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The Commensurability Problem: Conceptual Difficulties in Estimating
the Effect of Behavior on Behavior
ETHAN BUENO DE MESQUITA University of Chicago

SCOTT A. TYSON University of Rochester

We pose the commensurability problem: When do the estimates generated by actual research
designs correspond to quantities of theoretical interest? We study this question in settings where
both treatment andoutcomeare behavior and the treatment effect of interest is decomposable into

direct and informational channels. We establish two results. First, the quantity estimated by an actual
research design is only commensurate with the total effect in the ideal experiment if treatment status in the
research design is a sufficient statistic for the decision-makers’ information. Second, a research design
corresponding toanonideal experiment isolates just thedirect effect in the ideal experiment if twoconditions
hold: (i) there is no information effect in the nonideal experiment and (ii) the decision-maker’s response
function is additively separable in treatment and information. We apply our results to three substantive
literatures: the efficacy of protest, the empowerment of female candidates, and indiscriminate violence in
counterinsurgency.

In many important social scientific settings,
researchers are interested in estimating the effect of
behavior on behavior. For instance, What is the

effect of an increase in protests or violence by anti-
government groups on government policy, be it con-
cessions or repression (Collins and Margo 2007; Dell
2012; Gould and Klor 2010; Henderson and Brooks
2016; Hendrix and Salehyan 2012; Huet-Vaughn 2013;
Madestamet al. 2013;Ritter andConrad 2016)?What is
the effect of a politician issuing press releases on voter
behavior (Grimmer, Messing, and Westwood 2012)?
What is the effect of one female candidate running for
office on another female candidate’s decision to run for
office (Baskaran and Hessami 2018; Broockman 2014;
Ladam, Harden, and Windett 2018)? Does in-
discriminate violence by a counterinsurgent increase or
decrease violence by rebels (Benmelech, Berrebi, and
Klor 2014; Condra and Shapiro 2012; Dell and Quer-
ubı́n 2017; Jaeger et al. 2012; Lyall 2009)?

Although such questions are central, understanding
what exactly we mean when we talk of the effect of one
person’s behavior on another person’s behavior is
something of a conceptual muddle, requiring careful
analysis. This article is an attempt to contribute to that
enterprise by articulating a framework and addressing
some conceptual issues.

Despite the careful attention paid to identification
issues by experimental methodologists, the conceptual
difficulties for theoretical interpretability that arise in
applications can be hard to spot precisely because it

appears straightforward to describe such questions
within the potential outcomes framework.We are trying
to learn the effect of some agents’ actions; call them the
treatment agents.Call the agents whose actions are being
affected the outcome agents. The set of treatments cor-
responds to the set of actions available to the treatment
agents. And the potential outcomes correspond to the
action each outcome agent would take under each
possible actionby the treatment agents. The causal effect
of the treatmentagents’actionsontheactionsofoutcome
agents is thedifference in thesepotentialoutcomesunder
the different actions by the treatment agents.

With treatments and potential outcomes so defined,
as emphasized by Angrist and Pischke (2009, chap. 1),
we can then get clarity on the estimand of an empirical
strategy by articulating an “ideal experiment.” The
ideal experiment again appears straightforward. One
would like to randomlyassignbehaviorby the treatment
agents andobserve theaverage responseof theoutcome
agents under these different treatment assignments.

But the apparent simplicity of this formulation elides,
rather than resolves, key conceptual issues. In many
settings of interest, including all of those mentioned
above, treatment behavior affects outcome behavior
through at least two theoretical mechanisms: a direct
channel and an informational channel. For instance,
protest behavior might have a direct effect on gov-
ernment policy because larger protests are more dis-
ruptive,makinggovernmentsmorewilling to takecostly
actions to bring them to an end. At the same time,
protestbehaviormight alsohavean informational effect
on government behavior because larger protests may
change the government’s beliefs about the amount of
dissatisfaction among citizens, which might influence
governmental policy choices. Similarly, indiscriminate
bombing might have a direct effect on insurgency by
killing or incapacitating rebels, while also conveying
information about the counterinsurgents’ resolve or
level of concern for the welfare of the population.

The complication comes from the fact that the treat-
ment is itself behavior, and people change their behavior
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fora reason.Critically, the informational contentof some
change in the treatment agents’ behavior may well de-
pend on the reasonbehavior changed. So onemust think
carefully about how and whether an experimental ma-
nipulation maps onto some “real” reason.

At first blush, this conceptual problem appears less
thorny when researchers achieve randomization of
treatment behavior by exploiting randomization of
nonbehavioral features of the world that influence
behavior, rather than direct experimental manipula-
tion. For instance, a researcher thinking about the effect
of protest behavior on government policy might exploit
experimental or quasi-experimental variation in protest
behavior due to random shocks to the cost of protesting.
But we still have to worry about whether different
shocks generate different information, even if they in-
duce the same change in treatment behavior. Suppose,
for instance, that we are interested in the average
treatment effect of an increase in protest size of 10,000
people. One possible source of increased protest size is
a weather shock—e.g., it was sunny instead of rainy
(Ritter and Conrad 2016). Another possible source is
a shock to communication technology—e.g., some so-
cial media platform rolled out, allowing unfettered
communication by potential protestors (Shapiro and
Weidmann 2015). The government’s inferences about
the level of antigovernment sentiment may respond
differently to two equally sized changes in protest be-
havior dependingonwhichof these shocks is the source.

If different sources of variation in treatment behavior
induce different information and, thus, different
changes in outcome behavior, it may not make sense to
talk about the effect of a change in the treatment agents’
actions on the outcome agents’ actions. Rather, wemay
have to talk about the effect of a change in the treatment
agents’ actions due to some particular shock.1

In light of this, articulating an appropriate ideal ex-
periment requires a clear idea of exactly what one is
trying to learn about. Suppose one wants to learn about
the effect on government behavior of an increase in
protest behavior that would result from a genuine in-
crease in antigovernment sentiment. Then, the ideal
experiment must surely involve a shock that influences
protestors’ (treatment agents) behavior, but which is
not observable by the government (outcome agent).
Such unobservable shocks come closest to representing
the experimental ideal because, from the perspective of
the government, the change in protest behavior might
be the result of genuine changes to antigovernment
sentiment. Of course, the research designs used to es-
timate causal effects in actual empiricalwork sometimes
do not exploit this type of unobservable shock. Again,
for instance, in the literature on the efficacy of protest,
a common research design involves using shocks to
weather as a source of random variation in protest
behavior. But the government presumably observes the
weather.

This last observation points to a novel set of questions,
which we collectively refer to as the commensurability
problem.2 Do standard research designs used in various
literatures assessing the effect of behavior onbehavior in
fact generate estimates that are interpretable in terms of
some quantity of theoretical interest in an ideal experi-
ment?That is, underwhat conditions are actual research
designs and ideal experiments theoretically commen-
surate? And, if they are, what theoretical quantity in the
ideal experiment is the research design estimating?

To make progress on those questions, we propose
a theoretical framework in which one set of agents’ be-
havior might affect another set of agents’ behavior
through both direct and informational channels. In that
framework, followingtheargumentabove,wethinkof the
ideal experiment as involving shocks to some feature of
the world that influences the treatment agents’ behavior,
but which is not observable by the outcome agents. We
define the average total effect of a change in treatment
behavior on outcome behavior in that ideal experiment.
Moreover, we decompose this total effect in the ideal
experiment intoadirecteffectandaninformationaleffect.

We can also study nonideal experiments in our the-
oretical framework to represent a variety of actual re-
search designs. The difference in outcome behavior
under different (shock-induced) treatment behaviors in
the nonideal experiment represents what a researcher
actually observes in an empirical study using a research
design that corresponds to the nonideal experiment.

With this formalism in hand, we ask two questions.
First, under what conditions is a nonideal experiment
commensurate with the ideal experiment for the total
average treatment effect (i.e., the combined direct and
informational effects)? By this, we mean to imagine
shocks that induce the same magnitude of change in
treatment behavior in the ideal experiment and some
nonideal experiment. When will the total effect in the
nonideal experiment (representing the estimates gen-
erated by some actual research design) be the same as
the total effect in the ideal experiment? Unfortunately,
as we show in our first theorem, the answer is never.3

Thus, with respect to the total effect, there is a funda-
mental commensurability problem. So, for instance, the
effect of changes in protest behavior estimated from
weather shocks is an inherently different quantity than
the effect of changes in protest behavior due to, say,
unobservable changes in citizens’ antigovernment
sentiment or even unobservable shocks to the cost of
protesting.

The example of weather shocks provides one way of
motivating the intuition for our second question.When

1 This is not a point about heterogeneous treatment effects. In both
cases, we are changing the treatment (e.g., the amount of protest) by
the exact same amount and studying the response of a single decision-
maker.

2 In philosophy of science, commensurability problems typically refer
to situations in which two theories are conceptually incompati-
ble—that is, theconceptsoperating inone theorycannotbecoherently
translated into the concepts of another theory (Feyerabend 1962;
Kuhn 1962). In an homage to that idea, we use the term to refer to
a setting inwhich effects as defined in a theory and effects as defined in
terms of potential outcomes for the purposes of an empirical exercise
are incompatible.
3 More precisely, the effect estimated by the nonideal experiment is
the same as the total effect in the ideal experiment on at most a set of
measure zero.
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governments observe a large protest on a sunny day,
they know that it conveys different information than
a large protest on a rainy day. Indeed,maybe there is no
information effect when shocks are observable. Per-
haps, the outcome agent, having observed the shock to
treatment behavior, doesn’t update her beliefs at all (“I
know those extra 10,000 people are here just for the
sun”). In this case, perhaps the effect identified by
a nonideal experiment is commensurate with the direct
effect from the ideal experiment.

