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ABSTRACT  

Household debt has been on the continuous rise to raise concern for its sustainability and its 

consequences to the financial system and the macro-economy as a whole. In this paper, I review 

empirical work on the growth of total household consumer debt ratio on long-term component of 

stock market volatility. The paper applies GARCH-MIDAS model with a mean-reverting unit 

weekly GARCH process, and a MIDAS (Mixed Data Sampling) applying to monthly household 

consumer debt ratio and errors following normal distribution, student-t distribution and two-

component normal mixture distribution. The results show that household consumer debt ratio 

explains more than 12% of total stock volatility for the full sample from 01-01-1964 to 01-01-

2015. In addition, household consumer debt ratio has mixed effects on stock market volatility. 

Income inequality seems to be plausible to explain the mixed effect. In low income inequality 

period, household consumer debt decreases stock market volatility. In high income inequality 

period, household consumer debt increases stock market volatility. It shapes part of a renewed 

interest in whether or not rising income inequality is the source of financial instability.  

Keywords: Household debt, income inequality, stock market volatility, mixed data sampling, 

long term variance component, normal mixture distribution. 
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1. INTRODUCTION 

 

The rising household debt, both in absolute and relative term, has raised concern for financial 

stability. One important component of household debt is household consumer debt. The value of 

household consumer debt is larger than the size of the private equity market (Vissing-Jørgensen, 

2007). Aggregate household consumer debt has increased from $0.36 trillion in 1980 to $3.4 

trillion in 2014. During the same period, total household consumer debt per disposable personal 

income (Consumer Debt Ratio – CDR) has grown from 18.45% to 25.19% (Figure 1). Despite 

the fact that consumer debt is about 1/3 the size of mortgage debt and has fluctuated in a 

relatively narrow range than mortgage debt, the required payments on consumer debt are actually 

higher than those on mortgage debt because of the shorter maturities on consumer debt (Figure 

2). The returns to understanding the implication of rising household consumer debt to financial 

markets, therefore, are high. 

Overall, households are today much more leveraged than they used to be in the past. This 

fact may reflect the deepening of the financial market, as household access to credit was 

substantially increased. Household indebtedness can increase households’ lifetime welfare by 

allowing households to maintain a stable level of consumption when there is a temporary loss of 

income. However, if households maintain the level of indebtedness regarding a permanent loss 

of income (during extending period of rising income inequality); household’s indebtedness might 

pose a risk to the financial stability. It emphasizes the fact that excessive indebtedness may 

exhaust households’ balance sheet and ultimately lead them to curtail their spending. Therefore, 

the level of household borrowing in period of rising income inequality implies significant 

exposure to the financial sector.  

In spite of the increasing attention to household consumer debt, the effect of household 

consumer debt has not been a major focus of research economics. In response to the view of 

growth in household consumer debt as a negative force in the economy, in this paper, I attempt 

to examine the effect of household consumer debt to stock market volatility. In efficient markets, 

when stock price reflects all available information, stock market volatility will reflect the 

volatility of economic fundamentals and an inherent part of a well-functioning financial system. 
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Even relatively large short-term volatility can be the result of a rational reaction by market 

participants to rapidly changing events and increased uncertainty about future returns (Global 

Financial Stability Report, Sep 2003). The extreme stock volatility (often referred to as “tail 

events”) reflects potential sources that are associated with financial instability. The effect of 

household debt on stock market volatility, therefore, may shed light on the implication of 

household consumer debt. 

The objective of this paper is to empirically investigate the effect of household debt to 

stock market volatility by using the model that is able to take into consideration both high and 

low frequency components of stock volatility during different periods of income inequality. At 

this purpose, the GARCH-MIDAS model, proposed by Engle et al (2013) is used by combining 

the information provided by weekly stock prices and monthly household consumer debt ratio 

while applying two-component normal mixture errors distribution. The model is then compared 

to GARCH-MIDAS model with normal and student-t errors distribution. Among these models, 

GARCH-MIDAS model with two-component normal mixture allows us to capture the effect of 

household debt variables in different states of the economy, thus provides the best fit. 

The paper is organized as follows. The literature review is presented in Section 2. Section 

3 outlines the hypothesis. Section 4 explains the data and methodology. Section 5 discusses 

results and analysis. Lastly, Section 6 presents conclusions and suggests further research.  
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2. LITERATURE REVIEW 

2.1.    Why is household consumer debt rising? 

To understand the effect of rising household consumer debt, it is important to understand what 

causes household consumer debt to rise. The understanding of its causes reveals information of 

whether it is sustainable, and consequently, reveals information about its effect to stock market 

volatility. 

As explained by Rinaldi and Sanchis-Arellano (2006), household debt increases due to 

macroeconomic stability, financial product innovations and legal or institutional regulations, 

while market imperfections, together with the effect of moral hazard on the behavior of some 

lenders, may have boosted household debt to excessive levels, resulting in the growth of non-

performing loans. If it is the case, the fact that household consumer debt is rising do not imply 

whether the economy is in macroeconomic stability or instability states. Excessive rising of 

household consumer debt implies the market instability, however, the level of excessive 

borrowing is difficult to determine. 

Dynan (2009) and Edelberg (2006) explained this growth as due to technical change in 

loan production, including but not limited to reductions in distributional costs, risk-based pricing, 

monitoring and repossession, and securitization and other secondary market innovation. A 

related explanation is that the technology of persuasion has improved as well, in other words, 

lenders have gotten more effective at convincing consumers to borrow (Gabaix and Laibson 

2006, Bertrand et al. 2010, Gine, Martinez, and Keenan 2014; Gurun, Matvos and Seru 2014). 

The growing in direct marketing in the post-war period, and especially in the IT era seems to be 

consistent with this view, in addition to innovation in pricing, with bank checking account 

overdrafts (Stango and Zinman 2014a), credit card introductory rates and penalty fees (Agarwal, 

Chomsisengphet, et al. 2014; S.DellaVigna and Malmendier 2004; Heidhues and Koszegi 2010). 

Financial deregulation, which has decreased the effect of credit rationing, as well as lower 

interest rates, in nominal and real terms, can also explain the rapid growth in household 

consumer indebtedness. The fact is proved by U.S. Consumer Survey Report from the beginning 

of the 1990s. From 1992 to 2007, a percentage of households’ loan application that was partially, 

or fully, rejected in the previous five years decreases from 32% to 24%. During the same period, 
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a percentage of failed applicants that succeed to obtain a subsequent loan (e.g. by applying to 

another lender) rises from 37% to 45%. Other possible factors include demographic shift (Dynan 

and Kohn 2007; Christelis, Ehrmann, and Georgarakos 2013) and reduced generosity in social 

insurance (Hacker 2008). Rising household consumer debt in response to those factors, however, 

reveals little information about its sustainability to the financial markets.  

Another factor that is the main focus of this paper is income inequality. Many authors 

investigate the link between household borrowing and income inequality. Among those, Barry 

and Steven (2014) connect rising income inequality to increasing debt-to-income ratio by below 

equation: 

𝑑
𝑑𝑡⁄ (𝐷

𝑌⁄ ) = A
𝑌⁄ + 𝐶

𝑌⁄ − 1 + (𝑖 − 𝜋)(𝐷
𝑌⁄ ) − 𝑔𝑌(𝐷

𝑌⁄ ) 

Where:                A equals Asset Purchases minus Asset Sales (at book values),  

C is consumption 

Y is disposable income 

D is the stock of debt 

𝑔𝑌 is the real growth rate of income 

𝜋 is the inflation rate 

i is interest rate 

Rising income inequality contribute to the equation as 𝑔𝑌 for bottom group decreases (the 

income growth rate of the bottom group falls while the growth rate of the upper group rises). In 

this case, the income share of the top-income group will increase. If 𝑔𝑌 decreases, the debt-to-

income ratio rises more quickly for the lower group, other things equal. As (𝐷
𝑌⁄ ) increases, the 

interest term in the equation becomes larger which implies the rise in financial instability. If real 

interest rate rises, the effect is even stronger. The adverse change in real interest rate (𝑖 − 𝜋), 

even minor, could significantly increase debt service payments of bottom income households. 

