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Abstract: This paper provides evidence of heterogeneous treatment effects
on trade from switching among three types of de-facto exchange rate regimes:
freely floating, currency bands, and pegs or currency unions. A cottage litera-
ture at the interface of macroeconomics and international economics focuses on
the consequences of exchange rate regimes for economic outcome such as trade.
The majority of contributions points to trade-stimulating average effects of
tighter exchange rate tying in general and of currency unions in specific. While
there is great variability of the estimated quantitative effects across studies, all
of the associated work adopted at least two and most of it all of the following
three assumptions: assignment of countries to exchange rate regimes is ran-
dom, the treatment effect of adopting a currency union is independent of the
underlying regime transition, and it is homogeneous and hence fully captured
by the average. This paper allows for self-selection into exchange rate regimes
conditional on observable characteristics and a given regime state prior to a
transition and provides evidence of strong impact heterogeneity on bilateral
trade among otherwise observationally equivalent country-pairs.
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What is the effect
of a common
currency on
international

trade? Answer:
Large.

ANDREW K.
RosE
(2000, p. 9)

...the point
estimates are
positive, but the
prediction that a
COMMOon currency
increases trade is
qualified by
substantial
uncertainty.

TORSTEN
PERSSON
(2001, p. 446)

“On the average”
has never been a
satisfactory
statement with
which to conclude
a study on
heterogeneous
population.

MOSHE
BUCHINSKY
(1994, p. 453)

1 Introduction

Empirical research suggests that tying exchange rates — especially through cur-
rency unions — increases bilateral trade flows among country-pairs by mitigating
uncertainty,! though there is only little consensus about the magnitude of the
effect. Most of the evidence on the matter assumes that assignment to ex-
change rate regimes occurs at random.? Also, it is commonly assumed that the
response of outcome such as international trade is constant (i.e., homogeneous)
within the population of country-pairs® limiting attention to average outcomes.
To the best of our knowledge, previous work on exchange rate regimes at large
did not pay attention to heterogeneous effects of when allowing for self-selection
into different types of currency regimes.

ISee Rose (2000, 2001), Rose and van Wincoop (2001), Frankel and Rose (2002), Glick and
Rose (2002), Levy Yeyati (2002), Rose and Engel (2002), Barro and Tenreyro (2006), Klein
and Shambaugh (2006), Egger (2008). Rose and Stanley (2005) provide a meta-analysis
of earlier work. Evidence of a positive impact of fixed exchange rates on bilateral trade
is consistent with evidence on the detrimental effect of exchange rate risk and volatility
on trade flows (see Cushman, 1983, 1988; Brada and Mendez, 1988). Work which cast
doubt on significantly positive trade effects of common currency encompasses Klein (1990,
2005) and Persson (2001). The latter work is consistent with two observations: namely that
international trade is to a large extent controlled (if not induced) by multinational firms (see
Zeile, 2003) and that evidence on exchange rate regimes on foreign direct investment is mixed
(see Russ, 2007).

2Persson (2001) and Barro and Tenreyro (2006) are two of the few studies considering
self-selection into currency unions. While Persson (2001) pursues an approach of matching
based on the propensity score in a cross section of country-pairs, Barro and Tenreyro (2006)
follow an instrumental variables approach with a panel of country-pairs.

3Rose and van Wincoop (2001) is one of the few studies considering implicitly heteroge-
neous responses of country-pairs’ trade in general equilibrium.



By way of contrast, this paper will document significant variability of ex-
change rate regime treatment effects on bilateral international trade even after
controlling for non-random assignment. We relax the assumption of random
assignment within the framework of selection on observables. Within that
framework, we focus on the question of impact variability on bilateral trade
flows after conditioning out both, heterogeneity of country-pairs in terms of
observable characteristics determining selection and the regime state prior to
a transition.

Data on de-facto exchange rate regimes for 136 countries over the period
1965-2001 provide startling evidence for exchange rate regime impact hetero-
geneity on bilateral trade. We utilize three regime states (freely floating, cur-
rency band, and currency peg or union) based on data collected and provided
by Reinhart and Rogoff (2003a,b, 2004) and employ quite strict criteria regard-
ing the similarity between treated and control country-pairs prior to exchange
rate regime transitions. Nevertheless, the variability of responses of bilateral
exports is huge. Minimum and lowest 0.05*" quantile responses in average well-
defined sub-populations of the data are negative, irrespective of the treatment
and control sequence of transitions. Average maximum and above 0.95'"" quan-
tile responses are positive, irrespective of the treatment and control sequence
of transitions. Moreover, there is no clear-cut pattern regarding average 0.5'"
quantile (median) responses regarding transitions from tighter to less tight
regimes or vice versa. All the mentioned location parameters of the impact
distribution are statistically significantly different from zero at high precision.
These results are novel and astonishing against the background of earlier ev-
idence on average impacts of currency unions on trade. In fact, they suggest
that the qualitatively quite robust conclusions about average treatment effects
of, e.g., currency union membership accrues to at least one of two features:
high positive extreme values of treatment effects on the treated or high nega-
tive extreme values of treatment effects on the untreated in the distribution; or
the (by data refuted) assumption of the irrelevance of the exchange rate regime
status prior to participating in a currency union.

Suppose one wished to consult risk-averse or risk-neutral policy makers who
were interested in stimulating trade by choosing among exchange rate regimes.
For this purpose, define risk-averse policy makers as ones who prefer transit-
ing between exchange rate regimes for which the associated effects on bilateral
trade were very unlikely (i.e., with low probability mass) negative and risk-
neutral ones who considered positive effects on bilateral trade of average (or
median) transitions. Based on the evidence in this paper, we would say that
there is no clear-cut recommendation to make for risk-neutral policy makers.
Risk-averse policy makers face a danger of reducing trade quite significantly
no matter what they do. For this interpretation, it is important to recall that
the source of variability of the exchange rate regime impacts lies beyond the
pattern of observable characteristics. Hence, country-pairs with identical char-
acteristics and exchange rate regime states ex ante may fare very differently
from adopting one and the same transition in comparison to an identical coun-
terfactual. Also, recall, that the location parameters of the impact distribution



are estimated at very high statistical precision so that the impact variability
should not be ascribed to a lack of data. It appears to be a fundamental fea-
ture of the data that international goods markets respond at high variability
to exchange rate regime transitions in situations that look largely comparable
to the econometrician.

The remainder of the paper is organized as follows. The next section de-
scribes data on exchange rate regime transitions and bilateral exports in the
employed sample of 11,727 country-pairs and 36 years (1965-2001) which makes
160,464 observations. Section 3 discusses the econometric approach utilized for
inference about averages and distributional features of treatment impacts in a
multiple endogenous treatment effects framework. Section 4 summarizes the
results and some robustness checks, and the last section concludes.

