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Abstract

In this paper, we explore the relationship between state-level household income inequality and mac-
roeconomic uncertainty in the United States. Using a novel large-scale macroeconometric model,
we shed light on regional disparities of inequality responses to a national uncertainty shock. The
results suggest that income inequality decreases in most states, with a pronounced degree of hetero-
geneity in terms of shapes and magnitudes of the dynamic responses. By contrast, some few states,
mostly located in the West and South census region, display increasing levels of income inequality
over time. We find that this directional pattern in responses is mainly driven by the income compos-
ition and labor market fundamentals. In addition, forecast error variance decompositions allow for
a quantitative assessment of the importance of uncertainty shocks in explaining income inequality.
The findings highlight that volatility shocks account for a considerable fraction of forecast error vari-
ance for most states considered. Finally, a regression-based analysis sheds light on the driving forces
behind differences in state-specific inequality responses.
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1 Introduction

This paper explores the nexus between uncertainty shocks and income inequality at the US state level.
The literature on uncertainty shocks (Bloom, 2009; Caggiano et al., 2014; Jurado et al., 2015; Caldara
et al., 2016; Carriero et al., 2016; Basu and Bundick, 2017; Mumtaz and Theodoridis, 2017) identifies a
range of channels through which volatility impacts the wider macroeconomy. Movements in quantities
related to these channels are typically perceived as important determinants of income inequality (Piketty
and Saez, 2003; Roine et al., 2009; Coibion et al., 2017). In this contribution, we aim to link these strands
of the literature by proposing a large-scale dynamic macroeconometric model. This allows for capturing
dynamics between national US quantities and a set of state-specific variables related to the distribution
of income across space and time.

The recent literature on uncertainty shocks (see, among many others, Caldara et al., 2016; Baker
et al., 2016) increasingly discriminates between different types of uncertainty. In his seminal contribu-
tion, Bloom (2009), for instance, uses the volatility index (VIX) of the Chicago Board Options Exchange
as an observed measure of uncertainty that is closely related to financial market uncertainty. As opposed
to uncertainty arising from financial markets, real macroeconomic uncertainty is associated with unex-
pected fluctuations in output or prices. Other studies highlight that uncertainty might also be linked
to unexpected actions of policy makers in central banks and the government (Baker et al., 2016). All
types of uncertainty have in common, however, that they are generally perceived to be detrimental for
economic performance, at least in the short-run. For instance, the latest global financial crisis can also
be viewed as a US-based uncertainty shock that ultimately engulfed the world economy and led to a
sharp decline in economic activity.

During economic downturns, income inequality has been found to decrease in multiple contributions
to the literature (see, for instance, Heathcote et al., 2010; Petev et al., 2011; Meyer and Sullivan, 2013;
Mumtaz and Theophilopoulou, 2017). This finding, however, strongly depends on the composition of
income within a given country or region. A potential causal mechanism behind this finding might that
capital owners are comparatively more exposed to adverse business cycle movements, which are often
accompanied by sharp declines in corporate profits and stock prices. By contrast, if the income share
of capital is comparatively low in a given economy, inequality could also increase during recessions.
This is due to the notion that less skilled workers are typically more vulnerable to labor market shifts,
and may be forced to accept wage cuts during recessions with unemployment being the alternative.
Thus, the impact of uncertainty shocks on the income distribution in recessionary episodes is unclear a
priori. Understanding the causal mechanisms that give rise to changes in income inequality proves to

be important for policy makers in governmental institutions and central banks.'

Several studies highlight the relation between household income inequality and the emergence of crises (see, for instance,
Stiglitz, 2012; van Treeck, 2014, and the references therein). Based on findings that inequality increased in the build-up to
both the Great Depression and the Great Recession, Kumhof et al. (2015) identify a causal relationship between inequality,
household debt and economic depressions in a DSGE model.



The empirical literature dealing with the dynamic relationship between uncertainty and income in-
equality is, however, relatively sparse. This contribution attempts to fill the gap by considering data on
unemployment, real income, employment, and a survey-based measure on income inequality for all US
states and the District of Columbia. State-specific information is complemented by a set of US macroe-
conomic aggregates that serve as common driving factors of regional business cycle movements. Taking
such a state-level perspective enables a detailed investigation on whether national uncertainty shocks
yield asymmetric responses across states while the inclusion of additional covariates at the country-level
provides the possibility to inspect the transmission mechanisms of uncertainty shocks on state-level in-
come inequality in more detail.

