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Abstract 

 

“[…] An economist is an expert who will know tomorrow why the things he predicted 
yesterday didn’t happen today.” 

 Dr Laurence J. Peter 

 
Nowadays, the global economy faces accelerating turbulence and a range of economic 

challenges. To combat the challenges presented by the COVID-19 pandemic, inefficient 

markets and climate change, business leaders and policymakers need to be prepared for 

what the economic conditions would be like in the future. It is known that some economic 
and sociological indicators have the property of predicting certain macroeconomic trends. 

By forecasting the behaviour of these indicators, it, therefore, becomes possible to forecast 

economic crises. From Bayesian forecasting to Box-Jenkins modelling, various strategies 
are applied to determine moving averages or to evaluate the quality of an indicator. So far, 

the majority of research papers have been examining the quality of those indicators 

through their signal to noise ratio, by applying the threshold signalling indicator method. 
This research paper, however, shall examine the predictive power of the indicators through 

a cross correlational analysis. The aim of the research paper is to find economic and 

financial indicators capable of predicting instability on financial markets. The 

methodology of the research paper concerns the application of the “Cross correlational 
analysis” to determine the effectiveness of economic indicators. The novelty of the paper 

is in its unique algorithm of determining the cycle shifts of two economic time-series, along 

with an accurate and up to date description of up-to-date crisis forecasting methods. 
 

Keywords: crisis forecasting methods, financial crisis, indicators, time-series models, composite 

leading indices, cross-spectral analysis, primary research 

 

 

 

1. Overview of literature  

 

The framework for forecasting is universally defined by (Clements Michael and Hendry, 

David, 1998) [2], where the authors introduce a Data Generating Process (DGP) parameter vector. 

If the DGP were to be known to the observer, the future of the time series could be forecasted 

perfectly. In reality, the DGP is completely unknowable due to the inherently stochastic nature of 

economic indicators. In a time series xt = (x1, x2, ..., xT ), given that there are T observable values, 
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we are interested in forecasting the future values of the time series (xT+1, …, xT+h), h > 

0 from t=1 to t= T+h, where t stands for time, h is the forecasting horizon. Since the DGP can’t be 

known to the observer, it is, therefore, modelled through the application of the probabilistic 

distribution approach. Generally, the univariate DGP models are of the following form xt = f (xt−1, 

...xt−1;φ) + g(ut , ..., ut−q; θ), and the forecast for the T+h forecasting horizon is of the following 

notation xˆT+h = fh(xt-1). 

 

Alternative methods of forecasting are applied depending on the nature and predictability of the 

time series. Such methods include guessing- an explicit prediction heavily reliant on luck. The 

‘oracle’, which does the forecasting has a marginal predictive power and it incorporates expert 

knowledge (Artis, Moss and Ormerod, 1992) [1]. A similar ‘guessing’ approach is applied in the 

Delphi forecasting system, which produces a forecast via a panel of independent experts making 

their own predictions (Linstone and Turoff 1975) [19]. The composite leading indicator (CLI) 

forecasting method introduced by Mitchell and Burns states that: “. . . a cycle consists of expansions 

occurring at about the same time in many economic activities...” (Mitchell and Burns: p-3. 1938) 

[15]. Based on the construction of aggregate indicators, the following statement holds: “…These 

quotes underlie the two most common choices of target variable: either a single indicator that is 

closely related to GDP but available at the monthly level, or a composite index of coincident 

indicators.” Pointed out by (Marcellino et al, 2006: p- 886) [4]. Yet, later on (Lahiri and Moore, 

1991) [14] pointed out that compared to traditional macro econometric models, CLI’s identify 

business cycles and the expansion and recession stages of the cycles. (Burns and Mitchell (1946, 

p. 3)) Point out that “… in duration business cycles vary from more than one year to ten or twelve 

years; they are not divisible into shorter cycles of similar character with amplitudes approximating 

their own.”, which practically means that it is impossible to ‘average out’ the time between 

subsequent periods of expansions and recessions. A band-pass filter is used to remove high and 

low frequency components. As an example, consider that periods of expansion last for 8 years, 

while recessionary periods last for 1.5 years on average, the band-pass filter takes the rectangular 

form of w(ω) = I(2π/(8s) < ω < 2π/(1.5s)), where I(.) is the indicator function (Marcellino et al: p- 

