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Abstract

Nudge-style interventions are popular but are often criticized for be-
ing atheoretical. We present a model of information nudges (i.e., in-
terventions that provide useful but imperfect information about the
utility of taking an action) based on Bayesian updating in a setting of
binary choice. The model makes two main predictions: One, the prob-
ability of a positive treatment effect should be increasing in the base-
line take-up rate. Two, across studies, as baseline rates increase from
0 to 1, the expected treatment effect has a “down-up-down”” shape. A
surprising corollary of both predictions is that treatment effects are
expected to be negative for low baseline rates. We use reduced-form
and structural methods to conduct a meta-analysis of 75 information
nudges and corroborate both predictions. Both the meta-analysis and
a novel survey of nudge experts suggest the intuition in the model is
not currently known. Finally, we provide guidance for practitioners
about the environments in which information nudges will positively
affect a desired behavior and those in which they may backfire.
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1 Introduction

Over the past two decades, a large and growing body of empirical work
has investigated the impact of “nudges” on behavior.! Researchers have
investigated the efficacy of a number of prominent nudges across a wide va-
riety of settings. One finding from the broad application of these interven-
tions is that some of the most regularly effective and behaviorally intuitive
nudges often fail to influence behavior (DellaVigna and Linos 2022) and
sometimes influence behavior in the opposite direction than expected (i.e.,
they backpre). These failures and backfires surprise many researchers and
practitioners who explicitly or implicitly assume that a nudge that works in
one context will work in other, similar contexts. Such an assumption may
be perfectly natural in the absence of a formal theory of how the nudge af-
fects behavior. This paper introduces such a theory for a popular nudge:
providing individuals with information about a choice they face. We call
such interventions information nudges.

Information nudges have successfully changed behavior in a wide vari-
ety of contexts.> However, prominent empirical papers have found null re-
sults from providing information that might have been expected to increase
a desired behavior (e.g., Allcott and Taubinsky 2015 and Avitabile and de
Hoyos 2018) or have found that the nudge backfires, generating treatment
effects in the opposite direction than expected, for at least some groups
(e.g., Fellner, Sausgruber, and Traxler 2013, Bhargava and Manoli 2013, and
Beshears, Choi, Laibson, Madrian, and Milkman 2015).

These null and negative results are deemed surprising because many
practitioners only test information nudges that they view as likely to be suc-
cessful based on two standard intuitions. The first intuition is that informa-

1. See Sunstein and Thaler (2008) for a detailed discussion of nudges. This work has
been influential in the policy domain, spawning nudge units in the Uk (called the Behavioral
Insights Team), uUs (called the Social and Behavioral Sciences Team), and around the world.
See Whitehead et al. (2014).

2. We say “successfully changed behavior” when it moves behavior in a direction hypothe-
sized by the researcher and desired by practitioners. Information about others’ decisions has
affected decisions to donate money (see, e.g., Frey and Meier 2004, Martin and Randal 2008,
Croson and Shang 2008, and Shang and Croson 2009), rate movies (Chen et al. 2010), order
certain entrées (Cai, Chen, and Fang 2009), save energy (Allcott 2011), reuse towels (Gold-
stein, Cialdini, and Griskevicius 2008), pay taxes (Hallsworth et al. 2014), like certain songs
(Salganik, Dodds, and Watts 2006), steal petrified wood (Cialdini et al. 2006), intend to vote
(Gerber and Rogers 2009), litter (Cialdini, Reno, and Kallgren 1990), take a job (Coffman,
Featherstone, and Kessler 2017), give money in a laboratory public goods games (Keser and
Van Winden 2000), (Fischbacher, Gichter, and Fehr 2001), (Potters, Sefton, and Vesterlund
2005). Information about the costs or benefits of different actions has been shown to af-
fect school choice (Hastings and Weinstein 2007), standardized test scores (Nguyen 2008),
graduation rates (Jensen 2010), claiming tax benefits (Bhargava and Manoli 2013), tax com-
pliance (Pomeranz 2015), 401(k) contribution levels (Clark, Maki, and Morrill 2014), eating
fewer calories (Bollinger, Leslie, and Sorensen 2011), responding to energy price changes
(Jessoe and Rapson 2014), and purchasing fluorescent light bulbs (Allcott and Taubinsky
2015).



tion nudges will be effective when the nudge is “good news” relative to the
average belief in the population of agents (see, e.g., Schultz et al. 2007).3
The second intuition is that nudges—including information nudges—are
likely to be effective when there are many agents who might potentially be
nudged from not taking the action to taking the action.*

We develop a model of information nudges to explain when they will be
effective and when they will backfire. In doing so, we are able to reconcile
existing results from the literature and provide guidance to practitioners
of information nudges about when a treatment effect is likely to be in the
desired direction and when it is likely to be large. Our model is one in
which rational agents treat the information provided by a nudge as a signal
that leads them to update their beliefs about the relative utility of options
in a binary choice.> Our model shows that, under rather general assump-
tions, the two standard intuitions about when information nudges will be
effective are wrong.

The first key insight from our model is that what matters for how an
information nudge affects a binary choice is how the information contained
in the nudge affects agents at the margin. Consequently, in contrast to the
first intuition, an information nudge that is “good news” relative to the
belief of the average agent can still backfire if the belief of the marginal agent
(i.e., one who might change her behavior in response to being nudged) is
different from the belief of the average agent.

The second key insight from our model is that the belief of the marginal
agents is negatively correlated with the rate at which agents make choices
in the absence of the nudge, which we call “baseline take-up,” or simply
the baseline, for short.® Formalizing these two insights, in contrast to the

3. Before writing this paper, we counted ourselves among the researchers who operated
under this first intuition. In Coffman, Featherstone, and Kessler (2017), we ran a large
field experiment with an information intervention and highlighted in the paper that our
nudge was good news to the majority. We wrote: “note that in the control condition, the
median belief is consistently 71 percent, well below 84 percent (the number provided in the
treatment).”

4. When we perform a meta-analysis of information nudges that appear in the literature,
we find that the median rate of take-up in the absence of the nudge is 0.34 and that roughly
a third of information nudges are attempted in environments with take-up below 0.23, sug-
gesting that practitioners explicitly or implicitly rely on this second intuition.

5. This information could be direct information about the costs or benefits of the outcomes
(e.g., information about the returns to graduating high school) or indirect information that
leads agents to infer that something about the costs and benefits of the actions (e.g., infor-
mation that the majority of other people donate to a charity). See Vesterlund (2003) for a
model of how sequential fund-raising can allow potential donors to provide information to
one another about the quality of a charity. Our model is in this spirit, and inspired by this
work, but considers a general information structure.

6. While fully fleshed out in Section 3, to see why there is a negative relationship between
baseline take-up and the belief of the marginal agent, consider that when 90% of agents take
an action, an agent at the margin (i.e., who might be induced to respond when nudged) likely
has a relatively low prior (e.g., near the 10th percentile of agents’ priors). Alternatively,



second intuition, the model demonstrates that a nudge will be more likely
to backfire in settings when baseline take-up is low and will be more likely
to generate a positive treatment effect when baseline take-up is high.

Combining these new insights about the direction of a treatment effect
with assumptions of the density of agents’ beliefs, the model generates ad-
ditional predictions about when treatment effects will be smaller and larger
in magnitude. In particular, the model suggests a specific “down-up-down”
shape of the relationship between baseline take-up and the sign and size of
the treatment effect. As baseline take-up increases from zero to one, the
treatment effect will start out at zero when the baseline is zero, become
negative (decreasing from zero and then increasing back to zero), reach an in-
termediate zero at the baseline where the belief of the marginal agents is
identical to the information provided in the nudge, and then become posi-
tive (increasing from zero and then decreasing back to zero), again reaching 0
when the baseline is one.”

To assess if our theoretical environment reflects contexts in which
academics use information interventions, we test the predictions of our
theory—about how baseline relates to the sign and magnitude of treat-
ment effects—with a meta-analysis of 75 experiments across 22 papers
that use information nudges to affect a binary outcome.? We present
reduced-form results showing the relationship between baseline take-up
and the probability of a positive treatment effect and between baseline
take-up and the magnitude of the treatment effect. Our reduced-form
meta-analysis finds that, even across very different experimental settings,
these relationships appear as our model predicts. First, the probability
of a positive treatment effect increases as the baseline rate of taking the
action increases. For example, the likelihood of a negative treatment effect
is 46.2 when the baseline is below 0.25 but only 12.2 when the baseline
is above 0.25. Second, the observed relationship between the baseline
and treatment effects across experiments in the literature suggests a
down-up-down shape (though the estimates are not all significant in
every test), as predicted by the model.

We additionally pioneer a new method of “structural meta-analysis” in
which we assume a data generating process for experiments in the literature
and then fit its key parameters (i.e., those parameters that are identified as
important by the model) using the data. Our structural estimates suggest
that the average information nudge in the literature falls at the 63rd per-

when 10% of agents take the action, an agent at the margin likely has a relatively high prior
(e.g., near the 90th percentile of agents’ priors).

7. For a graphical representation of this relationship, see Figure 1h

8. As described in Section 4, papers were collected by researchers initially and supple-
mented with papers provided to us in response to a request email sent to the discussion
e-mail list of the Economic Science Association in December of 2015.



centile of agents’ prior belief distributions and that two thirds of nudges
fall between the 53rd and 72nd percentiles. These results are supportive
of our initial assumption that experimenters generally pick nudges that are
good news to the average agent.’

We also present survey evidence that awareness of the intuition within
our model is low or nonexistent. The meta-analysis provides the first evi-
dence of this as a majority of experiments in the data set are run in contexts
with low baseline rates, which according to our model, is where one would
expect backfires or null effects. Further, in reading the extant literature
of information interventions, either those that use them or guides for run-
ning them (e.g. see Haaland, Roth, and Wohlfart 2023 for a recent, helpful,
thorough guide), we never find any mention of any intuition or prescription
consistent with those from our model.

We attempt to provide more direct evidence of the novelty of our model
by surveying both academics and policymakers who run nudge-like inter-
ventions in the field. We find that over 80% of the sample revealed in-
tuitions inconsistent with our theory, and no respondents explain their
choices using any reasoning related to that in our model. Taken together
with the meta-analysis, we show that the mechanics in our model are first
order in their impact on behavior, yet the insights currently seem to be
missing among experts.

Our paper makes four main contributions. The first is providing a
tractable model of how populations update beliefs that in the presence
of a noisy but informative signal. Our model of how an individual agent
responds to a given information signal is captured by just three numbers.
This simplicity is crucial when it comes to aggregating the behavior of
individual into the behavior of populations. Our model threads the needle
by being simple enough to be tractable, while also capturing nuance
like the fact that a signal can be good news to the average member of a
population and still lead to a backfire.

The second is testing a model for an important class of nudges—
information nudges—that have been a focus of researchers and have been
used by practitioners in myriad settings. A first wave of work on nudges fo-
cused on documenting how (sometimes large) changes in behavior can be
induced by (often subtle) interventions. A second wave has deepened our
understanding of nudges. Work has focused on exploring the robustness of

9. Specifically, we estimate that a nudge one standard deviation below the mean nudge is
at the 53rd percentile and a nudge one standard deviation above the mean nudge is at the
72nd percentile. As is discussed in Section 4.4, an additional key parameter describing the
literature is the relative size of the standard deviation of agents’ prior beliefs and the stan-
dard deviation of their “thresholds,” where a threshold is how high an agent’s belief would
have to be for her to take the action. We estimate that the standard deviation of thresholds
is 3.5 times the standard deviation of prior beliefs, suggesting that agents prior beliefs are
more similar to one another than their outside options, which seems quite sensible in most
empirical settings.



nudges to broader settings of interest and has found that nudges assumed
to work well by academics often do not work at scale (DellaVigna and Linos
2022). Other work has focused on exploring the welfare effects of common
nudges (see, e.g., Carroll et al. 2009, Allcott and Kessler 2019, Bernheim,
Fradkin, and Popov 2015, and Butera et al. 2022), and has emphasized
that just because something impacts behavior does not necessarily imply
it is welfare enhancing.'® We aim to contribute to this second wave of
work by modeling how an important class of nudges affects behavior. The
key insights of our model of information nudges are straightforward ex
post, but were not readily apparent ex ante (and, indeed, they seem to
have been overlooked by practitioners running experiments).!! Our model
rationalizes diverse findings in the extant literature and does so while
assuming rational, Bayesian agents, suggesting that information nudges
need not rely on “behavioral” agents to be effective at influencing behavior
and that null and negative treatment effects to information nudges can
also arise absent behavioral explanations.

The third contribution is pioneering a structural approach for conduct-
ing meta-analyses. In contrast to reduced-form methods (such as analyzing
data combined from multiple studies or running statistical tests with re-
sults from various studies as observations), our structural approach allows
us to combine our model and the available data to estimate key parameters
of the data generating process in the literature. These parameter estimates
serve two purposes. First, whether or not the estimates seem sensible given
our understanding of how experiments are run in practice helps to directly
assess our model (e.g., we might have become skeptical of our model if we
estimated that practitioners were mostly testing nudges that were bad news
to the average agent). Second, the estimates are useful to understand the
features of a literature and can be used as benchmarks for practitioners de-
ciding whether to implement a particular information nudge in the future.
We view our structural meta-analysis as a potentially useful tool for other
researchers who have a theory driven explanation for a pattern of results in
an empirical literature.