Data from Mason and Jayadev (2014a, Table 2) infer the real interest rate is the most important 

factor explaining the rising household debt-income ratio in the early 1980s, as households 



   

9 
 

borrow to fund their debt. Households, however, may draw down assets (A
𝑌⁄  decreases) to 

stabilize the debt-income ratio. But if the drop in 𝑔𝑌 is permanent, the rate of asset accumulation 

would have to drop permanently to keep D/Y from rising. For a lower-income group, this 

response will well drive asset accumulation negative, which would be unsustainable. A more 

sustainable response, especially low-income households, would be adjust to lower income 

growth or higher real interest rates by reducing the ratio of outlays to income (recognizing that 

outlays consists of personal consumption expenditure (PCE) plus interest expense and personal 

transfer) (𝐶
𝑌⁄  decreases). Therefore, in period of rising inequality, rising household consumer 

debt, especially for low-income households would implies unsustainable borrowing, if 

households do not stabilize their debt-to-income ratio. Consequently, in the next section, I 

examine the responses of U.S households’ indebtedness in period of rising income inequality. 

Whether households response to rising income inequality by reducing their outlays ratio or 

selling assets implies the sustainability of rising household consumer debt, thus its effect to stock 

market volatility. 

2.2.     Households indebtedness in rising income inequality period 

As demonstrated in Section 2.1, in response to rising income inequality, household can stabilize 

the debt-income ratio by either drawing down assets (which is unsustainable) or reducing the 

expenditure-income ratio (which is more sustainable).  

The period of rising income inequality marks around 1980s, when top 5% income share 

increase quickly after long period of stabilization from 1964 to 1980 (Figure 4). From 1964 to 

1980, top 5% income share increased slightly from 20.62% to 21.17% while it accelerated to 

33.84% in 2007. Barry and Steven (2014) estimate that between 1960 to 1980, the annualized 

income growth rate of households in the bottom 95% (1.9%) is slightly lower than the growth 

rate of households in the top 5% (2.1%). Income inequality, however, starts rising from 1980s. 

Annualized growth rate of real income per household for top 5% increased to 3.9% in 2007 

while for the bottom 95%, it decreased to 1.1%.  

To examine whether household reduce their expenditure-income ratio during rising 

income inequality period, I take into consideration the outlays ratio after 1980s. From 1989 to 

2007, the bottom 95% consumes 10% more per disposable income than top 5% (Barry and 
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Steven 2014). Given the strong increasing trend of the consumption rate (PCE/DPI – Figure 3) 

during the same period, it implies that bottom 95% households did not reduce their consumption 

rate. The conclusion is consistent with results from Dirk and Fabrizio (2005) that income 

inequality in the U.S. has not been associated with consumption inequality. Meyer, Bruce and 

James (2013) also points out that while the 90/10 income share ratio was 19% higher from 2000 

to 2011, the 90/10 ratio for consumption was slightly lower. Barry and Steven (2014) also show 

that top income households cut their consumption rate while bottom income household maintain 

or slightly increase their consumption rate during period of high income inequality. Furthermore, 

given that the outlay rate from the bottom 95% increases somewhat more than the consumption 

rate from 1989 (Barry and Steven 2014), we confirm that there is no decline in the outlay rate for 

bottom 95% income households either (Figure 3).   

Overall, low-income households did not reduce their outlay rate in period of rising 

income inequality. It implies that the debt-income ratio for this group should have risen. The data 

from Survey of Consumer Finance confirm this point. The debt-income ratio for bottom 95% 

income rises from 77% to 177% from 1983 to 2007 (Survey of Consumer Finance 2007).  

The other option of offsetting debt by selling assets is also not possible. Household rising 

net worth to disposable income for bottom 95% (as seen in Figure 5) suggests that rising 

household net worth may offset rising household consumer debt. However, Barry and Steven 

(2014) suggest analyzing the composition of net worth for the bottom 95%. The value of primary 

residence and retirement account should be excluded in the value of net worth. Rising equity in 

an owner-occupied home is offset by a rising opportunity cost of living in that house, unless the 

homeowner literally sells the house and moves into a less costly one. Similarly, the purpose of 

retirement account is to fund a future consumption plan, not to offset a rise in debt. Excluding 

those two accounts from net worth reveals the downward trend of household’s net worth to 

disposable income. It implies that it is also not possible for households to offset debt by selling 

assets. 

In summary, a fall in income growth implies that the bottom income groups should cut its 

consumption rate to maintain a sustainable debt-income ratio. However, facts show that bottom 

95% did not appear to smooth their consumption. Instead they borrow at unsustainable rates, 

therefore, deteriorating their balance sheet. 
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 The rising inequality implies that the bottom groups should reduce their consumption 

rate; however, rising inequality is likely to explain why the bottom groups did not cut their 

consumption. Some studies suggest that rising inequality leads to increased supply by increasing 

loanable funds (e.g., Kumhof, Ranciere and Winant 2014, Barry and Steven 2014). Others have 

suggested that rising inequality leads to increase increased loan demand through social 

preferences (reference points and/or peer effects) (Georgarakos et al 2014, Barry and Steven 

2014).  In relative income hypothesis of Duesenberry (1952) and developed recent work on 

“expenditure cascade” (Levine et. al., 2010; Belabed et al. 2013), households whose incomes are 

falling behind try to keep up with norms of spending set by those who benefit from rising 

inequality. Van Treeck and Sturn (2012) argue that the rising income inequality in the United 

States has led to a change in the consumption and borrowing behavior of American households. 

After having increased working hours, and having easy access to credit, for the purposes of both 

consumption and housing, middle-income Americans have reacted to the growing gap between 

their revenues and those of their better-to-do neighbors by increasing the extent of their 

borrowing and thus reducing their saving rates. Marglin (1984) proposed the “habit persistence 

theory” that prevents household from deviating from recent consumption patterns.  

In conclusion, in period of rising income inequality, households’ behavior response in the 

U.S. implies unsustainable rising household consumer debt. Rising income inequality also 

explains the households’ behavior responses for not stabilizing their debt-to-income ratio. Rising 

household debt, therefore, is expected to indicate important effect to stock market volatility in 

different level of income inequality. In the next section, the hypothesis is formulated based on 

the implication of literature review. 
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3. HYPOTHESIS 

As shown in Section 2, the link of rising income inequality to rising household consumer debt 

implies important implication to stock volatility. Rising income inequality implied that the 

bottom income household would have to cut its consumption rate to keep a sustainable debt-

income ratio. The bottom income households in the U.S., however, maintain their consumption 

rate partly due to income inequality.  

Therefore, rising income inequality amplifies household consumer debt in the U.S to 

excessive level, which is unsustainable. This is likely to increase uncertainty in the stock market, 

which in turn increase stock market volatility.  Therefore, I propose the following as the main 

hypothesis of my study: 

H1: Rising household consumer debt affects stock market volatility. 

H2: Rising household consumer debt has mixed effects to stock volatility. 

H2a: In low income inequality period, rising household consumer debt decreases stock market 

volatility in the U.S. 

H2b: In high income inequality period, rising household consumer debt increases stock 

market volatility in the U.S. 

 The hypothesis will be test using the data and methodology explained in the next section. 
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4. DATA AND METHODOLOGY 

4.1. Descriptive statistics of U.S. stock market return 

From Kenneth R. French’s website, I obtained weekly
2
 U.S. stock market returns from 1964 to 

2015 (2666 data points). The stock market return includes all NYSE, AMEX and NASDAQ 

firms. This sample is used to analyze the effect of household consumer debt ratio available 

monthly from 01-01-1959 to 01-01-2015. There is difference in the time period of U.S stock 

market return and household consumer debt ratio since I also need five year of lags of household 

consumer debt to compute the long-term component of stock market volatility (as detailed in 

Section 4.3).  

