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Abstract

This chapter proposes a novel orthogonality condition based on realized
volatility that allows instrumental variable estimation of the effects of spot
intervention in foreign exchange markets. We consider parametric and non-
parametric instrumental variable estimation and propose a test based on the
average treatment effect of intervention. We apply the method to aunique da-
taset for the BRL/USD market with full records of spot intervention and net or-
der flow intermediated by the financial system. Overall the average effect of a
one billion dollars sell or buy intervention is close to 0.51% depreciation or
appreciation, respectively, estimated in the linear framework, which is there-
Jforerobust to nonlinearinteractions. The estimates are a bit lower when con-
trolling for derivative operations, which suggests the intervention policies
(spot and swaps) are complementary.
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1.INTRODUCTION

stimating the effect of official spotintervention on the level of

the foreign exchange rateis challenging due to the simultane-

ity problem. Instrumental variables related to news, market
expectations, and the reaction function of the Central Bank have
been used with mixed results (Dominguesand Frankel, 1993; Galati
and Melick, 1999; Galati et al. 2005; Kearns and Rigobon, 2002;
Tapia and Tokman, 2004). We argue that realized volatility calcu-
lated from intraday datais an ideal instrument for intervention on
adaily frequency. The argument is built from deductive reasoning
based on formal properties of conditional volatility models. We ap-
ply thisidea to a unique dataset for the Brazilian foreign exchange
market with full records of spot official intervention and net order
flow intermediated by the financial system. The results of standard
parametric tests and novel nonparametric tests based on the aver-
agetreatment effectare both consistent with effective intervention.

The intuition for the use of observed realized volatility as an in-
strument for intervention is straightforward. First, since excessive
volatility is the most common motivation for intervention policyin
foreign exchange markets, intervention activity should be correlat-
ed with realized measures of volatility. Second, suppose the error
inthe conditional expectation of the foreign exchange returnisthe
product of a time-varying scale factor and a standardized random
variable. To the extent thereisan appropriate orthogonality condi-
tionrelating the scale factor and realized volatility, we have the sec-
ond condition for an instrumental variable.

Therequired orthogonality condition can be obtained by explor-
ing some extensions of the GARCH family of models thatincorporate
intradayinformation (Hansenetal., 2011; Shephard and Sheppard,
2010; Engleand Gallo, 2006). For concreteness, we motivate our pro-
posed orthogonality conditionin the context of the realized-GARCH
framework of Hansen etal. (2011). In that model, realized volatility
isrelated to latent volatility through measurement and state equa-
tions, such that lagged realized volatility satisfies the orthogonal-
ity condition. In contrast, the contemporaneous realized volatility
isnotan instrument due to the presence of leverage effects, that s,
high volatility associated with negative returns. We also show that
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theideaismore generaland appliesto otherrealized measuresand
related volatility models.

The orthogonality condition can be used for classical parametric
inference as well as for recently developed nonparametric instru-
mental variable estimation (Ai and Chen, 2003). In the latter case,
we propose tosummarize the effect ofintervention with the average
treatment effect. Thisstatisticisalsosuggested in Fatum and Hutchi-
son (2010), so our nonparametric instrumental variable estimator
can be seen as an alternative to their propensity-score matching
methodology. The testing framework proposed here is novel and is
based onanapplication of the wild bootstrap to the average treatment
effect statistic so as to account for conditional heteroscedasticity.

Realized volatility has been investigated before in the context of
officialintervention. However, the direction of causality explored in
previous papershasbeenfromintervention to therealized measure
(Beineetal., 2007; Beine etal., 2009; Hillebrand etal., 2009; Cheng
etal., 2013). Asfaraswe cantell, realized volatilityis not explored as
anidentification source for level effects of intervention. In any case,
the results from these studies are consistent with the view that offi-
cialintervention affects realized measures of volatility. This means
realized volatility is unlikely to be aweak instrument and therefore
supports the approach adopted here. Nonetheless, it remains an
empirical questionifthe instrumentisweakina particular context.

