




































For both the unadjusted and adjusted data, we found that a 4th-order 

AR process was sufficient to satisfy most conventional model selection 

criteria. Using adjusted data, the RPI and RPIX equations also satisfy 

tests for normality (column 3 in Tables 4.1 and 4.2), but the equations 

still show signs of heteroscedasticity over the full sample period. This 

in itself is not surprising if there are ARCH effects (neither is non­

normality), but it means that conventional t-ratios will be biased and 

we therefore report White (1980) heteroscedasticity corrected figures. 

Note that in both equations there are no signs of autocorrelation. This 

is important because if the errors of the mean equation are correlated, 

this is likely to result in the squared residuals also being correlated, 

confounding the usual tests for ARCH disturbances [see Cosimano and 

Jansen (1988»). 

In the case of RPIY, we found that an AR(3 ) representation was 

adequate to satisfy conventional model selection criteria. As might 

have been expected, this equation exhibited no signs of non-normality, 

although there is some weak evidence of heteroscedasticity. 
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TABLE 4.1: AUTOREGRESSIVE QUARTERLY RPI INFLATION 
EQUATIONS, OLS ESTIMATES 

Dependent Variable: 

1 2 3 4 5 
Unadjusted Unadjusted Adjusted Unadjuated Adju.ted 

Constant 0.265 0.329 0.153 0.690 0.483 
(1 .2) 0 .5) (0.7) (2.1) 0.6) 

11' t-l 0.460 0.458 0.529 0.497 0.704 
(3.8) (3.8) (6.3) (4.1) (5.8) 

lI't-2 0.173 0.174 0.065 0.259 -0.063 
0 .7) 0 .8) (0.7) 0 .9) (0.4) 

lI't-3 0.058 O.� 0.131 0.005 O.� 
(0.6) (0.6) 0 .3) (0.3) (0.6) 

lI't-4 0.121 0.119 0.110 -0.048 0.053 
( 1 .2) 0 .3) 0 .4) (0.4) (0.4) 

lI't-5 -0.046 
(0.6) 

lI't-6 0.007 
(0.1) 

lI't-7 0.065 
( 1 .0) 

11' t-8 -0.012 
(0.2) 

Q2 0.898 0.791 0.969 0.889 0.847 
(2.8) (2.8) (3.2) (2.1 ) (2.0) 

Q3 -1.119 -1.190 -1 . 1 56 -1.270 -1.437 
(3.7) (4.7) (4.8) (3.2) (4.1) 

Q4 0.263 0.258 0.601 -0.804 -0.085 

R2 
(0.7) (0.8) (2.1 ) (2.0) (0.2) 
0.588 0.585 0.636 0.631 0.713 

SEE 1 .02 1.01 0.889 0.876 0.720 
NORM(2) 71 .9 61.6 0.1 70.1 9.9 
HETO) 30.0 32.6 8.2 1 .2 0.2 
LM(1) 0.2 0.05 0.3 1.3 0.9 
LM(4) 3.3 0.9 1. 9  7.8 3.6 
LM(8) 9.2 4.8 6.5 11.0 8.0 

Sample SOQI-94 Q] 50Ql-94 Ql SOQl-94 Q1 77 Q1-94 Q1 77 Ql-94 Q1 

T statistics are in farentheses. 
For columns 1, and 3 t-statistics have been calculated using White (1980) heteroscedasticity 
consistent standard errors. 



TABLE 4.2: AUTOREGRESS IVE QUARTERLY RPIX INFLATION 
EQUATIONS, OLS ESTIMATES 

Dependent Variable: 

1 2 3 4 5 
Unadjusted Unadjusted Adjusted Unadjusted Adjusted 

Constant 0.141 0.254 0.067 0.61 9 0.553 
(0.6) 0.2) (0.3) (1.8) (1.8) 

I't-l 0.453 0.452 0.522 0.447 0.627 
(3.7) (3.7) (5.9) (3.6) (5.2) 

I't-2 0.142 0.137 0.006 0.262 0.049 
0.5) 0.5) (0.4) 0.9) (0.3) 

I't_3 0.�7 0.093 0.160 0.048 -0.002 
(0.8) (0.9) (1 .5) (0.4) (0.0) 

I't-4 0. 136 0.138 0.128 -0.005 0.132 
(1.3) (1 .4) (1 .5) (0.0) (1 .1) 

I't_5 -0.004 
(0. 1 )  

I't_6 -0.059 
(0.7) 

I't-7 0.051 
(0.8) 

I't-8 0.025 
(0.4) 

Q2 1.(178 0.960 1 . 147 1.152 0.844 
(2.9) (3.1 )  (3.5) (2.6) (1 .8) Q3 -1.060 -1 . 174 -1 . 143 -1 .330 -1 .685 
(3.5) (4.6) (4.8) (3. 1 )  (4.6) Q4 0.488 0.340 0.688 -0.828 -0.328 

R2 (1 .3) 0.1 ) (2.2) (1 .9) (0.7) 0.597 0.595 0.655 0.662 0.774 
SEE 1 .01 1 .00 0.864 0.834 0.632 NORM(2) 138.1 126.3 0. 1 353.6 1 .5 
HETO) 26.5 28.7 12.2 0.3 1 .3 LM(1 ) 0.0 0.0 0.3 2.2 1 .5 LM(4) 2.1 0.9 4.8 7.3 8. 1 LM(8) 7.8 5.1 8.5 9.2 9. 1 
Sample 50Ql-94 Ql 50Ql-94 Ql 50 Ql-94 Ql 77 QI-94 Ql 77QI -94 Ql 
T statistics are in farentheses. 
For columns 1 ,  and 3 t-statistics have been calculated using White (1 980) heteroscedasti city 
consistent standard errors. 



