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1 Introduction 

Does growth volatility affect income/wealth inequality? Ramey and Ramey (1995) examine 

the relationship between output growth and its volatility. They find an inverse relationship 

between output volatility and the output growth rate. Their results raise the question of whether 

volatility also affects other macroeconomic variables. Hausmann and Gavin (1996) investigate 

the relationship between volatility and inequality, finding adverse effects of income volatility 

on the distribution of income. How does volatility affect the inequality?  

Theory suggests several channels to explain how growth volatility affects the 

distribution of income. Volatility can affect the income distribution as individuals possess 

different levels of risk tolerance and the channels of influence on inequality relate to risk. First, 

entrepreneurs exhibit higher levels of risk tolerance than salary earners. Also, bearing risk 

enables entrepreneurs to capture the resulting higher risk premium that contributes to their 

income and wealth. Caroli and García-Peñalosa (2002), focusing on this wage channel, 

consider an economy where random shocks affect output and, in turn, wages fluctuate. They 

argue that the share of output captured by entrepreneurs becomes larger the more volatile the 

output because salaried workers will take a decreased salary to get a constant wage. 

Second, Checchi and García-Peñalosa (2004), considering the human capital channel, 

examine the effects of wage volatility on wage differentials between low and high skilled 

workers. They find that high wage volatility causes a high degree of educational inequality and, 

as a result, income inequality rises. 

Third, volatility makes economic growth less favourable to the poor. Low-income 

groups do not experience good access to financial and credit markets. These market 

imperfections can influence occupational outcomes of low-income individuals. Also, they 

depend more on state grants and social services (Jeanneney and Kpodar 2011). The poor 

receive less diversified sources of income, possess inferior qualifications, and exhibit less 
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mobility than the rich (Galor and Zeira, 1993; Agénor, 2004; Laursen and Mahajan, 2005; 

Corak et al., 2014). 

How can we explain the divergence in the patterns of output volatility and income 

inequality that the data support? Eksi (2017) shows that an increase in the time-series variance 

of micro income shocks lead to increases in both output and income inequality. Moreover, a 

decrease in the cross-sectional correlation of these shocks across individuals leads to a decrease 

in output volatility, but to an increase in income inequality. In other words, one variable is an 

increasing function of the correlation parameter, while the other is a decreasing function of it. 

Eksi (2017) argues that the simultaneity of the changes in output volatility and income 

inequality during the Great Moderation period is not a coincidence, but reflects the fact that the 

variables depend on the same parameters of the underlying income microdata. 

Many empirical studies find that higher volatility associates with higher income 

inequality. Hausmann and Gavin (1996) find that Latin American countries display higher 

income inequality and much more volatile economic growth rates. Laursen and Mahajan (2005) 

find that output volatility negatively influences the equality of the income distribution of the 

bottom 20% income group. With the cross-sectional data of the Gini coefficient and the income 

share of the top quintile of developing and developed countries, Breen and García-Peñalosa 

(2005) show that higher growth volatility links to higher income inequality.  

Numerous empirical studies exist that use panel data. Using a panel data set of 70 

countries from 1960 to 2002, Konya and Mouratidis (2006) find that volatility affects 

inequality, but that inequality does not exert a direct effect on volatility. They also find that 

low growth volatility reduces inequality, whereas high growth volatility leads to more unequal 

income distribution. In other words, growth volatility reduces inequality in countries with low 

volatility, while it increases income inequality in countries with high volatility. Calderón and 

Yeyati (2009) use a panel data set of 75 countries over 1970-2005 and also find that output 
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volatility increases income inequality, especially with extremely high volatility, such as 

macroeconomic crises. They conclude that volatility increases the income share of the highest 

quintiles at the expense of the middle 40%. Using annual data from the 48 U.S. states over 

1945-2004, Huang et al. (2015) find robust results that larger growth volatility positively and 

significantly associates with higher income inequality. Chauvet et al. (2017) also examine the 

relationship between income volatility and inequality, considering aid and remittances. The 

authors employ a panel of 142 countries over 1973-2012 and find that volatility increases 

inequality, where lower income groups are most exposed to the volatility. They also find robust 

evidence suggesting that aid helps to reduce the negative effects of volatility on the distribution 

of income. 

The effect of output volatility on inequality is well-documented in the literature and 

most of the studies find that volatility produces an unfavourable effect on the distribution of 

income. Studies also suggest, however, a possibility of income inequality intensifying 

macroeconomic volatility. Alesina and Perotti (1996) argue that income inequality exerts an 

indirect effect on macroeconomic volatility via increased political instability. Aghion, et al. 

(1997) and Aghion, et al. (1999) argue that inequality in the form of unequal access to 

investment opportunities combined with a high level of capital market imperfection may 

generate persistent credit cycles, resulting in output and investment volatility. Levy (2002) uses 

an AS-AD model and theoretically shows income inequality may influence macro-economic 

variables by affecting the money multiplier and the trade-off between inflation and output.  

One study considers the short- and long-run effects of income volatility on inequality. 

Bahmani-Oskooee and Motavallizadeh-Ardakani (2018) employ linear and nonlinear ARDL 

approaches on annual U.S. state panel data from 1945 to 2013 and discover short-run 

asymmetric effects of income volatility on a measure of inequality in many states. The short-

run effects translate to long-run asymmetric effects, however, in nineteen states. Only one state, 
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South Dakota, shows long-run symmetric effect wherein increased volatility worsens 

inequality and decreased volatility improves it. The authors also find that both increased 

volatility and decreased volatility can create unequalizing effects on income distribution in only 

Indiana, Michigan and Wyoming and conclude overall that, in the United States, reducing 

income or output volatility will not help to reduce income inequality.  

