
Trend Inflation and the Phillips Curve in Emerging

Economies

Dony Alex*

December 10, 2025

Abstract

This paper investigates the evolving inflation-output dynamics in a set of large
emerging economies using a time-varying Phillips curve framework with stochastic
trends and cycles. Our findings indicate a structural divergence in the drivers of in-
flation: trend inflation remains the dominant driver in Brazil, whereas the inflation
gap has become the primary driver in India, South Africa, and post-2010 Mexico, sig-
naling successful anchoring. We also find that the adoption of inflation targeting has
generally contributed to lower levels of trend inflation; however, recent data reveals
a rising contribution of trend shocks in Chile and Indonesia, pointing to emerging
risks to anchoring. While evidence from advanced economies points to a persistently
flatter Phillips curve, our results reveal considerable fluctuations in the slope across
emerging economies, with curves remaining steep and volatile in Brazil and South
Africa. Furthermore, a decomposition of the cyclical component reveals that Brazil is
unique in having inflation dynamics driven primarily by the output gap (demand),
whereas supply-side residual factors dominate in the other economies. Output gaps
in all economies turned sharply negative during major global crises, with COVID-19
producing deeper and more persistent downturns than the global financial crisis, and
with recovery paths proving highly asymmetric across countries.

1 Introduction

“If you put it in a murder mystery framework – “Who Killed The Phillips curve?”– it was the Fed that killed
the Phillips curve.” : James Bullard [President of the Federal Reserve Bank of St. Louis]: NPR, October 29,
2018.

The Phillips curve remains a cornerstone in the analytical frameworks used by central
banks to understand inflation dynamics. At its core, the Phillips curve links economic
slack, often measured by the output gap to inflation through wage and cost pressures.
In principle, stronger demand raises wages, which in turn pushes up prices. However,
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recent empirical evidence has cast doubt on the strength of this relationship. A num-
ber of studies find that univariate time-series models forecast inflation more accurately
than multivariate Phillips curve specifications (Stock and Watson, 2007; Dotsey, Fujita,
and Stark, 2018). This weak relationship between inflation and economic slack has been
interpreted as evidence of a “flattening” of the Phillips curve, prompting some to argue
that the relationship has become dormant, or even obsolete (Ball and Mazumdar, 2011;
Coibion and Gorodnichenko, 2015; Blanchard, Cerutti, and Summers, 2015). The apparent
flattening of the Phillips curve carries important policy implications, as it suggests that
demand management policies may have limited influence on inflation outcomes. One
explanation advanced for this phenomenon is the increased anchoring of long-term infla-
tion expectations under stable monetary regimes. If current inflation dynamics are largely
determined by long-term expectations, then the role of output gaps or other measures of
slack diminishes substantially (Bernanke, 2007; Mishkin, 2007; Hazell et al., 2020). This
underscores the importance of incorporating expectations and persistent components of
inflation into empirical models.

Inflation dynamics in emerging economies exhibit notable differences from those ob-
served in advanced economies. Whereas inflation in advanced economies tends to follow
relatively stable and predictable patterns, emerging economies are often characterized by
heightened volatility, recurrent structural breaks, and significant data limitations. Conse-
quently, empirical modeling of inflation in emerging economies necessitates a framework
that incorporates three critical features: (i) a potentially non-linear relationship between
inflation and economic slack, (ii) the capacity to capture regime shifts and structural
changes in the economy, and (iii) a robust measure of trend inflation that reflects the
central bank’s long-run inflation objective. Moreover, cost-push shocks frequently play a
dominant role in EMEs, making it crucial to distinguish between transitory fluctuations
and persistent inflationary pressures when assessing underlying dynamics.

While the New Keynesian Phillips Curve (NKPC) offers a microfounded rationale for
these dynamics, its empirical estimation has been fraught with challenges (Fuhrer, 1997;
Gali and Gertler, 1999; Roberts, 2001). As noted in the literature, ordinary least squares
(OLS) estimations are subject to simultaneity bias, as output gaps are often negatively cor-
related with cost-push shocks ( McLeay and Tenreyro, 2020; Barnichon and Mesters, 2021).
Furthermore, estimations using the generalized method of moments (GMM) have been
criticized because the forward-looking inflation expectations term introduces weak iden-
tification, often attributing spurious dominance to forward-looking behavior even when
backward-looking dynamics prevail (Mavroeidis, 2005). Thus, the coexistence of three
sources of endogeneity—unobserved inflation expectations, unobserved output gaps, and
confounding supply shocks, renders conventional approaches unreliable. To overcome
these challenges, this paper develops a flexible unobserved components model that ex-
plicitly captures stochastic trends and cyclical gaps, mitigating these identification prob-
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lems and offering a robust characterization of inflation dynamics in emerging economies.
Motivated by this insight, we develop an empirical framework based on a state-space

representation of the NKPC with time-varying parameters. Specifically, we incorporate
both time-varying trend inflation and time-varying trend output into a reduced-form
NKPC framework. This paper provides new estimates for the time-varying trend infla-
tion and time-varying trend output for emerging economies in a model approximating a
NKPC. This specification is advantageous in two respects. First, it accommodates latent
state variables such as trend inflation and output, which cannot be directly observed but
are critical for understanding underlying inflationary pressures. Second, the state-space
approach is well-suited to emerging markets where data limitations, gaps, and measure-
ment issues are common.

A primary motivation for this approach is the need to distinguish between genuine
structural inertia and shifts in the long-run trend. Conventional specifications that mea-
sure inflation relative to a fixed steady state often exaggerate persistence, creating a "per-
sistence puzzle" that necessitates the ad-hoc inclusion of backward-looking terms. To
address this, we model inflation in "gap form"—defined as the deviation of actual infla-
tion from a time-varying trend. Following Cogley and Sbordone (2008), this specification
attributes most observed persistence to shifts in the central bank’s long-run inflation tar-
get rather than intrinsic price-setting inertia.

The importance of modeling trend inflation lies in its close association with mone-
tary regimes and central banks’ long-term inflation targets (Cogley and Sbordone, 2008).
Empirical studies show that shifts in trend inflation often signal changes in monetary
policy frameworks (Cecchetti et al., 2007; Morley, Piger, and Rasche, 2015). Our approach
also links inflation dynamics to central bank credibility and the anchoring of inflation
expectations. Since all countries in our sample have adopted inflation-targeting regimes,
we can compare the evolution of credibility across regimes. Following Cogley, Prim-
iceri, and Sargent (2010), we interpret the persistence of the inflation gap as a measure of
credibility with values close to zero indicating strong credibility, while values approach-
ing one suggest weaker credibility. To ensure that this parameter remains economically
meaningful, we constrain it within the interval 0 < ρt < 1. Building on Chan, Koop, and
Potter (2016), we model inflation gap persistence as a bounded random walk, reflecting
the institutional constraints imposed by inflation-targeting central banks. Our framework
embeds credibility and anchoring directly within the inflation process, offering a richer
characterization of inflation dynamics in emerging economies.

The paper contributes to the literature on inflation dynamics in emerging economies
through the prism of stochastic trend and cycles. While recent literature has extensively
examined inflation anchoring in emerging markets—using survey data decay functions
for Latin America (Gondo and Yetman, 2018), financial market break-even rates for Brazil,
Chile, and Mexico (De Pooter et al., 2014), or unobserved component models focused on
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Asian economies, this paper advances this body of work by integrating these regional
perspectives into a unified, time-varying Phillips curve framework. Unlike Garcia and
Poon (2022), who utilize survey expectations to identify trend inflation , this study relies
on a structural Phillips curve linked to the output gap. This methodological distinction
reveals both alignments and divergences; for instance, while both studies confirm strong
credibility and a dominance of transitory shocks for India , they diverge on Indonesia,
where Garcia and Poon (2022) find stability , whereas this framework detects a rising
contribution of trend inflation shocks in the latter sample. Behera et al. (2018) validate the
existence of a conventional Phillips curve in India by utilizing a panel of sub-national data
and finding that excess demand conditions and exchange rate depreciation significantly
harden consumer price inflation. Beyond trend estimation, this study contributes novel
evidence on the heterogeneity of the Phillips curve slope—finding that while curves have
flattened in Chile and Mexico, they remain steep and volatile in Brazil and South Africa
and extends the analysis to capture the asymmetric recovery paths following the COVID-
19 pandemic.