888) [54. The advantage of the CLI method is that it is generally easy to understand, interpret, and 

explain, it is easy to use and cost-efficient to construct. The disadvantages of the method lie in its 

disconnectedness from classical theory, the delay period is uncertain and depends on many 

uncontrolled factors, lastly, the changes in the composition of the indices are required to be 

reviewed once in a while to calibrate the accuracy of the CLI. Furthermore, because the CLI focuses 

on business cycles, it adds discrepancies to the model itself. Identifying business cycles from 

macro-aggregates on GDP, unemployment, GNP is not correlated with the NBER[1] business 

cycle chronology, what’s more, rules of thumb, such as two consecutive quarterly declines in real 

GNP aren’t more effective, as stated in (Clements Michael and Hendry, David, 1998: p- 13) [2]. 

Therefore, it is concluded that solely relying on CLI’s as a forecasting tool is not sufficient.  

 

Among other alternative methods of forecasting, surveys are also used quite frequently. 

Expectations, anticipations by consumers and businesses are extremely informative about future 

events. Surveys conducted to see how likely people think is the chance of a recession in the 

upcoming months may serve as a major market motive for selloffs and the narrative may even 

reinforce itself causing an actual recession even though it could have been avoided. However, it is 

hard to incorporate surveys into the forecasting model. So instead, as a way to treat surveys, it is 

regarded as additional reading on the state of the economy. 
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Structural Time-series models (STMs) are one of the most prominent forecasting methods 

used around the world today. These models are formulated in terms of four components – trends, 

seasonality, cycles, and noise. It allows treating data irregularities and spacing. Continuous-time 

models are flexible in that they provide a way of weighting the data based on the properties of the 

time series. Through the process of signal extraction, it is possible to apply the method in terms of 

predictions. Its development dates back to the (Holt, 1957) [10] and (Winters 1960) [21] method, 

with the introduction of EWMA1, which was later enhanced by (Schweppe, 1965) [18], where he 

showed how a likelihood function is evaluated via the Kalman filter, proposed by (Kalman, 1960) 

[12] - a fundamental algorithm in control engineering, which in the field of econometrics has been 

used to handle unobserved components of a model. The ARIMA2 approach, presented by (Box and 

Jenkins 1976) and further developed by (Harrison and Stevens 1976) [8] was a promising time 

series model, where the observations follow a stationary ARMA (p, q) (where p is the number of 

autoregressive terms, and q is the number of lagged forecast errors in the prediction equation) 

process having been differenced d times, the model has the following notation:  φ(L) yt = θ0 + 

θ(L)ξt , where φ(L) is an autoregressive parameter defined by the lag operator, L, and θ0 + θ(L)  are 

moving average parameters and ξt ∼ NID(0,σ2) (A. Harvey et al, 2006; p- 347) [4] . Further studies 

of the ARIMA and other forecasting methods have shown that “…Trend Exponential Smoothing) 

do as well, or in many cases better, than statistically sophisticated ones like ARIMA and ARARMA 

models.” (A. Harvey et al, 2006; p- 333) [4].  

 

Among the forecasting methods stated above, this research paper integrates econometric 

modelling, nonparametric assessment, and qualitative analysis to produce an optimal unbiased 

forecasting model. Through the procedure of signal decomposition, via a Fourier transform it is 

possible to assess the components of a signal- an indicator and make valid predictions regarding 

its future states. Furthermore, the model presented is analysed from the perspective of 

forecastability. The terms predictability and forecastability are often used interchangeably, 

however, their principles are different following the statement: “…Whereas predictability is a 

property of a stochastic process in relation to an information set, forecasting is a procedure” 

(Clements Michael and Hendry, David, 1998: p-39) [2].  

 

This research paper focuses on cycle shifts between two time-series, the logic behind 

deriving them and the calculations associated with them.   

