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FOREWORD 

Our beautiful climate system has still lots of features to explore. Of those, 
atmospheric circulation patterns have direct effects upon the regional climates. This 
study is intended to find and assess the impacts of North Sea-Caspian Pattern over 
Turkey’s hydro-climate. 
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ABSTRACT  

The recently defined North Sea-Caspian upper air teleconnection pattern (Kutiel and 

Benaroch, 2002a) have important implications on the regional climate of Eastern 

Mediterranean. NCP dominantly determines the direction of meridional flow over 

Turkey, thus significantly affects the hydroclimate of the country. Connections 

between monthly indices of NCP (NCPI) and precipitation/streamflow anomalies of 

Turkey are investigated by means of Pearson’s correlation coefficient. Canonical 

correlation analysis (CCA) is used to extract the NCP phases of large scale 500 hPa 

geopotential height fields that are associated with Turkey’s precipitation/streamflow 

anomalies. 

Results reveal that NCP’s effects on Turkey’s hydroclimate are generally during 

winter months. In December and January, precipitation and streamflows in western 

parts of the country is highly but negatively correlated with NCPI. The Black Sea 

shoreline is generally positively correlated with NCPI, except in January. 

Precipitation of Thrace region show the highest negative correlations with NCPI. 

February is the only month in winter that all the precipitation correlations shift to 

positive (but do not necessarily become positive). There is a high contrast between 

the precipitation and streamflow regimes of Turkey in February (and partly in 

January), especially in northern and eastern sections. This should be, at least partly, 

because of the role of snow.  
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1. INTRODUCTION 

A brief review of North Sea-Caspian Pattern (NCP)          

Over the years, climatologists have defined atmospheric patterns that have significant 

effects on global and regional climate, such as Southern Oscillation or the North 

Atlantic Oscillation. A recently defined upper air teleconnection pattern by Kutiel 

and Benaroch (2002a) is the North Sea-Caspian pattern: There is a significant 

negative correlation between the 500 hPa geopotential height time series of 0˚, 55˚ N 

; 10˚ E, 55˚ N (North Sea) and 50˚ E, 45˚ N ; 60˚ E, 45˚ N (Northern Caspian). They 

also calculated an index defining NCP intensity, called North Sea- Caspian Pattern 

Index (NCPI). NCPI is defined as follows: 

      NCPI = gpm(0˚, 55˚ N ; 10˚ E, 55˚ N) – gpm(50˚ E, 45˚ N ; 60˚ E, 45˚ N) 

where gpm is the average height of the two grid points forming each of the two 

poles, respectively. Monthly time series of NCPI are calculated, then for each month, 

NCPI were standardized. The standardized values of NCPI are classified as NCP(+), 

NCP(-) or neutral. (Appendix A and B). 

NCP has a number of impacts on the climate of Eastern Mediterranean. In the 

negative phase, it induces a southwesterly anomaly circulation on the region (Figure 

1.2). Result is the increased mean temperatures, and also increased precipitation for 

the regions exposed to southern maritime trajectories (Kutiel et. al. 2002b). 

NCP(+), on the other hand, triggers a northerly anomaly circulation on the region.  

(Figure 1.3), and thus decreases the mean temperatures and influences the 

precipitation regime as well. 
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Figure 1.1. Poles of NCP. (From Kutiel and Benaroch, 2002b) 

 
Figure 1.2. A schematic representation of the anomaly circulation affecting the Mediterranean and surrounding 
regions during NCP(-). From Kutiel and Benaroch (2002a). 

 
Figure 1.3. A schematic representation of the anomaly circulation affecting the Mediterranean and surrounding 
regions during NCP(+). From Kutiel and Benaroch (2002a). 
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Objectives of the study 

The main objective of this study is to demonstrate the effects of recently defined 

teleconnection pattern NCP on the variability of hydrometeorological parameters 

over Turkey. These parameters are precipitation and streamflow. Verification of the 

relationship is also aimed, by implementing a canonical correlation analysis (CCA) 

between the large scale atmospheric variable 500 hPa geopotential height and local 

precipitation/streamflow data. 

Hypothesis 

There is a significant relationship between NCP and the precipitation/streamflow 

variability over Turkey. This relationship can also be put forward by a CCA of the 

mentioned variables.  
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2. LITERATURE REVIEW 

While the use of Pearson’s correlation coefficient is a standard in climatology, 

utilization of canonical correlation analysis is not that historical, probably due to its 

hard to handle mathematics. Harnack and Lansberg (1978) tried to make use of CCA 

to predict winter temperatures of United States. But in those days, it was very 

difficult to do the extensive calculations of CCA with present computers. Barnett and 

Preisendorfer published their classic article in 1987. They tried to predict the surface 

temperatures of United States from SLP, SST and surface temperature fields, and 

suggested a new and very useful forecast skill parameter that depends on cross-

validation. They also determined what kind of atmospheric or oceanic patterns lead 

to high forecast skill. Their version of CCA algorithm was adopted by many authors 

later (eg. Barnston and Ropelewski, 1991, Graham et. al., 1987). 

Xoplaki et. al. (2002) utilized CCA to show the atmospheric patterns that are 

associated with Mediterranean summer air temperature variability. Many authors 

used CCA to determine similar specification modes. 

Effects of large scale climate variations on Turkey’s regional climate have recently 

been studied by Türkeş (1998) and Türkeş and Erlat (2003). Kutiel et. al. (2002b) 

assessed the regional reaction of Turkey to NCP, but only partly. This is the first 

study concentrating on the effects of NCP over Turkey’s hydro-climate.  

           

            



3. DATA AND METHODOLOGY 

3.1. Data 

Since the prediction of streamflow and precipitation from large scale variables is 

intended in this work, it is convenient to define two main group of data sets: 

i. Predictors: Gridded (2.5x2.5 latitude longitude resolution) daily 500 hPa 

geopotential height data, from 1958 to 1998, were taken from NCEP/NCAR 

reanalysis data sets (Kalnay et al. 1996). Grid points lie between latitudes 0 - 90N 

and longitudes 90W – 90E. Tabulated NCP monthly indices are readily available in 

Kutiel and Benaroch (2002a), however they were derived here once again for 

verification purposes. (See Appendix A). 

