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Abstract 

Recent studies debate the effect of a permanent productivity shock on hours per capita 

within a structural VAR context. This paper examines the issue using a correlated 

unobserved components (UC) framework. The estimates show that permanent shocks to 

productivity are negatively correlated with transitory shocks to hours. This result is 

robust for non-stationary, levels stationary and differenced stationary specifications of 

hours. A comparison of the UC framework to the structural VAR framework shows that 

the UC framework with hours in levels performs better. 
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1. Introduction 

Real business cycle theory predicts that a technology shock has positive effect on 

labor hours. Gali (1999) presents an alternative New Keynesian model of business cycles 

with three implications. First, a positive technology shock has a transitory negative effect 

on labor hours. Second, a monetary shock generates a positive transitory comovement 

between hours and productivity. Third, depending on the degree of monetary 

accommodation, a positive technology shock negatively affects the price level and 

inflation. Studies by Shapiro and Watson (1988), Gali (1999), Francis and Ramey (2005) 

and others1 use structural VAR models with Blanchard and Quah (1989) type long-run 

restrictions to empirically confirm that permanent shocks to productivity decrease labor 

input. 

Further research questions the stability of the result that positive technology 

shocks are contractionary. Christiano, Eichenbaum and Vigufsson (2003) argue that the 

estimates are sensitive to whether hours per capita is specified in levels or in differences. 

However, Fernald (2004) and Francis and Ramey (2005) stress the low frequency 

movements of the underlying data to argue that the negative relationship is robust to 

levels specification. Chari, Kehoe and McGrattan (2005) show that structural VAR 

models with long-run restrictions often fail to capture the relationships in artificial data 

generated by theoretical macro models.  

 This paper moves away from the structural VAR approach and uses the correlated 

multivariate unobserved components (UC) framework to examine the relationship 

                                                 
1 This is not a comprehensive list of studies on this issue. Gali and Rabanal (2004) provide a detailed 
survey of literature on this issue. 



 2

between permanent shocks to productivity and transitory shocks to hours2. Building on 

Kuttner (1994) and Roberts (2001), a trivariate model of inflation, productivity and hours 

per capita allows a flexible framework in studying the sensitivity of the results. The 

estimates show that permanent shocks to productivity are negatively correlated with 

transitory shocks to hours. The estimates also confirm a positive correlation between 

transitory shocks to productivity and hours. The point estimates for the correlation 

between inflationary shock and permanent shocks to productivity are also negative, but 

sometimes imprecise. The results are robust for non-stationary, levels stationary and 

differenced stationary specifications of hours. A comparison of the UC framework to the 

structural VAR framework using Bayes factors shows that the UC framework with hours 

in levels performs better. 

      The rest of the paper is organized into four sections. The next section describes 

the trivariate model and provides the estimates. The estimates from the models with 

levels stationary and differenced stationary specifications of hours per capita are in 

Section 3. Section 4 estimates the structural VAR forms of the models and compares 

them to the UC models. Section 5 concludes.  

 

2. A Trivariate Unobserved Components Model and the Estimates  

2.1 The Trivariate Model 

This section presents a trivariate UC model of inflation, productivity and hours 

per capita. Kuttner (1994) uses a bivariate UC model of inflation and output per capita to 

analyze US business cycles. Roberts (2001) extends Kuttner’s model to further 

                                                 
2 Recent progress in correlated UC models include Balke and Wohar (2002), Morley, Nelson and Zivot 
(2003), Sinclair (2005) and Morley (2006). 
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decompose the log output per capita, ty , into trend and cyclical components of 

productivity (log output per hour), tp , and log hours per capita, th . This is possible 

because log output per capita is the sum of log output per hour and log hours per capita.  

1. ttt hpy +=  

 The model presented here builds on the Kuttner-Roberts framework by allowing 

for multiple breaks in inflation and by using a generalized variance covariance matrix for 

all shocks3. The first observable variable, productivity, is assumed to be the sum of a 

stochastic trend component, tpT , , and a cyclical component, tpc , .   

2. tptpt cTp ,, +=  

The stochastic trend component of productivity is assumed to follow a random walk 

process with a constant drift, pμ
4.  

3. tTtptptp p
TT ,1,1,, εμ ++= −−  

4. ptp μμ =,  

The cyclical component of productivity is assumed to follow an autoregressive process 

with zero mean and the number of lags to be determined based on the data. 

5. tctpc pp
cL ,,)( εθ =  

 Similarly, the second observable variable, log hours per capita, is also the sum of 

a stochastic trend component, thT , , and a stationary, zero mean, cyclical component, thc , , 

which follows an autoregressive process. The order of the autoregressive process is to be 

determined by the data.  

