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Abstract 

In this paper, we analyze time-varying predictability of labor productivity for growth in income (and consumption) inequality of the United Kingdom (UK) based on a high-frequency (quarterly) data set over 1975:Q1 to 2016:Q1. Results indicate that the growth rate of an index of labor productivity has a strong predictive power on growth rate of income (and consumption) inequality in the UK. Interestingly, the strength of the predictive power is found to be higher towards the end of the sample period in the wake of the global financial crisis. In addition, based on time-varying impulse response function analysis, we find that inequality and labor productivity growth rates are in general negatively associated over our sample period, barring a short-lived positive impact initially.  
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 1. Introduction  Although the association between weak productivity growth and increase in inequality can be traced to before the Global Financial Crisis and the subsequent Great Recession, the situation has been exacerbated globally in the wake of these two extreme events (Patterson, 2012; Haldane, 2018; Ravallion, 2018; Tenreyro, 2018). Intuitively, productivity growth is the key determinant of how demand can grow without inflation, and therefore reducing inequality of income, wealth and opportunity. Given this, quite a few studies have found increases in productivity to be a significant factor in terms of reducing inequality (see for example, Blundell et al., (2013), Disney et al., (2013), Castle and Hendry (2014), Haldane (2017, 2018), Tenreyro (2018)). At the same time, some authors have indicated that productivity increases associated with innovation and technological progress are leading to inequality by displacing low-skilled workers and creating demand for those with better education (Rifkin, 1995; Lanier, 2013). In other words, productivity increases can either cause a rise or decline in inequality, but with the possibility that the former effect dominates in the short-run, and the latter in the medium to longer-run (Arestis, 2018; 2020).  We contribute to this line of research by exploring the time-varying predictive power of growth in labor productivity for growth in income (and consumption) inequality in the United Kingdom (UK) over the quarterly period of 1975:2 to 2016:1. Unlike the existing literature, which rely on constant parameter models based on low-frequency (annual) data, we conduct a time-varying, i.e., state-dependent analysis which allows us to accommodate for regime-changes, using relatively high-frequency (quarterly) data. These issues are important since accurate prediction of inequality, which accounts for structural breaks, is conducted at a higher frequency, which in turn should be more relevant to policymakers than at the lower annual frequency. It is this availability of quarterly measures of inequality that motivates us to consider the UK in our study. In addition, in the last four decades the UK has experienced dramatic increases in income inequality (Mumtaz and Theophilopoulou (2017)) and is considered to be an outlier of extreme inequality in the European context (Dorling, 2015). Simultaneously, the UK has also witnessed a large and persistent fall in labor productivity, with Felstead et al., (2018) pointing out that the UK has a longstanding labor productivity gap with its international competitors. In addition, Mason et al., (2018) suggested that the 2008-2009 recession worsened the situation, with workers in France, Germany and the United States (US) producing on average as much in four days as UK workers did in five. Further evidence in this regard can also be found in Barnett et al., (2014), Haldane (2017, 2018), and McCafferty (2018).  To the best of our knowledge, this paper is the first study to analyze time-varying predictability of (country-level) labor productivity, as captured by an index of total labor productivity, for growth in income (and consumption) inequality based on a high-frequency data set. In this regard, from an econometric perspective, we use the recently proposed (multivariate) test of time-varying causality in a vector autoregressive (VAR) framework by Rossi and Wang (2019), which is robust to the presence of instabilities. In addition, though the time-varying predictability is the primary focus of our paper, since causality tests are silent about the sign of the impact (if any), we use time-varying impulse response function to analyze the effect of a shock to the growth in labor productivity on the growth of inequality in a time-varying parameter VAR model of Primiceri (2005).  To preview, results indicate that the labor productivity growth has strong predictive power on growth in income (and consumption) inequality in the UK, with the strength of the effect being indeed time-varying and increasing in the wake of the Global Financial Crisis of 2007-2009. Moreover, the time-
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varying impulse response function in general reveals a negative association between inequality and labor productivity growth rates, following a short-lived positive impact initially, over the four decades of our sample period. The rest of the paper proceeds as follows: Section 2 discusses the data and the methodology, Section 3 presents the empirical results, and Section 4 concludes.   2. Data and Methodology  2.1. Data  We use quarterly data from 1975:Q1 to 2016:Q1, based on availability of measures of inequality. The income inequality data is taken from Mumtaz and Theophilopoulou (2017). To construct income inequality measures they use income equivalized by dividing with the square root of the number of people in a household. The inequality measures are computed using survey data on income and consumption from the family expenditure survey (FES).1 Mumtaz and Theophilopoulou (2017) provide an extensive documentation of the construction of the data and the survey. Note that, while the surveys are recorded at an annual frequency, Mumtaz and Theophilopoulou (2017) assign households to different quarters within a year based on the date of the survey interviews, which, in turn, allows them to calculate the measures of inequality at a quarterly frequency. Note that, these authors remove any households reporting zero or negative income, when constructing the income-based measures of inequality.2 In our main analysis, we consider the Gini coefficient of income inequality. However, as part of additional analyses, we also present the results involving the Gini coefficient of consumption inequality (for total consumption per capita of a household), as well as, the standard deviation (of the data in natural logs), and the difference between the 90th and 10th percentile (with the data in natural logs) associated with both income and consumption. These five additional measures of inequality is also sourced from Mumtaz and Theophilopoulou (2017).  As far as the labor productivity data is concerned, we derive it from the FRED database of the Federal Reserve Bank of St. Louis,3 and corresponds to a seasonally adjusted index (with a base year of 2015) available as part of early estimate of quarterly unit labor cost indicators of the UK. Given that developments in unemployment and income taxation is likely to affect both income (consumption) inequality and labor productivity (Berg and Ostry, 2011; Korinek and Kreamer, 2013; Piketty, 2014; Atkinson, 2015), we also consider the change in the unemployment rate (to ensure stationarity) and income tax to Gross Domestic Product (GDP) ratio for the UK as additional controls in our VAR model as part of robustness checks. The data source used to derive the two controls is the Main Economic Indicators database of the Organisation for Economic Co-operation and Development (OECD).   Since our econometric approach, which we describe below requires us to work with stationary data, we convert the inequality and index of labor productivity into their corresponding growth rates,4 but unemployment rate and the ratio of income tax to nominal GDP is in levels due to their underlying mean-reverting property. We depict the variables in our model as: GIj, j=1..6, corresponding to the 
                                                           