Since the data set considered is large, we suggest a parsimonious multi-state framework closely
related to the global vector autoregressive (GVAR) model proposed in Pesaran et al. (2004). The model
differs from a standard GVAR model along several important dimensions. First, inspired by the panel
data literature, state-specific regression coefficients are assumed to arise from an underlying common
distribution. This improves estimation accuracy while maintaining sufficient flexibility for state-specific
idiosyncrasies. Second, one key assumption of the model is that contemporaneous relations among states
and variables are driven by a small number of latent factors. This reduces the amount of free parameters
to be estimated significantly. Third, we assume that all shocks to the system are heteroscedastic and
follow a flexible stochastic volatility specification. Finally, structural identification is achieved by using
the measure proposed in Baker et al. (2016) that approximates general economic policy uncertainty.

The empirical findings reveal that uncertainty shocks lead to heterogeneous responses across states.
Some display a significant positive reaction of household income inequality, others show a significant
decrease in income dispersion. Forecast error variance decompositions (FEVDs) identify uncertainty
to be an important driver of variation in income inequality, especially for certain states. Conducting an
exploratory regression analysis suggests that the specific composition of income is crucial in determining
the reaction of income inequality. In order to shed light on the specific transmission mechanisms at the
state-level, we further investigate the reactions of additional macroeconomic quantities. Pronounced
shifts in unemployment, employment as well as total private income point towards a prominent role of
the income-wealth channel in explaining the dynamic responses of inequality.

The remainder of the paper is structured as follows. Section 2 presents the econometric framework
adopted while Section 3 provides a brief summary of the dataset used. Section 4 describes the empirical
findings based on structural impulse responses and forecast error variance decompositions. Section 5
sheds further light on the transmission mechanisms of uncertainty shocks on income inequality and
attempts to explain state-specific differences in the responses. Finally, the last section summarizes and

concludes the paper.



2 Econometric framework

In order to measure the impact of uncertainty on income inequality across regions and variable types,
a suitable econometric framework is necessary. The large number of US states alongside a moderate
number of region-specific endogenous variables calls for a modeling approach that adequately captures
dynamic relations in the data. Here, we follow Pesaran et al. (2004) and propose a variant of the GVAR
involving N small-scale region-specific models. These models feature domestic variables of regional
economies collected in the k-dimensional vector y;, besides region-specific cross-sectional averages of

foreign variables, collected in the k-dimensional vector

N
Vi :ZWijyjt: (D
j=1
where the weights w; i (i,j =1,...,N) are elements of a conventional N x N row-stochastic matrix that

represents the connectivity relationships between the N regions. By convention, w;; = 0 for all i. Note
that the higher the connectedness is between region i and region j (that is, the larger w;; is), the more
region i is exposed to externalities arising in region j.2

The regional economies may then be modeled as a VAR augmented by a vector of lagged foreign vari-
ables, and a set of national macroeconomic aggregates that are assumed to be important determinants

of regional business cycle dynamics,

p Q
Yie =0 + ZAipyit—p +ZBqu’{kt_q +CiZ1 + €, €~ N(0,3). 2
p=1 q=1

Hereby;, {yit}tT:1 is a k-dimensional vector of macroeconomic time series specific to regioni =1,...,N.
0; is a k-dimensional intercept vector, while A;, (p =1,...,P) and B;; (¢ = 1,...,Q) are k x k matrices
of unknown parameters, respectively. C; is a k x £ matrix of regression coefficients associated with £
national macroeconomic aggregates collected in z;. The error term €;, follows a zero mean Gaussian
distribution with a time-varying variance-covariance matrix X;,.

The national aggregates in z, follow a VAR process,
P Q
2 =ZDpzt_p +Zqu;‘_q +u;,, u;~AN0,5, 3)
p=l1 q=1

with D, (p =1,...,P)and §; (¢ =1,...,Q) denoting £ x £ and £ X k coefficient matrices. To establish
dependencies between the national aggregates and the regions, we include simple arithmetic averages

of the k region-level quantities over N regions denoted by z; = (27,,...,2;,)’. Again, we assume the

2For the purpose of this paper, we employ a weighting scheme based on the inverse distance between centroids of the regions.
Alternative specifications do not alter the results significantly, adding robustness to our findings.



error term u, to follow a Gaussian distribution centered on zero with time-varying variance covariance
matrix ;.

