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ABSTRACT 

In Part I of this work, as presented at the 30th Panhellenic Statistical Conference, a new procedure 

regarding the statistical testing for the existence and the identification of the character of time-varying 

second moment in its dependence on a non-constant mean level in time series was introduced. It was 

argued that the new approach has some considerable advantages over the existing ones and this 

argument was also backed by the empirical analysis of time series on Greek external trade. In the 

course of that analysis it was also observed that the TSW programme, a software specialized on time 

series analysis, occasionally appeared to be biased, favouring the log transformation of the data. TSW 

stands for TRAMO-SEATS for Windows, a Windows version of the DOS programmes TRAMO and 

SEATS (TRAMO is the acronym for: Time Series Regression with ARIMA Noise, Missing 

Observations and Outliers; SEATS is the acronym for Signal Extraction in ARIMA Time Series). 

Extending the empirical analysis performed in Part I, in Part II, simulated data, as well as the time 

series of Consumer Price Index (CPI) and Harmonized Index of Consumer Price (HICP) for Greece 

were used aiming at: a) providing further evidence on the TSW bias; b) focusing on the consequences 

of falsely transforming an already variance stationary time series. The results using the simulated data 

show that there is a bias in TSW, which depends on initial conditions. Furthermore, it is established 

that the consequences of falsely transforming a time series, which is originally variance stationary, do 

exist, but are less severe than the consequences of falsely not transforming an originally variance non-

stationary series. This empirical evidence is supported by theoretical arguments. 

 
Key Words: applied time series analysis, seasonal adjustment, variance non-stationary time series, 

detection of outliers. 

 

 

1. INTRODUCTION 

In Part I of this work (see Milionis and Galanopoulos, 2017) a formal statistical approach was 

introduced which allows the detection of non-stationary variance in time series and is 

suggestive of the transformation necessary to correct for it. The proposed statistical procedure 

is robust to the particular partition of a time series (a step necessary for the aforementioned 

procedure, as explained in section 3) and the possible existence of outliers.  

Using time series of monthly external trade statistics (Total Imports of Goods and Total 

Exports of Goods excluding fuels and ships) from the Balance of Payments for Greece, the 

possible advantages of the application of this methodology on some crucial elements of time 

series modelling such as forecasting, seasonal adjustment and outlier detection were 

documented. 
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The effect of the application of this methodology on the aforementioned elements of time 

series modelling is examined through a comparative analysis, using both the new proposed 

methodology and TSW programme. 

More specifically, it was shown that: (a) the widely used specialized time series software 

TSW appeared to be biased towards the log transformation of the original data; (b) the 

consequences of not properly transforming a non variance stationary time series were very 

serious particularly with respect to univariate modelling and outlier detection. 

The aim of this work is to extend the empirical analysis performed in Part I, using simulated 

data as well as the time series of Consumer Price Index (CPI) and Harmonized Index of 

Consumer Price (HICP) for Greece aiming at: (1) providing further evidence on the TSW 

bias; (2) focusing on the consequences of log transforming an already variance stationary time 

series. 

The paper is structured as follows: Details about the data set are described in section 2; in 

section 3 a brief reproduction of the statistical testing procedure developed in Part I is 

presented; in section 4 the results are presented and commented upon; section 5 concludes the 

paper. 

 

2. DATA 

The data set comprises of the time series of Greek CPI and HICP covering the time period 

from January 2003 to June 2015 and consist of one hundred and fifty (150) monthly 

observations (source: Hellenic Statistical Authority). The particular data were selected in 

conjunction with the data of Part I due to their importance in the economy of the country at 

that period. In addition, simulated time series data of the same length will be constructed and 

used.  

 

 

3. STATISTICAL TESTING APPROACH 

3.1 Description 

In this section the statistical testing approach is briefly reviewed. For further details see Part I 

of this work (Milionis and Galanopoulos, 2017). At first, time series are partitioned into 

segments (subsamples) of equal length and for each subsample the (local) mean (LM) and the 

(local) standard deviation (LSD) are calculated. Local standard deviation is assumed to be 

functionally dependent on local mean in a non-linear fashion as follows:  
                                                   LSD = αLMβeu,                                                                (1) 

where α, β are model parameters, e is the base of natural logarithms and u the stochastic 

disturbance. Model parameters α, β are estimated via Ordinary Least Squares (henceforth 

OLS) using the corresponding log-log model. The estimated value of β ( ̂ ) provides the 

necessary information for the existence (or non-existence) and the type of data transformation 

needed to ensure variance stationarity (e.g. for the most popular transformations, namely the 

log-transformation and the square root one, correspond to β =1, and β =0.5, respectively).  