10. In our context, in which nudges provide truthful signals—and under our assumption
of rational, Bayesian agents—the welfare effects of the nudges we study are unambiguously
weakly positive, since they can only aid in agents making better decisions.

11. When null or negative results arose previously, many papers documenting them did
not give an explanation for why the nudge did not work as expected. Those that did offer
explanations generally proposed alternative stories, not based on information updating (e.g.,
suggesting instead the possibility of backlash in response to social information or suggesting
complexity in how information was provided). The two papers that offer explanations in the
direction of our theory are Fellner, Sausgruber, and Traxler (2013) and Hastings, Neilson,
and Zimmerman (2015). Fellner, Sausgruber, and Traxler (2013) states: “Concerning the
social information, this observation is not conclusive for a final evaluation of the treatment,
as its effect is expected to depend on individuals’ (heterogeneous) prior beliefs”. Hastings,
Neilson, and Zimmerman (2015) states: “[I]t may be the case that...the remaining students
have parents who are not responsive to information on academic outcomes.”



The fourth contribution is providing guidance to practitioners—
including academics, firms, and policy makers—who are considering using
information nudges to influence agents in practice. For these readers, we
offer a number of insights in Section 6. We highlight two of the most
(ex-ante) counter-intuitive insights here. First, in settings where baseline
take-up is low, information nudges may backfire (particularly if they are
similar to the nudges that have previously been tested in the literature
in how their information content relates to agents’ prior beliefs). Our
estimates suggest that information nudges are likely to backfire for baseline
rates below roughly 0.10, and are only quite likely to succeed for baseline
rates above 0.50. Second, settings in which many agents are expected to
take-up at baseline may be particularly ripe for information nudges to have
big positive impacts. Given our parameter estimates, the treatment effect
of the “typical” nudge is expected to have the largest positive treatment
effect at a baseline of 0.75.

The rest of this paper proceeds as follows (and it is admittedly some-
what unusual in its structure). Since we expect and hope that some of our
readers will be interested in the intuition of the model and its implications
for implementing information nudges, Section 2 presents the intuition un-
derlying information nudges without presenting much in the way of tech-
nical details. The next section, Section 3 presents a formal model. While
some might skip this level of detail, we have included this theory section
to provide a level of detail for theorists who are interested in how we for-
mally model information nudges. To keep the manuscript manageable in
length, many of the technical details, proofs, and extensions are omitted
from the main text and instead appear in the Appendix. Section 4 presents
the meta-analysis of information nudges and describes our novel method of
conducting a structural meta analysis. Section 5 discusses survey measures
of awareness among academics and policymakers of the intuition provided
in our model. Section 6 provides guidance to practitioners. Section 7 con-
cludes.

2 Intuition

In the next section, we will introduce a formal model, but before doing
so, it will prove useful to illustrate the underlying idea with an intuitive
example. This is best broken into two parts. The first describes how a single
experiment works, while the second describes how a literature consisting
of such experiments works.

2.1 A Prototypical Information Experiment

Most information experiments closely resemble to the following example.
A stack of envelopes, each of which contain the same, unknown amount
of cash, are being sold for $10 each. If a risk-neutral agent’s prior belief
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(b) When the price is $10, marginal agents are talked
into purchasing by the $11 rumor.
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(d) When updates are small, the treatment effect—
here at a $10 price—can be approximated by
multiplying—among marginal agents—the density
of priors and the average update.

Figure 1: The envelope example, illustrated

NOTES: In the subfigures above, the bell-shaped curve is the density of prior means in the
population. Solid shading represents agents who purchase without being exposed to the $11
rumor, while hatching represents agents whose purchasing decisions change in response to
the rumor. Vertical dashed lines represent prices or rumors.
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Figure 1: The envelope example, illustrated (continued)



about this amount of cash has a mean greater than $10, that agent will
choose to purchase; otherwise, she doesn’t. In other words, the price is the
threshold prior that separates purchasers from non-purchasers. Across the
population of agents, the prior mean varies according a belief distribution,
or equivalently, a demand curve.”? Part (a) of Figure 1 shows how the
baseline purchase rate relates to the prior distribution and the price.

Compare this baseline scenario to one in which agents are all treated
with a rumor that the amount of cash in each envelope is actually $11. No
agent puts great credence in the rumor, but each slightly updates her be-
liefs in its direction. In other words, the rumor is a signal being used as
an information nudge. Small updates mean that only agents with prior
means just below $10 will have their purchasing behavior changed by the
rumor. The price is essentially the prior of such marginal agents. Hence
the sign of the treatment ewect on the purchase rate is positive because
the rumor is “good news” to the marginal agent. Part (b) of Figure 1 shows
this graphically.

Of course, the rumor can also be “bad news” to the marginal agent. For
instance, if the price were $12 instead of $10, the set of marginal agents
would be those whose beliefs are just above $12, and hence the treatment
effect would be negative. Part (c) of Figure 1 illustrates this reversal. To
be clear: the treatment effect of the same rumor, on the same population of
agents, can vary with the price (i.e., the threshold). This is because the price
dictates the prior of the marginal agent.

Mathematically, when updates are small, the treatment effect is approx-
imately equal to the product—among marginal agents—of the density of
priors, which is non-negative, and the average update, which can be posi-
tive or negative. This approximation, applied to part (b) of Figure 1, is illus-
trated in part (d). Hence, the sign of the treatment effect is determined by
whether the price (i.e., the threshold)—and hence the prior of the marginal
agent—is above or below the rumor (i.e., the signal).

2.2 A Literature of Information Experiments

Imagine a literature generated by versions of the envelope experiment de-
scribed in the previous subsection. Different baselines and treatment ef-
fects are generated by variation in belief distribution, rumor (i.e., signal),
and price (i.e., marginal prior). To develop intuition for this process, one
must understand the relative importance of these sources of variation.

A key insight is that the reasoning of the previous section hinges only
on where the rumor (signal) and price (marginal prior) lie relative to the belief
distribution. Variation in the belief distribution itself isn’t important. Then,
it is only variation in the price and rumor (threshold/marginal prior and

12. The number of purchasers at a given price—the quantity demanded—is simply the
number of agents with priors above that price.



signal) relative to the belief distribution that matters.

Of those two sources of variation, it makes sense to think of price
(marginal prior) as the primary driver of variation in baseline and treatment
effect. The reason for this is simple: selection bias. Those who run
information-nudge experiments tend to do so in environments where their
nudge is “good news” to most agents. In terms of the envelope example,
this means we should not expect the rumor (signal) to vary much. Instead
it will generally stay in the right shoulder of belief distribution. There is
no such intuition limiting the variation in price (marginal prior).

So how are treatment effect and baseline related when their variation
is driven primarily by variation in marginal prior? Imagine running the
envelope experiment repeatedly with different prices (marginal priors), but
holding the $11 rumor (signal) and the belief distribution fixed. The sign
of the rumor’s treatment effect would be negative when the price is above
the $11 rumor and positive otherwise.

By using the demand curve, we can also phrase this regularity in terms
of the baseline purchase rate. Assume that $11 is at (for instance) the 60th
percentile of the belief distribution, so that the baseline purchase rate at
that price is 40%. Under this assumption, when the price (marginal prior)
is above $11, the baseline is lower than 40%; otherwise, it is higher. Hence,
when the baseline is below 40%, the treatment effect is negative; otherwise,
it is positive. This might seem too stark to be realistic; however, if we
introduced a bit of randomness in the rumor and belief distribution, we
would see a softer regularity: the probability of a positive treatment
euwect would be increasing with the baseline purchase rate.

In fact, we can push this intuition even further to find another regularity
concerning, not just the sign, but the magnitude of the treatment effect. To
do so, we need only assume that the amount by which an agent updates
(i.e., the difference between her prior and posterior) is larger when the
rumor is further away from her prior.!* For example, other things equal,
it is reasonable to assume an agent who believes the envelope contains $5
will update more in response to the $11 rumor than an agent who believes
the envelope contains $10. Since it is the price that determines who is
marginal, this assumption basically says that the update of marginal agents
varies with price in the way illustrated by part (e) of Figure 1. What’s more,
the density of priors among marginal agents will vary with price in the way
illustrated by part (f) of Figure 1.

Then, looking back to the approximation mentioned at the end of the
previous subsection, we see that treatment effect as a function of price (i.e.,
marginal prior) should look like the product of parts (e) and (f) of Figure 1,
that is, like part (g). And finally, since the baseline purchase rate is mono-

13. This is the case, for instance, when the posterior is a fixed convex combination of the
prior and the signal, as is true for Bayesian updating with a wide array of prior and conjugate
signal distributions (Diaconis and Ylvisaker 1979).

10



tonically decreasing in the price (this is just the law of demand), we should
expect the treatment effect as a function of the baseline purchase rate to
look like part (h) of Figure 1.

That is, the conditional-on-baseline expected treatment euwect
should have a ddowndupddownd shape. Intuitively, there are zeros at
baselines zero and one because there are no marginal agents when literally
everyone or no one purchases. The other, interior zero corresponds to the
baseline that makes the prior of the marginal agent exactly equal to the
signal. Such a marginal agent simply doesn’t update.

For baselines lower than that interior zero, the treatment effect is nega-
tive because low baselines correspond to prices (marginal priors) above the
rumor (signal), and hence marginal agents who update down in response.
Similarly, for baselines higher than that interior zero, the treatment effect is
positive because high baselines correspond to prices (marginal priors) below
the rumor (signal), and hence marginal agents who update up in response.

To summarize, intuitively, we expect two main results. First, we expect
the probability of a positive treatment effect to be increasing in the baseline.
Second, we expect the conditional-on-baseline expected treatment effect to
have a “down-up-down” shape like that in part (h) of Figure 1.

3 Theory

Now, we flesh out the intuition of the previous section with a formal model.
We will consider three hierarchical levels: the behavior of the agent, the
behavior of a population of agents (i.e., an experiment), and the behavior
of a population of experiments (i.e., a literature). In the main text, we will
discuss the simplest versions of these models, but the interested reader can
find the full model with proofs in Appendix C.

3.1 Agent-Level Model

An agent must make a binary choice based on her beliefs about an unknown
scalar state. The agent may change her choice if she is exposed to the
realization of a scalar nudge signal that is essentially the state plus noise.
We define take-up to be the choice encouraged by higher state values.!*
We capture the agent’s uncertainty about the state and nudge signal by
treating them as the respective components of a random vector, (X,N). Un-
nudged, the agent makes her take-up decision based solely on her beliefs
about X (i.e., with her beliefs about N integrated out). If nudged by being
told the signal realization is N ™, she instead makes the take-up decision
based on her updated beliefs about X, which are codified by the conditional

14. Sometimes this definition means that take-up is not doing something. For example, if
the experimenter is trying to nudge whether the agent smokes by sending a signal about
how much smoking increases cancer risk, then take-up is not smoking.

11
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distribution evaluated at N ™ . We assume this distribution is well defined
(i.e., the support of N includes ).

The agent is endowed with a strictly increasing and continuous net-
utility function, u. If the agent is certain that X ™ x, the value u(x) repre-
sents how much more utility she expects to get from taking up than from
not taking up. To keep things on the same scale as the state, we trans-
form gxpe /t@d net-utility values into state certainty equivalents. Let ,, -
uit'e u(X) be the agent S stateI certaipty equivalent of being un-nudged,
and similarly, let ,,’ - u iL'ETuiN | = " be her state certainty equivalent
of being nudged. We refer to ,, and ,,! as the agent’s prior and posterior.
Note that, for the risk-neutral agent, the prior and posterior are simply
the agent’s expected state when un-nudged and nudged, respectively. Of
course, the nudge signal itself, ”, can be interpreted as the state certainty
equivalent of being sure that X =

To model the idea that the nudge is a straightforward signal about the
state, we assume the agent updates towards the signal realization, but not
all the way to it, so that the posterior is a convex combination of the prior
and the signal.> Define the agent’s update strength, ", to be the weight
on the signal in this convex combmatlon which, if % ,,, is equal to (,.0
.) (i .).1° By definition then, ,,)~,,” (" i ,,), with " on the unit interval.
In what follows, we will consider the limit as agent update strengths get
small.'”

Finally, we assume the agent takes up when her expected net-utility is
weakly positive. To put this in terms of the prior and posterior, we define the
agent’s threshold, , to be the certain value of the state that would make
her indifferent between taking up and not taking up, that is, - ui%(0).!8
Then, the un-nudged agent takes up if and only if ,, , , while the nudged
agent takes up if and only if ,,” " (" i .,) »

To summarize, an agents’s potential take-up choices in a given experi-
ment can be characterized by four numbers: her prior, ,,; her threshold, ;
her update strength, "; and the signal realization, . Making the connection
to the envelope example, the prior is the expected amount of money in the
envelopes without hearing the rumor, the signal realization is the rumor,
and the threshold is the price. The update strength can be combined with
the first two of these to yield the posterior, which is the expected amount

15. To be clear, we don’t require the posterior to be the same convex combination of prior
and signal, regardless of the signal, like in the paper mentioned in Footnote 13. Our as-
sumption is essentially the more general updating towards the signal concept of Chambers
and Healy (2012).