Given the conclusions in the existing literature, our paper provides three main 

contributions. First, we extend the existing literature on the effects of income and wealth 

inequality on output volatility, combining time-series and frequency-domain analyses. Wavelet 

analysis allows us to examine the time-frequency historical effects of volatility on U.S. income 

and wealth inequality. Using wavelet coherency, we can assess the role of income and wealth 

inequality on growth volatility dynamics at different frequencies and specific moments in time. 

At the same time, we can indicate the direction of the causality between inequality and volatility 

at different moments in time. The time- and frequency-varying relationships can provide 

significant implications for macroeconomic policymakers. The time-varying relationships 

indicate that the variables influence each other differently at different points in the business 

cycle (Li et al. 2015). Frequency-varying relationships reveal short- versus long-term linkages 

between two variables. In addition, unlike standard tests of Granger causality that require pre-

testing for unit roots and cointegration, wavelet analysis provides robust evidence in favour of 

or against causal relationships between variables under consideration without accounting for 

issues associated with stationary or non-stationary data and the existence or non-existence of 

long-run relationships. In other words, we can work with the raw data and do not need to 

transform the data, which, in turn, often tends to change the definition of the original variables 

for which we are trying to detect causal relationships.    

Second, in contrast to the bulk of the literature that uses output volatility defined as the 

standard deviation of the rate of output growth, we use the realized volatility calculated by 
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taking the sum over the squared quarterly GNP growth rates. Realized volatility is a 

nonparametric, ex-post estimate of the return (growth) variation and it provides empirical 

content to the latent variance variable (Andersen and Teräsvirta 2009). Therefore, this approach 

proves useful for specification testing of the restrictions imposed on volatility by parametric 

models previously estimated with low-frequency data. Further, realized volatility measures 

facilitate direct estimation of parametric models.1 

Finally, we not only examine the aggregate growth volatility but also investigate the 

volatility related to positive growth (i.e. good volatility) and the volatility connected to negative 

growth (i.e. bad volatility), which allows deeper examination on the different aspects of 

volatilities. 

Our results show that co-movements between volatility and inequality appear in the 

short- and long-run and that the direction of causality evolves with time and frequency. The 

rest of the paper is organized as follows. Section 2 presents the methodology. Sections 3 and 4 

present the data and the empirical results, respectively. Section 5 concludes the paper. 

2 Methodology: Wavelet Coherency and Phase Difference 

Wavelet analysis allows the extraction of time- and frequency-localized information, which 

permits deeper investigation of the causality between variables (Roueff and Sachs 2011). 

Economic processes emerge as outcomes of the actions of numerous agents at different 

frequencies, which implies that a macroeconomic time series incorporates information that 

operates at different time domains. Wavelet analysis separates the time series into several sub-

series, which may associate with a particular time domain and which narrows the focus to 

provide fruitful insights on economic phenomena (Ramsey and Zhang 1996, 1997). Moreover, 

we can apply wavelet analysis to non-stationary and locally stationary as well as series with 

structural breaks (Roueff and Sachs 2011).  

                                                           
1 Please see Andersen and Teräsvirta, 2009 for detailed discussion on realized volatility 
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Hudgins et al. (1993) and Torrence and Compo (1998) develop methodologies of the 

cross-wavelet power, the cross-wavelet coherency, and the phase difference. Wavelet analysis 

closely links to Fourier analysis; but, it possesses certain advantages. Wavelet analysis 

conserves information in both time and frequency domains by conducting the estimation of 

spectral characteristics of a time series as a function of time (Aguiar-Conraria et al. 2008). 

Also, wavelet analysis applies to non-stationary or locally stationary series (Roueff and Sachs 

2011). Wavelet coherency involves a three-dimensional analysis, which counts the time and 

frequency elements at the same time as well as the strength of the correlation between the time-

series elements (Loh 2013). Thus, we can observe both the time- and frequency-variations of 

the correlation between two series in a time-frequency domain. When the frequency 

components exhibit non-stationarity, the traditional approach may miss such frequency 

components. Wavelet analysis provides the time- and frequency-localized information with 

structural breaks. Thus, we can avoid the need to assume stationarity (Fan and Gençay 2010).  

As a result, wavelet coherency delivers a better measure of the co-movement between 

variables, U.S. income and wealth inequality and output volatility, in comparison to 

conventional causality and correlation analysis. Following the approach of Li et al. (2015), we 

estimate wavelet coherency by using the cross-wavelet and auto-wavelet power spectrums as 

follow: 

𝑅𝑅𝑥𝑥𝑥𝑥2 (𝜏𝜏, 𝑠𝑠) =  |𝑆𝑆(𝑠𝑠−1𝑊𝑊𝑥𝑥𝑥𝑥(𝜏𝜏,𝑠𝑠))|2

𝑆𝑆(𝑠𝑠−1|𝑊𝑊𝑥𝑥(𝜏𝜏,𝑠𝑠)|2)𝑆𝑆(𝑠𝑠−1|𝑊𝑊𝑦𝑦(𝜏𝜏,𝑥𝑥)|2
 , 

where complex argument arg 𝑊𝑊𝑥𝑥𝑥𝑥(𝜏𝜏, 𝑠𝑠)  is the local relative phase between 𝑥𝑥𝑡𝑡  and 𝑦𝑦𝑡𝑡 , 

|𝑊𝑊𝑥𝑥(𝜏𝜏, 𝑠𝑠)|2 represents the wavelet power, arg𝑊𝑊𝑥𝑥(𝜏𝜏, 𝑠𝑠)  is local phase, and S represents a 

smoothing operator.2 The ratio of the cross-wavelet spectrum to the product of the spectrum of 

