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SUPPLEMENTARY ONLINE MATERIAL: 

 

Income inequality and the growth of redistributive spending in the 

U.S. states: Is there a link? 
 

Appendix 1 Bayesian posterior distributions 

 

In this appendix, we show details regarding 28 model specifications we considered. A few 

observations are true for all of the following tables reported in the appendix. In every table, 

each row of the table represents a different predictor of welfare spending. For each of the 

partial coefficients of the model, two quantities are reported. The first is the median of the 

Markov chain Monte Carlo (MCMC) sample of the posterior distribution, which serves as a 

robust estimate of the effect. The second is the 90% central credible interval. There is a 

90% probability that the parameter falls in this range, which was created by taking the 5
th

 

and 95
th

 percentiles of the MCMC sample. Hence, there is a 95% probability that the 

parameter takes on any value larger than the lower value. Similarly, there is a 95% 

probability that the parameter takes on any value smaller than upper value. All models 

also include fixed effects by state (except Table 11), but these and the intercept are 

omitted to preserve space. All results are based on an MCMC sample of 100,000 

iterations after a 10,000 burn-in. Geweke diagnostics showed no evidence of non-

convergence in any case. 

 

[TABLE 2 HERE] 

 

In the main paper, we report the partial effect of the Gini coefficient in four models of the 

ratio of per capita total welfare spending out of all per capita state spending when excluding 

federal intergovernmental transfers in Figure 3. Table 2 reports the full results corresponding to 

Figure 3, including the effects of all control variables for each of these four models discussed in 

the paper. We report the effect in four versions of the model, each of which uses one of four 

versions of the Gini coefficient: the first is based on current household income, the second is 

based on the previous year’s household income, the third uses current personal income, and the 

fourth uses the previous year’s personal income. Table 2 makes it clear that the 90% credible 

intervals for the effect of each version of the Gini coefficient are strictly positive, meaning there 

is more than a 95% probability that a higher level of inequality results in more redistributive 

spending in each model, on average in a given state and holding all else equal. 

Altogether, 20 model specifications are presented moving from Tables 2 to 6. As 

described before, every one of these five tables includes four models, each using a different 

specification of the Gini coefficient (current year with household income, previous year with 

household income, current year with personal income, and previous year with personal income). 

Within any one of these tables, the only feature that changes across the four models besides the 

measure of the Gini coefficient is how income at the 10
th

 percentile (representing income for the 

poorest Americans) is measured: In models where Gini is measured with household income we 

use house- hold income at the 10th percentile too, and in models where Gini is measured with 
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personal income we use personal income for the 10
th

 percentile. In each of the five tables, we 

consider a different measure of redistributive spending as our dependent variable. As mentioned, 

Table 2 uses the ratio of per capita total welfare spending to total spending when excluding all 

intergovernmental transfers—this is our most preferred measure as it reflects the relative priority 

that the state itself puts on wealth redistribution. To evaluate robustness, though, we consider 

four alternative measures, described in turn. 

Our first two alternative measures of redistributive spending are annual per capita total 

welfare expenditures and then per capita direct welfare expenditures. The difference is that the 

former one includes indirect welfare expenditures as well, if any, and thus can potentially be 

broader. These measures account for the overall size of redistributive spending in the U.S. states 

and are also numerators for the two ratio measures described below. Both measures are 

transformed into a natural log scale to establish the functional form of a log-lin model: With per 

capita state dollars this is a theoretically informed model specification because the larger the 

dependent variable of redistributive spending is, the more the dependent variable will respond to 

the predictors (Gujarati and Porter 2009, 173). In other words, the more dollars per capita a state 

spends on redistribution, the bigger the increase in spending whenever inequality rises. This is 

what we expect because states that are spending more are more capable of making large swings 

in dollar amounts allocated to redistribution. 

 

[TABLES 3 & 4 HERE] 

 

Tables 3 to 4 use these logged per capita welfare spending measures. Specifically, Table 

3 simply uses the logged per capita amount spent on welfare programs, using both direct and 

indirect spending. Table 4 uses the narrower version of this measure that only considers direct 

welfare spending. As can be seen, the results are substantively similar to the results using our 

preferred definition of welfare spending. The only two occasions in these first twenty models in 

which the Gini coefficient’s effect does not show a 95% probability is when we model one of 

these two logged measures as a function of the Gini coefficient computed with the previous 

year’s personal income data. (This non-attainment of a 95% probability is seen by the 90% 

credible intervals that do include 0 in their range.) Even in those two models, however, the 

probability of a positive effect of the Gini coefficient in Table 3 is 92%, and in Table 4 it is 86%. 