Table 3.1 : Raw data sets for the analysis 

RAW DATA  
SETS          
(to be 

preprocessed) 

Daily 500hPa 
geopotential 

heights 

 

NCP monthly 
indices 

Monthly 
Averaged 

Streamflow 

Monthly Total 
Precipitation 

 

 

Geographical 
Extent or      

Number of 
Stations 

(Preliminary) 

 

90W - 90E       
0 - 90N        

2.5x2.5 Grid 

 

 

- 

 

Turkey         
80 stations 

 

Turkey        
80+ stations 

 

Time Span 

 

1958-1998 

 

1958-1998 

 

 

1964-1994 

 

1951-1998 

Source NCEP-NCAR  
Reanalysis 

derived D.S.İ. D.M.İ. 

ii. Predictands: Time series of monthly averaged streamflow and monthly total 

precipitation data from stations over Turkey were taken from Turkish State Water 

Works (D.S.İ.) and Turkish State Meteorological Organization (D.M.İ.) , 

respectively.    

 5



3.2. Methodology 

3.2.i. Data Preprocessing 

Before doing any kind of data analysis, data preprocessing is essential. The following 

procedures were applied before the main analysis. 

a. Predictor Spatial Window Selection 

In order to isolate the characteristics of the atmospheric variability affecting Turkey, 

a spatial window from the gridded 500 hPa geopotential height field should be 

selected. This selection can be based on the highest correlation between the first 

principal component of predictand data and the large scale geopotential height fields 

(Xoplaki et. al. 2003). However in this analysis, the mentioned method was not 

adopted, since the resulting spatial window, spanning from approximately 60˚W to 

80˚E and 10˚N to 80˚N, had 1653 grid points. That many grid points mean the same 

number of variables to include in the formation of covariance matrix, which is 

computed repeatedly in the analysis. In fact, in the cross validation procedure (will 

be detailed in subsequent sections), covariance matrices are formed as many times as 

the number of years. That would substantially lengthen the run-times and thus violate 

the time constraint of this work.  

Therefore, a somewhat arbitrary selection was made: the geographical area spanning 

from 10W to 60E and 30N to 70N was taken. This window, although reduced in size, 

still included the two poles of NCP. Finally, monthly mean values were computed 

from the daily data.   

b. Quality control of precipitation data: Elimination of outliers 

While dealing with station data, care must be taken not to use any incomplete or 

inhomogeneous time series. In this work, precipitation data over Turkey have been 

quality controlled through an outlier elimination process, which is outlined in 

Gonzalez-Rouco et. al. (2001). Outliers are identified as those values trespassing a 

maximum threshold for each time series (Peterson et.al. 1998) defined by 

Pout = q0.75 + 3 IQR             

where q0.75 is the third quartile and IQR is the interquartile range. Values over this 

threshold were replaced by this limit, which still keeps the information of the 

 6



extreme event, while reducing the impact of the outlier on the statistical methods to 

be used (Lanzante, 1996). 

 

Figure 3.1. Spatial window selected for 500 hPa geopotential height field, the predictor. 

No homogenization procedure was applied because of insufficient metadata. Instead, 

all the complete station time series were kept in the analysis in order to represent the 

precipitation variability as well as possible, also to reduce the impact of 

inhomogenities (Figure X). There are 75 stations in Turkey whose precipitation time 

series are complete from 1958 to 1998. 

Figure 3.2. Selected precipitation stations. 
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Figure 3.3. Location of streamflow gauging stations whose data are included in the analysis. 

c. Streamflow gauging station selection   

Among the 80 available streamflow gauging stations, 35 were chosen to represent the 

streamflow variability (Figure 3.3). The reduction in the number of gauging stations 

is essential because of the perturbations in the lower basins (Karaca 2004, personal 

contact). However, equally weighted spatial distribution of stations should still be 

preserved. 

 

Table 3.2. Final state of the data sets before the main analysis. 

 

DATA SETS 
used in the 

analysis 

Monthly 
averaged 
500hPa 

geopotential 
heights 

 

NCP 
monthly 
indices 

 

Monthly 
Averaged 

Streamflow 

 

Monthly Total 
Precipitation 

 

 

Geographical 
Extent or 

Number of 
Stations 

10˚W–60˚E 
30˚–70˚N 

2.5˚x2.5˚ Grid 

 

- 

 

Turkey 

35 stations 

 

Turkey 

75 stations 

 

Time Span 

 

1958-1998 

 

1958-1998 

 

 

1964-1994 

 

1958-1998 

Source NCEP-NCAR 

Reanalysis 

derived D.S.İ. D.M.İ. 
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3.2.ii. Calculation of Pearson’s correlation coefficients 

One leg of the analysis is the calculation of the correlation coefficients between 

NCPI and the predictand variables. Correlation coefficient is also known as the 

Pearson’s correlation coefficient, and will be called so hereafter, in order to seperate 

it from the canonical correlation coefficient. Pearson’s well known correlation 

coefficient is a measure of association between two variables and is given by 

          ))()(/())(( 22∑∑∑ −−−−= yyxxyyxxr i
i

i
i

ii  

where x and y are the random variables assumed to vary together. When x increases, 

if y decreases, then r is negative. 

Student’s t test has been employed to check whether the correlation coefficients are 

statistically significant. By using the two-tailed test of the Student’s t distribution, the 

null hypothesis of “no relationship” was rejected for large absolute values of  t. 