                                                           
2 Without smoothing, the squared wavelet coherency is always equal to 1 at any frequency and time. Torrence and 
Compo (1998) show that smoothing in time or frequency increases the degrees of freedom of each point and 
increases the confidence of the wavelet spectrum. 



8 
 

each series equals the local correlation of the two series. This formula gives a quantity between 

0 and 1 in a time-frequency window. Zero coherency indicates that no co-movement occurs 

between the volatility, and the income and wealth inequality measures, while the highest 

coherency implies the strongest co-movement between the two series. On the wavelet 

coherency plots, red and blue colours correspond to strong and weak co-movements, 

respectively. 

As the wavelet coherency is squared, we cannot easily distinguish between positive and 

negative co-movements. Rather, we use the phase difference to provide information on positive 

and negative co-movements as well as the lead-lag relationships between the two series.3 

Bloomfield et al. (2004) characterize the phase difference relationship between 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡) 

such that: 

𝜙𝜙𝑥𝑥𝑥𝑥 = 𝑡𝑡𝑡𝑡𝑡𝑡−1 �
ℐ�𝑆𝑆�𝑠𝑠−1𝑊𝑊𝑥𝑥𝑥𝑥(𝜏𝜏,𝑠𝑠)��

ℜ�𝑆𝑆�𝑠𝑠−1𝑊𝑊𝑥𝑥𝑥𝑥(𝜏𝜏,𝑠𝑠)��
� ,𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝜙𝜙𝑥𝑥𝑥𝑥  ∈ [−Π,Π], 

where ℐ is the imaginary part of the smoothed cross-wavelet transform and ℜ represents the 

real part of the smoothed cross-wavelet transform. 

A phase difference of zero reveals that the two underlying series move together, while 

a phase difference of 𝜋𝜋(−𝜋𝜋) indicates that the two series move in the opposite directions. If 

𝜙𝜙𝑥𝑥𝑥𝑥  ∈ (0,𝜋𝜋 2⁄ ), then the series move in phase (positively co-move) with 𝑦𝑦(𝑡𝑡) leading 𝑥𝑥(𝑡𝑡). If 

𝜙𝜙𝑥𝑥𝑥𝑥 ∈  (𝜋𝜋 2,𝜋𝜋⁄ ), then the series move out of phase (negatively co-move) with 𝑥𝑥(𝑡𝑡) leading 

𝑦𝑦(𝑡𝑡). If 𝜙𝜙𝑥𝑥𝑥𝑥  ∈ (−𝜋𝜋,−𝜋𝜋 2⁄ ), then the series move out of phase with 𝑦𝑦(𝑡𝑡) leading 𝑥𝑥(𝑡𝑡). Finally, 

if 𝜙𝜙𝑥𝑥𝑥𝑥 ∈  (−𝜋𝜋 2,0⁄ ), then the series move in phase with 𝑥𝑥(𝑡𝑡) leading 𝑦𝑦(𝑡𝑡). Also, the phase 

difference indicates causality between 𝑥𝑥(𝑡𝑡) and 𝑦𝑦(𝑡𝑡) in both the time and frequency domains. 

Overall, wavelet analysis enables a deeper understanding than the conventional causality test, 

which assumes that a single causal link holds for the whole sample period as well as at each 

                                                           
3 The term phase means the position in the pseudo-cycle of the series as a function of frequency.  



9 
 

frequency (Grinsted et al. 2004; Tiwari et al. 2013). For instance, in wavelet analysis, if 𝑥𝑥(𝑡𝑡) 

leads 𝑦𝑦(𝑡𝑡), then a causal relationship runs from 𝑥𝑥(𝑡𝑡) to 𝑦𝑦(𝑡𝑡) at a particular time and frequency 

(Li et al. 2015). 

3 Data 

The U.S. economy experienced several episodes of high and low growth volatility, such as  low 

volatility of output from the mid-1980s up to 2008 (called the Great Moderation), and increased 

growth volatility characterizing the late 1960s and 1970s (called the Great Inflation) and from 

1929 to the start of World War II (Great Depression). In addition, movements in inequality 

conform to certain periods of time, including 1945 to 1979 (called the Great Compression) and 

1980 to the present (called the Great Divergence). Our analysis provides clarification on the 

causality between income and wealth inequality and growth volatility, at different frequencies 

and at a different moments in time. We use data with an annual frequency covering 1917 to 

2015 for volatility and income inequality and 1962 to 2014 for volatility and wealth inequality. 