Exploring this possibility leads to our second theo-
rem, where the news is more positive. A nonideal ex-
periment isolates just the direct effect in the ideal
experiment under two conditions:

1. There is no informational component in the effect from
the nonideal experiment.

2. The direct and informational mechanisms in the ideal
experiment are additively separable in the outcome
agents’ response.

In what follows, we start with a simple example of
a specific model of protest efficacy to illustrate the basic
intuitions of our results. We then show that these
intuitions hold in a general framework and, conse-
quently, that commensurability problems apply across
a wide range of substantive settings.

To illustrate our results’ applicability, we use them to
discuss three substantive literatures in economics and
political science. Our first application connects with our
motivating example involving the literature assessing
the effects of protests or violence by citizens on gov-
ernment policy (Collins and Margo 2007; Dell 2012;
Henderson and Brooks 2016; Hendrix and Salehyan
2012; Huet-Vaughn 2013; Madestam et al. 2013). Here,
we show that there is a fundamental commensurability
problem—even work using research designs that make
real progress on causal identification do not yield
estimates that are interpretable as quantities of theo-
retical interest in the ideal experiment.

Our second application corresponds to empirical
work on the effect of female electoral victory on the
empowerment of future female candidates (Baskaran
and Hessami 2018; Broockman 2014; Ladam, Harden,
and Windett 2018). Here, we show that recent work
using the election regression discontinuity design is
again not capturing the total effect of female electoral
victory from the ideal experiment.However, our results
suggest the possibility that this work is isolating the
direct effect and highlights the key substantive question
whose answerdetermineswhetherornot this is the case.

Our third application corresponds to work on the
effects of indiscriminate violence by counterinsurgents
on rebel violence (Benmelech, Berrebi, and Klor 2014;
Condra and Shapiro 2012; Dell and Querubı́n 2017;
Jaeger et al. 2012; Lyall 2009). We focus on the recent
work by Dell and Querubı́n (2017) which, our results
suggest, use a research design that may in fact estimate
the total effect in the ideal experiment.

Overall, we believe that the framework we develop,
the results we derive, and the applications we explore
suggest that grappling with the commensurability

problem is indeed important for the theoretical in-
terpretation of even well-identified empirical results in
settingswhere treatment results frompeople’s behavior
and behavior potentially conveys information. It is our
hope that, by emphasizing the commensurability
problem and offering some conceptual clarification of
the issues it raises, our analysis will help with ongoing
efforts tobridge thegapbetween theoreticalmodels and
empirical scholarship in the causal inference tradition.

RELATIONSHIP TO EXISTING LITERATURE

In important articles, Deaton (2010) and Heckman and
Urzua (2010) argue that the choice of an instrument
necessarily restricts an empirical research question.
They focus on when the local average treatment effect
(LATE) is interpretable in terms of the structural
parameters of a theoretical model. These two articles
essentially present an informal versionofwhatwemight
describe as a commensurability problem between the
LATE obtained in a standard reduced-form approach
and structural parameters.4 Deaton (2010) and Heck-
man and Urzua (2010) argue that “in-
commensurability” between the LATEand a structural
parameter arises because of cross-sectional heteroge-
neity in treatment effects, specifically, when the re-
sponse to treatment is not the same across
subpopulations.

Our results differ from this point in two important
ways. First, since we focus on a setting with a single
decision-maker, there is no cross-sectional heteor-
egeneity in treatment effects in our model. Hence, the
source of the commensurability problem we identify is
distinct from those discussed in the earlier literature. In
particular, our commensurability problem has nothing
to do with localness—it has to do with the way in which
the same variation in treatment results in different in-
formational effects depending on the source of that
variation.

Second, we are not focused on whether a reduced-
form approach can identify structural parameters.
Deaton (2010) andHeckman andUrzua (2010) criticize
reduced-form approaches by arguing for a different
estimand, and in this sense, they are rejecting the goals
of identification-oriented empirical researchers. By
contrast, we concede that the estimands associated with
reduced-form relationships can be of theoretical in-
terest. We then show conditions under which standard
research designs employed in various substantive lit-
eratures do or do not capture these very estimands from
the ideal experiment.

The work most similar to ours represents a specific
research design in a formal model and asks what
quantity it recovers. For instance,Eggers (2017)directly
represents the election regression discontinuity (RD) in
a model of the incumbency advantage to show that the
RD does not purge electoral selection. Fudenberg and

4 See Goldberger (1972) for a description of structural models, and
Angrist, Imbens, andRubin (1996) for a discussion of the relationship
between structural models and the potential outcome framework.
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Levine (2019) model research designs, such as RD or
difference-in-differences, in amodelwhere information
feedback affects effort that endogenously determines
treatment. Other work, somewhat further afield, uses
theory to think about how to optimally design treat-
ments to maximize learning (Banerjee, Chassang, and
Snowberg 2017; Chassang, Padró i Miquel and Snow-
berg 2012) or to question the normative or positive
interpretation of well-identified empirical findings
(Ashworth and Bueno de Mesquita 2014; Ashworth,
Bueno de Mesquita, and Friedenberg 2018; Fowler
2018; Izzo,Dewan, andWolton 2018; Prato andWolton
2018; Sun and Tyson 2019; Wolton 2019).

A SIMPLE ILLUSTRATIVE EXAMPLE

Tobuild intuition,we startwitha simple formalexample
that illustratesour twokey results,whichare then shown
in greater generality in the sequel. This example, unlike
our theorems, is focused on the protest application and
is built on specific functional forms.

A group of citizens decides whether to protest, and
then, the government responds. To keep things simple,
we treat the group of citizens as a unitary actor. The
general framework in thenext sectionhoweverdoesnot
require this sort of simplification.

The group has one of two types u 2 u; �uf g. Think of
the group’s type as representing its level of antigov-
ernment sentiment. The prior probability that u ¼ �u is p
2 (0, 1).The cost of protestingmaybe low cð Þorhigh �cð Þ,
each with equal probability. High costs can be thought
of as representing, for example, bad weather.

The group protests if and only if u . c. Assume
�u > �c > u > c, so that a high type always protests and
a low typeprotests if andonly if the costs of protesting are
low. So more antigovernment types are willing to bear
highercosts toprotest thanarelessantigovernment types.

Thegovernmentobservesprotest behaviorand forms
a posterior belief, p̂, about the probability that u ¼ �u.
The government’s response is described by a function r
that takes as an input whether there was a protest and
the government’s posterior belief. Let I be an indicator
function that takes the value 1 if there was a protest and
0 if there was not. Then, the government’s response
function is as follows:

r I; p̂ð Þ ¼ �aþ �b � p̂g if I ¼ 1
aþ b � p̂g if I ¼ 0;

�

with �a > a > 0, �b$b > 0, and g . 0.
The parameter a represents the government’s direct

response to having protestors in the street—for instance,
the government may be willing to make concessions or
engage in repression to end a disruptive protest. So �a > a
says that protests directly influence government behavior.
The term b � p̂g represents the government’s response to
its beliefs about the citizens’ level of antigovernment
sentiment—for instance, the government’s willingness to
make concessions or engage in repressionmaydependon
howdisgruntled it believes its citizen are. If �b > b, there is
an interactionbetweenthedirectand informational inputs

to the government’s response—for instance, the gov-
ernment may be more willing to engage in repression to
end a disruptive protest when it is particularly worried
about citizen disgruntlement. By contrast, if �b ¼ b, then
the direct and informational effects of protest on gov-
ernment behavior are additively separable. The term p̂g

says that the government’s response is increasing in its
posterior beliefs that u ¼ �u. The parameter g allows
flexibility in the shape of this function.

Representing the Ideal Experiment:
Unobservable Costs

An ideal experiment would manipulate protest be-
havior by changing the costs in a way that is un-
observable to the government. So imagine a situation in
which c cannot be observed by the government but can
be observed by the citizen group and a researcher.

UsingBayes’ rule, if a protest occurs, the government
has posterior beliefs:

Pr �u j protestð Þ ¼ 2p
1þ p

:

If a protest does not occur, the government is certain
the group is of low type:

Pr �u j no protestð Þ ¼ 0:

What is the average effect on the government’s re-
sponse of a decrease in the cost of protesting?

If costs are low, then a protest occurs for sure and the

government’s response is r 1; 2p
1þp

� �
. If costs are high,

then a protest occurs with probability p. If a protest

occurs, the government’s response is again r 1; 2p
1þp

� �
.

But if a protest does not occur, the government’s re-
sponse is r(0, 0). So the average effect of lower costs is

r 1;
2p

1þ p

� �
� pr 1;

2p
1þ p

� �
þ 1� pð Þr 0; 0ð Þ

� �

¼ 1� pð Þ �a� aþ �b � 2p
1þ p

� �g� �
: (1)

Equation (1) represents the reduced form causal re-
lationship between the costs of protesting and the gov-
ernment’s behavior (think of the analogue to two-stage
least squares). Of course, lowering the cost does not
always result in a change in protest behavior. With low
costs, there is always protest, whereas with high costs,
there is protest with probability p. Consequently, the
effect of lowering of costs on the probability of protest is
1 2 p. Dividing the reduced-form relationship in Equation
(1)by this“first stage”gives the local total averageeffect
of increased protest on government response that
results from unobservably lowering costs (this is the
analogue of the IV orWald estimator).We label this tu:

tu ¼ �a� aþ �b � 2p
1þ p

� �g

: (2)

We can decompose this total effect into two sub-
stantive components: a direct effect and an in-
formational effect. The direct effect is the effect of
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increased protest behavior holding beliefs fixed (here
we hold them fixed at 2p

1þp):

du ¼ �a� aþ �b� b
� �

� 2p
1þ p

� �g

: (3)

The informational effect is the effect of changing the
government’s beliefs from what they would be if no
protest occurs (0) to what they would be if a protest

occurs 2p
1þp

� �
, holding protest behavior fixed (here,

fixed at a protest not occurring):

iu ¼ b
2p

1þ p

� �g

: (4)

The total effect (tu) is equal to the sum of the direct
effect (du) and informational effect (iu). Notice, we
could have defined the direct effect holding beliefs fixed
instead at 0 and then redefined the information effect at
a protest occurring. Nothing hinges on this choice.