16. If an agent has ,, ™ 7, any update strength works; we choose "~ 0. Ultimately, this
won’t matter, as we will assume the set of such agents is measure zero in the population.

17. To be clear, we don’t require all agents to have small update strengths, we simply as-
sume they are small in expectation across the population. For a much more precise treatment
of this idea, see Section C.2 of the appendix.

18. We assume  exists, so that the agent’s take-up decision is nontrivial.
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of money in the envelopes once the rumor is heard.

In the Appendix. In the main text, we have confined ourselves to a
model where the agent only cares about the realization of one scalar
variable, X. Section C.1 shows how a richer model with utility-relevant
random variables in addition to X can still be reduced to the model dis-
cussed above.

3.2 Experiment-Level Model

An experiment is a population of agents being potentially exposed to a
common information nudge, . To model this, we consider a random vec-
tor, (£,M,E), that represents the respective threshold, prior, and update
strength of an agent that is uniformly and randomly selected from the pop-
ulation.

The fraction of agents who take-up without being nudged—i.e., the
baseline, fl—is defined by

fl - Pr £«M |

while the fraction who take-up when nudged equals Pr £E«M " E(” i M) .
(The inequalities are weak because we assume the agent takes-up when her
belief equals her threshold.) We define the exact treatment ewect, (¢, to
be the change in the take-up rate caused by the nudge, that is

f -PrM E£«M ECiM) i Pr M E(CiM) " £=M . 1)

The two probabilities represent agents who are nudged into and out of take-
up, respectively. Note that the realization of the signal, ”, must exceed the
realization of the prior, M, for those nudged into take-up and must be ex-
ceeded by the realization of M for those nudged out of take-up.

Looking at Equation 1, if the update strength, E, is usually small, then
among those whose take-up decision is affected by the nudge, the prior
and threshold, M and £, are usually close to each other. It will prove useful
to think in terms of this closeness. Define the depcit, ¢ - £ j M, to be
the amount by which an un-nudged agent’s prior would need to change to
make her indifferent about whether to take-up. The nudge signal changes
an agent’s take-up decision if and only if ¢ is between 0 and E (” j M)."?
Hence, the treatment effect depends mainly on agents with deficits near
zero. We call such agents marginal.

In terms of this change of variables, we can equivalently write our model
of the experiment in terms of the random vector (¢,M,E). In this trans-
formed model, the baseline is given by fl ™ Pr ¢ « 0 , and the treatment

19. More precisely, ¢ must be on one of the two ranges in Equation 2. Which one depends
on whether ” exceeds or is exceeded by M.
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effect is given by

T Pro ¢eE("iM) i PrECiM) ¢=0. )

Since these probabilities are generated by narrow deficit ranges, we can
approximate them with the product of the probability density of marginal
deficits and the width of the ranges.

To operationalize this idea, we begin by using the law of iterated expec-
tations to re-write Equation 2 as

- LIPS L
T E PrOo ¢eECiM)IME jPrECiM) ¢=0ME

where the probabilities are captured by the conditional-on-(M,E) distribu-
tion of ¢, whose density we will write as f “™ME_ We can approximate both
conditional probabilities with a single expression: f*ME (0jM,E)E (" j M).
Doing so leads us to our approximate treatment ewect, ¢, given by

‘- E£f¢"ME(oJ'M,E)E(" i Mf 3)

The density in the expectation embodies the intuition that only marginal
agents can contribute, since it is only they that can be persuaded to change
their take-up decisions by a weak intervention (i.e., a nudge). We can
sharpen this intuition with a bit of algebra by rewriting the previous ex-
pectation as . c H -
¢ FPOEECiMTeT0,
£ . e

where f¢(0) - E f¥ME(0jM,E) is the unconditional deficit density among
marginal agents.’® We can further decompose the factors that drive the

20. In Section C.2, we show the general equivalence of the two expressions for ¢ men-
tioned above. Here, we limit ourselves to showing the equivalence when the random vector
(¢,M,E) has a joint density, f ®ME, whose marginals are always non-zero. Then,

¢ CIME ioﬂ Lo 1ME@,,, "

and
fME(,,™
emeiei fobe FMEO,7)
—te0) %0)
R . .. .
where fME(,, ™) - f®ME yd— These expressions mean that the original expectation

we used to define the approximate treatment effect can be written as the integral

fEME(Q
A (

W,’,y)")fME(,,,")d"d",

while the second expectation can be written as the integral

¢ME "
THNO) C ) e )

d,.d".
f(0)

The equivalence of the two expressions for ¢, follows immediately.
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expectation by writing !

C E o <D

"“f¢(0)E£EH¢“’O/ ”-ﬂrﬁ,& (4)
¢ '""EEfe~g

Intuitively then, ¢ is driven by three forces. First, it is driven by how many
marginal agents there are, captured by the density f ®(0). More marginal
agents means larger treatment effects. Secogld” it is driven by how strongly
the marginal agents update, captured by E E"¢ ™0 . Nudges that—ceteris
paribus—cause larger updates drive larger treatment effects. And third, it is
driven by the difference between the signal, ”*, and the quantity

£ H _ -
E E ¢ 0
??Nﬂﬁ‘- ®)

When priors and update strengths are statistigal]ﬂy independent, this is just
the expected prior among marginal agents, E M¢ ™0 . When they aren’t,
Expression 5 can be thought of as an expected prior among marginal agents
where agents with larger update strengths are more heavily weighted.??
Note that this third factor is the only one that can be negative; hence,
any backfire (as described in the introduction) must be driven by a nudge
signal that is, on average, bad news to marginal agents. Here, the math high-
lights an important subtlety: on average, a nudge could simultaneously be
bad news to marginal agents while being good news to the population as a
whole. For a binary choice though, it’s the marginal agents that matter.

In the Appendix. In the main text, we confine ourselves to deriving our
approximation quite heuristically. In Section C.2 we formally bound the
error introduced by approximating ¢¢ with ¢. This bound only requires
that the density f ¥ME exist for agents whose deficits are in some neigh-
borhood of zero. It is also robust to “poorly behaved” densities that
have discontinuities, that asymptote to infinity, or that have slopes that
asymptote to infinity. Such robustness is crucial when modeling social-
information interventions that have priors, posteriors, and thresholds
that share the unit interval as their outcome space. On the unit inter-
val, even common densities, like that of the beta distribution, are often
“poorly behaved.”

£ 7~
21. Tacitly, we are assuming that E E i ¢~ 0 0. To assume otherwise would be to assume
that marginal agents ignore the nudge, a case which our model is not designed to handle.
22. Using the law of iterated expectations, the ratio in Expression 5 can be written

E
EE"¢T0

EHV /'v’
EMI¢T0E {¢70.

Intuitively, among marginal agents, we look at the mean prior for each constant update-
strength population and then average across populations, placing greater weight on those
with larger update strengths. Among marginal agents, the expectation of the weights is 1.
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In addition, we formalize the idea that the bound mentioned in the
previous paragraph is tight by considering an asymptotic sequence of
experiments in which the expected update strength converges to zero.
Given such a sequence, the approximate treatment effect, ¢, is asymp-
totically equivalent to the exact treatment effect, (¢, if the ratio ¢/
converges to one. V\f ghow th1 to be trug under tyjo conditions.

First, the ratio " E(” ¢ 0 E E(iM) ! must be bounded.
This ensures that the updates of the the margmal agents aren’t too differ-
ent from tlgose in the 2/ggngral population, even asymptotically. Second,
the ratio E E2(” j E E(” i M) must converge to zero. Intuitively,
this says that the error from a first-order Taylor approximation in E (’ j M)
is asymptotically dominated by the approximation itself. While it might
seem like this is simply true, it must be assumed. The assumption rules
out having the treatment effect be largely driven by agents with large
updates, even though the expected update approaches zero.?3

3.3 Literature-Level Model

In the previous two subsections, we introduced the agent- and experiment-
level models. They were intended to hold quite generally, with relatively
few assumptions. Our literature-level model must necessarily deviate from
such an approach. Why? Looking back to the literature-level intuition dis-
cussion of Section 2, our results followed from the assumption that varia-
tion in thresholds is the primary driver of variation in baseline and treat-
ment effect across the literature. Formalizing this logic will obviously re-
quire making assumptions that could potentially be incorrect. Of course,
whether this is the case is ultimately an empirical question—one we will
address later on in the paper.

3.3.a Modeling variation across the literature

The big idea of our literature-level model is that variation in the baseline
and treatment effect is driven by variation in the nudge signal and the distri-
bution of (£, M,E). To capture the first idea, at the literature level, we model
the nudge signal as the realization of a random variable, N. To capture the
second idea, we assume the distribution of (€, M,E) is changed by some ran-
dom vector of literature-level parameters, f. Concatenating our sources
of variation, we are essentially assuming that the literature is generated by
drawing experiments as realizations of the random vector (N, f).

Before elaborating on this idea, however, it will first prove helpful to
introduce two modifications to the experiment-level model. The first aids
comparison across experiments which could ostensibly be from very dif-
ferent contexts; the second is merely a simplifying assumption that makes

23. For instance, consider a situation where E (” .)A) equals 1 with progablhty fi apd 0
otherwise, and let fi approach 0. Then, E E(”j M) ~ fi, but so does E E2(" j M)? .
makes sense that our approximation wouldn’t work in this situation as the treatment effect
is driven entirely by agents with large updates—those with update 0 don’t contribute at all.
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what follows tractable.

3.3.b Simplifying the experiment-level model

Across a literature, there are many experiments in many different settings.
Ultimately, we will need such different experiments to be directly compa-
rable. How can we do this? Recall Section 2, where we discussed how,
intuitively, what drives variation in a literature is the variation of thresh-
olds and the signal relative to the prior distribution. To take advantage of this
intuition then, we will transform our model so that the prior distribution
in all experiments is the same. Doing so unifies the interpretation of priors,
posteriors, thresholds, and nudge signals.

To accomplish this goal, we begin by considering what would happen if
we took an experiment and applied the same strictly increasing function—
callit H—to,,, ., ”, and . Then, H(,.,%) would still be a convex combination
of H(") and H(,,),%* the un-nudged agent would take up if and only if H(,,) ,
H( ), and the nudged agent would take up if and only if H(,,?) , H( ). Hence,
if we defined a new prior, posterior, and threshold by H(,,), H(,,"), and H( ),
we would have new version of the Section 3.1 model that makes the same
behavioral predictions. In other words, the agent-level model is invariant
under strictly increasing transformations.

Using the freedom this invariance grants us, we can transform any ex-
periment to have any distribution of priors by simply mapping quantiles of
the original prior distribution to quantiles of the desired reference distri-
bution. Going forward then, we will assume that the prior distribution
in all experiments is the standard normal.?> Given this change, the ,,,
., 7, and values for a given agent in a given experiment should now be
interpreted as z-scores against the original prior distribution from that ex-
periment.

So, the first change to the experiment-level model is essentially without
loss of generality: by thinking in terms of prior-distribution z-scores, we
make it possible to compare more readily across experiments. Our second
change is more substantive. Intuitively, thresholds summarize preferences,
while the prior and update strength summarize information processing. Go-
ing forward, we will assume, for any given experiment, that thresholds
are independent of priors and update strengths.

Given the two, just-discussed modifications to the experiment-level
model, for a given experiment, we can now write the density of the (£,M,E)
vector, f EME in a particular way: as the product of a threshold density,
f £, a conditional-on-prior update-strength density, f¥M, and the prior

24. And hencel, there would be a new update strength on the unit interval, ™ such that
HGDTHG) T H) i HG)

25. If FM is the original prior distribution in the experiment, this is accomplished by set-
ting the H of the previous paragraph to =i1—-FM where =il is the inverse distribution
function of the standard normal.
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density, which is always that of the unit nar al, 7. In other words, we are
assuming that f EME( | )y~ fE( ) fEIM =l = =),

3.3.c The literature’s data-generating process

We are modeling a randomly drawn experiment in the literature as a real-
ization of the random vector (N, f). The realization of N is the nudge signal
for the experiment, while the realization of f moves the densities underly-
ing (£,M,E). We denote this with subscripts: when the realization of f is
., the densities that describe (£,M,E) are f £ and f "M 26

Without loss of generality, we assume one of the literature-level param-
eters is B, the baseline of the experiment represented by f.2” We then
denote the rest of the literature-level parameters by—7 calling them the
literature-level noise. So, the random vector f can be written as the con-
catenation of the random variable, B, which represents the baseline of the
drawn experiment, and the random vector— that is, f ~ (B+~7.