The paper also contributes to the literature on Phillips curve estimation with output
gap derived from unobserved components models (Kuttner, 1994; Basistha and Startz,
2008; Planas, Rossi and Fiorentini, 2008; Jarociński and Lenza, 2018).While prior studies
have focused primarily on advanced economies, the evidence for emerging markets re-
mains limited. We fill this gap by providing new estimates of time-varying trend inflation
and trend output for a set of emerging economies, and by documenting the role of both
trend inflation and the inflation gap (defined as the deviation of actual inflation from
its trend) in shaping inflation dynamics. Furthermore, we examine time variation in the
slope of the Phillips curve and changes in inflation-gap persistence, thereby offering new
insights into the evolving inflation–output tradeoff in emerging economies.

Our results reveal important cross-country differences in inflation dynamics among
emerging economies. We find that inflation targeting regimes have generally lowered
trend inflation and reduced the volatility of trend shocks. Mexico and South Africa ex-
hibit improved anchoring of long-term expectations, while Brazil remains an outlier with
weakly anchored expectations. Output gaps turn sharply negative during global crises,
with post-COVID recovery uneven across countries. The slope of the Phillips curve ex-
hibits substantial time variation being relatively flat in Chile, Mexico, and post-2015 In-
dia, but steep and volatile in Brazil and South Africa, hence highlighting heterogeneous
inflation–output tradeoffs. Interpreting inflation-gap persistence as a credibility measure,
India and (post-2005) South Africa exhibit low persistence consistent with stronger cred-
ibility, while Brazil, Chile, and Indonesia show high or unstable persistence, indicating
weaker policy credibility. Crucially, variance decompositions reveal a divergence in the
drivers of inflation: while the inflation gap has become the dominant driver in India,
South Africa, and post-2010 Mexico (signaling strong anchoring), trend inflation accounts
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for a growing share of variation in Chile and Indonesia, joining Brazil where permanent
trend shocks remain the primary driver of inflation dynamics.

The remainder of the paper is structured as follows. Section 2 outlines the empirical
model employed in the analysis. Section 3 describes the data and discusses the estimation
strategy. Section 4 presents the main results and provides a detailed analysis of different
components of the model. Section 5 reports the variance decomposition, highlighting the
relative contributions of trend inflation and the inflation gap to overall inflation dynamics.
Finally, Section 6 concludes with the key findings and policy implications.

2 Model

This section presents the empirical model, which is a bivariate unobserved component
model. First, we decompose inflation into a random walk trend component π∗, capturing
the impact of permanent shocks on inflation, and inflation gap πg as stationary stochastic
cycle which is given as,

πt = π∗
t + π

g
t

Trend inflation follows a driftless random walk,

π∗
t = π∗

t−1 + ϵπ∗
t

To capture changes in the volatility of shocks to trend inflation, we allow stochastic volatil-
ity in the innovation to the inflation trend.

ϵπ∗
t ∼ N(0, egt)

Trend component can be interpreted as the limiting forecast of inflation as the forecast
horizon goes to infinity following Beveridge and Nelson(1981)1.

π∗
t = lim

s→∞
Et[πt+s|It]

where s is the expectation horizon and It is the information set at time t.
Thus, π∗

t approximates the central bank’s long-run inflation target, while deviations
π

g
t capture short- run cyclical pressures.

We also decompose the quarterly GDP as a trend and cycle representation, where
output gap is modelled as the deviation of output from trend output.
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(5)

(6)

(7)

yt = y∗t + xt

Identification is challenging for the hybrid Phillips curve. For identification of the Phillips
curve we will require more lags in output gap than the lags in the measurement equation
(Harvey, 2014). So we allow outptut gap to follow an AR(2) process following the unob-
served component literature on modelling output gap (Lee and Nelson, 2007; Jarocinski
and Lenza, 2018).

xt = ϕ1xt−1 + ϕ2xt−2 + ϵx
t

where Φ1 and Φ2 are constant parameters and ϵx
t is i.i.d.N(0,σ2

x).
Trend ouput also follows a random walk process assuming persistence in the output

for these emerging economies. Unlike most of the literature on emerging economies
which use ad-hoc detrending or use fixed filters such as Hodrick-Prescott filter, we use a
model consistent way to estimate trend output. A substantial literature with UC models
has modelled the trend output as a random walk with drift. But an issue with this
representation is that it assumes trend output growing at a constant rate. Breaks in trend
output have been found for these emerging economies, so we use a trend specification
which has a time-varying growth rate. For this trend output we use a second order
integrated(local-linear) trend,

∆y∗t = ∆y∗t−1 + ϵ
y∗
t

where ϵ
y∗
t is i.i.d.N(0,σ2

y∗)

Following Cogley and Sbordone (2008), we model the NKPC in gap form, measuring
inflation relative to its time-varying trend. This specification attributes most observed
persistence to shifts in the central bank’s long-run inflation target rather than intrinsic
price-setting inertia, allowing a purely forward-looking NKPC to fit the data without ad
hoc backward-looking terms and yielding a more policy-relevant link between inflation,
marginal costs, and expectations..

π
g
t = ρtπ

g
t−1 + λtxt + ϵπ

t

where π
g
t = πt − π∗

t and xt = yt − y∗t is the output gap. We allow time variation in
the inflation gap model in (7), thus the error in the inflation equation follows stochastic
volatility,

1Note that the limiting forecast of stationary cycle component approaches zero, so we can interpret the
forecast of inflation over long horizons as approximating the trend inflation (Beveridge and Nelson, 1981).

lim
j→∞

Et[π
g
t+j] = 0 with probability 1.
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(8)

(9)

ϵπ
t ∼ N(0, eht)

ρt = ρt−1 + ϵ
ρ
t

ϵ
ρ
t ∼ TN(−ρt−1,1 − ρ;0,σ2

ρ )

Inflation gap persistence ρt is used for measuring the credibility of the central bank, as
the rate at which convergence to the long-run target happens. This convergence depends
on the monetary policy and the expectations of the private agents (Cogley, Primiceri and
Sargent, 2010). Inflation gap has an AR(1) process to capture the inflation gap persis-
tence. This is unlike the persistence captured by the lagged accelerationist Phillips curve,
where changes in inflation are mechanically captured by the permanent component of
inflation. Here the permanant component only capture the shocks to trend inflation and
the additive feature of the UC model provides a neat decomposition of the permanent
and transitory shocks. We allow the persistence parameter ρ to be time-varying to cap-
ture the different degree of credibility accross different monetary regimes. Thus we allow
the inflation-gap persistence parameter ρt to follow also a random walk process,

ρt has been bounded between [0 < ρt < 1], with ρt → 1 showing low credible central
bank whereas ρt → 0 shows a highly credible central bank.

λt = λt−1 + ϵλ
t

ϵλ
t ∼ TN(−λt−1,1 − λt−1;0,σ2

λ)

Slope of the Phillips curve shows the evolving response of the inflation gap accross years
to capture the short-run dynamics of inflation and output and also to capture the changes
in excess demand factors on inflation. We want to know whether the slope of the Phillips
curve has become flatter in these emerging economies. There will be periods when the
slope of the Phillips curve will be flatter and years when the slope of the Phillips curve
is more responsive. To model such a scenario we allow the slope of the Phillips curve to
evolve as a random walk process to capture changes accross years.