                                                 
3 It should be noted that the focus of the Roberts (2001) study was to estimate trend productivity growth, 
very different from the aim of this study or Kuttner’s study.    
4 The assumption of constant drifts in productivity and hours will be relaxed later. 
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6. ththt cTh ,, +=  

7. tcthc hh
cL ,,)( εθ =  

The hours stochastic trend is, as before, a random walk process with a constant drift, hμ . 

8. tTththth h
TT ,1,1,, εμ ++= −−  

9. hth μμ =,  

Note that the hours data is used in levels but explicitly models the potential non-

stationarity in it.  

The third observable variable, the inflation rate, tπ , depends on expected 

inflation, supply shocks, ts , and the cyclical output per capita, tyc , . Expected inflation 

can be modeled in several ways. One way, stressing a random walk type inflationary 

process, is to simply assume the lagged inflation as expected inflation. Another way is to 

model it in levels with the appropriate number of lags. The advantage of the second 

method is that the mean breaks in inflation can be modeled as intercept shifts represented 

by dummies, jD ,π . Recent empirical studies by Levin and Piger (2003) and Rapach and 

Wohar (2005) provide evidence on inflation breaks in US data. The number of intercept 

breaks is determined by Bai and Perron (1998, 2001, 2003, hereafter BP) multiple 

structural break tests.  
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Roberts (2001) uses the following identity, that the output per capita cycle is the sum of 

productivity cycle and the hours cycle, to further decompose the output cycle: 

11. thtpty ccc ,,, += . 
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The inflation equation (eq. 10) is generalized by allowing the cyclical components of 

productivity and hours to have different coefficients.  
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 Following Morley, Nelson and Zivot (2003), all shocks are allowed to be 

correlated. There are five unobserved components with five shocks. In the model, 

equations 2, 6 and 12 represent the measurement equations while equations 3 – 5 and 7 – 

9 are the transition equations. The model will be denoted as UC-CD for future references. 

 

2.2 Data 

Quarterly time series data is obtained from the Bureau of Labor Statistics for the post 

Korean War sample of 1955:1 to 2006:1. Output per hour and hours are taken from the 

non-farm business sector. Inflation is calculated using the non-farm business sector 

output deflator. Population is measured by the civilian non-institutional population of age 

16 years and above. The two supply shocks used throughout this paper are a dummy 

variable for the Nixon price control era and a supply shock measured by the difference in 

inflation using the non-farm business sector price index and food and energy price index5. 

 

2.3 Benchmark Estimates from the Trivariate Model with Constant Drifts 

The estimation of the UC-CD model first detects the number of breaks present in the 

inflation equation. Following BP, the results of the multiple structural break tests are 

                                                 
5 The dummy for Nixon era price control was constructed using Gordon (1990) and King and Watson 
(1994) was used to construct the supply shocks.  
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reported in Table 16. The estimates show four breaks, illustrated in the top panel of 

Figure 1. The break dates closely correspond to Rapach and Wohar (2005), who found 

three breaks instead of four. Using the estimated break dates to model the intercept break 

dummies, the UC-CD model is estimated using maximum likelihood while the 

unobserved components are estimated using the Kalman filter. The number lags used for 

the hours per capita cycle were two while the number for the productivity cycle was one7.      

The estimation results for the UC-CD model are presented in Table 2. The estimates 

of the standard deviation of the shock to hours trend and productivity trend are large and 

precise, implying volatile trends for both series. They are estimated using the Kalman 

filter and are illustrated in the top two panels of Figure 2. The volatile stochastic trend 

supports the original Gali (1999) hours per capita as a non-stationary process. The hours 

cycle estimates are large and persistent, as is illustrated in the middle panel of Figure 2. 

The estimates reflect the NBER recessions reasonably well. The coefficient of the hours 

cycle term in the Phillips curve equation is positive and the coefficient of the productivity 

term in the Phillips curve is negative. However, both are imprecisely estimated. The 

bottom panel of Figure 2 compares the two cycles. The productivity cycles are smaller 

than the hours cycles and not as persistent. These results are quite similar to Gali (1999) 

and Roberts (2001), showing fluctuations in hours account for the bulk of the US 

business cycles. 

