only the values of the Pearson correlation coefficient are almost identical, 

but also the magnitude of the MAPE of the forecast errors for both ARIMAX models 

improved comparably.  

 

3.5.3 Index of Stock Prices 
 

By adding lagged values of the PX index into the established ARIMA model of the 

Czech Republic, we decreased the MAPE of the relative forecast errors of one-period-

ahead forecasts during three studied time periods and of the relative forecast errors of 

two-periods-ahead forecast during two studied time periods. 

 

By adding lagged values of the DAX 100 index into the established ARIMA model of 

Germany, we decreased the MAPE of the relative forecast errors of one-period-ahead 

during one studied time period and of two-periods-ahead forecasts during 2 studied time 

periods. 
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Moreover, the Pearson correlation coefficients are higher for the lagged values of the 

PX for both lagged time periods than of the DAX 100 by rather significant values, 0,1 

for time period t− 1, and 0,15 for time period t− 2. 

 

As the results of the Pearson correlation coefficient are consistent with the magnitude 

and number of improvements of the forecasting performance, after adding the lagged 

values of the Stock prices indexes, both for the Czech Republic and Germany, we can 

conclude that the PX index has relatively higher importance and plays relatively more 

significant role in forecasting future development of the Czech economic activity that 

does its counterpart for the German economic activity.  

 

3.5.4 Overall Business Climate Indicator 
 

ARIMAX models with lagged values of respective Overall Business Climate indicator 

decreased the MAPE of one-period-ahead forecasts during two studied periods in the 

case of the Czech Republic and during three studied time periods in the case of 

Germany. 

 

Furthermore, in the case of Germany, also two-periods-ahead forecasts were improved 

during three studied time periods, whereas the relative forecast errors for two-periods-

ahead forecasts in the case of the Czech Republic were improved as well during three 

studied time periods. 

 

Nevertheless, if the values of the ratios are compared, we see that the German forecast 

errors were improved by much higher rate than that of the Czech Republic. The values 

achieved by German ARIMAX models are lower by 30% and up to 60 % with respect 

to the respective ARIMA model, whereas in the case of the Czech Republic by 3% and 

up to 15% with respect to the respective ARIMA model. 

 

Moreover, the aforementioned rates seem to be in alignment with the results of the 

Pearson correlation coefficient that say that for both lagged time periods the rate of 

correlation was higher for the lagged values of the overall business indicator of 

Germany. 
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Therefore, on the basis of the magnitudes of the MAPE ratios as well as rates of 

Pearson correlation coefficient, we can conclude that qualitative indicator covering 

Overall Business Climate seems to have higher relative importance in forecasting future 

economic development of Germany than of the Czech Republic. 

 

3.5.5 Confidence Indicator in Manufacturing, OECD 
 

Adding lagged values of the OECD's Confidence Indicator in Manufacturing into the 

pure ARIMA model for the Czech Republic resulted in decreasing MAPE of one-

period-ahead forecast errors during one studied period, and two-periods-ahead forecast 

errors during two studied periods.  

 

In the case of Germany, adding lagged values of the OECD's Confidence Indicator in 

Manufacturing into the established ARIMA model resulted in decreasing the MAPE of 

one-period-ahead forecast errors during three studied periods and of two-periods-ahead 

forecast errors as well during three studies periods.  

 

The comparison of MAPE ratios yielded results that are not in alignment with the 

results of the Pearson correlation coefficient and of the Granger causality, suggesting 

that the indicator, Confidence Indicator in manufacturing, plays more significant role in 

predicting the future development of the Czech economic activity than of the German 

one. However, the MAPE ratios imply the opposite to be true.  

 

As the correlation coefficient is a "noisy" measure, and in this manner less accurate, the 

final conclusion on relative superiority of the indicator for given nation is based on the 

MAPE ratios. Therefore, we conclude that the OECD's Confidence Indicator in 

Manufacturing for Germany plays relatively more significant role in predicting future 

economic development of Germany than does its Czech counterpart in predicting that of 

the Czech Republic.	  



	68	

CONCLUSION  
 

In conclusion, the aim of this paper was to analyse the accuracy of the leading economic 

indicators, with which they predict and forecast future development of the economic 

activity and business cycle for small set of countries in the Central and Eastern Europe. 

The thesis undertook the effort to identify the most important indicators for predicting 

and forecasting economic activity of the Czech Republic as well as Germany, and to 

comment on similarities or differences of pinpointed indicators for studied countries. 

 

Firstly, the theoretical background of the business cycle and its components as well as 

the most used leading economic indicators are reviewed. Additionally, major 

institutions engaged in the analysis of the business cycle through leading economic 

indicators are mentioned and commented upon. Secondly, in order to establish solid 

fundamentals for the empirical component of the thesis, theoretical section provides 

summary of the methods appropriate for the evaluation of the predictive ability, models 

utilized for naive forecasting and statistics assessing the forecasting performance. 