1 The data is downloadable from: https://discover.ukdataservice.ac.uk/series/?sn=200016  and https://discover.ukdataservice.ac.uk/series/?sn=2000028. 
2 We would like to thank Professor Haroon Mumtaz for kindly sharing the inequality data. 
3 The data is available for download from: https://fred.stlouisfed.org/series/ULQELP01GBQ661S. 
4 Complete details of the unit root tests are available upon request from the authors. 
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growth rates of the six measures of income and consumption inequalities (Gini coefficient, the standard deviation, and the difference between the 90th and 10th percentile) respectively; GLP: growth of labor productivity; DUR: change in unemployment rate, and; ITGDP: ratio of income tax to GDP. Due to the transformations, our effective sample starts from 1975:Q2 to 2016:Q1, giving us a total of 164 observations. All variables have been plotted in Figure A1 in the Appendix of the paper.  2.2. Methodology  Given that we use four decades of quarterly data on, which is likely to be (and as we show below that it indeed is) associated with structural breaks in their relationship, we use the recently proposed full-fledged time-varying Granger causality test of Rossi and Wang. This approach analyzes the time-varying impact of GLP on GIj, j=1,…,6, and hence, provide a more appropriate inference of the effect rather than a constant parameter Granger causality method. Besides, understandably, the time-varying approach helps us to depict the time-variation in the strength of predictability.   In this study, we consider the following VAR model with time-varying parameters: 
௧ݕ = ௧ିଵݕଵ,௧ߖ + ௧ିଶݕଶ,௧ߖ + ⋯ + ௧ି௣ݕ௣,௧ߖ +  ௧             (1)ߝ
where ߖ௝,௧ , ݆ = 1, … ௧ݕ ,are functions of time varying coefficient matrices ݌ = ,ଵ,௧ݕ] ,ଶ,௧ݕ … ,  ௡,௧]′ isݕ
an (n×1) vector, and the idiosyncratic shocks ߝ௧ are assumed to be heteroscedastic and serially correlated.   The variables included in our VAR constitutes of two endogenous variables namely, GIj, j=1,…,6, and GLP in a bivariate set-up, and then later DUR and ITGDP as controls in the multivariate (four variables) model. We test the null hypothesis that GLP does not Granger cause GIj for all t, where the 
null hypothesis is ܪ଴: ߶௧ = 0  for all t = 1,2, … , ܶ, given that ߶௧ is appropriate subset of 
,ଵ,௧ߖ) ܿ݁ݒ ,ଶ,௧ߖ … ,  ௣,௧). To this end, Rossi and Wang (2019) suggest four alternative test statisticsߖ
namely: the exponential Wald (ExpW), mean Wald (MeanW), Nyblom (Nybolm) and Quandt Likelihood Ratio (SupLR) tests. Based on the Schwarz Information Criterion (SIC), the VAR model is estimated using 2 lags. We use an end-point trimming of 5% in the bivariate set-up, which in turn amounts us to losing 8 observations from both ends. But a trimming of 10%, i.e., loss of 16 observations from both ends of the sample, is required in the four-variable system.   3. Results  In Table 1, to analyze the predictive ability of LPG on GI1, we first started with the standard constant parameter Granger causality test and found that LPG does not Granger cause GI1 even at the 10% level of significance. However, based on the powerful UDmax and WDmax tests of Bai and Perron (2003), used to detect 1 to M structural breaks in the GI1 equation of the VAR(2) model, allowing for heterogenous error distributions across the breaks and 5% trimming, yielded 2 break points at: 1985:Q1 and 1987:Q1, possibly due to the so-called “Thatcherite Revolution” which involved a host of supply-side reforms such as, privatization, reduction in the power of trade unions, deregulation, and lower income tax rates. Given this evidence of instability, the results from the constant parameter model is not robust, and hence to obtain reliable inference, we look at the ExpW, MeanW, Nyblom, and SupLR tests of Rossi and Wang (2019) based on the time-varying VAR also reported in Table 1. As can be seen, the null of no-Granger causality from GLP to GI1 is overwhelmingly rejected at the highest possible level of significance for three (ExpW, MeanW, and SupLR) of the four tests, and at the conventional 5% level under the Nybolm test statistic. In other words, the predictive ability of LGP 
