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Co-movement of inflation

© Inflation tends to co-move closely across countries (Monacelli and
Sala, 2009; Ciccarelli and Mojon, 2010; Mumtaz and Surico, 2012;
Baurle et al., 2021)

@ A large number of studies have analyzed the potential channels of the
co-movement in inflation:
» Common macroeconomic shocks (Henriksen et al., 2013)
Trade openness (Melitz and Ottaviano, 2008)
Labor market channel through migration (Bentolila et al., 2008)
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Exchange rate regimes (Calvo and Reinhart, 2002)
Financial integration (Rey, 2016)
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Co-movement of inflation uncertainty

Q Ball (1992) proposed a model where high inflation produces high
uncertainty around future inflation through monetary policy channel.

@ Since then, the relationship between the level of inflation and inflation
uncertainty (volatility) has been extensively studied (Grier and Perry,
2000; Kontonikas, 2004).

© Uncertainty about inflation of a country can be transmitted to other
countries.

» The transmission of inflation uncertainty shocks may exhibit different
patterns over the various stages of global macro-financial cycles.
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Research questions

@ The objective of this paper is to explore the various empirical
methodologies to measure the strength of the interdependence of
inflation uncertainty.

» In particular, this paper showcase the empirical framework by
examining the case of the euro area and the UK with close economic,
trade and financial integration.

@ A probability model using copulas

» Probability models assume that changes in the probability of the two
events occurring together reflect the strength of the dependence of
those two events.

» Copula: a flexible tool to construct a multivariate conditional
distribution by combining marginal densities estimated separately.

© Identification through heteroskedasticity

» Potential endogeneity of the probability model estimates.

» Propose a simple structural framework and estimate by exploiting
heteroskedasticity in the data.
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Related literature

@ The measures of inflation uncertainty
» GARCH models: Grier and Perry (2000), Kontonikas (2004), Caporale et al. (2012)

> Survey-based disagreement measures: Holland (1995), Giordani and Séderlind
(2003), Clements and Harvey (2011), Wright (2011), Binder (2017)

> ex post unpredictability measures: Friedman (1977), Stock and Watson (2007).

@ At risk approach
> Adrian et al. (2019), Lépez-Salido and Loria (2020), Sokol (2021)

> This paper considers a two-country model rather than a variable conditional on
other macroeconomic or financial variables.

© Estimation of the strength of interdependence

> Pesaran and Pick (2007) illustrate a two-country framework and show that the
correlation-based tests of contagion could be biased due to endogeneity.

> They define contagion as a situation whereby a crisis in one country increases the
probability of a crisis in another country over and above what would be implied by
the interdependence in non-crisis periods.

> This paper exploits a broader definition of interdependence, that encompasses crises
and non-crises periods alike, for identification through heteroskedasticity.
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Measuring inflation uncertainty by ex post forecast errors

@ Inflation uncertainty is estimated by ex post forecast errors from a
bivariate VAR BEKK GARCH (1,1) model.

1/2—1/2 1/2—1/2
Uph = T4, Zt|tihet|f_h = Zt,/h > (Tt = Teje—n) (1)

) t,h t|t—h

> ey:—p: the h-period ahead forecast error conditional on the information
available at the period of the prediction.

» >, the unconditional variance-covariance matrix of e;.

» X ¢t—h: the conditional variance-covariance matrix of e;|;_p.

e Data: Monthly inflation of the UK and the euro area (Jan
1997-March 2016).

» Main considerations are the Global Financial Crisis and European Debt
Crisis, macroeconomic shocks.

» Exclude the episode of Brexit referendum that may have arisen due to
political factors.
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Measuring inflation uncertainty by ex post forecast erro
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Figure 1: Inflation uncertainty
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Measuring independence by a probability model

@ Marginal density functions
» Two Piece Normal (TPN) distribution (Wallis, 2004)

Aexp{—(x — u)? /202 if x <
fTPN(X; o1, 09, 'u) _ p{ ( M)z/ ]2.} . SH (2)
Aexp{—(x — p)?/205} if x> p
where A = (v2r(o1 + 02)/2) 7L
» Weighted Skew Normal (WSN) distribution (Makarova, 2018)
U= X + a- Y lysm+B-Y ly<k (3)

~—

baseline forecast error  gjignal part based on revised forecast error

where X and Y are bivariate N(0,0?) with correlation coefficient, p.