The first left plot of Figure 6 shows the weekly stock return sample. The weekly return 

series seem to be a stationery process with a mean close to zero but with volatility exhibiting 

relatively calm periods followed by more volatile periods. The first middle plot in Figure 6 

shows the Sample Autocorrelation Function for the weekly returns of lags 0 to 20. Based on the 

Sample Autocorrelation Function plot, it is not confirmed whether the data is serially correlated 

or not, even though it seems to have significant serial correlation at lag 6 and 15. 

However, Ljung-Box Q-test (see Appendix A for the explanation of the Ljung-Box Q-

test) rejects the null hypothesis that all autocorrelations up to the tested lags are zero for lags 

from lags 6 to 20. This suggests that to model this return series, the conditional mean is needed. 

Although the paper focuses on the conditional variance (the effect of household variable on long 

term component in particular), for the conditional variance model to perform properly, the 

conditional mean needs to be taken into account as well.  

The next descriptive statistics is that of the squared returns. The second left plot of Figure 

6 shows the weekly squared returns for the full sample. The second middle plot of Figure 6 

shows the Sample Partial Autocorrelation Function which clearly demonstrated significant 

autocorrelation. Engle’s ARCH test confirms that the square returns are serially correlated by 

                                                           
2
 I used several alternative time frequencies for stock market returns, for example daily data and weekly data. My 

results show that the effect of household consumer debt is the most significant for weekly data. It can be 
explained that daily stock market return may incorporate even non-economic fundamentals. I therefore elect to 
present only the results with weekly stock market return. The results for other time frequencies are available on 
request. 
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rejecting the null hypothesis that there is no autocorrelation for lags from 1 to 20 and even at a 

5% significant level (see Appendix B for the description of Engle’s ARCH test) 

Next the empirical distribution of the weekly stock returns is examined. In Figure 6 (the 

higher right plot), q-q plot of the empirical distribution (y-axis) against the best fitted normal 

distribution (x-axis) is presented. The q-q plot shows clearly that even the best fitted normal 

distribution is not considered as good reference distribution. The empirical distribution of the 

weekly returns exhibits significantly heavier tails than the normal distribution which implies that 

another choice of parametric family should be considered. From the right plot of Figure 1, it is 

evident that t-location scale distribution is a much better reference. In case of the q-q plot against 

t-location distribution, there are only limited numbers of points that are off the linear red dot-

line. Therefore, in the paper, student-t distribution is considered in response to the need of 

heavier tail distribution. 

In Table below, summary statistics of U.S. stock returns is presented. The kurtosis is 

larger than 3 confirms the need of distribution with heavier tails than the normal distribution. 

Mean 
Standard 

Error 

Standard 

Deviation 

Sample 

Variance 
Kurtosis Skewness Minimum Maximum 

0.0018436 0.000427 0.022068 0.000487 6.316541 -0.69183 -0.19821 0.12739 

4.2. Data source of household consumer debt 

When looking at aggregate numbers, there are two measures for household consumer debt. The 

first is how much it costs to service the debt as a fraction of disposable (after tax) income (as 

shown in Figure 1). The second is how much debt there is with respect to the same disposable 

income measure. Where these numbers are high is difficult to say, but in the aggregate, both 

measures have clearly decreased during the past crisis, but different scale. While debt service 

payments decreased by almost one-third, the debt ratio decreased by only one-fifth. Since the 

service debt payment also takes into account the effect of interest rate, whenever interest rates go 

back up, service payment will increase. The aggregate debt per disposable personal income, on 

the other hand, only takes into account the level of household consumer debt. In the scope of this 

paper, I focus on the aggregate household consumer debt per disposable personal income due to 

three main reasons. The first reason is that I want to focus on the level of household consumer 
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debt, without taking into account the effect of interest rate. Long period of lower interest rate 

implies lower household consumer debt service payment and may draw a wrong picture about 

households’ financial wealth. The second reason is the availability of data. Aggregate household 

consumer debt is available monthly for long period from 1959 to 2015; therefore, covers the 

period with change in income inequality. The third reason is analyzed in Section 2. As the level 

of 𝐷
𝑌⁄  increases, the effect of real interest is more profound; therefore, higher aggregate 

household consumer debt ratio captures households’ vulnerability to adverse shock. 

The aggregate nominal household consumer debt and nominal disposable personal 

income is obtained from U.S. Bureau of Economic Analysis, retrieved from FRED, Federal 

Reserve Bank of St. Louis. I construct the aggregate consumer debt per disposable income by 

dividing aggregate monthly consumer debt by total monthly disposable personal income.  

4.3. Methodology 

For studies investigating the effect of household consumer debt to stock market volatility, a 

comprehensive analysis is limited because of the data availability as well as data frequency 

mismatch between high-frequency stock price (in this paper - weekly) and low-frequency 

household consumer debt (monthly). It apparently generates a trade-off between the possibility 

of efficiently exploiting all the information provided by the high-frequency data and the 

necessity to investigate the linkages to the low-frequency determinants. The practice to aggregate 

the high-frequency to low-frequency data by summing, averaging or using high frequency data at 

one point in time (for example at the end of month) as a proxy for low frequency data can lead to 

information loss. One way to overcome this problem was to apply Spline-GARCH model 

proposed by Engle and Rangel (2008). Unlike conventional GARCH or stochastic volatility 

models, the Spline-GARCH permits unconditional volatility to change over time. In the first step 

of Spline-GARCH model, they extract the slowly varying component of volatility together with 

high frequency data and construct volatility measure by taking the sample average of the low-

frequency component. In the next step, they estimate a reduced-form mode to link the estimated 

price volatility to the low-frequency determinants. The method was able to achieve a better fit 

than the simple GARCH model; however, according to Ghysels and Wang (2011), the 

unconditional variance is modelled in a deterministic and non-parametric manner, preventing the 

possibility of directly incorporate low-frequency data. Furthermore, averaging daily/monthly 



   

16 
 

data at monthly/annual level still leads to information loss. Finally, the impact of lags of the low-

frequency drivers on price volatility is neglected, which is not likely the case in household debt. 

Consistently increasing household debt level has a high possibility of impacting stock market 

volatility.  

Therefore, in this paper, I applied a recent class of component GARCH model which 

applied MIDAS (Mixed Data Sampling). MIDAS regression models are proposed by Ghysels et 

al (2006) and are used to incorporate low-frequency macroeconomic variables into the high-

frequency financial series.  This recent component GARCH model is referred to as GARCH-

MIDAS, where macroeconomic variables are incorporated directly into long-term component of 

stock market volatility. 

The new class of MIDAS structure has attracted much attention in recent years. Chen and 

Ghysels (2009) use MIDAS setting to analyze the effect of news on forecasting volatility. 

Ghysels et al. (2009) analyzes the Granger causality with mixed frequency data. Kotze (2007) 

uses MIDAS regression to investigate high-frequency asset prices and low-frequency inflation. 

In addition, a number of papers use MIDAS regression to get low frequency forecasts with high 

frequency data. Bai et al. (2009) and Tay (2007) use monthly data for quarterly forecasts. Alper 

et al. (2008) uses MIDAS regression to cross emerging market comparisons of stock market 

volatility. Forsberg and Ghysels (2006) demonstrated the relationship outperformances of 

MIDAS over the HAR-RV (Heterogeneous Autoregressive Realized Volatility) model proposed 

by Anderson (2007). Following these studies, in this paper, I apply GARCH-MIDAS approach to 

study the effect of low frequency household consumer debt (sampled monthly) to high frequency 

stock market volatility (sampled weekly). 

The GARCH-MIDAS model can be described as below. The log returns are written as: 

𝑟𝑖,𝑡 = 𝜇 + √𝜏𝑡. 𝑔𝑖,𝑡𝜀𝑖,𝑡,    ∀𝑖 = 1, … , 𝑁𝑡     (1) 

Where 𝑟𝑖,𝑡 is the return on weekday i during month t.  

            𝑁𝑡 is the number of weekdays (trading days) in month t. 