Importantly, tu, du, and iu do not represent quantities
that we think of as directly observable by an empirical
researcher. Rather, these are representations of effects
of theoretical interest in the ideal experiment, which an
empirical researcher might never encounter. The
commensurability problem is about whether actual
research designs estimate any of these quantities.

Representing an Actual Research Design:
Observable Costs

A common research design uses weather as an in-
strument, which of course, is observable to the gov-
ernment. So our next step is to study, within our model,
the effect of an observable shock to the cost of pro-
testing. Then, we ask whether there is a commensura-
bility problem: that is, does the quantity that the actual
research design estimates correspond to a theoretical
quantity of interest in the ideal experiment?

So let’s think about the same model, but now assume
that the costs are observable to the government. Using
Bayes’ rule again, we now have to calculate the gov-
ernment’s beliefs conditional on both whether or not
a protest occurs and whether costs are high or low. If
costs are low, both types protest, so the government
learns nothing and its posterior equals its prior:

Pr �u j protest; cð Þ ¼ p:

Bycontrast, if costs arehigh, one typeprotests and the
other doesn’t, so the government learns everything:

Pr �u j protest;�cð Þ ¼ 1:

Pr �u j no protest;�cð Þ ¼ 0:

What is the average effect on the government’s re-
sponseof the increasedprobability of protest associated
with a decrease in the cost of protesting when costs are
observable?

If costs are low, then a protest occurs for sure and the
government’s response is r(1, p). If costs are high, then
a protest occurs with probability p. If a protest occurs,
the government’s response is r(1, 1), but if a protest does

not occur, the government’s response is r(0, 0). So the
average effect of lowering observable costs is

r 1; pð Þ � pr 1; 1ð Þ þ 1� pð Þr 0; 0ð Þ½ �
¼ 1� pð Þ �a� að Þ þ �b pg � pð Þ:

Just as before, wedivide by 12 p to get the effect of the
change in protest behavior due to a change in costs (to):

to ¼ �a� aþ �b � p
g � p
1� p

:

If an empirical researcher uses a research design that
corresponds to this nonideal experiment (i.e., one with
observable cost shocks), then to represents the resulting
IV estimate.

Commensurability

It is nowstraightforward to thinkabout commensurability
in the context of our example. We imagine that an em-
pirical researcher uses a research design with observable
costs. Thus, the only thing she actually observes is an
estimateofto.Butwhat she reallywants to learnaboutare
effects of theoretical interest in the ideal experiment—tu,
du, or iu. Can she use her estimate of to to do so?

Afirst observation is that the total effect of the change
in protest induced by a shock to costs is not the same
when that shock is and is not observable. Formally, tu5
to if and only if

2p
1þ p

� �g

¼ pg � p
1� p

;

which never holds. The left-hand side is greater than the
right-hand side for any p 2 (0, 1) and g. 0. This means
that the research design using observable weather
shocks does not estimate the total effect in the ideal
experiment, a manifestation of the commensurability
problem in our example.

The key thing going on is a difference in the in-
formation effects between the actual research design
and the ideal experiment. In both cases, there is the
same change in protest behavior in response to a cost
shock—theprobabilityofprotest increasesby12p.But
there are different effects on beliefs. When costs are
observable, the informational content of a protest
depends on what the costs are—the government
understands that a large protest means something dif-
ferent on a sunnydayandona rainyday.When costs are
low, there is no informational content—holding a pro-
test onanice sunnyday is tooeasy for thegovernment to
conclude anything about citizen attitudes. But when
costs are high, there is considerable informational
content because only truly angry citizens protest in the
rain. By contrast, with unobservable shocks, the govern-
ment has to average across these possibilities, leading to
different beliefs in the two scenarios. As a consequence,
the same change in average protest behavior has different
effects on government behavior in the ideal experiment
and the actual research design. This creates the com-
mensurability problem: the quantity estimated by the
research design does not correspond to the theoretical
object of interest in the ideal experiment. This fact cor-
responds to our first theorem below.

The Commensurability Problem
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One way of thinking about this result is that an ob-
servable shock violates the exclusion restriction be-
cause it affects the way the treatment (here, protest) is
interpreted. In this sense, our argument can be un-
derstood as illustrating how theoretical arguments can
highlight an important way in which, to use Heckman’s
(2000) terminology, an external instrument may fail to
be exogenous. (Sarsons [2015] discusses other ways
rainfall may violate the exclusion restriction.)

A thought one might have is that, although the es-
timate generated by a research design with observable
shocks does not correspond to the total effect of in-
creased protest in the ideal experiment, maybe it cor-
responds to just the direct effect. The intuition is that
when the government observes the cost shock, it knows
those shocks are causing a change in protest behavior.
Hence, it won’t mistakenly think that increased protest
sizedue to lower costs is the result of a genuine change in
antigovernment sentiment. So, maybe once it takes the
shock into account, there is no informational content
left in the change in protest behavior. If this is the case,
perhaps the effect being estimated by a research design
using observable shocks to protest costs captures just
the direct effect in the ideal experiment, purged of any
informational effect.

Comparing the total effect in the model with ob-
servable shocks to just thedirect effect in themodelwith
unobservable shocks, and rearranging, we see that they
are equal if and only if

1þ pð Þg pg � pð Þ
2pð Þg 1� pð Þ ¼

�b� b

�b
:

The left-hand side of this condition is strictly de-
creasing in g. The right-hand side is constant in g. As
such, for any p 2 (0, 1), this condition holds for at most
one value of g, which is to say that the actual research
design isolates the direct effect in the ideal experiment
only in a knife-edge case.

To start to get some intuition for what is going on,
think about the case where the direct and informational
effectsofprotest ongovernmentbehaviorareadditively
separable (i.e., �b ¼ b). In this case, the right-hand side is
zero and the unique g for which the condition holds is
g 5 1. That is, if the direct and informational effects of
protest on government behavior are additively sepa-
rable, then the total effect in the actual research design
equals the direct effect in the ideal experiment if and
only if the government’s behavior is linear in its beliefs.
Why is this true?

Additive separability implies that the direct effect
doesn’t dependon thebeliefs. Thismeans that thedirect
effect in the actual research design and the ideal ex-
periment are the same, even though the government
always has different beliefs in those two settings. As
such, for the total effect in the actual research design to
be equal to the direct effect in the ideal experiment,
there must be no information effect in the actual re-
search design. It might seem that this is impossible
because the government does learn from observing
protest size. But, as must be the case for a Bayesian
actor, the government’s posterior beliefs on average

equal its prior beliefs. And so the information effect,
which averages across the possible shocks, is zero if and
only if beliefs enter linearly, so that theaverage is all that
matters.

If there is not additive separability (i.e., �b 6¼ b), then
there is in fact heterogeneity in the direct effect itself
because it dependson thegovernment’sbeliefs.5 Sonow
the direct effects in the actual research design and the
ideal experiment are not equal. As such, for the total
effect in the actual research design to be equal to the
direct effect in the ideal experiment, it must be that the
information effect in the actual research design is of
precisely the right size and sign to exactly off-set the
difference between the direct effects in the actual re-
search design and in the ideal experiment. This is ob-
viously a knife-edge condition, reflected in the fact that
it holds for one and only one value of g.

Our second theorem establishes that this logic gen-
eralizes. The quantity estimated by some research de-
sign in which the government’s information differs in
any way from the ideal experiment only corresponds to
the direct effect in the ideal experiment if: (1) there is no
informational effect in theactual experiment and (2) the
government’s best response is additively separable in
the direct effect of protest and it’s beliefs about the state
of the world.

GENERAL FRAMEWORK

The example illustrates the key forces at work in our
results. However, it was special, making use of specific
functional forms and other restrictive assumptions.
Moreover, it was directly tied to the protest in-
terpretation. In this section, we develop a more general
and flexible framework to explore the commensura-
bility problems highlighted by the example. Proving
similar results in this setting will elucidate the ways in
which the commensurability problem does not depend
on these special assumptions and thus applies across
a wide array of substantive applications.

In our formalization, there are three random vari-
ables: a state of the world (u), a shock (v), and idio-
syncratic noise («). The state of the world u is drawn
from the set u; �uf g according to the prior distribution
p ¼ Pr �uð Þ. The shock is drawn from a compact set
V � R. Let V;B;mð Þ be a probability space with Borel
s-algebra, B, and probability measure m that is abso-
lutely continuous with respect to Lebesgue measure.
The idiosyncratic noise is a random variable that is
independent of everything. This introduces observa-
tion noise into the process and implies that the de-
cision-maker’s posterior beliefs are never degenerate.
The only difference between the shocks and obser-
vation noise is that the empirical researcher also does
not observe this idiosyncratic noise; our results do not
rely on the presence of this idiosyncratic noise.

5 This heterogeneity is distinct from the cross-sectional heterogeneity
highlighted by Deaton (2010).
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These three factors, together, determine the outcome
of a “social process” (e.g., a protest or election)
according to the following:

Av
u;« ¼ F uþ vþ «ð Þ;

where F : R ! R is a strictly monotone function. The
social process could be the result of strategic consid-
erations of a set of individuals, alongwith the associated
equilibrium logic, but our results do not require on such
a formulation. The social process determines treatment
assignment according to

Tv
u;« [T Av

u;«

� �
:

The function T is weakly monotone and maps from
outcomes of the social process to a linearly ordered set
of possible treatments, T .

