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Abstract:
Detection of structural changes in the relationship between two time series has been an issue in econometrics for many years.  This paper presents a new tool in this search using a wavelet based semblance analysis.  The new strategy indicates the changes in the correlation coefficient as a function of time and window length on the same graphical output allowing the researcher to identify the timing and the duration of the structural shift.  The tool is applied to the correlation between the S&P500 and a banking industry index and the S&P 500 and the Dow Jones Transportation index revealing the effectiveness of the analysis. 
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1.
Introduction:
Finding structural changes in data has been an ongoing issue in econometrics.  Much work has been done in an attempt to identify these changes beginning with the Chow test and moving on to Quandt, which is designed to detect one break point,  and more recently Perron and Bai and Stock and Watson (Hansen 2001).  Most of these tests are sensitive to the pre-chosen break point and use multiple iterations to search for additional breaks in the data.  Moving windows are useful in identifying where a break may occur but are limited by the window length chosen by the researcher, although a researcher can use varying window lengths if desired.  This paper explores an alternative strategy involving the use of a wavelet based semblance analysis as a tool for identifying changes in data and identifies both when the changes begin and end as well as the window length.  This allows for multiple window lengths to be viewed simultaneously and can indicate the strength of a shock viewed in multiple windows.  An additional advantage of this research design is that short term shocks, bubbles, and corrections are filtered out while preserving the middle to long term effects of structural changes stemming from policy and economic shifts.  This allows the analyst to focus ones attention to incidents of real importance.
One major difference in our approach to those listed above is that it looks at correlations of two series.  In this way we examine structural changes at the industry level relative to the economy as a whole.  The academic research similar to this method looks at the correlation between variables either using the full data set or a moving window of a single specified length (ie Hamao, et al (1990), Zhou and Li (2000), Perold (1984))  This analysis is limited by the information within the specific window length or overall data and ignores potential changes in correlation values over various window lengths.  The sensitivity of the analysis to changes in the correlation between variables over the time and window lengths is not usually studied.  This paper proposes using an analysis from the geophysics domain which allow for correlation changes to be viewed with varying window lengths through time in one graph.  Semblance analysis compares two series based on the correlations between their phase angles as a function of frequency.  The paper will then apply the analysis to financial market data to investigate structural changes in market indices. 
2.
Statistical Methodology 

Semblance analysis relies on an initial transformation of the data using the complex Morlet continuous wavelet transform (MCWT).  This allows for the phase of the series to be determined as a function of frequency through time.  The original formulation of semblance analysis uses the Fourier transform and analyzes the differences in the phase angles for each frequency (von Frese, et al., 1997).  This approach uses the entire data set to determine the relationship between the phases but does not allow for evaluating the relationship changes through time.  An incomplete but possible solution is the use of the Short Fourier transform which uses a rolling window for the transform while using the entire window length in the analysis.  The wavelet based transform is superior to the Fourier and short Fourier transforms as it does not assume that the frequency content is constant through time and will allow for the analysis of changes in the frequency content within the data providing a more in depth analysis (Cooper and Cowan, 2008).  

The continuous wavelet transform (CWT) of a data set h(t) is given by (Mallat, 1998) as:
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Where s is scale, u is displacement, ψ is the mother wavelet (Morlet) used and * means the complex conjugate.  Thus the CWT is a convolution of the data with the scaled version of the mother wavelet. (Cooper and Cowan, 2008)  The Morlet wavelet is defined by Teolis (1998) as:
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where 
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 controls the wavelet bandwidth and 
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is the wavelet center frequency.   
A more commonly used analysis using wavelets to compare two time series is the cross-wavelet 
transform. (Torrence and Campo, 1998) which is defined as 
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This allows for the local phase θ to be defined as
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where θ is a measure of the phase correlation between the two datasets. (Torrence and Campo, 1998)  Cooper and Cowan (2008) found that this analysis did not provide good results in their work and derived 
a new analytical tool defined as
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where n is an odd integer greater than zero.  This will produce a value between -1 which is inversely correlated and 1 which is correlated.  S and θ compare phase angles of the two series not requiring them to be in the same units of measure (Cooper and Cowan, 2008).  MCWT semblance analysis calculates coefficients as a function of both scale (or wavelength) and time (or position) enabling the changes in the phase relationship of the two datasets to be visualized and analyzed (Cooper and Cowan, 2008).
Wavelet based Semblance Analysis can detect the changing phase of the correlation coefficient between two series as window lengths are varied.  Figure 1 indicates how this analysis is viewed and its relationship between the semblance analysis and the rolling window of the correlation coefficient.   
Figure 1. Semblance Analysis and Correlation Coefficient at 200 Period Rolling Window
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The semblance analysis output produces a blue area where the phase of the correlation coefficient is moving away from 1.  During much of the analysis the correlation is close to or nearly one and as the correlation coefficient moves away from one the semblance graph changes from red to blue and as the correlation returns to one the semblance graph changes back to red.  The semblance graph indicates some areas on the edges where this relationship does not hold which occurs due to the boundary effect where the wavelet transform values close to the edge of the data are tainted by the discontinuous nature of the series edge (Addison, 2002).  Graphing the coefficients of the full series and a truncated version is displayed in figure 2.