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for GI1 is in fact time-varying and exceptionally strong, even though no evidence of predictability can be derived from the constant parameter model.  [INSERT TABLE 1]  Next, in Figure 1(a), we present the whole sequence of the Wald statistics across time, which gives more information on when the Granger-causality occurs. As can be seen, GLP consistently predicts GI1, with the effects being particularly strong during and post the global financial crisis. Now since 5% trimming implies losing information on the time-varying statistic for 8 observations from both ends of the sample, we also conducted the rolling, recursive and recursive-rolling tests of Shi et al., (2018, 2020) reported in Figure 1(b). While the 10-year window (chosen to match-up with the first break point date) could not account for the issue regarding the lack of information on predictability at the beginning of the sample period, the recursive-rolling test did indeed pick-up evidence of causality in general from GLP to GI1 over the period of 1992:Q1 till 2016:Q1, at least at the recommended 10% level of significance with 1000 bootstrap replications. [INSERT FIGURE 1]  Given that some studies have found that inequality can predict productivity (see for example, Hayes et al., (1994), Mo (2000), Lloyd-Ellis (2003), Ramos (2014), OECD (2015)), in Figure A2 in the Appendix of the paper, we plot the time-varying Wald statistics of GI1 Granger causing GLP. A similar story to the effect of GLP on GI1 emerges ever since the global financial crisis, with causality consistently running from GI1 to GLP, and being particularly strong for the start of the sample period to late 1980s.5 Furthermore in Figures A3 to A7, we provide the evolution of the Wald statistics over time based on a VAR(2) model with 5% trimming, whereby we test the time-varying causality from GLP to GIj, j=2,..6. As can be seen from the figures, GLP consistently causes the alternative measures of income inequalities over the entire sample period.   As is well-known, causality tests are sensitive to the lag-length, so we revisit our results by re-conducting the Rossi and Wang (2019) test by using a VAR(3) model as suggested by the Akaike Information Criterion (AIC), with the 5% trimming used above. As can be seen from Figure 2, we are able to replicate the results observed in Figure 1 under the VAR(2) model, implying that our results are robust to alternative optimal lag-lengths derived using information criteria.     [INSERT FIGURE 2]  As a further robustness check, we extend our bivariate model to include DUR and ITGDP to control for possible omitted variables, and revisit the causality from GLP to GI1 in Figure 3(a). Using a VAR(2) model with a trimming of 10% required to accommodate the four variables, we find that the pattern of results derived under the bivariate model continues to hold in the extended model in terms of causality over the entire sample period, with increased predictability following the global financial crisis. But now, we also observe strong causal evidence from GLP to GI1 at the beginning of the sample. In other words, our two-variable model does not suffer from omitted variables bias, and GLP 
                                                           