Note (7) nests a hybrid New Keynesian Phillips curve (NKPC) as trend inflation cap-
tures backward price setting behaviour and can also be regarded as forward looking.
Backward price setting dynamics is nested in the trend component which can be shown
as π∗

t = Et−1(π∗
t ), which is the weighted average of past observations (Harvey, 2014).

Whereas forward looking behavior is based on (3),

lim
j→∞

Et[πt+j] = Et[π∗
t+j] = π∗

t
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In (9) we have the Phillips curve in gap form which can be considered as the difference
between actual inflation and central bank’s long-run target2. It has three components,
inflation-gap persistence, output gap and heterogenous supply shock.

3 Data and Estimation

3.1 Data

We study six large emerging economies : Brazil, Chile, India, Indonesia, Mexico and
South Africa. All CPI and real GDP series has been obtained from Fred database and in
some cases from the respective central bank websites. Below are data sample periods.

Table 1: Data sample period

Country Sample period
Brazil 1996Q3 : 2023Q3
Chile 1996Q3 : 2023Q3
India 1996Q3 : 2023Q2

Indonesia 2000Q3 : 2025Q1
Mexico 1993Q3 : 2024Q2

South Africa 1993Q3 : 2024Q3

CPI inflation is measured as annualized quarterly inflation, (400 ∗ log(pt/pt−1). The
domestic output gap is defined as deviation of 100 times log of real GDP from its model
implied trend.

3.2 Estimation

We estimate the bivariate UC model in a fully Bayesian manner using Markov Chain
Monte Carlo (MCMC) methods. Instead of Kalman-filter-based state simulation, we em-
ploy precision samplers that exploit band-matrix routines to draw state vectors efficiently,
an approach that is computationally faster and scales well with sample length. Full details
of the sampler and the algebra of the posterior updates are provided in the Appendix.

Stochastic volatility in the inflation gap and trend blocks is handled with the Kim–
Shephard–Chib (KSC) auxiliary mixture approximation, which allows conditionally Gaus-
sian state updates within the precision-sampling framework. The Appendix describes the
mixture-indicator draws and the resulting Gaussian forms used for the gt and ht volatility
states.

2Constructing the inflation gap as the deviation of inflation from a slowly evolving trend has been shown
to improve forecasting performance relative to using raw inflation alone (Faust and Wright, 2013).
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3.3 Priors and initialization

Priors are standard, weakly informative inverse-gamma distributions for variance param-
eters and Gaussian priors for initial states and static coefficients (including Γ=(y∗0 ,y∗−1)).
Initial conditions for the volatility and level states g1, h1,π∗

1 ,y∗1 ,λ1,ρπ,1 are set with diffuse
normal priors. Hyperparameter values and the complete prior list are summarized in the
Appendix.

Posterior simulation proceeds by alternating Gibbs and tailored Metropolis–Hastings
steps across blocks: (i) volatility states via KSC mixture updates, (ii) trend and gap
states via precision sampling, and (iii) time-varying Phillips-curve parameters including
bounded random-walk processes for λt and ρπ,t with truncated-normal innovations.

The Appendix provides the block-wise conditional posteriors and linear-algebra prim-
itives used in each draw.
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4 Results

4.1 Trend inflation

Figure 1: Trend and Actual Inflation

Notes: The figure plots the median of the posterior distribution of the time-varying trend inflation and actual
inflation. The shaded areas denote the 68% and 90% credible intervals.

Figure 1 plots the median estimates of time-varying trend inflation alongside actual in-
flation for the six emerging economies in the sample. The trend estimates are generally
precise, with wider credible intervals only during the COVID-19 period for Brazil and
Chile, reflecting heightened macroeconomic uncertainty at that time. A key finding is the

10



substantial reduction in trend inflation over time, particularly in countries that adopted
inflation targeting (IT) early in the sample

Indonesia, Mexico, and South Africa exhibit marked declines in trend inflation relative
to the early years. For instance, Indonesia’s average trend inflation fell from around 8.8
percent in the pre-IT period (2000–2005) to 4.3 percent during the IT years (2006–2024).
Mexico shows an even sharper improvement: trend inflation averaged 14.7 percent before
IT adoption (1993–2000) but dropped to 4.3 percent thereafter. These declines suggest that
IT frameworks were effective in re-anchoring long-term expectations in these economies.
India’s experience is more muted. Trend inflation fell only slightly from 6.2 percent in
the pre-IT period (1996–2015) to 5.5 percent after IT adoption in 2016. Chile displays
persistently low trend inflation of about 3 percent over the entire sample, indicative of
its early and credible monetary policy framework. Brazil, in contrast, maintains a rela-
tively high trend inflation (5–6 percent), showing limited progress in anchoring inflation
expectations despite having adopted IT in 1999. Another striking feature of Figure 1 is
the persistent divergence between actual and trend inflation in most economies (except
Mexico). This highlights the importance of cyclical factors, the inflation gap in explain-
ing short-run inflation fluctuations as demonstrated in Section 5. For policymakers, this
suggests that managing the inflation gap through countercyclical policy remains crucial,
even as the trend component provides a long-run anchor.

4.1.1 Volatility of Trend Inflation and Inflation Gap

Figure 2 shows the standard deviation of shocks to trend inflation, which can be consid-
ered as a proxy for the degree of anchoring of long-term inflation expectations. A lower
standard deviation indicates greater stability and stronger anchoring. We document a
pronounced downward trajectory in the volatility of trend inflation shocks for India, In-
donesia, Mexico, and South Africa. The improvement is most striking for Mexico, where
posterior standard deviation declines from 10.1 in the pre-IT period to just 0.3 in the
most recent phase, consistent with a highly credible inflation targeting regime. Similarly,
South Africa and Indonesia show gradual but meaningful declines, consistent with im-
proved policy frameworks over time. Brazil and Chile also experience some reduction
in trend inflation volatility, but both display a temporary spike during the COVID-19
pandemic, reflecting a deterioration in the predictability of long-run inflation.

For Brazil in particular, the volatility remains relatively elevated throughout the sam-
ple, with wide posterior intervals indicating high uncertainty. This is consistent with
survey and market-based evidence suggesting that long-term expectations are less firmly
anchored in Brazil than in Chile or Mexico (Pooter et al., 2014; IMF, 2012). The deteri-
oration coincides with major macroeconomic disruptions global commodity shocks and
domestic monetary tightening which contributed to a sharp slowdown in Brazilian GDP
growth from 7.5 percent in 2010 to just 2.7 percent in 2011.
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Figure 2: Standard Dev. of Shocks to Trend Inflation

Notes: The figure plots the posterior distribution of the standard deviation of shocks to trend inflation.
Shaded areas denote the 68% and 90% credible intervals.

Figure 3 further reveals that the volatility of the inflation gap is substantial in the early
years for Brazil, India, and South Africa, indicating greater cyclical instability. For South
Africa, the volatility of the inflation gap has declined steadily over time, suggesting im-
proved stabilization policy. By contrast, Brazil continues to display relatively high volatil-
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ity, and during COVID-19 both Brazil and Chile experienced pronounced spikes under-
scoring their vulnerability to large supply and demand shocks.

Figure 3: Standard Dev. of Shocks to Inflation Gap

Notes: The figure plots the posterior distribution of the standard deviation of shocks to the inflation gap.
Shaded areas denote the 68% and 90% credible intervals.