 

The empirical part of the thesis began with the description of the methodology, which 

was used as basis for the analysis. Cyclical components of the time series of the 

economic indicators were used for the analysis. They were extracted by subtracting the 

trend component of the time series, which was obtained by using Hodrick-Prescott 

filter, from the original time series. 25 economic indicators were studied in the case of 

the Czech Republic and 22 in the case of Germany. As a proxy for economic activity of 

both countries, quarterly GDP data was selected. 

 

The empirical part itself composed of two main stages. In the first stage of the analysis 

the predictive ability of the indicators was evaluated using the Pearson correlation 

coefficient and the Granger causality. Eventually, 13 economic indicators displayed 

considerable rate of predictive ability towards the reference series in the case of the 

Czech Republic and 12 in the case of Germany. 

 

The Czech economic indicators that exhibited highest rate of correlation as well as the 

Granger causality for the lagged time periods with the reference series were: OECD's 
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Composite Leading Indicator, Index of Stock Prices PX, Index of Industrial Production, 

Current Situation Index compiled by ZEW, Business as well as Composite Indicator 

compiled by Czech Statistical Office and OECD's Confidence Indicator in 

Manufacturing. 

 

The German economic indicators that exhibited the highest rate of the correlation as 

well as the Granger causality for the lagged time periods with the reference series were: 

OECD's Composite Leading Indicator, Index of Industrial Production as well as Index 

of Production in Manufacturing, Overnight interbank rate, Business Climate Index and 

its components compiled by Ifo institute and qualitative indicator Economic Situation 

published by ZEW. 

 

Second stage of the analysis constituted of several steps. First, the ARIMA models for 

the reference series of the Czech Republic and Germany were generated. Subsequently, 

ARIMA models were extended into ARIMAX models by adding lagged values of five 

selected economic indicators that exhibited highest rate of predictive ability, as 

examined in the first stage. Finally, for given models, one-step ahead "out-of-sample" 

forecasts were calculated, and theirs forecasting performance assessed. The forecasting 

errors of the ARIMA models were compared across the countries, and forecasting errors 

of the ARIMAX models were compared with respect to the ARIMA models within as 

well as across the countries, according to the MAPE and RMSE statistics. 

 

Originally, the proposal of the bachelor thesis also included comparing the accuracy of 

the official forecast estimations published by the institutions such as the Central Bank 

or the Ministry of Finance. However, due to unavailability of the quarterly forecasts for 

both studied countries, author eventually decided not to include yearly forecasts into the 

analysis, and recommends this addition to the analysis for further research.  

 

ARIMA model for the Czech Republic seemed to outperform in forecasting 

performance its counterpart for Germany. Furthermore, OECD's Composite leading 

indicator and Index of Industrial Production helped to improve the forecasts with 

greatest consistency and magnitude among the studied economic indicators for the 

Czech Republic. In the case of Germany, qualitative indicator Business Climate Index 
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presented by the Ifo Institute and Index of Industrial Production managed to reduce 

forecasts errors with greatest consistency and magnitude out of studied indicators.  

 

Additionally, we saw that OECD's Composite Leading Indicators and Index of Stock 

Prices play relatively more important role in predicting future development of the 

economic activity than do their counterparts for the economic activity of Germany. 

However, for the qualitative indicator capturing overall business climate and OECD's 

confidence indicator the opposite seemed to be true. Furthermore, the fifth studied 

economic indicator, Index of Industrial Production, exhibited comparable improvement 

of the ARIMA's forecasting performance for both countries. 

 

On basis of the second stage of the analysis, we obtained enough evidence to validate 

the hypothesis number two and hypothesis number three that state: Soft economic 

indicators are effective tools for forecasting and bring substantial information about 

future trends in the economy, and Real-time business cycle indicators are effective tools 

for forecasting and bring substantial information about future trends in the economy. 

Furthermore, the results are in alignment with the notion that each business cycle is 

unique and might be driven by different set of dynamics. Therefore, analyst should look 

at whole range of indicators that proved to be, to some desirable extent, consistent in 

predicting future development of the economic activity.  

 

However, the validity of the first hypothesis: Naive forecasting is the least precise kind 

of forecasting method and fails to predict upcoming turning points was not confirmed. 

The main reason is that ARIMA model, which is considered an advanced model, was 

selected as a naive forecasting method. If the less complex model, such as average 

method, seasonal naive method with or without drift, had been selected, the first 

hypothesis would have been more likely to be validated. 

 

Finally, additional research might provide better insight into the quality of the 

information provided by the indicators over the information solely provided by lagged 

values of reference series, if the analysis is reproduced by using reference series that is 

available on monthly basis; for example, by creating and employing a coincident index. 