Let I(u,v, «) be the decision-maker’s information set.
Then, her posterior belief is

p I u;v; «ð Þð Þ ¼ Pr u ¼ �u j I u;v; «ð Þð Þ:
Notice, for example, that if the shock is unobservable

by the decision-maker, then this posterior belief might
dependonvonly through its effect onAorT.However,
if v is observable, then the posterior belief might be
different for twodifferent values of the shock,v, even at
fixed values of A and T. This observation will become
important below.

The outcome of interest for the empirical analyst is
the decision-maker’s response. The set of possible
responses is a compact subset R � R. The decision-
maker’s response depends on the value of treatment as
well as the decision-maker’s posterior beliefs about the
state of the world. It is represented by the one-to-one
and continuously differentiable function:

r T;pð Þ : T 3 0; 1½ � ! R:

Microfounding the decision-maker’s response as
coming from the maximization of a utility function is
standard and so we omit the details (see, e.g., Mas-
Collel, Whiston, and Green [1995, chap. 3] or Kreps
[2012, chap. 3]).6

Contrasts and Effects

The shock plays a critical role in our analysis, specifi-
cally, its role is to exogenously vary the outcome of the
social process, A, thus changing treatment in-
dependentlyof the stateof theworldu.Westart byusing
the shock to define causal effects, but before doing so, it
will be useful to introduce a little terminology.

Definition1.A contrast is apair (v9,v0)wherev9,v02
V such that v9 „ v0. The set of contrasts is

C ¼ v9;v00ð Þ 2 V 3 V jv9 6¼ v00f g;
endowed with the product measure.

We assume that shocks matter for treatment on av-
erage. That is, there must be a “first stage relationship”
or there is no effect to study. So, for all (v9, v0),

Eu;« Tv99
u;« � Tv9

u;«

h i
6¼ 0:

Acontrast comprises two distinct values of the shock.
The local average total effect of a change in treatment
due to a contrast is obtained by comparing the decision-
maker’s average response at two distinct values of the
shock divided by the average value of treatment at the
same two values of the shock:

Definition 2. The local average total effect at the
contrast v9;v00ð Þ 2 C is

t v9;v00ð Þ

¼
Eu;« r Tv00

u;«; p I u;v00; «ð Þð Þ
� �

� r Tv0
u;«; p I u;v0; «ð Þð Þ

� �h i
Eu;« Tv00

u;« � Tv0
u;«

h i :

The total effect canbedecomposed into adirect effect
and an informational effect.

Definition 3. Fix a posterior belief
pv0
u;« ¼ p I u;v0; «ð Þð Þ. The local average direct effect at

the contrast (v9, v0) and the belief pv0

u;« is

d v9;v00ð Þ ¼
Eu;« r Tv00

u;«;p
v0

u;«

� �
� r Tv0

u;«;p
v0

u;«

� �h i
Eu;« Tv00

u;« � Tv0
u;«

h i :

Definition 4. Fix a treatment status Tv00

u;«. The local
average informationeffectat the contrast (v9,v0)and the
treatment status Tv00

u;« is

i v0;v00ð Þ

¼
Eu;« r Tv00

u;«;p I u;v00; «ð Þð Þ
� �

� r Tv00

u;«;p I u;v0; «ð Þð Þ
� �h i

Eu;« Tv00
u;« � Tv0

u;«

h i :

From Definitions 2–4, we have the following
decomposition:

t v0;v00ð Þ ¼ d v0;v00ð Þ þ i v0;v00ð Þ (5)

¼ � d v00;v0ð Þ þ i v00;v0ð Þð Þ: (6)

Notice that for a single contrast, (v9,v0), thereare two
(potentially) different direct and informational effect
pairs whose sum corresponds to the same total effect.
Nothing hinges on which pair one chooses.

Experiments

Our definition of an experiment is in the spirit of
Blackwell (1951).Our frameworkdescribesasetof states
corresponding to the cross-product of the sets of con-
trasts, states of the world, and idiosyncratic noise. In our
terminology, an experiment, E, is the probabilitymeasure
over this set of states, along with the decision-maker’s
information set (whichwedenote IE).Whenwecompare
experiments (representing various research designs), we
hold the probability measure over the set of states fixed
and vary the decision-maker’s information set.

6 See Conlisk (1973) on functional forms of response functions in
experimental studies.
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To start thinking about commensurability, we first
need to define the ideal experiment.As we discussed in
the introduction, and illustrated inour example, an ideal
experiment is one where the decision-maker observes
treatment but does not observe the process that leads to
her particular treatment assignment.

Definition 5. The ideal experiment is an experi-
ment where the decision-maker’s information set is

II u;v; «ð Þ ¼ Tv
u;«

n o
:

Commensurability

We are interested in whether various nonideal
experiments, corresponding to canonical research
designs used in prominent empirical literatures, might
estimate an effect of theoretical interest in the ideal
experiment. To answer this question, we first need to
develop some terminology.

Label the total, direct, and information effects at
a contrast (v9, v0) in some experiment E by tEu;« v0;v00ð Þ,
dEu;« v0;v00ð Þ, and iEu;« v0;v00ð Þ, respectively. For the ideal
experiment in particular, we label these quantities
tIu;« v0;v00ð Þ, dIu;« v0;v00ð Þ, and iIu;« v0;v00ð Þ.

Conceptually, one can think of any given study as
being representedbyone realizationof someexperiment
in our framework. So we start by defining what it means
for one particular instance of an experiment, associated
with some particular contrast, to capture an effect of
interest in the ideal experiment. The idea is that the
experiment captures the effect in the ideal experiment if
the total effect in the experiment (which represents the
only thing the empirical researcher observes) equals the
effect of interest in the ideal experiment.

Definition6.Anexperiment,E, capturesaneffectEI 2
tI ; dI ; iI

	 

in the ideal experiment at the contrast (v9,v0)

and prior p if

tE v0;v00ð Þ ¼ EI v0;v00ð Þ:
Of course, an experiment capturing an effect of

theoretical interest in the ideal experiment at one
particular contrast and prior is not enough to have
confidence that we are learning about the quantity of
interest. For that, we want a theoretical analogue of
econometric identification (Imbens and Angrist 1994;
Koopmans and Reiersol 1950). That is, we want to
ensure that an actual research design captures the effect
of interest in the ideal experiment with probability one.

Definition 7.An experiment, E, is commensuratewith
the ideal experiment for an effect EI 2 tI ; dI ; iI

	 

if E

captures the effect EI in the ideal experiment at almost
every contrast and prior Æ v0;v00ð Þ; pæ 2 C3 0; 1ð Þ.

Discussion of Concepts

In this section, we discuss two important components of
our analysis. First, we discuss our choice to study the
commensurability problem in the context of an ideal
experiment. Second, we briefly relate our assumptions
to common theoretical frameworks.

Haavelmo (1944, 14) distinguishes between two
different classes of experiments, an ideal hypothetical
experiment that isolates causal channels and the set of
experiments that arenaturallyproducedbyNature.Our
analysis is about the relationship between these two
typesofexperiments.Buildingon this classicdistinction,
the benchmark of the ideal experiment is endorsed by
Angrist and Pischke (2009, 1) as a way of precisely
articulating causal questions, with a particular emphasis
on assessing the impact of interventions.

An important challenge to causal studies is articu-
lated byDeaton (2010) andHeckman (2000, 84–6), who
stress the importance of using a structural model as
a benchmark to evaluate the local average treatment
effect because, they argue, structural parameters have
a clear substantive interpretation. They further argue
that because most studies do not link the local average
treatment effect to a structural model, a theoretical
interpretation of the LATE is not implied.

We, of course, agree that learning about structural
parameters is the most satisfying version of estimating
quantities of theoretical interest. Our approach, how-
ever, allows for the possibility that there are reduced-
form quantities, short of structural parameters, that
might nonetheless qualify as of theoretical interest. For
instance, ina studyofprotests, onemightwant toanswer
a question like, “if the leader of an antigovernment
group were to switch to using violent tactics, would the
movement become more or less effective?”Obviously,
if one knew the structural parameters of the rightmodel
of protest, one could answer this question. But this is
more demanding than is needed.One could also answer
this question with the total effect from an ideal exper-
iment. Hence, we define the ideal experiment and the
associated effects as we do to give the reduced-form
approach the best shot possible at identifying quantities
of theoretical interest even when it cannot identify
structural parameters.

To highlight our results, we develop our framework
abstractly, rather than providing a more detailed be-
havioral or game-theoretic structure. We do this for
a number of reasons. First, our results follow from
general properties, namely, that the decision-maker
responds to treatment status and beliefs.7 Second, our
results are consistent with a number of different sub-
stantive scenarios. Generality, emphasize that many
different game forms are consistent with our approach.
Finally, deriving these features of the environment as
partofagame formwould involveanumberof additions
to our setup, such as payoffs and solution concepts, all of
which are standard and would not influence our main
results, but would complicate exposition.

MAPPING THE FRAMEWORK
TO APPLICATIONS

Before turning to the main analysis, we show how three
important substantive applications, which have each

7 For instance, we do not require the decision-maker to update her
beliefs consistentlywithBayes’ rule, but simply that her beliefs are not
constant across different pieces of information.
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generated attention by empirical researchers interested
in causal effects, fit into our framework.