Overall, Figures 1–3 provide strong evidence that IT adoption has been associated with (i)
lower trend inflation, (ii) better anchoring of inflation expectations (via lower volatility of
trend shocks), and (iii) and in some cases, reduced cyclical volatility. While Brazil remains
an exception on several margins.
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4.2 Trend Output and Output Gap

Figure 4 presents the posterior estimates of trend output along with actual output (log
real GDP) for the six emerging economies. The model tracks the underlying growth
path while filtering out short-run fluctuations. For most economies, the posterior credi-
ble intervals around trend output are narrow, indicating precise identification of the long
run component. The exception is Indonesia, where wider intervals point to greater un-
certainty in distinguishing between trend and cyclical movements, likely reflecting both
data limitations and the relatively shorter sample period available.

The reliability of output gap estimates has been widely debated, particularly for
emerging economies, and even in advanced economies their robustness remains con-
tentious (Orphanides & Van Norden, 2002; Jarociński & Lenza, 2018). Nevertheless, our
model produces economically meaningful and internally consistent output gap measures
that align well with major global and domestic business cycle episodes. Figure 5 shows
the resulting estimates of the output gap, the deviation of actual output from its time-
varying trend. Three patterns stand out.

First, gaps turn sharply negative across all countries during major global shocks. The
dot-com collapse (2000–2002) generated negative gaps in every country, consistent with
the transmission of external demand shocks to emerging markets. The global financial
crisis (2008–2009) produced even larger and more synchronized contractions, with steep
declines in industrial production and exports in Brazil, Mexico, and South Africa. India
had experienced a dramatic swing in export growth from positive 40 percent to negative
22 percent within two quarters, leading to a sharp output gap contraction.

Second, the COVID-19 pandemic triggered the most severe output contractions in the
sample period. All six economies experienced unprecedented drops in activity, but the
speed of recovery has been highly uneven. Chile rebounded relatively quickly, with its
output gap turning positive by 2022, helped by robust fiscal support, accommodative
monetary policy, and favorable external demand for commodities. By contrast, India
and Indonesia still exhibit negative output gaps in the post-COVID period, suggesting a
slower recovery constrained by domestic demand weaknesses, labor market disruptions,
and slower re-integration into global supply chains.

A notable feature of Figure 5 is the asymmetry between downturns and recoveries.
While crises generate deep and rapid negative gaps, the subsequent recoveries are typi-
cally more gradual and heterogeneous across countries. This asymmetry points to struc-
tural vulnerabilities of emerging economies, including reliance on external demand, pro-
cyclical fiscal policy, and limited automatic stabilizers.
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Figure 4: Trend and Actual Output

Notes: The figure plots the median posterior estimates of trend output and log of RGDP. The shaded areas
denote the 68% and 90% credible intervals.

Persistent negative output gaps in India and Indonesia imply weak demand-side pres-
sures, which may have limited the effectiveness of recent monetary tightening in curbing
inflation. In contrast, Chile and South Africa saw a quicker closure of output gaps, sug-
gesting that demand-side factors contributed more strongly to recent inflation surges,
making monetary policy transmission more effective. Taken together, Figures 4 and 5
emphasize that understanding inflation dynamics in emerging economies requires care-
ful modeling of the output gap, as global shocks produce common cyclical patterns but
domestic structural factors shape recovery paths.
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Figure 5: Output Gap

Notes: The figures plot the median posterior estimates of the output gap, which is the difference between
GDP growth rate (annualized) and posterior distribution of the trend output. The shaded areas denote the
68% and 90% credible intervals.
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4.3 Time-varying Phillips curve slope estimates

Figure 6: Time-varying Slope of the Phillips Curve

Notes: The figures plot the median estimates of the posterior distribution of the time-varying slope of the
Phillips curve. The shaded areas denote the 68% and 90% credible intervals.

Models with a time-invariant Phillips curve slope fail to capture the evolving nature
of the inflation–output trade-off and often deliver poor forecasting performance. This
motivates the use of time-varying parameter models that allow the slope to adjust over
time. Figure 6 reports the estimated time-varying Phillips curve slopes for the sample
economies. Chile and Mexico exhibit relatively flat slopes throughout the period, indi-

17



cating a weak response of inflation to domestic demand conditions. By contrast, Brazil
and South Africa display steeper and more volatile slopes, with Brazil’s estimates ranging
between 0.11 and 0.35 and South Africa’s between 0.35 and 0.53, suggesting that inflation
in these economies is more sensitive to output fluctuations.

India shows a particularly interesting pattern, the Phillips curve slope declines sharply
after the adoption of inflation targeting. The median estimate falls from around 2.4 dur-
ing the pre-IT period (1997–2015) to about 0.15 in the IT years, implying a significant
flattening of the Phillips curve and weaker pass-through from the output gap to inflation.
This result helps explain why inflation remained elevated despite negative output gaps
during COVID-19, as demand-side pressures played a smaller role in price dynamics.
Taken together, these findings underscore the importance of allowing for time variation
in the Phillips curve slope. Fixed-slope models would fail to capture episodes where infla-
tion became either highly sensitive or largely unresponsive to economic slack, potentially
leading to misguided policy conclusions.

4.4 Inflation Gap Persistence

Figure 7 plots the time-varying estimates of inflation gap persistence for all six countries.
Inflation gap persistence captures the speed with which inflation converges to the
central bank’s long-run target (Cogley et al., 2010) and can therefore be interpreted as a
measure of monetary policy credibility. A value close to zero indicates that inflation
quickly reverts to target—signaling high credibility whereas a value closer to one
suggests weak credibility and slow convergence. Our results reveal substantial
cross-country heterogeneity and time variation.

Inflation gap persistence rises in South Africa sharply in the early 2000s, indicating
a deterioration of central bank credibility during this period. This is consistent with
the 2002 rand depreciation crisis, which temporarily destabilized expectations. After
2005, persistence declines markedly from around 0.5 to 0.15 suggesting improved credi-
bility and faster convergence of inflation to target. This improvement is consistent with
Kabundi and Mlachila (2019), who report that exchange rate pass-through to CPI infla-
tion declined after 2007. A mild uptick is observed during COVID-19, likely reflecting
heightened uncertainty, but credibility remains stronger than in the early 2000s.

Brazil’s experience is more concerning. After adopting inflation targeting in 1999 dur-
ing a currency crisis, inflation gap persistence remained relatively stable between 2004
and 2010 but increased sharply from 2011 onward, peaking during the 2015–2016 reces-
sion. These results suggest that repeated external shocks and macroeconomic instability
undermined the credibility of Brazil’s inflation targeting regime during the later part of
the sample.
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Figure 7: Inflation Gap Persistence

Notes: The figures plot the median estimates of the posterior distribution of the time-varying inflation gap
persistence parameter. The shaded areas denote the 68% and 90% credible intervals.

India stands out for having persistently low inflation gap persistence—around 0.2—
implying relatively strong credibility of monetary policy. A small hump appears during
the 2008–2009 global financial crisis, reflecting a temporary decline in credibility due to
global shocks. Interestingly, the introduction of formal inflation targeting in 2016 does
not lead to a significant change in persistence, nor do we observe notable changes during
the COVID-19 years, suggesting that credibility remained broadly stable throughout.

Overall, these results highlight that while some emerging economies, such as South
Africa, have strengthened their monetary credibility over time, others like Brazil have
faced challenges in maintaining firmly anchored inflation expectations, particularly dur-
ing periods of macroeconomic stress.

Indonesia adopted inflation targeting in 2005. We notice that inflation gap persistence
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for Indonesia has been lower than Brazil and Chile around 0.3-0.5 band, but it has re-
mained elevated. During COVID-19 there is a sharp increase showing much reduced
credibility. Thus we don’t find better credibility in the conduct of monetary policy from
the inflation gap persistence for Indonesia.