Thus, a positive effect is still highly probable in these two cases also. 

 

[FIGURE 4 HERE] 

 

Additionally, Figure 4 corresponds to Tables 3 and 4, by drawing special attention to the 

partial effect of the Gini coefficient. Similar to a graph from the main text, for each panel of this 

figure the horizontal axis represents the possible values of the partial effect for the Gini 

coefficient on the respective measure of redistributive spending. The vertical axis represents the 

density of a possible coefficient. Each line therefore represents the overall posterior probability 

density function of a coefficient on a given outcome. Each solid black line represents the effect 

when current values of the household income-based Gini coefficient are included. The dashed 

red lines represent the estimated effects of lagged household income inequality. The dotted blue 

line represents the effect when we use current values of the personal income-based Gini 

coefficient. Lastly, the dot-dash green line represents the effect of lagged personal income 

inequality. 
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In Figure 4, a few things are apparent about the impact of each partial coefficient on the 

two logged measures of per capita welfare spending that we consider as outcome variables. First, 

across eight specifications reported in these three panels, there is very little probability density at 

or below zero. Hence, regardless of the specification of Gini or logged redistributive spending 

measure, we see a high probability of a positive relationship between income inequality and 

redistribution efforts. Again, the lowest probability of a positive effect is 86%, and in six 

specifications the probability exceeds 95%. Also, each of the current-year measures has a higher 

posterior mode than the corresponding lagged measure. 

Turning to additional versions of our dependent variable, there are two other 

specifications of ratio measures for redistributive spending. As ratios, they resemble the version 

of the dependent variable we report in the main text of the article. Tables 5 and 6 report the 

results of these versions of the model. The first alternative ratio measure, reported in Table 5, is 

an annual ratio between per capita total public welfare expenditures and per capita total 

expenditures in each of the fifty U.S. states. The second ratio measure, reported in Table 6, is a 

narrower specification of redistributive spending, which is an annual ratio between per capita 

total direct public welfare expenditures and per capita total direct expenditures. 

 

[TABLES 5 & 6 HERE] 

 

Once again, Figure 5 corresponds to Tables 5 and 6, by illustrating the posterior density 

for the effect of the Gini coefficient in each of these respective models. Across eight 

specifications, there is little probability density at or below zero for the partial coefficient. In all 

eight models, the probability density that the effect is larger than zero is higher than 95%. We 

again see that the current values of the Gini coefficient have a stronger effect than the lagged 

values on the first two ratios of redistributive spending. 

 

[FIGURE 5 HERE] 

 

Overall, our effect is quite robust regardless of how the level of inequality is measured or 

how the level of redistributive spending is measured: In 18 of the 20 specifications presented in 

Tables 2 to 6 there is over a 95% probability that a higher level of inequality (measured with the 

Gini coefficient) predicts a higher level of redistributive spending. In the two exceptions, there 

are 86% and 92% probabilities of a positive effect. Hence, there is overwhelming evidence in 

favor of the Meltzer-Richard model. 

 

 

Appendix 2 Robustness checks 

 

Turning to other robustness checks, we consider eight alternative specifications for our most 

preferred model: Where we measure inequality with the current household Gini index and 

measure redistribution with the ratio of welfare spending to total spending, net federal transfers. 

In Tables 7 to 10, we consider four models that each adds a new control variable to the equation. 

Tables 11 and 12 each offer an alternative specification of our original model, first by replacing 

state fixed effects with annual fixed effects, and second by defining our dependent variable 

relative to the Gross State Product instead of the state’s budget. In Tables 13 and 14, we consider 

two alternatives to our primary predictor of interest, income inequality. 
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[TABLE 7 HERE] 

 

As a first alternative specification, in Table 7 we test an interesting side hypothesis: As a 

state’s total level of accumulated debt increases, what effect does that have on the state’s 

willingness to spend more money on wealth redistribution? Presumably, states in sounder fiscal 

health are more able to spend on redistributive programs. As Table 7 shows, the more debt a 

state has, the less it is willing to spend on wealth redistribution. The effect does not quite reach a 

95% probability, but is fairly large nonetheless. Since many states are not permitted to carry debt 

anyway, we neither include this variable in our primary result nor in the set of 20 combinations 

of four inequality measures and seven redistribution measures. All other effects, including our 

primary treatment variable of Gini coefficient, remain substantively similar to the models that 

exclude this variable. 