5 Again, the constant parameter-based Granger causality test could not detect causality running from GI1 to GLP even at the 10% level of significance, though ExpW, MeanW, and SupLR tests all overwhelmingly rejected the null of no time-varying predictability at the highest level of significance, but the Nyblom test statistic could not do so event at the 10% level of significance. Complete details of these results are available upon request from the authors. 
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indeed causes GI1 over the entire sample period in a time-varying manner. To further vindicate this issue and provide one-to-one correspondence, we also report in Figure 3(b) the time-varying Wald statistics for the bivariate model, but now with 10% rater than 5% trimming. The pattern of the time-varying causality is in line with Figure 3(a) reporting the four variable case.  [INSERT FIGURE 3]  While the time-varying predictive analysis is the focus of our paper, causality tests are silent about the sign of the impact of GLP on GI1. Given this, as a final part of the analysis, we estimate a time-varying parameter VAR model with stochastic volatility (TVP-VAR-SV) as developed by Primiceri (2005), and Del Negro and Primiceri (2015) with 2 lags, and analyze the time-varying impact on GI1 following a shock to GLP. Given the evidence of bi-directional causality, we rely on generalized impulse response functions (GIRFs). The TVP-VAR model is estimated using Markov-Chain Monte-Carlo (MCMC) methods with Bayesian inference, based on 40,000 draws after an initial burn-in of 40,000 (i.e., we use a total of 80,000 iterations). The MCMC method assesses the joint posterior distributions of the parameters of interest based on certain prior probability densities that we set in advance, which in turn, are identical to those used in Primiceri (2005), Del Negro and Primiceri (2015). Once the model is estimated, we can produce time-varying impulse response functions of the variables in the model following the one standard deviation of the GLP shock. In Figure 4, we present the time-varying response of GI1 over a horizon of 20 quarters. In essence, the impact is initially positive but short-lived as it is restricted to basically one-quarter-ahead. The size of this positive effects has also seemed to decline over time, but beyond the first period following the shock, the effect is strongly negative. While the magnitude of the negative impact from three-quarter-ahead declines, with evidence of recovery in the impulse response function, the effect is consistently negative over the remaining quarters of the forecast horizon. This result is in line with our initial understanding that while higher productivity growth can increase inequality in the short-run, the effect is likely to be negative beyond that in medium- and long-runs.  [INSERT FIGURE 4]  In sum, GLP has a robust time-varying predictive content for GI1, with the sign of the relationship being negative in general.     4.  Conclusion  Existing empirical evidence suggests that productivity can act as driver of inequality. Consequently, in this study we explore the time-varying predictive power of the growth rate of an index of labor productivity for growth in income (and consumption) inequality in the UK. We focus on the UK since income (and consumption) inequality data are available at a high frequency, i.e., on a quarterly basis for over 40 years (1975:Q1 to 2016:Q1). Given that inequality is not only a problem in itself, but it also has negative economic, social, and health implications (Pierdzioch et al., 2019), we consider the usage of quarterly data to be of tremendous importance, since accurate prediction of inequality at a higher frequency should be more relevant to policymakers in designing appropriate policies to circumvent the wide-ranging negative impacts of inequality, compared to when predictions are only available at the lower annual frequency.   
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Our findings point that growth in productivity is generally associated with decreases in the growth of 
inequality at medium- to longer-runs, with the index of labor productivity containing important 
information in predicting growth in income inequality. Further, the strength of the predictive power 
is high post the period of the Global Financial Crisis, which is known to have been associated with 
global decline in productivity and heightened inequality. We believe these findings highlight an 
important role of productivity for inequality – an area of investigation that has in general remained 
untouched in a time-varying manner at high-frequency. In line with Arestis (2020), our results highlight 
the paramount importance of distributional policies, particularly fiscal policies along with (minimum) 
wage policies (and a code of practice for pay above the minimum), to enhance productivity that took 
a knock during the Global Financial Crisis, so as to ensure declines in the growth of inequality.   
 As part of future research, it would be interesting to extend our analysis to other developed and emerging economies around the world, but this is likely to involve the usage of low frequency, i.e., annual data only. But, if productivity data is available at a higher frequency, we could resort to mixed data sampling (MIDAS) techniques to predict the movements of annual inequality growth rates.                                
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Table 1. Constant parameter and time-varying parameter Granger causality tests 
 2(2) ExpW MeanW Nyblom SupLR 