3.2.iii. Canonical Correlation Analysis (CCA) 

Correlation between two univariate time series is expressed by Pearson’s correlation 

coefficient. CCA is a method that can be used to correlate two multivariate time 

series. It may be understood by analogy to empirical orthogonal function (EOF, or 

principal component) analysis. EOF analysis tries to find some patterns (EOFs) 

among the variates of a single multidimensional data set, where these patterns are 

supposed to represent the most variance of the data. If the variates are time series, 

those patterns also have time coefficients (principal components, PCs hereafter) that 

show the strength of the pattern for each realization in time. CCA, on the other hand, 

tries to find patterns in each of the two data sets, so that the correlation between time 

coefficients of the first pattern of the first data set, and the first pattern of the second 

data set, is the highest. The second highest correlation is supposed to be present 

between the second patterns of each data set, and so on. 

At the end, a few pair of patterns are found whose time coefficients are optimally 

correlated, that is, the pairs tend to occur simultaneously. One pair of patterns are 

called canonical correlation analysis pair (CCA pair hereafter). The time 

coefficients of patterns are formally called canonical correlation variates (CCVs 
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hereafter). Canonical correlation coefficient (CCC) is the Pearson’s correlation 

coefficient between these CCVs. 

Canonical patterns are valuable not only for their synchronicity. They should also 

represent a good deal of variance in their original data sets. 

In this study, canonical predictor is 500 hPa geopotential height field, which is a 

multivariate data set composed of 493 geopotential height time series. Canonical 

predictands are precipitation time series of 75 stations and streamflow time series of 

35 stations. CCVs of canonical predictor patterns were correlated with NCPI to 

check whether they represent a phase of NCP or not.              

Detailed mathematical description of CCA may be found in von Storch and Zwiers 

(1999) and Barnett and Preisendorfer (1987). 

An important feature of the CCA version adopted here is its implementation after a 

transformation to EOF coordinates. Predictor and predictand data sets can be 

substituted with PCs of their EOFs. The number of EOFs to be retained depends on 

the variance representation strength of the EOFs. For example, 9 EOFs of the 

January 500 hPa geopotential height field were able to represent 95% of the variance 

of the original data set. Thus, if the PCs of these EOFs are taken as the predictor 

variates, CCA can be performed regarding only the principal variability modes. This 

procedure is called PC truncation. 

Statistical significance of CCA is measured by a number of ways. One of them is 

cross validation. (Barnett and Preisendorfer, 1987) By using canonical patterns and 

coefficients, predictand can be estimated in terms of the predictor. In cross 

validation, the estimation equation of the predictand is formed n times, every time 

discarding one observation from both data sets (n is the number of observations 

here). Then, each discarded predictand is tried to be estimated, from the discarded 

predictor and the estimation equation formed independent of the discarded 

observations. If the estimated value of the predictand and the true observation is in 

agreement most of the time, CCA is said to be cross-validated. In this study, CCA 

was always cross-validated. 

CCA is used for mainly two purposes in climate science: 

- Specifying the simultaneous connections between two multivariate field. 
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- To predict a future state of a multivariate field by building a statistical model from 

the time-lagged connections. 

In this study, simultaneous connections are sought.  

Two considerations have very important effects on CCA results. These are PC 

truncation and weighting of the predictor data with respect to latitude (Livezey and 

Smith, 1987). Therefore, each grid point of the large scale anomalies were weighted 

by the cosine of its latitude to account for the latitudinal distortions. Also, the 

number of PCs that give rise to the best results in cross validation is selected.                                      

 11
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4. RESULTS and DISCUSSIONS 

The connection betweeen the NCP and variability of streamflow and precipitation 

has been investigated with the tools described in the previous section. Since the 

analysis is based on monthly averages/totals, results will be presented month by 

month. For each month, assessment for each of the parameters is done seperately, 

then the two results are compared. Not all the maps are shown, unless correlations 

are statistically significant or the canonical patterns imply the effects of NCP. 

4.i. Preliminary Comments 

After performing the analyses, it was observed that NCP’s effects on 

hydrometeorological parameters of Turkey exhibit an obvious seasonality. 

Streamflow variability is significantly affected only in January, February, March and 

May. On the other hand, precipitation variability has a more complex dependence 

upon NCP, but it, too, has a tendency to correlate more with NCP in colder months. 

Therefore, not all the months will be discussed in detail. 

4.ii. Key to Maps 

On the maps of Pearson’s correlations, those significant at 0.05 level are indicated in 

boldface. In all maps, positive values are shown in red, whereas negative values are 

shown in blue. Anomaly values of precipitation is in milimeters, and those of 

geopotential height is in geopotential meters. 
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4.1 JANUARY- Streamflow Variability 

 

Figure 4.1. Pearson’s correlation coefficients between NCPI and local streamflow anomalies of January.  

In Figure 4.1, Pearson’s correlations between the streamflow anomalies at the chosen 

gauging stations and NCPI are shown. Approximately 32% of the stations exhibit a 

significant negative correlation with NCPI, meaning that, when the NCPI is positive 

(negative), there is a decrease (increase) in the streamflow. These significant 

correlations seem to accumulate in the western and southern parts of the country. 

Among all, there are only three stations which are positively correlated with NCPI, 

those values however, are insignificant. 

The outcome that almost no positive correlations occur between streamflow and 

NCPI is meaningful. As discussed earlier, NCP(-) induces a counterclockwise 

anomaly circulation around the western pole of NCP, while there is a clockwise 

anomaly circulation around the eastern pole (Kutiel and Benaroch 2002, Figure 1.2). 

This pattern triggers southerly-southwesterly flows over the region including Turkey, 

which brings precipitation mainly to the western and southern sections of the 

country. So in this pattern, increase in the streamflows in western and southern 

Turkey is an expectation. However, bearing in mind that northern-northeastern 

Turkey gets precipitation chiefly from the northerly flows humidified by Black Sea, 

there still remains a question: why are the streamflow anomalies in the northern 

sections of Turkey not positively correlated with NCP? This is partly because of the 

effects of strong Mediterranean cyclones of January (associated with southwesterly 

flow) that release precipitation on northern sections of the country (that will be 
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discussed subsequently). Another explanation should regard the type of the 

precipitation in the NCP(+). In NCP(+) (Figure 1.3), and in January, most of the 

precipitation is expected to be in the form of snow, and this will obviously not add as 

much water to the streams as the southerly rainfalls do. Wintertime southerly flow 

have one more profound effect on the hydroclimate of  the northern parts of Turkey, 

especially on the shoreline of Black Sea region: there occur some kind of Föhn 

winds, which blows very warm air down the northern slopes of the North Anatolian 

Mountains. These winds are usually warm enough to melt the snow on the ground. 