 

2. Material and method 

 

Macroeconomic recessions are notoriously longer and deeper if they are followed by 

banking, or credit crises, according to (Reinhart and Rogoff, 2009) [17]. The empirical literature 

on the topics of financial crises shows that on one hand researchers have shown signs of significant 

progress in predicting recessions and banking crises in the U.S according to (Estrella A., Miskin 

F.S., 1998) [5]. On the other hand, there are very few research papers and works on the topic of 

crisis predicting models and by far even fewer works where both the algorithm and the quality of 

the indicators are analysed. Works, where researchers evaluate the probability of a macroeconomic 

recession and credit crises based on international experience and through this evaluation construct 

a viable system of economic predictors include works of (Kaminsky, Reinhart, 1999) [13], 

 
1 Exponentially Weighted Moving Average 
2 Auto Regressive Integrated Moving Average 
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(Falcetti, Tudela, 2008) [6] and several works from Russian researchers who had been alerted on 

the importance of the matter through a string of credit crises in the late 90, ’s such as (Trunin P.V, 

2008) [20], (Dubovsky, 2015) [23], (Drobyshevsky, 2006) [22]. However, the authors of these 

works primarily high-lighted the forecasting of currency and banking crises, the so-called twin 

crisis, rather than the infliction points of business cycles (Mamonov, 2020) [24]. 

 

The procedure for determining the cumulative predictive power of any given indicator is 

varying from research to research, naturally, some methods could potentially yield the same results 

regarding the predictive power, in which case the one that is generally easiest to use is applied. As 

was mentioned above, the procedure involves a set of actions by which a formal macroeconomic 

indicator is turned into a signalling one, where when that specific newly composed signalling 

indicator’s value gets below, or over a certain pre-determined threshold level, it would produce an 

interpretable signal, by which the indicators predictive power could be measured.  

 

The question arises: which time series of financial and economic indicators should be 

chosen for constructing signal threshold indicators, and on the other hand, which synchronous 

indicators will characterize a particular type of crisis. The correctness of the choice of one or the 

other will naturally appear only posteriori by the degree of success of forecasting. However, a 

heuristic method for the initial selection of explanatory and explicable time series of financial and 

economic indicators can be a model of the economy of a given country, which takes into account 

the main processes of production and distribution of goods, foreign trade, public and private 

finance, and economic activity of the population. For example, when studying crises in the Russian 

currency market, the world price index for energy and other raw materials is taken into account, 

since the inflow of currency is mainly provided by the export of raw materials. The same indicator 

applies in the opposite direction in the case of Hungary, since it is an importer of energy raw 

materials. Therefore, this idea that a country can be assigned a particular so-called “main index” 

based on which conclusions, as well as judgments, could be made regarding the economic 

wellbeing of the nation as a whole is the main topic of interest when setting signalling indicators. 

For instance, in the case of V43 countries, indices that characterize economic activity in Germany 

may be important forecasting indicators. As an example, the ISM- institute for supply management 

index, or how it is often referred to as the PMI- the purchasing manager’s index could potentially 

be a closely monitored indicator for Eastern-European markets, which the V4 group belongs to.  A 

significant sharp deviation from the indexes’ average value could potentially be a signal of 

forthcoming instabilities in the V4 markets. Usually, economic models are common for groups of 

countries. Thus, we consider a single model for the Baltic countries-former Soviet republics, now 

EU members, V4 countries, former mutual assistance Council countries, now also EU members, 

Ukraine and Belarus, as well as Russia. 

 

In this study, to test the proposed method for predicting financial and economic crises, we 

examined some of the crisis episodes in Russia, Ukraine, and Hungary. 

 

Time series analysis is the backbone of the threshold signalling indicator approach of the 

early warning system method. Time series supposes that there is a distinct correlation between two 

sets of data on a certain level, additionally, it is important to note that it also assumes that the data 

contains a systematic component (usually includes several components) and random noise (error), 

 
3 Alliance of four eastern and central European states: Poland, Hungary, the Czech Republic and Slovakia. 
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which makes it difficult to detect regular components. Most time-series research methods include 

various noise filtering methods that allow you to see the regular component more clearly. 

Practically the main aim of the approach itself is to lessen the effect of noise on the conclusions 

derived from the intersection of the threshold by the signal. Most of the regular components of the 

time series belong to two classes: they are either a trend or a seasonal (cyclical) component. A trend 

is a General systematic linear or non-linear component that can change over time. The seasonal 

component is a recurring component. Both of these types of regular components are often present 

in a series simultaneously. For example, a company's sales may increase from year to year, but they 

also contain a seasonal component (usually 30% of annual sales occur in December and only 5% 

in August)(Csiszárik-Kocsir – Varga, 2016b). 