Data for the quarterly real GNP over 1917Q1 to 2015Q2 come from Omay et al. (2017)4 and 

from the Federal Reserve Economic Data (FRED) of the Federal Reserve Bank of St. Louis 

from 2015Q3 to 2015Q4. Using quarterly GNP data, we calculate the annual realized volatility 

by taking the sum of quarterly squared growth rates. In our analysis, we not only use output 

volatility but we also categorize it into positive/good and negative/bad volatilities. We first 

                                                           
4 The authors explain how they compute the unique dataset, which is the longest possible data on U.S. output 
available at a quarterly frequency (i.e., the most relevant frequency at which to measure output globally). First, 
the observations covering the period 1875:Q1-1946:Q4 used by Omay et al., (2017) (and in our case 1917:Q1-
1946:Q4) come from National Bureau of Economic Research (NBER), available for download at: 
http://www.nber.org/data/abc/, with the actual sources being the tables of quarterly data corresponding to 
Appendix B of Gordon (1986). As Omay et al., (2017) point out, this is the only existing source for the pre-1947 
quarterly data on U.S. GNP and the GNP deflator with National Income and Product Account (NIPA) quarterly 
data series non-existent before 1947. Second, Omay et al., (2017) use data from 1947:1-2015:2 from the FRED 
database. Note that the dataset compiled by Gordon (1986) runs through 1983:4 with 1972 as the base year of the 
GNP deflator. Given that nominal GNP and the GNP deflator data based on the NIPA are available from 1947:1, 
Omay et al., (2017) decided to use, for those variables, the FRED database, rather than the Gordon (1986) one, 
which, in any case, only runs through 1983:4. Omay et al., (2017) updatethe base year of the GNP deflator for the 
period 1875:1-1946:4 from 1972 to 2009 to correspond to the base year of the GNP deflator based on the NIPA. 
Thus, the real GNP is ultimately in constant 2009 prices. 
 

http://www.nber.org/data/abc/
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create dummy variable, 1 for positive  quarterly growth rate of output and 0 otherwise, and 

multiply the growth rate with the dummy variable. We do the same as above for the cases of 

negative quarterly growth rates. Then we take sum of the squared positive or negative quarterly 

growth rates of output over a specific year to obtain a measure of good or bad realized volatility 

respectively. .  Income inequality measures - Atkinson Index, Gini Coefficient, the Relative 

Mean Deviation, Theil’s entropy Index, Top 10%,  Top 5%, Top 1%, Top 0.5%, Top 0.1%, 

and Top 0.01%5 - come from the online data segment of Professor Mark W. Frank’s website.6 

Wealth inequality measures – Top 10% net personal wealth (p90p100), Middle 40% (p50p90), 

Bottom 50% (p0p50), and Top 1% (p99p100) - come from World wealth and income database 

(WID) with data range from 1962 to 2014.7 We employ the frequency cycles in the analysis. 

The first cycle (1-2-years cycle) associates with the short-run, or with high-frequency bands. 

The second cycle (2-4-years cycle) associates with the long, or with low frequency bands. 

4 Main analysis 

We simultaneously look at the correlation and the causal relationship between (i) income and 

wealth inequality, and growth volatility (ii) income and wealth inequality, and positive 

volatility, and (iii) income and wealth inequality, and negative volatility. 

The results of wavelet coherency indicate correlation between two variables. The 

wavelet coherency between volatility and the various income inequality measures show 

statistically significant high coherency across high- and low-frequencies in Fig. 1. Across the 

high- and low-frequency bands, at least two significant islands exist of high coherency between 

output volatility and the income inequality measures. With the wealth inequality measures in 

Fig 4, we observe the consistent strong positive correlation between growth volatility and 

                                                           
5 Top income shares serve as useful proxies for inequality across the income distribution (Leigh 2007). 
6 See http://www.shsu.edu/eco_mwf/inequality.html. Professor Frank constructed the dataset based on the Internal 
Revenue Service (IRS) information, which has a limitation of omission of some individual earning less than a 
threshold level of gross income. For this reason, we focus more on top income shares as primary indicators of 
inequality measures.  
7 The data is available for download from: http://wid.world/. 

http://www.shsu.edu/eco_mwf/inequality.html
http://wid.world/
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inequality measures at the 2-4 years frequency. Only weak correlation appears with wealth 

inequality measures across the 1-2 year frequency.  

The coherency results of positive volatility and income inequality measures also show 

statistically significant high coherency islands over the short- and long-term in Fig. 2. 

Especially from 1917 to the 1960s, all income inequality measure indicate strong co-movement 

across low-frequency. Only weak correlation appears with top income shares across high-

frequency band from 1935 to 1997 and with wealth inequality measures across low frequencies 

in Fig. 5. Compared to the aggregate output volatility, positive volatility shows less strong co-

movement with top income shares across high-frequency. 

The results of negative volatility show statistically significant high coherency across 1-

2 year frequency band for all inequality measures in Fig. 3. Across the 2-4 years frequency 

band, we observe a significant island from 1935-1961 and 1942-1963, which relates to World 

War II. Sign of strong correlation appears with the Top 1%, Top 0.5%, Top 0.1% and Top 

0.01% of income inequality and with wealth inequality measures across high-frequency bands 

in Fig 6. Fig. 3 also shows stronger correlations between the negative volatility and inequality 

over the short-term than positive volatility. That is, negative volatility exerts a bigger effect on 

inequality than positive volatility over the short-term.  

Our empirical evidence shows that volatility and inequality relate positively, which a 

number of studies show. This positive relationship appears in Hausmann and Gavin (1996), 

Breen and García-Peñalosa (2005), Laursen and Mahajan (2005), and Calderón and Yeyati 

(2009).  

