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Have Infl ation Dynamics Changed?
Edward S. Knotek II and Saeed Zaman

Using a fl exible statistical model to project infl ation outcomes into the future, this Commentary fi nds that the most likely 
path for infl ation based on recent infl ation dynamics is generally similar to what would have been expected given infl ation 
dynamics in the late 1990s, but there is more uncertainty around the forecast now than in the late 1990s.
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After rising in the second half of 2016 and in the early part 
of 2017, infl ation as measured by the price index for personal 
consumption expenditures (PCE) began to reverse course 
unexpectedly. While PCE infl ation has been below 2 percent 
for most of the expansion following the Great Recession, 
its recent decline came in the midst of a low and falling 
unemployment rate, stable oil prices, and a depreciating 
dollar. These forces would not ordinarily be expected to put 
downward pressure on infl ation. This situation has posed 
something of a “mystery” for monetary policymakers (see, 
e.g., Yellen 2017b). Seeking to explain this disconnect be-
tween infl ation and its fundamental drivers, some economists 
have raised questions about whether infl ation dynamics have 
recently changed, perhaps as a result of ongoing globaliza-
tion, technological innovation, or shifts in the competitive 
environment related to the internet, among other factors.1

In this Commentary, we look at infl ation through the lens of 
a fl exible statistical model that can capture time-variation in 
infl ation dynamics and in the relationship between infl ation 
and unemployment. Using this model, we generate two sets 
of infl ation forecasts. The fi rst forecast is based on the most 
recent behavior of infl ation and the unemployment rate. 
In the second forecast, we assume that infl ation dynamics 
are governed by the behaviors we saw in the late 1990s—
another period in which both the unemployment rate and 
infl ation were notably low, but also one in which globaliza-
tion and internet commerce may have been putting less 
downward pressure on infl ation. In terms of the most likely 
paths going forward, the point forecasts for infl ation and 
unemployment from these two approaches are generally simi-
lar—and, if anything, the projection based on recent infl ation 
dynamics calls for a more rapid rise of infl ation to 2 percent 
today than would have been the case in the late 1990s. 

But there is more uncertainty surrounding the point fore-
casts now than in the late 1990s, consistent with an econo-
my that is now subject to larger shocks and a looser relation-
ship between infl ation and unemployment than in the past.

Capturing Time Variation
To adequately address whether infl ation dynamics may have 
changed and what those changes imply for the infl ation 
outlook, we need a model for forecasting infl ation, a method 
for estimating the model that can pick up changes in infl a-
tion dynamics, and a suitable base period for comparison.

For the model, we have chosen a bivariate vector autore-
gression (VAR) using quarterly data on the unemployment 
rate and core PCE infl ation, which excludes food and 
energy prices. The Phillips curve typically relates infl ation 
to the unemployment rate. While our model is related to the 
literature on Phillips curves, the VAR specifi cation is agnos-
tic about the precise form that the relationship between core 
infl ation and the unemployment rate might take.2

For the estimation method, we use a fl exible statistical mod-
eling approach that allows us to capture potential changes in 
economic relationships over time. This approach allows for 
changes in the parameters of the VAR model over time and 
changes in the typical sizes of the shocks hitting the model. 
Technically, we estimate the VAR allowing for time-varying 
parameters and stochastic volatility (TVP-SV). TVP-SV 
models were developed by Cogley and Sargent (2005) 
and Primiceri (2005).3 D’Agostino et al. (2013) show that 
small TVP-SV models produce relatively accurate infl ation 
forecasts, even for forecast evaluation periods starting in the 
1980s, when forecasting infl ation became more diffi cult.4 
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Figure 1. The Unemployment Rate and Core PCE Infl ation

Note: Shaded regions show recessions.
Sources: Bureau of Economic Analysis; Bureau of Labor Statistics; Federal Reserve Bank 
of Cleveland; Haver Analytics; National Bureau of Economic Research (recession bars).
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Finally, for the comparison point with the past, we use 
1999:Q3. In selecting the comparison point, we sought out 
a time in which economic conditions bore similarities to 
today’s and forces that have been proposed as weighing on 
infl ation—such as internet commerce and globalization—
were arguably less important than they are today. Regarding 
the latter forces, the internet as an online marketplace was 
in its early stages in the late 1990s, and China had not yet 
entered the World Trade Organization. In terms of eco-
nomic conditions, core PCE infl ation was running below 
2 percent in the late 1990s, while the unemployment rate 
was relatively low and declining (fi gure 1). In particular, the 
unemployment rate averaged 4.2 percent in 1999:Q3 while 
trailing four-quarter core PCE infl ation was 1.3 percent; for 
comparison, the unemployment rate averaged 4.3 percent in 
2017:Q3, and trailing four-quarter core PCE infl ation was 
1.3 percent. 