                                                 
6 The structural break tests follow Bai and Perron (1998, 2001 and 2003) procedures using 5 maximum 
breaks and minimum 31 data points between the breaks based on 15 percent trimming value. No lags of 
inflation were included. 
7 The two lags assumption of each component is consistent with Harvey (1985), Watson (1986), Clark 
(1987), and Harvey and Jaeger (1993). However, the estimated coefficient of second lag of the productivity 
cycle is small and insignificant.  
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The generalized covariance matrix of the shocks allows for further examination of 

the correlation of shocks than in Roberts (2001). The trend shock to productivity is 

negatively correlated with the cyclical shock to hours and precisely estimated. The 

cyclical shocks between hours and productivity are positively correlated and also 

precisely estimated. Finally, the correlation between the inflationary shock and the trend 

shock to productivity is also negative and significant. All of these three estimates confirm 

the predictions from the New Keynesian model by Gali (1999). The likelihood ratio tests 

in Table 2 show that all of these three correlations are significant at the five percent level 

of significance.  

Finally, the results also show strong negative correlations between trend and cycle 

shocks to productivity and hours. These estimates confirm results reported in Morley, 

Nelson and Zivot (2003), Basistha and Nelson (2005) and Sinclair (2005) for post-war 

US GDP. The decomposition of output between productivity and hours does not yield 

any substantial asymmetry between the magnitude of the correlation coefficients in the 

two components. 

 

2.4 Estimates from the Trivariate Model with Random Walk Drifts 

This subsection relaxes the restrictive assumptions of constant drifts in the trend 

components of productivity and hours. Recent evidence on trend productivity growth, 

such as Kahn and Rich (2004), Roberts (2001), Perron and Wada (2005), show that a 

constant drift term may not be appropriate as ignoring low frequency movements in the 

data may create a bias in the results. Fernald (2004) argues that low frequency 

movements in productivity could be creating a bias in the structural VAR estimates. 



 8

Francis and Ramey (2005) stress the role of low frequency movements in conventional 

hours per capita and use an alternative measure of population to reconcile the differences 

in the results of the structural VAR estimates.  

The constant drifts of the trend components are now modified to be time-varying. 

They are assumed to follow a simple random walk process. 

13. ttptp p ,1,, μεμμ += −  

14. tthth h ,1,, μεμμ += −  

The measurement equations of the new model are still equations 2, 6 and 12. The new 

transition equations are equations 3, 5, 7, 8, 13 and 14. This new UC model is referred to 

as UC-RWD model. 

 Estimation of the UC-RWD model requires two steps, due to the ‘pile-up’ 

problem as reported in Stock (1994) and Stock and Watson (1998). Specifically, the 

maximum likelihood estimates of the variance of a random walk process are biased 

towards zero when the true variance is small. This issue is resolved by using the median 

unbiased estimation procedure outlined in the Stock and Watson study. The growth rate 

of the estimated trend component of the UC-CD model is used to compute the Andrews 

and Ploberger (1994) exp-Wald test statistic reported in panel A of Table 3. The exp-

Wald statistics is transformed based on Table 3 of the Stock and Watson study to 

compute the drift variances when the UC-RWD model is estimated using maximum 

likelihood. 

 The parameter estimates of the UC-RWD model are in panel B of Table 3. The 

standard deviations of the trend shocks are volatile as in the UC-CD model. The 

correlations of the shocks confirm: a) a negative correlation of trend productivity shocks 



 9

and cyclical hours shocks, b) a positive correlation of cyclical productivity shocks and 

cyclical hours shocks and c) a negative correlation of inflation shocks and trend 

productivity shocks. The top panel of Figure 3 confirms a slowdown in the trend 

productivity growth in the early 1970s and a recovery in the early 1990s. The estimates of 

the hours cycle are still larger than the productivity cycle as is illustrated in the bottom 

panel of Figure 3. 

 Overall, this section presents empirical evidence supporting negative correlation 

between trend productivity shocks and cyclical hours shocks after allowing for explicit 

modeling of non-stationarity in hours. The results also imply that the cyclical shocks 

between productivity and labor inputs are positively correlated. The results are robust to 

allowing for low frequency movements in trend productivity and trend hours8. The results 

also show that the hours cycle is the main source of fluctuation in the output cycle. 

 

3. The Trivariate Model with Hours Data in Levels and Differences 

 This section examines the sensitivity of the results of the previous section when 

the hours data is treated as either levels stationary or differenced stationary without 

modeling the non-stationarity as a specific stochastic process. Recent research by 

Christiano, Eichenbaum and Vigufsson (2003) shows that the Gali (1999) result is 

sensitive to whether hours per capita is specified in levels or in differences in a structural 

VAR setup.  Simple modifications of the UC-CD model allow for comparison of the 

parameter estimates and relative performances of the models. 