Addition of water to the streams by this way may also obscure the effects of NCP(+) 

on the northern parts of the country. 

CCA was applied to seperate the modes of large scale 500hPa geopotential height 

field (predictor) which effect the streamflow variability (predictand) over Turkey. 9 

and 4 PCs were able to represent the bulk variance of predictor and predictand data 

matrices, respectively.  In Figure2a, the 500hPa geopotential height pattern of the 

first CCA pair is shown. This pattern represents 16% of  the variance of geopotential 

height field and resembles NCP(+), at least, the east-west dipole of the anomaly field 

is apparent. However, the western pole seem to be shifted towards southeast. Yet, 

first CCA pattern should induce a northerly flow towards Turkey. The correlation 

between coefficients of this pattern (CCVs) and NCPI is 0.46, which is significant at 

the 0.01 level. 

Figure 4.2 (lower part) shows the streamflow pattern of the first CCA pair, and 

represents 37% of the variance of that variable. Almost all of the anomaly values are 

negative, which implies the association of NCP(+) (NCP(-)) with the decreased 

(increased) streamflow. 

The second CCA pair (not shown) represents 8% of the variance of geopotential 

height field and 9% of the variance of streamflow data, respectively. The second 

geopotential height pattern does not seem to be associated with NCP: correlation 

between CCVs of this pattern and NCPI is insignificant (0.12). The canonical 

correlation patterns which do not imply any effects of NCP on the local parameters 

will not be assessed in the rest of this study. 
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Figure 4.2. The patterns of the first CCA pair. Upper panel is the 500 hPa geopotential height pattern, lower panel 
is the associated streamflow pattern. The CCC between these two patterns is 0.92.  

The third CCA pair (Figure 4.3) represents 15% of the variance of geopotential 

height field and 12% of the variance of the streamflow, respectively. The 

geopotential height pattern now resembles NCP(-), but again the poles are somewhat 

shifted. There is a correlation of 0.41 (significant at 0.01 level) between CCVs of this 

pattern and NCPI. Corresponding streamflow pattern exhibits positive anomalies for 

almost all of the stations now, the fact which is associated with NCP(-). However, 

association of the streamflow pattern with NCP(-) is obscured by the relatively small 

canonical correlation between the CCA pair (0.57) here. Consequently, correlation 

between this streamflow pattern and NCP(-) is low (0.22). 
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Figure 4.3. Patterns of the third CCA pair. Upper panel is the 500 hPa geopotential height pattern, lower panel is 
the streamflow pattern. The CCC between these two patterns is 0.57. 

To conclude, 37% of the variance of streamflow is associated with modes of NCP. 

An additional 12% of the variance of streamflow seems to be marginally associated 

with NCP modes, but that association is much obscure. Knowing that 32% of all the 

station time series exhibit a significant correlation with NCPI, CCA is successful in 

the seperation of NCP modes and their associated streamflow anomalies for January. 

4.2 JANUARY- Precipitation Variability 

As shown in Figure 4.4, 75% of the precipitation time series of 75 stations are 

significantly correlated with NCPI. Of these 75%, only two stations (Sinop and 

Artvin) have positive correlations, while all the others are negatively correlated with 

NCPI. The stations of the Black Sea shoreline (except Zonguldak and Sinop), the 

Southeastern Anatolia Region, eastern parts of the East Anatolia Region and Konya 

sub-region seem generally not affected by NCP. All the other regions of the country 

have a positive (negative) precipitation anomaly when NCPI has a negative (positive) 
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anomaly. These results are also consistent with the findings of Kutiel et. al. (2002b). 

Zonguldak, as a Black Sea station, exhibits the characteristics of a western or 

southern station of Turkey. It has a relatively high negative correlation with  NCPI  (-

0.42, significant at 0.01 level). Sinop and Artvin are the exceptions, where peculiar 

reactions to NCP take place. 

 

Figure 4.4: Correlation coefficients between the NCPI and local precipitation anomalies of January. 

In the case of streamflow variability of January, NCP seemed to have a modest 

effect. However, in the precipitation case, NCP is almost ‘ruling’, except for the 

stations stated above. Again, in its positive phase, the clockwise (counterclockwise) 

anomaly circulation around the western (eastern) pole of NCP induces the northerly 

flow towards Turkey. This is likely the main cause of reduced precipitation during 

NCP(+), situation which is demonstrated in Figure 5. 

Why are the precipitation anomalies over the Black Sea shoreline, the Southeastern 

Anatolia Region, eastern parts of the East Anatolia Region and Konya sub-region 

uncorrelated with NCP is a question mark. For the Black Sea shoreline, and the 

eastern parts of the country, the effects of NCP(-) might be balanced by NCP(+), that 

is, these regions might be receiving close amounts of precipitation from northerly 

and southerly flows. Karaca et. al. (2000) stated that the northern parts of Turkey are 

well influenced by Mediterranean cyclones. Therefore, these complex relationships 

should be investigated more deeply. 
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Figure 4.5. Differences between the average precipitation during specific NCP phases and overall mean 
precipitation for each station, January. Upper panel: NCP(+). Lower panel: NCP(-).  

 7 and 14 PCs of predictor and predictand data matrices were used before CCA. 