The phase differences of Figs. 1 to 6 indicate the causality between two series (see Fig. 

7 for compiled results). Across the 2-4 year frequency band in Fig. 7, for all three volatility 

measures, volatility leads the income inequality measures. The change of direction of causality 

from volatility leads to inequality leads in the early 2000s probably indicates a structural break. 
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At low frequency, volatility leads the wealth inequality measures Top 10% (p90p100) 

and Middle 40% (p50p90) in 1962-2014, whereas Bottom 50% (p0p50) and Top 1% (p99p100) 

lead volatility. Negative volatility leads Top 10% and Top 1%, whereas Middle 40% and 

Bottom 50% lead negative volatility in 1962-2014. Positive volatility leads Top 10% and Top 

1% through the early 2000s and the direction of causality changes after that. Positive volatility 

also leads Bottom 50% through the late 1980s and the direction of causality changes after that. 

Middle 40% leads positive volatility from 1962 through the late 1990s and causality changes 

after that. For Top 10% at low frequency, aggregate and negative volatility lead wealth 

inequality. Bottom 50% leads aggregate and negative volatility from 1962 to 2014. 

Compared to long-term causality, more movement occurs in changes of direction of 

causality in the short-term. Volatility leads the Atkinson Index and the Relative Mean 

Deviation from 1917 to the late 1950s, while the Atkinson Index and the Relative Mean 

Deviation lead volatility after that. Volatility also leads the Gini coefficient and the Theil index 

from 1917 to the late 1950s and from the late 1980s to 2014, while the Gini coefficient and the 

Theil index lead volatility from 1961 to the late 1980s. The Top income shares, however, lead 

volatility, except in 1917-1921, when volatility leads Top 5%, in 1917-1938, when volatility 

leads Top 0.1%, and in 1917-1943, when volatility leads Top 0.01%. For high frequencies, the 

Top 0.1% leads positive volatility and Top 10% leads negative volatility from 1917 to 2015. 

The direction of causality of the wealth inequality measures Top 10% (p90p100) and Middle 

40% (p50p90) change in the mid and late 1970s. For Bottom 50% (p0p50) and Top 1% 

(p99p100), the direction of causality changes in the mid-2000s. The 1970s saw two oil price 

spikes, as OPEC began affecting prices. Also, the Vietnam War covered the 1967-1972 period, 

where, in turn, productivity growth slowed.  

Similar to the causality with aggregate growth volatility, the direction of causality of 

the wealth inequality measures Top 10% and Middle 40% change in the mid and late 1970s for 
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positive volatility. The Top 10% leads positive volatility from 1917 to 1976, while positive 

volatility leads Top 10% from 1977 to 2014. In contrast, Middle 40% leads positive volatility 

from 1979 to 2014, while positive volatility leads Middle 40% from 1962 to 1978. Top 1% 

leads positive volatility from 1917 to 1988 and positive volatility takes lead from 1989, whereas 

Bottom 50% leads negative volatility in 1962-2014.  

Top 1%, Top 0.5%, Top 0.1%, and Top 0.01% income shares mostly lead positive 

volatility in our data range. Top 10% and Top 5% show similar patterns and directions of 

causality. Positive volatility leads the Relative Mean Deviation, and the Theil index in 1917 

through the 1960s and in the late 1980s through 2015, while the two measures of inequality 

lead positive volatility in the rest of period. Positive volatility leads the Gini coefficient from 

1917 to 2015 except from 1979 to 1987. Also, positive volatility leads the Atkinson index from 

1917 to 1964 and from 2004 to 2015. 

With negative volatility at high frequencies, the results show that all the inequality 

measures lead negative volatility from 1994 to 2015, whereas negative volatility leads all the 

inequality measures except Top 10% and Top 5% from 1917 to 1940. In the 1940s, the direction 

of causality changes from negative volatility leads to inequality leads, which relates to wage 

compression during the 1940s. Negative volatility leads Top 0.01% in 1917-1974 and Top 0.01% 

leads negative volatility from 1975. For wealth inequality, Top 1% (p99p100) leads negative 

volatility from 1962 through 2014. The direction of causality of Top 10% and Bottom 50% 

change mid and late 1980s.  

We observe that the directions of causality vary and the changes of direction mostly 

coincide with the business cycle (NBER). This probably relates to business cycle movements 

that associate with large permanent effects on the long-run level of output (Nelson and Plosser 

1982; Campbell and Mankiw 1987).  
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The results show that volatility, including positive and negative volatilities, mostly 

leads income inequality until the 2000s across low frequencies and changes direction from 

volatility leads to income inequality leads from the 2000s onward. In contrast to the short term, 

long-term causality patterns and directions are robust to different measures of income 

inequality. Across high frequencies, the income share inequality measures lead volatilities, but 

directions of causality vary across frequencies and evolve with time. If we restrict our analysis 

to classical time series, we cannot find any information about differences across frequencies.  

5 Conclusion 

Policy makers attempt to reduce inequality through economic growth, fiscal policy, monetary 

policy, aid programs, and so on. The relationship between inequality and the various policy 

instruments receives much discussion and analysis in the existing literature. As numerous 

variables affect each other simultaneously or at different points of time, rendering net causality 

and correlation results difficult to document. This paper investigates the causal relationships 

between U.S. income and wealth inequality measures, and output volatility. We use wavelet 

analysis, which allows the causal relationship between the two series to vary over time and 

frequency. Wavelet analysis is robust to lag length, stationarity, cointegration, and model 

specification. Furthermore, it permits the consideration of cointegration and causality. We use 

annual time-series data from 1917 to 2015 for volatility and income inequality and 1962 to 

2014 for volatility and wealth inequality, which cover numerous economic expansions and 

contraction. 