2 Design, data, and stylized facts

2.1 Some remarks on the study design

We focus on the impact of exchange rate regime transitions on the annual
change of log bilateral exports between a year ¢t = 0 prior to the transition and
the subsequent year ¢ = 1. Since the data come as (unbalanced) panel data, this
entails that country-pairs may surface repeatedly. We will generally specify the
probability of an exchange rate regime transition as a function of time-invariant
and time-varying variables measured at time ¢ = 0.* Since transitions among
exchange rate regimes as well as the change in log bilateral exports refer to year
t = 1 relative to t = 0, and since all specified determinants of such transitions
are measured at time ¢ = 0, we may generally suppress a specific year index
without loss of generality and only use a time index to indicate the reference
period of observables.?

2.2 Variable construction and data sources
2.2.1 Dependent variables

We employ two sets of dependent variables, namely the difference of log bi-
lateral exports of country ¢ to j from year ¢t = 0 to t = 1 as the outcome of
interest, Ay;;, and a set of multinomial selection indicators reflecting transi-
tions among de-facto exchange rate regimes prevailing between countries ¢ and
7 in year t = 1 relative to t = 0.

To construct a measure of the outcome Ay;;, we use unbalanced panel data
from the United Nation’s Comtrade Database on bilateral exports over the
period 1965-2001. The multinomial selection indicators are obtained using the
information on de-facto exchange rate regimes provided by Reinhart and Rogoff

4However, for inference about the significance of the conditioning variables determining
regime transitions, we will take care of repeated country-pair observations by clustering
standard errors.

5The latter notation will turn out useful for stating some of the assumptions below.



(2003a,b, 2004). We distinguishing between three types of de-facto exchange
rate regimes: freely floating, currency bands (of any width), and currency pegs
or unions.%

2.2.2 Observable variables determining selection into treatment

We use four types of variables to specify the conditioning set determining se-
lection into specific de-facto exchange rate regimes in period ¢t = 1. Taking the
perspective of a reduced-form specification of the selection model, the inclusion
of the variables mentioned in the following is clearly motivated by previous re-
search. Before going into details, and bearing in mind the intrinsic element of
subjectiveness with respect to the matter of model specification, we will rely on
parsimony.” Let us denote the variables employed in the econometric selection
equations by upper case letters.

Geography

With bilateral distance between countries ¢ and j, DIST;;, we employ a mea-
sure of geography which has been found to be robustly positively correlated
with the magnitude of bilateral trade costs and negatively with bilateral trade
volume (as well as other outcomes). Since a wider distance between (economic
centers of) two countries reduces trade, it should also reduce the marginal
benefit from an implementation of trade-facilitating measures (see Baier and
Bergstrand, 2004). Hence, to the extent that tighter exchange rate arrange-
ments are implemented for the sake of stimulating trade, we would expect
to see currency tying more frequently between proximate rather than distant
countries.®

Country size

Country size is a very robust determinant of various forms of bilateral outcomes

6In principal, the econometric approach adopted here would permit using an even finer
classification. Reinhart and Rogoff (2003a,b, 2004) distinguish between two different classi-
fication schemes, a fine one with 15 regime classes and a coarse one with 4 classes. However,
using a finer classification scheme than the one employed in this paper requires estimation
of some of the treatment effects from too few observations so that econometric inference
becomes doubtful. Hence, we chose a coarser grid in the interest of efficiency.

"The critical reader may view the finally employed specification of the latent process
underlying the multinomial exchange rate regime adoption as too restrictive. For instance,
one might consider a different functional form for the index or one might include covariates
beyond the suggested ones. As will be discussed in section 4.1, we have estimated a set of
alternative multinomial choice models. It turns out that the ranking and support regions of
the propensity scores are very similar between those models so that estimation results are
largely unaffected by the choice among the compared specifications.

8While most empirical work employs bilateral distance between two countries in logs, we
use it in levels in the main specification. However, we will provide evidence that using one or
the other does not impact our results. For instance, research by Eaton and Kortum (2002) and
others does not rely on a log-linear distance specification of bilateral trade flows and results
for the impact of distance on trade turn out robust to such non-log-linear specifications.



such as trade flows, capital flows, foreign direct investment, and migration
flows. Recently, it has been found to affect economic integration agreements
at large: goods trade agreements (see Baier and Bergstrand, 2004), investment
and tax agreements (Bergstrand and Egger, 2011; Egger and Wamser, 2011),
and currency unions (see Barro and Tenreyro, 2007). Following a literature
motivating reduced-form specifications of outcome such as bilateral trade and
foreign direct investment as well as trade and investment agreements, we em-
ploy the log of total real GDP (in U.S. dollars of 2000) of country 7 and country
j together in year ¢ = 0 as a measure of bilateral market size. We denote this
variable by SIZE;;. Moreover, we employ a similarity index in two countries’
GDPs in year t = 0, SIMI;;. The latter has been motivated by theoretical work
on new trade theory (see Helpman and Krugman, 1985) and was employed suc-
cessfully in subsequent empirical work to explain bilateral trade (see Helpman,
1987).% SIZE;; and SIMI;; together are key fundamental variables explaining
the volume of goods trade, the share of goods trade within industries, and the
propensity for trade-facilitating instruments to be applied.

Relative factor endowments

Helpman and Krugman (1985) and Helpman (1987) illustrate in a world of
both relative-factor-endowment and new-trade-preference-based fundamentals
how volumes of trade increase with bigger relative factor endowment differences
between two countries when holding SIZE;; and SIMI;; constant. Hence, big-
ger relative factor endowment differences as a driver of trade volumes should
also increase the incentive for two countries to adopt trade-facilitating policy
measures. We broadly follow Helpman (1987) to employ a measure of rela-
tive factor endowment differences. Our measure approximates differences in
capital-labor ratios between countries by the absolute value of the difference
in log real per-capita income differences. The measure employed is defined as
RLFAC;; = |In(RGDPPC;) — In(RGDPPC;))| for countries ¢ and j in year
t = 0, where RGDPPC; reflects real GDP per-capita of country ¢ in year ¢t = 0.

Economic volatility

Finally, economic volatility — measured in terms of prices and/or real per-
capita income — prior to the implementation of tighter or less tight exchange
rate regimes should have an impact on the propensity of such schemes to be
realized (see Barro and Tenreyro, 2007). We employ two measures of volatility
in order to capture either aspect. VGDPPC;; measures the volatility of real
per-capita GDP and VINFL;; measures the volatility of inflation in year ¢ = 0.
Either measure is based on the residuals of a log-linear dynamic econometric
model, which regresses log real GDP per capita or the inflation rate on its

9SIMI,; is defined as log{l — [RGDP;/(RGDP; + RGDP;)|> — [RGDP;/(RGDP; +
RGDP;)]?} € [log(0.5), 0], where RGDP; is country i’s real GDP in year t = 0.



once- and twice-lagged level, a fixed country effect, and common time effects.'®
Then, in each period ¢ = 0 the residuals are used to calculate a country’s coeffi-
cient of variation over the previous three years. The two measures VGDPPC;;
and VINFL;; then reflect the corresponding three-year coefficients of variation,
respectively.