                                                 
8 Using the Francis and Ramey (2005) data in this model show similar results. The results are not reported 
due to space considerations. 
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 The levels stationary modeling of hours data entails modifying just one transition 

equation in the UC-CD model. The hours stochastic trend equation (eqn. 8) is now 

specified as: 

15. 1,, −= thth TT . 

Note that this modification implies six less parameters: one variance, four covariances 

and one drift term. Therefore, equations 2 - 7, 12 and 15 form the new UC model with 

levels stationary hours. It is denoted as UC-L. 

 The differenced stationary modeling of hours data needs one more change. The 

hours measurement equation is modified to the following form: 

16. ththtt cThh ,,1 ++= − . 

The stochastic trend is still specified as in equation 15. The new differenced stationary 

model consists of equations 2 - 5, 7, 12, 15, and 16. This model is denoted as UC-D. The 

number of parameters is the same as the UC-L model. 

 The estimation results of the models are in Table 4. Panel A contains the 

estimates from the UC-L model whereas panel B contains the estimates from the UC-D 

model. The higher log likelihood of the UC-L model indicates that it performs relatively 

better. The point estimates for the correlation coefficients are remarkably similar across 

the models and confirm the previous findings from the UC-CD and UC-RWD models. 

However, the negative correlation of trend productivity shock and inflation shock is 

lower in magnitude and imprecise. The standard deviations of the shocks are largely 

similar across the models. The expected difference between the models is in the 

parameter estimates of the autoregressive coefficients of the hours cycle. The differenced 

hours data shows less persistence. 
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 The estimated cycles from the UC-L and the UC-D models are illustrated in 

Figure 4. The top panel shows the hours cycle and productivity cycle from UC-L model. 

The middle panel shows the hours cycle and productivity cycle from the UC-D model. 

The main difference between the two panels is in the dynamics of the hours cycle. They 

are much smaller and less persistent in the middle panel representing the UC-D model. 

The bottom panel of Figure 4 compares the productivity cycle estimates from UC-CD, 

UC-L and UC-D models. The striking feature is the similarity in their dynamics – the 

differencing of the hours data does not make a difference in the productivity cycle 

estimates. 

 

4. Trivariate Models Using a Structural VAR Set-up within the UC Frameworks 

 This section aims to compare the performance of the UC models with respect to 

the structural VAR models using long term restrictions following Blanchard and Quah 

(1989, hereafter BQ). In the BQ framework, the bivariate VAR model of hours and 

productivity growth is driven by two shocks. One of the shocks is restricted to have a 

zero effect on productivity growth in the long run. This implies the other shock has a 

permanent effect on the productivity level and is identified as the ‘technology’ shock. 

The stochastic trend specification of the productivity levels serves a similar purpose 

although it assumes a specific process. The main difference of the UC model is in the 

transmission of the other shock to the endogenous variables. The VAR specifies the 

transmission through lagged observed values whereas the UC specifies the transmission 

in terms of the unobserved cycles. 
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 To start out, a simple VAR type structure is specified in an UC form with a 

permanent stochastic trend and a VAR type transmission for the cycles. Two orthogonal 

shocks assumed in the hours productivity setup, one being the permanent shock to 

productivity as specified in equation 3 and the other being the cyclical shock to hours. In 

the levels stationary hours setup, the cyclical productivity and hours are specified as: 

17. tccchit
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The term Δ  denotes the first difference and xω denotes the mean of x . The permanent 

shock is allowed to affect the hours cycle and the hours cycle shock drives cyclical 

productivity subject to a scaling parameter. This matches the VAR restriction for the 

number of shocks being identical to the number of variables. 

  The previous UC models are trivariate models of inflation, hours and 

productivity. The likelihood based model comparisons need the likelihood to be defined 

over the same observations on the left hand side. So, the inflation equation is also 

introduced in the VAR setup but is not allowed to have any feedback to either 

productivity or hours. It is specified as: 
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where the inflationary shock, t,πε , is assumed to be orthogonal to the rest of the shocks.  

The equations 2 – 4, 6, 15, 17 – 19 form the structural VAR type model in the level 

stationary hours form that is cast in the UC form. The model is denoted as SVAR-L. 
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 The hours differenced structural VAR form is also similarly specified. The 

cyclical productivity dynamics is specified as 

20. tccchkt
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and the cyclical hours dynamics is specified as 

21. tctTTchkt
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Equations 2 – 4, 15, 16, 19 – 21 form the hours differenced model. This model is denoted 

as SVAR-D. 