Our results show that the periods and directions of short-term causality vary over time. 

Volatility mainly leads income inequality measures over the long-run through the early-2000s. 

At high frequencies, causality changes direction – from volatility leading to inequality leading. 

Our results also show that higher positive and negative volatility leads to increases in 

inequality. This implies that economic growth does not trickle down to the bottom income 
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group as they experience more fluctuations in output growth. In addition, we find that volatility 

not only matters for inequality but also inequality matters for volatility, especially in more 

recent years.  

As our long-term results show, changes in the direction of causality from volatility leads 

to income inequality leads coincides with the end of the Great moderation era. Policy makers 

can use direct policy, such as enlarging the tax bracket for low-income households, raising 

taxes on high-income households, or increasing state aid programs, to reduce inequality, which 

can also moderate volatility. Our findings also imply that stabilization policies can affect 

income inequality. Thus, stabilization policy can provide an important instrument to reduce 

income inequality. This finding corresponds with studies8 that find a significant effect from aid 

programs and/or remittances on inequality via stabilizing effects on volatility. 

To fully understand the effects of volatility on inequality, we need a detailed 

examination of all possible channels, as different mechanisms may require different policy 

implications. We leave this issue for future study. 

  

                                                           
8 See Chauvet and Guillaumont 2001, 2009; Guillaumont and Wagner, 2014 for the related study 
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Table 1.  Wavelet phase difference (Volatility, logarithm of Atkinson Index) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1958 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Atkin05 

 
 1959-2015 (0, 𝜋𝜋

2
) , In-phase + Atkin05 → Volatility 

Low 
frequency 1917-1997 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Atkin05 

 
 1998-2015 (0, 𝜋𝜋

2
) , In-phase + Atkin05 → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1964 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Atkin05 

 
 1965-2003 (0, 𝜋𝜋

2
) , In-phase + Atkin05 → Volatility 

 
 2004-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Atkin05 

Low 
frequency 1917-1998 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Atkin05 

 
 1999-2015 (0, 𝜋𝜋

2
) , In-phase + Atkin05 → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1951 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Atkin05 

 
 1952-2015 (0, 𝜋𝜋

2
) , In-phase + Atkin05 → Volatility 

Low 
frequency 1917-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Atkin05 
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Table 2.  Wavelet phase difference (Volatility, logarithm of Gini coefficient) 

Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1960 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

coefficient 
 
 1961-1983 (0, 𝜋𝜋

2
) , In-phase + Gini → Volatility 

 
 1984-1985 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

 
 1986-1987 (0, 𝜋𝜋

2
) , In-phase + Gini → Volatility 

 
 1988-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

Low 
frequency 1917-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1978 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

 
 1979-1987 (0, 𝜋𝜋

2
) , In-phase + Gini → Volatility 

 
 1988-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

Low 
frequency 1917-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1946 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

 
 1947-1976 (0, 𝜋𝜋

2
) , In-phase + Gini → Volatility 

 
 1977-1993 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

 
 1994-2015 (0, 𝜋𝜋

2
) , In-phase + Gini → Volatility 

Low 
frequency 1917-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Gini 

 
 
 
  



18 
 

Table 3.  Wavelet phase difference (Volatility, logarithm of the Relative Mean 
Deviation) 

Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1960 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 

 
 1961-2015 (0, 𝜋𝜋

2
) , In-phase + Rmeandev → Volatility 

Low 
frequency 1917-2012 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 

 
 2013-2015 (0, 𝜋𝜋

2
) , In-phase + Rmeandev → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1968 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 

 
 1969-1989 (0, 𝜋𝜋

2
) , In-phase + Rmeandev → Volatility 

 
 1990-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 

Low 
frequency 1917-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 

 
 2015 (0, 𝜋𝜋

2
) , In-phase + Rmeandev → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1945 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 

 
 1946-1979 (0, 𝜋𝜋

2
) , In-phase + Rmeandev → Volatility 

 
 1980-1990 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 

 
 1991-2015 (0, 𝜋𝜋

2
) , In-phase + Rmeandev → Volatility 

Low 
frequency 1917-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Rmeandev 
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Table 4.  Wavelet phase difference (Volatility, logarithm of Theil Index) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1954 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

 
 1955-1988 (0, 𝜋𝜋

2
) , In-phase + Theil → Volatility 

 
 1989-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

Low 
frequency 1917-2012 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

 
 2013-2015 (0, 𝜋𝜋

2
) , In-phase + Theil → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1961 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

 
 1962-1986 (0, 𝜋𝜋

2
) , In-phase + Theil → Volatility 

 
 1987-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

Low 
frequency 1917-2007 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

 
 2008-2015 (0, 𝜋𝜋

2
) , In-phase + Theil → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1951 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

 
 1952-1978 (0, 𝜋𝜋

2
) , In-phase + Theil → Volatility 

 
 1979-1992 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 

 
 1993-2015 (0, 𝜋𝜋

2
) , In-phase + Theil → Volatility 

Low 
frequency 1917-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Theil 
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Table 5.  Wavelet phase difference (Volatility, logarithm of Top 10%) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-2015 (0, 𝜋𝜋