@ Simulated minimum distance estimation
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Measuring independence by a probability model

@ Conditional density function: Copulas

T

0 = arg max > In ((Uie; 01)) (4)
0y = arg n});;\xz In (f2(Uat; 62)) (5)
A =arg maxZIn (Fi(Us; 1), Fa(Us; 62): 7)) (6)

> : copula parameter; él,éz: estimated marginal densities.
» Frank copula allows for asymmetric dependence structures without
favoring either upper or lower tail dependence.
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Measuring independence by a probability model
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Figure 2: Copula parameters and rank correlation
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Endogenous model of interdependence

@ An endogenous model of interdependence (Rigobon, 2019):
U1 _ n . _ 1 —Q _ V1 C12
A{UQ]_[J,wmhA_[_/B 1}andﬂ_{cm VJ @)
U; and Us: inflation uncertainty of the UK and the euro area.
1 and e: structural shocks, independent Normal distribution.

Q: var-cov matrix of [UiU,]'.
« and B: the coefficients capturing interdependence of uncertainty.

v vy VvYy

@ A potential bias in reduced form if endogeneity is not properly
addressed.

1 1
U = m(nJr ag), U = m(ﬁﬁJﬂf) (8)

1 2 2 2 2 2
oo + o, ao:+ Boy, 9)

Q= —+=
(1-apB)? ao? + ,30,27 o+ ,5’2037
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Empirical evidence of endogeneity

Quantile regressions (Koenker, 2005) can provide empirical evidence of
endogeneity.

@ The model for the 7-th conditional quantile of U; on U, and vice
versa, can be written as follows.

Quy(7) = Uafa(7) (10)
Qu,(7) = U1Ba(7) (11)

@ The linear quantile regression model can misspecify the true relation
of Ui and U, if the true model is non-linear and/or the data have
heavier tails.

» This could lead to more variability in the coefficients in the extreme
quantiles, resulting in potential sudden jumps in the slope estimates.
@ Therefore, non-flat quantile treatment effects indicate potential
non-linearity and/or non-Gaussianity of the data conditional on the
quantile.
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Empirical evidence of endogeneity

The quantile regressions of the UK inflation uncertainty on the euro inflation uncertainty.

- = s et w2

Figure 3: The estimated slope coefficients (8) of linear quantile regressions (I)
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Empirical evidence of endogeneity

The quantile regressions of the euro inflation uncertainty on the UK inflation uncertainty.

- = s et w2

Figure 4: The estimated slope coefficients (3) of linear quantile regressions (I1)
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Empirical evidence of endogeneity

Simulations of quantile regressions with iid errors to confirm whether the
quantile slope coefficients are flat across 7's when there is no endogeneity.

@ Assume a model of random variables X and Y: Y =0.5X +e.
» The relationship between X and Y is uniquely defined by an iid error
terms, exogenous to X.
@ Draw a random variable X from various distributions.
X ~ N(2,1); € ~ iidN(0,1).
X ~ t(5) +2; € ~ iidN(0,1).
X ~ t(5) + 2; € ~ iidt(5).
X ~ N(1,1) 4 0.25x2(4); € ~ iidN(0,1).

© Y is determined by drawing an error term, €'s.

v

vV vy

@ This allows for different symmetric and asymmetric distributions while
maintaining iid assumptions for error terms.

© The sample size is n = 1001 for drawing X and the error terms are
drawn for r = 100 times.
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Empirical evidence of endogeneity

To contrast with the model of no endogeneity, a simple representation of
the classical linear simultaneous equation model is constructed for the case
of endogeneity.

@ Assume a model of random variables X and Y:
Y =05X 403Xy + €1, X = Xo + X3 + €.
» X and Y are endogenous in that both are determined within the model
by errors and the exogenous variables, X, and Xj.

@ 4 combinations of underlying DGP for exogenous variables and error
terms.

Xo ~ N(1,1); X3 ~ N(1,1); e ~ iidN(0,1); ex ~ iidN(0, 1).

Xo ~ t(5) +1; X3~ t(5) +1; € ~ IIdN(O, 1); € ~ IldN(O, 1)

Xo ~ t(5) + 1; X3 ~ t(5) + 1; €1 ~ iidt(5); ex ~ iidt(5).