TABLE 4.3: AUTOREGRES SIVE QUARTERLY RPIY INFLATION 
EQUATIONS, OLS ESTIMATES 

Dependent Variable: 

1 2 3 
Constant 0.385 0.383 0.627 

0.6) (2.1) (2.7) 
1f t-l 0.480 0.470 0.523 

(3.5) (3.7) (4.4) 
1f t-2 0.222 0.214 0.169 

(1 . 1)  0.2) 0.2) 
1f t-3 0.205 0. 199 0.094 

(1 .7) (1 .7) (0.8) 
1f t-4 -0.047 

(0.4) 
1f t-5 -0.025 

(0.2) 
1f t-6 0.009 

(0.1) 
1f t-7 -0.074 

(0.7) 
1f t-8 0.127 

(1.3) 
Q2 0.347 0.462 0.290 

(1 .0) 0.6) 0.1) 
Q3 -0.994 -0.998 -1.239 

(2.8) (3.3) (4.6) 
Q4 -0.497 -0.464 -0.487 

R2 0 .1 )  0 .3) 0.7> 
0.708 0.701 0.710 

SEE 0.590 0.571 0.597 
NORM(2) 0.4 0.3 1 .6 
HET(1) 3.2 4.0 1 .2 
LMO) 0.8 0. 1 0.1 
LM(4) 3.2 1.0 2.9 
LM(8) 9.7 1.7 3.3 

Sample 78 Q2-94 Ql 78 Q2-94 Q1 77Ql-94 Q1 

T statistics are in parentheses. 
Fo r col u m n s  1 a n d  2 t-s ta t i s t i cs  h a v e  been cal cula ted u s i n g  Whi te ( 1 980)  
heteroscedasticity consistent standard errors. 
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LM Test Results 

In order to test for the presence of ARCH effects, the residuals from 

each model were squared and regressed on their lagged values. The 

associated LM tests for the presence of ARCH disturbances (calculated 

as the product of the number of observations and the R2) are reported 

for each inflation measure in Table 4.4, both for the full sample 

1950 Ql-1994 Q1 and a sub-sample from 1977 Q1 to 1 994 Q 1 .  

For the longer sample period, the results show that the RPI and RPIX 

equations (using both adjusted and unadjusted data) exhibit strong 

signs of ARCH disturbances. But when the sample is truncated at 1977, 

there is much less evidence of ARCH effects, although the equation 

u sing adjusted RPIX data still  shows strong signs of ARCH 

disturbances. It is difficult to know what to make of this result, because 

it is difficult to justify excluding the earlier period.6 The lack of 

evidence of ARCH over this period does mean, however, that we do 

not attempt to model the RPIY series - which is only available over the 

shorter sample period - as an ARCH process.7 All the model results 

reported in Sections 5 and 6 were estimated over the full sample period. 

6 We also tested for ARCH over the 1950 Q I - 1970 Q I period to see whether the presence 
of ARCH errors might be due to a structural break in the 1970s. However. we again found 
evidence of significant ARCH effects. suggesting thal ARCH effects over the full sample 
period cannot be explained by a discrete change in the variance of inflation. 

7 It is worth noting that in the case of RPIY. we did find evidence of very high order ARCH 
(at lags 10 and above). Such high levels of ARCH seem implausible and we treated these 

results as spurious. 
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TABLE 4.4: LM TESTS FOR ARCH 

RPI 
Uoadjulted 

AR(4) 

Sample: 1950 Ql-94 Q1 

ARCH(1) 

ARCH(2) 

ARCH(4) 

ARCH(8) 

16.0-· 

18.5·· 

Sample: 1977 Ql-94 Q1 

ARCH(1) 

ARCH(2) 

ARCH(4) 

ARCH(S) 

• •• 

0.2 

3.1 

3.5 

4.5 

Variable: 

RPI 
Adjusted 

AR(4) 

1 .0 

1 2.9 

2.2 

5.5 

5.6 

7.2 

significant at 5%; significant at 1 % 

5 ARCH Model Results 

(a) Symmetric Model Results 

RPIX 
Uoadjusted 

AR(4) 

1 2.S" 

1 3.0-

13.3 

0.1 

0.2 

0.4 

1.6 

RPIX 
Adjusted 

A1U4) 

23.7>" 

23.4"" 

1 .9 

16.8"" 

RPIY 
AR(3) 

o/a 

o/a 

o/a 

o/a 

0.4 

2.4 

5.3 

9.4 

To allow for time-varying heteroscedasticity, we first re-estimated the 

equations for RPI and RPIX (using both adjusted and unadjusted data), 

assuming that the error terms followed particular ARCH and GARCH 

processes. Thus the models were respecified in general terms as: 

24 



4 

1f • er + 1: er 1f + .ea.onal. + e (5.1 ) 
t 0 1-1 1 t -1 t 

r e 0 - N 10, b (5.:2 ) 
t t - 1  l t 

q P � 
b • 1 + 1: 1 e + 1: 6 b 

t 0 j-1 j t-j le-1 le t -le (5.3 ) 

where the error term in the mean equation <equation 5 . 1 )  is now 

specified as normal conditional on the information set available at t-l 
(Ot-I)' with time-varying variance ht a function of lagged squared 

forecast errors and lagged conditional variance terms. 

We experimented with various ARCH and GARCH processes, but 

found that in each case the GARCH(1,l) model was sufficient to 

eliminate ARCH effects. Maximum likelihood results for the latter are 

shown below in Table 5.1;8 since our interest is in inflation uncertainty, 

only the results for the parameters in the conditional variance model 

are reported. As can be seen from the Table, the terms in the GARCH 

process are at least weakly significant in all the equations. In each case, 

there is no sign of any residual ARCH effects in the scaled residuals, 

nor is there any sign of serial correlation. The sum of 1 1 and 61 
averages 0.82, suggesting there is considerable persistence in the 

conditional variance equation, so that the effect of inflation shocks takes 

time to die away. 