 

3.2 Notation 

Index (k) indicates the ascending number of a subsample in a partition;  

index (j) indicates the ascending number of the particular partition, j=1,2,…,jmax; 

index ij represents the maximum value of k (number of subsamples) in partition j; 

N is the total length (size) of the initial time series;  

nij  represents the size of subsamples in partition j; 
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ˆ
j  is the estimate of the exponent β using subsamples derived from partition with 

ascending number j;  
*ˆ ,ˆ ,ˆ
jkjjk uu  are independent of each other regression residuals; 

An asterisk (*) over a symbol denotes the corresponding transformed data, or the 

corresponding estimate derived from the transformed data. 

 
3.3 Equations 

ij = (N/nij), if (N/nij) is an integer; nij>5; 

 ij = int(N/nij) + 1, if (N/nij) is not an integer, nij>5 and the residual of the division is 

≥5; 

 ij = int(N/nij), if (N/nij) is not an integer,  nij≥5 and the residual of the division is <5; 
ˆ

j  
is estimated for each partition j, j=1,2,…, jmax via OLS from the model (First stage 

regression): 

                      jkjkjjjk uLMLSD ˆ)ln(ˆ)ln()ln(   ,                                       )2(  

̂  is estimated via OLS as the constant term of the model (Second Stage regression):  

 
                                                    jj jd  ˆˆˆˆ  ,                                      )3(  

Model using the transformed data (Third stage regression): 

                                       
***** ˆ)ln(ˆ)ln()ln( jkjkjjjk uLMLSD   .                           )4(

 
 

3.4 Statistical Hypotheses and comments 

Throughout the research three different statistical hypotheses are tested which are the 

following: 

1) Ha: j =0  j (or at least the majority of j s, ). 

This hypothesis can be tested from the first stage regression (Equation 2) and 

is utilized to ensure that there exists a dependence of local standard deviation 

on local mean. Failure to reject Ha means that there is no such dependence, 

hence, no variance instability exists, and therefore, the algorithm stops. 

2) Robustness test. Hb: d =0  

The dependent variable in Eq. 3 (second stage regression) is the estimate of β 

derived from the partition of ascending number j ( ˆ
j ), while the independent 

variable is the ascending number of the partition itself (j). Therefore, d̂  is the 

estimate of the slope of the regression. This hypothesis states that the slope d̂  

should not be statistically significant, and non-rejection of it, means that ̂ is 

robust to any particular partition of the series, or outliers. Additionally, non-

rejection of bH  also ensures a better estimate of β by making more efficient 

use of information available in all partitions. 

3) Under-transformation test. Hc: 
*

j =0  j, where 
*

j  are the corresponding     j for 

the transformed data estimated from the third stage regression (Equation 4). The third 

hypothesis is a kind of an ―under-transformation‖ test. If *ˆ
j  are statistically 

significant it means that there will still be a dependence between local mean and local 

standard deviation in the already transformed data, consequently the chosen 

transformation did not succeed in removing variance instability. Therefore, cH  states 
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that there is no remaining dependence of local mean on local standard deviation in the 

transformed data. Non-rejection of this hypothesis ensures that the chosen 

transformation is sufficient and has adequately rendered an unconditionally stable 

variance. 

The addition of robustness and under-transformation tests to the above methodology 

offers advantages over existing methods, as the latter are devoid of these features. 

 

4. RESULTS-DISCUSSION 

The possible need for a data transformation of the original time series data will be examined 

using the new method, as well as the TSW routine. Furthermore, each decision derived from 

the new methodology and the corresponding one derived from the TSW routine will be 

compared. Once a decision about the proper data transformation is made by the two methods, 

TSW will be used for both cases for further analysis on statistical forecasting, outlier 

detection and seasonal adjustment. 