To capture contemporaneous relations among the elements in y, = (y7,,...,¥y,) and z,, we assume

/
t

structure (Aguilar and West, 2000), that is,

that the shock vector &, = (u;, e’1 e ef\, t)’ of size L = kN + { features a factor stochastic volatility

& =Af+m,. 4

fi ~ A(0,H,) represents a set of F(< L) common static factors, A is an L x F matrix of factor loadings,
and n; ~ A4(0,9Q,) is an L-dimensional idiosyncratic noise vector. The variance-covariance matrices
H, = diag[exp(hy,),...,exp(hr,)] and @, = diag[exp(wq;),...,exp(w;,)] are diagonal matrices, im-
plying that any comovement across the elements in ¢, stems from the common factors. We control for
heteroscedasticity of the shocks by assuming that the logarithm of the main diagonal elements follows
an autoregressive process of order one. This setup implies that Var(e,) = AH, A" + Q, := ©,.

Since unrestricted estimation of the model typically translates into issues associated with overfitting,
we introduce additional structure on the coefficients of the model in Eq. (2). In what follows, we assume
that the M = k(1+Pk+Qk+() vectorized regression coefficients f3; = vec[(0;,4;1,...,A;p,B;1,...,Biq,C;)]
for regioni =1,...,N arise from a common distribution,

where u denotes a common mean and V = diag(v,..., V) a variance-covariance matrix. Notice that
v; (j = 1,...,M) provides a natural measure of similarity between the jth and the rth element in f;
across regions and controls the magnitude of potential deviations from u;, the jth element of . The
presence of the common distribution implies that our framework is a hierarchical model that is related
to random coefficient models in microeconometrics (Verbeke and Lesaffre, 1996; Allenby et al., 1998)
and the panel VAR specification outlined in Jarocinski (2010).

Estimation and inference is carried out within a Bayesian framework. This implies that suitable
priors need to be specified that are in turn combined with a likelihood function to yield proper posterior
distributions for parameters. Appendices A and B provide details on prior specification and the employed
Markov chain Monte Carlo (MCMC) algorithm.

3 Data overview and model specification

The objective of this paper is to analyze state-level responses of household income inequality to a national
uncertainty shock across all US states and the District of Columbia. Three of the four state-level quantities
are taken from Federal Reserve Bank of St. Louis data base. In particular, we use quarterly time series for
employment, unemployment and price adjusted total personal income per capita for the period 1985:Q1
to 2017:Q1 in y;,. The inequality measure for all states is constructed using data from the Annual Social



and Economic Supplement of the Current Population Survey (CPS, Flood et al., 2017). The income
definition is based on equivalized household income employing the square root scale, where we set
negative incomes equal to zero. This quantity is adjusted by the given survey weights to calculate the
well-known Gini coefficient per year, while the quarterly time structure is obtained by applying spline
interpolation. For the empirical specification, we thus have a set of k = 4 state-level quantities in y;,
(household income inequality, total personal income, unemployment and employment) for the N =51
US states.

National macroeconomic quantities included in 2, are the one-year treasury rate and the consumer
price index, taken from the data set presented in McCracken and Ng (2016) and consequently aggreg-
ated to quarterly frequency. Moreover, we use quarterly US gross domestic product (GDP) obtained from
the National Income and Product Accounts provided by the Bureau of Economic Analysis.® To capture
national economic uncertainty, we rely on the overall economic policy index provided by Baker et al.
(2016). This approach is based on newspaper coverage frequency and involves the search of a combin-
ation of selected uncertainty related terms in ten leading newspapers in the US from 1985 onwards on
a monthly basis.

The national model in Eq. (3) thus includes { = 4 variables in the vector z,. We use a lag length
of P = Q = 1. Based on classical information criteria, we opt for F = 2 of latent factors.* All time
series are deseasonalized and aggregated to a quarterly structure if necessary. State-level data, except
observations on unemployment, are transformed by the natural logarithm. On the national-level, US
gross domestic product, the uncertainty index and the consumer price index are in logarithms, while the

one-year treasury rate is first-differenced as suggested in McCracken and Ng (2016).

4 The impact of uncertainty shocks on income inequality

In the following section, the main empirical findings of the paper are discussed. Section 4.1 displays
the reactions of the national macroeconomic quantities with respect to movements in uncertainty while
Section 4.2 shows the dynamic responses of state-level inequality to national uncertainty shocks. To
assess the quantitative importance of uncertainty shocks in shaping the income distribution, we conduct

a forecast error variance decomposition in Section 4.3.