8 The maximum likelihood estimation results were derived from the Berndt. Hall. Hall and 

Hausman algorithm (1974) using RATS 4.10. Note that the initial starting values of e20 
and hO were set equal to the squared value of the OLS equation standard error in 
deriving these results. 
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TABLE 5.1: RESULTS FOR GARCH(l, 1) MODELS(1) 

Model: I' = a + J1 a .  I' 
t-i 

+ seasonals + f 
t 0 1 t 

f n - N ( 0, h 
t t -1 t 

h 
2 61 h = '0 + '

1 
f 

t-1 
+ 

t t-1 

RPI RPI RPIX 

Unadjusted Adjusted Unadjusted 

Parameter 

'0 0.243 0. 171 0.184 
(2.4) 0.2) (2.9) 

'I 0.478 0. 143 0.489 
(3.5) 0.4) (3.7) 

61 0.326 0.626 0.391 
(2.2) (2.4) (3.4) 

Log-likeli�� -70.001 -59.623 -65.044 
ARCH (X (4» 2) 2.6 2.5 2.2 
ARS! (X2�8»(2) 4.6 5.5 4.2 
Q (X (8»(2 4.8 1 .5 5.8 

T statistics in parentheses. 

0) 
(2) 

Parameters from the mean equation ary /2ot reported. 
Tests refer to scaled residuals, ie f t1h t . 
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RPIX 
Adjusted 

0.1 1 5  
0.7) 
0.189 

0.8) 
0.647 

(3.9) 

-50.962 
2.7 
4.9 
4. 1 



(b) Allowing for Asymmetries 

Although the GARCH(t,l) model seems adequate in terms of dealing 

with ARCH, in that neither the scaled residuals nor their squared 

values are autocorrelated, we have already argued that the implied 

symmetric restriction on the impact of inflation shocks seems 

implausible a priori. To investigate this further, we ran three additional 

asymmetric volatility models on the same RPI/RPIX inflation data: the 

AGARCH model, the EGARCH model and the GJR model (details of 

these models were given in Section 2 above). The estimation results are 

set out in Tables 5.2, 5.3 and 5.4. 

Each of  these asymmetric models also satisfies the tests for  

autocorrelation and ARCH effects, and in each case the value of  the log­

likelihood function is higher than the corresponding GARCH model. 

More interestingly, the parameter estimate of 12 in the AGARCH 

model, 11 in the EGARCH model and 12 in the GJR model are all 

positive and, at least weakly, statistically significant (see discussion in 

Section 2). In each case therefore the results suggest that bad news on 

inflation results in a bigger increase in inflation uncertainty than good 

news, suggesting that the symmetry restriction implicit in the GARCH 

model is not accepted by the data. Indeed, in the case of the GJR model 

the estimate of the 11 parameter, while statistically insignificant for the 

most part, is negative, suggesting that lower than expected inflation 

reduces inflation uncertainty. 
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TABLE 5.2: RESULTS FOR AGARCH MODEL(1) 

Parameter 

70 

71 

72 
61 

h t 

Log-likeli�� 
ARCH (X (4» 2) 
ARs-! (X2�8»(2) 

Q (X (8»(2 

RPI 
Unadjusted 

0.157 
0.8) 
0.275 

(2.1) 
0.775 

(2.3) 
0.364 

(2.2) 

-62.713 
2.6 
4.5 
2.8 

T statistics are in parentheses. 

RPI RPIX 
Adjusted Unadju.ted 

0.091 0.129 
(0.7) (2.2) 
0.110 0.372 

0.1) (3.3) 
1.183 0.492 

0.5) (3.1) 
0.554 0.415 

(2.6) (3.6) 

·55.076 -59.426 
4.8 3.4 
8.9 5.7 
1 .5 6.0 

0) Parameters from the mean equation arr /2ot reported. 
(2) Tests refer to scaled residuals, ie f tl h t 
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RPIX 
Adjusted 

0.097 
0.7) 
0.165 

(1.7) 
0.528 

0.9) 
0.624 

(4.2) 

-48.254 
4.4 
6.5 
4.3 



TABLE 5.3: RESULTS FOR EGARCH MODEL (1) 

4 
Model: W Q + t Q W + seasonals + , 

t 0 i=1 i t-i t 

r 1 , n - N 10. h I 
t t -1 I CJ 

, I, 
t -1 I t -1 

log h = l' + l' + l' t 0 1 
h112 

2 1/2 h 
t -1 t -1 

RP) RP) RPIX 
Unadjusted Adjusted Unadju.ted 

Parameter 

1'0 -0.138 -0.138 -0.109 
0.6) (1 .8) 0.6) 

1'1 0.467 0.31 2 0.383 
(3.5) (2.2) (3.7) 

1'2 0.426 0.200 0.453 
(2.0) 0.1 ) (2.9) 

61 0.594 0.656 0.685 
(4.3) (4.3) (6.6) 

Log-likeli�o� -60.809 -54.724 -58.052 
ARCH (X (4» 2) 3.5 5.4 5.2 
AR5tI (X\8»(2) 6.3 10.1  7.7 

Q (X (8»(2 3.1 2.1 5.1 

T statistics are in parentheses. 

0) Parameters from the mean equation arY!'l0t reported. 
(2) Tests refer to scaled residuals. ie 't1ht 
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1+6logh 
I 1 t-1 
I 
J 

RP)X 
Adjusted 

-0.099 
0.6) 
0. 1 93 

0.8) 
0.255 

0.8) 
0.802 

(8.2) 

-48.182 
6.4 
8.7 
4.2 



TABLE 5.4: RESULTS FOR GJR MODEL(1) 

h t 
2 2 

., 0 + ., 1 � t -1 + ., 2 D t -1 ' t -1 + 
6 1 h t -1

; 2 = 1 i [ � >0 
D = 0 i [ , � O  

RP) RP) 
Unadjusted Adjusted 

Parameter 

"0 0.353 0.273 
(3.4) (2.4) 

" 1  -0.068 -0.067 
0.6) 0.4) 

12 1.ffi7 0.537 
(2.9) (1 .8) 

61 0.214 0.447 
0.6) (2.4) 

Log-likeli2°� -59.798 -54.768 
A Rm (X (4» 2) 7.2 6.3 
ARS! (X2�8»(2) 9.6 1 0.7 

Q (X (8»(2 4.6 2.6 

T statistics are in parentheses. 