In Section C.3 of the theory appendix, we will consider the model with
literature-level noise, but for the sake of simplicity, we will ignore it in the
main text, so that B is the only parameter driving variation in the distribu-
tion of (£,M,E). Going forward then, we will consider a literature modeled
by the random vector (N,B). A realization, (,fl) of (N,B), represents an
experiment whose nudge signal is ” and whoge (£, M, E) vector is described
by the density fEME( .y~ fE( ) fEM I T -y,

3.3.d Baseline
If the realization of B is fl, the baseline of the associated experiment must
be fl, that is, the equation
Zy
7 Fi(n) "(d. (6)
il
R ~ T . .
must hold (where Fﬂﬁ( ) a1 fff( )d is the distribution associated with
the density f£).2
Looking at Equation 6, two things become clear. First, an increase in
baseline must somehow increase the distribution function Fff. (Recall that
increasing this distribution function makes lower values of £ more likely.)
A shift down in the likelihood-ratio sense is a natural way to model this.
Going forward, we will assume that increasing fl shifts the distribution
of £ down in the likelihood-ratio sense. Formally this means that, for

26. Per the previous subsection, regardless of .., the prior density is that of the standard
normal, ~.

27. It could be that, while B is one of the components of f, the distribution of (£,M,E) is
independent of that particular component.

28. To see that the integral in Equation 6 must represent the baseline, note that the mass
of agents with priors between ,, and ,,” d,, is 7(,,)d,,, and that of those agents, the fraction
whose threshold is less than ,, is FﬂE(,,).
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any two baselines, fl and fI’, and any two thresholds, and !, if fI' " fl and
0 -
, then

(D fa ()

() ()

Since the likelihood-ratio reflects the likelihood of a higher threshold rela-
tive to that of a lower one, this inequality simply says that higher thresh-
olds are relatively more likely at lower baselines. To see how this feeds
back to Equation 6, recall the well-known fact that if increasing fl shifts £
down in the likelihood-ratio sense, then it also shifts £ down in the first-
order stochastic sense, so that F ¥ is increasing in fl. Then, the integrand in
Equation 6 increases when fl increases, and our decreasing-likelihood-ratio
assumption is indeed internally consistent.

The other thing that becomes clear upon looking at Equation 6 is that
the expected threshold approaches ~ 1 as the baseline approaches zero. To
see this, note that for the baseline to approach zero, the distribution Fﬂ£(,,)

must approach zero almost everywhere. But since F(,,) must also go from
Zero to one as ,, goes from j 1 to~ A, it must be that the mass in the thresh-
old distribution gets pushed to larger and larger values (where the density
> is small) as the baseline approaches zero. A similar argument establishes
that the expected threshold approaches j 1 as the baseline approaches one.
To summarize, as the baseline goes from zero to one, the expected
threshold goes from positive to negative inpnity.2?

3.3.e The conditional-on-baseline probability of a positive treatment effect

Looking to Equation 4, we see the conditional-on-baseline treatment effect
is positive if the realization, ”, of the signal, N, exceeds

N B
En EM e~ 0 7
Eqn Ele~0

where the expectations have fl subscripts to remind us of that dependence.
Hence, if we let GNB represent the conditional-on-baseline distribution of
N, we can write the conditional-on-baseline probability of a positive treat-
ment effect as
T H _7
- L nig Ef EMTC 0
Pr ¢gn""0jBTfl 1;GM

1
|ﬂ , (8)

where the (B,N) subscripts on ¢, remind us of that dependence. WthFeE
this is increasing in baseline depends on how Expression 7 and GNIB "1l
change with fl. We will consider these two comparative statics in turn. To

29. Making this argument more rigorous involves concepts like vague convergence, the
monotone convergence theorem, and the integrated tail-probability expectation formula
(Lo 2019). We defer these more esoteric details to the theory appendix.

19



address the first, it will prove helpful to write Expression 7 in a particular
form.

Result. Expression 7 can be written
£ e
gy fe-g %2

d - 11,\ 12 d111
Eq Eﬂ¢"'0 il ﬂ( )

where g is a density defined by

Eelm~""re0 -
R _ En EIM7TL () 7G)
() - "LEnETMTE £E() 7 (dS

Proof. We will begin by deriving the conditional-on-¢ density of (M,E),
as the expectations in Expression 7 will require it. Note that because
¢ ~ £ j M, the density of ¢ conditional on (M,E) ™ (.., ¢) is ]ust the

threshold density shifted over by ,,, that is, f¢JMEl F . ( »)-

Then by the definition of conditional jfinsmes the joint den51ty of
(¢,M,E) must be fME(-,,,") ™ f; ¢J'VIEI " EME(

77

.»""), which is equal

¢
to fff‘(—_n)f E(.,,"), which is equal to f; (— ,,)fEWI b »» ~(,,). Finally
then, we Te that the conditional-on-¢ den51ty of (M,E) can be written
fa'eIe Ll fEME(-..") T (), where f is the marginal density of ¢.

Hence, we can compute ff'lvI Eie! wilp as fTME(, o) ff (0), which yields

tE() fEM 4.5

¢
el allgt-
fo (0)

Fortunately, ff‘IB(O) will cancel out of Expression 7, so there is no need to

explore it further.
Using the derivation of the previous paragraph, in terms of our
literature-level model, we can write Expression 7 as

£ ~ Rq4 Ry, ¢, .
En mﬂvo _i1ion 1EG) M A5 ana.,
Eq ENE~0 “ill 1--f£(")fEJM'--H"“ -()d"d,,

We can then simplify by writing the inner integrals as conditional-on-prior
expectations to get

Rq £
efemle~d” ,1,,Eﬂ elv= 71200 (od.,
£ 1l ~ £l .
Eg E'¢0 T e EIMT L TE() (d

&)

From here, it is clear that
£ pd
Eq EM le-g 41
= » f1G.)ds,,
Eg ETCTO il

where T is defined in the statement of the result. And T is indeed a
density, as it is never negative and integrates out to one. O
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So, why have we derived this expression? Note the likelihood ratio for T

is
“aGY) _ En E H (fﬂ (") ”(..)

77

“1(.)  En Eﬂl\/l w fEG) TG

The likelihood-ratio assumption from the previous subsection states that
the middle ratio on the right-hand side is decreasing in fl. Clearly, the
rlghtmost ratio doesn’t change wigh ﬂ‘l I—Ier%e the eﬂltlre likelihood ratio for
g is decreasing in fl so long as Egy E En E ,» doesn’tincrease
too much with fl. Intuitively, this 51mp1y says that increasing the baseline
doesn’t increase the update strengths of those with high priors too much
relative to those with low priors.
Going forward, we will assume this is the case: formally, for any two
baselines, fl and fI’, and any two thresholds, and ° iffi'"fland " ,

then e ,\50
@l ) )

RO TROY

Gi . . £ | o~ £ _
iven this assumption, we then know thatEg EM"¢~0 Eyq E"¢™T0 is
decreasing in fl.

Now, looking back to Equation 8, we see that the whole thing must be
increasing in fl if GN/B is decreasing in baseline. Intuitively, this assumption
means that increasing fl weakly increases the signal distribution in the first-
order stochastic sense.

Prediction d. If increasing fl weakly increases the signal distribu-
tion in the first-order stochastic sense (i.e., if @GN @fl « 0), then
the conditional-on-baseline probability of a positive treatment ef-
fect is increasing in the baseline.

Of course, the assumption in Result 1 is stronger than is necessary. So
long as increasing the baseline doesn’t shift down the distribution of N too
much, the conditional-on-baseline probability of a positive treatment effect
will still be increasing in baseline.

Before moving on, it is worth heuristically describing the con-
dltémﬂs that give ﬂlsevto/Predlctlon 1.  Essentially, we qeeded that
Eq E Eq E , and GNIB not increase too much with baseline.
Intultlvely, the first condition prevents increasing the baseline from
increasing too much the update strengths (and hence the contribution to
the treatment effect) of agents with high priors. Such agents are those who
view the signal as bad news about take-up. The second condition prevents
increasing baseline from pushing the signal down too much. Low signals
are obviously more likely to be perceived as bad news.
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3.3.f Conditional-on-baseline expected treatment effect

In terms of our literature-level model, we can take the conditional-on-
baseline expectation of Equation 3 and write it as
H o 214

£ pd i
B-fl ~ BN 12 ff,E’M'"H,,¢ *(,,)d"d,..
il O

E éBN

Through similar methods to those used in the previous subsection, we can
then write this in terms of "¢ as

%Z
N i NN Y
E éBN B fl i Eﬂ E M IT) fﬂ (,1) (,,)d,,
il WZ
i g o ¢
£ ENIBTfl j,, "uG)d,, . (10)
il

We now analyze the two terms of right-hand side of the equation in turn.

The first is clearly positive, and we expect it to be larger where there
is more overlap between the prior and threshold distributions, since the
integrand is determined by the product of those densities. Intuitively then,
our term should approach zero as the baseline approaches either zero or
one, since extreme baselines will shift thresholds to very high and very low
values, where the prior distribution, ~, is quite thin. (For a more in depth
discussion of why this is so, see Section 3.3.d above.) So, the prst term
is positive, but approaches zero when the baseline approaches either
zero or one.

Moving on to the second term, it is helpful to consider changing the fl
in the expectation and the fl in the subscript independently. Ir%cr(ﬁasin&the
fl in the subscript will clearly increase the second term, sinceE N"B~b i,,
is decreasing in ,, and we are assuming that the density ~¢(,,) is decreasing
in the likelihood-ratio sense. Increasing thefl ﬂn the expectation will also
increase the second term if we assume that E N'"B 7 b is weakly increasing
in b.

So, putting together these two ideas, we find ﬁhat the second term in
Equation d0 is weakly increasing in fl if E N"B ™ fl is increasing in
fl. (As before, Ehiﬂ last gssumption is stronger than is needed; really, we
just need thatE N'"B ™ fl doesn’t decrease too much in fl.) In addition, the
second term gets negative as the baseline approaches zero and positive
as the baseline approaches one, for reasons that parallel the discussion
in Section 3.3.d above.3?

Putting together the bolded points above, we find that the conditional-
on-baseline expected treatment effect has a specific “down-up-down”
shape to it. Formally,

30. See footnote 29.
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Predigtion F% (down-up-down). As bgselilne apppoaches zero or
one, E ¢g N "B fl approaches zero. E ¢(gn"B ™ fl also has an in-
terior zero at some baseline strictly greater thzﬂn zerg.and strictly
less than Qne. ]ﬁelow /Lhis interior zero, E ¢g n"B T fl is negative;
above it E ¢g "B T fl is positive.

Note that, while this result lines up well with the shape in part (h) of Fig-
ure 1, the single-peakedness of the negative and positive parts of the curve
is not required. What is required is that as the baseline increases from zero
to one, the conditional-on-baseline expected treatment effect must 1) start
at zero, 2) decrease to negative values for lower baselines, 3) come back to
zero, 4) go up to positive values for higher baselines, and then 5) descend
back to zero as the baseline approaches one.

Before moving on, it is worth heuristically describing the con-
ditgo S thag/_giv% lﬂse to/Prediction 2. Essentially, we needed that
Eg §'M™ ,, Eq E'MT,, not increase too much with baseline and
E N'"B™fl not decrease too much. The intuition underlying these condi-
tions is essentially identical to that described at the end of the previous
subsection.

In the Appendix. In the main text, we simplify as much as possible and
keep most discussions to the heuristic. As mentioned at the beginning
of this section, a more formal treatment with proofs can be found in
Section C.3 of the appendix.

In addition, the appendix holds two extra classes of more technical
results for the interested reader. First, the treatment there allows for our
so-called literature-level noise, which is effectively variation in the dis-
tribution of (£,M,E) that doesn’t affect the baseline. This is a significant
generalization to the model presented in the main text. Second, we deal
much more rigorously with the limits as baseline approaches zero and
one. Essentially, the difficulty is that for baselines to really get large or
small, threshold distributions must get very large or very small. Dealing
with the problem of probability mass escaping at infinity is a significant
technical challenge. (See footnote 29.)

4 Meta-Analysis

In this section, we test if the environment constructed in the theory is re-
flective of contexts where information interventions are common practice.
Specifically, we simultaneously test two empirical questions. First, are the
assumptions in the model (e.g., in Section 3.3 the model assumes, “that
thresholds are independent of priors and update strengths”) largely true for
the environments in previous information experiments? Second, is the im-
pact on behavior from the mechanisms in our theory meaningful in magni-
tude? Behavior in and across experiments may vary for hundreds of reasons.
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Is the specific impact from our theory of first order importance alongside
all of these other factors?

To test these questions, we will see if predictions from our theory hold
using a meta-analysis of 75 experiments across 22 papers that use informa-
tion nudges to affect a binary outcome in the extant literature. If we find
evidence to support our predictions across these experiments, then we will
conclude that both our assumptions largely hold in these studies, and that
our mechanism’s impact on behavior is important.