4.1 Dynamic responses of national macroeconomic quantities to uncertainty shocks

Most of the results regarding responses of national macroeconomic aggregates to uncertainty shocks
mirror established findings in the literature. Before proceeding, a brief word on structural identifica-
tion is in order. In the present paper, we follow Baker et al. (2016) and include the economic policy
uncertainty (EPU) index as the first variable in z,. Identification of the model is then achieved by using
a simple Cholesky decomposition of the variance-covariance matrix. Figure 1 presents the endogenous

3Available for download at https://www.bea.gov/iTable/index_nipa.cfm.

4Using more factors leads to qualitatively similar results.
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responses to a one standard error shock to the EPU index that amounts to an immediate reaction of the
EPU of around 23 percent.

gross domestic product consumer price index one-year treasury rate
2.01 0.00 0.00
0.40 -8.09 - -0.11 1
-1.21 V -16.18 1 -0.22
-2.81+ -24.28 -0.34 4
-4.42 ‘ ‘ ‘ -32.371 ‘ ‘ ‘ -0.45 1 ‘ ‘ ‘ ‘
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Fig. 1: Impulse responses of national US quantities to an economic policy uncertainty shock.

Notes: The solid black line denotes the median response, the dashed line indicates zero, and the shaded bands (in light grey)
the 68 percent posterior coverage interval. Sample period: 1985:Q1 — 2017:Q1. Front axis: quarters after impact.

Starting with real activity, measured by gross domestic product, we find a pronounced and long-
lasting negative effect of an uncertainty shock, as shown in Fig. 1 (a). The peak response occurs around
five quarters after impact, with effects turning insignificant after roughly three years. It is worth mention-
ing that there is no subsequent real activity overshoot as described by Bloom (2009), which is consistent
with more recent contributions in the literature (Jurado et al., 2015; Carriero et al., 2016; Mumtaz and
Theophilopoulou, 2017). Uncertainty typically affects real economic activity via decreases in investment
and hiring of firms, thereby depressing productivity growth (Bloom, 2009).

Considering the consumer price index, Fig. 1 (b) suggests that prices tend to decline in a rather
persistent manner. This reaction can be traced back to depressed overall consumption which leads to
decreases in the demand for goods and thus prices. This mechanism is commonly referred to as the
aggregate demand channel discussed in Fernandez-Villaverde et al. (2011). By contrast, there is no
evidence in favor of the upward pricing bias channel that states that firms increase prices to maximize
profits in the aftermath of an uncertainty shock.

The final macroeconomic quantity on the US national level is shown in Fig. 1 (c). Instead of using
the Federal Funds rate as a measure of the monetary policy stance, we opt for the one-year treasury rate.
This is due to the fact that a substantial period of our data set is characterized by short-term interest rates
being close to the zero lower bound. Consistent with Bloom (2009), we find that an economic policy
uncertainty shock leads to a decline in interest rates. This implies that the Federal Reserve counteracts

the negative impact of uncertainty shocks on real activity by conducting expansionary monetary policy.

4.2 Dynamic responses of state-level inequality

An overview on regional state-level disparities with respect to the reaction of income inequality is given

in Fig. 2, which depicts the posterior median of the peak responses. Statistical significance is assessed



by zeroing out peak responses of states where the 16th and 84th credible intervals contain zero. This
figure serves as a means to illustrate the direction of the dynamic responses of inequality across space
to see whether geographic patterns exist. In order to provide a more detailed picture, we subsequently
focus our analysis on selected states from the four census regions West, Midwest, South, and Northeast.

Midwest

Northeast

Inequality response . Positive |:| Slightly positive I:‘ Insignificant I:‘ Slightly negative . Negative

Notes: US states divided into the four census regions, thin lines represent state borders. Classification: ’Positive’ and
"Negative’ refer to inequality responses exceeding thresholds based on the upper (0.08) and lower (—0.10) 20 percent of the
states responses. "Slightly positive’ and ’Slightly negative’ include all states with significant responses between zero and the
upper and lower 20 percent of the responses. 'Insignificant’ indicates non-significant responses based on the 68 percent
posterior coverage interval.

Fig. 2: Peak response of the median for equivalized household income inequality.

One key insight from the figure is that reactions of income inequality appear to be heterogenous
across states. For some states, income inequality declines whereas other states exhibit increases in in-
come inequality. While finding a geographical pattern behind the sign and magnitude of the responses
is challenging, one commonality is that most states displaying negative inequality responses are located
in the Midwest census region, with some exceptions. Positive reactions of income inequality to an un-
certainty shock are observed mainly in the West and South census region. The finding that inequality
decreases in response to shifts in economic uncertainty is consistent with the actual development of
income inequality during the global financial crisis in 2008/2009 observed in the data from the CPS.