Specifically, for outlier detection the Chen and Liu (1993) approach is used. This approach 

distinguishes three types of outliers depending on their effect in a times series: Additive 

Outliers (AO); Transitory Changes (TC); Level Shifts (LS). For seasonal adjustment the 

Burman-Wilson algorithm (Burman, 1980) is used to decompose a time series in unobserved 

components [for further details see Maravall (1995), Gómez and Maravall (1996)]. 

 

4.1 Comparative analysis of the time series of “CPI” and “HICP” 

4.1.1 Analysis using of the new statistical testing approach 

The results for the first stage regressions for the time series ―CPI‖ are presented in Table 1. It 

can be seen that in almost all subsample pairs the ˆ
j estimates are statistically insignificant at 

5% significance level (exceptions exist only for the partitions with subsample size 5 and 8). 

Hence, Ha is not rejected and therefore no transformation of the original data is suggested. 

Table 2 presents the results of the first stage regressions for the series of HICP. From these 

results it is evident that ˆ
j is not statistically significant in the 5% significance level. Thus, 

according to the new testing approach, in both cases no transformation of the original data is 

suggested as the series variance is (unconditionally) stationary. 

 

4.1.2 Analysis using exclusively the TSW testing approach 

The same series were reanalyzed following the standard TSW procedure. The way TSW tests, 

whether or not, the data need to be transformed in order to stabilize the variance is based on a 

variant of the so-called range-mean regression (see Gomez and Maravall, 1996). It is noted 

that the only alternatives with TSW is either the log-transformation, or no transformation. 

Using the TSW procedure for both series, TSW suggested the logarithmic transformation of 

the original data for CPI as well as HICP as the output from TSW that refers to this test stated 

that: ―LOG-LEVEL PRETEST: SSlevels/(SSlog*Gmean(levels)^2)=1.1253168 LOGS ARE 

SELECTED‖ and ―LOG-LEVEL PRETEST: SSlevels/(SSlog*Gmean(levels)^2)=1.1096478 

LOGS ARE SELECTED‖, respectively. 

Table 1. Estimates of ˆ
j for the various partitions for the first stage regression (CPI) 

Subsample size (nij) 5 6 8 10 12 14 16 18 20 
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Number of 

subsample pairs (ij)  

30 25 19 15 13 11 10 9 8 

ˆ
j  1.604 0.681 

 

1.148 

 

0.933 

 

0.898 

 

0.565 

 

0.377 -

0.629 

 

0.011 

t-statistic 2.112 1.390 2.166 1.315 1.656 0.891 0.325 -

0.667 

0.010 

p-value 0.047 

 

0.178 

 

0.048 

 

0.211 

 

0.126 

 

0.396 

 

0.753 0.526 

 

0.992 

 

Table 2.  Estimates of ˆ
j for the various partitions for the first stage regression (HICP) 

Subsample 

size (nij) 

5 6 8 10 12 14 16 18 20 

Number of 

subsample 

pairs (ij) 

30 25 19 15 13 11 10 9 8 

ˆ
j  1.003 0.076 0.639 0.363 0.399 0.039 0.018 -

0.957 

-

0.503 

t-statistic 1.383 0.146 1.266 0.529 0.689 0.057 0.016 -

1.010 

-

0.460 

p-value 0.178 0.885 0.223 0.606 0.505 0.956 0.988 0.346 0.662 

 

Therefore, TSW falsely suggests the logarithmic transformation of the data in both cases and 

so there is a bias in favour of the logarithmic transformation, whereas no transformation of 

the original data needs to be performed as shown using the new method. 

 

4.1.3. The effect of data transformation on univariate modelling and outlier detection 

The possible effect of log transforming an already variance stationary time series on the 

specification of the univariate ARIMA model and the detection of outliers is examined 

through Tables 3-6.  

