
459

Finansal Araştırmalar ve Çalışmalar Dergisi • Cilt: 12 • Sayı: 23 • Temmuz 2020  ISSN: 2529-0029, ss. 459-494
DOI: 10.14784/marufacd.782972

Başvuru Tarihi 04.12.2018 Kabul Tarihi 08.06.2020

 ARAŞTIRMA MAKALESİ/ ARAŞTIRMA MAKALESİ / RESEARCH ARTICLEARAŞTIRMA MAKALESİ / RESEARCH ARTICLE

ANALYZING TIME-FREQUENCY NEXUS BETWEEN STOCK 
RETURNS AND BOND YIELDS THROUGH WAVELETS: THE 

CASE OF TURKEY – PART I*

HİSSE SENEDİ GETİRİSİ VE TAHVİL GETİRİSİ ARASINDAKİ ZAMAN-
FREKANS BAZLI İLİŞKİNİN DALGACIKLAR YÖNTEMİYLE ANALİZİ: 

TÜRKİYE ÖRNEĞİ – BÖLÜM 1

Remzi GÖK**
 1 

Erhan ÇANKAL***

Abstract

This paper reinvestigates the stock-bond nexus using 605 weekly observations of stock index prices and the 
2-year benchmark rate of Turkey over a sample period covering April 1, 2005, and December 30, 2016. By con-
ducting a novel approach, wavelet analysis, we aimed to offer a deeper understanding of the relationship con-
sidering the investor’s heterogeneities on investment periods. The results show weekly positive averages for all 
stock index returns but negative average for bond yields over time. Wavelets variance analysis reveals that the 
higher scale the lower volatility, namely, the most of fluctuations in returns is explained by short-term, suggest-
ing that short-term investors should react to every fluctuation in their asset returns. Similarly, the stock mar-
ket is found to be more volatile than the bond market. As expected, test findings highlight significantly negative 
stock-bond linkage. Wavelet cross-correlation results show significantly both positive and negative bidirectional 
causal linkages over higher wavelet-scales.

Keywords: Wavelets, lead-lag, wavelet variance, correlation, and cross-correlation.

Jel Codes: C14, C40, E43, E44, G12

*	 This study is derived from the doctoral thesis titled “Wavelet analysis of stock returns and interest rate changes: 
evidence from Turkey” and presented at the “ISEPA’18 II. Uluslararası Ekonomi, Siyaset ve Yönetim Sempozyumu” 
in Diyarbakır, Turkey

**	 Arş. Gör. Dr., Dicle Üniversitesi İİBF, İşletme Bölümü, remzi.gok@dicle.edu.tr
***	 Dr. Öğr. Üyesi, Ankara Yıldırım Beyazıt Üniversitesi, İşletme Bölümü, ecankal@ybu.edu.tr



Remzi GÖK • Erhan ÇANKAL

460

Öz

Bu çalışmada 2005-Mayıs ve 2016-Aralık dönemine ait 605 haftalık borsa fiyat endeksleri ve 2-yıllık tahvil 
faizi kullanılarak tahvil-borsa ilişkisi araştırılmıştır. Literatürde kabul gören ilişki türü, piyasalarda farklı yatırım 
dönemlerine sahip yatırımcıların varlığı göz önünde bulundurularak son yıllarda sıklıkça kullanılan dalgacıklar 
yöntemi yardımıyla yeniden incelenme ihtiyacı doğmuştur. Elde edilen bulgulara göre hisse endeksleri pozitif, 
tahvil getirileri ise negatif ortalamaya sahiptir. Dalgacık bazlı varyans analizine göre ölçek sırası yükseldikçe ge-
tirideki volatilite azalmaktadır, diğer bir ifadeyle, getiri volatilitesindeki en yüksek payın kısa dönem değişmel-
erine ait olması, bu tür yatırım dönemine sahip yatırımcıların portföy kompozisyonunda gerekli hamleleri yap-
masını gerektirmektedir. Borsa getirisindeki volatilitenin tahvil getirisindeki volatiliteden daha yüksek olduğu 
elde edilen bir diğer önemli sonuçtur. Diğer taraftan iki değişken arasında istatistiksel açıdan anlamlı zıt yönlü 
korelâsyon ilişkisi elde edilmiştir. Çapraz korelasyon bulgularına göre ise her iki değişken arasında hem zıt hem 
de pozitif yönde, özellikle yüksek ölçeklerde, çift taraflı anlamlı nedensellik ilişkisi bulunmaktadır.

Anahtar Kelimeler: Dalgacıklar, nedensellik, dalgacık varyansı, korelâsyonu ve çapraz korelâsyonu.

Jel Kodu: C14, C40, E43, E44, G12

Introduction

Although it has been long debated by researchers and regulators so far, the assessment of the 
co-movement between stock and interest rate is of great interest because changes in interest rate are 
one of the most effective sources of uncertainty about valuations of two major asset classes. Simi-
larly, interest rate fluctuations are also of high importance for investment decisions to obtain optimal 
risk-return trade-off, asset valuation, and portfolio asset allocations. In finance theory, the dividend 
discount theory suggests that an asset value is determined by cash flows that the firm expected to ge-
nerate in the future. Indeed, in order to find the current (market) value of an asset, the stream of fu-
ture cash flows is discounted by an appropriate required rate of return. In this regard, bond and stock 
price will be more sensitive to fluctuations in discount rates that depend on the expectation of inte-
rest rate and risk premiums in the future.

It is widely accepted a knowledge that changes in interest rate have significant effects on both fi-
nancial and nonfinancial firms’ value and their earnings. The financial theory posits that the value 
of a financial firm is influenced by two main channels. A bank’s value, for example, is very sensitive 
to interest rate movements through their balance sheet compositions and maturity mismatch of as-
sets and liabilities. The latter argument is related to a fact that their balance sheets include nominal 
and frequently fixed-rate financial assets and liabilities, which their market value persistently varies 
whenever interest rate changes. The former argument, on the other hand, is related to a fact that fi-
nancial firms confront with collecting short-term liabilities and funding long-term loans, therefore, 
causing maturity gap and significant interest exposure on the present value of assets and liabilities. 
The effects of interest rate movement are also true for nonfinancial firms’ value through rising (dec-
reasing) their cost of capital and decreasing (rising) stream of expected cash flows as well as affecting 
their market value of asset and liabilities.

According to the aforementioned arguments, it is expected that the stock price of both finan-
cial and nonfinancial firms will be predominantly sensitive to changes in interest rates. The main 
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question is what should be the direction of the relationship between those two variables. According 
to papers’ results, there seems to exist both negative and positive relationship between stock returns 
and changes in bond yields. In theory, there should be a negative association. An illustrative list of pa-
pers that claim an adverse linkage includes Flannery and James (1984), Campbell (1987), Bae (1990), 
Thorbecke (1997), Elyasiani and Mansur (1998), Chen et al. (1999), Gulko (2002), Ilmanen (2003), 
and Connolly et al. (2005) for the U.S.; Dinenis and Staikouras (1998) for the UK, Gjerde & Sæt-
tem (1999) for Norway; Li (2002) for G7 countries and Saporoschenko (2002) for Japan. Using we-
ekly observations of commercial banks’ stock prices and Treasury bond yields, Flannery and James 
(1984) point out that common stock returns are very sensitive to changes in bond yields. The effect 
of interest rate depends on the maturity composition of net assets in the balance sheet. In line with 
the findings of Christie (1982) regarding the nominal contracting hypothesis, the maturity compo-
sition of nominal contracts has noteworthy impacts on common stock returns, namely, interest rates 
are positively connected to the volatility of equity returns, therefore, adversely related to equity va-
lue. Bae (1990) argues that changes in current and unexpected interest rates have significantly nega-
tive effects on stock returns of financial firms while the degree of long-term is more pronounced. On 
the other hand, stock returns of nonfinancial firms are found to be less sensitive to unexpected in-
terest rate movements due to asset compositions. Furthermore, market values of financial firms are 
more rigorously affected by unexpected interest fluctuations than current interest rate fluctuations. 
Similarly, Dinenis and Staikouras (1998) find a negative relationship between the changes in interest 
yields and the common equity prices in the UK over January 1989 and December 1995 period. Furt-
hermore, the effect of unexpected movement in interest rates is considerably higher for nonfinan-
cial firms and volatility of interest rates is significantly positive for share returns of nonfinancial and 
financial firms. In a related paper, Thorbecke (1997) ascertains that innovations in monetary policy 
decisions have significantly affirmative impacts on ex-ante and ex-post share returns by decreasing 
the discount rate or increasing stream of future cash flows. In addition, monetary policy exerts large 
effects on small firms than large firms because its impact on access to credit is higher for the former 
firms. Chen et al. (1999) discover significantly negative effects from the unexpected announcements 
of discount rate movements and, however, an insignificant impact from expected changes to stock 
returns over a sample period January 1973 to January 1996. Gulko (2002) points out that bond and 
stock markets observe decoupling at the time of crisis, accordingly, a “flight-to-quality” phenomena 
is observed when implied volatility is high in markets. The author argues that Treasury bonds are re-
cognized as the global safe haven asset because they provide effective diversification opportunities 
and enable investors to enhance their portfolio stabilities and resiliencies during financial turmoil. 
This evidence reinforces the argument made by Baur and Lucey (2009), who maintain that finan-
cial markets not displaying flights at the time of crisis suffer greater losses than markets with flights. 
Note that, the background behind those negative relationship results is explained by the discount fa-
ctor in stock valuation. On the contrary, test findings of Li (2002) and Andersson et al. (2008) show 
that the negative stock-bond correlations stem from the uncertainty about inflation rates in the G7 
countries and the U.S., Germany, and UK, respectively. Baele et al. (2010) underline the fact that liqu-
idity proxies have a greater power on explaining negative stock-bond correlations among a variety of 
macroeconomic factors.
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The argument presented for a negative relationship is discussed by Shiller and Beltratti (1992), 
who argue that it does not need to be right even though some implicit assumptions are valid. The 
main problem, however, is that the stream of cash flows for the bond is fundamentally different than 
that of dividend for stocks. Putting the same point in simpler terms, the former is reasonably in a no-
minal while, on the other hand, the latter is relatively stable in real terms. This differential stems from 
the high inflationary conditions that radically affect the discount rates for asset valuation. Since infla-
tionary expectations are principally reflected in nominal long-term interest rates, its effect, therefore, 
will be limited for stock prices. Moreover, changes in long-term interest rates may convey informa-
tion about the future stream of dividend payments. Misinformation about the outlook for corporate 
earnings might cause a positive association between stock prices and long-term bond yield, namely, 
negative relationship between stock-bond prices as observed on Black Monday in 1987. Therefore, 
a tendency for negative relation for bond yields and stock prices may be offset by the adverse infor-
mation carried by changes in long-term rates. Similarly, Barsky (1989) remarks on the fact that both 
changes in stock prices and low real interest yields could be primarily explained by rising risk pre-
mium. A drop in interest rates, for example, could be a result of increased risk premium or/and pre-
cautionary savings, which, in turn, leads to a “flight to quality” phenomenon where investors shift 
their funds away from stocks to bonds. Johnson et al. (2013), on the other hand, ascertain that both 
cyclical (short run) and long-run correlation dynamics can vary due to several reasons. First, stocks 
and bonds classes may differently respond to changes in investor risk appetite, accordingly, a “flight 
to quality” may be observed in the short-term. On the other hand, both asset returns may be simi-
larly influenced by macroeconomic factors in the long-term, therefore, similar effects could lead to 
an affirmative linkage. Second, the adverse beta between inflation and stocks may be less pronoun-
ced over longer periods since dividend growth rate by degrees reaches up to inflation. Lastly, a posi-
tive or less negative linkage may be observed due to overvaluation in asset prices, which is caused by 
FED policy decisions.

An illustrative list of papers in this field that documented evidence of significantly positive asso-
ciations between stock returns and changes in bond yields includes Fama and French (1989), Schwert 
(1989), Titman and Warga (1989), Shiller and Beltratti (1992), Campbell and Ammer (1993), Fle-
ming et al. (1998), and Stivers and Sun (2002). For example, Fama and French (1989) argue that ex-
pected excess nominal and real returns on stocks and corporate bonds are adversely related to busi-
ness conditions. Moreover, these two variables are positively related each other, namely, they move 
in the same direction in the U.S. High bond and stock returns can be forecasted by the default spread 
and dividend yield when business conditions are persistently weak while the reverse (low returns) is 
true when conditions are strong. Shiller and Beltratti (1992) discover that the actual excess returns in 
the stock and bond markets are significantly positive related each other in both the full and postwar 
(1948-1989) samples, given that stock markets overreact to bond markets movements. However, they 
also report a correlation coefficient of “-0.40” for the U.S. and “-0.60” for the UK over time between 
the movements in actual long-term interest rate and the movements in actual real log equity prices. 
Schwert (1989) finds evidence of a positive association between the quality yield spread for corpo-
rate bonds and profitability with stock market volatility. Test results also document weak evidence for 
forecasting from macroeconomic volatility to financial asset volatility, while, on the other hand, the 
evidence is somewhat stronger for the reverse, indicating that new information related to economic 
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events the are rapidly incorporated into speculative asset prices. Moreover, falling stock prices rela-
tive to bond prices or financial leverage and the number of trading days are positively related to stock 
market volatility. According to test results of paper by Campbell and Ammer (1993), excess returns 
on long-term bonds and stocks are significantly positive related to each other in the periods of 1952-
1987, 1952-1979, 1952-1972, and 1973-1987 due to varying expected future excess return rates, while 
for short-term bond is negative during the sample periods, ranging from “-0.065” to “-0.116”. Stivers 
and Sun (2002), on the other hand, report a positive co-movement between stock and bond returns 
particularly when stock markets face lower uncertainty. Nonetheless, the correlation switches sign 
from positive to the negative direction or loses its strength throughout periods of high stock market 
uncertainty, offering diversification advantages for portfolio allocations between stocks and bonds. 
Furthermore, the lagged value implied Volatility Index (VIX) is found to be a good and useful indi-
cator in explaining variation in the stock-bond return linkage. Rankin and Idil (2014) study the stock 
prices-bond yields correlation in the U.S., UK, Japan, and Australia and they find that they tended 
to be inversely related throughout much of the 20th century. Since the beginning of the 2000s, howe-
ver, the correlation switches sign from negative to the positive direction in all markets, particularly, 
significantly rises during the global financial crisis. They conclude that relatively long period of po-
sitive relations is due to a substantial and persistent uncertainty about future economic activity cre-
ated by the aforementioned crisis and innovations in monetary policy has significantly negative im-
pacts on the correlation over time.