(1 ) Parameters from the mean equation arp Jll.ot reported. 
(2) Tests refer to scaled residuals, ie � tl h t . 
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t t 

RPIX RPIX 
Unadjusted Adjusted 

0.282 0.166 
(3.4) (2.4) 
-0.051 .0.004 
(1.2) (0.1) 
0.916 0.394 

(3.4) 0.6) 
0.308 0.559 

(2.4) (3.7) 

-57.51 5 -48.037 
6. 1 6.9 
7.4 8.3 
5.2 4.9 



Unfortunately, discriminating between these models is difficult, 

because (apart from the GARCH and AGARCH models) they are not 

nested. However, Engle and Ng (1993) have proposed some tests 

which aim to detect whether the asymmetries in the data are being 

adequately picked up. The tests are constructed from the t-ratios on the 

b coefficient in the following regressions: 

• .2 + 
v • a + b D + lS ' z ·  + e ( 5 . 4) 

t t -l O t  t 

• .2 
• a + b + lS ' z ·  v D e + e ( 5 . 5) 

t t-l t -l O t  t 

• .2 + 
v • a + b D e + lS ' z ·  + e ( 5 . 6) 

t t -l t -l Ot t 

+ 
and D • 1 j f  e > 0  and D • 1 jf e < 0  

t t t t 

where v It? are adjusted, scaled residuals (ie residuals from a regression 

of the squared scaled residuals - ie e?lht - on the variables included in 

the volatility mode)), a and b are constant parameters, IS is a constant 
It 

parameter vector, z is a vector of variables dependent on the volatility 

model being tested, and et is the residual .9 

The positive sign bias test statistic is defined as the t-ratio on the b 

coefficient in the regression equation (5 .4); the negative size bias test 

statistic is the t-ratio on the b coefficient in the regression equation (5 .5) 

and the positive size bias test statistic is the t-ratio on the b coefficient in 

the regression equation (5 .6) .  The intuition behind these tests is simply 

that if the squared normalised residuals can be explained by the Dt-1 
terms then the volatility model must be mis-specified . We also report a 

9 For further details. the interested reader is referred 10 Engle and Ng ( 1993). The details 
behind the results reported in Table 5.5 are sel oul in Annex 2. 
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joint test derived from the t R 2 statistic of the following regression, 

which is distributed as X2(3) under the null that the volatility model is 

correct. 

*2 + 
v - a + b D + b D f 

t 0 t -l 1 t-l t-l 

32 
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TABLE 5.5: SIGN AND SIZE BIAS TEST RESULTS 

Model Positive Negative Positive 
Sign Biu Size Bias Size Biu 

GARCH 

RPI unadjusted 2.09·· 2.33·· 1 .92·· 
RPI adjusted 0.94 1 .:W 1 .31· 
RPIX unadjusted 1 .24 1 .96·· 1 .44· 
RPIX adjusted 1 .44· 1 .29· 1 . 13 

AGARCH 

RPI unadjusted 1 .4?- 1 .56· 1.(17 
RPI adjusted 0.93 0.99 0.66 
RPIX unadjusted -0.41 1 . 17  0.35 
RPIX adjusted 0.21 0.94 0.05 

EGARCH 

RPI unadjusted 0.83 1 .51 · 0.27 
RPI adjusted 0.35 0.90 -0.30 
RPIX unadjusted -0.28 1 .32 0.61 
RPI adjusted -1 .06 0.72 -0.(17 

GJR 

RPI unadjusted -0.90 -0.01 -0.08 
RPI adjusted -0.22 0.34 -0.1 9  
RPIX unadjusted -0.27 0. 14 -0.01 
RPIX adjusted -0.75 0.57 -0.50 

-;-- indicates significance at the 20%/100/0 level. 

�oint 
elt 

5.72· 
1 .78 
4. 1 5  
2.35 

4.8?-
2,(17 
3.46 
1 .78 

3.70 
1 .95 
2.34 
2. 1 9  

1 . 59 
1 .39 
0.50 
2.87 

The test results reported in Table 5.5 provide some tentative evidence 

that the GARCH model of inflation volatility is mis-specified, with the 

positive sign bias and size bias results suggesting that it understates the 

uncertai nty resu l t i n g  from a pos i t ive shock to i n f l a t i o n  a n d  

correspondingly overstates the effects of a negative shock. But, apart 

from the results for the model using unadjusted RPI, the test results are 

only weakly statistically Significant, probably reflecting the low power 

of these tests in small samples. In the case of the asymmetric models, 

the tests do not indicate the presence of any significant sign or size bias. 