 

Table 3. Univariate ARIMA modelling (CPI) 

ARIMA model with linearized original data (new method) [Model (1)] 

ARIMA(0,1,1) (1,1,0)12  

MODEL SPECIFICATION 

tt BYBBB )208.01( )-(1)-(1 )221.01( 1212   

ARIMA model with linearized transformed data (TSW)  

[Model (2)] 

ARIMA(0,1,1) (0,1,1)12  

MODEL SPECIFICATION 

tt BBYBB )223.01( )206.01(log)-(1 )1( 1212   

 

Table 4. Outlier Detection (CPI) 
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Outliers with original data (New 

Method) 

Outliers with log-transformed data 

(TSW) 

105 LS (9 2011), 118 TC (10 2012), 

131 A0 (11 2013) 

105 LS (9 2011), 118 TC (10 2012), 

131 A0 (11 2013) 

 

Table 5. Univariate ARIMA modelling (HICP) 

ARIMA model with linearized original data (New Method) [Model (3)] 

ARIMA(0,1,1) (0,1,1)12  

MODEL SPECIFICATION 

tt BBYBB )203.01( )188.01()-(1 )1( 1212   

ARIMA model with linearized transformed data (TSW)  

[Model (4)] 

ARIMA(0,1,1) (0,1,1)12  

MODEL SPECIFICATION 

tt BBYBB )175.01( )213.01(log)-(1 )1( 1212   

 

Table 6. Outlier Detection (HICP) 

Outliers with original data (new 

method) 

Outliers with log-transformed (TSW) 

105 LS (9 2011), 131 AO (11 2013) 25 AO (1 2005), 105 LS (9 2011),  

131 AO (11 2013) 

 

For the time series of CPI, Table 3 presents the results on univariate ARIMA modelling with 

and without the log-transformation, while the estimation details are quoted in the Appendix 1. 

From the results of Table 3 it is obvious that different ARIMA models are proposed for the 

linearized transformed data and linearized original data (see Part I for the details about 

―linearization‖ of a time series). The results on the detection of outliers are presented in Table 

4. As is evident both approaches identify the same outliers in terms of both time and type. 

For the series of HICP, Table 5 presents the results on univariate ARIMA modelling with and 

without the log-transformation (for estimation details see Appendix 1). From the results of 

Table 5 it is apparent that the differences in the two univariate models are of minor character, 

as in both cases the univariate model is the so-called ―airline model‖ of Box and Jenkins 

(1976). The differences, weak as they are, are confined only to the estimated values of the 

parameters of the two models. The results on the detection of outliers with both the original 

and the log-transformed data are quoted in Table 6. As is evident, TSW falsely identifies one 

more outlier (25 AO) due to the scale ―squizing‖ caused by the logarithmic transformation. 

These results should be contrasted to those of Part I in which it was documented that the 

consequences of not transforming a variance non-stationary time series were indeed severe, at 

least as far as univariate time series modelling is concerned (see Milionis and Galanopoulos, 

2017). The above conclusions, regarding the severity of the consequences of a wrong decision 

about the transformation of the original values of a time series, may be backed by theoretical 

argumentation. Indeed, in the case of unnecessarily (over) transforming an already variance 

stationary series, the original and the over-transformed series are both variance stationary. In 

contrast, when the original series is variance non-stationary and is not transformed (as it 

should) it is evident that the usual univariate analysis, which legitimately can be applied 

strictly to variance stationary series only, is falsely applied to a variance non stationary series. 
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Hence, it is natural for sharp differences with the analysis of the properly transformed series 

to appear. Obviously, this conclusion is of much practical importance. 

 

4.2.2 Further Analysis 

The examination of the forecasting performance of the univariate models accordingly with the 

data transformation is assessed using the Mean Absolute Percentage Error (MAPE) statistic. 

Table 7 presents the results and as is evident twelve-step-ahead forecasts with no 

transformation (as suggested by the new method) are superior in terms of the MAPE value, as 

compared to the corresponding forecasts with the data log-transformed, as suggested by TSW. 

As regards the one-step-ahead forecasts, the forecasting performance of CPI is better with the 

new method in terms of the MAPE value, while the MAPE value is exactly the same for 

HICP.  