Moreover, the analysis might be extended for additional leading economic indicators as 

well as for various compositions of the composite leading indicators.	  
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APPENDICES 
Appendix 1 
List of investigated indicators with the results of the Pearson 
correlation coefficient and the Granger causality 
 

1.1 Czech Republic 
 

Indicator 𝐭+ 𝟐 𝐭+ 𝟏 𝐭 𝐭− 𝟏 𝐭− 𝟐 G- Causality 

Quantitative Indicators 

Index of Industrial Production, Index 

2010=100 

0,42 0,61 0,76 0,78 0,67 t-1 , t-2 

Production in total manufacturing, Index 

2010=100 

0,4 0,59 0,74 0,77 0,67 t-1 , t-2 

Production in total construction, Index 

2010=100 

0,48 0,48 0,43 0,38 0,32 - 

Permits Issued for dwelling, Index 

2010=100 

0,45 0,5 0,5 0,44 0,33 - 

Export in goods 0,29 0,44 0,54 0,55 0,41 t-1, t-2 

Import in goods 0,34 0,5 0,6 0,58 0,43 t-1, t-2 

Retail Trade (Volume), Index, 2010=100 0,65 0,7 0,69 0,6 0,45 - 

Index of turnover - Domestic market, 

Index 2010=100 

0,52 0,71 0,82 0,81 0,68 t-1 

Index of turnover - Non - Domestic 

market, Index 2010=100 

0,3 0,53 0,69 0,76 0,71 t-1, t-2 

Index of turnover (Total), Index 2010=100 0,42 0,63 0,78 0,82 0,72 t-1 

3 month interbank rate 0,36 0,29 0,19 0,05 -0,08 - 

Long term interest rate 0,27 0,18 0,1 0,04 -0,05 - 

Overnight interbank rate 0,26 0,22 0,16 0,07 -0,03 - 

Broad Money (M2), Index 2010=100 0,54 0,43 0,28 0,13 0 - 

Narrow Money (M1), Index 2010=100 0,44 0,53 0,52 0,47 0,35 - 

PX, Index, 2010=100 0,37 0,61 0,77 0,8 0,75 t-1 , t-2 
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Qualitative Indicators 

ČŠU Composite Indicator, Balances 0,05 0,3 0,51 0,61 0,54 t-1, t-2 

ZEW Current Situations Balances 0,08 0,41 0,63 0,66 0,61 t-1 

ČŠÚ Business Indicator, Index 0,16 0,37 0,54 0,61 0,55 t-1, t-2 

OECD, Confidence Indicator 

(Manufacturing) 

0,01 0,21 0,42 0,53 0,49 t-1, t-2 

ČŠÚ The Branch Confidence Indicator 0,08 0,3 0,49 0,59 0,57 t-1, t-2 

OECD, Confidence Indicator 

(Construction) 

0,53 0,63 0,59 0,48 0,27 - 

OECD, Confidence Indicator (Retail 

Trade) 

0,59 0,63 0,55 0,37 0,14 - 

ČŠÚ The Branch Confidence Indicator 0,58 0,62 0,55 0,39 0,16 - 

Composite Leading Indicator 

 𝐭+ 𝟏 𝐭 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟑 𝐭− 𝟒 G-Causality 

OECD 0,35 0,62 0,79 0,84 0,79 0,67 t-1, t-2, t-3 

 

1.2 Germany 
	

Indicator 𝐭+ 𝟐 𝐭+ 𝟏 𝐭 𝐭− 𝟏 𝐭− 𝟐 G- Causality 

Quantitative Indicators 

Index of Industrial Production, Index 

2010=100 

0,54 0,79 0,93 0,85 0,64 t-1 , t-2 

Production in total manufacturing, Index, 

2010=100 

0,49 0,75 0,9 0,85 0,64 t-1 

Production in total construction, Index, 

2010=100 

0,18 0,27 0,43 0,35 0,32 - 

Permits Issued for dwelling, Index, 

2010=100 

-0,27 -0,22 -0,16 -0,06 -0,01 - 

Export in goods 0,42 0,61 0,71 0,64 0,39 t-1, t-2 

Import in goods 0,45 0,64 0,72 0,64 0,4 t-1,2 

Retail Trade (Volume), Index, 2010=100 0,2 0,35 0,48 0,4 0,36 - 

Index of turnover - Domestic market, 

Index, 2010=100 

0,63 0,84 0,94 0,8 0,57 - 
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Index of turnover - Non - Domestic 