Moving to our empirical application, it is important to mention
other papers investigating level effects of spot intervention on the
BRL/USD market.! Novaes and Oliveira (2005) assume aknown gen-
erating process forintervention; Meurer etal. (2010) adopts an event
study methodology; Wu (2010) assumes structural VAR based on a
microstructure model; Kohlscheen (2013) compares intervention
and nonintervention samples and applies propensity scores. Only
the last two papers use actual intervention data as is the case here.
Our dataset is also larger and more recent than the typical one in
the literature, with daily information from 2007 to 2011. Although

There are many papers not mentioned here investigating effects of
spot intervention on volatility and other features of the market, as well
as a few papers studying the effect of swap interventions (e.g. Novaes
and Oliveira, 2005; and Kohlscheen and Andrade, 2013). This paper
considers only spot interventions and level effects, with a robustness
exercise for swap interventions.
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instrumental variable identification is not generally more efficient
or transparent than the methods used in these papers, we believe
this is the case for our particular instrumental variable estimator.
Our approach is also less demanding on the identifying assump-
tions. As for substantive results, we find very robust evidence of ef-
fective intervention regardless of the specific window of events as
often emphasized in the literature.

Animportantadvantage of the dataset used here is the possibility
to control for costumer order flow through financialintermediaries.
Although order flow is a well-known proximate driver of exchange
rate dynamics (e.g., Evans and Lyons, 2002; Vitale, 2007), none of
the previous papers using an instrumental variable approach con-
trolled for this variable (e.g., Domingues and Frankel, 1993; Galati
and Melick, 1999; Galati et al., 2005; Kearns and Rigobon, 2002;
Tapiaand Tokman, 2004). For the BRL/USD market, Wu (2010) and
Kohlscheen (2013) also use order flow information but with other
identification strategies. The possibility of nonlinear interactions
between order flowand interventionisraised in Kohlscheen (2013),
since order flow coefficient is not stable in intervention and nonin-
tervention periods. Recent papers exploring nonlinear level effects
of intervention (Taylor, 2004 and 2005; Reitz and Taylor, 2008 and
2012; and Beine, Grauwe and Grimaldi, 2009) also do not control
for order flow information, and the nonparametric approach ad-
opted here is more flexible than the parametric specifications gen-
erally adopted.

The paperisstructured as follows. In the following section, real-
ized volatilityis presented as an instrument for intervention policy.
Considering the need for robust results, section three proposes a
nonparametric instrumental variable estimator and correspond-
ingtest statistic. The fourth sectionreportstheresultsapplying our
framework to Brazilian intervention data. The final section offers
some conclusionsand comments on the general applicability of the
methodology developed in this paper.

2. REALIZED VOLATILITY AS AN INSTRUMENT

Let r,; bethelogreturnontheforeign exchangerate ontick 7 of day

n

tsuchthatwith n, ticksavailable the dailyreturnis 7, = ZVM .Define
i=0
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n;
. . 9
realized varianceas rv, = E 7,
i=0
1 .
17, 2 Ifreturnsare not correlated, it can be shown (e.g.,Macleerand

Medeiros, 2008, under Brownian motion) that realized variance is
anunbiased, consistent and asymptoticallynormal estimator for the
conditional variance of the foreign exchange rate o; = Var, (r,). The

andrealized volatilityits square root,

index ¢t invariance and expectation operators indicate measurabil-
ity with respect to information known at the beginning of period ¢.
The conditional variance is determined by the error process ¢, in
the conditional expectation, such that 7, = E, (1,) +¢,.

For concreteness, consider the following log-linear realized-
GARCH model (see Hansen et al., 2011):

8/ = tht

n logo! =w+8logo;, +plogry,
logru, =& +g@logo; +7(n,)+u,

with 1, ~id(0,1), u, ~ iid(0,0'f) and 7(-) anonlinear leverage func-
tion. The last equation incorporates the fact that the realized vari-
anceisaconsistent estimator of the conditional variance. The second
equationincorporates the measurabilityrequirements and induces
anautoregressive processinthelogconditionalvariance. These are
the measurement and state equations, respectively.

The most significant consequence of this model for our purpose
isthe orthogonality condition: E(el | m}f) =0. Thiscanbeverified
by simple algebra, since

1/2 1/2
E E(gt mt/—l ) = E(tht mt/—l )
/2 __§ 2 1/2
= E(S(Gz )e / Gilmf—/l n, ‘mtil )
(pp+8) o &5 Cwyd T(m4)8

— 2,2 20 20 20 y2 | _
=rv, [ ¢ *E|s(o,)e e 77[‘771[_1 =0,

where s(-)isthesign function. Thatis,aslongas u, ,,1,_,,7, are inde-
pendent conditionally on s(o, ), 7v,s, which we shall assume. In this

case, in the last step we may use the law of iterated expectations for
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the term inside the expectation operator and then use conditional
independence. It is interesting to observe that E(s, |7'UH) is gener-
allydifferent fromzero due to the contemporaneousleverage effect
inthe measurement equation. Also, we may drop the sign condition
if o, isassumed positive. Finally, note the exact same argument ap-
plies to the realized variance, so that the orthogonality condition
E(et |7v[_, ) =0 isalsoavailableaslongas u, ;,n,,,7, areindependent
conditional on lagged realized variance.