The Efficacy of Protest

Protest and other forms of mobilization can influence
government policy—be it repression, concessions, or
other responses—through a multitude of different
channels, many of which fit into the distinction between
the direct and informational channels highlighted
above. For instance, mobilized dissent, as an expression
of political preferences, can communicate information
to the government about the extent of political dissat-
isfaction in society, and, thus, may have an in-
formational effect on the government’s response. In
addition, protests may be disruptive to the functioning
of society or the economy, and consequently, govern-
ments may respond to such dissent even in the absence
of new information about citizen dissatisfaction, thus
giving rise to a direct effect.

Assessing the efficacy of various forms of political
mobilization is a central, and vexing, concern for em-
pirical studies. To assess the efficacy of political mo-
bilization, one needs to compare government responses
with various levels or types of mobilization. The fun-
damental problem, of course, is that the decision to
mobilize is endogenous.

Not surprisingly, empirical work has turned to
searching for sources of exogenous variation in political
mobilization. The most prevalent strategy is an in-
strumental variables approach (Collins and Margo
2007; Dell 2012; Henderson and Brooks 2016; Hendrix
andSalehyan 2012;Huet-Vaughn2013;Madestamet al.
2013; Ritter and Conrad 2016). The basic idea is to look
for factors that shift individuals’ propensity tomobilize,
but that have no independent channel to affect out-
comes. The most common source of variation used in
this literature comes from theweather.The idea is that if
a protest is scheduled for a certain date, andon that date
there is, say, unexpected torrential rain or unusually
high temperatures, the individual cost of participating in
the protest increases. Thus, these random natural
phenomena provide an exogenous shock to citizens’
costsofparticipating inaprotest,whichcanbeused inan
instrumental variables analysis to isolate the effect of
mobilized turnout on government behavior.

Representing this approach in our framework is
straightforward.Thegovernment is thedecision-maker,
and the government’s response is measured, for ex-
ample, by levels of repression. The state of the world, u,
corresponds to the amount of antigovernment senti-
ment among citizens, and the social process, A, corre-
sponds to the aggregate level of participation in
antigovernment activities by citizens. In this case, we
can think of the treatment as simply being the level of
protest, so that T(A) 5 A.

The amount of protest is determined by the level of
antigovernment sentiment (u), the weather on the day
of the protest (v), and other idiosyncratic factors («). In
this context, variation in weather corresponds to
a contrast, (v9, v0). The effect of interest is isolated by
measuring the associationbetweenvariation in the level

of protest due to rainfall and variation in repression (or,
in the case of the reduced-form relationship, the asso-
ciation between variation in rainfall and variation in
repression). Many standard models in the literature on
protest show how to micro-found protest in these kinds
of concerns (Angeletos and Pavan 2013; Angeletos,
Hellwig, and Pavan 2006, 2007; Bueno de Mesquita
2010;Casper andTyson 2014;Edmond 2013; Shadmehr
and Bernhardt 2011; Tyson and Smith 2018).

Empowering Female Candidates

Our second application corresponds to empirical
studies that focus on the empowering effect of women
officeholders by addressing whether one female can-
didate winning elected office causes other potential
female candidates to run for office in subsequent
elections (Baskaran and Hessami 2018; Broockman
2014; Ladam, Harden, and Windett 2018).

Avictorybya female candidate could empowerother
female candidates through both direct and in-
formational channels. A direct effect might arise if
women prefer serving in office when there are other
elected women who can, for example, serve as mentors
or who may be desirable legislative collaborators. An
informational effect might derive frompotential female
candidates interpreting earlier electoral victories by
female candidates as evidence that voters are less dis-
criminatory than they had previously suspected.

Identifying these causal effects is, of course, difficult
because of a variety of endogeneity concerns—for in-
stance, perhaps female candidates bothwin and emerge
more often in more liberal districts. To address such
concerns, a growing literature uses an election re-
gression discontinuity design (Baskaran and Hessami
2018; Broockman 2014). The idea is to consider districts
with male and female candidates running against one
another. In some, the female candidate just barely wins,
and in others, the male candidate just barely wins. If
potential outcomes (i.e., future female candidates’
willingness to run) are continuous at the electoral
threshold, then comparing the frequency with which
future female candidates run in districts that had a fe-
male vs. male victory provides an estimate of the causal
effect of having a female candidatewin on future female
candidacies.

Again, we can represent this scenario within our
framework. The decision-maker in our model corre-
sponds to a future potential female candidate. We can
think of her response function, r, as measuring her
willingness to run.The state of theworld in themodel, u,
is the amount of antifemale bias among the electorate,
and theoutcomeof the social process,A, corresponds to
the vote differential between the female and male
candidate in the initial election. It is determined by
antifemale bias (u), other features of the candidates or
electoral environment that affect voting for the two
candidates (v), and idiosyncratic factors on electionday
(«).

The treatment is the gender of the electoral winner in
the initial election. This treatment is a monotone
function of the vote differential,A, but it changes values
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only once, at the electoral threshold. In particular,
treatment can take one of two values—a female (F) or
male (M) winner in the previous election:

T Að Þ ¼ F if A$ 0
M if A, 0:

�

Theeffect of interest is isolatedby comparingdistricts
where a female candidate just won against a male op-
ponent to districts where a male candidate just won
against a female opponent.

Indiscriminate Violence in Counterinsurgency

The final applicationwe focus on concerns the effects of
indiscriminate violence by counterinsurgents on rebel
violence. Naturally, there are important empirical
challenges that arise in isolating the effect of in-
discriminate violence. The most common research de-
sign in the indiscriminate violence literature uses
a difference-in-differences approach to compare
matched localities in periods when they did or did not
experience indiscriminate violence (Benmelech, Ber-
rebi, and Klor 2014; Condra and Shapiro 2012; Lyall
2009). For instance, Lyall (2009) exploits a Russian
doctrine of random shelling to generate variation in
civilian casualities among similar villages and Condra
and Shapiro (2012) match on levels of violence and
exploit civilian deaths resulting from the violence.

Dell and Querubı́n (2017) take a somewhat different
approach. They study the effect of aerial bombing by
American forces in Vietnam on violent activity by the
North Vietnamese insurgents (among other outcomes).
The source of variation in their study comes from dis-
continuities in U.S. bombing strategy. Each locality was
given a score basedona complex algorithmwhose inputs
includedregular surveysof local commanders.Rounding
thresholds inthatalgorithmledotherwisesimilarhamlets
to experience different levels of bombing. We focus on
Dell andQuerubı́n’s (2017) study, but return to compare
their results with other studies later.

It is again straightforward to map this setting to our
framework. The decision-maker in our model corre-
sponds to North Vietnamese insurgent commanders,
and the response function, r, measures the amount of
violence engaged in by insurgents. The state of the
world in the model, u, might represent something like
the level of U.S. resolve in the VietnamWar. The social
process,A, corresponds to the level of bombing used by
U.S. forces against a particular hamlet. It is determined
by something like the level of U.S. commitment in
Vietnam (u), the dozens of factors that affect the
hamlet’s score in the bombing algorithm (v), and idi-
osyncratic factors like data entry errors («).

The treatment is the amount of civilian casualties
and destroyed infrastructure in the hamlet, T(A),
which is increasing in the amount of bombing. The
effect of interest is isolated using a regression dis-
continuity at the rounding threshold, which compares
hamlets that had essentially identical scores in the
bombing algorithm but experienced very different
levels of bombing.

RESULTS ON COMMENSURABILITY

We now return to our theoretical framework and
consider the commensurability problem formally.

Our first result addresses commensurability for the
total effect. The news is not good.

Theorem 1. An experiment, E, with associated in-
formation set IE , is commensurate with the ideal exper-
iment for the total effect if andonly if treatment status,T, is
a sufficient statistic for IE with respect to u.

This result says that an arbitrary experiment is only
commensuratewith the total effect in the idealexperiment
if the decision-maker, whose response is the outcome of
interest, has no information about the state of the world
beyond what she learns from treatment status.

Suppose the decision-maker has additional in-
formation beyond that entailed in treatment status, for
instance, because she observes the value of the shock (v)
or the outcome of the social process (A) directly. Then,
forafixed treatment,T, shewillhaveadifferentposterior
beliefaboutu in thatexperiment thanshewouldhavehad
in the ideal experiment. This means that the information
effect is different in the two experiments, andwhen there
are interactions between posterior beliefs and treatment
status in the decision-maker’s response (r), then the di-
rect effects are also different. Thus, unless the difference
in the information effects and the difference in the direct
effects exactly off-set, the total effect in the nonideal
experiment and the total effect in the ideal experiment
are not the same. Theorem 1 confirms that, generically,
these differences do not off-set, so that any nonideal
experiment inwhich the decision-maker has information
beyond knowledge of treatment status is not commen-
surate with the ideal experiment for the total effect. This
commensurability problem matters because (short of
estimating structural parameters) the total effect in the
ideal experiment is often the quantity of most interest
theoretically and substantively.

Although Theorem 1 shows that, in a setting where
the decision-maker has information beyond knowledge
of treatment status, a nonideal experiment does not
estimate the total effect in the ideal experiment, perhaps
it could estimate a different quantity of theoretical in-
terest in the ideal experiment.

One intuition is that, if the decision-maker has
enough extra information, perhaps there will be no
information left in treatment assignment. If this were
the case, maybe the nonideal experiment would esti-
mate the direct effect of treatment in the ideal experi-
ment, purged of any information effect. The next result
shows that this intuition is correct, but only under an
additional fairly stringent condition.