2.3 Sample composition and descriptive statistics

Table A.1 in the Appendix provides a list of all 136 countries and the cor-
responding years covered. Focusing on the countries covered in the study by
Reinhart and Rogoff (2003a,b, 2004) and on nonmissing data for fundamental
variables determining exchange rate regime transitions (as introduced above)
and the change in bilateral exports, we are left with 11,721 country-pairs and
160, 464 (country-pair-year) observations.!!

Table 1 contains descriptive statistics for the dependent variable, one-period
growth in log bilateral exports Ay;;, and the set of covariates determining
exchange rate regimes.

— Table 1 about here —

With respect to the conditioning variables in the selection model, comparing
their first and second moments with the analogous robust location measures
already reveals that there is non-normality in the data.'?

2.4 Stylized facts

The effects of exchange rate regime transitions between ¢ = 0 and ¢ = 1 on the
change in log bilateral exports between these periods are at the heart of this
paper’s interest. Table 2 exhaustively summarizes the empirical transitions in
the data.

— Table 2 about here —

Table 2 indicates that there is great persistence. The number of country-
pair-year units which have the same exchange rate regime int =1asint =0
across all periods selected is 150,491 + 2,441 + 5,967 = 158,899. Altogether,
we observe 139 + 461 + 291 + 96 4+ 512 4 66 = 1,565 changes of exchange rate
regimes. Hence, the probability of an arbitrary exchange rate regime change
for a randomly chosen country-pair and year in the data is about 0.98%. The
most frequent state observed is one with a freely floating exchange rate regime

10Note that such a dynamic fixed effects model which does not account for the endogeneity
of lagged dependent yields virtually unbiased estimates of both the parameters and the
residuals with as many as 36 years of data (see Nickell, 1981).

I About 10.5% of the country-pair units are observed for the full spell of 37 years. The
average number of years per country-pair is about 13.7. About 76.9% of the country-pairs
in the data appear at least 13.7 times.

12This is also confirmed by a series of formal normality tests. For the sake of brevity, we
do not report them explicitly.



between countries ¢ and j. There are more than twice as many pairs of countries
that have a currency peg or union rather than a currency band.

— Table 3 about here —

Table 3 summarizes the average change in log bilateral exports from ¢ = 0
to t = 1 for all country-pairs in the respective cell of the transition matrix
of Table 2. If exchange rate regime transitions were assigned at random, the
numbers in Table 3 would reflect consistent estimates of the respective average
treatment effects. For instance, the figures in the table suggest that when
switching from a freely floating exchange rate at ¢ = 0 to a currency peg or
union at t = 1, the average country-pair would experience a marginal increase
in the growth of bilateral exports by somewhat less than one percentage point.
In many cases, tighter arrangements suggest faster growth of bilateral trade on
average, but switching from a currency peg or union to a currency band is a
notable exception from that pattern. However, with a non-random adoption of
exchange rate regime transitions, simple comparisons of cells in Table 3 may be
inconsistent estimates of average treatment effects. Moreover, simple averages
might capture only one out of a set of features of the respective treatment
impact that are relevant to a policy maker’s decision.

— Table 4 about here —

Table 4 summarizes distributional features of the change in log bilateral
exports with respect to each of the observed empirical transitions. However,
the reported figures present features of the observed marginal outcome distri-
butions. Motivating this by the fundamental problem of causal inference as a
problem of missing data or missing information in general. Even under ran-
dom assignment of exchange rate regime transitions, we can not trivially infer
about the respective distributions of treatment impacts. This means that with-
out any further knowledge of where country-pairs observed within one marginal
outcome distribution would appear in another one, we cannot even determine
whether comparisons of average outcomes across regime transitions actually
reveal a feature of the distribution of treatment impacts.

3 Econometric approach to avoid a self-selection
bias

3.1 Outline and notation

Let us refer to a generic unit of observation by the index ij € {1,...,N}
and to the time period at stake by ¢t € {0,1}. Let us denote the exchange
rate regime states of freely floating, currency band, currency peg or union by
acronyms F', B, and U, and indicate the exchange rate regime unit 75 adopts
at time ¢ by s;j;, where s;;; € Q and Q = {F,B,U}. Thus, s;;; may be
considered as one unit-specific realization of the trinomial random variable S;.



Hence, at time ¢ = 1 there is a sequence of two trinomial random variables,
S = (S0, 51), and a sequence of specific realizations of s,; = (sijo, sij1) with
s;; € 2 x Q. Consequently, {2 x ) contains the set of all possible transitions
among exchange rate regimes between periods t = 0 and t = 1.13 Associated
with each sequence of exchange rate regimes s,;, there is a potential outcome
for the dependent variable Ay;;. Conditioning on a specific realization s;jo
of the random variable Sy at time ¢ = 0, we can distinguish among three
potential outcomes in the subsequent period, each of them associated with one
specific realization of the random variable S; conditional on Sy = s;50. For a
given realization s;; of sequence S, let us denote the corresponding potential
outcome by Ay;; = Ay;o® .1

As units are only observed in one treatment state at a time, and conditional
on the same origin state s;;0, we have to estimate unobserved counterfactual
outcomes within regime 5;;; at t = 1. Let us refer to the counterfactual real-
ization of the random sequence S by S = (850, 8ij1)- And, let us denote the
corresponding counterfactual outcome by Ayfj = Ayfj‘?gl.

We refer to a generic unit ¢j in treatment state s;;; by the index ij =
{1,...,N#£}. To distinguish a generic unit in the respective counterfactual
state, we refer to this unit by Im with Im = {1,..., N5}

Assume the existence of a K x 1 random vector of covariates X with re-
alization x;;; in period ¢ = 1 for unit 47, with ¢j = 1,..., NV, that is observed
along with the realization of the sequence S. We refer to the support of values
x;;1 the random vector X can take on by x. If we refer to specific locations
on the support ¥, let us do so by denoting the ** location by x, with x, C x
and r € {1,..., R}.

3.2 Treatment effects on the treated of interest

For pairwise comparisons of potential outcomes associated with two different
realizations of S; conditional on Sy = s;;0, we point attention at treatment
effects on the treated (TTs). Rather than focusing on the first moment (the
average) only, we may estimate broader features of the distribution of treatment
impacts. As is well known, if units select into treatment based on potential out-
comes, pure pairwise comparisons of outcomes Ayfj and Ayfj will not permit
the features of TT to have a causal interpretation. Refereing to the literature
on selection on observables, once we assemble country-pairs with sufficiently
similar observable characteristics X = x;;; € Xx,, this may or may not cap-
ture impact heterogeneity. This means that once we have solved the selection
problem, we may identify impact heterogeneity by the data under a number
of additional assumptions which we will outline subsequently. Table 5 gives a
summary of the respective sources of variation in TTs.

— Table 5 about here —

13This refers to the transitions as reported in Table 2.