 

Cross-spectral analysis allows, in particular, to calculate the value of the delay of cyclic 

series in relation to each other, as, for example, it was done in (Igan D., Kabundi A., Nadal De 

Simone F., 2011: 210-231) [11] for the series of production, investment, interest rates and real 

estate prices. The method of cross-spectral analysis ( Igan D., Kabundi A., Nadal De Simone F., 

2011) [11], (Hodrick R., Prescott E., 1997) [9], (Fuller W.A., 1996) [7], (Croux C., Forni M., 

Reichlin L., 2001) [3], which is used in our work, is as follows: 

 

Let's say that two time series with a random component are given 

 

 

𝑋(𝑡𝑖), 𝑌(𝑡𝑖), 𝑖 = 0,1,2,3, … , 𝑁. 
 

(1) 

 

 

The values of X and Y are taken at equidistant time points, i.e.: t0=0, tI =t0 + iˑΔt, 

tN=t0+NˑΔt, i.e. we have N+1 values in the series. 

 

First, we calculate an estimate of the correlation coefficient of the value of X taken at some 

point ti and the value of Y taken at a time separated from ti by Δt. The correlation coefficient 

indicates the degree of statistical connectivity of two random variables, i.e., in this case, between 

X and the time interval Y that is separated from It. Formulas for calculating: 

 

 

𝑟𝑋𝑌 =
𝑐𝑜𝑣𝑥𝑦

𝜎𝑥𝜎𝑦
   

 

(2) 

 

𝑐𝑜𝑣𝑥𝑦 =  
1

𝑁 + 1
∙ ∑(𝑋(𝑡𝑖) − �̅�) ∙ (𝑌(𝑡𝑖 + ∆𝑡) − �̅�),

𝑁

𝑖=0

 

 

 

(3) 

 

 

 

𝜎𝑥 =
1

𝑁 + 1
∙ ∑ √(𝑋(𝑡𝑖) − �̅�)2

𝑁

𝑖=0

 

 

 

(4) 
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𝜎𝑦 =
1

𝑁 + 1
∙ ∑ √(𝑌(𝑡𝑖) − �̅�)2

𝑁

𝑖=0

 

(5) 

 

 

�̅� =
1

𝑁 + 1
∙ ∑ 𝑋(𝑡𝑖)

𝑁

𝑖=0

 

 

 

(6) 

 

�̅� =
1

𝑁 + 1
∙ ∑ 𝑌(𝑡𝑖)

𝑁

𝑖=0

 

 

 

(7) 

 

 

Now we repeat this calculation for time intervals iˑΔt, where i=1,..., N. in this case, we use 

the cyclicity condition and determine that Y(tN+i)=Y(ti ) where i=1,..., N. as a result, we get a 

sequence of correlation coefficients rXY(iˑΔt), where i=1,..., N. 

 

Next, we consider the cross-spectrum density function, i.e. the Fourier series of the 

correlation coefficient 

 

 

𝑓𝑥𝑦(𝜔) =
1

2𝜋
∑ 𝑟𝑥𝑦(𝑖 ∙ ∆𝑡) ∙ 𝑒−𝑗𝜔𝑖∆𝑡

𝑖=+∞

𝑖=−∞

 

 

 

(8) 

 

or rather its estimation in the form: 

 

 

𝑓𝑥𝑦(𝜔) =
1

2𝜋
∑ (1 −

|𝑖|

𝑁
) ∙ 𝑟𝑥𝑦(𝑖 ∙ ∆𝑡) ∙ 𝑒−𝑗𝜔𝑖∆𝑡

𝑖=𝑁

𝑖=−𝑁

 

 

 

(9) 

 

 

If we take the same series as the first and second series, we get the spectrum density function 

fхх(ω), and the maximum point of the spectrum density function shows the oscillation frequency 

that determines the dynamics of a particular economic series. Cross-spectral analysis refers to the 

case when two series are taken different. 