             𝜏𝑡 is the long-term/secular component. 
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             𝑔𝑖,𝑡 is the short-term component of stock volatility.  

The conditional short term variance follows GARCH (1,1) process: 

𝑔𝑖,𝑡 = (1 − 𝛼 − 𝛽) + 𝛼
(𝑟𝑖−1,𝑡 − 𝜇)2

𝜏𝑡
+ 𝛽𝑔𝑖−1,𝑡     (2) 

The household variables which are observed monthly have effect on long-term 

component.  Household debt ratio is directly incorporated in the long-term component as: 

𝜏𝑡 = ln(𝑚 + 𝜃𝑙 ∑ 𝜑𝑘(𝑤1, 𝑤2)𝑋𝑡−𝑘
𝑙

𝐾

𝑘=1

 ) (3) 

Where K is the number of periods over which I smooth volatility
3
. 𝜏𝑡 shall be the same 

during month t and 𝑋𝑡−𝑘
𝑙   represents the level of household debt ratio. By levels, I mean the 

growth rate of aggregate household consumer debt ratio. Variance during month t will be 

𝜎2
𝑖,𝑡 = 𝑔𝑖,𝑡 ∗ 𝜏𝑡 

The weighting function used in equation (3) is described by beta lag polynomial 

(discussed further in Ghysels, Sinko and Valkanov (2006)). The beta lag is popular for use to 

accommodate various lag structures. It can accommodate monotonically increasing, decreasing 

weighting function or hump-shaped weighting function although limited to unimodal shapes. 

𝜑𝑘(𝑤) =
(1 −

𝑘
𝐾)𝑤−1

∑ (1 −
𝑗
𝐾)𝑤−1𝐾−1

𝑗=1

       (4) 

Equation (1)-(4) form the standard GARCH MIDAS model for time-varying conditional 

variance and parameter space. The parameters are estimated by using maximum likelihood 

estimation
4
. The log-likelihood function takes a specific form depending on the distribution 

assumption of 𝜀𝑖,𝑡. The likelihood function involves a large number of parameters, which 

conventional optimization algorithms do not always find global maximization. Therefore, I use 

                                                           
3
 A potential problem is to ensure non-negative τt. A possible solution is to use the log form (log τt) specification. 

4
 Maximum likelihood function can be easily transformed into minimum likelihood function by taking the negative 

of maximum likelihood function. Taking the minimum likelihood function is for the use of optimization toolbox in 
Matlab.  
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the simulated annealing approach (Goffe et al., 1994) for estimation, which very robust even for 

very complicated maximization. In case of two-component normal mixture distribution, 

expectation maximization (EM) algorithms are used, which will be explained in more details in 

section 4.3.1.3. 

4.3.1. Errors distribution 

4.3.1.1. Normal distribution 

If 𝜀𝑖,𝑡 is assumed to follow standard normal distribution 𝜀𝑖,𝑡~𝑁(0,1), the log-likelihood 

value is written as: 

𝑇

2
∗ ln(2𝜋) +

1

2
∗ ∑ ln(𝜎2

𝑖,𝑡) +
1

2
∗ ∑

(𝑟𝑖,𝑡 − 𝜇)2

𝜎2
𝑡

𝑇

𝑡=1

𝑇

𝑡=1

 

Where T is the number of stock return observation 

In case of normal distribution errors, parameter space will be { 𝜇, α, β, 𝑚, 𝜃𝑙 , 𝑤}  

4.3.1.2. Student t-distribution  

If 𝜀𝑖,𝑡 is assumed to follow student t-distribution, the log-likelihood value is written as: 

𝑇 ∗ ln (Γ (
𝑣 + 1

2
)) + 𝑇 ∗ 𝑙𝑛 (Γ (

𝑣

2
)) +

1

2
∗ 𝑇 ∗ 𝑙𝑛(π ∗ (𝑣 − 2)) +

1

2

∗ ∑ ln(𝜎2
𝑖,𝑡) +

(v + 1)

2
∗ ∑ 𝑙𝑛 (1 +

(𝑟𝑖,𝑡 − 𝜇)2

𝜎2
𝑡 ∗ (𝑣 − 2)

)

𝑇

𝑡=1

𝑇

𝑡=1

 

Where   v: the number of degrees of freedom 

                         Γ: the gamma function 

                       T: the number of return observation. 

In case of student t-distribution errors, parameter space will be { 𝜇, α, β, 𝑚, 𝜃𝑙 , 𝑤,v} 

4.3.1.3. Two-component normal mixture distribution. 

Mixtures of normal distributions have long history in empirical finance for modelling assets 

returns (see Press 1967, Praetz 1972, Clark 1973, Blattberg and Gonedes 1974, Kon 1984). The 
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use of normal mixtures to handle fat tails was first considered by Newcomb (1963). A good 

introduction of mixture distributions (theory and applications) can be found in Everitt and Hand 

(1981), Titterington et al. (1985) , McLachlan and Basford (1988), Lindsay (1995), McLachlan 

and Peel (2000), and Frühwirth-Schnatter (2006). Gridgeman (1970) proves that a mixture of 

normal distribution is leptokurtic, when all regimes have the same mean. Mixtures of normal 

distribution, therefore, are able to accommodate various shapes of continuous distribution and 

able to capture leptokurtic and skewed characteristics of financial times series data.  

The paper, therefore, examines the GARCH-MIDAS model with 𝜀𝑖,𝑡 is assumed to follow 

a two-component normal mixture distribution. A mixture of normal distribution with the same 

means has heavier tails than the normal distribution of the same variance. Also note that the 

return distributions with thicker tales have a thinner and higher peak in the center compared to 

normal distribution. Fama (1965) claims that “the most popular approach to explain long-tailed 

distributions of price changes is a mixture of several normal distributions with possibly the same 

mean, but substantially different variances”. Therefore, the results can be applied to the stock 

market returns with heavy-tailed as demonstrated in the descriptive statistics of excess kurtosis 

(Section 4.1). Other reason for using two-component normal mixture distribution is that the 

household variables may have different effect depending on the state of the economy. The first 

component usually carries a higher weight (more than 90% or more in the mixture). The second 

component can be considered the ‘crash’ component because it has much higher long-term 

volatility and occurs less than 10% of the time. By using GARCH-Midas model with errors 

follow two-component normal mixture distribution, I can measure the impact of household debt 

to market volatility during different states of the economy. In summary, the GARCH-MIDAS 

model with two-component normal mixture distribution can be explained as below. 

I assume the error term follows 𝜀𝑖,𝑡|𝐼𝑡−1~𝑁𝑀(𝑝, 1 − 𝑝; 01, 02, 𝜎1𝑡
2 , 𝜎2𝑡

2 ) 

Variance during month t of normal distribution 1 is 𝜎2
𝑖,1𝑡 = 𝑔𝑖,1𝑡 ∗ 𝜏1𝑡 

Variance during month t of normal distribution 2 is 𝜎2
𝑖,2𝑡 = 𝑔𝑖,2𝑡 ∗ 𝜏2𝑡 
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𝜏1𝑡, 𝜏2𝑡  is the long-term/secular component of volatility and 𝑔𝑖,1𝑡, 𝑔𝑖,2𝑡 is the short-term 

component of volatility of normal distribution 1, 2 respectively. The conditional short-term 

variance follows GARCH (1,1) process: 

𝑔𝑖,1𝑡 = (1 − 𝛼1 − 𝛽1) + 𝛼1

(𝑟𝑖−1,1𝑡 − 𝜇)2

𝜏1𝑡
+ 𝛽𝑔𝑖−1,1𝑡     (2) 

𝑔𝑖,2𝑡 = (1 − 𝛼2 − 𝛽2) + 𝛼2

(𝑟𝑖−1,2𝑡 − 𝜇)2

𝜏2𝑡
+ 𝛽𝑔𝑖−1,2𝑡     (3) 

And the long-term return variance is defined as: 

𝜏1𝑡 = 𝑚1 + 𝜃1𝑙 ∑ 𝜑𝑘(𝑤1)𝑋𝑡−𝑘
𝑙

𝐾

𝑘=1

  (4) 

𝜏2𝑡 = 𝑚2 + 𝜃2𝑙 ∑ 𝜑𝑘(𝑤2)𝑋𝑡−𝑘
𝑙

𝐾

𝑘=1

  (5) 

Where 𝜏1𝑡, 𝜏2𝑡 will be the same during weekday ∀𝑖 = 1, … , 𝑁𝑡 of month t. 