The orthogonality condition with realized volatilityis the basis for
an instrumental variable estimator. In fact, consider the following
modelforthe conditional expectation of the log exchangeratereturn

B E,(r)=a+0inty, + B'x,,

where the intervention variable int v,is endogenous and the covari-
ates x, are exogenous, that s, E(st |intv, ) #0 and E(st |xt ) =0.Ifthe
intervention policyissuchthatitis correlated with realized volatility
asknownatthebeginning ofthe period, thatis, Cov m}g, intv, ) #0,
then realized volatility is a useful instrument. Even if the reaction
function actually responds to contemporaneous realized volatil-
ity, the autoregressive structure in the state equation along with the
measurement equation would imply the necessary correlation. Of
course, it will always be an empirical question if the instrument is
sufficiently strong for inference. Forimplementation, one must use
realized volatility obtained from the raw exchange rate series, since
a measure for the residual of the model is not available at this fre-
quency. We assume both are essentially the same, a sensible proxy
variable assumption given the hard time we have to explain the ex-
change rate process and the high level of noise in the data.
Notethatlagged and contemporaneousintervention could bein-
cluded inthe measurementand state equations, respectively, such
that the orthogonality condition would be E(gl |mtl/_21, intv, 4 ) =0.
Again, the adequate condition must be judged empirically, asindi-
cated by over-identification and weak instrument diagnostic tools.
Asillustrated below, it is possible to extend the argument for inter-
ventions in the futures market, as well as to pool the instrumental
variables for both kinds of interventions using the covered parity
relation. Also note that other realized measures, such as bipower
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variation, intradayrange, and squared return could be usedin place
of realized volatility or realized variance. The measurement equa-
tion is probablybetter specified in the case of realized volatility since
itisarelativelymore efficient estimator of conditional volatility. For
thisreason, intheapplication to our dataset we focus on therealized
volatility as our observed measure of volatility. Finally, note other
conditional volatility models incorporating intraday information
would imply similar orthogonality conditions; for instance, Engle
and Gallo (2006) estimate a model that has essentially a realized
GARCH specification and so similar arguments would apply.

3. NONPARAMETRIC ESTIMATOR
AND AVERAGE TREATMENT EFFECT

For robustness, it is interesting to estimate a more general model,
such as

4] E,(r)=a+0inty, + B'(x,, x,, )+  (intv, xy, ),

for an unknown function f(-) and under the same endogeneity as-
sumption as before, with x, = (xlt, Xy, ) so as to allow for flexible non-
linear interactions with asubgroup of the control variables. We may
consider the nonparametric instrumental variable estimator of Ai
and Chen (2003) which is consistent for the real parameters and for
the unknown function, as well as asymptoticallynormalfor the real
parameters. One may use the wild bootstrap for inference so as to
account for conditional heteroscedasticity.

If the intervention is excluded from the nonparametric part of
themodel, 6 continuestosummarize the effect fromintervention.
But such arestriction would be hard to justify. In order to summa-
rize the effectfrom intervention without arbitrary exclusion restric-
tions, we may consider the average treatment effect

B ATE=T"Y(E(r|x, intv,) - E(r|x,, intv, =0)).
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Thisisa parameter as long as we condition on the sample covari-
atesand intervention policy. Using the estimated conditional expec-
tations instead results in a random variable. As mentioned before,
we may test the null of zero average treatment effect by applying the
wild bootstrap.

Indeed, considertesting the null that H: ATE<0 againsttheal-
ternative that H;: ATE>0. Let 9, = E(?; |xt,intvt )—E(?; |xt,intvt = O).
The teststatisticis ¢ = ﬁé_,/A var(3,). We propose the following wild
bootstrap algorithm

. . T # A
1) Generate the wild bootstrap residuals {8, }H from g =£n,
where 7, isasequence ofiid random variables with zero mean
andunitvariance, & =1, — I, (r,),andsuchthat , = E, (1) +¢, .