It is evident that findings are based on short – or/and long-term, not medium-term time horizon. 
It is also assumed that stock markets are homogenous in terms of investors profile, risk appetite, and 
expectations. Mainly, it is because of the Efficient Market Hypothesis’ (EMH) unrealistic assumpti-
ons where it says that all investors have a similar expectation regarding risk-return tradeoff and si-
milar investment horizon. However, as observed in the real world, it is not true. The Fractal Market 
Hypothesis (FMH) of Peters (1994) and the Heterogeneous Market Hypothesis (HMH) of Müller et 
al. (1993) are among the theories that disagree with the EMH. Both theories overall state that (i) fi-
nancial markets are not homogenous but heterogeneous with many participants that have different 
time horizons, (ii) market participants with different investment horizons respond differently to in-
formation, i.e. pay attention only to suitable information regarding to their investment horizons, and 
(iii) both the long-term fundamental investing and short-term technical trading determine the mar-
ket prices. Short-term trends in the market are predominantly stemming from crowd behavior acti-
vities, while, on the other hand, long-term trends are the result of changing economic environment. 
Fluctuations in short-term periods, therefore, will be more volatile than long-term trends.

There are two main causal tests based on frequencies: wavelets and frequency causality test int-
roduced by Breitung and Candelon (2006). Broadly speaking, a time series or signal is decomposed 
into different time scale components by using wavelet transform. Providing the frequency and time 
behavior concurrently, wavelets make it possible to uncover the true dynamics of the relationship, 
which is hidden in the time domain, thereby, impossible by standard econometric methods. Scale 
based results are important because they are of interest to heterogeneous market participants, for 
example, intraday traders, monetary policy authorities, or long-term investors. As Graps (1995) sta-
tes, wavelets give a chance to see both the trees and forest simultaneously. Moreover, as Schleicher 
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(2002) points out, it is possible to observe how investment horizons act relative to one another and 
reveal the structure of the time series at different time horizon. As mentioned above, the correla-
tion relationship may also vary regarding the investment horizons because, as Harrison and Zhang 
(1999) contend, short-term investments are likely affected by changes in investor risk appetite, as-
set allocation decisions, or unanticipated consumption needs. Accordingly, the true relationship in 
the long-term may deviate from its equilibrium due to this short-time noise. In a related paper, Dajc-
man (2012) investigates the comovement between sovereign bond yields and equity returns linkages 
in Eurozone countries –Germany, Italy, Spain, Portugal, and Ireland– by employing a DCC-GARCH 
model. The findings reveal that comovement between markets displays a time-varying pattern. Ex-
cept for Germany, all countries frequently observe a negative comovement during the European debt 
crisis of 2010-2011, namely, the flight-to-quality effect is only observed in Germany. Before 2010, 
however, all countries also show considerable flight-to-quality effects. Using monthly long-term 
bond yields and stock price data consisting of 537 observations for the U.S., France, and Canada; 
525, 496, 413, and 381 observations for Italy, the UK, Japan, and Germany, Kim and In (2007) reveal 
scale-dependent findings. Apart from Japan, the other countries observe a negative correlation rela-
tionship between stock and bond yields. Besides, wavelet variance decomposition shows that stock 
returns are more volatile than bond yields in all countries, with only one exception for Japan. Dajc-
man (2015) reports the same results regarding the wavelet variance structure except for Portugal in 
ten European countries. The implication of this result for investors is that short-term traders should 
respond to every variation in asset returns to efficiently manage their portfolio risk. In addition, wa-
velet-based correlations between changes in bond yield and stock prices are mostly positive, except 
for Portugal, at all scales. It is also proved that the comovement between financial markets in Ger-
many and Portugal exhibit both scale-dependent and time-varying phenomenon during the tested 
period. Tiwari (2012) examines the causal linkages between monthly stock prices and interest rates 
in India over the sample period between 1990-M01 and 2009-M03. Test findings of the cross-wavelet 
coherency approach show significant causality and both cyclical and anti-cyclical linkages over sca-
les and periods. For example, a causality running from stock prices to interest rates is found at high 
frequencies corresponding to 1-4 years period. This finding implies that interest rates receive cyclical 
impact from stock prices. On the contrary, interest rates Granger-cause stock prices in 8-12 year ho-
rizon, indicating that stock prices receive cyclical impact from interest rates. Asgharian et al. (2015) 
investigate the factors that may have possible impacts on the correlation relationship between stocks 
and bonds in the long-term by conducting DCC-MIDAS models and wavelets. The authors reveal 
that the most factors including industrial production, inflation, short-term interest rates, trading vo-
lume, default spread, and producer and consumer confidence indices have significant power in the 
long run relation estimation. On the contrary, the effect of macro-finance variables on the long run 
(negative) correlation is found to be strong when the economy is weak. Ferrer et al. (2016) study the 
interdependence between share returns and movements in the long-term government bond yields 
by conducting wavelet coherency approach for several Eurozone countries. The main finding is that 
the interdependence considerably varies over time and frequencies and among countries. The stron-
gest interdependence between markets is observed in the UK, while, on the other hand, markets in 
Portugal, Greece, and Ireland show the weakest interdependence over time. In addition, the strongest 
relationship is predominantly intensified at lower frequencies corresponding to one to two yearly 
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investment horizons. The empirical paper of Özer and Kamisli (2015), on the other hand, reveal sig-
nificant spillover effects from equity returns to interest rates in the middle and lower frequencies in 
Turkey. More clearly, test findings report one-way causal linkages running from equity returns to 
macroeconomic factors including interest rates and exchange rates (in Dollar and Euro), however, 
the causality does not run in the inverse direction in the time domain. To uncover the hidden relati-
onship that dispersed over frequencies, the authors implemented the Breitung and Candelon (2006) 
causality test and they find that the causality is concentrated on the medium – and long-term, driven 
mostly by trading activities of the foreign investors’ pressure on stock market liquidity.

This paper reinvestigates the stock-bond nexus using 605 weekly observations of stock index pri-
ces consisting the aggregate (1), financials (6), services (7), industrials (8), technology (2), and in-
vestment trust (1) index and the 2-year benchmark rate of Turkey over a sample period covering Ap-
ril 1, 2005 and December 30, 2016. Why implement wavelet analysis instead of classical econometric 
tools? Because they have received a great deal of attention from researchers in recent years for their 
versatility and convenience of being able to provide simultaneously both frequency and time infor-
mation of the data. Implementing wavelets allows researchers to unravel both the time and frequ-
ency behavior of the underlying time series at different time intervals, i.e. in the short, medium and 
long-term. Loosely speaking, it makes possible to get the details and overall picture that is to see both 
the trees and the forest. Indeed, the main advantage is to provide specific time intervals, such as “(2-
4]”, “(4-8]”, or “(8<”, days, weeks, years, etc., not uncertain time periods such as short – or long-term, 
as with the conventional methods. This is the distinguishing property of wavelets when particular 
frequency intervals are of interest to investors and/or policymakers, making them a convenient tool 
compared to other methods. Test results show weekly positive averages for all stock index returns 
and the negative average for bond yields over time. Wavelets variance analysis reveals that the hig-
her scale the lower volatility, namely, the most of fluctuations in returns is explained by short-term, 
suggesting that short-term investors should react to every fluctuation in their asset returns. The va-
riables that have the highest and lowest energy decompositions in the short run are “RXGIDA” and 
“RTR2YGB”. Furthermore, the bond market is less volatile than almost all stock indices. On the ot-
her hand, test findings highlight, as expected and in common in literature, significantly negative lin-
kages between stock and bonds up to the scale “d4” corresponding to 32 weeks. The most sensitive 
indices to bond yields are, not surprisingly, are “XU100”, “XUMAL” and “XBANK” while “XSPOR”, 
“XILTM” and “XBLSM” are less sensitive. Wavelet cross-correlation results show, in overall, signifi-
cantly both positive and negative bidirectional causal linkages across wavelet scales, particularly con-
centrated on the higher scales. Changes in “RTR2YGB” at lower lags negatively and at higher lags po-
sitively lead both financials and non-financial indices up to the scale “d4” while the reverse lead-lag 
relationships also hold.

The remainder of the paper is laid as follows. Section 2 sheds the light on the relevant literature 
review. Section 3 describes the methodology, wavelets, we employed. Section 4 presents descriptive 
statistics for weekly variables and empirical results in terms of wavelet variance, wavelet correlations, 
and cross-correlations for Turkey case over the period between April 1, 2005 and December 30, 2016. 
Section 5 includes empirical and theoretical implications for investors and policymakers and recom-
mendation on the future studies.
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1. Literature Review

Of the studies that have investigated stock-bond relationship in developed countries, Saporos-
chenko (2002) study the sensitivity of returns of bank stocks to market returns, bond yields (short 
and long), change in interest rate spread, and exchange rate using weekly observations of 47 Japa-
nese banks. Test findings show a significantly negative relationship between stock returns and shocks 
in long-term interest rates and strong interest rate sensitiveness for market returns and interest rate 
spread over time. Stock returns do not seem, however, to be very sensitive to the exchange rate mo-
vements. Connolly et al. (2005) report an adverse association between the future correlation of bond 
and stock returns and the uncertainty measures of VIX in the U.S. during the sample period between 
1986 and 2000. Test results, in overall, provide a higher stock market uncertainty more benefit from 
bond-stock diversification. In a recent study, Kontonikas et al. (2013) find that stock prices are found 
to respond differently to unanticipated federal funds rate (FFR) in the U.S. The direction of respond 
from stock prices to unanticipated FFR, for example, is positive outside the crisis period; however, 
the relationship switches sign from positive to negative throughout the crisis period, indicating a sig-
nal of worsening economic conditions in the future and shifting towards safe-haven assets. In addi-
tion, Cenedese and Mallucci (2016) argue that the major factor driving international equity returns is 
the news related to future cash flows instead of discount rates while the main factor for international 
bond returns is found to be inflation rate in the US. Another remarkable result, on the other hand, is 
that exchange rate movements have a little effect on the volatility of bond and unanticipated equity 
returns over time. González et al. (2017) with a recent paper find negative associations between sec-
toral stock returns and changes in nominal and real interest rates in the U.S, with exceptions for “Di-
versified Metals and Mining” and “Integrated Oil and Gas” sectors that positively affected by move-
ments in interest rates.

Using a sample dataset including 57 financial intermediaries and 47 industrial corporations, 
Oertmann et al. (2000) study the interest rate exposure of stock prices of firms operating in the UK, 
Germany, France, and Switzerland over the sample period between January 1982 and March 1995. 
Test findings show significantly negative sensitiveness for financial and significantly positive sen-
sitiveness for nonfinancial firms. In addition, the most sensitive firms to global interest rate move-
ments are the multinational companies operating in the UK and Germany. Accordingly, movements 
in both domestic and global interest rates could be accepted as driving forces of stock returns in the 
underlying markets. Bohl et al. (2003) ascertain positive but insignificant result between short-term 
interest rate and stock return using dataset both monthly and daily frequencies from Germany over 
the 1985-1998 period. The reason behind this finding is that the theoretical rationale between stock 
price and central bank reactions was not yet satisfactorily well-developed. Apergis and Eleftheriou 
(2002) report that stock prices followed inflation rate rather than T-bill interest rate yields since mar-
kets were characterized by declining inflation and interest rates in Greece during the sample period 
between 1988 and 1999. On the other hand, Joseph (2002) argues that industrial stock returns are ad-
versely affected by T-bill rate yields rather than the exchange rate in the UK. According to test results, 
the electrical and engineering sectors were the two most negatively sensitive sectors while, on the ot-
her hand, the pharmaceutical sector was the only sector that positively influenced by movements in 
interest and exchange rates. Similar results are reported by Jareño (2008), who shows that industrial 
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returns of Spanish firms were significantly and adversely affected by movements in real interest ra-
tes over the sample period between 1993-02 and 2004-12. Ferrer and González (2010), on the other 
hand, report heterogeneous results for Spanish firms. Test findings show that the interest risk had 
considerable effects on firm returns at varying significance and magnitudes. Among industries, the 
food sector was the only sector that its returns were less affected by falling interest rates rather than 
rising interest rates. Conversely, the highly leveraged, regulated and financial sectors were the most 
interest rate sensitive among industries.

Employing the VAR model, Abugri (2008) seeks to investigate whether U.S. dollar-denominated 
market returns could be significantly explained by several macroeconomic variables in Brazil, Ar-
gentina, Mexico, and Chile. Being significantly explaining market returns in these markets provides 
investors useful information about portfolio diversification strategies, achieving better return-risk 
tradeoff, and improving their portfolio performances by concentrating on the varying significance 
of the risk factors. Korkeamäki (2011), on the other hand, presents significantly negative stock-bond 
correlation relationships for most of the EU countries earlier than 1999, which disappeared after 
1998, and suggests that interest risk was priced for global investors in the post-euro era. Test findings 
of the paper by Jammazi et al. (2015) observe that the stock-bond comovement pattern has changed 
noticeably over time for most countries under study. More clearly, positive relationships are reported 
for almost all developed countries due to falling inflation rates and strengthening economic prospe-
cts during the 1990s. From the early 2000s, however, the markets exhibited adverse relationships un-
til 2009 because the Eurozone sovereign debt crisis changed the stock-bond correlation in Greece, 
Portugal, Spain, Belgium, and Ireland. The author says that this swing represents the flight-to-qua-
lity in those countries.