To provide information on the shape as well as the statistical significance of the impulse responses,
Fig. 3 depicts the dynamic responses of income inequality for selected states across the US census regions
West (California and New Mexico), Midwest (North Dakota and Arkansas), South (Texas and Florida),
and Northeast (New Jersey and Massachusetts). Appendix C provides information on the responses of
the remaining states.

West Midwest South Northeast
California North Dakota Texas New Jersey
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Notes: The solid black line is the median response and the (gray) shaded area represents the 16th and 84th percentiles.
The dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1.
Front axis: quarters after impact.

Fig. 3: Impulse response functions for household income inequality in US states.

Figure 3 points towards pronounced heterogeneity with respect to the significance as well as the
shape of the impulse response functions. Note that the majority of responses across states are statistically
significant. Some of them provide evidence that inequality reacts strongly on impact with a tendency to
turn insignificant after some few quarters, other responses imply that reactions of inequality on impact
are insignificant but turn significant after around a year.

Before discussing the responses for each state, it is worth emphasizing some findings that hold for a
wide set of states considered and in particular the eight selected states shown in Fig. 3. In general, the
results point towards marked heterogeneity with respect to the shape of the impulse response functions.
While some states tend to react quickly, reaching peak responses within a few quarters, others display
a somewhat slower response reaching their peak after around ten quarters. This group of states also
displays a more persistent reaction that does not fade out within the five years time horizon considered.
We conjecture that these differences in the time profile can be traced back to institutional factors and
the income composition across states.



Turning to the state-specific reactions in Fig. 3, and starting with the West census region, increases
in income inequality in the short-run are evident. In California, for instance, we observe that inequality
tends to increase during the first six quarters before decreasing in the medium run (i.e. from around
one year after impact). Considering the responses of income inequality in New Mexico yields a similar
picture in the short run. After increasing on impact, responses reach a peak after around three quarters
before slowly fading out. As compared to California, there is no evidence of a decrease in inequality in
the medium run.

Moving to the Midwest region provides different insights. For North Dakota, we find that inequality
increases sharply during the first year, slowly fading out afterwards. By contrast, inequality in Arkansas
displays a hump-shaped reaction, decreasing after around three to four quarters and increasing after-
wards. Considering the cases of Texas and Florida, both located in the South census, suggests that
inequality steadily decreases in response to uncertainty shocks. As compared to the remaining states
considered, these two responses appear to be highly persistent and show no tendency to level out after
around three years.

Finally, inequality in New Jersey and Massachusetts exhibits a hump-shaped behavior that suggests
decreasing levels of inequality that slowly die out after around two to three years. In sum, we find that for
five out of eight states inequality shows a tendency to decline in response to uncertainty shocks. For the
other three states considered — two of them located in the West region — we observe that inequality rises
as a reaction to increases in uncertainty. As stated above, we conjecture that the mixed reactions across
states can be explained by the specific composition of income. States that display declining inequality
levels appear to be characterized by higher levels of capital income, whereas states that show rising

inequality levels are generally accompanied by lower levels of capital and higher shares of labor income.

4.3 The role of uncertainty shocks in explaining income inequality

While the previous two sections aimed at establishing a dynamic relationship between income inequality
and uncertainty, this section centers on assessing the quantitative contribution of uncertainty shocks to
movements in the state-level income dispersion between households. For this purpose, we consider the
share of forecast error variance of income inequality explained by the uncertainty shock in Figure 4.
Consistent with the findings for the impulse responses, pronounced differences across states are vis-
ible. For the eight selected states, we find that the quantitative contribution of the uncertainty shock
in explaining the forecast error variance of income inequality ranges from around three percent in New
Mexico and Arkansas at the one-step-ahead horizon to around 7.5 percent in New Jersey for the three-
year-ahead horizon. Notice that the share of variance explained increases for most states under consid-
eration. For some states, the slope appears much steeper during the first few quarters (see, e.g., North

Dakota) whereas for other states, the FEVDs appear to be increasing at a steady rate.

10
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Notes: The solid black line is the median and the (gray) shaded area represents the 16th and 84th percentiles. The dotted
line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1. Front axis:
quarters after impact.

Fig. 4: Forecast error variance decompositions for inequality in selected US states.

5 Inspecting the transmission mechanism

In this section, we first discuss the reactions of the further state-level specific quantities (employment,
unemployment and total personal income per capita) and assess whether there exist significant relations
to the reactions of income inequality in Section 5.1. In a second step, we aim at explaining state-level
differences in responses of income inequality using a set of additional state-level variables in Section
5.2.