2) Calculate the bootstrap test statistic ¢ on the sample

. T

{n ,intv, xl}H.

3) Repeatthis procedureseveral timesand calculate the p-values

for the ¢ statistic with the empirical distribution of the boots-
trapped ¢ statistics.

Notice how we assume that the orthogonality condition associat-
edwithrealized volatilityis sufficiently strong to result in consistent
estimates of the true model. Otherwise, the average treatment effect
would have to be estimated by other methods, such as propensity-
score matching methodology (e.g., Fatum and Hutchison, 2010).

One may also consider the weighted average treatment effect,
perhaps with weights given by the inverse of realized standard de-
viation. Thatis,

@,

6] wATE=T" ZLZ(E(Tt |, intv, )= E(r |y, intv, =0)),

with o, = I/M Ifthe endogeneity problemis particularlyseverein
high volatility periods, with the intervention failing to completely
reverse foreign exchange shocks, then it makessense to down weight
such periods. Although the instrumental variable estimation is con-
sistent, it may not be particularly efficient in finite samples.? The

2 Aiand Chen (2003) efficiency results refer only to the finite dimensional

parameters and does not allow for time series dependency. Although
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weighted average treatment effectimposes asecond layer of protec-
tion against possible finite sample biases.

Finally, when defining the average treatment effect for period
with positive and negative interventions, it is necessary that nega-
tiveinterventions enter with a negative sign, so as toavoid shrinking
theaverage effecttozero. Takingadvantage of the nonlinear estima-
tion, it may be also of interest to obtain separate average treatment
effects for both positive and negative interventions. We illustrate
these possibilities in the application section below.

4. APPLICATION: OFFICIAL INTERVENTION
IN BRAZIL

It can be argued that the Banco Central do Brasil tries to minimize
exchangeratevolatility. Indeed, apart from the official goal of inter-
nationalreservesaccumulation, the public discourse of the monetary
authorityis consistentwith this. In oursample, thereisnoannounced
rule or commitment forintervention policy. Intervention tends to be
correlated with order flow, with the stated purpose of not upsetting
underlying market trends (see e.g., Barrosoand Sales, 2012). There
arelarge and frequent spot marketinterventionsand occasionalin-
terventions in the futures market through derivative instruments
with cash settlement (swaps for short).

Data. Our database begins on July 11, 2007 and ends on Novem-
ber 30, 2011. The series are sampled at a daily frequency. The BRL/
USD foreign exchange rate is measured in domestic currencyso that
anincrease shows depreciation. The order flow variable is from the
Banco Central do Brasil electronic records of private spot transac-
tions intermediated by financial institutions and covers the entire
market;apositive reading means domestic institutions are net buyers
offoreign currencyagainst other parties. The actual spot interven-
tion policy of the Banco Central do Brasil is used as a regressor, as
compared toaproxybased oninternational reserves, and a positive
number means buying dollars. See Kohlscheen (2012) for further
details regarding order flow and spot intervention. In robustness

the estimation of the nonparametric part is consistent in an appropri-
ate metric, there are no results establishing efficiency or finite sample
properties.
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OFFICIAL INTERVENTION
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exercises we also consider swap interventions, and the data is pub-
liclyavailablein the Banco Central do Brasilweb site. Bothinterven-
tionsare plotted in Figure 1. The realized volatility measure is from
Bloombergand is based on 48 intraday measures of return. The set
of covariatesincludes the CRB commodity price index, the implicit
volatilityindex VIX, the dollar index DOL and the emerging market
spread index from JPMorgan EMBI+. The interest rate differential
measured as the Selic minus the Federal Reserves funds rate was
considered as a possible covariate.

Parametric. We estimate linear regressions using ordinary least
squares, instrumental variable, and weighted instrumental vari-
ables. Inthe second and third cases, realized volatility is an instru-
ment for spotintervention and identification is exact. In the third
case realized volatility is used as a consistent estimator for condi-
tional volatility in an attempt to obtain more efficient estimators.