As described in Section 2 and Section 3, the model makes two predic-
tions about the relationship between baseline take-up and the treatment
effect. The first prediction (Result 1) is that the likelihood of a negative
treatment effect will be larger at lower baselines and smaller at higher base-
lines. The second prediction (Result 2) is that the treatment effect will
follow the down-up-down pattern shown in part (h) of Figure 1: as the
baseline increases from zero to one, the conditional-on-baseline expected
treatment effect must 1) start at zero, 2) decrease to negative values for
lower baselines, 3) come back to zero, 4) go up to positive values for higher
baselines, and then 5) descend back to zero as the baseline approaches one.

In addition to running reduced-form tests of these two predictions, we
also perform a structural meta-analysis that allows us to estimate param-
eters of the data generating process of the experiments we analyze. This
approach gives us additional results to assess our model. It additionally al-
lows us to provide more precise advice for practitioners who are considering
using information interventions in practice, as described in Section 6.

Throughout this section, we highlight the challenges that arise from at-
tempting to test our model using data across existing experiments in the
literature. However, we see our meta-analysis as the best way to test our
model for two, related reasons. The first reason is that we wrote the model
in part to rationalize existing experimental results from the literature. Test-
ing the model on these data allows us to directly assess whether we have
succeeded on this front. The second reason is that we aim to provide in-
sights to practitioners who may want to deploy information interventions in
various settings. If our model can successfully explain patterns of treatment
effects across settings as diverse as the ones included in this meta-analysis,
we can be more confident in its ability to guide practitioners in the diverse
settings they will face.

This section proceeds as follows. Section 4.1 describes our approach to
identifying papers and experiments to include in the meta-analysis. Sec-
tion 4.2 provides details on the selected experiments and visually presents
the data. Section 4.3.a presents reduced-form results assessing the first pre-
diction, that negative treatment effects are more likely at lower baselines.
Section 4.3.b reports on reduced-form results assessing our second predic-
tion about the shape of the relationship between baseline and the magni-
tude and sign of the treatment effect. Section 4.4 introduces our structural

24



meta-analysis and presents estimates of key parameters in the literature.

4.1 Selecting Papers and Experiments for the Meta-Analysis

The first challenge in conducting a meta-analysis is identifying which stud-
ies to include. We developed a procedure to identify previously run exper-
iments that were the most appropriate fits to our model (i.e., the setting
was one modeled by the theory). Since our model made predictions about
when we would see negative treatment effects and null results, we aimed
to avoid selection based on “publication bias” or “file-drawer bias.” We
describe the procedure here.
First, we searched for papers that satisfied two criteria:

1. “At least one experimental treatment is attempting to influence a bi-
nary action by providing truthful information to subjects (e.g., telling
subjects the % of others who take an action, telling subjects the ben-
efits of taking a certain action, etc.).”332

2. “The paper reports the rate of taking the binary action in the control
group, the treatment effect, and the standard error of the treatment
effect (or these can be imputed).”

We found 18 papers (including working papers) that satisfied these cri-
teria and then asked the experimental economics community to provide us
with any additional papers that we had not identified.3> We solicited papers
with a request via email — with the subject line “Information Experiments
(including file drawer)”—that we sent to the “ESA-discuss” mailing list.3*
The community sent us 25 papers in the period between when we sent
that email and when we first presented our paper publicly, at which point

31. We only considered cases of experimenter-observed costly actions and excluded any
experiments investigating hypothetical choices or self-reports, which ruled out papers such
as Card et al. (2012), Kuziemko et al. (2015), and Karadja, Mollerstrom, and Seim (2017).

32. Note that continuous outcomes can be made into binary outcomes (e.g., “Is willing-
ness to pay greater than $100?”), so the model can make predictions in such cases. However,
determining the cutoff would provide a researcher degree of freedom that we wish to remove
from the analysis.

33. This initial search was conducted by the authors of this manuscript and research as-
sistants who were blind to the hypotheses for the meta-analysis that were generated by the
model.

34. The email can be found at the end of the Appendix. The two criteria listed above are
direct quotes from that email. ESA-discuss is the discussion e-mail list of the Economic
Science Association. Following the rules of that mailing list, we included all of the papers
we had found and invited individuals to send us any additional papers. Our email included
19 papers since we did not realize on a first read that Cialdini et al. (2006) did not provide
rates of taking the binary action in the control group and thus did not qualify for inclusion
in the meta-analysis.
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we stopped accepting papers to include in the meta-analysis.3> While we
received many papers in response to our request, the vast majority were
not appropriate fits of our theory (this may have been encouraged by the
appeal in our email: “If you are unsure about whether to send a paper,
please do so0”), and we were only able to add 4 additional papers to our
meta-analysis.3®

In the Appendix, we list all the papers that we initially considered, or
were sent to us in response to the solicitation and the main reason for ex-
clusion (often papers were excluded for multiple reasons). The two most
common reasons for a paper being excluded were that the treatment was
not an information treatment or did more than just provide information (10
papers)37 or the outcome reported by the authors was not binary (7 papers).
38 Papers were also excluded because they did not include a control group
(1 paper) or because they were theoretical rather than empirical (1 paper).
The final two papers were excluded because they violated the model for a
more subtle reason: the information fully revealed the optimal action (in
one case, the information was the value of an experimental asset, which
fully revealed whether it should be bought or sold; in the other case, the
information was that a mechanism was strategy proof, which fully revealed
that truth telling was optimal). The decision to include or exclude a paper
was made without looking at the paper’s results.

Many of the papers included in the meta-analysis include multiple ex-
periments that qualify based on our inclusion criteria (e.g., if multiple infor-
mation interventions are being tested in the same setting). Consequently,
we are able to analyze the results of 75 experiments from the 22 papers
we identify. Each experiment includes a baseline and a treatment effect,
and these are the data that we use to perform our statistical tests. Note
that when experimental treatments are run as separate arms in the same
intervention, they will have the same baseline in our data since they share

35. We first presented the paper publicly on August 22, 2016 at the Experimental Eco-
nomics session of the Stanford Institute of Theoretical Economics. At that point, we
stopped accepting papers to avoid any potential selection of papers into our meta-analysis.
For example, this could introduce positive selection whereby individuals who knew the
results of the model might send us papers that were consistent with its predictions.

36. We take this as a sign that we had successfully identified the majority of relevant papers
in our first pass of collecting relevant work.

37. For examples: if treatments provided information but also changed the strategic struc-
ture of the game, then we excluded that paper; if multiple interventions were run, and the
effect of information could only be estimated by assuming no interaction with other treat-
ments, then we excluded that paper; if the treatment was advice from another subject rather
than a nudge provided by the experimenter, we excluded the paper.

38. We included cases where the authors reported both a binary outcome (e.g., whether
a student graduated high school, whether a subject donated anything in a dictator game)
alongside a continuous outcome (e.g., the amount of schooling achieved, and the amount
donated). In cases where multiple binary outcomes were reported from the same informa-
tion intervention, we used whichever outcome was the primary focus of the author(s). Note
that we exclude papers that only include continuous variables, such as Nguyen (2008).
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a control group.

Before we present the results of the meta-analysis, we highlight three
potential concerns with using papers collected from the literature to test
our theory. One concern is that we are aiming to explain experiments that
differ across many dimensions (i.e., they vary in terms of settings and in
terms of the information interventions provided).3° As described above,
we see this as a “feature” rather than a “bug” of our meta-analysis. In
addition, the variation works against us finding anything systematic and
so makes us more confident if we are able to succeed in rationalizing these
results.

A second concern is that we might not identify all relevant experiments
in the literature due to a “publication bias” (where certain experiments
never get published) or a “file-drawer bias” (where certain experiments are
never written up into shareable manuscripts). That is, despite specifically
asking for research “including file drawer” in our solicitation, it is possible
that certain experiments (e.g., experiments with insignificant or negative
treatment effects) were not readily available, perhaps never written up as
a manuscript. Missing these experiments, if they indeed exist, provides us
with less data, which would decrease our statistical power. A more trou-
bling concern, however, would arise if “missing” experiments displayed a
systematic relationship between treatment effect and baseline that might
bias our estimate of their relationship. However, we are unable to con-
struct any reasonable explanation for why publication bias or file-drawer
bias would lead disproportionately negative treatment effects to appear
missing from certain ranges of baselines (but not others).*° Finally, in our
data, a substantial portion of the effect sizes are negative and/or very small
in magnitude: For example, 24.0% of the treatment effects are negative,
and 50.7% have an absolute value less than or equal to 0.25.

Finally, as with all meta-analyses, any across-paper variation in our sam-
ple is not random. Specifically, there may be other features that covary
with baseline rates across papers. While finding support for the predic-
tions made by our model, especially the specific down-up—down pattern,
will be convincing, it is impossible for such an endeavor to be dispositive.

39. Our 75 experiments include lab experiments, field experiments, and framed field stud-
ies. Outcomes vary dramatically, with examples including: paying taxes, reusing a hotel
towel, continuing in secondary schooling, ordering a popular dish at a restaurant, and de-
ciding to join Teach For America as a teacher.

40. The only plausible concern we can envision in this regard is due to binary variables
having higher variance at intermediate values. If researchers do not properly respond to an
expected increase in variance with a proper increase in sample size, and choose not to write-
up papers with null results, we might expect to be missing experiments with intermediate
baselines (e.g., close to 0.5) with relatively small (positive or negative) treatment effects.
This would create a hump-shaped curve. It would not create an area with negative treatment
effects. We will keep this potential concern in mind when analyzing the results, below.
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4.2 Descriptive Statistics

Figure 2 presents an unstructured view of the data. Each experiment is
represented by a dot on the graph, where mean baseline take-up is shown
on the x-axis and the reported average treatment effect is shown on the y-
axis.*! In all the experiments we analyze, the information intervention was
designed to increase take-up of an action, so positive treatment effects indi-
cate a treatment effect in the intended direction, and all negative treatment
effects indicate a backfire.

Before testing predictions of the model, we document a few observa-
tions from the data. First, across all experiments in our meta-analysis, the
average treatment effect is 0.02, with a median of 0.01; the typical informa-
tion intervention has a modest positive effect on behavior. Second, most
experiments are done on low baseline rates: the median baseline take-up
across all experiments is 0.34, and 73.0% of all experiments have a baseline
of 0.250r less.*? These statistics are consistent with the folk intuition that
information interventions should be tried when baseline is low (so that a
large share of agents are available to be induced to take the desired action).
We provide further evidence of this folk intuition in Section 5.

4.2.a Naive Analysis of Information Interventions

Before we test predictions of the model, we consider what the data would
suggest absent the insights in the theory. In short, if a researcher or policy-
maker, who was naive to our model, looked at our data, what might they
conclude about the effectiveness of information interventions?

Not taking into account the importance of baseline rate, across the ex-
periments in our metadata, the results are modest. There is almost a quar-
ter of a chance of the intervention backfiring: 24.0% of treatment effects
are negative. Most effects are small. 58.7%, have a treatment effect less
than or equal to 0.02. As mentioned above, the average treatment effect is
0.02. Further, few treatment effects are positive and large. Only 14.7% of
treatment effects are greater than or equal to 0.05.

A researcher or practitioner looking at such numbers might be discour-
aged. As a result, they might not utilize an information intervention for
their upcoming project. However, this analysis masks important hetero-
geneity.

In light of our model, we see that information can be a very effective pol-
icy tool. Indeed, in these experiments, information is working, and working

41. To avoid visually compressing the bulk of the data, 3 experiments with treatment ef-
fects greater than 20 percentage points are not included in the figure. This exclusion is for
the usefulness of the visual representation of the data only, and all experiments are included
in the analysis that follows.