Central bank of Chile introduced inflation targeting in 1999. In the case of Chile
we notice quite volatile inflation gap persistence showing not much improvement in the
central bank credibility after introduction of inflation targeting.

5 Contributions of Trend inflation and Inflation Gap to Inflation
Variation

5.1 Trend share

To quantify the relative importance of trend inflation and the inflation gap in driving
observed inflation dynamics, we follow Morley, Piger and Rasche (2015) and construct
time-varying variance decomposition of multi quarter changes in inflation.

Recall that inflation is decomposed as

πt = π∗
t + π

g
t

For each country and each posterior draw of the parameters and states, we consider the
j − quarter change in inflation,

∆jπt = πt − πt−j, j ∈ {2,4,12}

correspnding to 2, 4 and 12 quarter inflation changes. Under the unobserved components
structure, shocks to trend inflation and to the inflation gap are orthogonal, so the variance
of ∆jπt can be written as,

Var(∆jπt) = Var(∆jπ∗
t ) + Var(∆jπ

g
t )

As trend inflation follows a driftless random walk with stochastic volatility, so the vari-
ance of j − quarter change in trend inflation is simply the sum of the time-varying inno-
vation variances over the relevant window,

Var(∆jπ∗
t ) =

t
∑

s=t−j+1
σ2

v,s

The variance of the corresponding change in the inflation gap, ∆jπt, is obtained from
the covariance recursion for the gap implied by the estimated states and parameters. We
summarize the time-varying share of the variance of ∆jπt due to trend inflation, for each
t and horizon j by ,

V
∗
π,t(j) =

Var(∆jπ∗
t )

Var(∆jπ∗
t ) + Var(∆jgt)
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We compute V
∗
π,t(j) for every retained posterior draw and summarise the distribution at

each date using the posterior median. The contribution of the inflation gap to the variance
of j − quarter changes in inflation is the complementary share,

Vg
π,t(j) = 1 − V

∗
π,t(j)

In figure 8, we show the posterior median of the contribution of the trend inflation and
inflation gap to the variation in inflation for all the six countries.

Figure 8: Variance Decomposition: Contribution of Trend Inflation vs Inflation Gap
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Notes: Contribution of trend inflation to the variance of inflation. The figure reports the median posterior
estimates of the share of inflation variance that is explained by the variance of changes in trend inflation
across different forecast horizons.

Figure 8 presents the variance decomposition of inflation changes, highlighting the
relative importance of trend inflation versus the inflation gap. A fundamental property
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of the model is that the contribution of trend inflation tends to increase with the forecast
horizon; this is expected given that the trend is specified as a unit root process, which
naturally dominates the variance of inflation changes as the horizon grows.

However, the results reveal significant cross-country heterogeneity, particularly in the
early part of the sample. For Brazil and Chile, the contribution of trend inflation is no-
tably high, ranging between 0.5 and 0.6, whereas for India and South Africa, the variation
in inflation is predominantly driven by the inflation gap. This distinction is critical for
evaluating monetary policy effectiveness. Since trend inflation captures the permanent
component of inflation, it is intrinsically linked to long-horizon inflation expectations.
Consequently, when inflation changes at medium-term horizons (two to three years) are
driven by the transitory component rather than the trend, it serves as evidence that infla-
tion expectations are anchored.

Applying this framework to the latter half of the sample reveals diverging degrees
of anchoring. For India and Mexico (post-2010) and South Africa (post-2005), inflation
changes at the three-year horizon are increasingly dominated by the transitory compo-
nent, signaling a successful anchoring of expectations. In contrast, Brazil, Chile, and
Indonesia exhibit a persistently higher contribution from the trend inflation component.
This dominance of the permanent component suggests a lower degree of expectation
anchoring, implying that the respective central banks have been less successful in mini-
mizing the propagation of permanent inflation shocks through monetary policy.

5.2 Output-gap and Residual contributions to the Inflation Gap

In this section, we examine through variance decomposition what drives fluctuations in
the inflation gap. We decompose the variance of inflation gap into contributions from
shocks to the output gap and residual shocks specific to the Phillips curve. Conditional
on the estimated paths of the time-varying persistence ρt and λt,we write the joint dy-
namics of the output gap and inflation gap in companion form and run three covariance
recursions : one with both shocks active, one with only output gap shocks, and one
with only Phillips curve residual shocks. This yields time-varying variance components
Varx(π

g
t ) and Varϵ(π

g
t ), from which we contruct the corresponding shares

Rx,t =
Varx(π

g
t )

Var(πg
t )

( output-gap shock share)

Rϵ,t =
Varϵ(π

g
t )

Var(πg
t )

( inflation residual shock share)

again summarized by posterior medians.
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Figure 9: Contribution of output gap
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Notes: Contribution of the output gap and the residual component to the variance of the inflation gap. The
figure reports the median posterior estimates of the share of the inflation gap variance explained by the
output gap and the residual component

For the majority of the countries, the residual component (black area) is the over-
whelming driver of the inflation gap, implying that transitory inflation fluctuations are
largely disconnected from domestic demand conditions. For India and Indonesia, the
output-gap contribution (light grey area) is negligible throughout the sample. This sug-
gests that cyclical inflation in these countries is almost entirely driven by supply-side
factors rather than excess demand. South Africa shows a similar pattern where the resid-
ual component dominates, with the output gap making only minor contributions, notably
around 2005–2010. For Chile, the output gap has a moderate but limited role (appearing
to explain roughly 20–30% of variance), with residuals still being the primary driver.
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Brazil stands out as the unique exception in the sample. The output-gap component
(light grey area) is substantial, often exceeding 50% of the variance between 2005 and
2020. This indicates that unlike its peers, Brazil’s transitory inflation is highly sensitive
to the business cycle and domestic demand shocks. This aligns with earlier findings in
the paper that Brazil has a steep Phillips curve slope. Mexico exhibits a regime shift. In
the early sample (pre-2000), the output gap contributed significantly (>50%) to inflation
gap volatility. However, this contribution collapsed in the latter half of the sample, with
residuals (supply shocks) becoming dominant.

The analysis of Figure 9 suggests that for most emerging economies (India, Indonesia,
South Africa), the New Keynesian Phillips Curve (NKPC) mechanism—where demand
drives inflation deviations—is statistically overwhelmed by "noise" or supply shocks.
Brazil is the only case where the output gap is the primary structural driver of cycli-
cal inflation variance, making it a "textbook" case of demand-pull inflation relative to the
other emerging economies in the study.

6 Robustness

6.1 Prior Sensitivity

We target the priors that most directly govern the volatility of the shocks that drive our
key objects, basically trend inflation and inflation gap. In unobserved components models
with stochastic volatility, the parameters that govern how much ht and gt can move are
the ones likely to be weakly identified near zero and therefore most prior leveraged. It
thus becomes important to know how the innovation variation of these state variables
is sensitive to the choice of the priors. Thus we perturb the priors on the random walk
variance of ht and gt.

In each country’s MCMC run, we scale the inverse-gamma hyperparameters on the
stochastic volatility variances σ2

h ∼ IG(νh,Sh) and σ2
g ∼ IG(νg,Sg). We re-estimate the

model under the ladder of scaled prior scales, where Sh0 = 0.1(νh0 − 1) and Sg0 = 0.1(νg0 −
1) are scaled by κSh0 , κSg0 with κ ∈ {0.5,1,1.5,2,2.5}. This makes the log-volatility paths
more or less flexible a priori without changing the likelihood or state evolution. [figure
to the added in the appendix]

7 Conclusion

This paper has examined inflation dynamics in six large emerging economies through
a time-varying Phillips curve framework with stochastic trend and cyclical components.
By decomposing inflation into its persistent and transitory drivers, we uncover several
important insights.
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First, inflation targeting has generally been successful in reducing trend inflation and
improving the anchoring of expectations, particularly in Mexico, Indonesia, and South
Africa. Brazil stands out as an exception, with weakly anchored expectations and high
volatility in trend inflation even after adopting inflation targeting.