Xo ~ N(1,1); X3 ~ 0.25x2(4); €1 ~ iidN(0,1); e5 ~ iidN(0, 1).

v vy VvYy
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Empirical evidence of endogeneity

Case I: no endogeneity Case I: endogeneity
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Figure 5: The slope coefficients of linear quantile regression: (1(7), simulation




Empirical evidence of endogeneity

Case I: no endogeneity Case I: endogeneity
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Figure 6: The slope coefficients of linear quantile regression: 3(7), simulation




Measuring independence by identification through heteroskedasticity

@ The variance-covariance matrix of the structural model:

T__ : —BVi —aVa+ Cio(1 + ap)
AQAT == —pVi —aVe + Gio(1 4 af) . (12)
@ Optimization problem: the off-diagonal terms equal to zero.
Ti;? fla, B Vi, Vo, Ci2) = —BVi — aVa + Cia(1 + af) (13)
© Assume parameter stability and heteroskedasticity.
» Define RH if 8 > median(f) and RL otherwise.
0= — m(p: h, rw) (14)
Vo

* p € {1,2,3} with 1: pre-crisis period, 2: the Global Financial Crisis
period, 3: post-crisis period. h=1,2,...,24 and rw = 12.

@ « and f is estimated by minimum distance using Vi, V5, and Cio.
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Measuring independence by identification through heteroskedasticity

o Crisis period: 3 exceeds 1 for longer term horizons — amplifying
effects of the surprises in the UK inflation on the euro area inflation.

@ Pre- and post-crisis period: the range of the estimates lies [-1, 1],
mostly close to zero — interdependence is statistically insignificant.

Pre-crisis Crisis Post-crisis
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Figure 7: Interdependece: identification through heteroskedasticity
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Key findings and policy implications

© Probability model: The popular measures of interdependence, such as
correlations and copula parameters, can be biased if there is
endogeneity.

@ Endogenous model: The strength of the propagation of inflation
uncertainty intensifies during the GFS period while it dampens during
the post-crisis period.

© Monetary policy credibility becomes more crucial in times of great
uncertainty with high degrees of contagion.
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Measuring interdependence of inflation uncertainty

Thank you!

email: slee6@kdis.ac.kr
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The estimated parameters of marginal densities

TABLE 2 The estimated parameters of marginal densities

h=6 h=12 h=18 h=24

UK Euro UK Euro UK Euro UK Euro

WSN o -1.81 -361 -147 -319 -0.84 -3.19 -1.00 -0.96
(0.36)  (1.29) (0.42) (0.54) (0.90) (0.49) (0.37) (0.01)

5 -098 -272  -138 -021 -0.95 0.00 -1.10  -0.01

(0.46) (1.01) (0.69) (0.17) (1.54) (0.00) (1.09) (0.02)

o 0.99 0.56 1.22 1.47 113 1.74 1.07 2.28

(0.08) (0.29) (0.29) (0.08) (0.51) (0.10) (0.31) (0.12)

MD 199 1356 1413 2270 12.64 46.18  6.65 24.86

TPN o1 1.70 0.56 1.58 1.61 391 1.07 0.54 1.84
0.71)  (0.27)  (0.42) (1.51) (0.27) (0.31) (0.67) (0.75)

o2 1.03 2.76 1.78 1.83 0.23 3.99 1.78 2.60

0.21)  (1.12)  (0.47) (0.71) (0.20) (0.03) (0.03) (0.89)

It 035 -112  -026 -032 -259 -1.18 -096 -1.38

(0.40) (2.02) (0.70) (1.51) (0.62) (0.83) (0.51) (1.20)

MD 464 39.19 1537 3997 6.56 55.71 3.05 18.38
Sample size 146 140 134 128

inst the alternative hypoth-
asymptotic 2 distribution

Notes: MD denotes the minimum distance statistics for the equiprobable null hypothes
esis of bumps or dips in the probability. Under the null hypothesis. the MD statistic has a
(Cressie and Read, 1984).

Lee (KDIS) June 2024



____________

....................

....................
0,




References |

[1] Adrian, T., Boyarchenko, N., and Giannone, D. (2019). Vulnerable growth. American
Economic Review, 109(4):1263-89.