42. Note that baseline rates are typically from control groups where contact has been made
(e.g., a letter was sent, but the experimental information was not provided). In that way,
the treatment effects are the effect of providing the information as opposed to, for example,
the effect of sending a letter and providing information.
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DQG "2QH H{[WUHPH RXWOLHU UHPRWHGVDR GFHVEULEHG LQ
PRYDO RQO\DrHFWV WKH VHFRQG OLQH:-VHVWLPDWH

7KHVHFRQGDQG WKLUG ODUJHVW LQAXHQFKW.3HDVXUHV LQDE
DQm@1 7KRXJK DGPLWWHGO\ H[ SRVW ZH UHGR WKH DQDO\VLV
PRVW HIWUHPH RR®)ORGI U, 7JDROWKRZY WKLY QHZ DQDO\VLV
7KH VHFRQG OLQH LV XSZDUG VOR YIORISHPENMN WLPDWHG
7KDW LV RQFH ZH UHPRYH D GDWD SRLQW WKDW KDV E\ IDU Wk
RXU DQDO\VLV DQG ORRN IRUD SDWWHUQ LQ WKH UHVW RI WK
PRUH FRQVLVWHQW ZLWK WKH PRGHO-V SUHGLFWLRQV
BHFRQG WR IXUWKHU WHVW WKH UREXVWQHVV RI WKH AQGLC
\WLV XVLQJ RWKHU EUHDN SRLQWV MXVW DERYHDQG EHORZ WK
PRYH WKHEUHDN SRLQWY WR WKH OHIW DQG ULJKW LQFOXGLC
WZR PRUH GDWD SRLQWV :HRQO\XVH EUHDN SRLQWYV WKDW L
GDWD SRLQWV LQ WKHAUVWDQG WKLUG OLQHV $OWRJHWKHU
EHWZHHQ WKHAUVWDQG VHFRQG OLQHDQG IRXUEUHDN SRLQW
DQG WKLUG OLQHV 7KLV SURYLGHV IRXU HVWLPDWHYV IRU WKF

7KH GDWD SRLQW UHPRYHG FRPHV IURP D ODERUDWRU\ H[SHULPHQW ZLV
DQG D WUHDWPHQW HrHFW RI %URZQ 7UDXWPDQQ DQG 90DKX



WKH VHFRQG OLQH DQG IRXUIRUWKH WKLUG OLQH $00 VL[WH
EUHDN SRLQWV FDRSEH QR GOLEYRMW WKH AUVW OLQH WKUHH
RI WKH IRXU HVYWLPDWHY DUH QHJDWLYH 7KH ORQH SRVLWLY
LQVWDQFH LQ ZKLFK WKH H{IWUHPH RXWOLHU GLVFXVVHG DER
AUVW OL@ K DIOOHHV IRU WKH WK U H 16.00 6.0 WOL@@# LQHYV DUH
$00 VL[WHHQ HVWLPDWHYV IRUWKH VHFRQG OLQH DUH SRVLWL
WKH PRGHO ZLWK DQ DY6{18 DD 8 G D\ IDRDYADEDRHIER |
2XU PHWD GDWDVHW GRHV QRW LQFOXGH D ZHDOWK RI VWXGLF
UDWHY DQG WKH WKLUG OLQH LV QRLV\DV D UHVXOW 7ZR RI W
QHJDWLYH L H FRQVLVWHQW ZLWK WKHPRGHO WKRXJK WKH\
PRVW GDWD :KHQ RQO\IRXU RU VL[ GDWD DUH XVHG WR HVWLF
HVWLPDWHY DUH SRVLWLYH DQG QRLV\

7DNHQ WRJHWKHU RXU UHGXFHG IRUP UHVXOWYV VXJJHVW WI
LQ WKH GDWD PD\ IROORZ WKH VSHFLAF GRZQ2XS2GRZQ SDWW
WKHPRGHO :HAQGVRPHHYLGHQFHIRUWKLY SDWWHUQ GHVSL
WLRQLQ VHWWLQJV RXWFRPHV DQGLQIRUPDWLRQLQWHUYH(
LPHQWV LQ RXUPHWD DQDO\VLYV SURYLGLQJDGGLWLRQDO FU/I
WRU\ SRZHU RI RXU PRGHO

6WUXFWXUDO OHWD $QDO\VLV

7KHUHVXOWY DERYHRrHUD UHGXFHG IRUP DSSURDFK WR WHV'
IURP WKH PRGHO QHJDWLYH WUHDWPHQW HrHFWV ZLOO GLVS!
DW ORZEDVHOLQHV DQG WKH WUHDWPHQW HrHFW ZLOO IROOR.
WHUQ ZLWK UHVSHFW WR EDVHOLQH +RZHYHU WKH UHGXFHG
RSHQDIHZLPSRUWDQW TXHVWLRQV ,Q WKLV VHFWLRQ ZHZLO
LQVWDQFHRIWKHPRUHJHQHUBPBPVRIGRHE ZQW/Q REXOHG LQ
VWUXFWXUDOO\HVWLPDWH NH\ SDUDPHWHUV RI WKDW PRGHO

7KDW VR PDQ\ H[SHULPHQWY ZHUH DWWHPSWHG DW ORZ ED V|
WR FODLP WKDW SUDFWLWLRQHUVIROORZWKHLQWXLWLRQ WR
VHWWLQJV ZLWK D ORZEDVHOLQH VLQFHPDQ\SHRSOHDUHDY!
7KH VWUXFWXUDO DSSURDFK ZLOO DOORZ XV WR DVVHVV ZKHW
IROORZ WKH LQWXLWLRQ WR SURYLGH QXGJHV WKDW DUH JRR
SURYLGLQJDQ HVWLPDWH RI ZKHUH WKHVH SUDFWLWLRQHU -V
SULRU EHOLHI GLVWULEXWLRQV

,Q WKH UHGXFHG IRUP DQDO\VLV DERYH ZH SRVLWHG VLJIQL
YDULDWLRQ DFURVV H[SHULPHQWY EXW ZH KDG QR ZD\ Rl TXD
DWLRQ 7KH VWUXFWXUDO DSSURDFK ZLOO LGHQWLI\ WKH YD
UDPHWHUV WKDW GLrHU DFURVV H[SHULPHQWYV ZKHUH D QXGJ
SULRUEHOLHIGLVWULEXWLRQDQG WKHUHODWLYH YDULDWLR
EHOLHIV LQ DJLYHQ H[SHULPHQWDO VHWWLQJ 2QFH ZH SHUI
DQDO\VLYVY ZHFDQLQYHVWLIJDWHKRZPXFK YDULDWLRQ LQ WU
ZH VKRXOG H[SHFW DFURVYV H[SHULPHQWDO VHWWLQJV LQ SUD

)LQDOO\ WKH VWUXFWXUDO DSSURDFK SURYLGHV JXLGDQF
WKH\ FRQVLGHU SRWHQWLDO QXGJHV E\ DOORZLQJ WKHP WR T



IHFWV E\ FRPSDULQJ WKHLU SRWHQWLDO QXGJH WR QXGJHV X\
OLWHUDWXUH

DIROLWHUDWXUH OHYHO QRLVH

7KH OLWHUDWXUH OGFFVOLIREDEWOPINR A/ KDW SULRUV DUH GUDZC
IURP WKH VWDQGDUG QRUPDO DQG WKDW WKUHVKROGV DUH ¢
IURP VRPH IDPLO\ RI GLVWULE XWKR @D VBGHQHG BH FKRRVH
QRUPDO GLVWULEXWERQN ZAWR @E YQ UEDIQBH
N'je i) 17722 ,QWXLWLYHO\ WKLV PHDQV WKDW WKUHVKROG\
GLVWULEXWHG ZLWK D VWD OB D 06 GHYU BDAKDRQVKDW RI SULRUV
ZLWK D PHDQ WKDW PDNHV WKH EYRUHOQR @ HZ H TDX\D\OX R/ IR
WKH WKUHVKRQGIPDEWYK FRQVWDQW DFURVV H[SHULPHQWV :H
DVVXPH WKDW ZLWKLQ DQ H[SHULPHQW WKH XSGDWH VWUHQJ
WKUHVKROGV DQG SULRUV $Y¥ ZLWK WKH WKUHVKROG ZLGWK
ZH DVVXPH WKDW WKH H[SHFWHEG X8 BDWH\VWROQNQINIKW ,Q
VXEVHTXHQW VHFWLRQV ZH ZLOO DOORZ IRU FURVV H[SHULPH
DQESE :H FRPSOHWH RXU PRGHO E\ DVVXPLQJ WKDW WKH QXG
GLVWULEXWHG LQGHSHQGHQWO\ DQG QRUPD®O\ DFURVYV H[SH
DQG YDUARDIQRH N '7,32

%URDGO\VSHDNLQJ ZHLGHQWLI\DQ H[SHULPHQW LQ WKH O
LIDWERR RI WKH UDQGRP YHFWRU WKDW UHSUHVHQWY WKH QX
EDVHQLEBH,Q RWKHU ZRUGV XVLQJ WKH WHUWMHFRQRORJ\ LQWUR
WLRQ WERHUHQOMGRIDWXUH OHYHO QRLVH

*LYHQ WKLV PRGHO WKH WUHDWPHQW-HIHFW LV SRVLWLYH .
QDO H[FHHGV WKH H[SHFWHG SULRU BPRQ@ZEPDUJLQDO DIHQWYV
JURPKHUH ZHFDQGRDELWRIDOJHEUDDQG GHULYHWKHFRQG
GLVWULEXWLRQ RI WKH WUHDWPHQW HrHFW

5HVX®RU WKHSDUDPHWULFPRGHORIWKLVVHFWLRQ ZKHQ
RIN,B) L(,") WKHWUHDWPHQW HrHFW LV JLYHQ E\
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6LQFHY GLVWULEXWHG QR@G ¥ O YLZ DMK H D Q

PHDQV WKDW FRQGLWR RCIDYQ @ © WHCHDEKPE\W DR Q H
WUHDWPHQW HrHFWLV QRUPDOO\GLVWULEXWHG ZLWK PH

7R VHH WKLV QRWEEW ND W KH@ROHV RI QRUPDO GLVWULEXWLRQV GLFWE
¢»N'W1A’2 ZKHUHO () 1A°'2 +HQFH WKH IUDFWLRQ RI DJHQWYV WKDW WDNH X¢

i A —C
WKHIUDFV\/EI:L-FDQLEl.V\pK 1A’2° ZKLFK LV HTXDO WR

+HUHSUHVVIVROSOLAHV EHFDXVH XSGDWH VWUHQJWKVY DUHLQGHSHQGHC
DQG SULRUV
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7KH SURRIVIRUWKHVH UHV X8RV IFDREMBDRIOGEHQGL [

$Q LPPHGLDWH FRURQODU\ VKRZV KRZ WKLV PRGHO FDQ EH
GLYLGH WKH WUHDW®HQ VW 8 cHEMIERY Y RREKDW LV
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7KH HVWLPDWHYV IRU WKLV UHJUHVVLRQ LQ WKH IXOO VDPSOH
VDPSOHu FROBEQHBIQIRUWXQDWHO\ WKH HVWLPDWH IRU SDUCL
LVQHIDWLYH ZKLFKLV QRW WKHRUHWLFDOO\ SRVVLEOHLQ W
JLIXUZH VKRZD VFDWWHU SORWIRUWKHUHJUHVVLRQ 7KHIXO
ERWK WKH GDUNHU FURVVHV DQG WKH OLJKWHU ODEHOHG FLL
QHIJDWLYHO\VORSHG GDVKHG OLQHLV WKHIXOO VDPSOHOLQ

&OHDUO\ WKH OLFJKWH&J SRLQWY ZKRVHVYRXYMHFH SDSHUV DU
KDYH PXFK KLJKHUY 'Y@'G(X)HWRIDQ WKH UHVW RI WKH VDPSOH | C
IDFW WKH PHDQ GHSHQGHQW YDULDEOH YDOXH RI WKRVH IRX
WLPHVY ODUJHU WKDQ WKDW RI WKH WKH RWKHU VWXGLHV (V'



7TDEOH SHIJUHVVLRQ(AXWWEBRWYWHYV IRU

2/6 S5REXVW UHJUHVVLRQ
)XOO VDPSOH 2XWOLHUV HRFRRFEHDER G 6 WD WD

E] ¥»

.
s

3DSHUV
6WXGLHV

RZ

*RRGQHVV RI
AW YDOXH

®et¢“je 7TKHOHIWDQG FHQWHU FROXPQV FRUUHVSRQG WR WKH GDVKHG
OLQHV LQ WKH AJXUH EHORZ 7KH ULJKWPRVW FROXPQ UHSRUWYV WKH
PRUH VRSKLVWLFDWHG EXW KDUGHU WR LQWHUSUHW DSSURDFK WR R
ORZV /L DV GHVFUIRFRVGQRWRRGQHVY RDAWHY DUH

DVVHVVHBE W\ HMWYV 6WDQGDUG HUURUV DUHLQ SDUHQWKHVHV

YLIXUH /LQHDUAWWLRQ

eet“je (DFKVWXG\LQ WKHVDPSOHLVJLYHQD GDUNHU FURVYV RUD OLJK
7KHJ_rFiLUFO¢HV DUHVWXGLHVY ZH WKURZRXWDV RXWOLHUV WKHLU GHSHC
L H" o)LV RQ DYHUDJH WLPHY ODUJHU WKDQ WKDW RI WKH RW|
VWXGLHY 7KHRXWOLHUV KDYHWKHLU VRXUFHVY VWXGLHY ZULWWHQ Qt
OLJKW GDVKHG OLQH LV WKHEHVW OLQHDU AW DFURVV WKH HQWLUH \
VROLG OLQH LV WKHEHVW OLQHDU AW ZLWK RXWOLHUV H[FOXGHG



KDYHDQRXWOLHBISH\RERGRE WRH DSSHQGL[ ZHPDNHDPRUH
WHFKQLFDO FDVH WKDW WKHVH IRXU VWXGLHV DUHLQGHHG R
WH[W ZH OLPLW RXUVHOYHV WR D VLPSOH YLVXDOLQVSHFWLR

(VWLPDWHV IRURXU UHJUHVVLRQ WKDW H[FOXGH WKH IRXU F
WKH "2XWOLHUV H[FO X®HG HAR~ZO WK BDUDPHWHU HVWLPDWHYV
DUHDOO SRVLWLYHDQG WKHUHJUHVVLRQLMWVHOI LV KLJKO\V
ZKLFK PHDQV WKDW DFURVV WKH ZLGH YDULHW\RIFRQWH[WV S
WKHVLPSOHUHJUHVV(TRR@ BZHRESOQOBHG\E\ RIWKHYDULDQFH
LQ WKH GDWD RQFHRXWOLHUV KDYHEHHQ UHPRYHG