Second, the cyclical component of inflation remains highly relevant for most coun-
tries, with output gaps turning sharply negative during major global shocks such as
the Global Financial Crisis and COVID-19. Post-COVID recoveries, however, have been
uneven across economies, with Chile showing stronger convergence than India and In-
donesia, where negative output gaps persist.

Third, we find substantial heterogeneity in the slope of the Phillips curve: while Chile,
Mexico, and post-2015 India exhibit relatively flat slopes, Brazil and South Africa show
steeper and more volatile responses of inflation to the output gap. These differences
underscore the importance of allowing for time variation in the Phillips curve slope to
capture evolving inflation-output tradeoffs.

Fourth, our results on inflation gap persistence provide new evidence on central bank
credibility. While India and post-2005 South Africa display relatively strong credibility
with low persistence, Brazil, Chile, and Indonesia continue to experience higher or more
volatile persistence, reflecting weaker anchoring of expectations.

Finally, variance decompositions provide a more granular view of anchoring and
structural drivers. While trend inflation historically drove variation in Mexico, our re-
sults show a successful regime shift, with the transitory component dominating in the
post-IT period. In contrast, Brazil remains an outlier where permanent trend shocks con-
tinue to drive a significant share of inflation variation. Crucially, we uncover a divergence
in recent years: while the inflation gap remains the dominant driver in India and South
Africa, we observe a concerning rise in the contribution of trend inflation in Chile and
Indonesia, signaling potential risks to expectation anchoring in the post-COVID period.
Furthermore, decomposing the cyclical component reveals a stark structural divide. Brazil
emerges as the unique case where domestic output gaps (demand pressures) explain the
majority of cyclical fluctuation, consistent with its steeper Phillips curve. In contrast, for
India, Indonesia, and South Africa, cyclical inflation is overwhelmingly driven by residual
supply-side factors rather than excess demand.
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Appendix

A.1 Model Equations

The empirical model is a bivariate unobserved components (UC) representation linking
inflation and output through a time-varying Phillips curve. The model can be summa-
rized as:
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(1a)

(2a)

(3a)

(4a)

(5a)

(6a)

(7a)

(8a)

(9a)

(10a)

(11a)
(12a)
(13a)
(14a)

Inflation Decomposition

The model has the following equations

πt = π∗
t + π

g
t

where π∗
t is trend inflation (a driftless random walk) and π

g
t is the stationary inflation

gap.

Phillips curve (gap form)

π
g
t = ρtπ

g
t−1 + λtxt + ϵπ

t , ϵπ
t ∼ N(0, eht)

where xt = yt − y∗t is the output gap, ρt is the time-varying persistence parameter (bounded
between 0 and 1), and λt is the time-varying slope of the Phillips curve (also constrained
to [0,1]).

Output Decomposition

yt = y∗t + xt

Where xt = yt − y∗t

xt = ϕ1xt−1 + ϕ1xt−2 + ϵx
t , ϵx

t ∼ N(0,σ2
x)

The output gap follows an AR(2) to ensure identification.

Trend processes

π∗
t = π∗

t−1 + ϵπ∗
t , ϵπ∗

t ∼ N(0,egt)

∆y∗t = ∆y∗t−1 + ϵ
y∗
t , ϵ

y∗
t ∼ N(0,σ2

y∗)

State evolution for time-varying parameters

ρt = ρt−1 + ϵ
ρ
t

ϵ
ρ
t ∼ TN(−ρt−1,1 − ρt−1;0,σ2

ρ )

λt = λt−1 + ϵλ
t

ϵλ
t ∼ TN(−λt−1,1 − λt−1;0,σ2

λ)

Stochastic volatility processes

ht = ht−1 + ϵh
t

ϵh
t ∼ N(0,σ2

h )

gt = gt−1 + ϵ
g
t

ϵ
g
t ∼ N(0,σ2

g)
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(15a)

(16a)

(17a)

(18a)

(19a)

(20a)

(21a)

(22a)

(23a)

(24a)

(25a)

(26a)

(27a)

(28a)

A.2 Priors and Initial Conditions

We initialize the state equations in the following manner,

g1 ∼ N(µg,Vg)

h1 ∼ N(µh,Vh)

(π∗
1 |g1) ∼ N(µπ∗ ,Vπ∗)

y∗1 ∼ N(µy∗ ,Vy∗)

λ1 ∼ N(µλ,Vλ)

ρ1 ∼ N(µρ,Vρ)

Γ ∼ N(Γ0,VΓ)

Variance Priors

σ2
x ∼ IG(νx,Sx)

σ2
h ∼ IG(νh,Sh)

σ2
g ∼ IG(νg,Sg)

σ2
y∗ ∼ IG(νy∗ ,Sy∗)

σ2
π∗ ∼ IG(νπ∗ ,Sπ∗)

σ2
ρ ∼ IG(νρπ,Sρ)

σ2
λ ∼ IG(νλ,Sλ)

Prior on Initial States

The state vector contain trend inflation π∗
t , trend output y∗t , time-varying inflation gap

persistence ρt, time-varying slope of the Phillips curve λt, and the two log-volatility pro-
cesses ht(for the inflation equation) and gt(for the trend block). As in Chan, Koop and
Potter (2016), all state equations are driftless random walks, and we place relatively dif-
fuse priors on the initial states.

For trend inflation, we center the initial state at the average of early sample inflation
and allow for substantial uncertainty,

π∗
t,1 ∼ N(ȳ1:4,Vπ∗)

where ȳ1:4 is the mean of the first four quarterly inflation observations. The prior vari-
ances Vπ∗ are set relatively large providing a fairly weakly informative but proper prior.

For trend output we use second difference formulation and treat the first two trend
levels as noisy versions of the first observation of (scaled) real activity,

(y∗1 ,y∗2)
′ ∼ N((y1,y1)

′
,diag(1/Vy∗)
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(29a)

(30a)

(31a)

with Vy∗ = 1/y1 which yields a fairly diffuse prior on the initial level and slope of trend
output.

The initial persistence of inflation gap is given a centered Gaussian prior,

ρ1 ∼ N(0,1)

and the time-varying slope λt is treated symmetrically,

λ1 ∼ N(0,1)

reflecting ex-ante uncertainty about the degree of inflation gap persistence and the strength
of the real activity channel. In the sampler ρt is restricted to the stationary region, while
λt is restricted to lie in [0.05,0.95]at all dates. These constrains ensures a stationary infla-
tion gap and a positive, procyclical Phillips-curve slope throughout, consistent with the
use of an output-gap measure.

The initial log-volatility states h1 and g1 are assigned diffuse normal priors,

g1 ∼ N(µg,Vg), h1 ∼ N(µh,Vh)

where µg = µh = 1 and Vg = Vh = 10. This implies moderate starting levels for conditional
variances but allow the volatility processes to adapt flexibly to the data.