Thus it i s  d i ff icu l t  to determine from these tests which of the 

asymmetric models provides the best representation of asymmetries in 

the data, although we may note that the t-ratios for the EGARCH and 

GJR model tend to be smaller than those for the AGARCH model .  
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To cast some further light on this question, we estimated a version of 

the partially non-parametric model (PNP) advocated by Engle and Ng 

(1993).  This model of volatility contains a linear spline specification in 

the lagged foreca s t  errors.  I t  is  termed partially non-parametric 

because it includes a GARCH term (the lagged conditional variance) to 

pick up long memory. Experimentation with different specifications 

led us to adopt three equally spaced breakpoints corresponding to 0, t 
0.5 0, and t 0, where 0 is the OLS standard error from the appropriate 

conditional mean equation. Thus the precise model we estimated had 

the following form: 

2 
b -, + t , D 

t o 1 .. 0 1 1  

+ 
D • 1 1 �  e 

1 t  

D .. 1 1 �  e 
1 t  

+ 2 
(e - 1 0 /2) + t , D (e + 1 0 /2) +5 b 

1 t -1 t -1 

+ 
> 1 0 /2 and D 

t 1 t  

< 1 0 /2 and D 
t i t  

1 -0 21 1 t -1 t -1 

.. 0 1 �  e 

• 0 1 �  e 

t 

t 

s 1 0 /2 

� i o /2 

1 t -1 

The resul ts from this  model are reported in Ta ble 5.6 .  A symmetric 

news impact curve would imply that the (positi ve) '} i's were equal in 

a bsol u te size to the (nega ti ve) '2i ' s .  The results evidently do not 

support this, with the cond i tional variance much more sensiti ve to 

positive shocks across most of the speci fications. 

This is brought out more clearly in Table 5.7 which shows the implied 

rela tionship between cu rrent inflation volatil ity and the value of the 

previou s period's  i nfla tion shock, holding the lagged conditional  

variance fixed at 02, for each of the estimated models. In the case of the 

PNP model, the implied news impact curve is very asymmetric, with 

uncertainty an increasing function of the size of positive inflation shock 
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(bad news), but much less responsive or invariant to negative inflation 

shocks (good news). 
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TAB LE 5.6: R ESULTS FOR PARTIALLY NON-PARAMETRIC 
MODEL WITH 3 BREAK-POINTS(1 ) 

Model : I' t a 
o 

+ f a I' + seasona ls + , i = 1 i t - i t 

D .  1 =  1 i f  < i o /2 and D .  1 = 0 i f  � i o/2 I t - ' t  I t - ' t  

RPI RPI 
Unadjusted Adjusted 

Parameter 

'YO 0.344 -0.039 
(2.2) (0.3) 

'YI0 1 .m 1 .876 
(2. 1 )  (2.2) 

'Y 1 1  4.209 -2.052 
(2.6) 0 .2) 

'Y12  1 1 .771 0.967 
(2.7) (0.5) 

'Y20 0.044 -0.636 
(0. 1 )  0 .1 ) 

'Y21 -0.976 0.594 
( 1 . 1 ) (0.5) 

'Y22 1 .601 0.296 
(2.2) (0.4) 

61 0,(176 0.462 
0 .2) (2.7) 

Log-likelihood -51 .986 -51 .759 

ARCH ( X2(4»(2) 4.1 5.3 

ARCH ( X2(8»(2) 1 0.0 1 1 .5 

Q (X2(8»(2) 4.2 1 .5  

T statistics are in parentheses. 

( 1 )  
(2) 

Parameters from the mean t:<JUation arf fft reported. 
Tests refer to scaled residualS, ie I t1ht . 
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RPIX 
Unadjusted 

-0.034 
(0.3) 
1 .546 

(2.5) 
-0.970 
(0.7) 
2.313 

0 .0) 
- 1 .213 
(2.6) 
1 .755 

( 1 .9) 
-0.243 
(0.3) 
0.294 

(2.7) 

-53.961 

7.9 

9.4 

7.8 

RPIX 
Adjusted 

-0.050 
(0.4) 
1 .236 

(2.3) 
- 1 . 124 
(0.9) 
0.564 

(0.3) 
-0.518 
(1 .0) 
0.514 

(0.5) 
0.008 

(0.0) 
0.570 

(3.9) 

-46.7� 

4.0 

6.2 

5.5 



In contrast to the PNP results, the GARCH model tends to understate ht 
for positive values of e t  and to overstate them for negative values. The 

AGARCH allows for asymmetry and is therefore much closer to the 

PNP model, but it still tends to understate the impact of large positive 

shocks and to exaggerate the impact of negative ones. Of the models 

considered, the EGARCH and GJR models come closest to replicating 

the shape of the PNP news impact curve and, using the adjusted data 

(the results we wish to put most emphasis on), it is difficult to choose 

between them. While the GJR model comes closest to matching the 

PNP curve for negative shocks, it shows a slight tendency to 

overpredict the impact of positive shocks . On the other hand, the 

EGARCH model seems to give a more accurate representation for 

positive shocks, but shows a slight tendency to overstate the impact of 

negative shocks. 
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TABLE 5.7: INFLATION VOLATILITY NEWS IMPACT CURVES 

' t-t PNP GARCH AGARCH EGARCH GJR 

Un adjusted RP) results 

-2.0 0.21 2.49 0.94 0.58 0.30 
-1 .5 0.54 1 .65 0.67 0.59 0.42 
-1 .0 0.86 1 .05 0.54 0.61 O.SO 
-0.5 0.40 0.70 0.55 0.62 0.56 
0.0 0.42 0.58 0.70 0.63 0.57 

+0.5 1 .31 0.70 0.98 0.98 0.81 
+ 1 .0 0. 1 1  1 .05 1 .40 1.52 1 .54 
+1 .5  4.66 1 .65 1 .95 2.36 2.75 
+2.0 9.32 2.49 2.65 3.67 4.45 

Adjusted R P) results 

-2.0 0.34 1 .23 0.60 0.49 0.36 
- 1 .5 0.47 0.98 0.54 0.53 0.48 
- 1 .0 0.59 0.81 0.53 0.56 0.56 
-0.5 0.61 0.70 0.58 0.60 0.61 
0.0 0.32 0.66 0.68 0.64 0.63 

-0.5 1 . 14  0.70 0.84 0.85 0.74 
+1 .0 1 . 17  0.81 1 .05 1.13 1 . 10 
+1 .5  1 .56 0.98 1 .32 1 .51 1 .68 
+2.0 1 .96 1 .23 1 .65 2.01 2.51 