2
) , In-phase + Top 10% → Volatility 

Low 
frequency 1917-2008 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 10% 

 
 2009-2015 (0, 𝜋𝜋

2
) , In-phase + Top 10% → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1931 (0, 𝜋𝜋

2
) , In-phase + Top 10% → Volatility 

 
 1932-1963 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 10% 

 
 1964-2006 (0, 𝜋𝜋

2
) , In-phase + Top 10% → Volatility 

 
 2007-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 10% 

Low 
frequency 1917-2007 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 10% 

 
 2008-2015 (0, 𝜋𝜋

2
) , In-phase + Top 10% → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-2015 (0, 𝜋𝜋

2
) , In-phase + Top 10% → Volatility 

Low 
frequency 1917-2005 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 10% 

 
 2006-2015 (0, 𝜋𝜋

2
) , In-phase + Top 10% → Volatility 
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Table 6. Wavelet phase difference (Volatility, logarithm of Top 5%) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1918 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

 
 1919 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 

 
 1920-1921 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

 
 1922-2015 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 

Low 
frequency 1917-2003 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

 
 2004-2015 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1926 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 

 
 1927-1959 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

 
 1960-2009 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 

 
 2010-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

Low 
frequency 1917-2004 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

 
 2005-2015 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1927 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

 
 1928-2015 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 

Low 
frequency 1917-2000 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 5% 

 
 2001-2015 (0, 𝜋𝜋

2
) , In-phase + Top 5% → Volatility 
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Table 7. Wavelet phase difference (Volatility, logarithm of Top 1%) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-2015 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 

Low 
frequency 1917-2001 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 1% 

 
 2002-2015 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-2012 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 

 
 2013-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 1% 

Low 
frequency 1917-2001 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 1% 

 
 2002-2015 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1940 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 1% 

 
 1941-1960 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 

 
 1961-1970 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 1% 

 
 1971-1972 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 

 
 1973 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 1% 

 
 1974-2015 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 

Low 
frequency 1917-2002 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 1% 

 
 2003-2015 (0, 𝜋𝜋

2
) , In-phase + Top 1% → Volatility 
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Table 8. Wavelet phase difference (Volatility, logarithm of Top 0.5%) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.5% → Volatility 

Low 
frequency 1917-2004 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.5% 

 
 2005-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.5% → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-2014 (0, 𝜋𝜋

2
) , In-phase + Top 0.5% → Volatility 

 
 2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.5% 

Low 
frequency 1917-2004 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.5% 

 
 2005-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.5% → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1943 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.5% 

 
 1944-1957 (0, 𝜋𝜋

2
) , In-phase + Top 0.5% → Volatility 

 
 1958-1964 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.5% 

 
 1965-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.5% → Volatility 

Low 
frequency 1917-2004 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.5% 

 
 2005-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.5% → Volatility 
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Table 9. Wavelet phase difference (Volatility, logarithm of Top 0.1%) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1938 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 1939-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

Low 
frequency 1917-2004 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 2005-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

Low 
frequency 1917-2004 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 2005-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1946 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 1947-1952 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

 
 1953-1954 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 1955 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

 
 1956-1957 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 1958 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

 
 1959-1972 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 1973-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 

Low 
frequency 1917-2007 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.1% 

 
 2008-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.1% → Volatility 
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Table 10. Wavelet phase difference (Volatility, logarithm of Top 0.01%) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1943 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.01% 

 
 1944-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.01% → Volatility 

Low 
frequency 1917-2008 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.01% 

 
 2009-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.01% → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1929 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.01% 

 
 1930-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.01% → Volatility 

Low 
frequency 1917-2005 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.01% 

 
 2006-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.01% → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1917-1974 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.01% 

 
 1975-2015 (0, 𝜋𝜋

2
) , In-phase + Top 0.01% → Volatility 

Low 
frequency 1917-2015 (−𝜋𝜋

2
, 0) , In-phase + Volatility → Top 0.01% 
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Table 11. Wavelet phase difference (Volatility, Net personal wealth held by p90p100) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-1975 (0, 𝜋𝜋

2
) , In-phase + p90p100 → Volatility 

 
 1976-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p90p100 

Low 
frequency 1962-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p90p100 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-1976 (0, 𝜋𝜋

2
) , In-phase + p90p100 → Volatility 

 
 1977-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p90p100 

Low 
frequency 1962-2001 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p90p100 

 
 2002-2014 (0, 𝜋𝜋

2
) , In-phase + p90p100 → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-1985 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p90p100 

 
 1986-2014 (0, 𝜋𝜋

2
) , In-phase + p90p100 → Volatility 

Low 
frequency 1962-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p90p100 
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Table 12. Wavelet phase difference (Volatility, Net personal wealth held by p50p90) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-1978 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

 
 1979-2014 (0, 𝜋𝜋

2
) , In-phase + p50p90 → Volatility 

Low 
frequency 1962-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1692-1978 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

 
 1979-2014 (0, 𝜋𝜋

2
) , In-phase + p50p90 → Volatility 

Low 
frequency 1962-1998 (0, 𝜋𝜋

2
) , In-phase + p50p90 → Volatility 

 
 1999-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-1964 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