 

The cross – spectrum density function is represented as a real and complex part 

 

 

𝑓𝑥𝑦(𝜔) = сху(𝜔) +  𝑗𝑞𝑥𝑦(𝜔), 

 

 

(10) 

 

and defines the amplitude of the cross-spectrum 
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𝐴(𝜔) = √𝑐𝑥𝑦
2 (𝜔) + 𝑞𝑥𝑦

2 (𝜔) 

 

(11) 

 

 

 

and the phase of the cross-spectrum 

 

 

 

 

𝜑𝑥𝑦(𝜔) = 𝑎𝑟𝑐𝑡𝑔 (−
𝑞𝑥𝑦(𝜔)

сху(𝜔)
) 

 

 

(12) 

 

 

The absolute value, or the amplitude shows to what extent is the covariance of a function 

similar to that of a harmonic with frequency ω. Respectively, the maximum of the amplitude can 

determine the harmonic frequency ω*, which has the most similar covariance. Then both series 

together are as similar as possible to vibrations with a frequency of ω*. It is at this frequency ω* 

that we will determine the phase shift φxy(ω*) between the rows and, accordingly, the amount of 

delay in quarters. 

In practice, these calculations are performed by performing DFT (Digital Fourier 

Transform) using the Fast Fourier Transform algorithm - FFT (Fast Fourier Transform) in this case 

using the implemented function in the MATLAB© package. Here, from the data array 𝑟𝑥𝑦(𝑖 ∙ ∆𝑡), 

using the Matlab© function fft(X), we get the amplitude – frequency and phase - frequency 

characteristics. Then, acting as described in the previous paragraph, we determine the phase shift 

φ and the frequency ω* that we are interested in. Further from the formula 

 

 

 

𝜑(𝜔∗) = 𝑘 ∙ 2𝜋𝑓∗∆𝑡, 

 

 

(13) 

 

 

We define the time lag (i.e., the time interval) k between highs measured in quarters. Now 

we can say that in the time series X there is a harmonic component with a period T*=1/f*, the 

amplitude of which appears on k (determined from the formula (13)) quarters earlier than the 

amplitude of the harmonic with a frequency T*=1/f* from the second time series Y. Practically 

meaning that whatever happens to X function later happens to Y function. 

 

Having noted the particular properties for the variables X and Y, we must now redefine the 

algorithm for the construction of the cross-correlational window and how to find the phase shift 

between the two distinct time series. 

 

1. Enter N values of X(i) and N values of Y(i) and normalize them to the segment [-1,1]: 

X(i)= X(i)=X(i)/Xmax , Y(i)=Y(i)/Ymax (here “=” is the assignment operator – as in 

programming – not the sign of equality!). 
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2. After the normalization took place, we must now proceed with the calculation of the 

arithmetic averages of the sample values for X and Y. The calculation of the arithmetic 

average of the sample values for sample X and sample �̅� =
1

𝑁
∑ 𝑋(𝑖)𝑁

𝑖=1 , �̅� =
1

𝑁
∑ 𝑋(𝑖)𝑁

𝑖=1 . 

 

3. Now we proceed with the calculation of the standard deviation for sample X and sample 

Y 𝜎𝑥 =
1

𝑁
∙ ∑ √(𝑋(𝑖) − �̅�)2𝑁

𝑖=1 , 𝜎𝑦 =
1

𝑁
∙ ∑ √(𝑌(𝑖) − �̅�)2𝑁

𝑖=1 . 

 

4. Forming cycles for calculating the covariance index for different consecutive values of 

k. We extend the vector Y(i) using the cyclicity condition to calculate the covariance 

index: 

 

 

For k= 1: N 

Y(N+k) =Y(k) 

end. 

 

We calculate the covariance indicator: 

 

For k=1: N 

 

𝑐𝑜𝑣𝑥𝑦(𝑘) =  
1

𝑁
∙ ∑(𝑋(𝑖) − �̅�) ∙ (𝑌(𝑖 + 𝑘) − �̅�),

𝑁

𝑖=1

 

end. 