market, Index, 2010=100 

0,53 0,79 0,93 0,84 0,64 - 

Index of turnover (Total), Index, 

2010=100 

0,59 0,82 0,94 0,83 0,62 - 

3 month interbank rate 0,79 0,88 0,83 0,63 0,37 - 

Long term interest rate 0,29 0,39 0,46 0,44 0,26 t-1, t-2 

Overnight interbank rate 0,72 0,84 0,85 0,71 0,47 t-1, t-2 

DAX, 2010=100 0,42 0,61 0,72 0,7 0,6 t-1, t-2 

Qualitative Indicators 

IFO Business Climate Index -0,05 0,3 0,59 0,73 0,7 t-1, t-2 

IFO  Business Situation Index 0,27 0,58 0,76 0,77 0,65 t-1 

IFO, Business Expectations Index -0,41 -0,11 0,24 0,5 0,58 t-1, t-2 

ZEW, Economic Situation Balance   0,69 0,72 0,64 t-1 

OECD, Confidence Indicator 

(Manufacturing) 

0,15 0,34 0,4 0,45 0,44 - 

OECD, Confidence Indicator 

(Construction) 

0,05 0,2 0,36 0,45 0,46 - 

OECD, Confidence Indicator (Retail 

Trade) 

0,15 0,39 0,59 0,65 0,59 *t-1 

Composite Leading Indicators 

 t+ 1 t t− 1 t− 2 t− 3 t− 4 G-Causality 

OECD 0,08 0,42 0,64 0,69 0,61 0,47 t-1, t-2 
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Appendix 2  
Values of the MAPE and RMSE of the forecasting errors 
generated by the ARIMAX models 
	

2.1 Czech Republic 
 
 

Composite Leading Indicator, OECD 

Time Period  RMSE   MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 799 959 25% 49% 

2012q1-q4 285 1403 27% 85% 

2013q1-q4 1683 1933 34% 40% 

2014q1-q4 1989 2581 43% 70% 

2015q1-q4 2767 4253 26% 81% 

 

 

Index of Industrial Production 

Time Period RMSE MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 1293 1084 61% 56% 

2012q1-q4 1612 2315 150% 120% 

2013q1-q4 1340 2319 28% 41% 

2014q1-q4 1113 2400 23% 44% 

2015q1-q4 2686 4084 11% 66% 
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PX Index 

Time Period RMSE MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 1383 1530 68% 75% 

2012q1-q4 1048 2374 62% 114% 

2013q1-q4 2657 2766 48% 48% 

2014q1-q4 1704 2432 26% 45% 

2015q1-q4 2793 4093 15% 66% 

 

 

Business Indicator, Czech Statistical Office 

Time Period RMSE MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 815 1090 43% 57% 

2012q1-q4 1363 2229 114% 118% 

2013q1-q4 1836 2431 38% 41% 

2014q1-q4 1832 2396 30% 42% 

2015q1-q4 2639 4072 11% 67% 

 

 

Confidence Indicator in Manufacturing, OECD  

Time Period RMSE MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 610 1048 28% 53% 

2012q1-q4 1330 2162 122% 119% 

2013q1-q4 1802 2521 36% 41% 

2014q1-q4 1913 2394 29% 44% 

2015q1-q4 2706 4029 42% 66% 
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2.2 Germany 
 

Composite Leading Indicator, OECD 

Time Period  RMSE   MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 22978 20248 51% 41% 

2012q1-q4 13570 20969 69% 101% 

2013q1-q4 12693 15561 153% 185% 

2014q1-q4 12302 16648 1016% 603% 

2015q1-q4 3201 11743 84% 255% 

 

 

Index of Industrial Production 

Time Period  RMSE   MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 17263 31258 31% 64% 

2012q1-q4 15912 11737 112% 81% 

2013q1-q4 8274 22694 98% 227% 

2014q1-q4 10562 13146 580% 605% 

2015q1-q4 3412 5584 77% 111% 

 

 

DAX 100 Index  

Time Period  RMSE   MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 23450 32245 55% 65% 

2012q1-q4 20333 16998 121% 98% 

2013q1-q4 12209 18720 88% 162% 

2014q1-q4 12281 14758 732% 643% 

2015q1-q4 12644 8872 290% 240% 
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Business Climate Index, Ifo 

Time Period  RMSE   MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 16673 13909 32% 29% 

2012q1-q4 13339 17811 40% 105% 

2013q1-q4 6974 15899 82% 183% 

2014q1-q4 17867 16323 1373% 295% 

2015q1-q4 3391 4549 198% 372% 

		

	

Confidence Indicator in Manufacturing, OECD 

Time Period  RMSE   MAPE 

 𝐭− 𝟏 𝐭− 𝟐 𝐭− 𝟏 𝐭− 𝟐 

2011q1-q4 19679 27109 47% 55% 

2012q1-q4 17640 15307 67% 93% 

2013q1-q4 11811 15638 133% 179% 

2014q1-q4 9216 14960 757% 678% 

2015q1-q4 3391 4549 67% 129% 

	