 
 1965-1967 (0, 𝜋𝜋

2
) , In-phase + p50p90 → Volatility 

 
 1968-1972 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

 
 1973-1979 (0, 𝜋𝜋

2
) , In-phase + p50p90 → Volatility 

 
 1980-1981 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

 
 1982-1983 (0, 𝜋𝜋

2
) , In-phase + p50p90 → Volatility 

 
 1984-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p50p90 

Low 
frequency 1962-2014 (0, 𝜋𝜋

2
) , In-phase + p50p90 → Volatility 
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Table 13. Wavelet phase difference (Volatility, Net personal wealth held by p0p50) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-2006 (0, 𝜋𝜋

2
) , In-phase + p0p50 → Volatility 

 
 2007-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p0p50 

Low 
frequency 1962-2014 (0, 𝜋𝜋

2
) , In-phase + p0p50 → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-2014 (0, 𝜋𝜋

2
) , In-phase + p0p50 → Volatility 

Low 
frequency 1962-1989 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p0p50 

 
 1990-2014 (0, 𝜋𝜋

2
) , In-phase + p0p50 → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-1988 (0, 𝜋𝜋

2
) , In-phase + p0p50 → Volatility 

 
 1989-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p0p50 

Low 
frequency 1962-2014 (0, 𝜋𝜋

2
) , In-phase + p0p50 → Volatility 
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Table 14. Wavelet phase difference (Volatility, Net personal wealth held by p99p100) 
Volatility 

High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-2005 (0, 𝜋𝜋

2
) , In-phase + p99p100 → Volatility 

 
 2006-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p99p100 

Low 
frequency 1962-2014 (0, 𝜋𝜋

2
) , In-phase + p99p100 → Volatility 

Good / (+) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-1988 (0, 𝜋𝜋

2
) , In-phase + p99p100 → Volatility 

 
 1989-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p99p100 

Low 
frequency 1962-2000 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p99p100 

 
 2001-2014 (0, 𝜋𝜋

2
) , In-phase + p99p100 → Volatility 

Bad / (-) Volatility 
High 
frequency Period Phase Sign of 

co-movement Causality 

 
 1962-2014 (0, 𝜋𝜋

2
) , In-phase + p99p100 → Volatility 

Low 
frequency 1962-2014 (−𝜋𝜋

2
, 0) , In-phase + Volatility → p99p100 
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Figure 1. Causal relationship between Aggregate Output Volatility and Income Inequality measures
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Note: Wavelet Coherency between the aggregate 
output volatility and income inequality measures. 
The black contour designates the 5% significance 
level estimated from the Monte Carlo simulations 
based on an ARMA(1,1) Null. The colour code for 
power ranges from blue (low power) to red (high 
power). The y-axis refers to the frequencies 
(measured in years); the x-axis refers to the time 
period over the period 1917-2015. 
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Figure 2. Causal relationship between Positive Output Volatility and Income Inequality measures
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Note: Wavelet Coherency between the positive 
output volatility and income inequality measures. 
The black contour designates the 5% significance 
level estimated from the Monte Carlo simulations 
based on an ARMA(1,1) Null. The colour code for 
power ranges from blue (low power) to red (high 
power). The y-axis refers to the frequencies 
(measured in years); the x-axis refers to the time 
period over the period 1917-2015. 
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Figure 3. Causal relationship between Negative Output Volatility and Income Inequality measures
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Note: Wavelet Coherency between the negative 
output volatility and income inequality measures. 
The black contour designates the 5% significance 
level estimated from the Monte Carlo simulations 
based on an ARMA(1,1) Null. The colour code for 
power ranges from blue (low power) to red (high 
power). The y-axis refers to the frequencies 
(measured in years); the x-axis refers to the time 
period over the period 1917-2015. 
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Figure 4. Causal relationship between Aggregate Output Volatility and Wealth Inequality measures 

 

 

 

 

 

 

Note: Wavelet Coherency between the aggregate output volatility and wealth inequality measures. The black 
contour designates the 5% significance level estimated from the Monte Carlo simulations based on an ARMA(1,1) 
Null. The colour code for power ranges from blue (low power) to red (high power). The y-axis refers to the 
frequencies (measured in years); the x-axis refers to the time period over the period 1962-2014. 
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Figure 5. Causal relationship between Positive Output Volatility and Wealth Inequality measures 

 

 

 

 

 

 

Note: Wavelet Coherency between the positive output volatility and wealth inequality measures. The black 
contour designates the 5% significance level estimated from the Monte Carlo simulations based on an ARMA(1,1) 
Null. The colour code for power ranges from blue (low power) to red (high power). The y-axis refers to the 
frequencies (measured in years); the x-axis refers to the time period over the period 1962-2014. 
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Figure 6. Causal relationship between Negative Output Volatility and Wealth Inequality measures 

 

 

 

 

 

 

Note: Wavelet Coherency between the negative output volatility and wealth inequality measures. The black 
contour designates the 5% significance level estimated from the Monte Carlo simulations based on an ARMA(1,1) 
Null. The colour code for power ranges from blue (low power) to red (high power). The y-axis refers to the 
frequencies (measured in years); the x-axis refers to the time period over the period 1962-2014. 
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Figure 7. Short and Long Run Causality  

 
 
Note: First two figures from the left indicate the short run causality relationship between volatility and inequality. 
1, 2 and 3 indicate aggregate volatility, positive volatility and negative volatility. Orange colour indicates that the 
volatility leads and Green colour indicates that inequality leads. Third and fourth figures from the left show the 
long run causality. Y-axis indicates the year. 
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