Unadjusted RPIX results 

-2.0 0.30 2.53 1 .40 0.72 0.39 
- 1 .5 0.45 1 .68 0.93 0.70 0.48 
- 1 .0 0.60 U 1 7  0.65 0.68 0.54 
-0.5 0.87 0.70 0.55 0.65 0.58 
0.0 0.26 0.58 0.64 0.63 0.59 

+0.5 1 .04 0.70 0.92 0.96 0.81 
+ 1 .0 1.33 1.(17 1 .38 1 .45 1 .46 
+1 .5  2.76 1 .68 2.03 2. 19 2.54 
+2.0 4.21 2.53 2.86 3.32 4.05 

Adjusted RP)X results 

-2.0 0.60 1 .35 0.92 0.67 0.60 
-1 .5 0.60 1 .02 0.72 0.65 0.59 
- 1 .0 0.60 0.79 0.60 0.63 0.59 
-0.5 0.60 0.64 0.57 0.61 0.59 
0.0 0.38 0.60 0.61 0.59 0.59 

+0.5 0.92 0.64 0.74 0.76 0.69 
+ 1 .0 1 .05 0.79 0.95 1 .00 0.98 
+ 1 .5  1 .39 1 .02 1 .24 1 .30 1 .48 
+2.0 1 .73 1.35 1 .62 1 .69 2. 18 



6 Inflation Uncertainty and the Level of Inflation 

The presence of A RCH effects in inflation does not in itself establish 

whether inflation uncertainty is associated with the level of inflation, 

since the conditional variance (our proxy for uncertainty) is being 

modelled as a function of past forecast errors rather than inflation itself 

[see Brunner and Hess (1993)]. 

In order to test for the link between the level of inflation and inflation 

uncertainty, we re-estimated each of the volatility models reported in 

Section 5 including additional lagged inflation terms to see if they were 

statis t i cally s ignificant. We experimented with a variety o f  

specifications, but we report only the results from including an 

additional four lags in quarterly inflation (Tables 6. 1 - 6.4). The results 

are slightly mixed: for virtually all the models, we found that the 

additional inflation terms were jointly statistically significant according 

to likelihood ratio tests, but for the asymmetric models often the most 

significant effects were negative rather than posi tive. 

The main problem with including additional inflation terms into the 

volatility model is that, the two kinds of effects - inflation shocks and 

inflation levels - appear to be closely correlated, as Brunner and Hess 

(1993) note. This point seems to be confirmed by plotting our preferred 

estimates of inflation uncertainty against inflation. Charts 6. 1 and 6.2 

show that the conditional standard deviations from the EGARCH and 

GJR models (estimated on adjusted data) track RPI inflation remarkably 

c losely throughout the postwar period (Chart 6.3 provi des a 

comparison with the GARCH model) . Thus inflation uncertainty was 

particularly high in the mid-1970s, at the same time as inflation peaked. 
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However, it is noteworthy that, inflation uncertainty reached similar 

levels in the early 1980s (a conditional standard deviation of around 

2%), at a time when a change in policy regime made inflation difficult 

to predict.lo 

1 0  The spikes in the conditional standard deviation series are l ikely t o  reflect the impact of 

tax changes associated with annual Budgets which are only partly dummied out in the 
mean equation. This highlights the sensitivity of the results to the specification of the 
mean equation. 
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TABLE 6.1: RESULTS FOR GARCH(t,t ) MODELS AUGMENTED 
BY LAGGED INFLATIONO) 

Model: If = a + f t 0 i = 1 ai If t _ i + seasonals + ' t  

' t�l + 6 1 h t _ 1 + .f 1 ). · 1f t . ] = ] -] 

RPI RPI RPIX 

Parameter 
Unadjusted Adjusted Unadjusted 

10 0.159 0. 189 0'<179 
0 .9) 0 .9) (0.7) 

11  0.262 0.148 0. 105 
(2.5) (1 .3) (1 .5) 

6 1 0.467 0.547 0.414 
(3.3) (2.8) 0 .4) 

). 1 0.276 0.204 0.260 
(3.7) (2.4) (5.6) 

).2 0.050 0.069 -0.068 
(0.6) (0.9) (0.6) 

).3 -0.214 -0.1 52 -0.237 
(2.8) (1 .5) (3.4) 

).4 -0.051 -0.088 0.271 
(0.7) (1 .2) (3.2) 

Log-like�o� -55.928 -50.920 -54.795 
ARCH (). (4» 2)  2.7 1 .8 5.9 
AR� ().2�8»(2) 8.9 4.9 8.6 

Q (). (8»(2 3.1 2.0 6.5 

T statistics are in parentheses. 

( 1 )  Parameters from the mean equation arf ?lot reported. 
(2) Tests refer to scaled residuals, ie , tl ht 
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RPIX 
Adjusted 

0.095 
(0.8) 
0.103 

0 .0) 
0.556 

0 .5) 
0. 173 

(2.5) 
-0.039 
(0.4) 
-0.1 71 
0 .9) 
0. 129 

(1 .6) 
-46.588 

8.3 
1 2. 1  
4.9 



TAB L E  6.2 :  R E S ULTS FOR AGARCH MOD EL AUGMENTED B Y  
LAGGED INFLATION(1 )  

Mode l :  t' a + A1 a ,  t' t - i  + seasona1s + f t 0 1 t 
f n - N ( 0, ht )  t t -1 

h 
2 6 1 h + j�1 7 0 + 7 1 ( f  t - 1 + 7 2 ) + t t -1 

RPI RPI RPIX 
Unadjusted Adjusted Unadjusted 

Parameter 

70 0. 185 0.203 0.017 
0.7) 0 .8) (0. 1 )  

7 1 0.222 0.145 o.� 
0 .8) 0.3) 0.4) 