 The estimates of the models are in panel A and panel B of Table 5. They mimic 

the main difference between levels hours and differenced hours in a structural VAR 

setup9. The effect of a trend shock on cyclical hours is positive (though small and 

imprecise) in the SVAR-L model but negative in the SVAR-D model. The reason is that 

the productivity cycle estimates are sensitive to how the dynamics are specified. This 

affects the permanent component of productivity as well. Table 6 provides the standard 

deviations of the productivity cycle estimates from different models. It shows that the 

productivity cycle estimates in the SVAR-L and SVAR-D are smaller than the UC 

models. It also shows fairly low correlations between the SVAR estimates and the UC 

estimates. Interestingly, the correlation between the productivity cycle estimates from the 

SVAR models is very low too. This results from specifying the dynamics of productivity 

cycle in terms of hours levels versus hours differences. Figure 5 illustrates the 

productivity cycles from the two SVAR and compares them with other productivity cycle 

                                                 
9 Four lags were used based on AIC results by estimating separate VARs in Eviews. 
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estimates. It confirms the observation that the productivity cycle estimates from SVAR 

are smaller than the other estimates10. 

 The Bayes factor11, as discussed in Kass and Raftery (1996), is used to compare 

the performance of the SVAR models with the UC models. It compares the likelihoods of 

two models while adjusting for the number of parameters in each model. Rather than 

using hypothesis tests which either reject or do not reject a null hypothesis, the Bayes 

factor serves the purpose of indicating which model is favored by the data. As an obvious 

case, the higher likelihood of a model will imply that it is favored by the data if the 

competing model also has the same number of parameters. 

 The likelihoods, the number of parameters and the Bayes factor comparisons are 

presented in Table 7. The Bayes factor shows that between the two SVAR models, the 

SVAR-L model is favored by the data. Comparing the SVAR-L model to the UC models 

show that the UC-CD and the UC-L models are ‘very strongly’ favored over the SVAR–

L model. It should be also noted that the Bayes factor still favors the UC-L even if the lag 

length of the SVAR-L is reduced by half and the log-likelihood is unchanged. 

 The restriction of the inflation equation being not linked to the productivity and 

hours equations could be potentially influencing the Bayes factor results in the model 

                                                 
10 This observation is also confirmed in a bivariate structural VAR. The variance decomposition of 
productivity growth shows a fairly small role of the transitory shock.  
11 The Bayes factor, approximated as S2  following Kass and Raftery (1995), provides evidence against 
model I )( IM  with respect to model J )( JM . Kass and Raftery further suggest that if  S2  lies between 

zero to two, the evidence against IM  is “not worth more than a bare mention”. If S2  is between two to 

six, the evidence against IM  is ‘positive’. If S2  is between six to ten, the evidence against IM  is 

‘strong’ and if it is greater than ten the evidence against IM  is ‘very strong’. The term S  is defined as 

nddMDlMDlS IJIJ log)()|()|( 2
1 −−−=  where (.)l  denotes the maximized log-likelihood, 

id  is the number of parameters in model i  and n  is the sample size. 
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comparisons. The inflation equation is therefore modified to take the following form 

where both trend productivity shocks and hours cycle shocks can influence inflation.  

22. ttcctTT

B

m
tmm

B

k
ktk

B

j
jjt hhpp

mkj

sD ,,,,,
1

,
1

,1,
1

,,0,0,0, πππππππ εεγεγγπβββπ ++++++= ∑∑∑
==

−
=

 

As before, the models are specified in hours levels and hours differenced form, but both 

will use equation 22 as the inflation equation. The equations 2 – 4, 6, 15, 17 – 18 and 22 

form the structural VAR type model in level hours form that is cast in the UC form. The 

model is denoted as SVAR-LI. Equations 2 – 4, 15, 16 and 20 – 22 form the hours 

differenced model and is denoted as SVAR-DI. 

 The parameter estimates for the SVAR-LI and SVAR-DI model are shown in 

panel C and panel D of Table 5 respectively. They show the standard switching of signs 

for the effect of trend productivity shocks on the hours cycle. Again the levels model has 

a higher likelihood. The Bayes factor comparisons between the SVAR-L and SVAR-LI 

models show that the data does not specifically favor any of them over the other. 

However, a comparison of the SVAR-LI model with the UC-CD and UC-L models show 

that the UC models are favored ‘very strongly’. Overall, the data seems to favor the UC 

models more than the SVAR models12.  