! For instance, for s;jo = F\, the set of potential outcomes in t = 1 is Ay F, AyEP, AyFU,

and for s;;0 = B, the set of potential outcomes in ¢t =1 is AygF, AyﬁB, AygU, etc.



3.2.1 Homogeneous TTs

If the expected outcome under a specific sequence of exchange rate regimes were
constant over the support x of conditioning values X;; = x;;1, each marginal
outcome distribution were degenerate at its mean, and the TT= fo(X =
xij1 € x) = 022 for all x;;; € x and all ij € {1,...,N2}. Consequently,
the TT for the pairwise comparison s,3 would be homogeneous across units,
independent of the realization of x;;; € X, since the distribution of differences
in two compared potential outcomes would be degenerate at the difference of
the means from the two marginals.

3.2.2 Heterogeneous TTs by way of heterogeneity in X

In a somewhat less restrictive setting than above, one could relax the assump-
tion of homogeneity of TTs by allowing them to vary with x;j;. Then, for
two arbitrary values x;;; and xj;; that X may take on, the corresponding
marginal distributions of two compared potential outcomes could be viewed as
degenerate at their conditional means obtained over the subset of values x, in
X as long as both @;;; and @}, lied within x,. In other words, a randomly
selected country-pair with observable characteristics @;j1 € x, or @j;; € Xr
would still have a homogeneous TT conditional on observed characteristics.
While this type of heterogeneity of TTs may be of interest depending on the
question at stake, we are interested in more fundamental forms of heterogeneity
as explained subsequently.

3.2.3 Generally heterogeneous TTs

Empirically, even homogeneity of TTs of exchange rate regime transitions con-
ditional on observed characteristics may be inappropriate. Then, for instance,
policy makers could not hope to form precise expectations about the associated
effects on outcomes such as changes in trade flows or GDP. In that case, even
within x, where units have sufficiently similar conditioning values of X, the
marginal outcome distributions would not become degenerate at the outcome
associated with x,. Assuming a homogeneous T'T would then not be justified
at all, and the distribution of T'Ts for a randomly selected unit with x;;; € X,
or x7;; € xr would vary freely. Conceptually, this notion of generally hetero-
geneous TTs conditional on observed characteristics expresses an uncertainty
about treatment impacts which calls for an assessment of further features of
the distribution of TTs. Then, a randomly selected treated unit within x,
is assigned a whole probability distribution of outcomes under either of two
considered potential sequences of exchange rate regimes, s, 3, requiring a non-
trivial mapping of the distribution of Ayfj conditional on x;;; € X, into the

marginal distribution of Ayfj conditional on 7, € Xr.



3.3 Assumptions

This subsection outlines the assumptions imposed in order to obtain pairwise
identification of marginal outcome distributions for treated units conditional on
a vector of observable covariates. Moreover, we impose assumptions in order to
identify the related distribution of treatment impacts conditional on observable
characteristics. Therefore, the first set of assumptions is such that — for a spe-
cific sub-group of units defined by their exchange rate regime in period t = 0 —
the assignment mechanism of exchange rate regimes in ¢ = 1 may be considered
as random, once we condition on a scalar function of covariates. The objective
is to validly employ propensity score matching in a framework explicitly taking
account of the multinomial nature of potential exchange rate regime states at
t = 1. The subsequent discussion primarily draws on Lechner (2001). After
restoring an independent assignment mechanism conditional on observables, we
impose a second set of assumptions that allows to recover the conditional distri-
bution of differences in outcomes, or — adopting the terminology of Heckman,
Smith, and Clements (1997) — the distribution of impacts for treated units.
For this, we adopt the framework developed in Heckman, Smith, and Clements
(1997) and Heckman and Smith (1998) to associate outcomes across marginal
distributions.!® Since we are considering a conditional-on-observables version
of their framework, our statements also involve assumptions about comparable
conditioning values. The empirical analysis in this paper relies on the following
set of assumptions.

3.3.1 Pairwise identification of marginal outcome distributions

Even if Ayi depends on S7|Sy = s;j0, we assume that we may restore inde-
pendence by conditioning on a vector of observables.

Assumption 1a. Conditional independence

Ayfj il Sl|Sl S {Sijl,gijl}, So = 8¢j07X = Tij1, VAyi, éij €O x Q, gijl # Sij1-

The previous statement postulates that, conditional on a K-vector of covari-
ates, on the initial exchange rate regime state Sy = s;50, and on the state in
t = 1 being either s;;1 or §;;1, the outcome under the counterfactual sequence

3= (sij0,8i51) versus the observed sequence Sij = (840, 8i51) is independent
of S1.16 This implies that conditioning on observables and the initial state is
sufficient to solve the selection problem in period ¢t = 1.

To complete this statement, we further impose the following exogeneity

condition on the initial exchange rate regime state in ¢t = O:

15Without any further assumptions, it is in general not possible to infer about the distribu-
tion of the TTs. Only if the treatment impact is constant (i.e., homogeneous) over all treated
units, the respective distribution is degenerate, implying a perfectly positive correlation of
outcomes for both marginal distributions. This would simplify the problem of evaluating
exchange rate regime effects substantially.

16See Proposition 2c¢ in Lechner (2001) or also Lee (2005, pp. 174 f.)
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Assumption 1b. Exogeneity of the initial state
Ay% II So, So = 8450, Vsi]'o c Q.

Together with Assumption la, this assumption states that pairwise compar-
isons of potential outcomes are identified, but only for groups of units defined
by their initial exchange rate regime in period ¢ = 0. This implies that the
exchange rate regime at t = 0 is random at time ¢ = 1.17 Taken together, the
two previous statements explicitly take into account the multi-valued nature
of the random variable S;. They impose that the counterfactual outcome is
locally independent of the assignment mechanism given the set of covariates
determining selection within a specific sub-group of units as defined by a com-
mon initial state. Also note that Assumptions la and 1b are stated in terms
of conditional independence, that is considered as rather excessive if the re-
searcher is only interested in identifying average treatment effects.'® Since we
are interested in the full marginal distribution of the outcome a treated unit
would have had, had it been observed in the counterfactual state, conditional
independence is required for identification.'®

By the next assumption, the dimensionality of the conditioning set required
to restore independent treatment assignment — as implied by the K-variatness
of X — may be substantially reduced. Lechner (2001) shows that the probabil-
ity to switch to the counterfactual state conditional on either switching to the
cont;"(())l state or to the observed state is a valid balancing score of dimension
one.

7Note that Assumption 1b is a modification of Lechner’s (2004) weak dynamic conditional
independence assumption (Statement b) and the implications thereof are discussed in his
Theorem 1.

181n this case the weaker conditional mean independence assumption is sufficient for iden-
tification, which is implied by conditional independence.

19 A5 outlined in Heckman and Vytlacil (2007), matching identifies the marginal outcome
distribution that a treated unit would have had under the respective counterfactual exchange
rate regime in the absence of selection bias.