𝑋𝑡−𝑘
𝑙   represents the level of household consumer debt ratio.  

The parameters are estimated by maximum likelihood method. Since the conditional 

density of normal mixture equal ∑ 𝑝𝑚𝜑𝑖(𝑒𝑖)
2
𝑚=1  (with 𝜑𝑖(𝑒𝑖) is the normal density functions of 

component normal distributions), the log likelihood function is:   

∑ ln (𝑝 ∗ (
1

𝜎𝑖,1𝑡∗√2𝜋
∗ 𝑒

−(𝑟𝑖,𝑡−𝜇)2

2∗𝜎2
𝑖,1𝑡 ) + (1 − 𝑝) ∗ (

1

𝜎𝑖,2𝑡∗√2𝜋
∗ 𝑒

−(𝑟𝑖,𝑡−𝜇)2

2∗𝜎2
𝑖,2𝑡 ))𝑇

𝑡=1  (6) 

Direct maximization of equation (6) is quite difficult, numerically, since it involves 

finding the maximization of the sum inside the logarithm. Therefore, I use a procedure called the 

Expectation Maximization (EM) algorithm. The key characteristics of the EM algorithm have 

been established by Dempster et al. (1977). The EM algorithm is a popular tool for simplifying 

maximum likelihood problems in the context of a mixture model. The EM algorithm has become 

the method of choice for estimating the parameters of a mixture model, since its formulation 



   

21 
 

leads to straightforward estimators (Piscard 2007). The EM algorithm for two-component 

Gaussian mixture is summarized as below. 

I consider unobserved latent variables ∆𝑡 taking the values 0 or 1: if ∆𝑡= 1 then the 

observation comes from distribution 1, otherwise it comes from distribution 2. Suppose I knew 

the values of the ∆𝑡′𝑠. Then the log likelihood function would be: 

∑ [∆𝑡 ∗ (
1

2
ln(2𝜋) +

1

2
∗𝑇

𝑡=1 ln(𝜎2
𝑖,1𝑡) +

1

2
∗

(𝑟𝑖,𝑡−𝜇)2

𝜎2
𝑖,1𝑡

) + (1 − ∆𝑡) ∗ (
1

2
ln(2𝜋) +

1

2
∗ ln(𝜎2

𝑖,2𝑡) +

1

2
∗

(𝑟𝑖,𝑡−𝜇)2

𝜎2
𝑖,2𝑡

)] + ∑ [(1 − ∆𝑡) ∗ 𝑙𝑛𝜋 + ∆𝑡 ∗ ln (1 − 𝜋)]𝑁
𝑡=1  (7) 

Since the values of the ∆𝑡′𝑠 are actually known, I take iterative steps, substituting for 

each ∆𝑡 its expected value 𝛾𝑖(𝜃) = 𝐸(∆𝑡|𝜃, 𝑧) = Pr (∆𝑡= 1|𝜃, 𝑧). 𝛾𝑖(𝜃) also called the 

responsibility of model 1 for observation i. The summarized steps for EM algorithm are as 

below: 

 Take initial guess for the parameters 

 Expectation Step: Computes the responsibilities: 

𝛾�̂� =

�̂�
1

𝜎𝑖,1𝑡 ∗ √2𝜋
∗ 𝑒

−(𝑟𝑖,𝑡−𝜇)2

2∗𝜎2
𝑖,1𝑡

�̂�
1

𝜎𝑖,1𝑡 ∗ √2𝜋
∗ 𝑒

−(𝑟𝑖,𝑡−𝜇)2

2∗𝜎2
𝑖,1𝑡 + (1 − �̂�)

1

𝜎𝑖,2𝑡 ∗ √2𝜋
∗ 𝑒

−(𝑟𝑖,𝑡−𝜇)2

2∗𝜎2
𝑖,2𝑡

 

 Maximization Step: computed the new estimated mean and variances using the maximum 

likelihood function (7) 

 Iterated these steps until convergence with tolerate difference of 10−6. 

The weighting scheme used in equation (4) and (5) is described by beta lag polynomial. 

𝜑𝑘(𝑤1) =
(1 −

𝑘
𝐾)𝑤1−1

∑ (1 −
𝑗
𝐾)𝑤1−1𝐾−1

𝑗=1

       (7) 

𝜑𝑘(𝑤2) =
(1 −

𝑘
𝐾)𝑤2−1

∑ (1 −
𝑗
𝐾)𝑤2−1𝐾−1

𝑗=1

       (8) 
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Equation (1)-(8) form the GARCH MIDAS model for conditional variance and parameter 

space { 𝜇,𝛼1,𝛽1, 𝛼2,𝛽2, 𝑚1,𝑚2, 𝜃1𝑙 , 𝜃2𝑙 , 𝑤1, 𝑤2, 𝑝}  

4.3.2. Evaluation of in-sample fit 

4.3.2.1. Likelihood-Based Criteria and Tests 

The Bayesian information criterion (BIC) is defined as 

       𝐵𝐼𝐶 = −2𝑙𝑜𝑔𝐿(𝜃) + 𝐾𝑙𝑜𝑔(𝑁),  

Where          𝑙𝑜𝑔𝐿(𝜃) is the maximized log likelihood function. 

                             K: number of parameters.  

                             N: the number of data points in the in-sample period.  

The model that yields the lowest value of BIC is considered to be the best fit. However, 

the reliability of likelihood-based tests and criteria depends on the accuracy of error distribution 

assumption. Hence, BIC is used accompanying with a test for the assumed distribution of errors.  

4.3.2.2. Unconditional Distribution Tests 

These tests are based on a comparison of the empirical errors distribution with a simulated errors 

distribution generated by the estimated model. I used Kolmogorov-Smirnoff (KS) statistics for 

the comparison of two distributions. The statistics is: 

𝐾𝑆 = max |𝐹1(𝑥) − 𝐹2(𝑥)| 

where                     𝐹1(𝑥): Model-based errors distribution (using kernel fitting) 

                               𝐹2(𝑥): Empirical errors distribution (using kernel fitting) 

KS is the maximum of the vertical differences between two cumulative distribution 

functions. The model that minimizes the value of this statistic is the preferred choice, since it 

indicates smaller differences between model-based errors distribution and empirical errors 

distribution. In this paper, I present the asymptotic p-value of the test. P-value is larger than 0.01 

indicates that the KS test does not reject the null-hypothesis that the data are from the same 
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continuous distribution at 1% significant level. Therefore, the model with higher p-value is the 

preferred choice. 

4.3.2.3. Measure of proximity 

This paper uses two loss functions, the Mean Square Error (MSE) and the Mean Absolute Error 

(MAE), defined as: 

𝑀𝑆𝐸 =
1

𝑇
∑(𝜎𝑡

2 − 𝐸(𝜎𝑡
2))

2
𝑇

𝑡=1

 

𝑀𝐴𝐸 =
1

𝑇
∑ |𝜎𝑡

2 − 𝐸(𝜎𝑡
2)|

𝑇

𝑡=1

 

MSE is a quadratic loss function and gives a larger weight to large prediction errors 

compared to the MAE measure, and is therefore encouraged to use when large errors are more 

serious than small errors (Brooks and Persand, 2003). The model with lower MSE and/or MAE 

is preferred choice.   