Figure 2, Full and Truncated Semblance Coefficients for the Bank Index and S&P 500 at 200 Periods
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The graph in figure 2 provides evidence of the boundary effect at 200 periods.  The coefficient begins to break down slightly at 300 periods prior to the end of the series and significant differences occur 200 periods before the series ends. More investigation as to the true nature of this effect, possible solutions and its implications is being conducted.


The use of wavelet based semblance analysis allows for a single graph to indicate the changes in the correlation coefficient in continually increasing window lengths thus allowing for a detailed view of how the series relate to each other over time in more detail than a single window correlation test.  This increased information can indicate a structural change which occurs in the relationship between the two series.  The advantage of semblance analysis is that it filters short term shocks, bubbles, and corrections while preserving the middle to long term effects of more substantial changes stemming from policy shifts and other economic changes affecting specific industries.
3. 
The  Data
Stock market indices are used to test the effectiveness of the wavelet based semblance analysis.  The data used includes weekly close data for 4 series.  The S&P 500 and Dow Jones Transportation indices were reported by Yahoo Finance and the Bank index was reported by Bloomberg Financial.  The data was all close end of week data beginning February 12, 1972 and ending October 22, 2010; daily close data produced disappointing results due to the high volatility within the series and the need to have extremely high large scales to smooth the data sufficiently to achieve meaningful analysis.  
4.  
Results of the Semblance Analysis
With wavelet based semblance analysis the degree of impact of selected economic events and/or government policy changes on the stock prices of a number of industries can be analyzed.  Evidence is produced indicating the length of the structural changes in the industry and when the industry returns to its pre-shock relationship.  This is helpful in determining the scale and longevity of the effects of these shocks to the industry.  For example, a portion of the semblance analysis completed indicates that when comparing the S&P 500 to banking and transportation indices we see large areas in time and length of diverging correlations beginning in 1999 and lasting for various timeframes in the two sectors.
  This indicates that a structural change occurred beginning in 1999 affecting each industry for various lengths of time.  
It is hypothesized that the time frame of the shift in correlations and the lengths of these changes indicate the impact of tax code changes, or other economic events of the time.  While this analysis does not isolate particular causes of the changes, our results are consistent with other more detailed research.  In the area of tax change, House and Shapiro (2008) look at the affects of depreciation acceleration and tax subsidies on investment.  They find that for the 2002 and 2003 tax bills investment reacted prior to the actual passage of the bills.  In addition, Cochrane (1991) shows a strong link between investment returns and stock returns.  This is consistent with the finding here and partially explains why most indices show a divergence prior to the actual passage dates.  In addition, the forward looking property of the stock market could push back the relationship even further giving divergence results prior to the passage dates merit.  While House and Shapiro (2008) show strong results at the onset and prior to the tax bills they were not able to identify a return to normalcy, i.e. the end of the impact of these tax changes.  The results reported here suggest that the return came at different times for different industries (partially explaining the lack of findings from House and Shapiro) and are seen in the semblance output graphs.  This is intuitive as different types of capital investment were treated differently in the new tax code leading some industries to more aggressively take advantage of tax code changes than others.  That a general change may affect industries in different ways agrees with results from Hanson (2001) which shows different results when disaggregating labor data into multiple industries.     
The analysis was also completed on the Dow Transportation index indicating correlation divergence from the mid 1980’s to early 1990’s.  This time period coincides with real changes from airline deregulation.  For example the Civil Aeronautics Board was dismantled in 1985 and the fall of Eastern Airline was apparent at the beginning of 1988 (if not earlier).  One interesting note is that this period of correlation divergence may indicate the length of time it takes for a major change, such as in regulation, to work through the market and return to normalcy at a new level (in this case, approximately six years).  The beginning of deregulation was seen as a time of massive turmoil for the airlines.  Kahn (1988) describes the time as an “explosion of entry, massive restructurings of routes, price wars, labor-management conflict, bankruptcies and consolidations and the generally dismal profit record.”  While the broader economy (as measured by the S&P 500) was on a rise for the most part from mid 1982 to late 1999, the effects of massive upheaval in the transportation sector is clearly evident as seen in figure 3.   An additional feature of this analysis can be illustrated by time periods that do not show correlation divergence.  For example, the airline industry experienced great financial losses in the early 1980’s partially due to the increase in oil prices and labor strikes.  However, this fall in the index is accompanied by a large recession that was felt throughout the economy with losses in the broader S&P 500 over the same time period.  This is also evident when looking at the periods of the mid 1990’s and mid 2000’s.  One might posit that the increase in oil prices during this time would be seen when looking at the transportation index.  However the widespread use of oil over multiple sectors caused this to be felt in the economy as a whole and therefore correlation divergence is not seen (at least not at longer time lengths).  Figure 3.  Wavelet Based Semblance Analysis of Dow Jones Transportation and S&P 500 Indices 
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 The banking industry is a bit more difficult to analyze.  Three large periods of correlation divergence are evident in the data from 1970 to 2010.  The first is seen beginning in the late 1970’s and ending in the early 1980’s.  The 1970’s were a time of rising interest rates and poor management at the Federal Reserve as well as multiple oil shocks.  No correlation divergence is seen however until 1979 which coincides with the changing of the guard at the Federal Reserve.  Volker made serious changes in an attempt to control high interest rates and stagflation changing the Fed’s target from interest rates to then money supply.  He also was not as influenced by political motives as Burns was before him.  While this may seem to have contributed positively to the banking sector, the results indicate this was not immediately felt and that perhaps four years were needed for these changes to filter through the banking sector.   Figure 4 shows a diverging correlation in the 200 week window frame over this time from 1979 to 1983.  
Figure 4. Wavelet Based Semblance Analysis of Bloomberg Banking Index and S&P 500 Indices
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The second period of correlation divergence appears from the late 1980’s through early 1990’s consistent with the recovery in banking after the Savings and Loan crisis. This may also be showing some affects of the tax changes of the time (additional research in this area is ongoing).  Perhaps coincidentally, the beginning of the period of diverging correlation also coincides with Greenspan taking over the Federal Reserve.  The largest area of interest is seen from 1995 to 2007.  While a clear reasoning for this result is not apparent there are some interesting changes taking place in both the banking sector and the economy as a whole.  This time frame corresponds to an apparent cycle in the S&P 500 which begins its rise in late 1994, peaks in early 2000, hits a trough in mid 2002, and begins another rise lasting until mid 2007.  Clearly the banking sector was experiencing some type of change other than basic business cycle flows.  The beginning of this period was met by multiple new banking laws enacted by both Presidents Clinton and Bush that deregulate the banking sector.  This is followed by additional laws requiring more transparency.  A clear picture as to all of the influences that may have been responsible to this time of diverging correlation is beyond the scope of this paper, however, the results clearly indicate that the banking sector was experiencing forces that were counter to the broader economy. 