Theresultsaresummarizedin Table 1. Thereisaclear simultane-
itybiasinthe ordinaryleast squares estimator for the spotinterven-
tion coefficient. The negative coefficient means that the domestic
currency depreciates when the central bank sells foreign currency,
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EFFECT OF INTERVENTION: LINEAR REGRESSION
Dependent variable: d(BRL_USD)

OLS v W-IV
c 0.02 0.03 -0.15¢  -0.15¢ -0.17* -0.16°
0.72 0.92 -1.49 -1.53 -2.72 -2.66
spot -0.33>  -0.22° 1.244 1.18¢ 0.59¢ 0.51¢
-2.07 -1.52 1.53 1.71 1.63 1.66
d(crb) -0.39* -0.40* -0.48 -0.47* -0.20*0 -0.19*
-6.18 -6.31 -6.59 -6.88 -5.16 -5.43
d(dol) 0.35% 0.38* 0.422 0.412 0.35¢ 0.36*
5.60 5.96 5.66 6.10 7.98 8.82
d(embi) 0.14a 0.15* 0.16* 0.16* 0.05* 0.07¢
9.56 10.07 7.84 8.68 6.41 10.20
d(vix) 0.13 0.34 0.022
0.21 0.51 5.14
netflow 0.15° -0.04 -0.06
3.33 -0.43 -0.87
Number of 973 973 972 972 972 972
observations
R? 0.40 0.40 0.27 0.28 0.25 0.26
Endogeneity 17.39  19.44 5.83 4.87
(dJ)
Cragg- 81.79 106.25 32.69 35.99
Donald (F)

Notes: ¢t-values below estimates; HAC *1%, *5%, “10%, “15 percent.

orthatitappreciates when the monetaryauthorityis buying dollars.
In reality, this only reflects that the monetary authority is leaning
againstthewind of exogenousvariationinthe foreign exchangerate.
The coefficient on the net order flow variable may also be qualified
as counterintuitive, since dollarinflows would be associated with de-
preciation of the domestic currency. The coefficients on the other
variables are reasonably signed and are highlysignificant, except
for the global risk aversion indicator. Excluding this variable and
thenetorderflowdoesnot change the results onthe othervariables.
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Using realized volatility as an instrument for spot intervention
leads to completely different results. The spot intervention effect
is now estimated to be positive. It is either marginally significant
when includingall controls and significantat 10% when including
only significant controls. For each one billion dollars buy inter-
vention there is a corresponding depreciation of 1.18% of the do-
mestic currency in our preferred model. The test for endogeneity
issignificant and the Cragg-Donald F statistic from the first stage
regression is much larger than Stock-Yogo critical values. Overall,
theinstrumental variable specification seems appropriate. The net
order flowvariable showsaninverted sign, althoughitisnolonger
significant. The remaining control variables preserve the sign and
significance pattern from the ordinary least squares estimation.

Theseresultsare similarwhen using the weighted instrumental
variable estimator. The spotinterventionis correctlysigned and is
statistically significant at 10%, at the margin of 5%. For each one
billion dollars buyintervention thereisacorresponding deprecia-
tion of 0.51% of the domestic currencyaccording to our preferred
model. Net order flow continues to show no significance, but the
proxy for international risk aversion gains significance with the
lower standard errors.

Theinterestdifferential variable was not found to be significant
inany of the specifications and its exclusion had no impact on the
size and significance of other parameters. For this reasons, we re-
ported only results excluding the variable. This is consistent with
results from Kohlscheen (2012) using the same dataset.

The instability of the estimated effect of net order flow is also
consistent with results from Kohlscheen (2012) according towhich
thiseffectis not constantinintervention and nonintervention sub-
samples. Since order flow has often been found to be one of the best
proximate determinants of foreign exchange rates in sample and
out of sample, we investigate a more flexible specification allow-
ing for flexible nonlinear interactions between official interven-
tion and selected controls including order flow.

Nonparametric. We estimate the general model with alinear and
nonparametric part defined in Equation 4, with x,, set to the net
order flowvariable so astofocus on possible nonlinearinteractions
suggested by the literature and by the results from the linear para-
metric model. We consider the Ai and Chen (2003) estimator. Ac-
cordingly, we use power series sieves toapproximate the conditional
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expectationinafirststep using third degree polynomials. The non-
parametric partisapproximatedinasecondstepwithapowerseries
sieve of second degree. The resulting modelis used to calculate the
average treatment effect defined in Equation 5 and the test statistic
forsuchaverage. The wild bootstrap defined in Section 3is used to
obtain p-values. The effect of negative interventions is multiplied
by minus one throughout, so that a positive effect for negative in-
terventionsis correctlysigned, showing that the domestic currency
appreciates when the central bank sells foreign currency.