72 0.<Yl5 1 . 146 -0.401 
(0.2) (0.2) (0.5) 

6 1  0.482 0.540 0.476 
(2.2) (2.6) 0 .9) 

>- 1  0.250 0. 176 0.275 
0 .7) 0.3) (3.5) 

>-2 0.029 0.<Yl4 -0.069 
(0.3) (0.9) (0.8) 

>-3 -0.246 -0. 143 -0.248 
(2.7) 0 .4) (3.6) 

>-4 0.01 5 -0.080 0.276 
(0.2) 0 .1 ) (3.4) 

Log-like��o� -56.246 -50.789 -54.1 22 
ARCH (X' (4» 2) 4.3 1 . 9 4.8 
ARS! (X2�B»(2) 9.B 5. 1 7.3 

Q (X (B»(2 3.7 2. 1 5.9 
T statistics are in parentheses. 

m Parameters from the mean �uation arr fPt reported. 
Tests refer to scaled residuals, ie f t1ht . 
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� ,  ) n , t -] 

RPIX 
Adjusted 

0. 102 
0.0) 
0. 1 1 2  

0 .1 )  
0.489 

(0.6) 
0.586 

0.7) 
0. 106 

0 .0) 
-0.050 
(0.5) 
-0. 1 46  
0 .6) 
0.138 

0 .6) 
-46.328 

7.2 
10.9 
4.B 



TABLE 6.3: RESULTS FOR EGARCH MODEL AUGMENTED BY 
LAGGED INFLATION(1 ) 

Mode l : - 01 + A1 OI i  - e - i + sea s ona l s  + , t 0 t 
, II - N 1 0, he ) t t - 1  
log h =7 +7 1 t 0 . 1 1 '  t - 1 t - 1 + 7 

hl12 2 h 112 t - 1  t - 1 
I - In) + 6 10ght _ 1 + j=lj"t -j 

2 1 12 1 £ 

RPI RPI RPIX 
Unadjusted Adjusted Unadjusted 

Parameter 

10 -0.083 0.049 
(0.8) (1.1) 

" 1  0.198 0.194 
0.4) 0.2) 

"2 0.41 7 -0.056 
(2.2) (0.6) 

61 0.682 0.932 
(8.2) (10.8) 

�1 0.200 0.006 
(1 .6) (0.1 ) 

�2 0.006 -0.002 
(0.1)  (0.0) 

�3 -0.234 -0.172 
(2.7) (2.1 ) 

�4 0.050 0. 125 
(0.6) (2.0) 

Log-likeIi2°� -54.395 -49.234 
ARm (X (4» 2) 5.1 2.9 
ARs-! (X\8»(2) 1 0.6 6.4 

Q (X (8)P 2.0 1 2,8 

T statistics are in parentheses. 

( 1 ) Parameters from the mean equation arr flot reported. 
(2) Tests refer to scaled residuals, ie t tl  ht 
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-0.114 
(0.5) 
0.301 

0.9) 
0.350 

0.6) 
0.700 

(6.3) 
0. 1 22 

0.0) 
-0.1 33 
0.5) 
-0.1 66  
0.9) 
0.200 

(2.4) 
-53.91 2 

7.0 
1 0.0 

8.3 

RPIX 
Adjusted 

0.027 
0.1) 
0.1 70 

0.6) 
0.014 

(0.3) 
0.91 2 

(1 3.9) 
0.046 

(0.5) 
-0.01 2 
(0.1 ) 
-0.182 
(4.3) 
0.1 1 4  

0.8) 
-40.538 

6.9 
1 2.4 

4,9 



T A B L E  6.4 :  R ES ULTS FOR GJR M O D EL A U G M ENTED B Y  
LAGGED INFLA TION(1 )  

Mode l : _ Q + £ Q .  + seasona l s  + r t 0 i = l i t - i  t 

r t D t _ 1 - N 1 0, h t l 
h = 1 + 1 t 2 + .., D t 2 + 6 h + ,£ " .n . ; D = 1 i f  f >0 t 0 1 t - l 2 t - 1 t - 1 t - 1 J = l  J t -] Dt= 0 i f  t t � o 

RP. RP. RPIX 
Unadjusted Adjusted Unadjusted(3) 

Parameter 

10 0.31 1 0. 122 0.059 
(3.5) (1 .6) (0.8) 

' 1  -0.013 -0.130 -0.048 
(0.2) (1 .9) (0.5) 

12 0.575 0.286 0.665 
(2.0) ( 1 .7) (3.0) 

6 1 0.423 0.666 0.473 
(3.0) (2.7) (4.3) 

"I 0. 131 0. 100 0. 100 
0 .4) ( 1 .3) (2.0) 

"2 -0.014 0'<�2 
(0.2) (0.9) 

"3 -0. 1 83 -0. 138 
(2.3) (1 .6) 

"4 0.M3 0.01 7 
(0.6) (0.3) 

Log-likeli�o� -55.501 -47.019 -56. 123 
ARCH (X (4» 2) 5.4 3.3 7.3 
AR8: (X2�B»(2) 9.4 8.0 10.0 

Q (X (B» (2 4.B 2.8 6.0 
T statistics are in parentheses. 