We get the covariance index covxy(k), k=1,2,3,..., N 

 

5. We perform a discrete Fourier transform over the series covxy(k), k=1,2,3,...,N. At the 

output, we get complex amplitudes c*(m), m=1,2,3,..., N. from the complex amplitude, 

we calculate the absolute value and phase of the harmonic: | C^* (m)|, φ(m)=arg( 

c*(m)), m=1,2,3,..., N. 

 

6. From the set | с∗(𝑚)|, φ(m)=arg( c*(m)), m=1,2,3,…,N  we find the maximum value 

of the amplitude and corresponding phase  | с∗(𝑝)|, φ(p)=arg( c*(p)) visually, from 

inspection of graphs 

 

7. Out of the number of harmonics we determine the frequency of the harmonics. 

Harmonic number p. The frequency Step ∆𝑓 =
1

𝑇𝑖𝑚𝑒
∙

(𝑁−1)

𝑁
,  where Time is the total 

time of observations. The frequency of the harmonics is equal to f=(p-1) * Δf. 

 

3. Results 

 

The program for performing calculations is given in the Appendix. The program was tested 

on a set of data created artificially as a sum of the cycle trend and a random component. The search 
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Algorithm k, ω* and the implementation of the algorithm in the MATLAB© code is given in the 

Appendix. The program was tested on a set of data created artificially as a sum of the cycle trend 

and a random component. The set of test data was created using the following formulas: 

 

 

 

𝑋 = 𝑎𝑥 + 𝑏 +
4

𝜋
sin (2𝜋

𝑡

𝑇
) +

4

3𝜋
sin (2𝜋

3𝑡

𝑇
) +

4

5𝜋
sin (2𝜋

5𝑡

𝑇
) +

4

7𝜋
sin (2𝜋

7𝑡

𝑇
)

+ 𝑅 

 

 

(14) 

 

 

𝑌 = 𝑑𝑥 + 𝑐 +
1

2
−

1

𝜋
sin (2𝜋

𝑡

𝑇
) −

1

2𝜋
sin (2𝜋

2𝑡

𝑇
) −

1

3𝜋
sin (2𝜋

3𝑡

𝑇
)

+
1

4𝜋
sin (2𝜋

4𝑡

𝑇
) + 𝑅 

 

 

(15) 

 

where the expression for X consists of a linear function ax+b, which should model the trend, 

the sum of trigonometric functions that represent a cycle with a period T and which are taken as 

the first four harmonics of the spectrum of the meander expansion, and the components R. R is a 

random component (random variable) that is distributed according to the standard  normal 

distribution with the expected (average (expected value) value) value 0 and the standard deviation 

equal to 1. In the case of the variable Y, the trend is again modelled by the linear component dx+c; 

the cyclic component in this case is the sum of the first five terms of the Fourier series expansion 

of the sawtooth signal; the noise is still modelled by a random variable R distributed according to 

the standard normal distribution (figure 1).  

 

 

Having constructed the test signals in the MATLAB programming environment, the signals 

of the two time-series take the shapes below: 
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Figure 1:  Illustration of the test signals X & Y specified above with the correlation 

coefficients. Source: authoring 

 

To find the amplitudes and the phases of the two time-series the fast Fourier transform 

function is applied. And visually confirming that the highest amplitude of the X time series 

indicates the amplitude of 20 and if we look down, we can see the phase is 1.8 (figure 2).  

 

The method illustrates that with specific pre-determined test signals, the program successfully 

determines the phase-shift of the time-series, allowing the observer to estimate the time interval 

lag between them to give an adequate prediction. Nonetheless, the method has its own 

disadvantages listed below: 

A) The trend is modelled in this case by some linear component of the form ax+b; it is clear 

that this is a rather limited approach, because trends can be exponentially fast-growing (rapidly 

declining), for example, in the case of bubbles and other crisis episodes in the stock or currency 

markets; in addition (Csiszárik-Kocsir – Varga, 2016a), trends can change their direction during 

the period under review; 

 



Albert Molnar , The Macrotheme Review 9(1), Issue 2020 

 

61 
 

 
Figure 2:  Illustration of the amplitudes and phases of the X & Y time-series. Source: 

authoring 

 