5.1 Responses of state-level quantities

The discussion of what drives movements in inequality has mostly been based on theoretical economic
reasoning up to this point. In the following, we investigate the driving forces of changes in income
inequality within our model framework. Again, we focus attention on the set of eight states considered
in the previous section.

Starting with the responses of unemployment across states (see Fig. 5), we find that for all eight
states under scrutiny, unemployment increases and tends to peak after the first three to four quarters.
States located in the West and Midwest census appear to display similar magnitudes in their responses.
High income states like California, New Jersey, and Massachusetts display much stronger unemployment
responses to uncertainty shocks. In general, linking these findings to the responses of income inequality
appears to be difficult. States that show strong responses (either positive or negative) tend to feature

11
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Notes: The solid black line is the median response and the (gray) shaded area represents the 16th and 84th percentiles.
The dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1.
Front axis: quarters after impact.

Fig. 5: Impulse response functions for unemployment in selected US states.

comparatively weaker responses of unemployment. The responses of employment (see Fig. 6) mirror
the responses of unemployment. All states except North Dakota display decreasing levels of employment
that appear to be similar in magnitudes. Compared to the reactions of unemployment we find that
employment responses appear to be much more persistent, being statistically significant from zero for
up to three years in most states considered. One connection to the responses of income inequality is
that states experiencing persistent declines in employment sometimes also feature persistent reactions
of income inequality (see, e.g, Texas, New Jersey and Florida).

Finally, considering the reactions of total personal income points towards a high correlation with
income inequality reactions. In general, we find that income declines in most states except North Dakota.
The states that display a drop in income share one common feature: a rather slow response that takes
a few quarters to react in a statistically significant manner. This holds true for the majority of states
considered except California and North Dakota. Especially for California, we observe immediate declines
in total personal income which could partially explain the initial increase in income inequality observed

in Fig. 3.

5.2 Explaining differences in inequality responses

For the purpose of providing additional quantitative information on what determines differences in state-
level responses of income inequality, we employ a simple data summary device that involves standard

regression analysis. More specifically, we regress the h-step ahead responses of income inequality on
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Notes: The solid black line is the median response and the (gray) shaded area represents the 16th and 84th percentiles.
The dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1.
Front axis: quarters after impact.

Fig. 6: Impulse response functions for employment in selected US states.
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The dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1.
Front axis: quarters after impact.

Fig. 7: Impulse response functions for total personal income in selected US states.
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averages over time of a set of additional state-specific macroeconomic variables for h € {4,8,12} as well
as the peak response. While this approach suffers some issues like latent response variables as well as
potential model misspecification, it provides a rough gauge on the underlying trends in the data.

In the discussion in Section 4.2 we explained differences in inequality responses by referring to
heterogeneity with respect to the composition of income. To provide additional evidence, we employ two
measures that aim at representing the income structure at the state level as potential control variables.
We consider business income (bussum) given in the CPS, calculated as the share of non-farm business and
professional practice income for self-employed individuals related to total income. The second measure
is the sum of income accruing from dividends, interest and rent (dir) from the Federal Reserve Bank of
St. Louis data base, which constitutes a part of the total personal income per capita variable. Moreover,
to capture differences in the sectoral composition of employment, we calculate averages of the shares
of people employed in the agricultural (agric), construction (constr) and manufacturing (manu) sector,
again obtained from the FRED data base. The set of explanatory variables is completed by the average
level of state-specific unemployment (unemp).

Table 1 shows the results of our regression exercise for different horizons of the responses of in-
come inequality and the peak response. A few findings are worth emphasizing. First, notice that across
horizons, only one variable appears to be significant. Irrespective of the time horizon considered, we
find that dividends, interest rate and rent income per capita feature a strongly negative and significant
regression coefficient. This suggests a negative relationship between the magnitude of the responses of
income inequality and the degree of (grossly speaking) non-labor income within a given state. Thus,
when considering different time horizons and the peak effect, we find no discernible differences in what
variables appear to be important drivers of the inequality responses. Second, the magnitudes between
the dividends, interest and rent variable and inequality responses become smaller for higher impulse re-
sponse horizons. At a first glance, this finding could simply be driven by the fact that impulse responses
die out after a few quarters. However, in light of the discussion in Section 4.2 this appears to be the case
only in a small number of states. For a moderate number of stlates, we observe persistence medium-run
reactions of income inequality. Finally, considering the explanatory power suggests that in the short run,
around 14 percent of cross-state variation is captured, rising to as much as 20 percent for explaining the

two year ahead responses.