Negative relationship between stock and bond is maintained by Maysami and Koh (2000) for Sin-
gapore, Liu and Shrestha (2008) for China, Jawaid and Ul Haq (2012) and Ismail et al. (2016) for Pa-
kistan, Udegbunam and Oaikhenan (2012) for Nigeria, Barakat et al. (2015) for Egypt and Tunisia, 
Liu and Chen (2016) for Taiwan. Maysami and Koh (2000) find that stock market is significantly po-
sitive related to short-term interest rates but negative associated with long-term interest rates over a 
sample period between January 1988 and January 1995 in Singapore. This result shows that the long-
term rates are a better proxy than short-term interest rates for valuing assets. Liu and Shrestha (2008) 
document long-run linkages between a set of variables and stock prices using 120 monthly observati-
ons over time in the Chinese markets. Finding a significantly negative relationship between interest, 
inflation and exchange rates with stock prices shows that the stock market could offer better long-
term returns and diversification opportunities to investors. Furthermore, Jawaid and Ul Haq (2012) 
report significantly negative and positive linkages between interest rate and exchange rate with ban-
king share prices in the long and short run, respectively, while, on the other hand, a unidirectional 
causality between stock and bonds, suggesting that both variables were reasonable indicators for in-
vestment decisions in the banking index in Pakistan. However, Ismail et al. (2016) find out a posi-
tive but insignificant result from interest rates, money supply, and exchange rate to share returns in 
Pakistan. Udegbunam and Oaikhenan (2012) reveal significantly negative effects of net interest rate 
movements on stock prices in Nigeria and they conclude this finding as evidence in favor of the exis-
tence of a non-linear relationship between stock prices and interest rate risk regarding duration and 
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convexity hypothesis. Barakat et al. (2015), on the other hand, find significantly negative long-run 
relationship between interest rate and stock prices in Egypt but insignificant result in Tunisia. A no-
teworthy finding of this study is, however, bidirectional causality in Tunisia and unidirectional cau-
sal relationship in Egypt. Test result suggests that stock market does not have a predictive power on 
changes in interest rate in Egypt. Besides, Liu and Chen (2016) document that the lagged values of in-
terest rates had significant effects on the covariance between stock price and interest rate while stock 
market volatility had significantly positive impacts on interest rates in Taiwan for the sample period 
between January 1985 and March 2009.

In addition to the papers investigating the bond-stock relationship in developed and developing 
countries, we also present an illustrative list of studies that concentrate on Turkish markets. This set 
includes research papers of Erdem et al. (2005) who examine the price volatility spillovers, Duran et 
al. (2010) who study the effect of monetary policy decisions, Sayilgan and Süslü (2011) and Kasman 
et al. (2011) who research the effects of macroeconomic factors, Sensoy and Sobaci (2014) ,Uyar et 
al. (2016) and Sancar et al. (2017). For example, Erdem et al. (2005) contend that the length of vola-
tility persistence of stock indices is shorter compared to interest rate, exchange rate, money supply, 
industrial production, and inflation. There is significantly negative evidence for volatility spillovers 
from interest rate to “XUHIZ” index, inflation to “XU100” and “XUSIN” indices, and money supply 
to “XUMAL” index. In addition, the authors find significantly positive volatility spillovers from inte-
rest rate to “XU100”, “XUMAL”, and “XUSIN”, the exchange rate to “XU100” and “XUSIN”, and from 
inflation to “XUHIZ” indices. By conducting event study and GMM approaches over the period 
2005 to 2009 for Turkey, Duran et al. (2010) argue that monetary policy decisions have varying sig-
nificantly negative impacts on stock indices of “XU100”, “XUTUM”, “XU030”, “XUMAL”, “XUSIN”, 
“XTCRT”, “XUHIZ”, and “XBLSM” due to different balance sheet compositions. On the other hand, 
Sayilgan and Süslü (2011) show significant effects from inflation, exchange rate and S&P500 index 
and statistically insignificant, however, for interest rates, oil price, real economic activity, and money 
supply to stock returns in eleven countries including Turkey, Argentina, Indonesia, Chile, Hungary, 
Malaysia, Mexico, Poland, Russia, Jordan and Brazil. Kasman et al. (2011) report a significantly nega-
tive evidence of interest and exchange rate effects on the conditional daily share returns of “XBANK” 
index and 13 individual commercial bank stocks during the period under investigation. Test results 
suggest investors to follow the movements in interest rate and exchange rate more closely for adap-
ting their portfolio compositions because both have explicative power on the conditional daily stock 
returns. In their empirical paper, Sensoy and Sobaci (2014) document time-dependent association 
between stock and bond markets by using a dynamic conditional correlation approach. Because this 
relationship is only valid in the short term the authors claim that there is no need to react to prevent 
a long run contagion between two markets. On the other hand, Uyar et al. (2016) find that stock in-
dices of “XUMAL” and “XBANK” are found to be more sensitive to adverse effects from interest mo-
vements during tested period covering 2006-01-02 and 2015-01-30, suggesting investors to adjust 
their portfolio compositions at periods of rising or falling in the stock markets. By using daily obser-
vations, Ekinci et al. (2016) discover that there are no significant effects from the weighted average 
cost of the CBRT funding to “XU100” over the February 21, 2013−July 26, 2016 period. Sancar et al. 
(2017), however, find that interbank interest rate is the only factor among a set of variables including 
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industrial production index, M1 money supply, exchange rate, consumer price index that not signi-
ficantly related to stock prices in the long run.

It is evident from the paper results that they are totally focused on the contemporaneous lin-
kage between stock returns and bond yields. In order to determine the time-scale based relations-
hip, however, there should be versatile methods such as frequency causality tests, Fourier or wavelet 
analysis. A noteworthy series of research studies focused on the stock-bond relationship using wa-
velet approach are reported by Andrieș et al. (2014) for India, Dimic et al. (2016) for the U.S. and 
ten emerging markets, and Bayraci et al. (2018) for Turkey. By implementing cross-wavelet power, 
cross-wavelet coherency, and phase difference approaches, Andrieș et al. (2014) document that asso-
ciation among exchange rate, interest rate, and stock prices is significant and the direction and stren-
gth depends on the frequency bands. Furthermore, test findings show that stock prices follow the 
changes in interest rate and exchange rate in India. However, the stock market causes exchange rate 
towards the end of 2009. The interest rate and stock market relationship is clearer after 2006 and the 
authors argue that stock prices may be may effectively affected by monetary authorities for specific 
frequency bands corresponding to 3 months and 3 years. Dimic et al. (2016), on the other side, find 
out that ten emerging markets –Brazil, Argentina, Bulgaria, Mexico, Russia, Turkey, Venezuela, the 
Philippines, Colombia, and Peru– except Venezuela had significantly positive, while the U.S. had sig-
nificantly negative unconditional stock-bond correlation relationship over the sample period span-
ning from January 2001 to December 2013. Moreover, test findings of wavelet coherence approach 
illustrate that bond-stock correlation did change significantly across frequency bands, i.e. the sing 
and magnitude of short-term correlation changed quickly from positive to negative eras correspon-
ding to the crisis period, implying the existence of “flight-to-quality” phenomenon in the short run 
(high-frequency). These findings suggest that investors did adjust their asset compositions in favor 
of debt market instruments during crises period because of hedging incentives. The long-term ba-
sed test findings, on the other hand, show that stock-bond correlation relationship is positive during 
the entire period in all emerging markets except for Venezuela, indicating evidence in favor of fli-
ght-from-quality phenomenon at the lower frequency bands. Moreover, the stock-bond correlation 
is found to be most sensitive to the monetary policy decisions in the short-run and to uncertainty 
in stock markets and inflation in the long run. By conducting wavelet coherence approach, Bayraci 
et al. (2018) investigate the dynamic stock-bond correlation relationship in G-7 countries. The fin-
dings of paper provide evidence in favor of frequency-dependent positive relationship between mar-
kets. At high-frequency bands, the co-movement is weak while, on the other hand, it strengthens at 
lower frequency, i.e. in the long-term investment horizon, corresponding to 128 and 512 days, asso-
ciation becomes stronger. Furthermore, wavelet analysis also shows lead-lag relationships between 
two variables. At the time of global financial crisis, for example, stock returns lead bond yields in the 
U.K., Germany and France at the highest-frequency bands corresponding to 2-4 days. Conversely, 
bond returns causes stock returns at time horizon of 4-16 days and the reverse also holds as scales 2-4 
days in Italy. The positive and strong relationship intensified at time scales of 64-512 days between 
stock and bond markets provide investors a hedging opportunity in G7 countries. The authors argue 
that these results support the heterogeneous market hypothesis introduced by Müller et al. (1993), 
namely, long-term investors are probably to follow macroeconomic fundamentals while short-term 
investors are expected to follow trends and respond to bad and good events in financial markets. 
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Therefore, it is likely to see a time-varying stock-bond connection across frequency bands. On the 
other side, test findings of rolling wavelet correlations show that correlation association is very vola-
tile and significantly increases during in the bearish markets because investors shift their funds from 
stocks to bonds when their sentiments and risk preferences change.

2. Methodology

Following previous literature, the stock-bond relationship can be measured within the framework 
of time and frequency domains. Having received a great deal of attention, wavelets are very efficient 
and appealing tool when a particular time interval is of interest to be elucidated. We begin by pre-
senting a brief review of the Fourier transform theories. Said that, a general discussion on the funda-
mentals of wavelet analysis will be provided, i.e. the discrete wavelet transforms (“DWT”), and the 
maximal overlap discrete wavelet transforms (“MODWT”). After that we go on delving into the de-
tails of wavelet variance, covariance, correlation, and cross-correlation estimations.

Figure 1. Fourier vs. Wavelet Transforms
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Source: Gencay et al., 2002, s.98.

2.1. Fourier vs. Wavelets

Mallat (1989, s.689) states that the Fourier analysis was introduced by the French mathematician 
J.B. Joseph Fourier in the beginning of the 19th century. The main idea is that an arbitrary 2π  pe-
riodic function of frequency can be represented as an infinite sum of the sinusoids, i.e. dilated sine 
and cosines. The Fourier representation of any deterministic function f∈L2 [-π,π] is given by (In and 
Kim, 2012, s.2)

   (1)

where {λ_0,λ_1,β_j,…} coefficients represents a complex sequences. As contended by Gencay et 
al. (2002, s.97), the function in Equation (1) is an example of the discretely sampled process of an f(x) 
function generated by a linear combination of the basic trigonometric sinusoids and it is a decom-
position on frequency-by-frequency basis of the discrete Fourier transforms. These basis functions, 
sine and cosines, are, however, are very appealing when the underlying data is stationary. Indeed, the 
periodic nature of a signal with two sinusoids having different size and amplitude is succinctly cap-
tured by only a few Fourier coefficients. Ramsey (2014, s.12) assert that Fourier series are capable of 
fitting global variation whereas they respond to local variations only at very high frequencies, there-
fore, Fourier series need a considerably more coefficients for a given level of approximation.

The Fourier transform is an alternative representation of the original data and it basically con-
verts this data from one domain (time or frequency) to another (frequency or time) domain (Gencay 
et al., 2002, s.99). It summarizes frequency information but cannot preserve time information since 
its basis functions have infinite support. Given that the sinusoids are only localized in frequency, the 
output is a global picture of the data. Figure 1 depicts both the time (i) and frequency representation 
(ii) of data through the time-frequency plane. Looking at the representation in the time domain, we 
observe complete time resolution but no frequency resolution. Conversely, we have complete frequ-
ency resolution but no resolution in the case of the Fourier transforms.

On the left in Figure 1 we graph a time-frequency representation through a modified time-de-
pendent version of the Fourier transforms. This new version is called as short-time Fourier and int-
roduced by D. Gabor in 1946 to overcome the main disadvantage of the Fourier transform that is 
stationarity requirement. As noted by Gallegati (2008, s.3063), this method uses a fixed window fun-
ction with respect to frequency and transforms this windowed data by the Fourier transform to ob-
tain a sort of compromise between frequency and time. The main assumption is the stationarity of 
the partitioned small sections over the duration of the window function. The output is a decomposi-
tion of two parameters, time and frequency shift, namely, a time-frequency representation. Note that 
the accuracy of the transformation is attributed to the size of the window with respect to frequency 
and the effect of the window function is to localize the data in time (In and Kim, 2012, s.4). Actually 
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the choice of the length of the window depends on the trade-off between the desired frequency re-
solution and once a decision made for the window function it is not allowed to change it for other 
frequencies. It is the main drawback because it cannot resolve events if they happen to appear within 
the width of the window. The major reason behind this result proceeds from the Heisenberg uncer-
tainty principle, which states that one cannot obtain both a good resolution in time and frequency si-
multaneously. Evidently, both the frequency and time resolutions of the time series are the same for 
times and frequencies, respectively.

To overcome the drawbacks of the STFT approach, a different method called as wavelet trans-
form was introduced by researchers. The wavelet term mentioned first by Grossman and Morlet in 
1984 literally means small or short waves that grows and dies out in the short-time because of having 
finite length and oscillatory behavior (Soman et al., 2010, s.31). In order to capture features that are 
local in both frequency and time, the wavelet transform uses a basic function called mother wavelet 
and its scaled and translated versions. Equivalently speaking, the mother wavelet is squeezed or di-
lated to capture the frequency information whereas it is shifted (translated) on the time axis to cap-
ture the time information from the underlying data. The outcome is described as continuous wave-
let transform if the transform is computed for all data locations and wavelet scales at continues steps 
or discrete wavelet transform in the case of a process at discrete steps. Since financial time series are 
observed at regular intervals, in this paper we merely concentrate on the discrete wavelet transform.