Unlike streamflow case, a few of the PCs were not able to represent the most of the 

variance of predictand data matrix. Figure 4.6 shows the first CCA pair, which 

represents 23% and 43% of the variance of geopotential heights and precipitation 

anomalies, respectively. The first geopotential height pattern, although poles 

somewhat shifted, is clearly the NCP(+). The correlation between CCVs of this 

pattern  and the NCPI is 0.72. Corresponding anomaly pattern indicates substantially 

reduced precipitation for most of the stations, which is consistent with the findings 

from NCPI-precipitation correlations. On the other hand, Artvin, again exhibits its 

peculiar behavior here with an anomaly of +39.47 mm precipitation.   
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Figure 4.6. The patterns of the first CCA pair, for January. Upper panel is the 500 hPa geopotential height pattern, 
lower panel is the precipitation pattern. The CCC between these two patterns is 0.98. 

The second CCA pair (Figure 4.7), which represents 15% and 5% of the geopotential 

height and precipitation respectively, resembles NCP(-), but not as much as the first 

CCA. The correlation between CCVs of this pattern  and the NCPI is only 0.32 (but 

this value is still significant at 0.05 level). Since this last value is relatively low, 

interpretation of the second precipitation pattern is ambiguous. The rest of CCA 

patterns do not resemble NCP. 

The canonical patterns that resemble NCP phases represents nearly half of the 

variance of precipitation anomalies of January. So, the result of CCA is well 

consistent with the correlation analysis between NCPI and precipitation over Turkey.  

If the connection between the precipitation and streamflow variability for January is 

assessed in the light of this analysis, precipitation appears to be more dependent upon 

NCP than the streamflow is. 
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Figure 4.7 The patterns of the second CCA pair, for January. Upper panel is the 500 hPa geopotential height 
pattern, lower panel is the precipitation pattern. The CCC between these two patterns is 0.94. 

4.3 FEBRUARY- Streamflow Variability 

As shown in Figure 4.9, 60% of the streamflow time series of 35 stations are 

significantly correlated with NCPI. All of these correlations are negative. Same 

interpretations regarding the connection between the NCP phase and the streamflow 

anomalies apply here as in the case of January, but now, streamflows appear to be 

affected more by the NCP. There is also an impressive contrast between February 

and January: the stations that appeared to be correlated with NCP in January, are now 

substituted with the stations that are not correlated with NCP in January (Figure 4.1). 

This means a major regional shift of the effects of NCP on streamflow variability 

over Turkey, a phenomenon that clearly needs further investigation. 
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Figure 4.8. Differences between the average streamflow of specific NCP phase and overall mean streamflow for 
each station, February. Upper panel: NCP(+). Lower panel: NCP(-). Generally lower (higher) streamflow rates 
are associated with NCP(+) (NCP(-)) 

9 predictor and 8 predictand EOFs were used in CCA of this section. Only the third 

CCA pair demonstrated NCP and its effects (Figure 4.10). The shown pattern is 

NCP(-).  CCVs of the predictor pattern and NCPI is very significantly correlated 

(0.69). The pair represents 18% and 20% of the variances of geopotential height field 

and streamflow variability. Association of NCP(-) with increased streamflow rates is 

apparent here again. CCA seems to be successful. 
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Figure 4.9: Pearson’s correlation coefficients between the NCPI and local streamflow anomalies of February.  

 

 
Figure 4.10. The patterns of the third CCA pair of 500 geopotential height and streamflow, February. Upper panel  
is the 500 hPa geopotential height pattern, lower panel is the precipitation pattern. The CCC between these two 
patterns is 0.66. 
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4.4 FEBRUARY -Precipitation Variability 

In February, the general picture changes as in the case of streamflow. Only 17% of 

the station time series are significantly correlated with NCPI. With a few randomly 

distributed stations and Kırklareli-Çorlu periphery, the only region that is 

significantly correlated with NCPI is The Black Sea shoreline (Figure 4.11). Another 

major change is in the sign of correlations: NCP(+) induces an increased 

precipitation over the mentioned part of the country (Figure 11). Besides, the sign of 

non-significant correlations also make a shift toward positive for many of the 

stations. One could then say that, compared to January, entire Turkey area become 

more vulnerable to the north-originating winter precipitation systems in February. 

This is consistent with the finding of Karaca et. al. (2000) that the axis of subtropical 

jet retreats to its lowest latitudinal value in February. 

 

Figure 4.11: Pearson’s correlation coefficients between the NCPI and local precipitation anomalies of February. 

Since there are not many station time series significantly correlated with NCPI, 

CCA, as a correct estimation, revealed that modes of NCP are not that associated 

with precipitation anomalies in February. The first three CCA pairs (not shown), 

although the correlations between their  predictor (geopotential height) pattern 

amplitudes (CCVs) and NCPI are very significant (0.50, 0.47 and 0.55), were unable 

to represent a reasonable amount of variance of precipitation data. While the first 

three predictor patterns represented a total of 37% of the variance of geopotential 

height field (meaning that NCP is still present), the variance representation for the 

precipitation part remained low: only a total of 11%. 



 24

 

 
Figure 4.12. Differences between the average precipitation of specific NCP phase and overall mean precipitation 
for each station, February. Upper panel: NCP(+). Lower panel: NCP(-). 

 4.5 MARCH- Streamflow Variability 

In March, there are only 4 randomly distributed station time series that are 

siginificantly correlated with NCPI. But still, all the correlations (including non-

significant ones) remain negative. Yet, no meaningful interpretations can be made in 

the light of these values. 

In accordance with the expectations, CCA did not reveal the modes of NCP for 

March. The predictor patterns of first five CCA pairs are insignificantly correlated 

with NCPI. 
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Figure 4.13: Pearson’s correlation coefficients between NCPI and local streamflow anomalies of March.  

4.6 MARCH- Precipitation Variability 

Just like February, there are only a few stations that are significantly correlated with 

NCPI in March (Figure 4.14). These stations constitue approximately 17% of all, and 

tend to be located in western parts of the country, they all have negative correlations 

with NCPI. 

 
Figure 4.14: Pearson’s correlation coefficients between NCPI and local precipitation anomalies of March.  