Theorem 2. An experiment E with associated in-
formation set IE , where II is not sufficient for IE with
respect to u, is commensurate with the ideal experiment
for the direct effect if and only if

1. the information effect in E, iE v0;v00ð Þ, is equal to zero for
almost every contrast, (v9, v0);

2. the decision-maker’s response function, r(T, p), is ad-
ditively separable between its two arguments for almost
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every v, i.e., if there exist functions r1 : T ! R and r2 :
0; 1½ � ! R such that for almost every v:

Eu;« r Tv
u;«;p I u;v; «ð Þð Þ

� �h i
¼ Eu;« r1 Tv

u;«

� �h i
þ Eu;« r2 p I u;v; «ð Þð Þð Þ

� �
:

The first condition requires that there be no in-
formation intreatment status in thenonidealexperiment.
But even this is not enough. The second requirement is
that the decision-maker’s response be additively sepa-
rable in the direct effect of treatment and her posterior
beliefs about the state of theworld. If a decision-maker’s
response to treatment depends on her beliefs, then even
if there is no information effect in the experiment, the
direct effects will be different between a nonideal and
ideal experiment because the posterior beliefs will be
different. That is, without additive separability, because
the decision-maker’s posterior beliefs are different in the
two experiments, the same change in treatment status
will have different effects on the decision-maker’s re-
sponse. The second condition, then, is closely tied to
concerns about heterogeneous treatment effects, a topic
we will return to when we discuss the application to fe-
male candidates in greater detail below.

COMMENSURABILITY INTHEAPPLICATIONS

Motivated by the results in the previous section,we now
ask whether some prominent research designs in po-
litical science and economics generate estimates of
theoretically interpretable effects in their associated
ideal experiments. This involves asking two questions.

First, motivated by Theorem 1, we ask whether
prominent empirical approaches satisfy the re-
quirement that treatment assignment is plausibly
a sufficient statistic for the decision-maker’s in-
formation set in the relevant empirical settings. We
argue that in our first two applications discussed
above—the efficacy of protest and the empowerment of
female candidates—this is not the case. Thus, Theorem
1 indicates that in these applications, the research
designs commonly used in empirical research are not
estimating the total effect in the ideal experiment. By
contrast, we argue that this condition is met in Dell and
Querubı́n’s (2017) study of indiscriminate bombing in
Vietnam, and consequently, Theorem 1 suggests their
study is estimating the total effect in the ideal
experiment.

Second,motivated byTheorem2,we askwhether the
conditions for commensurability for the direct effect are
met. We argue that the answer is again no for the lit-
erature on the efficacy of protest. But in our second
application, on the empowerment of women candi-
dates, we argue that at least the first condition (zero
information effect in the nonideal experiment) is met.
Thus, Theorem 2 highlights that commensurability for
the direct effect comes down to answering a substantive
question about the plausibility of the additive separa-
bility of the decision-maker’s response.

Efficacy of Protest

The application ofTheorem1 to the empirical literature
on the efficacy of political mobilization is straightfor-
ward.The ideal experiment for understanding the effect
of protest behavior on government response involves
a shock to protest behavior that is not observable by the
government. But the actual research designs used in the
literature exploit variation in protest behavior due to
weather shocks. Such studies may be estimating per-
fectly sensible causal estimates; after all,weather shocks
domanipulate protest size. But weather shocks are also
observable to the government (that is, v 2 IE u;v; «ð Þ).
This affects how the government updates its beliefs in
response to changes in protest behavior. As such, the
estimates of the efficacy of protest obtained using
weather shocks do not estimate the total effect of
a change inprotest behavior in the ideal experiment. Put
differently, they donot estimate the effect of a change in
protest behavior that is due to, say, actual changes to the
underlying level of citizen discontent or unobservable
changes in the capacity of antigovernment groups.

There is something at stake here. Many of the most
prominent contributions in this literature are interested
in the question of whether protests are productive or
counterproductive. Theremay, of course, be competing
effects. Suppose the direct effect of protests is coun-
terproductive (e.g., governments get angry at protestors
andwant to repress them) but the informational effect is
positive (e.g., when governments learn their citizens are
truly angry, they may be inclined to change policy in
ways that are beneficial to the citizens). The estimate
from a research design that does not mimic the in-
formational environment of the ideal experiment, and
thus estimates a combination of a direct effect and an
information effect that is infected by the government’s
interpretationofwhat the size of a protestmeans in light
of the weather, and may get the sign of the total effect
wrong relative to the ideal experiment. This could lead
to incorrect, or at least difficult to interpret, conclusions
about the efficacy of protest as a means to achieving
political change by citizens.

Theorem 2 also implies that research designs using
weather shocks do not estimate the direct effect of
protest in the ideal experiment. To estimate the direct
effect, there would need to be no information for the
government from a change in protest size induced by
weather. And, moreover, the way that the government
responded to a disruptive protest would need to be
additively separable from its assessment of its citizens’
level of antigovernment sentiment.

The question of additive separability is, of course,
a substantive one. However, it seems unlikely that
a government’s direct response to protestors in the
streets is independent of its overall sense of public
dissatisfaction.

We can provide a bit more formal guidance for
whether there is zero information effect in the nonideal
experiment where the decision-maker observes the
shock. Let f be the (differentiable) density function of
idiosyncratic noise, «. Then, assuming the decision-
maker updates her beliefs using Bayes’ rule, her
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posterior belief that u ¼ �u at a level of protest A and
a shock v (with both observable) is

p A;vf gð Þ

¼
pf F�1 Að Þ � �u� v

 �
pf F�1 Að Þ � �u� vð Þ þ 1� pð Þf F�1 Að Þ � u� vð Þ :

For the information effect to be zero, for almost every
A, this posterior belief needs to be constant in v almost
everywhere. Differentiating, a zero information effect
requires that for almost all v:

f9

f
F�1 Að Þ � �u� v
 �

¼ f9

f
F�1 Að Þ � u� v
 �

:

This condition holds if and only if f is almost ev-
erywhere log-linear, a highly restrictive condition.

We want to emphasize that we do not intend these
results as critiques of the specific papers using weather
shocks toestimate theefficacyofprotests. Seen from the
perspective of the project of doing better causal in-
ference, those papers make important advances.
Rather, our goal is to shed some light onwhetherwe can
interpret those estimates in terms of important theo-
retical quantities in the ideal experiment tohighlight the
conceptual difficulties associated with studying the ef-
fect of behavior on behavior.

Empowering Female Candidates

Thebest identifiedempirical studieson theempowerment
of female candidates use a regression discontinuity design
(Baskaran and Hessami 2018; Broockman 2014).

In the ideal experiment, the decision-maker (a future
potential female candidate) observes only treatment
status—i.e., whether a male or female won the last
election. Hence, in the ideal experiment, the decision-
maker has posterior beliefs:

p II u;v; «ð Þ
 �

¼
Pr u ¼ �ujAv

u;«$0
� �

if Tv
u;« ¼ F

Pr u ¼ �ujAv
u;« , 0

� �
if Tv

u;« ¼ M:

8<
:

But now consider the actual electoral regression
discontinuity design used to assess the effect of a female
victory on future female candidacy. Presumably, po-
tential future female candidates are paying some at-
tention to nearby races precisely because such races are
informative about their ownelectoral prospects.Hence,
it seems likely that she observes not just who won the
previous election (T) but the vote totals in that election
as well (A). That is, Av

u;« 2 IE u;v; «ð Þ.
Notice, the binary variable T (whether a female

candidate wins) is entirely determined by the contin-
uous variable A (the vote differential). So treatment
status is certainly not a sufficient statistic for the de-
cision-maker’s information with respect to u (voter
bias). Indeed, instead, A is a sufficient statistic for T.
That is, the decision-maker can ignore who won in
formingherposteriorbeliefs; all sheneeds toknow is the
vote differential. Who won still matters for her action,
but only because of direct effects. Thus, even before
discussing any of the specifics of the regression

discontinuity, we already know by Theorem 1 that the
actual research design is not commensurate with the
ideal experiment for the total effect.

Nonetheless, it will be instructive to work through
what does happen in an experiment that represents the
actual research design, so we can think more carefully
about the regression discontinuity design and the direct
effect in the ideal experiment. Given that she observes
the vote total from the previous election, a Bayesian
decision-maker has posterior beliefs:

p IE u;v; «ð Þ
 �

¼ Pr u ¼ �u jAv
u;«

� �
:

The regression discontinuity design, of course, esti-
mates behavior at the electoral thresholdA5 0. In this
limit, the decision-maker’s posterior belief goes to

Pr u ¼ �u jAv
u;« ¼ 0

� �
:

This posterior belief is never equal to the posterior
belief in the ideal experiment. That is,T is not sufficient
for (T, A), and hence by Theorem 1, the research design
does not estimate the total effect in the ideal experiment.

As before, this is not a critique of the research design.
In our model, continuity of potential outcomes at the
threshold is satisfied. Rather, the problem is that future
potential candidates know the electoral returns from
the prior election, so they have more information than
the decision-maker in the ideal experiment.

The fact that,whenvote totals areobserved, posterior
beliefs are constant in treatment in the RD (i.e., in the
limit beliefs are always Pr u ¼ �u jA ¼ 0ð Þ) raises the
possibility that, despite not estimating the total effect in
the ideal experiment, the election RD may isolate the
direct effect. In particular, the electoral RD satisfies the
first requirement of Theorem 2—the information effect
in the nonideal experiment that represents the research
design is zero because beliefs are constant in treatment.

Theorem 2 then says that whether the election RD
identifies the direct effect of female victory in the ideal
experiment comes down to a substantive question—
whether female candidates’ willingness to run is an
additively separable function of treatment status
(whether a woman won) and posterior beliefs about
antifemale bias in the electorate. This question, put
another way, asks whether the direct effect of having
a female candidate win on another woman’s willingness
to run is different depending on that potential candi-
date’s beliefs about the amount of antifemale bias in the
electorate. There are reasonable arguments in either
direction. One possibility is that it is simply more pro-
ductive or rewarding to serve in office when there are
other women in office, regardless of what voters think.
This would suggest that additive separability is plausi-
ble. Another possibility is that, say, when voters are
particularly biased, the sense of solidarity associated
with another politician who has also overcome con-
siderable bias is heightened, suggesting that additive
separability does not hold. We don’t take a stand re-
garding which assumption is right. Rather, we simply
want to emphasize that Theorem 2 highlights this
substantive question, which one must answer to know
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whether the election RD identifies a quantity of theo-
retical interest in the ideal experiment—namely, the
direct effect of a female victory on future female can-
didates’ willingness to run.