Priors for Output Gap

For the output gap we adopt the cyclical AR(2) specification and prior elicitation strategy
proposed by Planas, Rosso and Fiorentini (2008). The cyclical component xt of log(RGDP)
is modelled as

xt = ϕ1xt−1 + ϕ1xt−2 + ϵx
t , ϵx

t ∼ N(0,σ2
x)

with the autoregressive polynomials having complex conjugate roots. Rather than placing
priors directly on (ϕ1,ϕ2),we reparameterise the AR(2) process in terms of the modulus a
and frequency (or period) τ of the complex roots. Under this parameterisation,

xt = 2a cos( 2π
τ )xt−1 − a2xt−2 + ϵx

t

so that the AR(2) coefficients are given by

ϕ1 = 2a cos( 2π
τ ) , ϕ2 = −a2

The modulus a ∈ (0,1)governs the persistence of the cycle, while τ > 0 controls its periods
in quarters. This reparameterisation allows us to encode prior beliefs directly in terms of
the economically meaningful characterstics of the business cycle rather than in terms of
(ϕ1,ϕ2) where intuition is less transparent.

Following Planas, Rosso and Fiorentini (2008) we specify independent Beta priors for
the persistence a and for a rescaled version of the period τ. For each country i,we assume
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ai ∼ Beta(αa,i, βa,i,),

with hyperparameters chosen so that E[ai] lies in the range 0.7-0.8 and prior standard
deviation is about 0.1, implying persistent but clearly mean reverting cycle. For the period
τi,we restrict to the conventional business cycle band and define

τi = τmin + Bi(τmax − τmin)

Bi = Beta(ατ,i, βτ,i),

where τmin = 12 and τmax = 32 quarters correspond to cycles between 3 and 8 years. The
Beta hyperparameters (ατ,i, βτ,i) are calibrated so that E[τi] is close to the country specific
business cycle frequency suggested by the literature and by preliminary univariate AR(2)
estimated for HP-filtered real GDP( around 4-5 years for Brazil, Chile and India). This
contruction places most prior mass on stationary, cyclical dynamics with country specific
but plausible durations, while ruling out very short lived, high frequency fluctuations
and excessively long pseudo-trend components.

The Beta priors on (ai,τi) induce a non-Gaussian prior on the AR(2) coefficients
(ϕ1,i,ϕ2,i) via nonlieanr mapping above. In practice, we follow Jarocinski and Lenza (2018)
and approximate this induced prior by a bivariate Gaussian distribution. Specifically, for
each country,

1. We draw a large Monte Carlo sample {(a(r)i ,τ(r)
i )}R

r=1 from the Beta priors.

2. Transform these priors as shown in 30a into (ϕ
(r)
1,i ,ϕ(r)

2,i )

3. Compute sample mean mϕ,i =
1
R

R
∑

r=1

(
ϕ
(r)
1,i

ϕ
(r)
2,i

)

4. Compute covariance Vϕ,i =
1
R

R
∑

r=1

((
ϕ
(r)
1,i

ϕ
(r)
2,i

)
− mϕ,i

)((
ϕ
(r)
1,i

ϕ
(r)
2,i

)
− mϕ,i

)′

5. Use (ϕ1,i,ϕ2,i)
′ ∼N (mϕ,i,Vϕ,i) as the prior for output gap coefficients.

This approach preserves the Planas-Rossi-Fiorentini information in cycle length and per-
sistence, while delivering a convenient Gaussian prior. It also ensures with high probabil-
ity the output gap behaves as a smooth, stationary business cycle with countrry specific
periodicity.

Posterior Simulators

Sample g

For sampling g = (g1, ...., gT)
′

we will be using auxiliary mixture samplers of Kim, Shep-
hard and Chib(1998). For sampling we will start with mixture indicators sg = (sg

1 , sg
2 , ...., sg

T)

by sampling it given the current g. After that we draw g given the mixture indicators.
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For sampling g we will be using equations (5a),(13a) and (15a)

yg
1 = log(π∗

1 − µg)2/Vg

yg
t = log(π∗

t − π∗
t−1)

2 for t = 2,3, ...., T.

Mixture indicators (sg
1 , sg

2 , ...., sg
T) can be sampled sequentially as they are conditionally

independent. For details please see (Kim, Shephard and Chib(1998)) and Chan et al.
(2020). Given the mixture indicators sg, we can sample g. First we transform equation(5a)
in matrix form,

yg = g + ϵg

where ϵg ∼ N(dsg,Ωsg) and yg = (yg
1 ,yg

2 , ....,yg
T)

Note that dsg and Ωsg are constant matrices which are determined by mixture indicators
sg from the table given in Kim, Shephard and Chib(1998).

The density function will be given as,

p(yg|g, sg) ∝ exp(− 1
2 (y

g − dsg − g)
′
Ω−1

sg (yg − dsg − g)

Now we write equation (13a), gt = gt−1 + ϵ
g
t in the following matrix form,

Hg = ug

H =



1 0 0 . . . 0
−1 1 0 . . . 0
0 −1 1 0 . . 0
. . . . . . .
. . . . . . .
. . . . . . 0
0 0 0 . . −1 1


and ug is normally distributed with mean µ̃g and variance Sg. Where we have
µ̃g = (µg,0, ....,0) and Sg = diag(Vg,σ2

g , ..,σ2
g);

Thus the prior density of g is given in the following manner,

p(g|σ2
g) = − 1

2 (g − ITµ̃g)
′
H

′
S−1

g H(g − ITµ̃g)

Finally solving the full conditional for g we get,

Rg = Ω−1
sg + H

′
S−1

g H

ĝ = R−1
g (Ω−1

sg (yg − dsg) + H
′
S−1

g H1Tµg).
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(2b)

(2c)

Sample h

We will proceed in the similar manner we sampled g using auxiliary mixture samplers of
Kim, Shephard and Chib(1998). First we will sample the mixture indicators sh = (sh

1, ..., sh
T)

given h and other parameters. Then with the mixture indicators we sample h. Then sh is
drawn in the same manner as for sg.

Here we will be using (2a),(11a) and (16a). First we write (2a) in matrix form,

yh = h + ϵh

where yh
t = log((πt − π∗

t )− ρt(πt−1 − π∗
t−1)− λtxt); ϵh ∼ N(dsh,Ωsh) and yh = (yh

1, ...,yh
T).

Then we transform (11a) as,

Hh = uh

where uh ∼ N(µ̃h,Sh). We have µ̃h = (µh,0,0...,0)
′
; Sh = diag(Vh,σ2

h , ..,σ2
h ). We derive the

rest using the same routine as for g and we get,

Rh = Ω−1
sh + H

′
S−1

h H

ĥ = R−1
h (Ω−1

sh (yh − dsh) + H
′
S−1

h H1Tµh).

Sample π∗

For sampling π∗ we will be using equations (2a) and (5a) and find the log density and
solve ignoring terms not including π∗.

We will first rewrite (2a) as

Mρπ = δπ + Mρπ∗ + ϵπ

Mρ =



1 0 0 . . . 0
−ρπ

2 1 0
0 −ρπ

3 1 0
. . 1 .
. . .
. . .
0 0 . . . −ρπ

T 1


δπ =



ρπ
1 (π0 − π∗

0) + λ1(y1 − y∗1)
λ2(y2 − y∗2)
λ3(y3 − y∗3)

.

.

.
λT(yT − y∗T)


ϵπ ∼ N(0,Ωπ) where Ωπ = diag(eh1 , eh2 , ..., ehT ). Note here Mρ is invertible as |Mρ|= 1 for
any ρ

So the log density that we get is
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(5b)

(2b)

log p(π|y,y∗,ρπ,λ, h,θ)∝− 1
2 i

′
Th− 1

2 (π− M−1
ρ δπ −π∗)

′
M

′
ρΩ−1

π Mρ(π− M−1
ρ δπ −

π∗)

Now we rewrite (5a) as

Hπ∗ = ϵπ∗

where ϵπ∗
= (mπ∗,Sπ∗)

Sπ∗=diag(eg1Vπ∗ , eg2 , .., egT )

mπ∗ = (µπ∗ ,0,0, ..,0);

H =



1 0 0 . . . 0
−1 1 0 . . . 0
0 −1 1 0 . . 0
. . . . . . .
. . . . . . .
. . . . . . 0
0 0 0 . . −1 1



Finally combing equation (2c) and (5b). We only use the variables with π∗ and do not
consider others. Finally we get

Rπ∗ = (H
′
S−1

π∗ H + M
′
ρΩ−1

π Mρ)−1

=π̂∗ = Rπ∗(H′S−1
π∗ mπ∗ + M

′
ρΩ−1

π Mρ(π − M−1
ρ δπ))

Sample from p(y∗|y,y∗,ρπ,λ, h,θ)

For sampling y∗ we will be using equation (2a),(3a),(4a) and (6a) and find the log density
and solve ignoring terms not including y∗.