 

5. Conclusion 

 This study provides evidence that a correlated UC framework can be a useful way 

of examining the dynamics of productivity, hours and inflation. The framework provides 

                                                 
12 Additional experiments indicate that the orthogonality assumption of the two shocks and limiting the 
number of shocks to the number of variables are not the key factors. Introduction of these two restrictions 
in the UC setup does not result in switching of signs of the effect of permanent shock on hours cycle. The 
results are not reported due to space considerations.  
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robust parameter estimates robust to how the hours data is specified: non-stationary, 

levels stationary or differenced stationary. Model comparisons based on Bayes factor 

indicate that the data favors the UC models over a structural VAR type setup.  
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Table 1: Bai-Perron Multiple Structural Breaks Tests for Inflation 

 UDMax WDMax SupF(1|0) SupF(2|1) SupF(3|2) SupF(4|3) SupF(5|4) 

Inflation 31.903* 57.735* 7.364 36.062* 39.316* 18.738* - 

Break Dates: Inflation 

 1966:1 1973:3 1982:4 1991:3 

Note: The multiple structural breaks tests follow Bai and Perron (1998, 2001 and 2003) 
procedures using 5 maximum breaks and minimum of 31 data points between the breaks 
based on 15 percent trimming value. The critical value for WDMax at the 5 percent level 
is 9.91. The 5 percent critical values for the following tests are: UDMax - 8.88, SupF(1|0) 
– 8.58, SupF(2|1) – 10.13, SupF(3|2) – 11.14, SupF(4|3) – 11.83 and SupF(5|4) – 12.25. 
The sign `–´ indicates there was no place to insert an additional break. The asterisked 
numbers are significant at the 5 percent level. 
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Table 2: Parameter Estimates from the Trivariate UC Models of Productivity, 

Hours and Inflation with Constant Drifts 

Standard Deviations of the Shocks  

pTσ  
pcσ  

hTσ  
hcσ  πσ   

0.773 (0.25) 1.085 (0.44) 0.814 (0.20) 0.878 (0.26) 1.258 (0.09)  

Correlations of the Shocks 

hp TT ,ρ  
pp cT ,ρ  

hp cT ,ρ  
hh cT ,ρ  

ph cT ,ρ  
ph cc ,ρ  

0.329 (0.23) -0.736 (0.28) -0.636 (0.14) -0.819 (0.14) -0.292 (0.23) 0.606 (0.24) 

πρ ,pT  πρ ,pc  πρ ,hT  πρ ,hc    

-0.549 (0.20) 0.289 (0.25) 0.095 (0.19) -0.166 (0.34)   

AR terms, Drifts, Phillips Curve Coefficients and Log Likelihood  

)1(
hcθ  )2(

hcθ  )1(
pcθ  hμ  pμ  1,1,πβ  

1.475 (0.11) -0.551 (0.10) 0.759 (0.11) -0.013 (0.10) 0.519 (0.06) 0.311 (0.12) 

hcφ  
pcφ   LogL  

0.196 (0.15) -0.063 (0.45)  -784.130 

 

Likelihood Ratio Tests 

0: ,0 =
hp cTH ρ ,         RLogL  = -788.496,         )(2 RLogLLogL − = 8.732 

 

0: ,0 =
ph ccH ρ ,         RLogL  = -790.174,         )(2 RLogLLogL − = 12.088 

 

0: ,0 =πρ
pTH ,         RLogL  = -786.511,          )(2 RLogLLogL − = 4.762 

 

Note: The parameters estimates are from the UC-CD model in the text. Numbers in the 
parentheses are standard errors computed using the delta method.   



 23

Table 3: Parameter Estimates from the Trivariate UC Models of Productivity, 

Hours and Inflation with Random Walk Drifts 

Panel A: Exp-Wald Tests on Trend Growth Rates for Hours per Capita and Productivity 

Hours per Capita 1.961 Nh /λ  0.036 

Productivity 0.915 Np /λ  0.021 

Panel B: Parameter Estimates from the Trivariate UC Model 

Standard Deviations of the Shocks  

pTσ  
pcσ  

hTσ  
hcσ  πσ   

0.725 (0.13) 1.051 (0.33) 0.865 (0.19) 0.922 (0.23) 1.217 (0.07)  

pμ
σ̂  

hμ
σ̂      

0.015* 0.031*     

Correlations of the Shocks 

hp TT ,ρ  
pp cT ,ρ  

hp cT ,ρ  
hh cT ,ρ  

ph cT ,ρ  
ph cc ,ρ  

0.340 (0.35) -0.722 (0.30) -0.697 (0.18) -0.863 (0.10) -0.295 (0.30) 0.612 (0.33) 