This discussion of additive separability raises a final
point about Theorem 2 regarding heterogeneous
effects. There is no question that when the decision-
maker observes vote shares, the regression disconti-
nuity design yields an unbiased estimate of a local
average direct effect at the electoral threshold—
potential outcomes are continuous and beliefs are
constant at the threshold. This is truewhether or not the
decision-maker’s response satisfies additive separabil-
ity. Yet, without additive separability, this effect is not
commensurate with the direct effect at the same elec-
toral threshold in the ideal experiment.

This is because,when additive separability fails, there
are heterogeneous direct effects across different beliefs.
But the commensurability problem here is not the
standard concern that local average treatment effects
need not be the same as the average treatment effect
when effects are heterogenous.Here,we are comparing
two local direct effects (in the nonideal and ideal
experiments), holding the localness constant—in both
cases, we are talking about the direct effect at the same
electoral threshold. The commensurability problem
comes from the fact that, without additive separability,
the local direct effects at that same threshold are dif-
ferent quantities in the nonideal and ideal experiments
because the decision-maker’s beliefs are different.

These theoretical observations are, we think, par-
ticularly salient in light of recent evidence from election
RDstudies thatfinds null effects, suggesting that female
victories do not empower future female candidates
(Broockman 2014). The implication of Theorem 1 is
that we should be careful about overinterpreting such
a finding. The election RD purges the estimate of any
informational effect of a female victory. Thus, at most,
what we can conclude from such a finding is that there is
no evidence of a direct effect of a female victory on
empowerment of future female candidates. There still
might be an informational effect that is washed out by
the researchdesign.Theorem2says thatwe shouldeven
be hesitant about that conclusion if we do not believe
that the direct and informational components of a po-
tential candidate’s decision are additively separable.

Indiscriminate Violence in Counterinsurgency

The application of Theorem 1 to Dell and Querubı́n’s
(2017) study of indiscriminate bombing in Vietnam
leads to different conclusions than in the previous
applications we consider. Recall, in relating our model
to the empirical setting, we said that v represents the
inputs to the bombing algorithm scores, and contrasts
correspond to small changes to score inputs that got
magnifiedby rounding.Those scoreswere createdbyan
incredibly complex process that took a huge amount of
subjective data and returned simple indexes. The
rounding built into that processwas unobservable to the
insurgents (and, indeed, even to the Americans).
Hence, Theorem 1 implies that the effect estimated by

Dell and Querubı́n (2017) is commensurate with the
total effect of bombing in the ideal experiment—
treatment assignment is a sufficient statistic for the insur-
gents’ information relative to the state of world, which
representsU.S. resolve or strategy inVietnam.As such, the
effect of variation in bombing due to score rounding should
have the same effect on the insurgents’ beliefs, and thus
response, as similar variation in bombing due to actual
changes in America’s underlying resolve or strategy.

Something similar can be argued for the effect
identified by Lyall (2009) using random shelling by
Russian artillery. Assuming Chechen rebels were un-
aware of the Russian military doctrine that called for
random shelling, the effect of increased shelling in that
setting is similar to the effect of increased bombing due
to rounding errors in Vietnam. By contrast, the effect
identified by Condra and Shapiro (2012) is quite dif-
ferent. In particular, their identification strategy
exploits random collateral damage, holding fixed the
amount of counterinsurgent activity. In that setting, if
insurgents are aware of the amount of counterinsurgent
activity, then it seems there is no extra informational
content inwhethera civilianhappened tobekilled.This,
then, appears more similar to studies using the election
RD to study female empowerment.The researchdesign
purges information effects. Hence, Condra and Sha-
piro’s (2012) estimates are not commensurate with the
total effect, but by Theorem 2, they may be commen-
surate with the direct effect if the direct and in-
formational effects of civilian casualties on insurgency
are additively separable.

CONCLUSION

We articulate the commensurability problem, which
addresses the relationshipbetween theoretical concepts
and the empirical quantities that evaluate and confront
theories. Specifically, it concerns when actual research
designs estimate quantities of theoretical interest in
ideal experiments.

We study this problem in a formal setting where
treatment is determined by a process that itself has
informational content that matters for outcomes. We
establish two results. First, an experiment is only
commensurate with the ideal experiment for the total
effect if treatment status is a sufficient statistic for the
decision-makers’ information.When this is not the case,
information effects are systematically different across
nonideal and ideal experiments. Second, a nonideal
experiment is commensurate with the ideal experiment
for the direct effect if two conditions hold:

1. There is no information effect in the nonideal
experiment.

2. The decision-maker’s response function is additively
separable in treatment and information.

These results apply to any empirical setting that
exhibits both direct and informational channels. We
apply our results to three substantive literatures: the ef-
ficacy of protest, the empowerment of female candidates,
and indiscriminate violence in counterinsurgency. Doing
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soshowshowthinkingaboutcommensurabilitycanhelpus
better conceptualize the relationship between theoretical
quantities of interest, ideal experiments, and the estimates
generatedby actual research designs. In particular, each of
these literatures has made significant progress in terms of
causal identification.However, our results suggest that this
alone does not guarantee that they are estimating theo-
retically meaningful quantities from the ideal experiment.
Finally, although we explicitly illustrate how our results
apply to quasi-experimental settings, it is important to
stress that the commensurability problem can arise in any
empirical setting exhibiting both direct and informational
channels. Such channels can certainly arise in experi-
mental,aswellasquasi-experimentalsettings.For instance,
Grimmer,Messing, andWestwood (2012) experimentally
study how congressional press releases impact voter ap-
proval, where the effect of congressional press releases
might operate both through a direct psychological mech-
anism as well as through an informational mechanism
where the press release is informative about the repre-
sentative’s ability to procure distributive spending.

Our results, of course, can be viewed as largely
negative—showing ways in which even well-identified
estimates may fail to capture quantities of theoretical
interest. But we hope they can also be understood as
constructively offering guidance for how to think about
the design of empirical studies that can speak to theory
when the treatments and outcomes of interest are be-
havior and information effects are important. In this
spirit, our first result can be understood as encouraging
empirical researchers interested in engaging theory to
look for research designs where the variation in treat-
ment behavior cannot be observed by the outcome
agent.Dell andQuerubı́n(2017)provideaniceexample
of when this is possible. And our second result can be
understood as delineating the conditions under which
the direct effect of treatment can be recovered by
a research design and clarifying the key substantive
questions that need to be answered to know whether
this has been done successfully.

Our hope, then, is that this work will help with on-
going attempts to bridge the gap between careful re-
search design for causal inference and the theoretical
interpretability of the estimates obtained by such
studies.
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APPENDIX

Before presenting our main results, we first establish the
following Lemma:

Lemma 1 Let u 2 u; �uf g be Bernoulli distributed with pa-
rameter p ¼ P u ¼ �uð Þ and « followdistribution functionCwith
support a subset of R. Fix c 2 R and let X be a compact Borel-
measurable subset of R. If f(x, p; u, «) is a smooth function
whose gradient, =f x; p; u; «ð Þ : X3 0; 1½ �3 u; �uf g3R ! R4, has
full rank and where

f x; p; u; «ð Þ 6¼ c

for almost every (x, p, u, «), then

F x; pð Þ[E« pf x; p; �u; «ð Þ þ 1� pð Þf x; p; u; «ð Þ; p½ � 6¼ c;

for almost all values of x 2 X and p 2 [0, 1].
Proof: For a fixed constant, c, let

P ¼ x; pð Þ jF x; pð Þ ¼ cf g � X3 0; 1½ �;
and define the projection for a fixed x as

�Px ¼ p jF x; pð Þ ¼ cf g � 0; 1½ �:
If the setP is empty, thenwe are done, so suppose instead that
P is nonempty. Fix x and define the function

F̂ x;s; pð Þ[E« pf x;s; �u; «ð Þ þ 1� pð Þf x;s; u; «ð Þ; p½ �:
Next, for a fixed x and c, define the function s : [0, 1]→ [0, 1]:

F̂ x;s pð Þ; pð Þ ¼ c;

and note that s is smooth.
Because F̂ coincides with F only at fixed points of s,

any element q 2 �Px requires that s(q) 5 q, and thus, in

any open neighborhood of q contained in �Px, it must be
that

s9 qð Þ ¼ 1:

Because qwas arbitrary, this implies that �Px is contained in
the set of critical points ofs. Then, by Sard’s Theorem(Milnor
1997, 10), s Px

 �
is a measure zero subset of [0, 1]. Because x

was arbitrary, this is true for any x 2 X, and thus, the set P is
a measure zero subset of X 3 [0, 1] according to the product
measure. ■

Proof of Theorem 1: We are interested in assessing when
the total effect in the experimentE, tE , equals the total effect in
the ideal experiment, tI , at almost every pair of contrasts and
prior, Æ(v9, v0), pæ. Because the effect function comprised
a difference in responses, by the Mean Value Theorem,

tI v0;v00ð Þ ¼ tE v0;v00ð Þ
for almost every Æ(v9, v0), pæ if and only if for some
constant c 2 R,

Eu;« r Tv
u;«;p II u;v; «ð Þ

 �� �
� r Tv

u;«;p IE u;v; «ð Þ
 �� �h i

¼ c;

(7)

for almost every (v, p).
First, we set up our argument by defining three functions.