The fifth CCA pair of this section (not shown) revealed NCP(+). But it represents 

only 5% of the variance of the precipitation anomalies, so successfully demonstrated 

the little effect of NCP on precipitation. 
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4.6.i Overall assessment of January-February-March (JFM) 

During JFM period, precipitation and streamflow climate of Turkey is under the 

significant influence of NCP, especially in January and February. Streamflow time 

series is always negatively correlated with NCPI. Precipitation, too, tends to increase 

along with NCP(-) in January in most parts of the country, while NCP(+) raises the 

precipitation values in northern and northeastern Turkey. February is the month that 

the negative correlations of western stations with somewhat ease, the cause of this is 

the increased effect of northerly precipitation systems due to the southern shift of the 

subtropical jet in February, a fact that is stated by Karaca et. al. (2000). Kırklareli 

and Çorlu are the exceptions as being the stations always negatively correlated with 

NCP, as far as the statistically significiant correlations are concerned.  Artvin and 

Sinop are January peculiarities with their increasing precipitation along with NCP(+). 

Thus, it can be stated that Artvin and Sinop are the stations least vulnerable to 

Mediterranean cyclones of January. 

CCA was generally very successful in the seperation of modes of NCP associated 

with the anomalies of Turkey’s hydrometeorological parameters. Its success is not 

only to indicate the modes of NCP, but also not to indicate NCP when it is not 

associated with local anomalies. 

4.7 APRIL- Precipitation Variability 

In April, since only one station time series of streamflow has a significant correlation 

with NCP, this month’s streamflow variability characteristics with respect to NCP 

will not be discussed. 

Figure 4.15 shows Pearson’s correlation coefficients between precipitation time 

series and NCPI. All significant correlations are positive and they occur at Black Sea 

shoreline and Eastern Anatolia region. Then, it can be said that these regions tend to 

get precipitation mainly from the northerly flows in April, as in the case of February. 

Figure 4.16 shows the increased precipitation at the mentioned stations during 

NCP(+). 

With 8 predictor and 14 predictand EOFs, CCA was performed to see whether the 

effect of NCP is observable. CCVs of first predictor pattern was highly correlated 

with NCP(-) (0.59). But in this pattern, the geopotential low appears to be over 
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Turkey. (Figure 4.18) The first pair was able to represent 20% and 17% of the 

variances of predictor and predictand data, respectively. This first pair predicted the 

decrease of precipitation on the Black Sea shoreline associated with NCP(-) well. 

 
Figure 4.15. Pearson’s correlation coefficients between NCPI and local precipitation anomalies of April. 

 
Figure 4.16. Differences between the average precipitation of NCP(+) phases and overall mean precipitation for 
each station, April. 

4.8 MAY- Streamflow Variability 

In May, seven stations out of 35 has significant correlations with NCPI. These are all 

negative and tend to be located in western parts of the country (Figure 4.17). 
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Figure 4.17. Pearson’s correlation coefficients between NCPI and local streamflow anomalies of May. 

 

 
Figure 4.18. The patterns of the first CCA pair, for April. Upper panel is the 500 hPa geopotential height pattern, 
lower panel  is the precipitation pattern. The CCC between these two patterns is 0.93. 

For May, CCA was unable to seperate the modes of NCP that is associated with 

streamflow variability. 

For June, July and December, there is only one station time series of streamflow that 

is significantly correlated with NCPI. For August, this number is only three. For 
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September, November and October, streamflow variability of chosen stations show 

no association with NCP. Thus, no further analysis of streamflow-NCP connection 

will be made in this study.  

4.9 MAY – JUNE Precipitation Variability 

For May, there is only one (Şile), and for June, there are only two stations (Samsun 

and Erzurum) that are significantly correlated with NCPI. This should clearly not 

imply any associations with NCP, since these stations can not represent the regions 

where they are located.  

4.10 JULY – AUGUST Precipitation Variability  

In Figure 4.19, correlations between precipitation anomalies and NCPI are seen for 

July and August, respectively. The fact that all the significant correlations are 

positive is meaningful: In July and August, Turkey gets precipitation only from the 

north-originating cyclones, and from the thunderstorms that are sparked by the cool 

upper air carried southward by these cyclones and associated fronts (Karaca et. al. 

2000). Thus, increased precipitation should be related to NCP(+) in July and August, 

which agrees with the below maps.   

CCA was unfortunate to seperate the modes of NCP that are associated with the 

precipitation variability. But this is an expectation, since only 14% and 17% of the 

stations exhibit a significant correlation with NCPI in July and August, respectively. 
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Figure 4.19. Pearson’s correlation coefficients between NCPI and local precipitation anomalies of  July (upper)  
August (lower). 

4.11 SEPTEMBER - OCTOBER Precipitation Variability 

For September, there are only five stations that have precipitation time series 

significantly correlated with NCPI. Three of them are on Black Sea shoreline. In 

October, a few more stations from the same region and the Eastern Anatolia region 

are added to these (Figure 4.20). Yet, only 17% of the stations have significant 

correlations. In October, northerly flows, which are associated with NCP(+) seem to 

invoke the precipitation increase on Black Sea shoreline and Eastern Anatolia region 

(Figure 4.21). 
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Figure 4.20. Pearson’s correlation coefficients between NCPI and local precipitation anomalies of September 
(upper panel) and October (lower panel).  
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Figure 4.21. Differences between the average precipitation of NCP(+) phases and overall mean precipitation for 
each station, Upper: September,  Lower: October. 

As winter approaches and effects of NCP becomes more pronounced, skill of CCA to 

seperate NCP modes increase. At least, the east-west dipole of the 500 geopotential 

height field, that was usually absent during summer months, appears again in 

canonical predictor patterns. Figure 4.22 shows the first three canonical predictor 

patterns of September, whose coupled predictand (precipitation anomaly) patterns 

(not shown) represent a total of 33% of the variance of precipitation data. All three 

predictor patterns somehow resemble NCP(+) or NCP(-), with their CCVs having 

correlations 0.36, 0.54 and 0.66 (all significant) with NCPI, respectively.  
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Figure 4.22. The first three canonical predictor patterns of 500 hPa geopotential height for September. 