πρ ,pT  πρ ,pc  πρ ,hT  πρ ,hc    

-0.373 (0.26) 0.183 (0.26) 0.018 (0.13) -0.75 (0.18)   

AR terms, Phillips Curve Coefficients and Log Likelihood  

)1(
hcθ  )2(

hcθ  )1(
pcθ  1,1,πβ  

hcφ  
pcφ  

1.457 (0.10) -0.553 (0.09) 0.739 (0.06) 0.236 (0.11) 0.227 (0.11) -0.131 (0.31) 

   LogL  

   -793.380 

 

Note: The parameters estimates in panel B are from the UC-RWD model in the text. 
Numbers in the parentheses are standard errors computed using the delta method.  The 
‘*’s indicate the computed values of the standard deviations of the trend drift shocks 
following Stock and Watson (1998). 



 24

Table 4: Parameter Estimates from the UC Models with Hours Data in Levels and 
in Differences 

Panel A: Hours per Capita in Levels 

Standard Deviations  

pTσ  
pcσ  

hcσ  πσ    

1.287 (0.38) 1.622 (0.44) 0.667 (0.03) 1.275 (0.07)   

Correlations of the Shocks 

pp cT ,ρ  
hp cT ,ρ  

ph cc ,ρ  πρ ,pT  πρ ,pc  πρ ,hc  

-0.895 (0.07) -0.763 (0.09) 0.651 (0.09) -0.374 (0.25) 0.192 (0.20) -0.251 (0.09) 

AR terms, Phillips Curve Coefficients and Log Likelihood  

)1(
hcθ  )2(

hcθ  )1(
pcθ  pμ    

1.543 (0.05) -0.556 (0.05) 0.862 (0.05) 0.507 (0.08)   

1,1,πβ  
hcφ  

pcφ  LogL  

0.378 (0.07) 0.034 (0.02) 0.101 (0.06) -787.096 
 

Panel B: Hours per Capita in Differences 

Standard Deviations 

pTσ  
pcσ  

hcσ  πσ    

1.343 (0.37) 1.725 (0.38) 0.676 (0.03) 1.254 (0.08)   

Correlations of the Shocks 

pp cT ,ρ  
hp cT ,ρ  

ph cc ,ρ  πρ ,pT  πρ ,pc  πρ ,hc  

-0.913 (0.05) -0.813 (0.07) 0.678 (0.08) -0.269 (0.18) 0.104 (0.15) -0.230 (0.13) 

AR terms, Phillips Curve Coefficients and Log Likelihood 

)1(
hcθ  )2(

hcθ  )1(
pcθ  pμ    

0.591 (0.07) -0.033 (0.07) 0.876 (0.04) 0.505 (0.09)   

1,1,πβ  
hcφ  

pcφ  LogL  

0.356 (0.07) -0.104 (0.12) 0.132 (0.05) -792.258 
 

Note: The parameters estimates in panel A and panel B are from the UC-L and UC-D 
models respectively. The numbers in the parentheses are standard errors computed using 
the delta method.   
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Table 5: Parameter Estimates from the Structural VAR Form UC Models  

Panel A: Hours per Capita in Levels, Inflation Uncorrelated 

pTσ  
hcσ  πσ  

ph Tc ,γ  
hp cc ,γ  LogL  

0.800 (0.04) 0.633 (0.03) 1.310 (0.07) 0.117 (0.11) 0.017 (0.15) -795.243 

 

Panel B: Hours per Capita in Differences, Inflation Uncorrelated 

pTσ  
hcσ  πσ  

ph Tc ,γ  
hp cc ,γ  LogL  

0.629 (0.07) 0.575 (0.05) 1.310 (0.07) -0.479 (0.18) 0.851 (0.22) -796.491 

 

Panel C: Hours per Capita in Levels, Inflation Correlated 

pTσ  
hcσ  πσ     

0.797 (0.05) 0.620 (0.08) 1.278 (0.06)    

ph Tc ,γ  
hp cc ,γ  

pT,πγ  
hc,πγ  LogL  

0.203 (0.36) -0.124 (0.60) -0.345 (0.20) -0.180 (0.21) -790.505 

 

Panel D: Hours per Capita in Differences, Inflation Correlated 

pTσ  
hcσ  πσ     

0.630 (0.06) 0.577 (0.05) 1.277 (0.06)    

ph Tc ,γ  
hp cc ,γ  

pT,πγ  
hc,πγ  LogL  

-0.476 (0.15) 0.842 (0.18) -0.156 (0.15) -0.491 (0.17) -791.543 

 