Indeed, it is, as noted by Gencay et al., (2002, s.99), one of the most important properties to attain 
the frequency content of a process as a function of time, namely to present a time-scale (time-frequ-
ency) representation which its success depends on the local matching of the basis function with the 
data. Since wavelets have good frequency and time localization properties their transform is long in 
(time) frequency when capturing high – (low) frequency events, therefore, they display good (poor) 
time resolution but poor (good) frequency resolution. It can be said that the wavelet transform in-
telligently adapts itself to capture frequency and time behaviors of the data across a wide range of 
frequencies. It is the main reason that wavelets are accepted as an ideal tool for studying transient or 
nonstationary data. As depicted in Figure 1, wavelets use long (short) windows at low (high) frequen-
cies, therefore, provide simultaneous frequency and time resolutions that vary in the frequency-time 
plane by two main parameters: time and scale (frequency).

For wavelet analysis, as dictated by Ramsey (2014, s.12), there are two basic wavelet functions 
called as mother ψ(t) and father wavelet ϕ(t). The father wavelet integrates to 1 and reconstructs the 
smooth, trend (low-frequency) part of the data, while the mother wavelet represents the detailed (hi-
gh-frequency) parts, i.e. can capture all deviations from the trend and integrates to 0. The approxi-
mating wavelet functions generated from mother and father wavelets through scaling and transla-
tion is given by

                            (2)
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where J and k index the scales and the translation, respectively. Hence, 2J k=a and 2J=b  and  are the 
dilation and translation parameters. Crowley (2007, s.210) reports that b controls the length of the 
window and a is a measure of the location. In addition, 1/√b parameter guarantees that the norm of  
ψ(.) is equivalent to one and the energy is intensified in a neighborhood of the translation parameter, 
a , with size proportional to the scaling parameter, b. Gencay et al. (2002, s.144) state that if the scale 
parameter of wavelet transform decreases (increases), then the wavelet basis is shifted toward lower 
(higher) frequencies, the time support declines (increases) and the number of frequencies captures 
increases (decreases). After defining the approximating wavelet functions, it is easy to build up any 
time series x(t) as a sequence of projections onto mother and father wavelets that indexed by both J 
and k as sJ,k=∫ϕJ,k (t)f(t)

  and dJ,k=∫ψJ,k (t)f(t)
  where j=1,…,J  such that J is the maximum scale sustainable 

with the data to hand (Ramsey, 2014, s.12). Besides, the smooth coefficients sJ,k  represent the smo-
oth behavior of the data whereas the detail coefficients dJ,k  correspond to the progressively finer scale 
deviations from the smooth behavior. The first (second) coefficients capture the low (higher) frequ-
ency oscillations. We can use the smooth and detail coefficients to obtain the smooth SJ,k  and detail 
signals DJ,k of the data in hand, as follows:

                         (3)

Ramsey (2014, s.10) assert that wavelets can be generated by the combination of two filter mem-
bers: the low gl  and high pass hl  filters. The low filter gl produces a moving average while the linear 
time-invariant operator, the high filter hl , produces moving differences. They are corresponding 
to father and mother wavelet filters, respectively. The filter coefficients of a finite length discrete 
wavelet (“DWT”) filter must have zero mean, that is integrate to zero, , unit energy, 

, and be orthogonal to their even shifts, , for all non-zero integers.

Without giving the details of the “DWT”, we restrict our study to a non-decimated version of the 
“DWT”, that is the maximal overlap discrete wavelet transform, the “MODWT”. It is natural to ask 
why we prefer the “MODWT” instead of the “DWT”. Whitcher et al. (2000, s.14944) report that the 
“MODWT” gives up orthogonality property of the “DWT” (through not subsampling) to gain other 
features that “DWT” does not have. Percival and Walden (2000, s.159-160) state that the “MODWT” 
has some critical advantages over the “DWT”. The first advantage is that the former method can 
handle any sample size N, while the scale level of the latter one is restricted to a positive integer mul-
tiple of 2J0. Equivalently speaking, whether N is dyadic or not is not important for the “MODWT”. 
Besides, both methods can be used to form a multiresolution analysis, however, only the detail and 
smooth coefficients of a “MODWT MRA” are associated with zero phase filters, namely, events that 
feature in the original data may be accurately lined up features in the “MRA”. On the other hand, the 
“MODWT” is invariant to circularly shifting the time series under investigation; therefore, the coef-
ficients of the “MODWT” do not change if they are shifted by an integer unit, which does not hold 
for the “DWT”. Even though it is true for both methods, the “MODWT” coefficients produce a more 
asymptotically efficient wavelet variance estimator than the “DWT”, and provide increased resolu-
tion at coarser levels since it oversamples the series.
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2.1.1. Multiresolution Decomposition

A multiresolution analysis is a wavelet transforms process that gives a chance to obtain a scale-in-
variant interpretation of the underlying series (Mallat, 1989, s.674). In order to obtain a narrower 
(wider) scene, the camera must be got by a resolution step Ω times further (closer) to the scene. The-
refore, it produces both the details and overall picture of the signal/data as if a camera zooms in or 
out on scaling function. Daubechies (1992, s.3) demonstrate that the transformation process is per-
formed through the pyramid (cascade) algorithm. The multiresolution approximation building up 
an underlying X(t) variable from the coarsest scale downwards up to scale J can be written as follows 
(Ramsey, 2014, s.12):

        
(4)

where the SJ(t)  parameter includes the smooth component and the DJ(t)  parameters include the 
detail components at an increasingly finer resolution level. As noted by Gallegati et al., (2017, s.8) the 
latter component is the degree of difference of the observations of the series at each scale and it rep-
resents the scale deviation from the smooth process, while, on the other hand, the former component 
provides the smooth long-term features of the underlying data. The additive decomposition feature 
enables to easily reconstruct the original series, X(t), by summing up the detail and smooth compo-
nents. For example, the smooth parameter, S2, at scale j=2 is equal to S2=S3+d3 and S2=S1-d2 .

2.1.2. Wavelet Variance, Covariance, and Correlations by Scale

By using non-boundary wavelet coefficients generated by “MODWT” function, we can obtain 
wavelet tools such as wavelet variances, covariances, correlations and cross-correlations to unravel 
both the time and frequency behavior of the underlying time series. A wavelet variance of time se-
ries, for example, as noted by Percival and Walden (2000, s.296), can be defined as a practical concept 
for both stationary process and nonstationary process with stationary backward differences. As de-
monstrated by Lindsay et al. (1996, s.778), decomposing a sample variance into a scale-by-scale ba-
sis, leads to both the notion of the scale-dependent estimation and determination of the locations of 
the events contributing to the total sample variance at each time horizon. The wavelet variance, ac-
cording to Percival (1995, s.621), is a particular part of total sample variance, where the total variance 
comprises of several scale-based variance components.

In wavelet literature, the wavelet variance is accepted as an energy decomposition of time series in 
the frequency domain because of zero-mean property of wavelet coefficients. Since the “MODWT” 
wavelet transformation has an energy preserving property, the sum of the energies of the wavelet and 
scaling coefficients will be equal to the total energy of the original time series. With a condition of  
j=1,…,J, the energy decomposition of wavelet analysis is given by (Gallegati and Ramsey, 2013, s.66)
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              (5)

where  and  signifies wavelet and scaling coefficients derived from wavelet transform pro-
cess, respectively. Evidently, Equation (5) allow one to partition the sample variance by resolution 
level and identify which scale level contribute considerably more variation to the overall variability 
relative to other scales. Given a stationary or nonstationary stochastic process, as X(t), its time-var-
ying, i.e. the time-dependent, wavelet variance decomposition at scale j is as follows (Crowley, 2007)

            (6)

where λj and wj,t denote the j th scale level and the j th scale level coefficients, respectively. Some 
difficulties arise when one intends to obtain time-independent wavelet variance and calculate wave-
let variance for each scale and account for when decimation takes place. In the case of a finite and ti-
me-dependent wavelet variance, on the contrary, the equation above can be rewritten as Percival and 
Walden (2000, s.296)

 (7)

where the statistical properties of X(t)at each scale are invariant over time. Besides, a time-inde-
pendent wavelet variance can be defined for stationary and non-stationary process with both stati-
onary (i) dth order differences and (ii) local stationarity. The sufficient condition for being time-in-
dependent wavelet variance for (i), however, is to have a large enough the length of wavelet filter, L, 
namely, the filter size must be at least equal to the size of the differencing order, d, that is . An 
unbiased estimator of the wavelet variance at scale λj obtained by the “MODWT” function is

  (8)

where  and Lj[=(L-1)*(2j-1)+1] represent the number of coefficients uninfluenced 
by the boundary conditions for each scale λj  and the wavelet filter length or the number of coeffi-
cients that affected by boundary condition, respectively. One may notice that only non-boundary 
wavelet coefficients are used for wavelet variance estimation since the “MODWT” employs circular 
convolution, therefore, using the coefficients generated by both beginning and ending series would 
imply biasedness. As noted by Masset (2008, s.), this problem arises in two situations. The first case 
concerns only the “DWT” because of dyadic length for time series. To overcome, one must remove 
or add some observations so that N=2j. The second case, however, concerns both the “MODWT” 
and the “DWT”. During decomposition, the wavelet filter, L, must be applied on all observations, 
from the beginning (t=1) to end of the series (N). The reason behind the problem is that the con-
volution operator requires at least L-1 observations before t during process. One solution is to add 
sufficient observations with zeros by zero-padding technique. Similarly, one can also complete the 
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series by the “reflection” or “periodic” techniques. By the “reflection” technique including two met-
hods: symmetric and anti-symmetric reflection, the series is mirrored or extended to length 2N that 
is . One may notice that all coefficients are duplicated once, the-
refore, reflecting time series does not change the sample mean nor the sample variance (Gencay et 
al., 2002, s.144). Conversely, the “periodic” or “circular” technique presumes that N is periodic series 
and takes the observations at the beginning of the other end of the series. In and Kim (2012, s.28) de-
monstrate that this method is more preferable since one can straightforwardly implement and its re-
sulting coefficients are independent with identical variances. After deciding wavelet filter length, we 
are left by the number of non-boundary wavelet coefficients equal to N-Lj. Notice that longer the wi-
dth of the wavelet filter used less the number of coefficients left for each stage of the wavelet trans-
form, 2j-1, namely, as scale level increases the number of useful coefficients decreases. The third met-
hod to handle the boundary condition is to impose the brick wall condition and simply remove the 
affected coefficients from the series.

It is easy to derive the wavelet covariances between two time series of interest after their varian-
ces are calculated. Whitcher et al. (2000, s.14945) developed a framework for wavelet covariance and 
correlation estimations along with their confidence intervals. An unbiased estimator of the wavelet 
covariance at scale λj and zero lag between two stochastic processes, Xt and Yt, whose their dth order 
backward differences are stationary Gaussian process after implementing brick wall condition using 
“MODWT” can be given as

   (9)

where  . As demonstrated by Lindsay et al. (1996, s.778), the “MODWT” estimator  
γX,Y (λi ) is asymptotically normally distributed with mean and large sample variance.

In and Kim (2012, s.34) remark the important fact that covariance measure does not take into 
consideration the strength of the association, therefore, it is required to turn our attention to the wa-
velet correlation. Given the wavelet variance estimator in Equation (8) and covariance estimator in 
Equation (9), the wavelet correlation estimator between two stochastic processes, Xt and Yt, for scale 
λj, based on the unbiased “MODWT” coefficients is given by

    (10)

where γX,Y (λi) is the covariance and σX (λj ) and σY (λj ) are the square root of the wavelet variance of 
X and Y, respectively. Gencay et al. (2002, s.258) state that the correlation is  as with the 
usual standard coefficient. Notably, the wavelet correlation corresponds to its Fourier equivalent, the 
complex coherency. Besides, the confidence intervals for correlation estimations that corrected by a 
non-linear transformation, , for each wavelet scale can be expressed as
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Table 1: Descriptive Statistics of Return Series

Variables Mean SD Min Max Skewness Kurtosis JB n
DL_TR2YGB -0.0010 0.0339 -0.1361 0.1953 0.7012 6.9793 447.99 *** 604
DL_XU100 0.0018 0.0380 -0.1927 0.1576 -0.4538 5.1638 138.56 *** 604

DL_XUMAL 0.0017 0.0447 -0.2169 0.2035 -0.3100 5.1215 122.94 *** 604
DL_XBANK 0.0017 0.0487 -0.2059 0.2151 -0.1724 4.6049 67.81 *** 604
DL_XFINK 0.0021 0.0463 -0.3598 0.2466 -0.7402 12.3350 2248.23 *** 604

DL_XGMYO 0.0008 0.0382 -0.1955 0.1109 -0.9653 5.8977 305.10 *** 604
DL_XHOLD 0.0015 0.0420 -0.2450 0.1967 -0.5723 6.4615 334.52 *** 604
DL_XSGRT 0.0025 0.0438 -0.2885 0.1648 -1.0315 8.9631 1001.97 *** 604
DL_XUSIN 0.0022 0.0328 -0.2012 0.1182 -1.0299 6.8019 470.54 *** 604
DL_XGIDA 0.0022 0.0375 -0.1720 0.1201 -0.3345 4.9350 105.49 *** 604
DL_XKAGT 0.0010 0.0388 -0.2297 0.1343 -0.5219 5.8779 235.86 *** 604
DL_XKMYA 0.0024 0.0385 -0.1772 0.1616 -0.4629 5.1143 134.07 *** 604
DL_XMANA 0.0028 0.0471 -0.2442 0.2092 -0.6311 6.0115 268.34 *** 604
DL_XMESY 0.0026 0.0398 -0.2664 0.1462 -1.0675 7.8306 701.96 *** 604
DL_XTAST 0.0016 0.0316 -0.1592 0.1128 -0.7356 4.9985 154.99 *** 604
DL_XTEKS 0.0020 0.0360 -0.2255 0.1102 -0.9645 6.8707 470.69 *** 604
DL_XUHIZ 0.0021 0.0305 -0.1310 0.1573 -0.3166 4.9074 101.64 *** 604
DL_XELKT 0.0004 0.0491 -0.3515 0.3541 -0.3333 12.2637 2170.90 *** 604
DL_XILTM 0.0008 0.0397 -0.1422 0.1426 -0.1267 3.9193 22.88 *** 604
DL_XSPOR 0.0014 0.0509 -0.4580 0.2246 -1.0546 16.3996 4630.60 *** 604
DL_XTCRT 0.0036 0.0369 -0.2351 0.2793 -0.0189 10.9406 1586.87 *** 604
DL_XTRZM 0.0003 0.0480 -0.2237 0.1844 -0.4723 5.4039 167.89 *** 604
DL_XULAS 0.0028 0.0524 -0.2973 0.2029 -0.4437 5.6122 191.53 *** 604
DL_XUTEK 0.0032 0.0400 -0.1958 0.1345 -0.6553 5.0615 150.17 *** 604
DL_XBLSM 0.0020 0.0421 -0.1875 0.1786 -0.4018 5.9064 228.83 *** 604
DL_XYORT 0.0007 0.0317 -0.1923 0.0950 -1.1748 7.7277 701.44 *** 604

*,**, and *** indicate 10%, 5%, and 1% significance level, respectively.