Second,weuse these functions to show that an experiment E is
commensurate with the ideal experiment for the total effect t if
and only if a particular condition holds for almost every shock.
Finally,weshowthat thesubsetof shocksonwhich thatcondition
holds has Lebesgue measure zero on the set of shocks.

For an experiment, E, and a fixed (u, «), define the function
gu;« vð Þ : V ! R by
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gEu;« vð Þ ¼ p IE u;v; «ð Þ
 �

� p II u;v; «ð Þ
 �

;

which measures the difference between the decision-maker’s
posterior belief in the ideal experiment and the decision-
maker’s posterior belief in an experiment E.

We can rewrite Condition (7) as

Eu;« r Tv
u;«;p II u;v; «ð Þ

 �� �h
�r Tv

u;«;p II u;v; «ð Þ
 �

þ gEu;« vð Þ
� �i

¼ c ;

for some constant c 2 R and almost every (v, p).
Because r is one-to-one and smooth, its derivative has full

rank. So, by Lemma 1, commensurability for the total effect
requires

r Tv
u;«;p II u;v; «ð Þ

 �� �
� r Tv

u;«;p II u;v; «ð Þ
 �

þ gEu;« vð Þ
� �

¼ c

for some constant c 2 R and almost every (v, p).
Define the function D : V 3 �1; 1½ � ! R:

Du;« v; zð Þ ¼ r Tv
u;«;p II u;v; «ð Þ

 �� �
� r Tv

u;«;p II u;v; «ð Þ
 �

þ z
� �

:

Because r is one-to-one and smooth, its derivative has full
rank,and this implies thatD is smoothand itsderivativehas full
rank.

Now, define the implicit function zu;« v; cð Þ : V 3 R ! �1; 1½ �
as

Du;« v; zu;« v; cð Þ
 �

¼ c:

This is the mapping that keeps the value of D constant at
some value c for every v. Notice, because the derivative of D
has full rank, the Implicit Function Theorem implies that the
derivative of z has full rank.

So the experiment E is commensurate with the ideal experi-
ment for the total effect if andonly if there is some c 2 R such that

zu;« v; cð Þ ¼ gEu;« vð Þ; (8)

for almost all (v, p)2V3 (0, 1). Our strategy is to show
that the set of shocks for which equation (8) holds has
Lebesgue measure zero, which will imply that the set of
contrasts and priors for which equation (8) holds, has
measure zero under the product measure.

Using equation (8), implicitly define the function
H : V 3 R ! V by

zu;« H v; cð Þ; cð Þ ¼ gEu;« vð Þ;

which, by the Implicit Function Theorem, is a continu-
ously differentiable function whose derivative has full
rank. The experiment E is commensurate with the ideal
experiment if and only if H is the identity function al-
most everywhere.

For sufficiency, suppose T is a sufficient statistic for IE with
respect tou, implyingthat thedecision-maker’sposteriorbelief in
the ideal experiment is equal to her posterior belief in the ex-
periment E almost everywhere. When this is the case, two
conditions are satisfied. First, because the posterior in the ideal
experiment and the posterior in experiment E are the same,

gEu;« vð Þ ¼ 0;

for every v 2 V. Second, again because the posterior
belief in E is the same as the posterior belief in the ideal
experiment,

Du;« v; 0ð Þ ¼ 0;

for every (u, «, v), completing the first part of the
argument.

Fornecessity, suppose thatT is not a sufficient statistic for IE

with respect to u, implying that the decision-maker’s posterior
belief in the ideal experiment is different from her posterior
belief in the experiment E, on a set of (u, v, «) of positive
measure. This implies that gEu;« vð Þ 6¼ 0 on a set of (u, v, «) of
positive measure; call this set G.

Because G has positive measure, for commensurability, E
must capture the total effect in I almost everywhere on G
despite the fact that the posterior beliefs are different in the
two experiments. We will show that, instead, E captures the
total effect in I on at most a measure zero subset of G.

Denote the v-dimension of G by �V. Denote the set of
shocks that lead the total effect in E and in I to be equal when
gEu;« vð Þ 6¼ 0 by

WE V; cð Þ ¼ v j zu;« v; cð Þ ¼ gEu;« vð Þ
n o

� �V:

Our strategy is to show that the set WE has Lebesgue
measure zero in �V 3 cf g.

If WE is empty, the result is immediate, and so we proceed
under the supposition that WE is nonempty. Consider an arbi-
trary shock v 2 WE , and letNv � �V be an open neighborhood
of v. Because the function H is smooth, for any other shock in
Nv \WE ; the first derivative (Jacobian) of H must satisfy

∂H v; cð Þ
∂v

¼ 1; (9)

almost everywhere. This implies that the set of shocks in
Nv \WE is not ofmaximal rankand, hence, is contained
in the set of critical points of the smooth mapping H.
Because the choice of v was arbitrary, this implies that
the whole setWE is contained in the set of critical points
ofH. BecauseH is a smooth function whose derivative
has full rank, Sard’s Theorem (Milnor 1997, 10)
establishes that the setH WE ; c

 �
hasLebesguemeasure

0 in �V3 cf g. BecauseH is the identify function onWE ,
this establishes thatWE has Lebesgue measure 0 on �V.
Hence, the set of v; pð Þ � �V3 0; 1ð Þ for which E is
commensurate with the ideal experiment for the total
effect has measure zero under the product measure. ■

Proof of Theorem 2: Fix an information set I. If r is an
additively separable function at almost every v, then there
exist functions r1 : T ! R and r2 : 0; 1½ � ! R such that for
almost every v, we can write

Eu;« r Tv
u;«;p I u;v; «ð Þð Þ

� �h i
¼ Eu;« r1 Tv

u;«

� �
þ r2 p I u;v; «ð Þð Þð Þ

h i
: (10)

This implies that in an experiment with associated in-
formation set I, for almost every contrast (v9, v0), the total
effect at (v9, v0) is
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Recall from Definition 7 that an experiment E is com-
mensurate with the ideal experiment for the direct effect if the
total effect in the experiment E almost always captures the
direct effect in the ideal experiment. This is only true if

tE v0;v00ð Þ ¼
Eu;« r1 Tv00

u;«

� �
� r1 Tv0

u;«

� �h i
Eu;« Tv00

u;« � Tv0
u;«

h i ; (11)

at almost every contrast and prior Æ v0;v00ð Þ; pæ 2 C3 0; 1ð Þ.
For sufficiency,note that if the informationeffect is zeroand

there is additive separability of the response function, then
Condition (11) holds almost everywhere.

Now consider necessity. We proceed in two steps. The first
step addresses the information effect, and the second step
addresses additive separability of the response function. For
both steps, we proceed by contradiction.

Part 1: Suppose that r is additively separable for almost all
(u, «, v). Suppose further that the information effect in the
experiment E is not zero on a set of contrasts with positive
measure, denoted by K. Here, we will show the necessity of
having a zero information effect. Condition (11) does not hold
on the set K. Thus, the total effect in experiment E does not
capture the direct effect in the ideal experiment onK. Because
the set K is of positive measure, experiment E is not com-
mensurate with the ideal experiment for the direct effect.

Part 2: We now consider additive separability, supposing
that the informationeffect in theexperimentE is zeroat almost
all contrasts (v9, v0). We proceed by contradiction and sup-
pose that r is not additively separable on a set of positive
measure and focus on this set.8

Define the function L : C ! R, by

LE v0;vð Þ ¼ r Tv0

u;«;p IE u;v; «ð Þ
 �� �

:

Note that this is a smooth functionwhose derivative has full
rank.

Because the response function is smooth, a zero in-
formation effect for almost every contrast is equivalent to

Eu;«
∂LE v9;vð Þ

∂v

� �

¼ Eu;«

∂r Tv9
u;«;p IE u;v; «ð Þ

 �� �
∂p

�
∂p IE u;v; «ð Þ

 �
∂v

2
4

3
5 ¼ 0;

(12)

almost everywhere.9 Equation (12) is a linear ordinary
differential equation whose solution is an arbitrary
functionL*(v9),which is independentofv.10That there
are no other kinds of solutions follows from the
smoothness of L and the Picard–Lindelöf Theorem.

There are three ways for (12) to hold for almost every v:

(i) Results from taking expectations over (u, «);
(ii) Additive separability of the response function, r;
(iii) The posterior belief p IE u;v; «ð Þ

 �
is constant in v for

almost every (u, v, «).

Thefirst is ruledout byLemma1.The second is ruledout by
hypothesis. So, suppose that r is not additively separable, but
the posterior is constant in v for almost every (u, «, v). Using
arguments similar to those in the proof of Theorem 1, by
Lemma 1 and the mean value theorem, commensurabiltiy for
the direct effect holds if and only if

∂LE v9;vð Þ
∂v9

¼ ∂LI v9;vð Þ
∂v9

:

To see that this is nongeneric, define the function y:V→V

by

∂LE v9;vð Þ
∂v9

¼ ∂LI v9; yð Þ
∂v9

;

and note that the right-hand side corresponds to the
direct effect in the ideal experiment if and only if y is the
identity function. Following an identical argument as in
the proof of Theorem 1, Sard’s Theorem again implies
that this holds on a set of at most measure zero. ■

tE v0;v00ð Þ ¼

Eu;« r1 Tv00

u;«

� �
� r1 Tv0

u;«

� �zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{direct effect

þ r2 p I u;v00; «ð Þð Þð Þ � r2 p I u;v0; «ð Þð Þð Þ
zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{information effect

2
664

3
775

Eu;« Tv00
u;« � Tv0

u;«

h i :

8 This rules out functions of the form (10), which includes linear
functions.

9 This follows from the definition above by varying only v9.
10 That (12) is an ordinary differential equation follows because the
derivative of the first argument does not appear.
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