20For the case of a binary treatment, the dimensionality-reduction property of the propen-
sity score was first noted by Rosenbaum and Rubin (1983). Generalizing this concept to a
multi-valued treatment, Imbens (2000) and Lechner (2001) point out that it must be ensured
that the conditioning sets are in fact the same across treated and control observations. Hence,
in this case a meaningful dimensionality reduction requires the conditioning set to contain
both, the marginal transition probability to switch to the observed regime state as well as
the marginal transition probability to switch to the counterfactual state. As pointed out in
Imbens (2000), comparing two different potential states in a framework of multi-valued treat-
ments, does not generally lead to a scalar-valued representation of the respective elements in
the conditioning set. The intuition behind Lechner’s result follows directly from the original
proof in Rosenbaum and Rubin (1983). Assume that b*(X = x51) = [pfj,pf]] is a valid
balancing score (where the p’s represent the respective marginal transition probabilities) and
(X = mi1) = pfj/(pi +pfj), such that b(-) is coarser than b*(-). In the terminology of
Rosenbaum and Rubin (1983), the information set represented by b(-) is the smaller one
of the two and the law of iterated expectations implies that E[b*(-)|b(-)] = b(-), which is a
function of dimension one as in the binary treatment case. For a more extensive discussion
see Lechner (2001) and also Lee (2005).
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A ssumption 2a. Balancing score
If Assumptions 1a and 1b hold, then

Ay% il Sl|b(X = wi]‘1), So = Sij0; VAZ/Z%, S‘j € x Q, v§ij1 7é Siji1-

1,

Hence, if it suffices to condition on X = x;;; to solve the selection problem,
it also suffices to adjust for the scalar-valued function b(X = @;;). Taken
together, it follows from Assumptions la-2a that conditional on the initial
exchange rate regime state and the balancing score all marginal counterfactual
distributions are pairwise identified. Hence, conditional on Sy = s;;0 we may
validly employ matching on b(X = x;;1).

In order to operationalize estimation of the balancing score function, we
impose two further assumptions.

Assumption 2b. Stationary one-period transition probabilities

Pr(S:4+1|Sr = sijry X = @ijr+1) = Pr(S:|Sr—1 = sijr—1, X = @ij,r),
vre{l,...,T—1},s,.. € QA x Q.

ijT

Hence, the marginal probability of a unit to be observed in exchange rate regime
S1 = 5441 is a first-order stationary Markov process once we condition on state
So = s;jo and the K-vector of covariates X = @;;1.2!

The second statement involves the standard common support requirement
ie.,

Assumption 2¢. Common support

0< PT(Sl = S¢j1‘SO = Sijo,X = :l:ijl) < 1, V§ij e x0.

This emphasizes that propensity score matching can only solve the selection
problem if suitable (comparable) control observations are available.??

Altogether, Assumptions la - 2b identify all pairwise marginal counterfac-
tual distributions for a treated unit conditional on the initial exchange rate
regime state and the balancing score, where the latter may be constructed
from the marginal transition probabilities as obtained from a pooled multino-
mial choice model.

21For estimation this implies that we may pool the data for two periods (t=0and t=1)
in order to estimate the balancing score b(X = @;51). This reduces the complexity of the
data structure and justifies using the cross-section notation introduced above as is custom
with difference-in-difference estimation.

22put differently, a transition from a specific initial state So = s;50 to the subsequent
state S1 = s;;1 conditional on covariates X = x;;1, may neither be impossible nor may it
be guaranteed (i.e., perfect prediction of exchange rate regime states may not be used for
identification).
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3.3.2 Identification of impact distributions for pairwise TTs

Given the above assumptions, the marginal distribution of the outcome a
treated unit would have had under the counterfactual sequence of exchange
rate regimes is identified, i.e., Fé(Ayfj IS = 3,;,b(X = mij1)) = Fi(Ayfj IS =
5,5, b(X = ®ij1)). Moreover, Fy(Ayj;|S = s5;;,0(X = x451)) is observed from
the data. But, we are interested in the conditional distribution of impacts,
Fg(Ayfj - Ay%\ﬁ = 5;;,,b(X = x;51)), whose identification requires further
assumptions.?

For instance, we need an assumption that allows us to group treated and
untreated units within sub-populations assembling observations with highly
similar observable characteristics X . In general, for a conditioning set contain-
ing continuous random variables, it is difficult to obtain a set of treated and
untreated observations that are subject to exactly the same conditioning value.

It is generally desirable to discard observations from the control sample that
are very different from the treated observations under consideration in terms of
the balancing scores as a metric of comparison. Rosenbaum and Rubin (1984)
suggest subclassifying treated and untreated observations by stratification on
the balancing score function. In this spirit, Dehejia and Wahba (2002) formalize
a procedure for a combined estimation of the terms included in the first-stage
estimation of the balancing score and the number of strata on the interval of es-
timated scores. For the case of a binary treatment, they follow Rosenbaum and
Rubin (1984) and subdivide the interval of the estimated propensity score into
quintiles. Focusing on t-values as the statistical criterion of interest, Dehejia
and Wahba suggest employing a more flexible specification of the linear index
in propensity score estimation, whenever mean equivalence does not hold for a
specific regressor for all or a substantive amount of propensity score intervals.
In this notion, a lack of balancing indicates the need to formulate a more ac-
curate approximation that also captures higher-order effects within the index
specification. We propose an alternative approach which enforces balancing
to hold ex ante for the set of regressors at hand. An immediate advantage
of this procedure is that we may rely on a parsimonious specification of the
linear index in the propensity score model, since the number of strata as well
as the location of strata bounds — as associated with sub-populations of similar
observations — is not preassigned as in Dehejia and Wahba but estimated by
exploiting the information contained in the data.

With the procedure proposed here, we have to find some valid approxima-
tion that defines a neighborhood x,- on the support of observable characteristics
determining selection. In the following, we will refer to the associated map-
ping of x, into the respective support of the balancing score function by B(x;).

Sijs

R

23A treated unit can not be assigned a specific location where it would appear in the
counterfactual conditional marginal outcome distribution. Conditional on b(X = =4;1),
a treated unit may be assigned a set of outcomes under the counterfactual exchange rate
regime.
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Assumption 3. Approximating the conditioning set

Fp(05°|S = 5,5, b(X = 2i51))

Sijo

RFp(0371S = 5,5, b(X = @ijn) € B(xr) Ab(X = aij1) € B(xr))

,Zja

with B(xr) being a set of conditioning values such that x;j1 € x, and x; €
Xr-

In addition, we define each conditioning set with respect to highly similar con-
ditioning values as

Xr = {@ij1, i [Pr(zi = xij|[Ho) > a}.

Assumption 3 states that, when conditioning on a neighborhood x, instead
of conditioning on any x;;; € X, directly, will produce a reasonable approxi-
mation of the impact distribution of interest. In addition, we give a definition of
the respective conditioning set in terms of the similarity of conditioning values
assembled within a specific neighborhood. We will make use of the definition
of x; in Assumption 3 to estimate partitions of the K-dimensional support of
conditioning values in order to define sub-populations of highly similar units.