Note: The parameters estimates in panel A and panel B are from the SVAR-L and 
SVAR-D models respectively. The parameters estimates in panel C and panel D are from 
the SVAR-LI and SVAR-DI models respectively. The numbers in the parentheses are 
standard errors computed using the delta method.   
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Table 6: Correlations and Standard Deviations for the Productivity Cycle Estimates 

 UC-CD UC-RWD UC-L UC-D SVAR-L SVAR-D 
UC-CD  2.00      

UC-RWD  0.94  1.52     
UC-L  0.97  0.89  3.50    
UC-D  0.96  0.90  0.99  3.64   

SVAR-L  0.22  0.09  0.29  0.25  1.34   
SVAR-D  0.36  0.46  0.27  0.33  0.19  0.85 

Note: The above table shows the standard deviations and correlations of the two-sided 
estimates for productivity cycles from different models. UC-CD indicates the 
productivity cycle from the UC constant drifts model (Table 2 estimates) and UC-RWD 
indicates the estimates from the UC random walk drifts model (Table 3, Panel B 
estimates). UC-L denotes the UC model with hours in levels (Table 4, Panel A). UC-D 
denotes the UC model with hours in differences (Table 4, Panel B). SVAR-L shows the 
structural VAR type UC model with hours in levels (Table 5, Panel A) and SVAR-D 
shows the structural VAR type UC model with hours in differences (Table 5, Panel B). 
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Table 7: Bayes Factor Comparisons 

Models Log Likelihoods Number of Parameters 

UC-CD -784.130 30 

UC-L -787.096 24 

UC-D -792.258 24 

SVAR-L -795.243 30 

SVAR-D -796.491 30 

SVAR-LI -790.505 32 

SVAR-DI -791.543 32 

Bayes Factors 

2S  (Evidence against SVAR-D with respect to SVAR-L): 2.50 

2S  (Evidence against SVAR-L with respect to UC-CD): 22.23 

2S  (Evidence against SVAR-L with respect to UC-L): 48.23 

 

2S  (Evidence against SVAR-LI with respect to SVAR-L): 1.17 

2S  (Evidence against SVAR-LI with respect to UC-CD): 23.34 

2S  (Evidence against SVAR-LI with respect to UC-L): 49.40 

 

Note: In the above table, UC-CD indicates the UC constant drifts model (Table 2 
estimates). UC-L denotes the UC model with hours in levels (Table 4, Panel A) and UC-
D denotes the UC model with hours in differences (Table 4, Panel B). SVAR-L shows 
the structural VAR type UC models with hours in levels (Table 5, Panel A) and SVAR-D 
shows the structural VAR type UC models with hours in differences (Table 5, Panel B). 
Similarly, SVAR-LI shows the structural VAR type UC model with hours in levels and 
correlated inflation (Table 5, Panel C) and SVAR-DI shows the structural VAR type UC 
model with hours in differences and correlated inflation (Table 5, Panel D). The Bayes 
factor, approximated as S2  following Kass and Raftery (1995), provides evidence 
against model I )( IM  with respect to model J )( JM . Kass and Raftery further suggest that 
if  S2  lies between zero and two, the evidence against IM  is “not worth more than a 
bare mention”. If S2  is between two to six, the evidence against IM  is ‘positive’. If S2  
is between six to ten, the evidence against IM  is ‘strong’ and if it is greater than ten the 
evidence against IM  is ‘very strong’. The term S  is defined as 

nddMDlMDlS IJIJ log)()|()|( 2
1 −−−=  where (.)l  denotes the maximized log-

likelihood, id  is the number of parameters in model i  and n  is the sample size. 
 



 28

Figure 1: Inflation, Productivity and Hours per Capita Series 
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Note: Vertical lines in the top panel denote the inflation break dates. Shaded areas in the 
lower two panels represent NBER recessions. 
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Figure 2: Trends and Cycles in Productivity and Hours per Capita  
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Note: Right scales of the top two panels and the bottom panel are in percentages. Shaded 
areas represent NBER recessions. 
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Figure 3: Trends, Cycles and Drifts in Productivity and Hours per Capita 
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Note: Right scales of the top panels denote the scales of the trend drift term. Scale of the 
bottom panel is in percentages. Shaded areas represent NBER recessions. 
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Figure 4: Cycles in Productivity and Hours per Capita 
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Note: Scales are in percentages. Shaded areas represent NBER recessions. 
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Figure 5: Productivity Cycle Estimates from Different Models 
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Note: Scales are in percentages. Shaded areas represent NBER recessions. 
 