 

 

Table 7. Values of Mean absolute percentage error of forecasts 

  MAPE (%)  

 Forecasts  Original Data (New 

Method)  

Log-transformed 

data (TSW)  

CPI Twelve step ahead  1.294  1.457  

HICP Twelve step ahead  0.848 0.865 

CPI One step ahead  0.395  0.467  

HICP One step ahead  0.452 0.452 

 

The Mean Absolute Percentage Difference (MAPD) statistic was employed to evaluate the 

differences in the seasonally adjusted series produced from original data versus transformed 

data. The results are presented in Table 8. It is remarked that, as expected according to the 

previous conclusion argumentation, the values of MAPD themselves are small in the 

statistical sense, although with possibly higher economic importance as they refer to 

consumer price indices. MAPD is calculated as:  

                                   


 


















N

j j

lev

jj

X

XX

J
MAPD

1
ln

ln

(5)                                100~

~~
1

 

where 
ln~
jX is the seasonally adjusted value using log-transformed data and 

lev

jX
~

the 

corresponding seasonally adjusted data using the original data themselves. 

 

4.3 Further analysis using simulated data 

It should be recalled that in the normal course of an analysis of a time series, the test for the 

possible need to transform the original data in order to stabilize the variance precedes all other 

actions such as the creation of the univariate ARIMA model, seasonal adjustment etc. 

Therefore, it is obvious that the outcome of those actions is affected by the decision on data 

transformation. That lends even more importance to that decision and thus further evidence 

was sought to back our previous finding, i.e. that TSW suggests the log-transformation far too 

often due to bias. To this end, use was made of simulated data. After some experimentation, it 

was observed that with series following ARIMA(p,1,q) processes, the initial conditions 

influence (although they should not) the decision of TSW regarding the log-transformation.  
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In sequence, 40 time series were artificially created. The first 20 were built simulating a 

simple Gaussian random walk model: 

                       ttt eXX  1 with )1,0(Net  and initial condition 0oX .         (6) 

 

Table 8. Differences in Seasonally Adjusted Series produced from original data versus 

transformed data 

 MAPD (%) Minimum 

Percentage Error 

(%) 

Maximum 

Percentage Error 

(%) 

CPI 0.018 -0.057 0.037 

HICP 0.017 -0.316 0.035 

 

The other 20 were created by the same manner, except that oX was set equal to 1000. All 

simulated data are available from the authors on request. All these time series are by 

construction homogeneously non-stationary so no data transformation is needed. 

Applying the new testing procedure, the outcome was indeed no transformation in all 40 cases 

(in the simulated series with initial condition the presence of negative values was observed in 

every single series. Therefore, before log-transforming the series the usual practice of 

―shifting‖ their values upwards by adding a constant so that the minimum value of each series 

becomes slightly positive was adopted). Applying TSW, the outcome was no transformation 

only for the cases with 0oX . In all the cases with 1000oX  TSW, falsely, suggested the 

log transformation. 

The results of the testing procedure for each case using both methods are presented in 

Appendix 2. Indeed the results of TSW are, once again, biased in favour of data 

transformation where no transformation is needed and in the particular case at hand this bias 

is clearly related to the initial condition of the simulated series. Moreover, even after the log-

transformation, when the 20 log-transformed series with X0 = 1000 were tested again by 

TSW, the result was biased again (suggestion to log-transform the already log-transformed 

series). Those results are presented in Appendix 3. 

 

5. SUMMARY AND CONCLUSIONS 

In this work a new statistical testing procedure for variance non-stationary time series 

introduced by Milionis and Galanopoulos (2017) was further tested at first using real data. 

The empirical analysis was expanded using simulated data as well. The analysis of CPI-HICP 

data provided evidence for the TSW bias towards transforming the original data. Further, the 

results using simulated data were conductive to that finding. Moreover, with simulated 

homogeneously non-stationary processes, it was possible to identify that the bias of TSW 

depends on the initial conditions. It was also established that the consequences of falsely 

transforming a time series, which is originally variance stationary, do exist, but are less severe 

than the consequences of falsely not transforming an originally variance non-stationary series, 

a conclusion of much practical importance. 
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APPENDIX 1 

Parameter estimation of Univariate ARIMA models 

Table A.1. Parameter estimation of model (1) 

Parameter Value t-statistic 

1  0.208 2.49 

1  0.221 2.65 

Table A.2. Parameter estimation of model (2) 

Parameter Value t-statistic 

1  0.206 2.46 

1  -0.223 -2.68 

Table A.3.  Parameter estimation of model (3) 

Parameter Value t-statistic 

1  0.188 2.23 

1  -0.203 -2.42 

Table A.4. Parameter estimation of model (4) 