4.3.2.4. Moment Specification Tests 

If a model is able to capture all the time variation in volatility over a sample then the time series 

of errors should be independent and has constant volatility. The errors will have the same 

functional form of distribution as specified in the model. Denote this distribution by F. We take 

the value of cumulative distribution 𝑢𝑡 = 𝐹(𝜀𝑖,𝑡). Under the null hypothesis, 𝑢𝑡 will be 

independently and uniformly distributed, then 𝑧𝑡 which is the invert cumulative distribution of 𝑢𝑡 

is independent and standard normal i.i.d. Ljung-Box Q-test is used to assess the presence of 

autocorrelation at individual lags.  

In this paper, I present the p-value of the test. P-value is larger than 0.01 indicates that the 

Ljung-Box Q-test does not reject the null-hypothesis that the data are from the same continuous 

distribution at 1% significant level. Therefore, the model with higher p-value for Ljung-Box Q-

test is the preferred choice. 
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4.3.3. Structural break testing 

One possible limitation of the estimation provided with the full sample is that the low-frequency 

component of stock volatility can present structural breaks. As noted by Engel et al. (2008), 

GARCH-MIDAS models are not immune to breaks. Therefore, we would prefer to test whether 

our full sample presents or not and re-estimate the models considering possible changes in the 

stock volatility dynamics. One way to test for structural breaks is to compare the log-likelihood 

function for the full sample with those of the sub-samples suggested by the empirical evidence. 

In this case, testing the presence of a break in coincidence with the change in income inequality 

can shed light on the effect of household consumer debt ratio associated with income inequality. 

Following Engel et al (2013), I test the hypothesis calculating: 

−2 ∗ [𝐿𝐿𝐹𝑓𝑢𝑙𝑙 − ∑ 𝐿𝐿𝐹𝑖

𝑖=𝑠𝑢𝑏.𝑠𝑎𝑚𝑝𝑙𝑒𝑠

] ~ 𝑥2(𝑑𝑓) 

Where df indicates the number of parameters times the number of restrictions, which 

corresponds to the number of subsamples minus one. Two subsamples representing two different 

periods of income inequality (1964-1984 and 1985-2015) are used. 
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5. RESULT AND ANALYSIS 

5.1. Model estimation 

In Figure 7, I present the QQ-plot, Sample Autocorrelation Function for the 𝑧𝑡 and squared 𝑧𝑡 (as 

explained in 4.3.2.4), conditional volatility and its long-run component of stock market returns, 

optimal weight function and distribution of errors of the full sample (starting from 01-01-1964 to 

01-01-2015) for GARCH-MIDAS with normal mixture, normal and student-t errors distribution 

respectively. Based on the Sample Autocorrelation Function plot, it is not completely clear 

whether the data is serially correlated or not. The QQ plot of sample versus normal distribution, 

however, clearly shows that normal mixture GARCH-MIDAS model provides the best fit. The 

errors distribution of normal mixture GARCH-MIDAS model shows that mixture distributions 

capture distributions with higher peak and heavier tails than normal distribution. The first normal 

distribution (first component - e1) is a low peak high variance regime and the second normal 

distribution (second component - e2) is a high peak low variance regime.  

I confirm the fitness of different models based on tests summarized in Section 4. In Table 

01, I present the test results of GARCH-MIDAS model with normal distribution (with compare 

to GARCH(1,1)), student-t distribution and two-component mixture distribution for the full 

sample. When the GARCH-MIDAS with normal mixture distribution errors (GARCH-MIDAS-

NM) is chosen as the benchmark model, it clearly outperforms alternative models except for 

BIC. However, the reliability of BIC depends on the accuracy of error distribution assumption 

which clearly favors normal mixture GARCH-MIDAS. In details, compare to other models 

presented, GARCH-MIDAS with normal mixture distribution errors has the highest value of log 

likelihood function (LLF=6,752.98), lowest value of MSE and MAE (MSE=1, MAE=0.77), 

highest value of Kolmogorov-Smirnoff statistics (KS stat = 0.09), highest value of Ljung-Box Q-

test (LBQ=0.08). Therefore, I analyze the result in the next section based on normal mixture 

GARCH-MIDAS model. 
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5.2. Result   

First, it is shown that controlling for household variables in GARCH-MIDAS model increases 

the goodness of fit, compare to the standard GARCH (1,1). Therefore, household consumer debt 

is important explanatory variables to the long term component of stock market volatility. To 

understand how much of expected volatility can be explained by household consumer debt ratio, 

I compute the ratio: 𝑉𝑎𝑟(ln(𝜏𝑡))/𝑉𝑎𝑟(ln(𝜏𝑡 ∗ 𝑔𝑡)). The variance ratio result is 12.41%, which 

means that household consumer debt ratio contributes to/explains more than 12% of the total 

stock volatility. Therefore, the result confirms the first hypothesis (H1), indicating that rising 

household consumer debt affects stock market volatility in the U.S. 

The parameter estimates appear in Table 01 for different GARCH-MIDAS models. In the 

full sample, I take 5 year of lags, or 60 lags
5
. The parameter estimate is negative for the first 

component and positive for the second component. The parameters are statistically significant at 

10% level and it implies the mix effect of the household consumer debt ratio in the full sample. 

For 89.42% of the time (p=0.8942), increasing household consumer debt ratio leads to 

decreasing stock market volatility. For 10.57% of the time, increasing household consumer debt 

ratio leads to increasing stock market volatility. Therefore, the result confirms the second 

hypothesis (H2), indicating the mixed effect of household consumer debt to stock market 

volatility in the U.S. Figure 7 illustrates the plot of the optimal weighting function for both 

components in the full sample. The function results in seemingly counterintuitive weighting 

patterns, a lower weight for more recent observations. The optimal weighting function implies 

that the information associated with rising household consumer debt needs time lags to be 

incorporated into stock market volatility. This can be interpreted as a delay between economic 

information and its effect to stock market volatility. It can also show the inefficiency of stock 

market, when all available information is not immediately incorporated in stock market 

volatility. 

For testing of structural break, I have 12 parameters and two sub-samples (1964-1984, 

1985-2015), that is 12 degree of freedom. The sub-sample from 1964 to 1984 represents 

                                                           
5
 I used several alternative lags (K in methodology equations). The total lags are determined by number of years, or 

so-called MIDAS years, and by time-span t (monthly) that will be used to calculateτt. The results show that the 
optimal value of the likelihood function increases with the number of lags with the optimal level at around 60 lags. 
I therefore limit the number of lags in the MIDAS equation to 60 lags, which results in 5 MIDAS years. 



   

27 
 

relatively low income inequality while the sub-sample from 1985 to 2015 marks the increase in 

income inequality. 

Parameter estimates of different models for different sub-samples appear in Table 01. 

The focus is on the parameter 𝜃 which reveals the impact of household consumer debt ratio on 

stock market volatility. For the first period (1964-1984), the parameter estimate is negative and 

statistically significant for both components, especially in the first component, the parameter 

estimate is strongly significant at less than 0.0001% significant level. This means that higher 

household consumer debt ratio leads to lower stock market volatility. For the first component 

(which carries the weight of 91.30% (p=0.913)), the parameter estimate is -4.067 with a t-

statistics of 4.93. Since the weighting function with w=0.6220 puts 0.0517 on the first lag and 

0.03979 on the second lag, I find that one percent increase of household consumer debt ratio at 

the current month would decrease the next month market volatility by 𝑒−4.067∗0.0517 − 1 ≈

0.1897 or 18.97%. If last month’s household consumer debt ratio increases by 1%, I would see 

the decrease of 14.94% in the stock market volatility next month.  For the second component 

(which carries the weight of 8.7% (p=0.087)), the parameter estimate is -1.97 with a t-statistics 

of 2.2. Since the weighting function with w=6.32 puts higher weight on the last lags, indicating 

that the rising of aggregate household consumer debt ratio in the last 5 years has significant 

effect on stock market volatility. The result implies significant negative effect of rising 

household consumer debt to stock market volatility in the period of low income-inequality, 

which confirms the sub-hypothesis (H2a). Figure 8 illustrates the plot of the optimal weighting 

function for both components in the full sample. The function results in seemingly intuitive 

weighting patterns, a higher weight for more recent observations for the first component, 

however, counterintuitive weighting patterns with a lower weight for more recent observations 

for the second component. Higher weight for more recent observations may show the efficiency 

in the market during period of 1964-1985, as more distant observation information may already 

be captured in stock market volatility. The weighting function, however, still confirms that 

information regarding household consumer debt needs time lags to be captured in stock market 

volatility. 