Test Statistic 4.2895 555.1757 112.8779   3.8134   2390.8865 
p-value 0.1171 0.0000 0.0000 0.0379 0.0000 

Note: Null hypothesis is GLP does not Granger cause GI1 in a constant or time-varying VAR(2). GI1: growth of Gini coefficient corresponding to income inequality; GLP: growth of labor productivity. 
 
Figure 1(a). Time-varying Wald statistics with VAR(2) under SIC, testing whether GLP Granger-causes GI1 with 5% Trimming 

 Note: See Notes to Table 1; t: corresponds to quarterly data; and the vertical axis measure the test statistic.                 
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Figure 1(b). Rolling, Recursive, Recursive-Rolling Tests p-values with VAR(2) under SIC, testing whether GLP Granger-causes GI1 with a Window of 40 Quarters 
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10% Critical Value  Note: See Notes to Table 1; horizontal axis corresponds to the sample period; and the vertical axis measure the p-values of the three test statistics.  Figure 2. Time-varying Wald statistics with VAR(3) under AIC, testing whether GLP Granger-causes GI1 with 5% Trimming 

 Note: See Notes to Table 1 and Figure 1. 
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Figure 3(a). Time-varying Wald statistics with VAR(2) under SIC, testing whether FSI Granger-causes GI1 with additional controls and 10% Trimming 

 Note: See Notes to Table 1 and Figure 1; the two additional controls are: DUR: Change in Unemployment Rate, and ITGDP: Income Tax to GDP ratio.  Figure 3(b). Time-varying Wald statistics with VAR(2) under SIC, testing whether FSI Granger-causes GI1 with 10% Trimming 

 Note: See Notes to Table 1 and Figure 1. 



14  

Figure 4. Response of GI1 to a one standard deviation GLP shock in the TVP-VAR model 

 Note: See Notes to Table 1 and Figure 1.                          
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APPENDIX:  Figure A1. Data Plots 
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Note: GIj, j=1,..6, corresponds to the six measures of income and consumption inequality (Gini coefficient, the standard deviation, and the difference between the 90th and 10th percentile) respectively; GLP: growth of labor productivity index; DUR: change in unemployment rate; ITGDP: income tax to nominal GDP ratio.                      
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Figure A2. Time-varying Wald statistics with VAR(2) under SIC, testing whether GI1 Granger-causes GLP 

 Note: See Notes to Figure A1; t: corresponds to quarterly data; and the vertical axis measure the test statistic.  Figure A3. Time-varying Wald statistics with VAR(2) under SIC, testing whether GLP Granger-causes GI2 

 Note: See Notes to Figure A1 and Figure A2. 
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Figure A4. Time-varying Wald statistics with VAR(2) under SIC, testing whether GLP Granger-causes GI3 

 Note: See Notes to Figure A1 and Figure A2.  Figure A5. Time-varying Wald statistics with VAR(2) under SIC, testing whether GLP Granger-causes GI4 

 Note: See Notes to Figure A1 and Figure A2. 
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Figure A6. Time-varying Wald statistics with VAR(2) under SIC, testing whether GLP Granger-causes GI5 

 Note: See Notes to Figure A1 and Figure A2.  Figure A7. Time-varying Wald statistics with VAR(2) under SIC, testing whether GLP Granger-causes GI6 

 Note: See Notes to Figure A1 and Figure A2. 