Parameter Value t-statistic 

1  0.213 2.55 

1  -0.175 -2.08 

 

Appendix 2 

Test results for data transformation using TSW 

LOG-LEVEL PRETEST : 

1st simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0004275 

LOGS ARE SELECTED 

2nd simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0004200 

LOGS ARE SELECTED 

3rd simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99937392 

LOGS ARE SELECTED 

4th simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99821483 

LOGS ARE SELECTED 

5th simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0029646 

LOGS ARE SELECTED 

6th simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99932366 

LOGS ARE SELECTED 

7th simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99998323 

LOGS ARE SELECTED 

8th simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99976469 

LOGS ARE SELECTED 

9th simulated series with initial value 

1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99899563 

LOGS ARE SELECTED 

10th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0009120 

LOGS ARE SELECTED 

11th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99940611 

LOGS ARE SELECTED 
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12th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99783903 

LOGS ARE SELECTED 

13th simulated series with initial 

value 1000 

 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99956026 

LOGS ARE SELECTED 

14th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99996242 

LOGS ARE SELECTED 

15th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0009673 

LOGS ARE SELECTED 

16th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99844882 

LOGS ARE SELECTED 

17th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 0.99780523 

LOGS ARE SELECTED 

18th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0011250 

LOGS ARE SELECTED 

19th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0010450 

LOGS ARE SELECTED 

20th simulated series with initial 

value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 1.0001285 

LOGS ARE SELECTED 

 

LOG-LEVEL PRETEST : 

21st simulated series with initial 

value 0 

LEVELS are Selected 

22nd simulated series with initial 

value 0 

LEVELS are Selected 

23rd simulated series with initial 

value 0 

LEVELS are Selected 

24th simulated series with initial 

value 0 

LEVELS are Selected 

25th simulated series with initial 

value 0 

LEVELS are Selected 

26th simulated series with initial 

value 0 

LEVELS are Selected 

27th simulated series with initial 

value 0 

LEVELS are Selected 

28th simulated series with initial 

value 0 

LEVELS are Selected 

29th simulated series with initial 

value 0 

LEVELS are Selected 

30th simulated series with initial 

value 0 

LEVELS are Selected 

31st simulated series with initial 

value 0 

LEVELS are Selected 

32nd simulated series with initial 

value 0 

LEVELS are Selected 

33rd simulated series with initial 

value 0 

LEVELS are Selected 

34th simulated series with initial 

value 0 

LEVELS are Selected 

35th simulated series with initial 

value 0 

LEVELS are Selected 

36th simulated series with initial 

value 0 

LEVELS are Selected 
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37th simulated series with initial 

value 0 

LEVELS are Selected 

38th simulated series with initial 

value 0 

LEVELS are Selected 

39th simulated series with initial 

value 0 

LEVELS are Selected 

40th simulated series with initial 

value 0 

LEVELS are Selected 

 

Appendix 3 

Test results for data transformation using TSW and log-transformed series 

LOG-LEVEL PRETEST : 

1st simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0000550 LOGS ARE SELECTED 

2nd simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0000529 LOGS ARE SELECTED 

3rd simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99989907 LOGS ARE SELECTED 

4th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99973569 LOGS ARE SELECTED 

5th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0003951 LOGS ARE SELECTED 

6th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99989544 LOGS ARE SELECTED 

7th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99999495 LOGS ARE SELECTED 

8th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99996343 LOGS ARE SELECTED 

9th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99984226 LOGS ARE SELECTED 

10th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0001277 LOGS ARE SELECTED 

11th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99990892 LOGS ARE SELECTED 

12th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99967945 LOGS ARE SELECTED 

13th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99993525 LOGS ARE SELECTED 

14th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99999001 LOGS ARE SELECTED 

15th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0001311 LOGS ARE SELECTED 

16th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99976445 LOGS ARE SELECTED 

17th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

0.99966162 LOGS ARE SELECTED 

18th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0001710 LOGS ARE SELECTED 

19th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0001444 LOGS ARE SELECTED 

20th simulated series in log-transformed data 

with initial value 1000 

SSlevels/(SSlog*Gmean(levels)^2)= 

1.0000163 LOGS ARE SELECTED 
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ΠΔΡΗΛΖΦΖ  

ην πξψην κέξνο ηεο εξγαζίαο απηήο, πνπ παξνπζηάζηεθε ζην 30ν Παλειιήλην ηαηηζηηθφ πλέδξην, 