                   (11)

              (12)

where  denotes Fisher’s z transform and the estimated correlation coefficient  is based on  
N independent samples. Additionally,  is approximately distributed as a Gaussian 
with unit variance and zero-mean, i.e. has a N(0,1) distribution. The  factor is used for a bet-
ter approximation of the distribution. Notably, the quantity  is the number of wavelet coefficients 
generated by “DWT” transformation because the assumption of uncorrelated observations of Fis-
her’s z transform works if we believe there are no any non-stationary features or systematic trends in 
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the wavelet coefficients at each wavelet level. Applying the transformation tanh maps the confidence 
interval back to between [-1,1] to generate an approximate 100(1-2p)% confidence interval based on 
“DWT” coefficients since they produce more reasonable confidence intervals. Similarly, the wave-
let cross-correlation coefficients for each wavelet scale λj and lag τ  based on the “MODWT” trans-
formation is given by

(13)

Just as the standard unconditional cross-correlation,  can be used to measure lead/lag 
relationships at each scale between two time series. At zero lag, τ =0, the cross-correlation is equal to 
simple wavelet correlation coefficient.

3. Empirical Results

In order to examine the nexus between stock returns and changes in interest rates, we used we-
ekly (end-of-week) observations of Turkey two-year government bond yields and stock market in-
dices –the aggregate (1), financials (6), services (7), industrials (8), technology (2), and investment 
trust (1) indices– obtained from the CBRT Bloomberg Terminal and the Borsa Istanbul A.Ş data-
base, respectively. The weekly sample period is between April 1, 2005 and December 30, 2016, tota-
ling 605 price observations. Weekly continuously compounded return series is calculated using the 
change in the natural log prices, i.e.  where Pt and Pt-1 are the current and previ-
ous closing prices. Table 1 reports the results of the basic descriptive statistics for the weekly returns.

Table 2: Unit Root Tests Results

Variable
Level Return
ADF KPSS PP ADF KPSS PP

LTR2YGB -1.765 0.353 *** -2.014 -13.99 *** 0.057 -21.551 ***
LXU100 -2.822 0.133 * -2.991 -15.932 *** 0.042 -25.225 ***

LXUMAL -2.896 0.134 * -3.05 -15.941 *** 0.042 -24.694 ***
LXBANK -2.815 0.195 ** -2.964 -16.287 *** 0.04 -25.548 ***
LXFINK -2.275 0.133 * -2.494 -14.744 *** 0.052 -23.086 ***

LXGMYO -2.344 0.212 ** -2.638 -14.803 *** 0.044 -23.272 ***
LXHOLD -2.604 0.296 *** -2.687 -16.194 *** 0.045 -22.956 ***
LXSGRT -2.738 0.232 *** -2.945 -14.349 *** 0.051 -22.229 ***
LXUSIN -2.529 0.303 *** -2.756 -16.056 *** 0.042 -26.047 ***
LXGIDA -1.477 0.321 *** -1.53 -18.617 *** 0.071 -29.935 ***
LXKAGT -2.367 0.202 ** -2.622 -15.95 *** 0.045 -22.861 ***
LXKMYA -2.27 0.327 *** -2.539 -17.378 *** 0.04 -26.889 ***
LXMANA -2.299 0.308 *** -2.683 -16.068 *** 0.032 -25.286 ***
LXMESY -1.661 0.649 *** -1.598 -14.911 *** 0.046 -23.753 ***
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LXTAST -2.448 0.119 -2.697 -14.883 *** 0.064 -22.831 ***
LXTEKS -2.342 0.243 *** -2.479 -15.347 *** 0.061 -24.106 ***
LXUHIZ -2.543 0.136 * -2.499 -16.98 *** 0.042 -26.57 ***
LXELKT -2.014 0.401 *** -2.324 -17.34 *** 0.037 -25.986 ***
LXILTM -2.988 0.252 *** -3.151 * -18.313 *** 0.028 -28.636 ***
LXSPOR -2.139 0.493 *** -2.006 -17.232 *** 0.081 -22.147 ***
LXTCRT -2.51 0.288 *** -2.65 -17.075 *** 0.046 -27.996 ***
LXTRZM -2.818 0.103 -3.191 * -15.208 *** 0.065 -24.294 ***
LXULAS -1.707 0.245 *** -1.744 -16.463 *** 0.087 -23.955 ***
LXUTEK -0.218 0.554 *** -0.502 -14.934 *** 0.058 -24.08 ***
LXBLSM -1.625 0.3 *** -1.907 -14.964 *** 0.057 -23.376 ***
LXYORT -2.136 0.265 *** -2.317 -16.966 *** 0.059 -23.991 ***

*,**, and *** indicate 10%, 5%, and 1% significance level, respectively.

Evidently, all weekly returns are close to zero; the average weekly stock returns are positive and 
the changes in interest rates are negative, indicating a good and poor performance for the stock re-
turns and government bond yields over time. Notable, the minimum and maximum weekly returns 
are observed for the same stock indices of “DL_XSPOR”, “DL_XFINK”, and “DL_XELKT”. As expe-
cted, the volatility of stock market indices is almost higher than bond markets, namely, the standard 
deviation of “DL_TR2YGB” (3.39%) is the fifth lowest rank after “DL_XUSIN”, “DL_XYORT”, “DL_
XTAST”, and “DL_XUHIZ” over the whole sample period. The highest volatile stock indices are, 
however, “DL_XULAS” (5.24%), “DL_XSPOR” (5.09%), “DL_XELKT” (4.91%), and “DL_XBANK” 
(4.87%). Moreover, the value of skewness shows that all stock indices have a left-skewed distribution, 
i.e. they are negatively skewed and their left tail is longer than the right tail. Conversely, skewness va-
lue of “DL_TR2YGB” (0.70) indicates a positive-skew distribution where the right tail is longer than 
the left tail and the average value, –0.10%, is to the right of the median, –0.18%, value. Since kurto-
sis value of all variables is greater than 3, it is said that they possess a leptokurtic behavior and have 
fat tails and peakedness. Therefore, taken both the value of skewness and kurtosis no variables follow 
normal distribution, corroborating the results of the Jarque-Bera test.
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Figure 2: Multiresolution Analysis (MRA) of DL_TR2YGB vs. DL_XU100
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The results of the ADF (1979), the KPSS (1992) and the PP (1988) unit root tests are given in 
Table 2. Evidently, the ADF (1979) test shows that all variables while the PP (1988) illustrates that 
with the exception for “LXILTM” and “LXTRZM”, all variables have unit root. On the contrary, the 
null hypothesis of stationarity for the KPSS (1992) can be rejected for “LXTAST” and “LXTRZM”, in-
dicating the presence of unit root for the other variables. Since there is not any consensus on the sta-
tionarity, we applied these tests on the log-differenced data.
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Figure 3: Wavelet Variance and Correlation by Scale
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Accordingly, the presence of a second unit root can be rejected for the log-differenced data at the 
1% significance level, i.e. all variables are integrated of order one, I(1).

In order to obtain wavelet coefficients, the stationary observations are decomposed into several 
wavelet scales applying the “MODWT” with the Daubechies [LA(8)] wavelet filter. The wavelet de-
composition and significance test is performed with the “Waveslim” and the “Brainwaver” R (2006) 
packages introduced by Whitcher (2005) and Achard (2012), respectively. Although the achievable 
level of “MODWT” is 9≤log2 (604) , the optimal integer decomposition level is chosen as  J=5, since 
the number of feasible, non-boundary effected, wavelet coefficients decline gradually as scale inc-
reases. Contrary to wavelet coefficients, the multiresolution detail coefficients generated by “MRA” 
function is the same at each decomposition level where periodic boundary condition is chosen. Af-
ter decomposition process, we obtain five levels of detail components and one smooth component 
for “MRA”: d1+d2+d3+d4+d5+s5 and five levels of wavelet components and one scaling component 
for “MODWT”: w1+w2+w3+w4+w5+s5. These decomposition levels are corresponding to [2-4) we-
eks for “d1” (w1), [4-8)  weeks for “d2”, [8-16) weeks for “d3”, [16-32) weeks for “d4”, [32-64) weeks 
for “d5”, and [64-N) weeks for “s5”.

The multiresolution decomposition analysis (MRA) for “DL_TR2YGB” and “DL_XU100” is de-
picted in Figure 1. At the top, the original return series are exhibited. The most noticeable observati-
ons are that “TR2YGB” significantly fluctuated by 14.3% before the FED monetary decisions on June 
23, 2006 and by 13.06% during the GFC on November 24, 2008. However, the most highest incre-
ases, 14.57% and 19.52%, are observed during the domestic developments. The most peak decrea-
ses, –10.99% and –13.61%, however, are witnessed due to the positive improvement in both the do-
mestic and foreign markets in September 2013 and January 2015, respectively. Conversely, the most 
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prominent fluctuations in “XU100” are observed in 2008 where stock market slipped by –19.27% on 
October 10, 2008 but almost regained its loss at the end of the same month increasing by 14.08%. 
Moreover, the most peak increase, 15.76%, is observed on November 28, 2008 just after one week 
when the stock market decreased by –14.62%, which is the second peak value.

The third highest decline seen in the previous years, however, is the –14.37 percentage shrinkage 
due to the failed coup attempt in July 2016. On the other hand, the six plots below the original data 
show the “MRA” of five detail components and one smooth component in ascending order, from the 
finest time-scale (M1) to the coarsest time scale (M5), for each variable. Obviously, the resolution qu-
ality noticeably decreases as scale level increases. The detail components “M1” and “M2” largely can 
illustrate the major fluctuations while the crystals “M3”, “M4” and “M5” are not as successful as the 
finest two components at showing discernible movements, which observed at the original data of the 
two series. Equivalently speaking, the effect of aforementioned fluctuations has lasted over two scale 
levels with cycles of up to 8 weeks. Lastly, it is quite apparent that the smooth component, “M5S”, in-
dicating a trend, does not capture any distinct fluctuations in the underlying variables.

After decompose return series into time-scales by “MODWT()” function, we obtained unbiased 
wavelet estimation for variance and correlation for all underlying variables. Figure 3 shows that wa-
velet variance is depicted in the upper panel while wavelet correlations is plotted in the bottom pa-
nel. There are two noteworthy findings emerge from the figure. First, it is quite clear that wavelet 
variance declines from the finest time-scale, “d1”, to the coarsest time-scale, “d5”, i.e. the higher ti-
me-scale the lower wavelet variance for all stock index groups, suggesting an approximate inverse li-
near linkage between time horizons and wavelet variances. These results indicate that the highest vo-
latility in changes in bond yields and stock prices take place at the finest scale, “d1”, corresponding 
to over 2 to 4 weeks. The highest volatile variables at scale “d1” are “DL_XULAS” (0.131%), “DL_
XELKT” (0.126%), and “DL_XBANK” (0.123%), while, the lowest volatile ones are “DL_XTAST” 
(0.044%), “DL_TR2YGB” (0.04801%), and “DL_XYORT” (0.04806%). Moreover, “DL_TR2YGB” is 
at 21st, 18th, 10th, and 16th rank at scale d2, d3, d4, and d5, while “DL_XU100” is at 17th, 15th, 15th, 
17th, and 20th rank at from the finest to coarsest scales, respectively.