6 Closing remarks

In this paper, we investigate the relationship between uncertainty shocks and household income inequal-
ity using a novel large-scale econometric framework. Our model enables us to assess how a national
uncertainty shock impacts the US economy at the state level, controlling for potential spillovers between
states. The results point toward a strong relationship between movements in uncertainty and income

inequality for the vast majority of US states under scrutiny. Depending on the income composition within
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Table 1: Regression of posterior median of inequality responses on state-level quantities.

Posterior median of response of income inequality

Horizon (quarters) 4 8 12 Peak
Agriculture —0.005 0.001 0.004 0.002
(0.015) (0.008) (0.007) (0.021)
Construction 0.086 0.031 0.018 0.125
(0.107) (0.058) (0.049) (0.147)
Manufacturing —0.026 —0.010 —0.008 —0.012
(0.037) (0.020) (0.017) (0.051)
Dividends, interest and rent —0.243** —0.141* —0.096** —0.292**
(0.096) (0.052) (0.044) (0.132)
Sum of business income —1.354 —0.021 0.340 —1.127
(1.569) (0.859) (0.726) (2.166)
Intercept 2.165™ 1.272%* 0.842* 2.177
(1.067) (0.584) (0.494) (1.473)
R2 0.151 0.161 0.134 0.114
Note: *p<0.1; *p<0.05; **p<0.01

a given state, income inequality increases if the share of labor income is high, while it tends to decrease
if the share of capital income is comparatively larger.

Considering the responses of unemployment, employment and total personal income shed some light
on the transmission mechanisms that drive our results. We find that the persistence of the responses of
macroeconomic quantities directly translates into persistent reactions of income inequality at the state
level. The quantitative contribution of the uncertainty shock in explaining income inequality is assessed
by conducting a forecast error variance decomposition. The findings point towards a large degree of
heterogeneity across states. For some states, we find that uncertainty shocks play an important role
in shaping income inequality dynamics whereas for other states, this role is somewhat smaller but still
substantial.
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Appendix A Prior specification

Estimating the model requires Bayesian methods that involve choosing adequate prior distributions for
the model parameters. As described in Section 2, we assume that the vectorized VAR coefficients f;
arise from a common distribution

Bi ~ N (V). (A.D)

Equation (A.1) can be interpreted as a prior distribution on f; with mean u and diagonal variance-
covariance matrix V. On u, we use a normally distributed prior,

with 0y, denoting a M—dimensional vector of zeros and set V) = 10 x I,.

For the main diagonal elements of V, v; (j =1,..., M), we use independent inverted Gamma priors,

Vj ~ (g_l(do, dl)’ (A.B)

where the prior hyperparameters d, = d; = 0.01 are set to be only weakly informative.

The coefficient matrices for the national quantities D, and S, are again assigned a Gaussian prior
with the mean vector centered on zero with variance 10. This choice introduces relatively little prior
information on the coefficients associated with the national macroeconomic quantities.

For the factor model in the reduced form errors of the model, we use the following prior setup. The
elements A;; of the matrix of factor loadings A fori=1,...,L and j =1,...,F are assigned a normally
distributed prior, that is, A;; ~ A(0, 10%).

In Section 2, we mentioned that the log volatilities follow an AR(1) process. To specify priors on
the corresponding coefficients, we now introduce the specific law of motion in more detail. Following
Aguilar and West (2000), we assume that the logarithms of the main diagonal elements of H, and Q,

follow independent AR(1) processes,

hje = ¢nj+ prj(hje—1 — Pnj) + Tnih e for j=1,...,F, (A.4)
Wit = Poit Puj(Wji1 —Puj) +04i€wje for j=1,...,L, (A.5)

and using s € {h, w}, we denote the unconditional mean of the log-volatility by ¢;, the autoregress-
ive parameter by p,;, and O'SZJ. is the innovation variance of the processes. The serially uncorrelated
white noise shocks & ; . ~ A4(0,1) are standard normally distributed. The prior specification closely
follows Kastner and Frithwirth-Schnatter (2014), with a normally distributed prior on ¢, i~ AN (0,10%),
a Gamma prior on 082].

(psj +1)/2 ~ B(25,5).