In order to test the assumption of homogeneous TTs conditional on observ-
able characteristics, we adopt the following assumption from Heckman, Smith,
and Clements (1997), and Heckman and Smith (1998).2* We postulate that
units are perfectly positively ranked in both outcome distributions in the fol-
lowing sense:

Assumption 4a. Fréchet upper bound conditional on the set B

Fos(Ay3, Ay5|S = 5,5, b(X = xij1) € B(xr) Ab(X = x3j1) € B(x»r)) <

774]'7

min[Fﬁ(Ayfjﬁ = 5,5, (X = ®ij1) € B(xr)), FQ(A%%|§ = Sijs (X = zij) € B(xr))ls

177
where the marginal distributions are assumed to be continuous and strictly in-
creasing.

By Assumption 4a — and given that (X = z;;1) and b(X = ;) are suf-
ficiently similar such that they may be attributed to units assembled within
the same sub-population on the support of observable characteristics — we may
use the Fréchet upper bound assuming perfect positive dependence in outcomes
among the compared marginal distributions to construct a set of lower bounds
for the sub-population-specific variances of the T'T. This enables us to employ
a version of the test suggested by Heckman, Smith, and Clements (1997) to

24For a conditional on covariates version of the statement in Heckman, Clements and Smith
(1997) see also Abbring and Heckman (2007) or Fan and Park (2010).
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check whether these lower bounds are statistically different from zero, or not,
possibly providing evidence against the homogeneous TT model.

Note that the dependence structure implied by Assumption 4a is just one
possibility to associate units’ rankings across marginal outcome distributions.
As pointed out in Heckman, Smith, and Clements (1997), there exist many dif-
ferent Fy(-) that are consistent with the two marginal outcome distributions.
They can be distinguished by specific assumptions on the dependence of the
rankings among units as they appear in the marginals. Specifically, if we are
interested in estimating the distribution of TTs we will consider the following
set of prior beliefs about units’ rankings:

Assumption 4b. Priors about units’ rankings of marginal outcomes

Let Kendall’s T reflect the dependence structure among outcomes in the marginal
distributions. We will refer to the case where each treated unit can occur in
each rank of the counterfactual marginal outcome distribution with an equal
probability as a naive prior, i.e., T ~ U[—1;1]. We will refer to the case where
rankings across marginals are positively related by T ~ U(0; 1] (positive prior),
and to the case of a negative association among rankings by T ~ U[—1;0) (neg-
ative prior).

Hence, once we have identified sub-populations of highly similar units (As-
sumption 3), Assumption 4b enables us to infer about sub-population-specific
distributional characteristics of TTs (besides the average) that are consistent
with the respective prior beliefs of how units are located across the marginal
outcome distributions under consideration.

3.4 Implementation

This section outlines an estimation procedure based on the above assumptions
in the context of our application. In a first step, we estimate a multinomial
choice model to obtain the respective balancing score functions for pairwise
comparisons of potential outcomes with respect to a conditioning set of scalar
dimension. Next, we apply a grid-search procedure to partition the interval of
balancing scores into subintervals that are distinct sets assembling sufficiently
similar conditioning values that observable characteristics can take on. Then,
we employ propensity score matching in order to restore the marginal out-
come distributions under the absence of selection bias with respect to each
estimated sub-population. We adopt the framework of Heckman, Smith, and
Clements (1997) and Heckman and Smith (1998) to test the assumption of sub-
population-specific homogeneous TTs. Finally, in order to obtain estimates of
interesting features of the impact distributions, we employ sub-sampling from
the set of potential outcome permutations that are consistent with the re-
spective marginals and the imposed prior belief about units’ rankings in the
marginals. We will elaborate on the employed econometric procedures in detail
in what follows.
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3.4.1 Estimating sub-populations of sufficiently similar observable
characteristics

As motivated above, we assemble treated and untreated observations with
observable characteristics X = x;;; and X = x;,; such that x;;; € X,
and @;,1 € X ensure sufficient similarity of observable characteristics de-
termining selection into treatment. Specifically, we estimate a set of points
in K-coordinates, (x"),_, ., such that two units’ observable characteris-
tics being sufficiently close to the point " (in each of the K-coordinates)
implies that both units belong to the rt" sub-population. This involves es-
timating partitions of the K-dimensional support of observable characteris-
tics, Xx1,...,Xp, that contain treated and untreated observations within a
neighborhood of the respective points x',...,£®.25 We desire the number
of sub-populations R to be data-driven. For this, we exploit that each x.
is associated with an interval B(x;) on the segment of the real line defined
by the lowest and the highest estimated balancing score function on the com-
mon support of treated and untreated observations.?® Specifically, we estimate
intervals B(x,) that assemble treated and untreated observations such that
B(xr) = {ij,Im|Pr(zp,ij1 = Trimi1|Ho) > a,Vk € K)}, i.e., for each coordi-
nate of " this defines a neighborhood with respect to the type I error a. In
order to estimate all (B(xr)),—; .z this requires determining R—1 grid points
such that within each of the R intervals statistical similarity among compared
units in terms of their covariates can not be rejected for a pre-specified cutoff
probability. A grid search procedure iteratively rescales the interval of the re-
spective common support of the balancing score for treated an untreated obser-
vations — sorted from the lowest to the highest — until convergence to the largest
subinterval is achieved, where Pr(gso(zk,ij1) = ¢50(Tk,im1)|Ho) > a,Vk € K.
Then the grid search is continued over the remaining interval, and so on.?”

25Note that by definition each observation is uniquely assigned to a single sub-population.
26Though not necessarily required to estimate TT, we found the grid search algorithm to
behave better if we restrict it to the common support of treated and untreated observations.
27Specifically, we determine the region of common support of the estimated balancing score
for treated and untreated observations and sort in ascending order from the lowest to the

highest value it takes on and choose the value o. We then set min[b(X)] = A} and as an
initial guess we set max[b(X)] = S\T We then degressively rescale the length of the testing

3 max[b(X
)\i‘r: ax[b(X)]

interval subject to the update equation
m

, with m being the next largest integer

such that for the second guess about 5\?', we have m = 2, and for the third guess m = 3,
and so on. For each regressor k € {1,..., K}, we keep on testing Hy : q50(Zijk) = q50(Timk)
until statistical similarity of each regressor can not be rejected with a probability greater
than o for a given testing interval. Once we have found the largest sub-interval on the
common support of the estimated balancing score for treated and untreated observations, we
have estimated B(X1). Hence, we may equate the operating guess about the upper interval
bound and the estimated bound, i.e., :\ir = 5\1r Next, by definition 5\; = /A\Ir and we set