7R SURYLGH VRPH DGGLWLRQDO VXSSRUW IRU RXU UDWKH
PLWLJDWLRQ SURWEHRR®G OD®@VR UHSRUW '5REXVW UHJUHVVL
HVWLPDWHY XVLQJ WKH PRUH VRSKLVWLFDWHG EXW KDUGHU"
XVHG E\ 6WRWBPPDQGKH 2;FRPPDQG WKURZV RXW WKH VDPH
IRXU RXWOLHUV DQG JLYHV UHVXOWY WKDW DUHQ -W VLJQLAFI
VLPSOHU 2XWOLHUV HIFOXGHGUH UHVXOWV $VVXFK ZHZLOOCG
H[FOXGHGU UHVXOWV LQ ZKDW IROORZV

%HJIJLQ E\ QRWLQJ WKk W WRWHWHUDIWLRH LV ZLWK D VWDQ
GDUG HUURU RI LV DR HYVKDLW DWKH RIDWLR LV VLIQLAFDQW
SRVLWLYH WHOOV XV WKDW WKH PHDQ RI WKH QXGJH VLJQDO
WKDQ WKH PHDQ RI WKH SULRU GLVWULEXWLRQ 7KLV PDNHV V
DUH WU\LQJWRUXQ LQIRUPDWLRQ LQWHUYHQWLRQV ZKHUH W
WR WKH WDUJHW SRSXODWLRQ DV D ZKROH ,QIDFW ZHFDQJR
PRG®EO/¥%) LV WKH SUREDELOLW\ WKDW WKH QXGJH VLJQDO H[F
RI WKH SULRU GLVWULEXWLRQ 7KLV SUREDELOLW\FRPSXWHYV
VWDQGDUG HUURU RI SHUFHQWDJH SRLQWV $JDLQ WKLV O
LQWXLWLRQ FRQFHUQLQJ WKH VRUWV RI LQIRUPDWLRQ LQWHU
OLNH WR UXQ PRUH WKDQ RIVWXGLHV KDYHD QXGJH VLJQD
PHDQ RI WKH SULRU GLVWULEXWLRQ

‘HFDQ DOVR ORRNalbWZAXK A K DWD Q HYWIAPD WW R |
HVWLPDWHG YDOXH LV ZLWK D VWDQGODUGWHUURU RI
ERXQGHG EHORZ E\RQH ZH FD RQWEKRK® GHIG D BARKYCHAE \
,QWHUSUHWHG DIJDLQVW WKH GLVWULEXWLRQ RI SULRUV WKIL
VLIQDO LV EHWZHHQ WKH WK SHUFHQWLOH RI WKH SULRU Gl
HVWLPDWHLYVY SRVLWLYH DQGWKH UG SHUFHQWLOHRIWKH S|

LV DWWKH UG SHUFHQWLOHRIWKHVWDQGDUG QRUPDO
ZHOO ZLWK RXU LQWXLWLRQ FRQFHUQLQJ WKH VRUWV RI LQIR!
H[SHULPHQWHUYV OLNH WR UXQ

,QDGGLWLRQWR WKLVVRUWRIDQDO\VLMTZHDFDQ DOVR XVH \
WLRQVDQ&E WR FRPSXWH VWUXFWXUDO HVWLPDWHY Rl WKH H]
PHQW HrHFW DQG WKH SUREDELOLW\RID SRVLWLYH WUHDWPH

(VWHQWLD,ORQORZV D SURFHGXUH GHVWHDEHGQYRAYHYV VFUHHQLQJ
E\&RRIN-@RRN DQG WKHQ FRPSXWILOYWERBEWRU +XEHU DQG 5RQFKHWWL

YLD LWHUDWLYHO\ UHZHLJKWHG OHDVW VTXDUHWR AQIED +XEHU ZHLIJKW
VWDUWLQJ SRLQW DQG WKHQ 7XNH\ ELZHLWRVER QN HDWHR QURE GVKHNHN



WLRQ RI WKH EDVHOLQH 7KHVH SUHGURWHRQV DUH SORWWHG

J)LIXUHS ®RWV RXW WKH SUREDELOLW\ RI D SRVLWLYH WUHD"
IXQFWLRQRIEDVHOLQH ORUH VS$HFRWERQ@GWKWKWD SORW RI
HVWLPDWRNYEHOB®XJIJHG LQ /RRNLQJDW WKH SORW ZH VHH WK
LV D URXJKO\ FKDQFHRIDEDFNAUHZKHQ WKHEDVHOLQH LV
WR D FKDQFH RI D EDFNAUH ZKHQ WKH EDVHOLQH LQFUHDV|

FKDQFHRIDEDFNAUH ZKHQ WKH EDVHOLQH LQFUHDVHV WR
WKH EDVHOLQH KLWV  WKDW WKH FKDQFH RID EDFNAUH JHWV
$FURVVDOO H[SHULPHQWV LQ RXURXWOLHUV H[FOXGHG VDPS
SUREDELOLW\RID EDFNAUH LV 6R ZKLOH EDFNAUHV DUHQ
RXWFRPH WKH\DUH IDUIURP XQFRPPRQ

1RZ ZHPRYHRQ WR WKH SUHGLFWHG WUHDWPHQW HrHFW DV
EDVHOLQH ZKLFK LV SORWW H Q [RIXW D VMWKHFRPG XG/EBGQH L Q
E\SOXJJLQJWKH HVYWDLERDNY WRIDWRRQ7KH TXDOLWDWLY H
VKDSHRIWKHFXUYHLV VLPLODU WR WKBPWHGBWYKHGSDUW K RI
OLQHM IQUHDEH SOXV PLQXV RQH VWDQGDUG GHYLDWLRQ $J
FRPSXWHG E\SOXJJLQJ W KD B GMADLFR\D WV RURFK D W
LWWKH GDVKHG OLQHV GR QRW LQGLFD VBB W KMD Q\GIHIG HUURU |
LQGLFDWH WKH VSUHDG DURXQG WKH H[SHFWDWLRQ WKDW LV
6R ZKLOH ZH SUHGLFW WKH H[SHFWHG WUHDWPHQW HrHFW WR
ZHVKRXOG DOVR H[SHFW D JRRG GHDO RI QRLVH DURXQG WKH W
SULVLQJJLYHQ WKH EUHDGWK RIDSSOLFDWLRQV WKH PRGHO L

7KHH[SHFWHG WUHDWPHQW HrHFW LV QHJDWLYH IRUEDVHOL
KRZHYHU EDFNAUHV DUH ZLWKLQ RQH VWDQGDUG GHYLDWLRC
FRPH IRU EDVHOLQHY DOO WKH ZD\ XS WR DERXW 7KLV FR
QDUUDWLYH ZH GLVFXVVHG FRQFHUQLQJ WKH SUHGLFWHG SU
WUHDWPHQW HrHFW ZKLOH EDFNAUHV PLJKW QRW EH WKH PR
WKH\DUH IDUIURP XQFRPPRQ

,QDGGLWLRQ WR VKRZLQJWKH SUHMDD@EQRN RREDFNAUHV
WKDW WKHUH DUH "VZHHW VSRWVp IRU ELJ QHJDWLYH DQG EL
HFHFWV :KHQ EDVHOLQHV DUHLQWKH 2 UDQJH WKH WUHDV
PRVW SRVLWLYH DQG ZKHQ EDVHOLQHV DUHLQ WKH 2 UDQJH
DUHWKH PRVW QHJDWLYH

"KLOH WKH SORWMNU® TXLWH XVHIXO ZH KDYH QRW \HW EHHC
WR HVWLPDWH WKH LQGLYLGXDO SDUDPHWHUV LQ RXU PRGHO
WLAHG E\ WKH OLNHOLRKRRG L[GRHAQ MK HQH[W VHFWLRQ ZH
VROYH WKLV LGHQWLAFDWLRQ SUREOHP E\PRGHOLQJFURVV H
LWV LDQEE ,Q RWKHU ZRUGV XVLQJWKH WHWBRIEQRORJ\ LQWUR

7KHVH UDQJHYVY ZHUH FRPSXWHG E\ ORRNLQJIRU WKH EDVHOLQH UDQJHV
WUHDWPHQWHrHFW LV JUHDWHU WKDQ RILWV PD[LPXP YDOXHRU OHVV WK
YDOXH . ¢
7TRVHH WKLV QRWH WKﬁI-bVD%IYDEDEM/\WIIRlUQH@_ZA(,H,(E[E—]LWKHU

—_— _ 4

t ¢ A
RU 1A°2,% 1A°2,0 HE] '1A°2 LV SOXJJHG LQWR WKHLU GHAQLWLRQV



D 7KHSUHGLFWHG SUREDELOLW\RID SRVLWLYHWUHDWPHQ

E 7KHSUHGLFWHG WUHDWPHQW HrHFW H[SHFWDWLRQ DQG VWD

J)LIXUH SUHGLFWLR@D WLRRBIWKHVVLRQ

®*¢"{E ,Q VXEAIJXUH D WKH SUHGLFWHG SUREDELOLW\ RI D SRVLWLYH V
SORWWHG E\ SOXJJLQJ WRHMEHDHG WARR DAMVRQREPVXEAJXUH E

WKH VROLG OLQH LV D SORW RI WKH H[SHFWHG WUHDWPHQW HrHFW ZKLO
SOXV PLQXVRQHVWDQGDUG GHYLDWLRQ $00 OLQHV FRPHV IURP SOXJJLQ
7DEOHQWRXDWLRQZAR EH FOHDU WKH GDVKHG OLQHV DUH QRW PHDVXUHPH(
EXW UDWKHU WKH VSUHDG LQ RXWFRPHV SUHGLFWHG E\RXU PRGHO AW



WLRQ ZHZLOOLQWURGXFH VRPHOLWHUDWXUH OHYHO QRLVH

E, QWURGXFLQJOLWHUDWXUH OHYHO QRLVH

TKHPRGH®HFRWPLRERHVQ-WLQFRUSRUDWHOLWHUDWXUH OHYH
GRPH[SHULPHQWLQ WKHOLWHUDWXUHLY GHWHUPLQHG HQWL
WKH QXGJH VLIJQDO GUDZQ 7KLV LV KRZWKHPRGHO IURP WKH
WLRQ ZRUN¥YDWERFBIUH WUHDWHG DV FRQVWDQW DFURVV DOO H
, QWKLVVXEVHFWLRQ ZHZLOOLQWURGXFHOLWHUDWXUH OHY
H[SHULPHQW KHWHURIQQNRWLIO® DOORZ XVWREHWWHULGHQ
LOQGLYLGXDO SDUDPHWHUV LQ RXUPRGHO

6LQPHV D YDULDQFH LW VKRXOG KDYH VXSSRUW RQ WKH SR
KHQFH ZH PRGHO LW DV WKH UHDOL]DWLRQ RIDQ LQGHSHQGH
GLVWULEXWHG UDYGRPQERBHILD DOAHRQYH[ ZHLJKW LW VKRXOG
KDYH VXSSRUW RQ WKH XQLW LQWHUYDO KHQFH ZHPRGHO LW
DQLQGHSHQGHQWO\GUDZQ EHWD GEVWRIVERWBIG UDQGRP YD
UL]H.WKHQ¢IRU DJLYHQ EDVHOLQH WKH H[SHULPHQW LV QRZ
GUDZRIHZ,E ZKHUH DOO WKUHH UDQGRP YDULDEOHV DUH LQGF
GLVWULEXWHG DFFRUGLQJ WR

i ¢

N » NI"_,%?,
2 i ¢
H» *DPPRB,t,

i ¢

E» %HW®.

1RWH ZH DUH XVLQJ WKH VKDSH2VFDOH SDUDPHWUL]DWLRQ R
EXWLRQ ZKRVH PHDQ DRGDYRBILD QEHVXWHP RGLAHG 3(57
SDUDRHWULIDWLRQ RI WKH EHWD GKRWH PEXRERIREG & ODUN
DUthbg 2Ag DQWG ,Q WKHOOURHW WKH H[SHFWDWLRQ FRQYHU.
WR WKH PRGH ZKLFK LQWXLWd YW ® YXBPHWRW W /K DMQ F H
)XUWKHU QRW HD G&DXWW EH SRVLW PYXH/ W IOLGIFR Q WKH X QLW
LQWHUYDO

7TKHQ WKH OLNHOLKRRG RI REVHZKHQIMWWKWHHEDNMHOQWHHrHF W

7KH PRUH FRPPRQ EHWD SDUDPHWUL]DWLRQ LV @QDWWBUPV RI WKH WZR S
ZKHUH WKH PKERQ)LV,Q WHUPV RI WKLV SDUDPHWUL]DWLRQ WKH PRGLAH
SDUDPHWUL]DWLRQ FDQ4HA b [SQEM¥EGHVIRWH WKDW WKH PRGLAHG

3(57 SDUDPHWUL]DWLRQ KDV WKH DGGHG EHQHAW RI UXOLQJ RXW EHWD GL\
DQGOHVV WKDQ RQH 6XFK GLVWULEXWLRQV DUH 8 VKDSHG L H ELPRGDO D!