Since each detail component has zero mean, the energy of each component will be equal to the 
variance of the detail coefficients, therefore, the variance of the original data is the sum of the wavelet 
variances. Therefore, we can study variance decomposition by time-scale as the energy distribution 
for the data under investigation. It is obvious from the figure that the most of the energy distribution 
(cumulative variances to total variance) is concentrated on the finest scales regardless of the return 
series considered. The first three variables that has the highest energy distribution at scale “d1” are, 
for example, “DL_XGIDA” (60.52%), “DL_XTCRT” (57.07%), and “DL_XILTM” (55.82%), while, 
“DL_TR2YGB” (40.60%) is at 26th, “DL_XMESY” (42.47%) is at 25th, and “DL_XSPOR” (42.91%) 
is at 24th rank. At the medium scale, “d3”, the energy decomposition reaches up to 92.13% for “DL_
XILTM”, 91.90% for “DL_XGIDA”, and 88.55% for “DL_XUHIZ”, while, on the other hand, “DL_
XMESY” (76.23%), “DL_TR2YGB” (76.86%), and “DL_XGMYO” (76.85%) have the lowest percen-
tage energy distributions over 8 to 16 weeks. In addition, the services sector indices are the most 
volatile up to the scale “d3” and the industrial sector indices are the least volatile. These findings 
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indicate that investors with short-term investment horizons are confronted by higher risks than in-
vestors with longer-term holding periods. Our results are in accordance with the findings of Lee 
(2004), Fernandez (2005), Çifter and Özün (2007) and Dajcman (2013) in terms of energy decom-
position and variance-scale relation. For example, Çifter and Özün (2007) find out a negative relati-
onship between time-scales and wavelet variance of “DL_XU100”, “DL_XU030” and a list of indivi-
dual stock returns in Turkey. Test findings also show that their energies concentrated over [2-4) days 
for “d1”, namely, the energy distribution is 51.35% for “DL_XU030”, 51.18% for “DL_XU100”, and 
42.46% for “DL_TUPRS”. Similarly, their energy decomposition reaches up to approximately 90% for 
both “DL_XU030” and “DL_XU100”, 86% for “DL_TUPRS” over [2-16) days. In addition to inverse 
relationship between wavelet variance and time-scale, Dajcman (2013) documents that most of vola-
tility of stock indices of “FTSE100” (91.8%), “CAC40” (91.3%), “DAX” (90.0%), and “ATX” (90.0%) 
is captured by the finest three scales corresponding to [2-16) days. The background behind this fin-
ding is interpreted as the higher investment horizons the less rapid adjustment to fluctuations, na-
mely, investors with shorter-term horizons should react rapidly to stock market fluctuations for their 
portfolio adjustments. Differently saying, the importance of volatility varies for investors with hete-
rogeneous investment horizons because every investor essentially deals with different dynamics. Lee 
(2004) finds out that nearly 90 percentage of energy distributions of both “KOSPI” and “DJIA” in-
dices are observed at the first three time-scales, indicating that short-term noise variations are the 
major factors in explaining equity returns, accordingly, equity returns cannot be forecasted before-
hand. Fernandez (2005), on the other hand, reports approximately 75 percentage and 64 percentage 
of energy distribution at scales “d1” and “d2” in the volatility of stock markets in the North Ameri-
can and Emerging Asian countries, indicating that movements in stock returns are mostly observed 
in the shorter-term horizons.

Table 3: Significance of Correlation Coefficients by Wavelet Scale

 Variable Return d1 d2 d3 d4 d5
RXU100 -0.484 *** -0.445 *** -0.498 *** -0.481 *** -0.637 *** -0.338

RXUMAL -0.485 *** -0.440 *** -0.484 *** -0.492 *** -0.651 *** -0.308
RXBANK -0.484 *** -0.437 *** -0.493 *** -0.479 *** -0.646 *** -0.384
RXFINK -0.325 *** -0.258 *** -0.342 *** -0.373 *** -0.489 *** -0.008

RXGMYO -0.427 *** -0.350 *** -0.464 *** -0.474 *** -0.552 *** -0.185
RXHOLD -0.450 *** -0.430 *** -0.411 *** -0.485 *** -0.648 *** -0.116
RXSGRT -0.298 *** -0.261 *** -0.257 *** -0.289 ** -0.486 *** -0.121
RXUSIN -0.413 *** -0.402 *** -0.437 *** -0.379 *** -0.568 *** -0.167
RXGIDA -0.324 *** -0.340 *** -0.299 *** -0.275 ** -0.411 ** -0.149
RXKAGT -0.362 *** -0.350 *** -0.358 *** -0.243 ** -0.463 *** -0.177
RXKMYA -0.321 *** -0.285 *** -0.36 *** -0.327 *** -0.495 *** -0.188
RXMANA -0.301 *** -0.294 *** -0.361 *** -0.284 ** -0.449 *** -0.135
RXMESY -0.395 *** -0.391 *** -0.405 *** -0.334 *** -0.552 *** -0.053
RXTAST -0.423 *** -0.406 *** -0.407 *** -0.385 *** -0.56 *** -0.207
RXTEKS -0.311 *** -0.271 *** -0.297 *** -0.261 ** -0.482 *** -0.013
RXUHIZ -0.401 *** -0.373 *** -0.439 *** -0.395 *** -0.47 *** -0.569 **
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RXELKT -0.369 *** -0.323 *** -0.349 *** -0.409 *** -0.585 *** -0.294
RXILTM -0.276 *** -0.237 *** -0.319 *** -0.264 ** -0.349 ** -0.514 **
RXSPOR -0.206 *** -0.186 *** -0.198 ** -0.205 * -0.349 ** -0.148
RXTCRT -0.310 *** -0.298 *** -0.301 *** -0.319 *** -0.453 *** -0.181
RXTRZM -0.329 *** -0.315 *** -0.408 *** -0.244 ** -0.367 ** -0.152
RXULAS -0.380 *** -0.345 *** -0.367 *** -0.433 *** -0.354 ** -0.309
RXUTEK -0.352 *** -0.329 *** -0.374 *** -0.341 *** -0.412 ** -0.224
RXBLSM -0.291 *** -0.301 *** -0.261 *** -0.236 ** -0.317 * -0.112
RXYORT -0.300 *** -0.246 *** -0.309 *** -0.27 ** -0.392 ** -0.197

*,**, and *** indicate 10%, 5%, and 1% significance level, respectively.

Second, as expected and in common with the existing literature we discovered that stock market 
indices, with some exceptions, are more volatile than bond market up to scale “d3”, indicating that 
investors in stock markets cope with higher risk compared to bond market participants. This finding 
is in line with the Kim and In (2007) for G7 countries except for Japan, Moya-Martínez et al. (2015) 
for Spanish stock indices and Dajcman (2015) for ten Eurozone countries.

In addition to wavelet variance, test findings of the wavelet correlations also are exhibited at the 
bottom panel in Figure 3. The main observation is that there exists negative association between 
changes in bond yields and stock returns regardless of the investment horizons and sectors. More-
over, the significance test results are reported in Table 3Table 3, in which the relationship is signifi-
cantly negative at contemporaneous for the raw return series and wavelet scales up to scale “d4”, with 
exceptions for “DL_XUHIZ” and “DL_XILTM” over [32-64) weeks.

Evidently the highest negatively sensitive indices to interest rate changes, not surprisingly, are 
from the financial group, i.e. “DL_XUMAL” (-0.4849), “DL_XBANK” (-0.4841), “DL_XU100” 
(-0.4837), “DL_XHOLD” (-0.4504), and “DL_XGMYO” (-0.427), while the lowest significantly 
sensitive, as expected, indices are “DL_XSPOR” (-0.2059), “DL_XILTM” (-0.2757), and “DL_XB-
LSM” (-0.2910), for contemporaneous correlations. Moreover, it can be seen that the most nega-
tively sensitive indices are the same over all wavelet scales. At scale “d1” they are “DL_XU100” 
(-0.445), “DL_XUMAL” (-0.440), and “DL_XBANK” (-0.438); at scale “d2” they are “DL_XU100” 
(-0.499), “DL_XBANK” (-0.494), and “DL_XUMAL” (-0.494); at scale “d3” they are “DL_XUMAL” 
(-0.492), “DL_XHOLD” (-0.485), and “DL_XU100” (-0.481); and at scale “d4” they are “DL_XU-
MAL” (-0.651), “DL_XHOLD” (-0.649), and “DL_XBANK” (-0.647). Evidently, negative correlation 
coefficients moderately increased absolute value at scale “d2”, remained the same at scale “d3”, while 
considerably increased at scale “d4” and again noticeably decreased at the coarsest scale “d5”. On the 
other hand, the minimum (-0.008) and maximum (-0.65) correlation coefficient are witnessed at 
scale “d4” for “DL_XUMAL” and scale “d5” for “DL_XFINK”. These findings suggest that the nega-
tive relationship between changes in interest rates and stock returns are mostly pronounced over the 
medium investment horizon corresponding to [16-32) weeks. The evidence of negative relationships 
presented here are corroborating the findings of Kim and In (2007) for G7 countries, Moya-Martínez 
et al. (2015) for Spanish stock indices and Dajcman (2015) for Eurozone countries.
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In order to shed light on the potential lagged impacts on the stock-bond relationship, Figure 4 
displays the results of the MODWT-based cross-correlation estimations at time t-τ and t-τ up to 24-
week time lags for the five time-scale levels. The black lines indicate wavelet correlation estimations 
while the green and red dashed lines represent the approximate upper and lower confidence intervals 
at 95% levels, respectively. Moreover, the left-hand side reveals causal association “DL_TR2YGB” ⇏ 
“DL_X” while the right-hand side shows the opposite association.

Evidently, there are insignificant relationships between underlying variables at the finest wave-
let scales. As wavelet scales increases, however, statistically significant linkages arise. Notably, the 
cross-correlation relationship is the same for “DL_XU100” and “DL_XUMAL” indices, suggesting 
that the financial indices are the main driver of the main stock index, “XU100”. In addition, the hi-
ghest and statistically significant negative correlations are obtained at zero lags for all return pairs. 
Not surprisingly, there also exist positive cross-correlations over scales since shifting one variable 
between two negatively correlated variables might generate positive movements. Stock returns and 
changes in bond rates move in the same direction about at 1, 2-3, 4-7 and 8-14 weeks over the first 4 
scales, “d1” to “d4”, namely, both variables positively leads each other up to the fourth scale. Conver-
sely, they move in the opposite direction roughly at first several lag intervals. The evidence of statis-
tically significant interdependence between bond and stock markets in Turkey presented here is bro-
adly in line with the results of Hamrita and Trifi (2011), Abdullah et al. (2014), and Moya-Martínez 
et al. (2015). Abdullah et al. (2014), for example, documents positive linkages between Kuala Lumpur 
Composite Index and short-term interest rates at scale levels 2 and 4, corresponding to 2-16 months, 
i.e. the short-term rate lead stock index in the long run. Similarly, the author (2014) finds insigni-
ficant linkage between long-term rates and stock index at wavelet scales “d1”, “d2”, and “d4”. Howe-
ver, they positively related at scale “d3”, namely stock index leads government bond rates over pe-
riod of 4-8 months. Furthermore, Hamrita and Trifi (2011) report statistically insignificant relation 
between interest rate and stock index at shortest wavelet scales in the US, however, it turns out to 
be significant at coarsest scales, namely they highlight a positive leading association in the long run. 
Moya-Martínez et al. (2015), on the other hand, find that the magnitude of the relationship increases 
with the scale levels. Likewise, the association is significant at both sides regardless of the sectors at 
the longer scales. Equivalently speaking, changes in 10-year bond rates leads industry returns while 
the opposite holds true as well. The reason behind these findings is that true dynamic of relationship 
is determined in the long term since the association is largely driven by sporadic events, shocks, psy-
chological factors, and changes in market sentiment in the short-term. The association, however, be-
comes stronger in the long-term since stock markets are influenced by macroeconomic factors. The-
refore, it is expected to have significant relationships and affect each other in the long term because 
they are close substitutes for investors.

Conclusions

In this paper, we aimed to reexamine the stock-bond relationship using weekly observati-
ons of government bond yields and industry returns over a sample period between April 1, 2005 
and December 30, 2016. In order to shed light on the true dynamics of relationship, we implement 
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frequency-based methodology, wavelets, since we believe that with standard econometric method 
one cannot dig out true dynamics of the bond-stock association. Implementing wavelet methodo-
logy, we offer a deeper understanding about this relationship by considering both the aggregate and 
industry level since, as noted by Müller et al. (1993), each component of markets has a different in-
vestment horizon and characteristic dealing frequency, and operate at multiple time-scales and re-
acts differently to the same information in the same market than other components. Besides, they 
have different degree of risk aversion, face with different transaction costs, and institutional constra-
ints. Since the memory of volatility of the whole market is comprised of each component’s volatility, 
a need arises to study their effects on overall market, and therefore, to present valuable information 
for their trading strategies, which is the main motivation of the paper.

Test findings of paper reveal that all weekly returns are close to zero. The average return of stock 
returns is positive while change in bond yields is negative, indicating a poor performance for bond 
market instruments. Over tested period, the most successful and unsuccessful indices in terms of we-
ekly average returns are the same: “DL_XSPOR”, “DL_XFINK”, and “DL_XELKT”. As expected and 
in common in existing literature, stock market (3.80%) is more volatile than bond market (3.39%). 
Not surprisingly, the most volatile variables are among the variables that have minimum and maxi-
mum average weekly returns: “DL_XULAS” (5.24%), “DL_XSPOR” (5.10%), “DL_XELKT” (4.90%), 
“DL_XBANK” (4.87%), and “DL_XTRZM” (4.80%). Notably, stock indices are, 17 out of 24, found 
to be more volatile than the aggregate stock market index. Moreover, stock indices have a left-skewed 
distribution while bond yields are positively skewed and their right tail is longer than the left tail. All 
variables, on the other hand, posses a leptokurtic behavior, have fat tails and peakedness. Thus, they 
do not follow normal distribution, which is in common for financial variables.

In order to analyze frequency-based behavior of variables, their stationary series are decompo-
sed by the “MODWT” with the Daubechies LA(8) wavelet filter. The optimal integer decomposi-
tion level is preferred as five although the achievable level is nine. The decomposition levels denote 
[2-4) weekly periods for “d1”, [4-8) for “d2”, [8-16) for “d3”, [16-32) for “d4”, [32-64) for “d5” detail, 
and [64≤) for “s5” smooth component. Our findings show that wavelet variances decline regardless 
of variables as scale level increases. The most energy of variables is captured by the finest scales. For 
example, the highest energy decompositions at scale “d1” are observed for “DL_XGIDA” (60.52%), 
“DL_XTCRT” (57.07%), and “DL_XILTM” (55.82%). The cumulative energy reaches up to 81.5% for 
“DL_XGIDA”, 80.4% for “DL_XILTM”, and 76.1% for “DL_XELKT”. Overall, at least 76% of volatili-
ties of all returns can be explained by short run dynamics, namely, the short run dominates the long 
run in terms of energy distribution. These findings indicate that short-term and long-term investors 
face intrinsically different dynamics that should be taken account for risk management. Market vola-
tilities driven by changes in market sentiments, psychological and technical factors in the short-term 
are less important for long-term investors because longer-term fundamental information set domi-
nates markets as investment horizon increases.