B) The following important observation regarding the trend – it should not be of a 

significant contribution to the variable; the fact that the trend component is a non-cyclic variable 

and, therefore, the spectral analysis of a continuous variable range, with a significant contribution 

of the trend can exceed over a discrete spectrum of cyclical components, what’s contribution in the 

spectrum we just do not see (it will be covered with a solid range of trend) in this case; we followed 

a semi-empirical rule according to which the maximum trend should not exceed 10% of the 

amplitude of the cycle; it is clear that this is the reason why it is impossible to analyse cyclical 

components on rapidly changing trends using spectral analysis; 

C) In the case of cyclic components, we use the first few terms of the Fourier series 

expansion of standard test signals; it is clear that in a real situation, it is difficult to expect that the 

different business cycles that are observed have exactly multiple periods, i.e. that their ratio is a 

rational number (which means that these components were with multiple frequencies), which 

provides a linear spectrum; in fact, these periods are often non-multiple, this component of the 

signal is non-periodic and generates a continuous spectrum as a result; however, if the periods of 

two cycles (T1/T2) = K + Δ, where K is a rational number and Δ is a very small irrational additive, 
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then we can hope that against the background of a solid spectrum, the harmonics lines will show 

up well; in this case, it is difficult to specify the values, but it is necessary to strive to ensure that 

the irrationality is as small as possible; 

 

D) Regarding the random contribution, we will make the following remark; it is natural to 

assume that the random variable R is distributed according to the normal law, although there are 

no fundamental objections to the fact that in practice other distributions can be observed; in this 

case, we also tested a random variable distributed by a uniform law in a certain interval; this does 

not bring practically significant changes in the results, but we have to set additional intervals in 

which the random variable changes; therefore, we abandoned this; as in the case of a trend, the 

condition that the noise should not significantly exceed the cyclic components should also be taken 

into account. 

 

4. Summary 

 

Crisis episodes are inevitable in a market based capitalistic economic system. The 

uncertainty and the dangers crises pose on the average people are reflected in the cyclicality of the 

macroeconomic expansions and correspondingly- recessions (Csiszárik-Varga, 2017). What many 

marketers, economists, sociologists are trying to explain today is how to predict crisis episodes in 

advance through a tool what’s effortless but incredibly understandable usage would ultimately 

produce interpretable and scientifically acknowledged results on the basis of which the whole 

macroeconomic landscape can be captured and its condition can be judged. Such warning systems 

have already been created by international financial organizations like the European Central Banks, 

or the International Monetary Fund’s figurative list of indicators that allegedly measure the 

financial soundness of a country’s economy. The early warning system is a basic crisis prediction 

model on the basis of which the state of the economy can be measured in real time. The model 

relies on the fusion of a qualitative, quantitative, econometric and nonparametric approaches, 

which when used uniformly could yield a more precise result of the analysis, hence it would give 

a more accurate prediction model. 

 The cross-correlational analysis, would allow for the determination of the phase shift 

between two independent time series, in our case, the chosen economic indicator, which we named 

to be the leading indicator and a following one, defined as the coincident index, which was the 

GDP growth ratio or its corresponding normalized binary variable. What we have found as a result 

of the cross-correlational analysis has been expressed in the criticism towards the approach. In 

particular, the advantages of the method included: 

• The fast-mathematical detection of phase shifts. 

• It is easy to program, and the algorithm is straightforward 

• It provides a strong economic and mathematical background to rely upon when 

questioning the quality of the indicator. 

However, some of the disadvantages concerning the inherent properties of the cross correlational 

analysis include: 

• The linear approach used in the program to model trends is not representative of real 

market conditions  
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• There is a potential risk that the trend component could influence the variable to an 

extent where it would not provide viable answers 

• Having used the first few terms of the Fourier series expansion of standard test 

signals, it idealizes the situation and should be tested against real conditions 

Having concluded the advantages and disadvantages, the final word in the opinion of the 

author of the research paper remains on the side of the advantages as its ground-breaking approach 

towards crisis prediction through leading indicators is indeed a field which is only yet to be fully 

explored.  
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Appendix 

 

 

%Preparation of test sygnals 

Period=30; chastota=1/30; time=(1:150);N=length(time); 

%Meandr 

XPostijnaSkladova=0.5; 

XTrend=1+0.005*time; 

XPersaHarmonika=(4/(1*pi))*sin(2*pi*(1/Period)*time); 