On the contrary, the second period (1985-2015) reflects differences effect compared to 

the 1964-1984 period. The parameter estimate is positive and statistically significant at 1% and 
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5% level. For the first components (which carries the weight of 91.01% (p=0.9101)), the 

parameter estimate is 1.103 with a t-statistic of 1.88. Since the weighting function with 

w=1.2188 places 0.0084 on the first lag and 0.0098 on the second lag, one percent increase of 

aggregate household consumer debt ratio at the current month would increase the next month 

market volatility by 𝑒1.103∗0.0084 − 1 ≈ 0.0093 or 0.9%. If last month’s household consumer 

debt ratio increases by 1%, we would see the increase of 1.1% in the stock market volatility next 

month. For the second components (which carries the weight of 8.99% (p=0.0899)), the 

parameter estimate is 2.456 with a t-statistic of 2.13. Since the weighting function with w=2.007 

places 0.0006 on the first lag and 0.0011 on the second lag, one percent increase of aggregate 

household consumer debt at the current month would increase the next month stock market 

volatility by 𝑒2.456∗0.0006 − 1 ≈ 0.14%. If last quarter’s household aggregate debt increase by 

1%, we would see the increase of 0.27% in the stock market volatility next month. Figure 9 

illustrates the plot of the optimal weighting function for both components in the full sample with 

a lower weight for more recent observations for both components. 

The structural break test indicates no presence of structural breaks with 1% significant 

level. This is not entirely unexpected as the long span of household consumer debt ratio implies 

strong upward trend. 

5.3. Analysis 

From the result, rising aggregate household consumer debt ratio has mixed effect in different 

period of time. Rising household consumer debt decreases stock market volatility for the period 

from 1962 to 1984 while it increases stock market volatility from the period of 1985 to 2015. 

The effect change coincides with the sharp rise in the share of income going to household at the 

top of personal income distribution (starting in the early 1980s).  

The result confirms the hypothesis mentioned in Section 3. Behavioral response of 

households whose share of income declines (bottom 95%) is considered the key explanation for 

the change in effect of aggregate household consumer debt to stock volatility during period of 

rising income inequality. In period of rising income inequality (1985-2015), rising household 

debt is not associated with decreasing low-income consumption rate. This fact leads to higher 

debt burden to low-income household and accumulating unsustainable debt. This in turn reflects 
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fundamental uncertainty about the long-term consequences of debt accumulation, therefore, 

increases stock market volatility. 

For the period of 1959 to 1984, rising household debt is in accordance to decreasing 

income share of top-income households (Figure 5). This fact leads to sustainable borrowing and 

consumption. The stock market responses favorably to the trend, leading to decreasing stock 

market volatility.  

The effect finding of aggregate consumer debt ratio contributes to a substantial literature 

connects the relatively rapid growth of the U.S. economy during the Great Moderation to 

aggressive increases in household indebtedness that offset the other-wise negative impact on 

consumption spending of increasing income inequality (Wisman, 2013, Setterfield 2013, Barba 

and Pivetti 2009, Cynamom and Fazzari 2008, Palley 2002). Setterfield and Kim (2013) state 

that, in the presence of emulation effects in consumption behavior, rising inequality of the sort 

witnessed in the US since 1980 can boost growth. There are a number of literatures that argues 

that income inequality is inimical to fast growth, together with the past mainstream view that 

argues income inequality was a necessary side effect of growth and efficiency. However, the 

sustainability of growth by household consumer debt is questioned in this paper. The 

consumption growth had been lost now that the bottom 95% is no longer able to expand their 

balance sheets. That in turn amplifies demand drag in period of rising inequality and increasing 

stock market volatility.  
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6. CONCLUSION 

From the dataset of US stock return and household consumer debt ratio for more than 50 years 

(1964-2015), I empirically research the effect of household consumer debt ratio in different 

period of income inequality. The result confirms the explanatory power (>12%) of household 

consumer debt to stock market volatility in the U.S. In addition, the paper’s result shows that 

rising household consumer debt in period of rising income inequality has unfavorable effect to 

stock market volatility. Rising household consumer debt in period of low income inequality, 

however, has favorable effect to stock market volatility. The GARCH-MIDAS approach with 

normal mixture errors distribution provides better fit while allowing us to capture the effect of 

rising household consumer debt in different periods of income inequality.  

The different effect of aggregate household consumer debt raises discussion to achieve a 

long-run stable recovery. As the financial crisis and the Great Recession have shown, the debt-

led Growth generated by such strategies in rising income inequality is unsustainable in the long 

run. The analysis represents the trade-off for the bottom income households group to cut 

consumption-income ratio in period of rising inequality for its debt-income ratio to be on a 

sustainable path. The main contributions of our analysis with respect to the previous works can 

be summarized as (1) analyze the volatility driver of household consumer debt for more than 50 

years of weekly data (from 1964 to 2015); (2) reduce the trade-off between the accuracy of the 

volatility measurement provided by high-frequency data of stock prices and the necessity to 

match it with low-frequency household consumer debt; (3) examine GARCH-MIDAS model 

with two-component normal mixture errors distribution; (4) empirically examine the effect of 

rising household consumer debt during different period of income inequality. 

There are, however, several drawbacks of the study. The limitation of the study is 

considered with ideas for further research. First, the study only samples from the U.S. An 

improvement to the current research would be to enlarge the project samples by including other 

countries with different level of income inequality. Further research with cross-country analysis 

is suggested to reveal any divergence in the behavioral response of bottom income households 

group to rising income inequality, thus empirically account for the effect of rising household 
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consumer debt to stock market volatility. The cross-country analysis helps to confirm the effect 

of rising household consumer debt during different periods of income inequality. The attention as 

well as availability for household data in Europe is increasing, thus provide interesting topic for 

under-research household finance. Other components of household debt, including mortgage 

debt can also be considered for further research. Second, in this paper, I use GARCH-MIDAS 

model with two component normal mixture distribution of the same mean. Therefore, the model 

may not accommodate skewness as well as asymmetric characteristics as found in the 

distribution of U.S. stock market returns. Future research with different mean and more than two 

normal mixture distributions can be considered to better capture the leptokurtic and skewed 

characteristics in the data. Last but not least, GARCH-MIDAS model with two component 

normal mixture distribution still unable to capture all of the leptokurtosis demonstrated in stock 

market returns. Adding more economic variables (both in terms of level and variance) may better 

accommodate the non-normality and asymmetric characteristics of financial time series data.  
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Figure 4: Top Decile Income share, 1917-2013 

Source: Top Income Database 
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Figure 5. Household Net Worth to Disposable Income 

Source: Net Woth as a Percentage of Disposable Income from FRED, Net Worth Share of Top 5% 

Income from SaezZucman 2014, Top 5% Income Share from Top Income Database  
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Figure 6. (Row 1) From left to right: Weekly U.S. stock return, Sample Autocorrelation Function of weekly stock return, QQ plot 

versus best fitted normal distribution period from 01-01-1964 to 01-01-2015. 

(Row 2) From left to right: Squared weekly U.S. stock returns, Sample Partial Autocorrelation Function of squared weekly stock 

return, QQ plot versus best fitted t-student distribution for period from 01-01-1964 to 01-01-2015. 

Data Source: Kenneth R. French 
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Figure 7. (Rows) From left to right, Normal Mixture GARCH-MIDAS, Normal Distribution GARCH-MIDAS, Student-t distribution 

GARCH-MIDAS for period from 1964 to 2015.  

(Columns) From up to down: QQ plot, Sample Autocorrelation Function of z, Sample Autocorrelation Function of squared z, 

conditional volatility and its long-run component, optimal weight function and errors distribution. 