Theresultsarereportedin Table 2. The scaled average treatment
effectallowsustothink of the average effect of acounterfactual one
billion dollars intervention. For each one billion dollars acquisition
offoreign currency, thereisanaverage depreciationintherange of
0.445% and 0.608% depending on the controls in the model. The
effect is significant at 5% in the preferred model including all the
controls except for the interest rate differential (model 2 in the Ta-
ble). Moving on, for each one billion dollars selling of foreign cur-
rency, there is an average appreciation in the range of 0.552% and
0.728% depending on the controls in the model. The effectis once
again significant at 5% in the preferred model. For the average ef-
fect, we obtain the range 0.470% and 0.608% variation, and this is
significant at 1% in the preferred model.

The analogous results for the weighted estimator are reported
in Table 3. For a counterfactual one billion dollars acquisition of
foreign currency, there is an average depreciation in the range of
0.463% and 0.647%, down-weightingvolatile episodes, depending
on the controls in the model. The effect is significant at 5% in the
preferred model including all the controls except for the interest
rate differential (again, model 2 in the table). Now, for a counter-
factual one billion dollars selling of foreign currency, there is an
average appreciation in the range of 0.508% and 0.636%, down-
weightingvolatile episodes, depending on the controlsin the model.
The effect is once again significant at 5% in the preferred model.
Considering the overall average effect, down-weighting volatile
episodes, the variationin the corresponding direction of the inter-
vention is in the range 0.487% and 0.660%, and this is significant
at 5% in the preferred model.

Overall the average effect or even the conditional effects of sell
or buy interventions are close to the 0.51% estimated in the linear
framework, which is therefore robust to nonlinear interactions. In
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AVERAGE TREATMENT EFFECT OF INTERVENTION:
NONPARAMETRIC ESTIMATION

Dependent variable: d(BRL_USD)

Model ATE Scaled ATE t-stat p-value
all! 0.091 0.608 35.872 0.0234
pos' 0.114 0.614 32.956 0.0862
neg' 0.170 0.552 31.941 0.0280
all? 0.070 0.470 51.649 0.0092
pos® 0.083 0.445 50.096 0.0440
neg? 0.224 0.728 32.959 0.0280
all® 0.079 0.525 45.159 0.0120
pos® 0.095 0.511 42.105 0.0598
neg® 0.204 0.665 32.739 0.0202

Notes: Wild bootstrap using N(0,1); 5,000 replications. Newey-West variance
estimator of asymptotic variance. Power series sieve; 3rd degree cond.
expectation; 2nd degree nonparametric part.

Models: 'nonlinear: spot, netflow; linear: spot, netflow, d(crb), d(dol), d(embi),
d(vix), d(drate). *nonlinear: spot, netflow; linear: spot, netflow, d(crb), d(dol),
d(embi), d(vix). *nonlinear: spot, netflow; linear: spot, netflow, d(crb), d(dol),
d(embi).

all stands for average effect of all interventions; negative interventions x(-1).
pos stands for average effect off positive interventions x(+1).

neg stands for average effect off negative interventions x(-1).

any case, in the nonparametric framework, the effect of each indi-
vidual intervention will depend in a very nonlinear way on system
conditions and intervention attributes. The effects reported above
refer to the estimated average across many different system condi-
tions observedin the sample. It should notbe interpreted asalinear
coefficient thatscaleswith the size of the intervention. Policymakers
and market participants should estimate a similar nonparametric
model to forecast the impact of any particular policy in any given
system condition. If the conditional expectation were linear, there
would be a one to one correspondence between the average effects
and the coefficientin the linear model.

Swaps.So farwe have notaddressed the possible bias coming from
the use of other forms of officialintervention that might be correlated
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WEIGHTED AVERAGE TREATMENT EFFECT
OF INTERVENTION: NONPARAMETRIC ESTIMATION

Dependent variable: d(BRL_USD)

Model wATE Scaled wATE t-stat p-value
all! 0.107 0.711 17.564 0.0638
pos' 0.125 0.676 22.638 0.0592
neg' 0.145 0.472 30.649 0.0690
all® 0.076 0.510 32.200 0.0136
pos® 0.089 0.479 35.067 0.0204
neg’ 0.175 0.569 44.229 0.0290
all® 0.088 0.589 27.434 0.0226
pos® 0.103 0.555 28.601 0.0364
neg® 0.164 0.535 39.020 0.0406

Notes: Wild bootstrap using N(0,1); 5,000 replications. Newey-West variance
estimator of asymptotic variance. Power series sieve; 3rd degree cond.
expectation; 2nd degree nonparametric part. Weighted by the inverse of
realized standard deviation.