The above illustrates the strength of the semblance analysis.  One does not need to know a priori the workings of several influences in many sectors or the exact magnitude of those changes.  The model is able to see the appropriate window length of diverging correlations.  This provides information on the length of time that structural changes actually affect the industry.  The exploratory nature of this work suggests a number of potential uses for this analysis.  It is useful as a starting point to identify changes in the economy.  It can be used as a tool in identifying the affects of different policy changes and economic events.  It can also be used as a tool in decision making for portfolio diversification, and perhaps an indicator of when to reallocate assets.  Further research needs to be conducted in the forward looking abilities of wavelet based semblance analysis but preliminary research is promising.
5.
Conclusion

This paper addresses the detection of structural changes using a wavelet based semblance analysis approach.  It identifies changes in correlation coefficients to reveal areas of diverging correlations in both time and window lengths.  This approach is beneficial in seeing multiple time frames and lengths of time being analyzed in one graphical depiction.  Using industry stock data against the S&P 500 the results show clear areas of divergence that indicate structural changes in the industry being evaluated.  The results also indicate that in times of change to the economy as a whole there may or may not be additional features changing at an industry level.  While the research is preliminary and exploratory it does appear to have many uses.  It adds another tool to the researcher’s toolkit and may be helpful in analyzing policy decisions and ramifications.  The use of correlations also makes the tool helpful in diversification scenarios such as portfolio allocation decisions.  Further research in these areas are needed to fully understand the abilities of semblance analysis in the fields of economics and finance.       
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� The correlation coefficient graph has been shifted left 300 periods to account for the rolling window of two hundred periods and the semblance output is centered on the time period and the correlation coefficient is reported at the beginning of the period. 


� Figure 2 shows the relationship between the semblance coefficients of the banking and S&P 500 indices when the analysis is run on the truncated series from February 12, 1972-September 21, 2001 and the full series from period February 12, 1972-October 22, 2010.


� The analysis was applied to the NASDAQ Computer and Dow Jones Utilities indices with similar results.
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