[2] Ball, L. (1992). Why does high inflation raise inflation uncertainty? Journal of Monetary
Economics, 29(3):371-388.

[3] Baurle, G., Gubler, M., Kanzig, D. R., et al. (2021). International inflation spillovers: The
role of different shocks. International Journal of Central Banking, 17(1):191-230.

[4] Bentolila, S., Dolado, J. J., and Jimeno, J. F. (2008). Does immigration affect the phillips
curve? some evidence for spain. European economic review, 52(8):1398-1423.

[5] Binder, C. C. (2017). Measuring uncertainty based on rounding: New method and
application to inflation expectations. Journal of Monetary Economics, 90:1-12.

[6] Calvo, G. A. and Reinhart, C. M. (2002). Fear of floating. The Quarterly journal of
economics, 117(2):379-408.

[7] Caporale, G. M., Onorante, L., and Paesani, P. (2012). Inflation and inflation uncertainty in
the euro area. Empirical Economics, 43(2):597-615.

[8] Ciccarelli, M. and Mojon, B. (2010). Global inflation. The Review of Economics and
Statistics, 92(3):524-535.

[9] Clements, M. P. and Harvey, D. I. (2011). Combining probability forecasts. International
Journal of Forecasting, 27(2):208-223.

[10] Friedman, M. (1977). Nobel lecture: inflation and unemployment. Journal of political
economy, 85(3):451-472.

Lee (KDIS)

June 2024 22/24



References Il

[11] Giordani, P. and Séderlind, P. (2003). Inflation forecast uncertainty. European Economic
Review, 47(6):1037-1059.

[12] Grier, K. B. and Perry, M. J. (2000). The effects of real and nominal uncertainty on
inflation and output growth: some garch-m evidence. Journal of applied econometrics,
15(1):45-58.

[13] Henriksen, E., Kydland, F. E., and Sustek, R. (2013). Globally correlated nominal
fluctuations. Journal of Monetary Economics, 60(6):613-631.

[14] Holland, A. S. (1995). Inflation and uncertainty: tests for temporal ordering. Journal of
Money, Credit and Banking, 27(3):827-837.

[15] Koenker, R. (2005). Quantile Regression. Econometric Society Monographs. Cambridge
University Press.

[16] Kontonikas, A. (2004). Inflation and inflation uncertainty in the united kingdom, evidence
from garch modelling. Economic modelling, 21(3):525-543.

[17] Lépez-Salido, D. and Loria, F. (2020). Inflation at risk. FEDS Working Paper.

[18] Makarova, S. (2018). European central bank footprints on inflation forecast uncertainty.
Economic Inquiry, 56(1):637-652.

[19] Melitz, M. J. and Ottaviano, G. |. (2008). Market size, trade, and productivity. The review
of economic studies, 75(1):295-316.

[20] Monacelli, T. and Sala, L. (2009). The international dimension of inflation: evidence from
disaggregated consumer price data. Journal of Money, Credit and Banking, 41:101-120.

Lee (KDIS) June 2024



References IlI

[21] Mumtaz, H. and Surico, P. (2012). Evolving international inflation dynamics: world and
country-specific factors. Journal of the European Economic Association, 10(4):716-734.

[22] Pesaran, M. H. and Pick, A. (2007). Econometric issues in the analysis of contagion.
Journal of Economic Dynamics and Control, 31(4):1245-1277.

[23] Rey, H. (2016). International channels of transmission of monetary policy and the
mundellian trilemma. IMF Economic Review, 64(1):6-35.

[24] Rigobon, R. (2019). Contagion, spillover, and interdependence. Economia, 19(2):69-100.

[25] Sokol, A. (2021). Fan charts 2.0: flexible forecast distributions with expert judgement.
ECB Working Paper No. 2021/2624.

[26] Stock, J. H. and Watson, M. W. (2007). Why has us inflation become harder to forecast?
Journal of Money, Credit and banking, 39:3-33.

[27] Wallis, K. F. (2004). An assessment of bank of england and national institute inflation
forecast uncertainties. National Institute Economic Review, 189(1):64-71.

[28] Wright, J. H. (2011). Term premia and inflation uncertainty: Empirical evidence from an
international panel dataset. American Economic Review, 101(4):1514-34.

Lee (KDIS) June 2024 24 /24




	References