( 1 )  Parameters from the mean equation arp /2ot reported. 
(2) 

t t 

RPIX 
Adjusted 

0.054 
(0.6) 
0.248 

( 1 .4) 
-0.205 
( 1 .3) 
0.591 

(2.4) 
0.231 

(3.3) 
-0.1 1 1  
(1 .3) 
-0.1 98 
(2.B) 
0. 187 

(2.4) 
-43.916 

8.3 
1 3. 1  
7.9 

(3) 
Tests refer to scaled residuals, ie f t1ht . 
Results for the model with one lagged infla tion term are reported because the 
model failed to converge with four lagged inflation tenns. 
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Chart 6.1: RPl lnOatJon and Estimated InJlatlon 
Uncertainty rrom EGARCH Model 

Chart 6.2: RPI IoOatlOll and Estlm.ted Inn.tlOII 
Uncertainty rrom GJR Model 
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Chart 6.3: RPl lnOatJon and Estimated IoDation 
Uncertainty rrom GARCH (1,1) Model 
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The close correlation between inflation and estimated uncertainty is 

much less apparent using the conditional standard deviation from the 

symmetric, GARCH model, as  can be seen from the scatter plots in 

Charts 6.4 , 6 .5  and 6.6 .  This finding, whi ch exactly mirrors that of 

Brunner a nd Hess (t 993) for the United States,  emphasi ses the 

importance of allowing for asymmetric news effects. The correlations 
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summarised in Table 6.5 show that this pattern is also repeated for the 

models of RP IX inflation and for the models estimated on unadjusted 
data .  

Chart 6.4 : Estimated inflation uncertainty from 
EGARCH model and lagged RPI ioOation 
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Chart 6.6: Estimated inflation uncertainty from 
GARCH ( 1,1) model and lagged RPI inflation 
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Chart 6.5: Estimated ioOalion uncertainty frOll 
GJR model and I.� RPI inft.tion - tioao,:OIMdIrd ... vimo:_ 
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frOll 

TABLE 6.5: CORRELATION BETWEEN LAG G ED QUARTERLY 
INFLATION AND THE CONDITIONAL STANDARD DEVIATION 
FROM GARCH, AGARCH, EGARCH AND GJR MODELS 

\ 
Model RP. RPI RPIX RPIX 

Unadjusted Adjusted Unadjusted Adjusted 

GARCH 0.543 0.362 0.583 0.414 

AGARCH 0.773 0.797 0.719 0.670 

EGARCH 0.792 0.801 0.771 0.742 

GJR 0.810 0.806 0.792 0.753 

7 Conclusions 

In this paper, we used a variety of ARCH-related volatility models to 

estimate UK quarterly inflation uncertainty over the post-war period, 

conditional on a univariate, fixed parameter specification of mean 

inflation. 

Our results clearly reject the symmetry restriction imposed in standard 

ARCH and GARCH models, suggesting that measured inflation 

uncertainty is much more sensitive to 'bad news' than 'good news' . In 

fact, uncertainty appears almost unaffected when inflation outturns are 

lower than expected. A comparison of the implied 'news impact 

curves' of the volatility models investigated with a partially non­

parametric model ( as recently proposed by Engle and Ng (1993)] 

su ggested that the E GARCH and GJR models offer the best,  

parsimonious representations of the asyrnmetries in the data. 

We went on to show that our preferred estimates of inflation 

uncertainty are closely correlated with the level of UK inflation over the 

postwar period. This finding - which mirrors recent work in the United 

States by Brunner and Hess (1993) - does not of course establish a 
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causal l ink.  Indeed, the inclusion of lagged inflation terms in the 

conditional variance specification yielded slightly mixed results .  

Nevertheless, it is consistent with one of the most important stylised 

facts of the costs of inflation literature. 
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Annex 1: Data Sources 

RPI Retail price index (1987= 100), derived from splicing together 

series for 1 947=100, 1 956=100, 1 974=100 and 1987=100. 

Source: 'Retail Prices 1914 - 1990' ( 1991), Central Statistical 

Office, and CSO code CHA W for more recent data. 

RPIX - Retail price index excluding mortgage interest payments 

( 1987=100).  

Source: CSO code CHMK, sample Jan.1974 - Mar .1994 

RPIY - Retail price index excluding mortgage interest payments and 

indirect tax changes. 

Source: 'The Construction of RPIY' ( 1 995), R Beaton and 

P Fisher, Bank of England Working Paper No 28. 
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Annex 2: Sign and Size Bias Tests 

The test results reported in Table 5.5 were derived as follows [for 

further details see Engle and Ng (1993)] .  

For the GARCH model, the adjusted scaled residuals were derived 

from the following least squares regression 

2 2 2 
v = p + p h + p f + v *  

t 0 1 t - 1 2 t - 1 t 

The z'" 
vector in this case was equal to 

- 1  
{ h 

t 

2 - 1  
, f  h ,  

t - 1  t 

- 1  
h h } 

t - 1  t 

For the AGARCH model , the adjusted scaled residuals were derived 

from the following regression 

2 2 
v = p + p { (-y  + f ) ] + p h + p [ 21 (1  + e ) ] 

t 0 1 2 t - l 2 t - 1 3 1 2 t - l 

2 
+ v *  

t 

.. 
The z ' vector in this case was equal to 

- 1 
{ h 

t 
2 

, ( E  + 1 ) /h , 
t - 1  2 t 

- 1  
h h , 21 ( f  

t - 1 t 1 t - 1  

- 1  
+ 1 ) h } 

t t 

For the EGARCH model, the adjusted scaled residuals were derived 

from the following regression 
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2 
v = p + p h + P [ e  h 1 4h ] + p [h l og h ] 

t 0 1 t 2 t - 1 t t - l 3 t t - 1 

+ p [ h  ( I  e 1 1  4h ) 
2 

4 (2 10 ) ] + v * 
4 t t - 1  t - 1 

It 
The z ' vector in this case was equal to 

t 

{ e  1 4h l og h I ( I t I / 4 h - 4 ( 2 10 )  ) )  
t - 1 t - l t - l t - l t - l 

For the GJR, the adjusted scaled residuals were derived from the 

following regression 

2 2 + 2 2 
v = p + p h + p e + p D t + v * 

t 0 1 t - 1 2 t - l  3 t - l t - 1  t 

It 
The z ' vector in this case was equal to 

- 1  2 
{ h  , E  I h , 

t t - j t 

+ 2 
h /h , D E Ih } 

t - l t t - l t - j t 
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