5\3' = max[b(X)]. Again, we rescale the upper bound of the testing interval according to
the above update equation and keep on testing the null Ho : gs50(2k,ij1) = ¢50(Zx,1m1) until
we have found the largest sub-interval where we can not reject statistical similarity with a
probability of a type I error greater than . We repeat the same procedure until all R—1
grid points and all respective B(X1),...,B(Xz) are found. Note that we refer to an interval
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Notice that the suggested procedure requires approzimating the set of out-
comes for observationally otherwise highly similar units.?® Therefore, defining
sub-populations on the common support of treated and untreated observations
has to meet two main requirements. On the one hand, we have to ensure
that there remains a sufficiently large number of treated and untreated ob-
servations within each sub-population. On the other hand, the units in each
sub-population have to be sufficiently similar. For the data-set at hand, we
find that defining sub-populations around a set of points in K-dimensional
space as sub-populations of median equivalence performs well.?? Moreover,
this provides a direct association of sub-population-specific impact distribu-
tions and the respective strata-specific estimates of average TTs as obtained
by propensity score matching. It also provides a natural adoption of the test
for homogeneous TTs as proposed by Heckman, Smith, and Clements (1997)
conditional on sub-populations of highly similar units.

3.4.2 Propensity score matching algorithms

This section outlines and discusses how we impute the potential sample of out-
come observations as they would have been observed in the respective counter-
factual state under absence of selection bias. The following discussion presup-
poses that all assumptions in Section 3.3.1 are satisfied, so that we may apply
propensity score matching.

For each treated unit, matching constructs an artificial control observation
based on a similarity metric with respect to observable characteristics. By
Assumptions la-2a, this metric may be constructed from the marginal transi-
tion probabilities, where conditioning on a specific initial state is kept implicit.
Specifically, we employ kernel matching. This method imputes the counter-
factual outcome that unit ¢ would have had otherwise as a kernel weighted
average of control observations. The kernel weight assigned to the Im'" unit
from the control sample is formed with respect to the distance between the
estimated balancing scores of the treated and the respective control observa-
tion, where this distance is normalized by a bandwidth parameter. Hence, to

as one where convergence can not be achieved, if there remain less than one treated and/or
two untreated observations within this interval. (This refers to the identification requirement
of the constant and the variance for local constant regression.) Note that all intervals’ but
the last one’s upper bounds are exclusive.

28 As noted in Abbring and Heckman (2007), it would principally be possible to integrate
out the conditioning variables from the marginal outcome distributions. Yet, this would
require further assumptions on the joint distribution of outcomes and the conditioning vari-
ables, and would not allow us to recover the conditional distribution of impacts with respect
to specific observable characteristics.

290f course, one could think of alternative ways to group the data on conditional outcomes,
e.g., grouping the conditioning values on the common support with respect to the nine
nearest neighbors would be an obvious alternative. (The number nine is the smallest integer
identifying more than 100,000 distinct permutation matrices to associate outcomes across
marginal outcome distributions.) We have tried so for blocks of the transition matrix with
only a few treated observations and did not find a notable difference in the estimation results
between the proposed procedure and this alternative for the data at hand. However, for cells
of the transition matrix with many treated observations, this way of grouping induces a curse
of dimensionality, rendering estimation computationally infeasible.
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estimate unit ij’s outcome under the counterfactual sequence of exchange rate
regimes éij we use

N&T
Agy; = Z Qig im AYp, (1)
Im=1
where summation over Im = 1,..., N®" refers to the r'" sub-population as

estimated from the data. The explicit formulation of the weights w;j im is the
distinguishing feature between different matching estimators. In the following,
we use kernel weights as obtained from local constant matching as well as the
weights implied by local linear matching. Moreover, based on the local linear
weights we also employ regression-adjusted matching as suggested in Heckman,
Ichimura, and Todd (1998).3° Analytically, all estimators employed represent
the solution for the constant in a locally formulated weighted least squares
problem, where the local linear representation of the minimization problem
also contains a slope parameter on the distance between the estimated balanc-
ing scores of the respective treated observation and all respective untreated
observations.3!-32

To estimate the bandwidth as the relative weight that is given to neighbor-

30Specifically, we implement this by using a linear projection of the control group outcome
on the elements contained in X. We then predict the respective residuals for treated and
untreated units and use them to replace Af/fj and Ay}, in equation (1). The method of
regression-adjusted matching suggested by Heckman, Ichimura and Todd (1998) provides a
valuable robustness check on whether treated and control observations differ in a way that
is not adequately captured by the other matching algorithms employed.

31The local constant estimator is obtained as

N&T - ~
3 b(X::D"l)—b(X::I:lml)
Ayr —a 2K( 97 ,

(A, —a) i

arg min{ Z

@ Im=1

and the local linear estimator as

N&T 7 — @) — b =
arg min{ Z (Aylém—a—c[i)(X _ wijl)—i)(x _ mlml)])2K(b(X = Ti51) - b(X lml))}7

e Im=1 T

respectively. Solving each of the two previous expressions for an estimator a leads to the
respective explicit representations of the kernel weights as denoted by @;; ;,, in expression
(1).

32For notational convenience, decompose the weights @W;j,1m in expression (1) as the weight
given to the Imth
sample

control observation relative to all other observations in the respective control

Wij,lm
NET
Im=1 Wij,lm

Wijim =

Then, for the local constant weights

B(X = xii1) — b(X =
VAVij,lm — K( ( :Bljl) iL ( zhnl))’
s
and for the local linear weights
N WX =xij1) —b(X == R R
Wig,lm = K( ( ig1) 7 ( lml)) [L2 — (b(X = xi51) — b(X = @ym1)) L1 ]
T
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ing observations, we follow Silverman’s suggestion. In general this approxima-
tion also behaves well, if the data do not follow the same distribution as the
design density. We employ this estimator with respect to each sub-population
as estimated from the data.?® As we impute the counterfactual outcome with
respect to distinct sub-populations, this issue is emphasized by employing a
global bandwidth independent of the location of treated observations. Since
the number of control observations that are feasible to form a match varies
with the comparison sample that is assigned to the r*" sub-population of ob-
servations, it is more desirable to ensure a flatter kernel if there are only few
observations in the comparison sample, and a steeper one in the opposite case.
We propose obtaining comparison-sample-specific bandwidth estimates to con-
trol for the location of treated observations.

3.4.3 Testing for homogeneous TTs

This section outlines and discusses how we test the null hypothesis of homoge-
neous T'Ts for sub-populations of highly similar units. The following discussion
presupposes that all assumptions from Section 3.3.1 are satisfied. Moreover,
we make use of Assumptions 3 and 4a from Section 3.3.2 to approximate the
lower bound for the impact standard deviation with respect to a specific sub-
population.