πξνηάζεθε κηα λέα δηαδηθαζία πνπ αθνξά ηνλ ζηαηηζηηθφ έιεγρν γηα ηελ χπαξμε θαη ηνλ πξνζδηνξηζκφ 

ηνπ ραξαθηήξα ηεο ρξνληθά κεηαβαιιφκελεο δεχηεξεο ξνπήο φηαλ απηή εμαξηάηαη απφ έλα κε 

ζηαζεξφ κέζν επίπεδν. Απνδείρζεθε φηη ε λέα δηαδηθαζία έρεη ζεκαληηθά πιενλεθηήκαηα έλαληη ησλ 

πθηζηάκελσλ θαη απηφ ην επηρείξεκα ππνζηεξίρζεθε θαη απφ ηελ εκπεηξηθή αλάιπζε ησλ ρξνλνζεηξψλ 

πνπ αθνξνχλ ην Διιεληθφ εμσηεξηθφ εκπφξην. ηα πιαίζηα ηεο σο άλσ έξεπλαο, παξαηήζεθε φηη ην 

πξφγξακκα TSW, ην νπνίν είλαη έλα ινγηζκηθφ εμεηδηθεπκέλν ζηελ αλάιπζε ρξνλνζεηξψλ, είλαη 

κεξνιεπηηθφ ππφ ηελ έλλνηα ηεο ππεξβνιηθήο απφξξηςεο ηεο κεδεληθήο ππφζεζεο φηη κία ρξνλνζεηξά 

δελ εκθαλίδεη κε ζηαζηκφηεηα ζηε δεχηεξε ξνπή. Δπεθηείλνληαο ηελ εκπεηξηθή αλάιπζε πνπ 

εθαξκφζηεθε ζην πξψην κέξνο ηεο εξγαζίαο, ζην παξφλ δεχηεξν κέξνο, ρξεζηκνπνηήζεθαλ 

πξνζνκνησκέλα δεδνκέλα θαζψο θαη νη ρξνλνζεηξέο ηνπ Γείθηε Σηκψλ Καηαλαισηή (ΓΣΚ) θαη ηνπ 

Δλαξκνληζκέλνπ Γείθηε Σηκψλ Καηαλαισηή (ΔλΓΣΚ) γηα ηελ Διιάδα κε ζθνπφ: α) ηελ πεξαηηέξσ 

επηβεβαίσζε ηεο ζπγθεθξηκέλεο κεξνιεςίαο ηνπ TSW, β) ηελ εζηίαζε ζηηο ζπλέπεηεο ελφο 

ιαλζαζκέλνπ κεηαζρεκαηηζκνχ κίαο ήδε ζηάζηκεο σο πξνο ηελ δηαθχκαλζε ρξνλνζεηξάο. Σα 

απνηειέζκαηα ρξεζηκνπνηψληαο ηα πξνζνκνησκέλα δεδνκέλα απνδεηθλχνπλ φηη πξάγκαηη ππάξρεη 

κεξνιεςία ζην TSW, ε νπνία εμαξηάηαη απφ ηηο αξρηθέο ζπλζήθεο. Δπηπιένλ, απφ ηελ εκπεηξηθή 

αλάιπζε πξνθχπηεη φηη νη ζπλέπεηεο ελφο ιαλζαζκέλνπ κεηαζρεκαηηζκνχ κηαο ρξνλνζεηξάο πνπ είλαη 

εμαξρήο ζηάζηκε σο πξνο ηελ δηαθχκαλζε φλησο ππάξρνπλ, αιιά είλαη ιηγφηεξν ζνβαξέο απφ ηηο 

ζπλέπεηεο ηεο ιαλζαζκέλεο κε κεηαηξνπήο κηαο ρξνλνζεηξάο πνπ είλαη εμαξρήο κε ζηάζηκε σο πξνο 

ηελ δηαθχκαλζε. Σα εκπεηξηθά απηά επξήκαηα ππνζηεξίδνληαη θαη απφ ζεσξεηηθά επηρεηξήκαηα. 
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