XTretyaHarmonika=(4/(3*pi))*sin(2*pi*(3/Period)*time); 

XPjataHarmonika=(4/(5*pi))*sin(2*pi*(5/Period)*time); 

XSyomaHarmonika=(4/(7*pi))*sin(2*pi*(7/Period)*time); 

AnX=.1;NoiseX=AnX*randn(1,length(time)); 

RjadX=NoiseX+XPostijnaSkladova+XTrend+XPersaHarmonika+XTretyaHarmonika+X

PjataHarmonika+XSyomaHarmonika; 

%Shaw 

YPostijnaSkladova=0.5; 

YTrend=1-0.005*time; 

YPersaHarmonika=(1/(1*pi))*sin(2*pi*(1/Period)*time); 

YDrugaHarmonika=(1/(2*pi))*sin(2*pi*(2/Period)*time); 

YTretyaHarmonika=(1/(3*pi))*sin(2*pi*(3/Period)*time); 

YChetvertaHarmonika=(1/(4*pi))*sin(2*pi*(4/Period)*time); 

YPjataHarmonika=(1/(5*pi))*sin(2*pi*(5/Period)*time); 

YShostaHarmonika=(1/(6*pi))*sin(2*pi*(6/Period)*time); 

YSyomaHarmonika=(1/(7*pi))*sin(2*pi*(7/Period)*time); 

AnY=.1;NoiseY=AnY*randn(1,length(time)); 

RjadY=NoiseY+YPostijnaSkladova+(YTrend)-YPersaHarmonika-YDrugaHarmonika-

YTretyaHarmonika-YChetvertaHarmonika-YPjataHarmonika-YShostaHarmonika-

YSyomaHarmonika; 

X=fft(RjadX); 

X1=abs(X); 

[maxX1, indexX]=max(X1); 

for i=1:150 

    if abs(real(X(i)))*abs(imag(X(i)))< maxX1/20 

        FiX(i)=0; 

    else FiX(i)=atan(-imag(X(i))/real(X(i))); 

    end 

end 

FiX;  

Y=fft(RjadY); 

Y1=abs(Y); 

[maxY1, indexY]=max(X1); 

for i=1:150 

    if abs(real(Y(i)))*abs(imag(Y(i)))< maxY1/20 

        FiY(i)=0; 

    else FiY(i)=atan(-imag(Y(i))/real(Y(i))); 

    end 
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end 

FiY; 

subplot(4,2,1);plot(time,RjadX); 

subplot(4,2,3); stem(X1); 

subplot(4,2,5); stem(FiX); 

subplot(4,2,2);plot(time,RjadY); 

subplot(4,2,4); stem(Y1); 

subplot(4,2,6); stem(FiY); 

%clear all 

%1 point of the Algorithm .input of data for X and Y from an Excell file 

%2 point of the Algorithm. Calculating arithmetic mean values 

MeanX=mean(RjadX); MeanY=mean(RjadY); 

%3 point of the Algorithm. Calculating Deviation 

DX=std(RjadX); DY=std(RjadY); 

%4 point of the Algorithm. kovariation indicator calcula-tion 

for k=1:length(time) 

    RjadY(N+k)=RjadY(k);%condition of cycling 

end 

for k=1:length(time) 

    covxy(k)=0; 

    for i=1:N 

    covxy(k)=covxy(k)+(1/N)*(RjadX(i)-MeanX)*(RjadY(i+k)-MeanY); 

    end 

end 

rxy=(1/(DX*DY))*covxy; 

%fft on covxy 

Fouriercovxy=fft(rxy); 

ModulFou-

riercovxy=abs(Fouriercovxy);[MaxModulFouriercovxy,indexFouriercovxy]=max(Modul

Fouriercovxy); 

for i=1:150 

    if ModulFouriercovxy(i)< MaxModulFouriercovxy/20 

        FiFouriercovxy(i)=0; 

    else FiFouriercovxy(i)=atan(-imag(Fouriercovxy(i))/real(Fouriercovxy(i))); 

    end 

end 

subplot(4,2,7); stem(ModulFouriercovxy); 

subplot(4,2,8); stem(FiFouriercovxy); 

  

 