First we rewrite (2a) as,

m = Λy∗ + ϵπ

where mt = (πt − π∗
t )− ρt(πt−1 − π∗

t−1)− λtyt ;

ϵπ ∼ N(0,Ωπ) and m = (m1,m2, ....,mT), Λ = diag(−λ1,−λ2, ....,−λT)

log p(π|yt,y∗t ,ρ,λ, h,θ) ∝ − 1
2 (m − Λy∗)

′
Ω−1

π (m − Λy∗)
′

Secondly we rewrite (3a) and (4a) as
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(2c)

(2d)

y = y∗ + x

Qyy = βy + Qyy∗ + ϵy

where ϵy ∼ N(0,Ωy) βy = [ϕ1(y0 − y∗0) + ϕ2(y−1 − y∗−1);ϕ2(y0 − y∗0);0;0; ....;0]

Ωy = IT ⊗ σ2
y

Qy =



1 0 0 . . . 0
−ϕ1 1 0 . . . 0
−ϕ2 −ϕ1 1 0 . . 0

0 −ϕ2 −ϕ1 1 . . 0
. . . . . . .
. . . . . . .
0 . . . −ϕ2 −ϕ1 1


log p(y|y∗

,θ) ∝ 1
2 (y − Q−1

y βy − y
∗
)
′
Q

′
yΩ−1

y Qy(y − Q−1
y βy − y

∗
)

Finally we rewrite (6a) as,

H2y∗ = α̂y∗ + ϵy∗ where α̂y∗ = (y∗0 + ∆y∗0 ,−y∗0 ,0, ...,0);

and H2 =



1 0 0 . . . 0
−2 1 0 . . . 0
1 −2 1 0 . . 0
. . . . . . .
. . . . . . .
. . . . . . 0
0 0 0 . 1 −2 1


Let αy∗ = H−1

2 α̂y∗ = (y∗0 + ∆y∗0 ;y∗0 + 2∆y∗0 ; ....;y∗0 + T∆y∗0)

where ϵy∗ ∼ N(0,Ωy∗) where Ωy∗ = diag(Vy∗ ,σ2
y∗ , ....,σ

2
y∗)

log p(y∗|σ2
y∗) ∝ − 1

2 (y
∗ − αy∗)

′
H

′
2Ω−1

y∗ H2(y∗ − αy∗)

We will combine equations (2b), (2c) and (2d). We will only use the variables with y∗ and
do not consider others. Hence we get

Ry∗ = (Q
′
yΩ−1

y Qy + H
′
2Ω−1

y∗ H2 + Λ
′
Ω−1

π Λ)−1

ŷ∗ = Ry∗(Λ
′
Ω−1

π m + Q
′
yΩ−1

y Qy(y − Q−1
y βy) + H

′
2Ω−1

y∗ αy∗)
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Sample from p (ρ|y,πτ, xτ,λ, h,θ)

For sampling p (ρ|y,πτ, xτ,λ, h,θ) we will be using equation (2a) and (7a) and find the log
density and solve ignoring terms not including ρπ.

Equation (2a) can be rewritten as,

π̃ + Λỹ = Zπρπ + ϵπ

where ϵπ ∼ N(0,Ωπ) ; π̃t = (πt − π∗
t ), ỹt = (yt − y∗t )

π̃ = (π̃1, π̃2, ..., π̃T) ; (ỹ= ỹ1, ỹ2, ...., ỹT); Zπ = diag(π̃0, π̃1, ...., π̃T−1); Λ= diag(−λ1,−λ2, ...,−λT)

Ωπ = diag(Vρ,σ2
ρ , ..,σ2

ρ );

Equation (7a) can be written as,

Hρπ = αρ + ϵρ

where ϵρ ∼ N(0,Ωρ) , αρ = (ρ0,0, ...,0); Ωρ = diag(Vρ,σ2
ρ , ....,σ2

ρ )

Where 0 < ρt < 1 for t = 1 : T,

fρ(ρ,σ2
ρ ) = −∑T

t=2 log(Φ( 1−ρt−1
σρ

)− Φ(−ρt−1
σρ

))

Using the same procedures as above we get,

Mρ = (H
′
Ω−1

ρ H + Z
′
πΩ−1

π Zπ)−1

ρ̂ = MρZ
′
πΩ−1

π (π̃ + Λỹ)

Sample p(λ|y,πτ, xτ,ρ, h,θ)

For sampling p(λ|y,πτ, xτ,ρ, h,θ) we will be using equation (2a) and (9a) and find the log
density and solve ignoring terms not including λ.

We can rewrite (2a) as ,

j = λỸ + ϵπ

where j = (π̃1 − ρ1π̃0; .....; π̃T − ρπ̃T−1) , Ỹ = diag(ỹ0, ỹ1, ..., ỹT−1) and λ = (λ1, ...,λT).

So the log density that we get is,

(πt|π∗,yt,y∗t ,λ, h) ∝ − 1
2 (j − λỸ)

′
Ω−1

π (j − λỸ)

Next we write (9a) in the first difference form as shown in earlier cases,

Hλ = α∗
λ + ϵλ

where α∗
λ = (λ0,0, ...,0) and Ωλ = diag(Vλ,σ2

λ,σ2
λ....,σ2

λ).

36



So λ|σ2 ∼ N(βλ, (H
′
Ω−1

λ H)−1)

Where 0 < λt < 1 for t = 1 : T,

fλ(λ,σ2
λ) = −∑T

t=2 log(Φ( 1−λt−1
σλ

)− Φ(−λt−1
σλ

))

After solving as in earlier cases,

we get Mλ = (H
′
Ω−1

λ H + Ỹ
′
Ω−1

π Ỹ)−1

and λ̂ = MλỸ
′
Ω−1

π j

Sample ϕ

From (4a), note ϕ = [ϕ1,ϕ2]

Ỹ =


Ỹ0 Ỹ−1

Ỹ1 Ỹ0

ỸT−1 ỸT−1


We will be assuming that the following stationary constraints will be holding,

ϕ1 + ϕ2 < 1

ϕ1 − ϕ2 < 1

|ϕ2| < 1
Applying similar routines as in earlier cases we get,

Mϕ = (V−1
ϕ + Ỹ

′
Ỹ/σ2

y )
−1

ϕ̂ = MϕỸ
′
/σ2

y

Sample Γ

Where Γ = (y∗0 ,y∗−1)

We will write y∗ in (6a) in matrix form as,

y∗ = Xy∗Γ + H−1
2 ϵy∗

where
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XΓ =


2 −1
3 −2
. .
. .

T + 1 −T

 and hence XΓΓ =


y∗0 + ∆y∗0
y∗0 + 2∆y∗0

.

.
y∗0 + T∆y∗0


Similar to earlier routines we get,

Ry∗ = V−1
Γ + 1

σ2
y∗

X
′
ΓH

′
2H2XΓ.

Γ̂ = R−1
y∗ (V

−1
Γ Γ0 +

1
σ2

y∗
X

′
ΓH

′
2y∗)
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