Figure 4.23 shows the first CCA pair, that represents 21% and only 4% of the 

variances of predictor and predictand data, respectively. CCVs of the predictor 

pattern has a very high correlation of 0.78 with NCP(+). The low variance 

representation of predictand pattern is consistent with Figure 20b, since only a little 

fraction of the stations are correlated with NCP. The positive precipitation anomaly 

that should be associated with NCP(+) is successfully found by CCA for the relevant 

stations (Figure 23b) 
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Figure 4.23. The patterns of the first CCA pair, for October. Upper panel is the 500 hPa geopotential height 
pattern, lower panel is the precipitation pattern. The CCC between these two patterns is 0.91. 

 

 
Figure 4.24. Pearson’s correlation coefficients between NCPI and local precipitation anomalies of November.  

 



 35

4.12 NOVEMBER- Precipitation variability 

In November, NCP clearly increases its effects on Black Sea shoreline (Figure 4.24). 

Except Samsun, all stations have significant positive correlations with NCPI. Also, 

Edirne and Kırklareli start to show their negative correlation with NCP. 

The first CCA pair of November represents 26% and 17% of the variance of 

predictor and predictand data (Figure 4.25). The increase in the variance 

representation value is in agreement with the rising correlations of November. The 

canonical predictor pattern resembles NCP(+) again, its CCVs are highly correlated 

(0.68) with NCPI. One can observe the huge positive precipitation anomaly 

associated with NCP(+) from the predictand pattern of this CCA, too.  

 

 
Figure 4.25. The patterns of the first CCA pair, for November. Upper panel is the 500 hPa geopotential height 
pattern, lower panel is the precipitation pattern. The CC between these two patterns is 0.95. 
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Figure 4.26. Differences between the average precipitation of NCP(+) phases and overall mean precipitation for 
each station, November. 

4.13 DECEMBER- Precipitation Variability 

 
Figure 4.27. Pearson’s correlation coefficients between NCPI and local precipitation anomalies of December. 

Numerous significant negative correlations between precipitation time series and 

NCPI are observed in December (Figure 4.27). This was not the case in November, 

except the Thrace region. Also in December, the negative correlations of Thrace are 

even more strengthened, whereas the positive correlations of Black Sea shoreline are 

substantially weakened. These results clearly imply the December strengthening of 

Mediterranean cyclones, which penetrate into Turkey from the west-southwest and 

effect almost all of the country. This result is again in agreement with Karaca et. al. 

(2000). Such penetrations of Mediterranean cyclones are only possible during NCP(-

) periods, when the flow is southwesterly. The first CCA pair, representing 17% and 

21% of the variances of predictor and predictand, well depicts NCP-precipitation 



 37

relationship of December (Figure 4.28). CCVs of canonical predictor pattern here has 

a correlation of 0.61 with NCPI. 

 

 
Figure 4.28. The patterns of the first CCA pair, for December. Upper panel is the 500 hPa geopotential height 
pattern, lower panel is the precipitation pattern. The CCC between these two patterns is 0.97. 
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Figure 4.29. Differences between the average precipitation of NCP(-) phases and overall mean precipitation for 
each station, December. 
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5. OVERALL ASSESSMENT AND CONCLUSIONS 

The study performed here revealed that the North Sea-Caspian Pattern has significant 

impacts on regional climate of Turkey. NCP’s effects are most observed in winter 

months: Western parts of the country have significant positive precipitation 

anomalies during NCP(-), the pattern which triggers southerly and westerly flow 

over Turkey. The negative correlations for precipitation are getting even higher on 

the western coast and southern coast and also on Thrace region. On the other hand, 

Black Sea shoreline usually tend to have positive precipitation anomalies during 

NCP(+). All correlations with NCPI shift toward positive values (but not necessarily 

become positive) in February, when the axis of subtropical jet is in its lowest 

latitude. 

Streamflow anomalies always tend to negatively correlate with NCPI in winter 

months. This is because of the fact that north-originating precipitation of winter is 

usually in the form of snow and does not feed streams. 

In the summer months, a few significant precipitation correlations with NCPI is 

always positive. This is because of the fact that Turkey gets precipitation completely 

from northerly flow is summer.  
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APPENDIX A: Monthly Indices of North Sea-Caspian Pattern 
 