Infl ation: Still Partying Like It’s 1999?
A key benefi t of the TVP-SV framework is that we can 
capture changes in infl ation dynamics—even very recent 
changes that might only have occurred near the end of our 
estimation sample.5 These changes can take on a variety of 
forms, including changes in the persistence of our variables 
of interest; changes in the relationship between core infl ation 
and the unemployment rate—that is, the slope of the Phil-
lips curve; and changes in the model’s estimates of where 
the economy is likely to go in the long run.6  To see how the 
economy has changed since the late 1990s, we estimate the 
model twice, once using data through 1999:Q3 to capture 
circa 1999 infl ation dynamics and then a second time using 
data through 2017:Q3 to capture circa 2017 infl ation dynamics.7

Table 1 reports key statistics from the two estimations. 
While the persistence of the unemployment rate is simi-
lar across the two periods, core infl ation has become less 
persistent: The sum of the lagged infl ation coeffi cients has 
decreased from 0.98 in the 1999:Q3 estimation to 0.87 in 
the 2017:Q3 estimation. The slope of the Phillips curve is 
just a little bit fl atter in the later estimation: The unemploy-
ment rate has a slightly smaller infl uence on infl ation circa 
2017 than it did circa 1999, though the infl uence of the 
unemployment rate on infl ation was already small in the late 
1990s. But in the longer run, the two estimations expect the 
economy to converge to nearly identical places. Whether 
estimating using data through 1999 or 2017, the model calls 
for infl ation to converge to 2 percent, while the unemploy-
ment rate converges to 4.3 percent when estimating through 
1999 and 4.4 percent when estimating through 2017.8 So 
in both cases, the forces keeping infl ation below 2 percent 
ultimately are viewed as transitory.

Using the recent data on core PCE infl ation and the un-
employment rate as a starting point, we take the estimated 
parameters based on the samples ending in 1999 and 2017 
and produce two sets of forecasts, one based on circa 1999 
infl ation dynamics and another based on circa 2017 infl a-
tion dynamics. Figure 2 shows the infl ation forecasts.9 The 

solid lines show the respective point forecasts, or most likely 
paths, from the two estimations. The corresponding dashed 
lines show the 70 percent probability bands around each 
point forecast; that is, they show the range of future infl a-
tion outcomes that the models expect will occur 70 percent 
of the time, with infl ation expected to fall outside the bands 
30 percent of the time. We make two observations. 

First, we view the point forecasts for core PCE infl ation 
as generally similar: Based on the infl ation dynamics from 
either estimation period, the most likely path for infl ation 
is a rising trajectory over the forecast horizon back toward 
2 percent. If anything, the infl ation projection based on 
circa 2017 dynamics is fi rmer than the projection based on 
circa 1999 dynamics. This fi nding comes largely from the 
fact that infl ation is currently less inertial recently than it 
had been, a situation which allows infl ation to return to its 
longer-run level more quickly in the recent period than it 
would have in the late 1990s. In both cases, the low level of 
the unemployment rate—which is below its longer-run level—is 
putting upward pressure on infl ation via Phillips curve effects, 
but the strength of this effect is quantitatively similar for both 
forecasts. These results are at odds with the conjecture that 
growing forces—such as rising pressures from ongoing global-
ization and increased price competition from the internet—are 
depressing infl ation and will continue to do so going forward.10

Second, considerable uncertainty surrounds these projec-
tions, but there is more uncertainty surrounding the point 
forecasts of infl ation now than in the late 1990s. The dif-
ferences in uncertainty are illustrated in the fi gure, because 
while the lower ends of the 70 percent probability bands 
are essentially identical across the two estimation periods, 
the upper bands are higher in the circa 2017 case than in 
the circa 1999 case. We fi nd similar results for the unem-
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Table 1. Key Statistics from the Estimations Figure 2. Core PCE Infl ation Forecasts from Two Estimation 
Samples

Sources: Bureau of Economic Analysis; Bureau of Labor Statistics; Federal Reserve 
Bank of Cleveland; Haver Analytics.

Source: Authors’ calculations.
Notes: Persistence and slope estimates are based on posterior mean parameter 
estimates. Long-run estimates are median forecast values after 10 years.
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Unemployment persistence 0.95 0.96

Phillips curve slope –0.07 –0.06

Long-run infl ation 2.0 2.0

Long-run unemployment rate 4.3 4.4
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ployment rate, for which the 70 percent probability band is 
wider in the circa 2017 forecasts compared with that of the 
circa 1999 forecasts. The changing width of these probabil-
ity bands is consistent with an economy that is now subject 
to larger shocks and a looser relationship between infl ation 
and unemployment than in the past.

Given that the forecasts call for a fi rming of infl ation, what 
actually occurred after 1999, when core PCE infl ation and the 
unemployment rate were both near current levels? A common 
saying in the fi nancial services industry is that past perfor-
mance is no guarantee of future results—and that, in this case, 
may turn out to be a good thing. As fi gure 1 shows, core PCE 
infl ation began to pick up in 2000 and was arguably headed 
back toward 2 percent—that is, until the unemployment rate 
rose with the 2001 recession and core infl ation drifted back 
down. As the economy recovered, core PCE infl ation did 
eventually make it to 2 percent, but not until 2004:Q4.