We would like to test whether all units observed for a specific sequence
of exchange rate regimes, have the same effect of switching from exchange

rate regime Sy = s;j0 to regime S; = s;;; versus switching to exchange
rate regime S; = §;;1, once we condition on b(X = w;;1) € B(xr) and
WX = z};;) € B(xr). Le., we want to infer whether two distinct treated

units within the same sub-population have the same TT or not. In order
to construct a set of lower bounds for the impact standard deviations as as-
sociated with each sub-population r = 1,.. .,R, we employ the procedure
suggested by Heckman, Clements, and Smith (1997). They make use of the
Fréchet-Hoeffding upper bound providing a lower bound for the impact vari-
ance. Hence, for the r*" sub-population of units we assume perfect positive
dependence among their marginal outcomes in order to map one marginal out-
come distribution into the other (see Assumption 4a). From the differences in
outcomes as obtained from the Fréchet-Hoeffding upper bound we may con-
struct sub-population-specific estimates of the lower bound for the conditional
impact variance. In the following, we denote this lower bound for the r** sub-

population by Var, (658 = s,;, b(X = zij1) € B(x,) Ab(X = x};,) € B(xy))-

171
In contrast to Heckman, Smith, and Clements (1997), we maintain condition-

where

L = Ni K(E(X = x51) TB(X = Xim1)

- )[é(x:Mﬂ)fé(X:mlml)}l, 1=1,2.

Im=1

An explicit formulation of the weights can also be found in Heckman, Ichimura, and Todd
(1997).

33See Frolich (2005) and Galdo, Smith, and Black (2008) for a discussion of bandwidth
selection in nonparametric treatment effects models.
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ing on a unit being located within a specific sub-population.?* For the lower

bounds for all sub-populations, we know that Varg(9%§|§ =3;;, (X =m;j1) €
B(xr) Nb(X = x};) € B(x;)) > 0, Vr € {1,..., R}. Hence, we base our test-
statistic on the sum of impact standard deviations over all sub-populations
and therefore formalize the null hypothesis of homogeneous TTs conditional

on observable characteristics as

R
Hy : Z \/Varg(eff|§ =5,;,0(X =xij1) € B(xr) NO(X =x};,) € B(xr)) =0 (2)
r=1

This null hypothesis states that for each sub-population the lower bound con-

ditional impact standard deviation is consistent with the homogeneous TTs
model conditional on observable characteristics determining selection. Hence,
non-rejection of the null implies that the distribution of TTs from experiencing
exchange rate regime sequence s;; versus §;; for a unit that actually experi-
enced sequence s;; is not rejected to be degenerate at the respective average
impact.

As suggested in Heckman, Smith, and Clements (1997), we infer the dis-
tribution of this test-statistic under the null from Monte-Carlo simulations.
Specifically, under the assumption of homogeneous TTs conditional on observ-
ables, we apply stratified sampling from the estimated counterfactual distribu-
tion. The strata are given by the intervals on the common support of treated
and untreated observations that were estimated to be clusters of observations
with identical medians for all covariates in the conditioning set. For each
Monte-Carlo replication we calculate the treated outcome under the null by
adding a constant to the set of sampled untreated observations and then com-
pute the test-statistic for equation (2). The distribution of those sums over
all Monte-Carlo replications approximates the distribution of the test statistic
under the null hypothesis of a homogeneous treatment impact on treated units,
once we know their observable characteristics.?® To finally obtain the statisti-
cal statement of interest, as in Heckman, Smith, and Clements (1997), we then
compute quantiles of the simulated distribution under the null associated with
specific values of the probability of a type I error.

3.4.4 Impact distribution estimation

We assume that all assumptions from Section 3.3.1 as well as Assumptions 3
and 4b from Section 3.3.2 are satisfied.
Once we have evidence, that there is substantive variation in the impact

on bilateral trade for treated units experiencing exchange rate sequence s,;

34Heckman, Smith, and Clements (1997) have unconditional marginal outcome distribu-
tions since they consider a randomized experiment. Beyond that, we might ask whether we
have impact heterogeneity by way of heterogeneity in X (see section 3.2.2), or treatment
response is generally heterogeneous even conditional on observable differences (see section
3.2.3).

35Since this sum is bounded at zero from below we have a one-sided test. For instance, the
95% quantile of the simulated distribution is associated with a probability of a type I error
equal to 5%.
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versus §;;, we estimate certain features of Fg(ﬂfj’-5|§ = §Z-j,b(X = x;j1) €

B(xr) Ab(X = z};;) € B(xr)) for all sub-populations identified from the
data.®0 Within each sub-population, r = 1, ..., R, we follow Heckman, Smith,
and Clements (1997) by employing sub-sampling from the collection of pos-
sible impact distributions consistent with the two marginal outcome distribu-
tions under consideration.?” As formulated in Assumption 4b, we perform
sub-sampling with respect to the set of all permutations that reflect a certain
prior belief about units’ rankings in the two marginals. Hence, the empirical
analysis is conducted as follows.

For a generic sub-population of similar units, we sort all units in the treat-
ment state, S1 = s4;1, and in the respective counterfactual state, S1 = §;;1,
from the highest to the lowest outcome. In this way, we construct Y*" =
(Ay(éi;, ey Ayfl’\?ﬁm))’ for the treatment state, and Y57 = (Ay(ﬁig, e Ay(éj’\;,r))’
for the control state, where the subscript refers to an observation’s ranking
within the respective marginal outcome distribution. Denote the p*" draw
from the set of possible N&" x N%" permutation matrices consistent with a
specific prior about Kendall’s 7 by IIZ(7). Then, we construct the associated
sub-population-specific set of treatment impacts as

67 =Y —II(r)Y*" (3)
for each sub-population r = 1,... ,]:2 and for each sampled permutation p =
1,..., P. After having sampled a set of possible permutation matrices over P

replications, IT}(7), ..., H}%(T) for the first replication until TTI¥ (7), . .. ,Hg(T)
for the P replication, and having constructed the associated sub-population-
specific impacts, 61,...,0f for the first sub-population until 0}%, . .,0; for
the R'M sub-population, we then aggregate each 6},... 6L over all replica-
tions p = 1,..., P in order to obtain the distribution of TTs for each of the
r =1,..., R sub-populations. As we assume a uniform prior about Kendall’s
7 among units’ rankings in the two marginals, we may consider each sampled
permutation as equally likely. I.e., for aggregating among the sampled im-
pact distributions we may assign each draw p = 1,..., P an equal probability
weight. Finally, from the sub-population-specific impact estimates we may re-
cover a richer set of parameters, besides the mean, describing the impact of
transitions among different types of exchange rate regimes on bilateral trade
for a randomly drawn treated unit located within a specific sub-population of
observable characteristics determining selection into treatment. This involves
interesting quantiles that are identified with respect to each sub-population as
estimated from the data.?®

36 As indicated above, in order to identify at least 100,000 distinct impact distributions
from the data we have to exclude sub-populations with less than nine units from the analysis.

37Note that considering all mappings among outcomes for the two marginals is in general
not feasible, since the total number of mappings observationally equivalent for two given
marginals is equal to the factorial of the number of treated (and therefore imputed counter-
factual) observations within the respective sub-population.

38Note that it is possi