 

[TABLE 8 HERE] 

 

As a second alternative specification, in Table 8 we consider that, perhaps, the effect of 

inequality changes over time. The piecewise linear model of Table 8 shows two coefficients 

critical to this idea: the effect of Gini, and the piecewise linear component added to this effect 

after 1986. Focusing on posterior medians, the main effect of Gini is 0.4506, while the piecewise 

linear component is 0.0405. This means that pre-1986 the effect is 0.4506, and post- 1986 the 

effect is 0.4506+0.0405=0.4911. Hence, the effect is positive and robust for the entire time 

frame, but the effect is a bit stronger in the post-1986 time frame. For simplicity, and because the 

effect is positive and significant throughout the time frame, we focus on the linear effect in our 

other models. However, this does suggest that future research may be warranted as to why the 

effect got stronger after 1986.
1
 

 

[TABLE 9 HERE] 

 

In Table 9, we consider a third alternative specification that adds a measure of state-level 

public opinion to see if that is a mediating variable through which inequality is working. Our 

best ability to handle this was to consult the American National Election Study’s (ANES) 

question on whether the government ought to guarantee everyone a job and a good standard of 

living (a question on a 7-point scale, with higher values being less favorable towards government 

intervention). We had to interpolate some data due to the ANES being conducted only in election 

years and due to some states’ non-inclusion in certain surveys. We would expect that a higher 

average level of opinion on this question would lower redistribution, as these are states that are 

less inclined to favor an active government role. Oddly, though, the coefficient on public opinion 

is wrongly signed (being positive when we expected negative). While we would not take this as a 

final word on whether public opinion is important on this issue—a measure that more directly 

asked about redistribution and required less interpolation would be ideal—for the purposes of a 

robustness check this is the best measure we can find that covers the span of our data. Indeed, 

even with public opinion in the model, the level of inequality still positively predicts welfare 

spending. 

                                                             
1 Additionally, if we switch to OLS as a means of estimation, an F-ratio shows that this piecewise model does fit 

significantly better 𝐹1,1458 = 28.037 (p < 0.0001). Hence, we conclude that the effect does change over time. 
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[TABLE 10 HERE] 

 

Fourth, as we mentioned in the main text, Bae (2015) argues that the log of income per 

capita is worth including as a predictor because preferences for redistribution seem to increase as 

income increases. In Table 10, we include this predictor, and indeed we get a robust positive 

effect for logged per capita income. Thus, the higher the average earnings in a state, the more the 

state engages in redistributive spending, on average and holding all else equal. Our primary 

predictor of interest, the Gini coefficient, retains its positive and robust effect with this control. 

 

[TABLE 11 HERE] 

 

Fifth, in Table 11, we replace our state fixed effects with annual fixed effects. The results 

are pretty similar overall, but a few of our findings are less robust than they are with state fixed 

effects. Notably, the effect of inequality is less robust in this model, as can be seen by the 

credible interval that includes zero.  Overall, there is still a high probability of a positive effect: 

specifically, there is an 89% probability that the Gini coefficient has a positive effect in the 

model with yearly fixed effects. Other results that change slightly are that the effect of 

population over 65 oddly reversed sign but hovers near zero. The indicator for a gubernatorial 

election is not a robust but positive. Finally, there is a negative and robust effect for the 10
th

 

income percentile. While these results differ somewhat, we are most interested in what happens 

to a particular state over time, so dummying-away all time waves is less logical than including 

indicators for all states. Nevertheless, even in the model that wipes-away temporal averages, we 

still see a high posterior probability for the effect of the Gini coefficient. 

 

[TABLE 12 HERE] 

 

Sixth, Table 12 considers yet another version of our dependent variable. In this case, 

welfare spending is divided by the Gross State Product (GSP), not state expenditures as before. 

The logic behind this version of the measure is that it protects against state decisions to have 

generally more or generally less spending in response to our predictors while welfare spending is 

non-responsive to predictors. We certainly prefer the models that consider the relative 

importance of welfare spending as an emphasis within the budget, but it certainly is worth 

considering whether our results hold under this alternative specification. Indeed, our primary 

predictor of interest, the Gini coefficient, maintains its robust positive effect in this setting. In 

terms of model differences the nonwhite population and government ideology are two predictors 

that do not show as robust of an effect under this specification. Meanwhile, change in GSP 

suddenly has a robust negative effect, which is a reflection of the new dependent variable: As 

GSP rises, the denominator of our dependent variable rises, which forces welfare spending to 

look smaller relative to the larger economy. Otherwise, the conclusions are unchanged, and our 

hypothesis holds-up in this specification of the dependent variable as well. 