Models: 'nonlinear: spot, netflow; linear: spot, netflow, d(crb), d(dol),
d(embi), d(vix), d(drate).?nonlinear: spot, netflow; linear: spot, netflow,
d(crb), d(dol), d(embi), d(vix). *nonlinear: spot, netflow; linear: spot, netflow,
d(crb), d(dol), d(embi).

all stands for average effect of all interventions; negative interventions x (—1).
pos stands for average effect off positive interventions x (+1).

neg stands for average effect off negative interventions x (-1).

with spot market intervention. In particular, in our sample, deriva-
tive marketinterventions with cash settlement (swapsforshort) cor-
relate positivelywith spotinterventions, introducing the possibility
of an upward bias in the results reported above. Our first answer to
thisisthattheresults can always beinterpreted as the structuralim-
pactofspotinterventionsusedinassociation with swapsas observed
inthesample. Thisisstillarelevant structural parameter for the pol-
icy maker. The results for this parameter are stilla nice illustration
of the identification strategy proposed in the paper.

We perform three additional robustness exercises: First, we esti-
mate the effect of spot intervention excluding from the sample the
days of swap intervention;second, we estimate on the full sample with
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EFFECT OF INTERVENTION: LINEAR REGRESSION, ROBUSTNESS
TO SWAPS

Dependent variable: d(BRL_USD)

No-swap sample Swap sample
OLS v w-1V OLS v w-1V
c 0.04 -0.12>  -0.13" 0.04 -0.11>  -0.14°
1.07 -2.02 -5.11 1.30 -1.41 -3.85
spot -0.21° 0.89" 0.31*  -0.27¢ 0.90¢ 0.31¢
-1.98 2.25 2.10 -1.83 1.67 1.91
d(crb) -0.42*  -0.44* -0.18* -0.41* -0.47* -0.18
-6.42 -6.40 —4.37 -6.48 -7.12 -5.10
d(dol) 0.31° 0.34° 0.35° 0.38° 0.41° 0.36°
4.95 5.31 8.90 5.96 6.20 9.22
d(embi) 0.14* 0.14* 0.07 0.15* 0.16 0.07
10.45 9.96 8.76 9.96 9.23 10.41
swap 0.16¢ 0.11 0.24
1.90 0.23 0.68
Number of 884 883 883 973 972 972
observations
R? 0.41 0.32 0.30 0.39 0.32 0.26
Endogeneity 20.58 17.63 23.73 10.16
(dJ)
Cragg- 62.93 121.75 8.30 11.02
Donald (F)

Notes: ¢-values below estimates; HAC * 1%, " 5%, <10%), “15%. Sample with or
without days of swap operations; instrument list includes lagged realized variance,
net order flow and, for the IV-swap sample, squared variation of exchange rate

futures; when applicable, overidentifying conditions are not rejected at five

percent.
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AVERAGE TREATMENT EFFECT OF INTERVENTION:
NONPARAMETRIC, ROBUSTNESS TO SWAPS

Dependent variable: d(BRL_USD)

Model ATE Scaled ATE t-stat p-value
all 0.054 0.360 51.243 0.0082
pos 0.063 0.337 48.510 0.0402
neg 0.180 0.586 36.205 0.0128
w-all 0.058 0.385 32.450 0.0124
W-pos 0.067 0.361 35.303 0.0190
w-neg 0.141 0.458 48.064 0.0230

Notes: Wild bootstrap using N(0,1); 5,000 replications. Newey-West variance
estimator of asymptotic variance. Power series sieve; 3rd. degree cond.
expectation; 2nd. degree non parametric part. Nonlinear: spot, netflow; linear:
spot, swap, netflow, d(crb), d(dol), d(embi), d(vix). Intervention instrumented
by lagged realized volatility.