In order to study comovement and spillover transmission between bond and stock market, wa-
velet correlation and cross-correlations are estimated. As expected, there exist significantly negative 
relationships between changes in bond yields and industry returns over scales. As level increases, 
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the degree of correlation also increases. The highest correlations are observed for financial indices; 
for example, it is –0.446 for “DL_XU100”, –0.440 for “DL_XUMAL”, and –0.439 for “DL_XBANK” 
at scale “d1” while it rises to –0.638, –0.651, and –0.647 at scale “d4” for the same indices. These fin-
dings provide strong evidence that return comovement between bond and stock market is a multis-
cale phenomenon and the extent of relationship varies slightly across industries over scales. There-
fore, it can be said that all indices benefit from falling interest rate by decreasing cost of borrowing 
and increasing share prices and vice versa in Turkey. Furthermore, in line with existing theory and 
evidence, these results show that financial sector is the most sensitive to interest rate movements. On 
the other hand, cross-correlation estimations reveal significantly positive and negative bidirectional 
lead-lag relationships in the longer-time horizons. Thus, one can estimate current value of one vari-
able by using past value of another variable.

Overall, test results show that both instruments can be used as hedging tools since they are per-
fect substitutes for investors in the case of market turbulences. However, negative relationship does 
not allow investors to follow tactical asset allocation strategy. Besides, the strengthening inverse rela-
tionship provides a better portfolio diversification at higher time horizons. Short-term investors are 
advised to react to each variation in returns given that the highest portion of energy decomposition 
is concentrated on the short run and the finest wavelet scales are accepted to be related to speculative 
activities. The coarsest scales, on the other hand, are thought to be related to investment activity, the-
refore, long-term investors are advised to not respond to each movement in returns in the short time. 
Similarly, the policy-maker should take into account the correlation and causal relationships at dif-
ferent time horizons before implementing policy rate decisions and should be patient for their con-
sequences to secure the resiliency and durability of the financial system.
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Figure 4: Wavelet Cross-Correlation by Scale

Lag (Weeks)

-24 -12 0 12 24

d
1

-1

-0.5

0

0.5

1

d
2

-1

-0.5

0

0.5

1

d
3

-1

-0.5

0

0.5

1

d
4

-1

-0.5

0

0.5

1

XU100  GB

d
5

-1

-0.5

0

0.5

1
GB  XU100

Lag (Weeks)

-24 -12 0 12 24

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

XUmal  GB

-1

-0.5

0

0.5

1
GB  XUmal

Lag (Weeks)

-24 -12 0 12 24

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

XUsin  GB

-1

-0.5

0

0.5

1
GB  XUsin

Lag (Weeks)

-24 -12 0 12 24

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

XUhiz  GB

-1

-0.5

0

0.5

1
GB  XUhiz

Lag (Weeks)

-24 -12 0 12 24

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

-1

-0.5

0

0.5

1

XUtek  GB

-1

-0.5

0

0.5

1
GB  XUtek



Finansal Araştırmalar ve Çalışmalar Dergisi • Cilt: 12 • Sayı: 23 • Temmuz 2020 ss. 459-494

489

References
ABDULLAH, Ahmad M., SAITI, Buerhan, and MASIH, Abul M. M. (2014). Causality between stock market in-

dex and macroeconomic variables: a case study for Malaysia. Munich Personal RePEc Archive, Paper No. 
56987. Available at https://mpra.ub.uni-muenchen.de/56987/1/MPRA_paper_56987.pdf

ABUGRI, Benjamin. A. (2008). Empirical relationship between macroeconomic volatility and stock returns: 
Evidence from Latin American markets. International Review of Financial Analysis, 17(2): 396-410.

ACHARD, Sophie. (2012). R-Package Brainwaver: Basic wavelet analysis of multivariate time series with a visu-
alisation and parametrisation using graph theory. R Package Version, 1.6.

ANDERSSON, Magnus, KRYLOVA, Elizaveta, and VÄHÄMAA, Sami. (2008). Why does the correlation 
between stock and bond returns vary over time?. Journal of Applied Financial Economics, 18(2): 139-151.

ANDRIEȘ, Alin M., IHNATOV, Iulian, and TIWARI, Aviral. K. (2014). Analyzing time–frequency relations-
hip between interest rate, stock price and exchange rate through continuous wavelet. Economic Model-
ling, (41): 227-238.

APERGIS, Nicholas and ELEFTHERIOU, Sophia. (2002). Interest rates, inflation, and stock prices: the case of 
the Athens Stock Exchange. Journal of Policy Modeling, 24(3): 231-236.

ASGHARIAN, Hossein, CHRISTIANSEN, Charlotte, and HOU, Ai J. (2015). Macro-finance determinants of 
the long run stock–bond correlation: The DCC-MIDAS specification. Journal of Financial Economet-
rics, 14(3): 617-642.

BAE, Sung C. (1990). Interest rate changes and common stock returns of financial institutions: Revisited. Jour-
nal of Financial Research, 13(1): 71-79.

BAELE, Lieven, BEKAERT, Geert, and INGHELBRECHT, Koen. (2010). The determinants of stock and bond 
return comovements. The Review of Financial Studies, 23(6): 2374-2428.

BARAKAT, Mahmoud. R., ELGAZZAR, Sara H., and HANAFY, Khaled M. (2015). Impact of macroeconomic 
variables on stock markets: Evidence from emerging markets. International Journal of Economics and 
Finance, 8(1): 195.

BARSKY, Robert B. (1989). Why don’t the prices of stocks and bonds move together? American Economy Re-
view, (79): 1132–1145.

BAUR, Dirk G., and LUCEY, Brian M. (2009). Flights and contagion – An empirical analysis of stock – bond 
correlations. Journal of Financial Stability, 5(4): 339-352.

BAYRACI, Selcuk, DEMIRALAY, Sercan, and GENCER, Hatice G. (2018). Stock-bond co-movements and fli-
ght-to-quality in G7 countries: a time-frequency analysis. Bulletin of Economic Research, 70(1).

BOHL, Martin T., SIKLOS, Pierre L., and WERNER, Thomas. (2003). Did the Bundesbank react to stock price 
movements?. Dt. Bundesbank.

BREITUNG, Jörg and CANDELON, Bertrand. (2006). Testing for short-and long run causality: A frequen-
cy-domain approach. Journal of Econometrics, 132(2): 363-378.

CAMPBELL, John Y. and AMMER, John. (1993). What moves the stock and bond markets? A variance decom-
position for long-term asset returns. The Journal of Finance, 48(1): 3–37.

CAMPBELL, John Y. (1987). Stock returns and the term structure. Journal of Financial Economics, 18(2): 373-
399.

CENEDESE, Gino and MALLUCCI, Enrico. (2016). What moves international stock and bond markets?. Jour-
nal of International Money and Finance, 60, 94-113.

CHEN, Carl R., MOHAN, Nancy J., and STEINER, Thomas L. (1999). Discount rate changes, stock market re-
turns, volatility, and trading volume: Evidence from intraday data and implications for market effi-
ciency. Journal of Banking & Finance, 23(6): 897-924.



Remzi GÖK • Erhan ÇANKAL

490

CHRISTIE, Andrew A. (1982). The stochastic behavior of common stock variances: value, leverage and interest 
rate effects. Journal of Financial Economics, 10(4): 407-432.

ÇIFTER, Atilla and ÖZÜN, Alper. (2007). Multiscale systematic risk: an application on ISE-30. Munich Perso-
nal RePEc Archive, Paper No. 4288, available at https://mpra.ub.uni-muenchen.de/4288/1/MPRA_pa-
per_4288.pdf

CONNOLLY, Robert, STIVERS, Chris, and Sun, Licheng. (2005). Stock market uncertainty and the stock-bond 
return relation. Journal of Financial and Quantitative Analysis, 40(1): 161-194.

CROWLEY, Patrick M. (2007). A Guide to Wavelets for Economists. Journal of Economic Surveys, 21(2): 207-
267.

DAJCMAN, Silvo. (2012). Comovement between stock and bond markets and the “flight-to-quality” during fi-
nancial market turmoil–a case of the Eurozone countries most affected by the sovereign debt crisis of 
2010–2011. Applied Economics Letters, 19(17): 1655-1662.

DAJCMAN, Silvo. (2013). Interdependence between some major European stock markets – a wavelet lead/lag 
analysis. Prague Economic Papers, 22(1): 28-49.

DAJCMAN, Silvo. (2015). An empirical investigation of the nexus between sovereign bond yields and stock 
market returns – a multiscale approach. Engineering Economics, 26(2): 108-117.

DAUBECHIES, Ingrid. (1992). Ten lectures on wavelets. Philadelphia: Society for Industrial and Applied Mathe-
matics, 61, 198-202.

DICKEY, David A. and FULLER, Wayne A. (1979). Distribution of the estimators for autoregressive time series 
with a unit root. Journal of the American Statistical Association, 74(366a): 427-431.

DIMIC, Nebojsa, KIVIAHO, Jarno, PILJAK, V., and ÄIJÖ, Janne. (2016). Impact of financial market uncerta-
inty and macroeconomic factors on stock–bond correlation in emerging markets. Research in Internati-
onal Business and Finance, (36): 41-51.

DINENIS, Elias and STAIKOURAS, Sotiris K. (1998). Interest rate changes and common stock returns of finan-
cial institutions: evidence from the UK. The European Journal of Finance, 4(2): 113-127.,

DURAN, Murat, ÖZLÜ, Pınar, and ÜNALMIS, Deren. (2010). TCMB faiz kararlarinin hisse senedi piyasalari 
üzerine etkisi. Central Bank Review, 10(2): 23.

EKINCI, Ramazan, CEYLAN, Fatih, TÜZÜN, Osman, and KAHYAOĞLU, Hakan. (2016). TCMB ağırlıklı or-
talama fonlama maliyetinin BİST100 üzerindeki etkisi. Journal of Yaşar University, 11(44): 263-277.

ELYASIANI, Elyas and MANSUR, Iqbal. (1998). Sensitivity of the bank stock returns distribution to changes in 
the level and volatility of interest rate: A GARCH-M model. Journal of Banking & Finance, 22(5): 535-
563.

ERDEM, Cumhur, ARSLAN, Cem K., and ERDEM, Sema M. (2005). Effects of macroeconomic variables on Is-
tanbul stock exchange indexes. Applied Financial Economics, 15(14): 987-994.

FAMA, Eugene. F., and FRENCH, Kenneth R. (1989). Business conditions and expected returns on stocks and 
bonds. Journal of Financial Economics, 25(1): 23-49.

FERNANDEZ, Viviana. (2005). Time-scale decomposition of price transmission in international markets. Emer-
ging Markets Finance and Trade, 41(4): 57-90.

FERRER, Roman, BOLÓS, Vicente J., and BENÍTEZ, Rafael. (2016). Interest rate changes and stock returns: A 
European multi-country study with wavelets. International Review of Economics and Finance, 44, 1-12.

FERRER, Roman, GONZÁLEZ, Cristobal, and SOTO, Gloria M. (2010). Linear and nonlinear interest rate 
exposure in Spain. Managerial Finance, 36(5): 431-451.

FLANNERY, Mark J., and JAMES, Christopher M. (1984). The effect of interest rate changes on the common 
stock returns of financial institutions. The Journal of Finance, 39(4): 1141-1153.



Finansal Araştırmalar ve Çalışmalar Dergisi • Cilt: 12 • Sayı: 23 • Temmuz 2020 ss. 459-494

491

FLEMING, Jeff, KIRBY, Chris, and OSTDIEK, Barbara. (1998). Information and volatility linkages in the stock, 
bond, and money markets. Journal of Financial Economics, (49): 11137.

GALLEGATI, Marco. (2008). Wavelet analysis of stock returns and aggregate economic activity. Computational 
Statistics and Data Analysis, 52(6): 3061-3074.

GALLEGATI, Marco, and RAMSEY, James B. (2013). Structural change and phase variation: A re-examination 
of the q-model using wavelet exploratory analysis. Structural Change and Economic Dynamics, 25, 60-
73.

GALLEGATI, Marco, GALLEGATI, Marco, RAMSEY, James B., and SEMMLER, Willi. (2017). Long waves in 
prices: new evidence from wavelet analysis. Cliometrica, 11(1): 127-151.

GENCAY, Ramazan, SELÇUK, Faruk, and WHITCHER, Brandon J. (2002). An introduction to wavelets and ot-
her filtering methods in finance and economics. Academic Press.

GJERDE, Øystein and SÆTTEM, Frode. (1999). Causal relations among stock returns and macroeconomic va-
riables in a small, open economy. Journal of International Finance Markets Institutions and Money, 9, 
61–74.

GONZÁLEZ, Maria D. L. O., JAREÑO, Francisco, and SKINNER, Frank S. (2017). The financial crisis impact: 
an industry level analysis of the US stock market. Applied Econometrics and International Development, 
17(2): 61-74.

GRAPS, Amara. (1995). An introduction to wavelets. IEEE Computational Science and Engineering, 2(2): 50-61.
GULKO, Les. (2002). Decoupling. The Journal of Portfolio Management, 28(3): 59-66.
HAMRITA, Mohamed E., and TRIFI, Abdelkader. (2011). The relationship between interest rate, exchange rate 

and stock price: A wavelet analysis. International Journal of Economics and Financial Issues, 1(4): 220-
228.

HARRISON, Paul, and ZHANG, Harold H. (1999). An investigation of the risk and return relation at long hori-
zons. The Review of Economics and Statistics, 81(3): 399-408.