 

[TABLE 13 HERE] 

 

Finally, we also considered alternative measures to the Gini coefficient to capture the 

level of inequality in a state in a given year. The Meltzer-Richard model maintains that when the 
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mean income is high relative to the median voter’s income, then a majority of the public will 

favor income redistribution. Unfortunately, data are limited and it is difficult to get a measure of 

both the mean and the median income defined over the same domain. As a proxy, however, we 

gathered information on the mean tax unit income and took the ratio of that to the median 

household income.
2
 Since tax units and households are not the same unit of analysis, there is 

some measurement error in this choice, but it is one of the best approximations we can construct. 

Table 13 reports the results of the model that replaces the Gini coefficient with this ratio. As can 

be seen, these results do support our hypothesis as well, and we still see a robust positive effect. 

 

[TABLE 14 HERE] 

 

Since the prior model’s ratio measure of inequality used two different units of analysis, 

we tried one last measure of inequality that focuses consistently on household income. In this 

case, we examine the ratio of income at the 90th percentile of household income to the ratio at 

the 50th percentile, or median, of household income. The expectation is that the higher this ratio 

is, the higher the mean income is relative to the median voter’s earnings. The results with this 

ratio in lieu of the Gini coefficient are presented in Table 14. Once again, we get a robust 

positive result with this measure. Overall, we prefer the Gini coefficient results because that 

measure characterizes the whole distribution of income over the same unit of analysis. Our two 

ratio measures, by contrast, are limited in that the first mixes units of analysis, and the second 

only examines two percentiles in the distribution. Nevertheless, all of the measures of inequality 

available to us–Gini coefficients for personal or household income, the ratio of the mean to the 

median, and the ratio of the 90
th

 percentile to the median–all support our result. Based on all 

these alternative specifications, there is a 95% posterior probability of a positive effect in 25 of 

28 models we consider, and the posterior probability of a positive effect is still very high in the 

remaining three models. Hence, evidence in support of the Meltzer-Richard hypothesis is robust 

to measurement decisions and model specifications. 

 

 

 

                                                             
2 The tax unit data are an update of the data from Frank (2009). Data were accessed from 

http://www.shsu.edu/eco_mwf/inequality.html on 27 February 2017. 



Figures and tables 

 
Table 2 Models of ratio of per capita total welfare spending to per capita total spending when excluding all federal intergovernmental transfers from 1976-2008 

with four different Gini measure specifications, posterior summaries from MCMC. 

 

 
 
Table 3 Models of logged per capita total welfare spending from 1976-2008 with four different Gini measure specifications, posterior summaries from MCMC. 

 

 



Table 4 Models of logged per capita direct welfare spending from 1976-2008 with four different Gini measure specifications, posterior summaries from MCMC. 

 

 
 

Table 5 Models of ratio of per capita total welfare spending to per capita total spending from 1976-2008 with four different Gini measure specifications, 

posterior summaries from MCMC. 

 

 
 

 



Table 6 Models of ratio of per capita direct public welfare spending to per capita total direct spending from 1976-2008 with four different Gini measure 

specifications, posterior summaries from MCMC. 

 

 
 

  



Table 7 Model of ratio of per capita total welfare spending to per capita total spending excluding federal 

transfers with the logarithm of total state debt as a predictor. 

 

 
 

  



Table 8 Model of ratio of per capita total welfare spending to per capita total spending excluding federal 

transfers from 1976-2008 allowing a time switch at 1986. 

 

 
 

  



Table 9 Model of ratio of per capita total welfare spending to per capita total spending excluding federal 

transfers from 1976-2008 including a measure of public opinion. 

 

 
 

  



Table 10 Model of ratio of per capita total welfare spending to per capita total spending excluding federal 

transfers from 1976-2008 including logged per capita income. 

 

 
 

  



Table 11 Model of ratio of per capita total welfare spending to per capita total spending excluding federal 

transfers from 1976-2008 with year fixed effects. 

 

 
 

  



Table 12 Model of ratio of total welfare spending to gross state product from 1976-2008. 

 

 
 

  



Table 13 Model of ratio of per capita total welfare spending to per capita total spending excluding federal 

transfers from 1976-2008 with ratio of mean to median income as inequality measure. 

 

 
 

  



Table 14 Model of ratio of per capita total welfare spending to per capita total spending excluding federal 

transfers from 1976-2008 with patio of 90p to 50p income as inequality measure. 

 

 
 

  



Figure 4 Posterior density plots for the effect of the Gini coefficient on redistributive spending. Each 

panel represents a different logged measure of redistributive spending, and each line within the panel 

represents one of four different measures of the Gini coefficient. 

 

 
 

  



Figure 5 Posterior density plots for the effect of the Gini coefficient on redistributive spending. Each 

panel represents a different ratio measure of redistributive spending, and each line within the panel 

represents one of four different measures of the Gini coefficient. 
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