Models: all stands for average effect of all interventions; negative interventions
x (—1). pos stands for average effect off positive interventions x (+1). neg
stands for average effect off negative interventions x (-1). w-, weighted average
treatment effect.

additional instruments for the swap operations; third, we estimated a
nonparametricinstrumentalvariable model controlling for swaps. In
the case ofinstrumentalvariablesin thelinear framework, the instru-
mentlistincludes I)arealized variable for the future market, namely
the squared variation of the nearest future quotation, and 2)the net
order flow variable. From the covered interest parity, innovations in
future and spot exchange rate variation should be close to each oth-
er, so that arealized measure in the future could provide additional
information. Previous results exclude net order flow from the linear
model, and the statements by policymakers suggest order flowis asso-
ciated with spot marketinterventions. Bothfactorssuggestnet order
flow could be used as an instrument. In the nonparametric model,
the focus is on neglected nonlinearity in order flow, so we do not in-
cludeitasaninstrument.

The results for the linear robustness exercises are summarized in
Table 4. Consider first the no swap sample. As before, there is a clear
simultaneity bias in the ordinary least squares estimator and using
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EXCHANGE RATE AND REALIZED VOLATILITY

BRL %
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realized volatility as an instrument for spot intervention inverts the
sign of the coefficient. The effect is significant at 10%. Consider now
the full sample. Again there is a clear endogeneity bias in spot inter-
ventions. With instrumental variable estimation, the effect has the
opposite sign, at 0.31% for each one USD billion intervention, and is
significant at 5%. There is no robust evidence of level effects of swap
operations. Moreover, there is no robust evidence of bias in our pre-
vious estimates for the effects of spot interventions. The estimated
effect in our preferred specification in the last column is lower than
the estimates obtained in the previous section, which supports the
hypothesis of a positive bias in intervention effects obtained without
controlling for swaps.

The results for the nonparametric robustness exercise for swaps
arereported in Table 5. Using realized volatility and squared future
returns as instruments for both interventions does not result in sig-
nificantresults. Wereporttheregression using onlyrealized volatility
toinstrument for spotinterventions. The scaled average effectsare of
the order of 0.36% for each one USD billion intervention, and this is
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significantat 1%. Thisis close to the result from the linear model and
lends further support to asmall positive bias without controlling for
swap operations. We interpret these results as evidence of comple-
mentarity of both types of official intervention.

5. CONCLUSION

This paper contributes to the tradition of instrumental variable es-
timation of the effect of official intervention. We propose anovel or-
thogonality condition formallydeduced from standard properties of
conditionalvolatilitymodels. In particular, we show that realized vol-
atilityis orthogonaltotheinnovationinalog-linearrealized-GARCH
model, as well as argue that it is correlated to intervention by refer-
ence to empiricalliterature relating both variablesand tostandard
policyrationale often presented by monetary policy authorities. We
consider both parametricand nonparametricinstrumental variable
estimation, in the latter case also proposing a statistical test based
on the average treatment effect of official intervention.

We apply the proposed instrumental variable approach to a
unique dataset for the Brazilian foreign exchange market with full
records of official intervention and net order flow intermediated
by the financial system. In the linear framework, for each one bil-
lion dollars buy (sell) intervention there is a corresponding depre-
ciation (appreciation) of 0.51% of the domestic currency. In the
nonparametric framework incorporating nonlinear interaction
between official intervention and the underlying market condi-
tions represented by order flow information, for each one billion
dollars buy (sell) intervention there is a corresponding deprecia-
tion (appreciation) 0f0.48% (0.57%) of the domestic currency. The
effects were significant at 5%. The nonparametric estimates sug-
gest larger effects on sell interventions and point to the relevance
of nonlinear interactions. These effects assume swap operations
are conducted in the same way as in the sample. Estimated effects
of spotinterventions are a bit lower controlling for official derivate
market interventions, and range from 0.31% to 0.38% in the linear
and nonparametric models, respectively. Thissuggests both official
intervention policies (spot and swaps) are complementary.

Thedeductivereasoningleadingto our orthogonality condition
maybe generalized and adaptedinseveral directionsasappropriate
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for other empirical applications. For example, as illustrated in our
robustness exercises involving derivative operations, one may con-
sider other realized measures, such as bipower variation, intraday
range, or the squared return. Itis also possible to include the inter-
ventionvariablein the model equationsleading to more general or-
thogonality conditions. Finally, one may extend the resultsto other
conditional volatility models with intraday information beyond the
log-linearrealized-GARCH model considered in our application. The
positive empirical results found here should provide sufficient mo-
tivation for such extensions.
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