~ %(1/2,1/2) and a Beta prior on the transformed persistence parameter
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Appendix B Full conditional posterior sampling

The prior setup described above translates into a set of full conditional posterior distributions that have

a well-known form. In what follows, we only briefly summarize the steps involved in obtaining a valid

draw from the joint posterior distribution, and provide additional references that include more details

on the exact posterior moments.

Our Gibbs sampler iterates between the following steps:

»

(i)

(iii)

@iv)

W)

(vi)

The VAR coefficients in f; can be sampled on an equation-by-equation basis, where conditional
on Af,, the full conditional posterior distribution follows a Gaussian distribution with mean and

variance taking a standard form (see, for instance, Zellner, 1973)

Using the fact that conditional on knowing {; }Il.V: , the conditional posterior of u does not depend
on the data leads to a Gaussian full conditional posterior distribution that takes a well-known form
(Koop, 2003).

The VAR coefficients for the national quantities D and S are sampled analogously to the state-

specific parameters from multivariate Gaussian distributions on an equation-by-equation basis.

The free elements in A can, again, be simulated on an equation-by-equation basis. Notice that
conditional on the latent factors, A is obtained by estimating a sequence of standard Bayesian

regression models with heteroscedastic innovations (see Aguilar and West, 2000)

For the latent factors { ft}thl, we simulate the full history by drawing from a set of independent

Gaussian distributions,

ftl‘NJV(.FnPt) (B.1)
P,=H,—TY©,T,
T, =H,A®O/!
?t =T.&.

The full history of the log-volatilities is sampled using the algorithm outlined in Kastner and
Frithwirth-Schnatter (2014); see also Kastner (2016).

We pick starting values for the parameters of the model and cycle through the algorithm described above

for 10,000 times, discarding the first 5,000 draws as burn-in. It is worth mentioning that the employed

algorithm exhibits excellent mixing and convergence properties.
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Appendix C Additional empirical results
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Fig. C.1: Impulse response functions for household income inequality in US states.

Notes: The solid black line is the median response and the (gray) shaded area represents the 16th and 84th percentiles. The
dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1. A list of
states and abbreviations is given in Appendix D. Front axis: quarters after impact.
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Fig. C.2: Impulse response functions for total personal income in US states.

Notes: The solid black line is the median response and the (gray) shaded area represents the 16th and 84th percentiles. The
dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1. A list of
states and abbreviations is given in Appendix D. Front axis: quarters after impact.
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Fig. C.3: Impulse response functions for unemployment in US states.

Notes: The solid black line is the median response and the (gray) shaded area represents the 16th and 84th percentiles. The
dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1. A list of
states and abbreviations is given in Appendix D. Front axis: quarters after impact.
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Fig. C.4: Impulse response functions for employment in US states.

Notes: The solid black line is the median response and the (gray) shaded area represents the 16th and 84th percentiles. The
dotted line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1. A list of
states and abbreviations is given in Appendix D. Front axis: quarters after impact.
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Fig. C.5: Forecast error variance decompositions for household income inequality in US states.

Notes: The solid black line is the median and the (gray) shaded area represents the 16th and 84th percentiles. The dotted
line indicates the zero line. Results are based on 5,000 posterior draws. Sample period: 1985:Q1 — 2017:Q1. A list of states
and abbreviations is given in Appendix D. Front axis: quarters after impact.
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Appendix D List of states and regional categorization

Table D.1: List of census regions and associated US states.

Region States

Northeast  Connecticut (CT), Maine (ME), Massachusetts (MA), New Hampshire (NH), New
Jersey (NJ), New York (NY), Rhode Island (RI), Vermont (VT)

Midwest Mlinois (IL), Indiana (IN), Iowa (IA), Kansas (KS), Michigan (MI), Minnesota (MN),
Missouri (MO), Nebraska (NE), North Dakota (ND), Ohio (OH), South Dakota (SD),
Wisconsin (WI)

South Alabama (AL), Arkansas (AR), Delaware (DE), District of Columbia (DC), Florida
(FL), Kentucky (KY), Georgia (GA), Louisiana (LA), Maryland (MD), Mississippi
(MS), North Carolina (NC), Oklahoma (OK), South Carolina (SC), Tennessee (TN),
Texas (TX), Virginia (VA), West Virginia (WV)

West Alaska (AK), Arizona (AZ), California (CA), Colorado (CO), Hawaii (HI), Idaho
(ID), Montana (MT), Nevada (NV), New Mexico (NM), Oregon (OR), Utah (UT),
Washington (WA), Wyoming (WY)

Midwest

Fig. D.1: Map of the US states and the District of Columbia divided into the four census regions.
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