   

 

Figure continues to next page… 
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Continue from Figure 7   

   

  

 

 

 

Figure continues to next page… 
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Continue from Figure 7 
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Figure 8. (Rows) From left to right, Normal Mixture GARCH-MIDAS, Normal Distribution GARCH-MIDAS, Student-t distribution 

GARCH-MIDAS for period from 01-01-1964 to 01-12-1984 (dd-mm-yy)  

(Columns) From up to down: QQ plot, Sample Autocorrelation Function of z, Sample Autocorrelation Function of squared z, 

conditional volatility and its long-run component, optimal weight function and errors distribution for period from 01-01-1964 to 01-

12-1984 (dd-mm-yy) 

 
 

 

 

Figure continues to next page… 
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Continue from Figure 8   
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Continue from Figure 8 
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Figure 9. (Rows) From left to right: Normal Mixture GARCH-MIDAS, Normal Distribution GARCH-MIDAS, Student-t distribution 

GARCH-MIDAS for period from 01-01-1985 to 01-01-2015 (dd-mm-yy). 

(Columns) From up to down: QQ plot, Sample Autocorrelation Function of z, Sample Autocorrelation Function of squared z, 

conditional volatility and its long-run component, optimal weight function and errors distribution for period from 01-01-1985 to 01-

01-2015 (dd-mm-yy). 

  
 

 

Figure continues to next page…. 
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Continue from Figure 9   
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Continue from Figure 9 
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                          Table 01: Parameter Estimates for GARCH-MIDAS 

GARCH-MIDAS models with various specifications are fitted via QMLE. For all specifications, 60 lags are taken to model log𝜏𝑡. 𝜃 

are rescaled by multiplication of 10−2 to make the level repesented in percentage unit. The model specification has different 

interpretations for GARCH-MIDAS model with different errors distribution. The numbers in the parenthesis are t-stats  (***p<0.01, 

**p<0.05, *p<0.1).  

Model Period 

C
o
m

p
o
n

en
t 

μ α β m θ w v p LLF/BIC 
MSE/

MAE 

KS 

Stat/

LBQ 

GARCH-

LLF/BIC 

GARCH-

MIDAS 

NM 

1964-

2015 

1 0.00 0.07 0.89 (8.79) (0.30) 26.84 

 

0.89 (6,752.98) 1.00 0.09 

 

 

8.64 5.34 44.76 (30.29) (1.41)* 1.09 

 

20.95 (5.03) 0.77 0.08 

 2 

 

0.47 0.52 (2.55) 1.21 1.00 

      

  

3.10 3.41 (0.61) 1.44* 2.07 

      GARCH-

MIDAS 

Norm 

1964-

2015 

 
0.00 0.15 0.82 (7.53) (0.22)** 52.80 

  
(6,703.28) 1.02 0.00 6,699.4 

 
8.08 7.91 37.28 (44.09) (1.92) 1.49 

  
(5.03) 0.78 0.10 (5.01) 

GARCH-

MIDAS 

Student-t 

1964-

2015 

 
0.00 0.12 0.84 (7.65) (0.62)* 0.05 8.39 

 
(6,748.40) 1.02 0.00 

 

 

8.98 6.27 34.82 (45.37) (1.59) 0.14 7.43 

 

(5.06) 0.78 0.09 

                

Table continues to next page …       
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Continue from Table 01 

Model 
P

er
io

d
 

C
o
m

p
o
n

en
t 

μ α β m θ w v p LLF/BIC 
MSE/

MAE 

KS 

Stat/

LBQ 

GARCH-

LLF/BIC 

GARCH-

MIDAS 

NM 

1964-

1984 

1 0.00 0.13 0.79 (8.28) (4.07)*** 0.62 

 

0.91 (2,853.30) 0.99 0.11 

 

 

5.49 4.82 21.88 (48.69) (4.93) 4.98 

 

22.19 (5.13) 0.78 0.23 

 2 

 

0.02 0.71 (7.10) (1.97)** 6.32 

 

0.09 

    

  

0.09 0.82 (12.72) (2.20) 1.84 

      

1985-

2015 

1 0.00 0.06 0.90 (8.56) 1.10** 1.22 
 

0.91 (3,920.98) 1.00 0.39 
 

 
7.20 4.02 37.65 (46.81) 1.88 3.22 

 
20.87 (4.94) 0.76 0.06 

 
2 

 
0.67 0.32 (3.24) 2.46** 2.01 

    
0.74 

 

  
3.37 1.63 (1.02) 2.13 1.72 

 
0.09 

    

GARCH-

MIDAS 

Norm 

1964-

1984  

0.00 0.14 0.81 (7.80) (3.12)*** 0.91 

  

(2,830.64) 1.01 0.02 2,821.5 

 

4.72 5.47 26.11 (48.40) (4.60) 4.53 

  

(5.16) 0.79 0.22 (5.12) 

1985-

2015  

0.00 0.17 0.79 (7.37) (0.28)* (0.57) 

  

(3,883.27) 1.00 0.02 3,880.5 

 

6.88 5.93 22.37 (31.37) (1.55) (0.99) 

  

(4.94) 0.77 0.17 (4.92) 

GARCH-

MIDAS 

student-t 

1964-

1984  

0.00 0.14 0.80 (7.81) (3.54)*** 0.77 9.77 

 

(2,844.81) 1.02 0.00 

 

 

5.53 4.99 22.77 (40.88) (4.69) 4.82 4.24 

 

(5.18) 0.79 0.25 

 1985-

2015  

0.00 0.11 0.86 (7.55) (0.25) (0.56) 7.20 

 

(3,915.94) 1.01 0.00 

 

 

7.70 3.87 23.87 (31.48) (1.26) (0.79) 6.17 

 

(4.98) 0.76 0.14 
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Continue from Table 01 

Test statistics 

LLF Optimal log-likelihood function value 

BIC Bayesian Information Criterion 

MSE Mean squared errors 

MAE Mean absolute errors 

KS stat Kolmogorov-Smirnoff (KS) statistic (p-value) 

LBQ Ljung-Box Q-test statistic (p-value) 

GARCH-LLF Optimal log-likelihood function value for GARCH (1,1) 

GARCH BIC Bayesian Information Criterion for GARCH (1,1) 
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APPENDIX 

Appendix A. Ljung-Box Test 

 The Ljung-Box Q-test is a "portmanteau" test that assesses the null hypothesis that a series 

of residuals exhibits no autocorrelation for a fixed number of lags L, against the alternative that 

some autocorrelation coefficient ρ(k), k = 1, ..., L, is nonzero. 

        The test statistic is  

𝑄 = 𝑇(𝑇 + 2) ∑ (
𝜌(𝑘)2

(𝑇 − 𝐾)
)

𝐿

𝑘=1

 

                   Where    T is the sample size 

                                 L is the number of autocorrelation lags 

                                    𝜌(𝑘) is the sample autocorrelation at lag k.  

 Under the null hypothesis, the asymptotic distribution of Q is chi-squared with L degrees of 

freedom 

Appendix B. Engle ARCH test 

Engle's ARCH test assesses the null hypothesis that a series of residuals (rt) exhibits no 

conditional heteroscedasticity (ARCH effects), against the alternative that an ARCH(L) model 

describes the series. 

        The ARCH(L) model has the following form: 

𝑟𝑡
2 = 𝛼0 + 𝛼1𝑟𝑡−1

2 + ⋯ + 𝛼𝐿𝑟𝑡−𝐿
2 + 𝑒𝑡 

                                    Where there is at least one 𝛼𝑗 ≠ 0; 𝑗 = 0, … , 𝐿 

         The test statistics is the Lagrange multiplier statistic 𝑇𝑅2, where T is the sample size and 

𝑅2 is the coefficient of determination from fitting ARCH(L) model for a number of lags (L) via 

regression.  

         Under the null hypothesis, the asymptotic distribution of the test statistic is the chi-square 

with L degrees of freedom. 