Conclusion
In this Commentary we use a fl exible statistical model that can 
capture potential variation in infl ation dynamics over time. 
We show that infl ation forecasts based on infl ation dynamics 
in two time periods, one in the late 1990s and another one 
in 2017, would both put infl ation on a rising trajectory back 
toward 2 percent, with the forecast based on recent data 
suggesting the rise will be faster than would have been sug-
gested by the late 1990s data. But we also document greater 
uncertainty around the more recent forecast path, consistent 
with an economy that is now subject to larger shocks and 
a looser relationship between infl ation and unemployment 
than in the past.

Footnotes
1. For example, Brainard (2017) notes that infl ation expecta-
tions may have drifted down since before the crisis, thereby 
making it more diffi cult for infl ation to rise to 2 percent. See 
Yellen (2017a) for a summary of the factors affecting infl a-
tion and some potential factors that may be contributing to 
changes in infl ation dynamics. 

2. The forecasting literature is generally critical of using 
Phillips curves to forecast infl ation out of sample; see, e.g., 
Atkeson and Ohanian (2001), Stock and Watson (2007), 
Faust and Wright (2013), and Dotsey et al. (2017). But our 
approach does not rely on a Phillips curve, per se; for exam-
ple, the infl ation rate is not a function of the unemployment 
gap, and we omit forward-looking measures of infl ation 
expectations that are part of the canonical New Keynesian 
Phillips curve (see, e.g., Coibion and Gorodnichenko 2015). 
Furthermore, D’Agostino et al. (2013) show that allowing 
for time-varying parameters and stochastic volatility, as we 
do, generally tends to improve infl ation forecast accuracy.

3. As discussed in Knotek et al. (2015), the size of realized 
shocks in most macroeconomic models can vary over time, 
but the shocks are assumed to be drawn from a distribution 
with a standard deviation that is fi xed. Models with stochas-
tic volatility allow the standard deviation of the size of the 
shocks to change over time. Intuitively, stochastic volatility 
allows models to rapidly capture the changing size of the 
shocks hitting the economy.

4. We use Bayesian methods to estimate the model. 
Because estimation of TVP-SV models is computationally 
intensive and time-consuming, we incorporate two lags of 
each variable.
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5. Compared with Primiceri (2005), we give the benefi t of 
the doubt to potential time variation in our parameters by 
loosening the hyperparameters to k(Q)=0.08 and k(S)=0.5; 
otherwise, we largely follow Primiceri (2005), including us-
ing the fi rst 40 observations as a training sample for setting 
the values of the prior distributions. We estimate the model 
beginning in 1969:Q2 and ending in either 1999:Q3 or 
2017:Q3; in both cases, the training sample is from 1959:Q2 
through 1969:Q1. The results are qualitatively similar using 
the same prior settings as in Primiceri (2005).

6. We measure the slope of our Phillips curve by summing 
the coeffi cients on the lagged unemployment rate variables 
in the core PCE infl ation equation evaluated at the poste-
rior mean of the parameter estimates. We measure per-
sistence by summing the coeffi cients on their own lagged 
terms in each equation evaluated at the posterior mean of 
the parameter estimates.

7. In this way, we are using the same methodology to 
capture time variation through 1999:Q3 and through 
2017:Q3, rather than estimating the model a single time 
through 2017:Q3 and then examining the estimated 
parameters in 1999:Q3. This latter single-estimation 
approach produces smaller differences between the two 
periods than what we document. 

8. Because complete convergence can be extremely slow 
for persistent series, we measure the long run based on 
the median point forecasts after 10 years. The implied 
steady states based on the posterior mean of the parameter 
estimates are similar. Judgmentally, the longer-run esti-
mates of the unemployment rate may appear a little low; 
for comparison, the range of longer-run estimates for the 
unemployment rate in the Federal Open Market Commit-
tee’s September Summary of Economic Projections was 
4.5 percent to 5.0 percent, and the Congressional Budget 
Offi ce’s June 2017 estimate of the long-term unemploy-
ment rate was 4.7 percent. But our estimates may not be 
completely implausible; e.g., Aaronson et al. (2015) esti-
mate that changing demographics could push the natural 
rate of unemployment down to 3.9 percent by 2020.

9. While we do not show the forecasts for the unemploy-
ment rate, they are quite similar to each other: In both 
cases, the unemployment rate falls below 4 percent as of the 
fi rst quarter of 2019. Thereafter, it drifts down very slowly 
in the circa 1999 case, while it starts to drift up very slowly 
in the circa 2017 case. Using relative entropy to impose the 
same path for the unemployment rate produces little change 
to the infl ation forecasts we show.

10. Other analyses come to a similar conclusion; see, e.g., 
Mericle (2017) and Bianchi and Civelli (2015).
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