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 
1958 -0.899 -0.922 -0.615 0.529 -0.888 -0.583 0.077 -0.45 1.603 0.408 1.771 -0.74 
1959 -1.371 2.789 1.29 -0.467 0.696 0.946 1.101 2.098 2.251 0.951 0.543 -1.116 
1960 -0.484 -1.048 1.282 0.436 1.618 0.574 -0.959 -0.886 0.187 -1.239 -1.382 -1.424 
1961 -0.522 0.431 1.777 0.358 -1.251 0.054 -0.237 -0.563 1.955 -0.174 0.659 -0.211 
1962 -0.432 0.082 -2.057 0.085 -0.979 0.362 -1.237 -1.455 -0.854 1.234 -0.287 -0.203 
1963 -0.394 -1.156 0.697 0.002 0.456 0.271 0.539 -1.027 -0.058 0.167 -0.482 1 
1964 2.275 0.067 0.179 1.12 0.573 0.396 0.454 0.545 0.206 -0.128 1.321 -0.913 
1965 -0.846 0.738 -0.234 0.632 -0.765 -0.069 -1.516 -1.398 -0.517 1.738 -0.849 -1.981 
1966 -0.808 -1.075 -0.039 -0.209 0.28 0.52 -0.702 -0.49 0.488 -0.739 -1.904 -1.064 
1967 -0.135 0.449 0.043 0.393 -1.345 0.891 1.101 -0.595 0.076 -1.135 0.381 -0.017 
1968 0.151 -0.745 0.064 0.032 -1.64 0.78 0.275 0.289 -0.776 0.143 0.537 -0.012 
1969 0.498 -0.768 0.175 -0.226 -0.23 -0.188 2.084 -0.109 1.603 2.042 -1.834 -0.155 
1970 -0.521 -1.611 -1.817 -2.137 0.73 1.69 -0.705 0.95 0.307 0.158 -0.429 1.005 
1971 -1.007 0.946 -0.802 0.786 0.426 -0.505 0.574 0.367 0.095 1.201 -0.344 1.946 
1972 0.947 -0.229 0.911 -0.76 -0.671 -1.062 0.936 0.224 0.005 0.563 -0.273 1.341 
1973 1.566 -0.509 1.697 -0.609 0.068 1.142 0.179 0.672 0.968 -0.024 -0.048 -0.472 
1974 0.751 -0.569 -0.223 2.068 -0.551 -0.381 -0.899 0.698 -1.634 -2.26 -1.039 -0.046 
1975 -0.163 1.808 -0.256 -1.527 -0.313 -0.042 0.012 1.664 -0.448 1.074 0.713 1.03 
1976 -0.091 1.28 0.326 0.563 -0.17 1.274 1.244 0.107 -0.081 0.259 -0.367 -1.558 
1977 -0.076 -1.459 -0.432 -1.845 -0.213 -0.383 -0.032 0.2 0.185 1.017 -1.387 1.19 
1978 -0.468 -1.039 -1.347 0.656 1.31 0.029 -1.129 -0.476 -1.242 0.893 1.987 -0.039 
1979 -1.395 -0.283 -1.902 -0.396 -1.511 0.824 -0.969 -1.888 -0.532 0.285 -1.34 -0.339 
1980 0.219 0.508 -0.485 0.721 -0.221 -1.126 -1.468 0.081 0.878 -0.427 -0.015 -0.699 
1981 -0.303 0.25 -0.545 1.591 0.348 0.232 -0.434 1.057 -0.502 -2.38 0.439 -2.207 
1982 0.421 1.177 0.303 -0.041 -0.771 -0.039 1.162 -0.547 0.803 -0.028 0.102 -0.704 
1983 0.61 -0.031 0.2 -1.271 -1.559 0.826 1.297 1.955 -0.201 -0.156 1.071 0.136 
1984 -1.689 0.243 -0.205 1.243 -0.461 -0.54 -0.884 1.037 -2.076 -0.3 0.358 0.915 
1985 -0.889 1.049 -0.175 -0.702 -0.141 -1.665 0.109 -1.376 0.125 1.881 -1.348 0.058 
1986 -1.357 -0.426 -0.085 -2.108 0.458 1.167 -0.615 -1.767 -0.793 -0.031 0.774 0.23 
1987 0.016 -0.398 -0.132 1.806 -1.1 -2.518 -0.008 -0.92 0 -0.389 0.337 0.862 
1988 -0.545 -1.198 -1.179 -0.072 1.123 0.482 -1.189 -0.662 -0.171 -0.243 1.044 1.091 
1989 2.158 0.104 -0.692 -0.829 1.83 -0.175 0.189 -0.708 1.174 -0.089 0.785 0.412 
1990 0.472 -0.735 1.206 0.486 1.204 -0.693 0.399 1.146 -1.203 0.011 -0.266 0.37 
1991 0.812 -0.257 0.494 -0.344 1.363 -2.495 0.903 0.902 0.385 -0.604 -0.343 2.021 
1992 2.244 1.132 0.221 0.049 2.37 1.759 0.418 -0.331 -0.019 -1.225 -0.501 0.956 
1993 0.572 1.625 1.447 0.725 1.159 0.427 -1.291 -0.397 -0.757 -0.337 1.642 -1.5 
1994 -0.976 0.545 -0.749 -0.538 0.014 0.341 2.353 -0.139 -1.948 -0.875 1.509 0.673 
1995 -0.919 -1.264 -1.772 -0.103 -0.587 0.081 1.123 1.594 -1.16 1.093 0.591 0.624 
1996 0.356 -0.738 0.634 0.943 -1.236 0.405 -0.928 0.004 0.797 -0.044 -1.623 -0.264 
1997 1.591 -0.083 1.808 0.602 -0.175 -1.067 0.258 1.1 1.408 -0.671 -0.162 0.172 
1998 0.631 1.319 0.989 -1.64 0.754 -1.945 -1.584 -0.504 -0.527 -1.619 -0.343 -0.366 
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APPENDIX B:  Definition of the months as belonging to NCP(+) or NCP(-). 
 

Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
1958 N N N P N N   P  P N 
1959 N P P  P P P P P P P N 
1960  N P  P P N N  N N N 
1961 N  P  N   N P  P  
1962   N  N  N N N P   
1963  N P    P N    P 
1964 P   P P   P   P N 
1965 N P  P N  N N N P N N 
1966 N N    P N   N N N 
1967     N P P N  N   
1968  N   N P   N  P  
1969  N     P  P P N  
1970 N N N N P P N P    P 
1971 N P N P  N P   P  P 
1972 P  P N N N P   P  P 
1973 P N P N  P  P P    
1974 P N  P N  N P N N N  
1975  P  N    P  P P P 
1976  P  P  P P     N 
1977  N  N      P N P 
1978  N N P P  N  N P P  
1979 N  N  N P N N N  N  
1980  P  P  N N  P   N 
1981   N P    P N N  N 
1982  P   N  P N P   N 
1983 P   N N P P P   P  
1984 N   P  N N P N   P 
1985 N P  N  N  N  P N  
1986 N   N  P N N N  P  
1987    P N N  N    P 
1988 N N N  P  N N   P P 
1989 P  N N P   N P  P  
1990  N P  P N  P N    
1991 P    P N P P  N  P 
1992 P P   P P    N N P 
1993 P P P P P  N  N  P N 
1994 N P N N   P  N N P P 
1995 N N N  N  P P N P P P 
1996  N P P N  N  P  N  
1997 P  P P  N  P P N   
1998 P P P N P N N N N N   
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