ILMANEN, Antti. (2003). Stock-bond correlations. The Journal of Fixed Income, 13(2): 55-66.
IN, Francis and KIM, Sangbae. (2012). An introduction to wavelet theory in finance: a wavelet multiscale ap-

proach. World Scientific.
ISMAIL, Rizwan, PERVAZ, Asghar, AHMED, Ayaz, and IQBAL, Raees. (2016). Macroeconomic factors and 

the Pakistani equity market: a relationship analysis. International Journal of Innovation and Applied Stu-
dies, 15(1): 122.

JAMMAZI, Rania, TIWARI, Aviral K., FERRER, Roman, and MOYA, Pablo. (2015). Time-varying dependence 
between stock and government bond returns: International evidence with dynamic copulas. The North 
American Journal of Economics and Finance, 33, 74-93.

JAREÑO, Francisco. (2008). Spanish stock market sensitivity to real interest and inflation rates: an extension 
of the Stone two-factor model with factors of the Fama and French three-factor model. Applied Econo-
mics, 40(24): 3159-3171.

JAWAID, Syed T. and HAQ, Anwar U. (2012). Effects of interest rate, exchange rate and their volatilities on stock 
prices: Evidence from banking industry of Pakistan. Theoretical and Applied Economics, 19(8).

JOHNSON, Nicholas, NAIK, Vasant, PEDERSEN, Niels, and SAPRA, Steve. (2013). The stock-bond correla-
tion. PIMCO, Quantitative Research (November): 1-12.

JOSEPH, Nathan L. (2002). Modeling the impacts of interest rate and exchange rate changes on UK stock re-
turns. Derivatives Use, Trading and Regulation 7(4): 306-323.



Remzi GÖK • Erhan ÇANKAL

492

KASMAN, Saadet, VARDAR, Gülin, and TUNÇ, Gökçe. (2011). The impact of interest rate and exchange rate 
volatility on banks’ stock returns and volatility: Evidence from Turkey. Economic Modelling, 28(3): 1328-
1334.

KIM, Sangbae and IN, Francis. (2007). On the relationship between changes in stock prices and bond yields in 
the G7 countries: Wavelet analysis. Journal of International Financial Markets, Institutions and Money, 
17(2): 167-179.

KONTONIKAS, Alexandros, MACDONALD, Ronald, and SAGGU, Aman. (2013). Stock market reaction to 
Fed funds rate surprises: State dependence and the financial crisis. Journal of Banking & Finance, 37(11): 
4025-4037.

KORKEAMÄKI, Timo. (2011). Interest rate sensitivity of the European stock markets before and after the euro 
introduction. Journal of International Financial Markets, Institutions and Money, 21(5): 811-831.

KWIATKOWSKI, Denis, PHILLIPS, Peter C. B., SCHMIDT, Peter, and SHIN, Yongcheol. (1992). Testing the 
null hypothesis of stationarity against the alternative of a unit root: How sure are we that economic time 
series have a unit root?. Journal of Econometrics, 54(1-3): 159-178.

LEE, Hahn S. (2004). Price and volatility spillovers in stock markets: A wavelet analysis. Applied Economic Let-
ters, 11(3): 197-201.

LI, Lingheng. (2002). Macroeconomic factors and the correlation of stock and bond returns. Yale ICF Working 
Paper No. 02-46, available at SSRN: https://ssrn.com/abstract=363641

LINDSAY, Ronald W., PERCIVAL, Donald B., and ROTHROCK, Andrew. (1996). The discrete wavelet trans-
form and the scale analysis of the surface properties of sea ice. IEEE Transactions on Geoscience and Re-
mote Sensing, 34(3): 771-787.

LIU, Hsiang H. and CHEN, Sheng-Hung. (2016). Nonlinear relationships and volatility spillovers among house 
prices, interest rates and stock market prices. International Journal of Strategic Property Management, 
20(4): 371-383.

LIU, Ming-Hua and SHRESTHA, Keshab M. (2008). Analysis of the long-term relationship between macro-e-
conomic variables and the Chinese stock market using heteroscedastic cointegration. Managerial Fi-
nance, 34(11): 744-755.

MALLAT, Stephane G. (1989). A theory for multiresolution signal decomposition: the wavelet representation. 
IEEE Transactions on Pattern Analysis & Machine Intelligence, 11(7): 674-693.

MASSET, Philippe. (2008). Analysis of financial time-series using Fourier and wavelet methods. University of 
Fribourg (Switzerland), Faculty of Economics and Social Science.

MAYSAMI, Ramin C. and Koh, Tiong S. (2000). A vector error correction model of the Singapore stock mar-
ket. International Review of Economics and Finance, 9(1): 79-96.

MOYA-MARTÍNEZ, Pablo, FERRER-LAPEÑA, Roman, and ESCRIBANO-SOTOS, Francisco. (2015). Interest 
rate changes and stock returns in Spain: A wavelet analysis. BRQ Business Research Quarterly, 18(2): 95-
110.

MÜLLER, U. A., DACOROGNA, Michel M., DAVÉ, R. D., PICTET, O. V., OLSEN, Richard B., and WARD, J. R. 
(1993). Fractals and intrinsic time: A challenge to econometricians. Working Paper. Research Institute 
for Applied Economics, Zürich: Olsen & Associates.

OERTMANN, Peter, RENDU, Christel, and ZIMMERMANN, Heinz. (2000). Interest rate risk of European fi-
nancial corporations. European Financial Management, 6(4): 459-478.

ÖZER, Mustafa and KAMISLI, Melik. (2015). Frequency domain causality analysis of interactions between fi-
nancial markets of Turkey. International Business Research, 9(1): 176. DOI: https://doi.org/10.5539/ibr.
v9n1p176



Finansal Araştırmalar ve Çalışmalar Dergisi • Cilt: 12 • Sayı: 23 • Temmuz 2020 ss. 459-494

493

PERCIVAL, Donald. P., and Walden, Andrew. T. (2000). Wavelet methods for time series analysis (Volume 4). 
Cambridge University Press.

PERCIVAL, Donald. P. (1995). On estimation of the wavelet variance. Biometrika, 82(3): 619-631.
PETERS, Edgar E. (1994). Fractal market analysis: applying chaos theory to investment and economics (24th 

Edition). New York: John Wiley & Sons.
PHILLIPS, Peter C., and PERRON, Pierre. (1988). Testing for a unit root in time series regression. Biometrika, 

75(2): 335-346.
R Development Core Team, (2006). R: A language and environment for statistical computing. R Foundation for 

Statistical Computing, Vienna, Austria, ISBN 3-900051-07-0. (http://www.R-project.org)
RAMSEY, James. B. (2014). Functional representation, approximation, bases and wavelets. In Wavelet Applicati-

ons in Economics and Finance (1-20). New York: Springer International Publishing.
RANKIN, Ewan and IDIL, Mumamed. S. (2014). A century of stock-bond correlations. RBA Bulletin, 67-74. 

Available at http://www.rba.gov.au/publications/bulletin/2014/sep/pdf/bu-0914-8.pdf
SANCAR, Canan, UĞUR, Ahmet, AKBAŞ, Yusuf E. (2017). Hisse senedi fiyat endeksi ile makroekonomik de-

ğişkenler arasındaki ilişkinin analizi: Türkiye Örneği. International Journal of Social Sciences and Edu-
cation Research, 3(5): 1774-1786.

SAPOROSCHENKO, Andrew. (2002). The sensitivity of Japanese bank stock returns to economic factors: An 
examination of asset/liability differences and main bank status. Global Finance Journal, 13(2): 253-270.

SAYILGAN, Güven and SÜSLÜ, Cemil. (2011). Makroekonomik faktörlerin hisse senedi getirilerine etkisi: Tür-
kiye ve gelişmekte olan piyasalar üzerine bir inceleme. Journal of BRSA Banking & Financial Markets, 
5(1): 73-96.

SCHLEICHER, Christoph. (2002). An introduction to wavelets for economists. Working Paper 2002–3, Bank of 
Canada, Ottawa, Canada, 1-33.

SCHWERT, William. (1989). Why does stock market volatility change over time? The Journal of Finance, 44, 
1115–1153.

SENSOY, Ahmet and SOBACI, Cihat. (2014). Effects of volatility shocks on the dynamic linkages between ex-
change rate, interest rate and the stock market: The case of Turkey. Economic Modelling, 43, 448-457.

SHILLER, Robert J. and BELTRATTI, Andrea. E. (1992). Stock prices and bond yields: Can their comovements 
be explained in terms of present value models?. Journal of Monetary Economics, 30(1): 25-46.

SOMAN, K. P., RAMACHANDRAN, K. I., and RESMI , N.G. (2010). Insight into wavelets: from theory to pra-
ctice (3rd Edition). India: PHI Learning Pvt. Ltd.

STIVERS, Chris T., and SUN, Licheng. (2002). Stock market uncertainty and the relation between stock and 
bond returns (No. 2002-3). Federal Reserve Bank of Atlanta.

THORBECKE, Willem. (1997). On stock market returns and monetary policy. The Journal of Finance, 52(2): 
635-654.

TITMAN, Sheridan and WARGA, Arthur. (1989). Stock returns as predictors of interest rates and inflation. Jour-
nal of Financial and Quantitative Analysis, 24(1): 47-58.

TIWARI, Aviral K. (2012). Decomposing time-frequency relationship between interest rates and share prices 
in India through wavelets. Munich Personal RePEc Archive, Paper No. 2692, available at http://www.
iei1946.it/RePEc/ccg/TIWARI%20515_531.pdf

UDEGBUNAM, Raphael I., and OAIKHENAN, Hassan E. (2012). Interest rate risk of stock prices in Nigeria: 
empirical test of the duration and convexity model. Journal of Emerging Market Finance, 11(1): 93-113.

UYAR, Umut, UYAR, Sinem K., and GÖKÇE, Altan. (2016). Gösterge faiz oranı dalgalanmaları ve BIST endeks-
leri arasındaki ilişkinin eşanlı kantil regresyon ile analizi. Ege Akademik Bakış, 16(4): 587-598.



Remzi GÖK • Erhan ÇANKAL

494

WHITCHER, Brandon. J. (2005). Waveslim: Basic wavelet routines for one-, two-and three-dimensional signal 
processing. R Package Version, 1(3).

WHITCHER, Brandon., GUTTORP, Peter, and PERCIVAL, Donald B. (2000). Wavelet analysis of covari-
ance with application to atmospheric time series. Journal of Geophysical Research: Atmospheres (1984–
2012): 105(D11), 14941-14962.


	_Empirical_Results
	Tabl_WaveCorr
	_Conclusions
	Ref_Monir_2014
	Ref_Abugri_2008
	Ref_Achard_2012
	Ref_Andersson_2008
	Ref_Andrieș_2014
	Ref_Apergis_2002
	Ref_Asgharian_2015
	Ref_Bae_1990
	Ref_Baele_2010
	Ref_Barakatetal_2015
	Ref_Barsky_1989
	Ref_Baur_2009
	Ref_Bayraci_2018
	Ref_Bohletal_2003
	Ref_Breitung_2006
	Ref_CampbellAmmer_1993
	Ref_Campbell_1987
	Ref_Cenedese_2016
	Ref_Chenetal_1999
	Ref_Christie_1982
	Ref_Cifter_2007b
	Ref_Connolly_2005
	Ref_Crowley_2007
	Ref_Dajcman_2012
	Ref_Dajcman_2013
	Ref_Dajcman_2015
	Ref_Daubechies_1992
	Ref_Dickey_1979
	Ref_Dimicetal_2016
	Ref_Dinenis_1998
	Ref_Duran_2010
	Ref_Ekincietal_2016
	Ref_Elyasiani_1998
	Ref_FamaFrench_1989
	Ref_Fernandez_2005
	Ref_Ferrer_2016
	Ref_Ferrer_2010
	Ref_FlanneryJames_1984
	Ref_Flemingetal_1998
	Ref_Gallegati_2008
	Ref_GallegatiRamsey_2013
	Ref_Gallegatietal_2017
	Ref_Gencay_2001a
	Ref_Gencay_2002
	Ref_Gjerde_1999
	Ref_González_2017
	Ref_Graps_1995
	Ref_Gulko_2002
	Ref_Hamrita_2011
	Ref_Harrison_1999
	Ref_Ilmanen_2003
	Ref_In_2012
	Ref_Ismail_2016
	Ref_Jammazietal_2015
	Ref_Jareno_2008
	Ref_Jawaid_2012
	Ref_Johnson_2013
	Ref_Joseph_2002
	Ref_Kasman_2011
	Ref_KimIn_2007
	Ref_Kontonikas_2013
	Ref_Korkeamäki_2007
	Ref_KPSS_1992
	Ref_Lee_2004
	Ref_Li_2002
	Ref_Lindsay_1996
	Ref_Liu_Chen_2016
	Ref_LiuShrestha_2008
	Ref_Mallat_1989a
	Ref_Masset_2008
	Ref_MaysamiKoh_2000
	Ref_Moya_Martínez_2015
	Ref_Mülleretal_1993
	Ref_Oertmann_2000
	Özer_Kamışlı_2005
	Kay_PercivalW_2000
	Ref_Percival_1995
	Ref_Peters_1994
	Ref_Phillips_1988
	Ref_RWave_2006
	Ref_Ramsey_2014
	Ref_Rankin_2014
	Kay_Sancar_2017
	Ref_Saporoschenko_2002
	Ref_Sayilgan_2011
	Ref_Schleicher_2002
	Ref_Schwert_1989b
	Ref_SensoySobaci_2014
	Ref_Shiller_1992
	Ref_Soman_2010
	Ref_StiversSun_2002
	Ref_Thorbecke_1997
	Ref_TitmanWarga_1989
	Ref_Tiwari_2012
	Ref_UdegbunamOaik_2012
	Ref_Uyar_2016
	Ref_WhitcherWaveslim_2005
	Ref_Whitcheretal_2000