ZRXOG EHDQRGG FKRLFHIRURXU SDUWLFXODU DSSOLFDWLRQ
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ZKHUH WKH H[SUHVVLRQ RQ WKH AUVW OLQH RIWKHLQWHJUDQ
LPSOLHGDWLRIRG WKHH[SUHVVLRQRQWKHVHFRQG OLQH LV V
RIWKH *DPP QG YHWOGHQVLWLHY LWKLQWKM¥HGHQVLWLHYV
BUHSUHVHQW WKH VWDQGDUG JDPPD DQG EHWD IXQFWLRQV

8VLQJ TXDVL ORQWH &DUOR PHWKRGV WR HYDOXDWH LQ\
VRUW ZH {RXQG PD[LPXP OLNHOLKRRG HVWLPDWHYV Rl WKH ¢
o % k., t,b,g IRUWKH GDWDVHW WKDW H[FOXGHV WKH RXWOLH!
WKH SUHYLRXV VHFWLRQ 7KB¥B D2 H RX SR WHIGHLQD Z
SDUDPHWHUV FDQ EHD OLWWOH GLJFXOW WR SDUVH GLUHFWO
LO’DEOHZH WUDQVIRUP WKH 7D\EW MPR WHWHLD IHZ PRUH
LOQWXLWLYH TXDQWLWLHV

%HIRUH GLVFXVVLQJ WKHVH WKRXJK ZH AUVW GLVFXVV KR:
ZLWK OLWHUDWXUH QRLVH AWV %HJLQ E\FRQVLGHULQJ WKH C
HWHDISSURDFKHV LQAQLWH D/gig) BD BIOPWWHIR WKH SDUDPHWH
k LV VHWMWRQG WKH SDUNVPHIBMEWRQ WKLY OLPLW WKHUH LV QR
OLWHUDWXUHQNYHZRRLNHAXDO WR D GHEQWVWHDIWD \V
HTXDO WR D FRQWRWRWU ZRUGVY ZH UHFRYHU WKH QR OLWHUD
QRLVH PRGHO RI WKH SUHYLRXV VHFWLRQ

7KLV PHDQV WKDW ZH FDQ HrHFWLYHO\ QHVW RXU QR OLWH
PRGHO ZLWKLQ RXU ZLWK OLWHUDWXUH OHYHO QRLVH PRGHO
VWUDLQWY +HQFH ZHFDQ FRQGXFW D OLNHOLKRRG UDWLR W
PRGHOV WZLFH WKH GLHUHQFH LQ OLNHOLKRRG VKRXOG EH
WULERWH®BK WZR GHJUHHV RI I[IUHHGRP 7KLV DOORZV XV WR V
K\SRWKHVLV WKDW WKH ZLWK QRLVH PRGHO AWV HTXDOO\ DV
QRLVH PRGHO 7KH GDWD RYHUZKHOP lYDDXHMRBWWIK\LV QX0 O
WHVW LVUHSRUWHGDRNOMGCERWWRRA RRLVH OHDGV WR D
EHWWHU AW ZKLFK VXJJHVWYV WKDW WKHUH LV LQGHHG VLJQL/
KHWHURJHQHLW\LQ WKUHVKROG ZLGWK DQG XSGDWH VWUHQJ

1RZ ZH PRYH RMEWR/RRNLQJ WR WKH XSSHU SRUWLRQ ZH OF
DERXW ZKHUH VLJQDOV WHQG WR OLH UHODWLYH WR WKH SULT
GLDQ H[SHULPHQW KDV DVLJQDO WKDW OLHVDURXQGWKH UG
GLVWULEXWLRQ 6XFKDVLJQDOLVEDGQHZVWRDERXWRQH W
RQH VWDQGDUG GHYLDWLRQ EHORZ WKH PHDQ VLJQDO FRUUH\



7TDEOH OD[LPXP /LNHOLKRRG (VWLPDWHV RI5DZ 6WUXFWXUL
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3DSHUYV
6WXGLHYV

ORGHO FRPSDULVRQ /5 WHVW

‘LWK OLWHUDWXUH OHYHO QRLVH
6HFWLRQ E

AWV EHWWHU WKDQ
IROLWHUDWXUH OHYHO QRLVH
6HFWLRQ D

p YDOXH

eet“je 7TKHVHDUHWKHPD[LPXP OLNHOLKRRG HMWDPDWHVY IRUWKH OLNHC
WLRQ7KH RXWOLHUV 6HY M \RVBPHEGHIRVP LWWHG IURP WKH VDPSOH ,Q

WKH OLPLWIZKHUH D& %t WKHPRGHO ZLWK OLWHUDWXUH OHYHO QRLV|
EHFRPHVY WKH PRGHO ZLWKRXW OLWHUDWXUH OHYHO QRLVH 6LQFH WKH
ZH FDQ FRQGXFW D OLNHOLKRRG UDWLR WHVW WR FRPSDUH WKH AWV R
6WDQGDUG HUURUV DUHLQ SDUHQWKHVHYV



7TDEOH 6HOHFWHG 7TUDQVIRUPDWIDE@WHRI WKH (VWLPDWH

7TUDQVIRUPHG SDUDPHWHU (VWLPDWH

.H\VLIQDO UHDOL]DWLRQV DV SHUFHQWLOHYV
RI'WKH SULRU GLVWULEXWLRQ

ORPHQWYVY RIWKHWKUWHVKROG ZLGWK
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EH

pVar[H]

ORPHQWV RI WKHH[SHFWH&G XSGDWH VWUHQJWK
£ o
EE

P Var[E]

3DSHUYV
6WXGLHYV

®e¢“je $1HZ QRWHY HOXFLGDWH ZKHUH WKHVH QXPEHUV FRPH IURP ,Q
VHFWLRQ U 8@DLO/OWKKIDRKP XQDWLYH GLVWULEXWLRQ IXQFWLRQ IRU WK
GDUG QRUPDO ,Q WKH PHGEEO MV HRFWHRQWK PRPHQW RI

D *DPRD) GLVWULEXWisekaa (k) ,Q WKH ERWWRP VHFWLRQ WKH

AUVW DQG VHFRQG P RRi-u® W8 I/ VR UDL & KWABR)Q2E Y)HD Q G

(1Abg)(2Abg) ' (2Ag)3Ag) $0OO VWDQGDUG HUURUV LQ SDUHQWKHVHV DUHFRPS
YLD WKH GHOWD PHWKRG



WK SHUFHQWLOH RI WKH SULRU GLVWULEXWLRQ ZH FDQ FRQ

RI H{TSHULPHQWY KDYH D VLJQDO WKDW LV EDG QHZV WR WK
$QG VLQFH RQH VWDQGDUG GHYLDWLRQ DERYH WKH PHDQ VL.
QG SHUFHQWLOH RI WKH SULRU GLVWULEXWLRQ ZH FDQ FRQI
SHULPHQWYV ZLWK YHU\ KLJK VLIJQDOV WKHUHDUH VWLOO DER:
ZKRLQWHUSUHW WKH VLJQDO DV EDG QHZV

ORYLQJRQ WR WKHPLGGOH SRUWLRQ ZHVHHWKDW WKH WK U
LVDERXW WLPHV ZLGHUWKDQWKHSULRUGLVWULEXWLRQ R
VHQVH DVWKUHVKROGYV DUHURRWHGLQ SUHIHUHQFHV ZKLOF
IRUPDWLRQ DETXLVLWLRQ $VVXPLQJDOO VXEMHFWYV DUH JHW
VLPLODU VRXUFHV LW PDNHV VHQVH WKDW SULRUV ZRXOG EH
LQJ WR FURVV H[SHULPHQW KHWHURJHQHLW\ KROGLQJ WKH W
ZLGWK WR ZLWKLQ RQH VWDQGDUG GHYLDWLRQ DURXQG LWV F
IURPDERXW WR WLPHVDVZLGHDV WKHSULRUGLVWULEXWLR
LFDQW FURVV H[SHULPHQW KHWHURJHQHLW\LQ WKUHVKROG Z
UDWLR WHVW PHQWLRQHG DERYH KDV DOUHDG\ VKRZQ
)LQDOO\ ORRNLQJWR WKHERWWRP VHFWLRQ ZHVHH WKDW "
PHDQ H[SHFWHG XSGDWH LV 2] FRXUVH WKHUH LV D JRRG
H[SHULPHQW KHWHURJHQHLW\ DQG QRLVH LQ WKH HVWLPDWH
WKH QXPEHUV WKDW PRVW H[SHULPHQWY KDYH DQ H[SHFWHG X
EHORZ /JRRNLQJ EDFN WR WKH WKHRU\ XQGHUSLQQLQJ WK
RI LW KLQJHV RQ WKH H[SHFWHG XSGDWH VWUHQJWK EHLQJ VI
DSSUR[LPDWLRQ RI WKH WUHDWPHQW HrHFW WR EH D JRRG RQ!
PD[LPXP OLNHOLKRRG HVWLPDWHYV RI WKH H[SHFWHG XSGDWH
VPDOO SURYLGHV DQ LPSRUWDQW GHPRQVWUDWLRQ RI LQWHU

6XUYH\ (YLGHQFHRQ &XUUHQW ,QWXLWLRQV

$V VKRZOHBRWLRGVHDUFKHUV UHJXODUO\ UXQ LQIRUPDWLRQ H
LQ VHWWLQJV ZLWK ORZ EDVHOLQH WDNH XS UDWHV 7KLV LV
RXUPRGHO SUHVFULEHV IRUUHVHDUFKHUV VHHNLQJWR PD[LP
2XU PRGHO VXJJHVWV WKDW JHQHUDOO\ VSHDNLQJ WUHDWP
PLJHG IRUKLJK EDVHOLQH UDWHV 7KLV GLVSDULW\PD\VXJJHV
LQWXLWLRQ PD\ QRW EH H[ DQWH REYLRXV +RZHYHU WKHUH
WKDW GHWHUPLQH ZKHUH ZH UXQ H[SHULPHQWYV $V D UHVXOW
LI WKH LGHDV LQ RXUPRGHO HYHQ LI WKH\DUH XQSXEOLVKHG
E\H[SHUWYV

7RDQVZHU WKLV TXHVWLRQ ZH PHDVXUHG H[SHUWV:-LQWXL
OLQH UDWHV SUHGLFW WUHDWPHQW HrHFWV LQ LQIRUPDWLRZC
Q ZH VXUYH\HG DWWHQGHHY DW WKH %HKDYLRUDO 6FLHQ
FLDWLRQ $QQXDO s+j?+ &RQIHUHQFH S$WWHQGHHV RI WKLV FF
RI ERWK DFDGHPLFV DQG SROLF\PDNHUV LQWHUHVWHG LQ LQW
LRUDO FKRRUWXUYH\DVNHG SDUWLFLSDQWY WR UHDG D VFHQD

6HHWWSV EHKDYLRUDOSROLF\ RUJ EVSD HYHQMWVY BWSD DQQXDO FRQI



J)LIXUH ([SHUW %HOLHIV :RXOG <RX ([SHFW +LJKHU 7TUHDWPF
/IRZRU+LJK %DVHOLQH 5DWH"

WKUHH TXHVWLRQV

7KH K\SRWKHWLFDO VFHQDULR ZDV DERXW D SROLF\PDNHU :
DQ LQIRUPDWLRQ SURYLVLRQ LQWHUYHQWLRQ WR LQFUHDVH
ZKR JHW EUHDVW FDQFHU VFUHHQLQJV D ELQDU\GHFLVLRQ IR
SROLF\PDNHU RQO\ KDV HQRXJK PRQH\ WR UXQ WKH LQWHUYHQ
VLWHV 7KHWZRVLWHVDUHLGHQWLFDO RWKHUWKDQ WKH EDYV
DOUHDG\JHW PDPPRJUDPV +HU RQO\REMHFWLYHLV WR LQFU|
PDPPRJUDPV UHFHLYHG L H WKHPDJQLWXGH RI WKH WUHDW
AUVW TXHVWLRQ DVNV DERXW WKH VLWH DW ZKLFK WKH SROLF
LQIRUPDWLRQ LQWHUYHQWLRQ 7KHVHFRQG TXHVWLRQ LV D IL
ZK\ WKH VXEMHFW JDYH WKHLU DQVZHU WR WKH AUVW TXHVWL
DVNV ZKHWKHU WKH VXEMHFW LV D SROLF\PDNHU RU DQ DFDGHF
DQ DFDGHPLF WKHLU AHOG 7KH VXUYH\ ZDV GRQH LQ SULYDW
SHQ DQG SODFHG LQWR DQ HQYHORSH WR HQVXUH DQRQ\PLW!
IXO0 WH[W RI WKH VXUYH\ GLVWULEXW 56 DPMQWKH®663$ FDQ EH

$ ODUJH PDMRULW\RIUHVSRQVHY DUHLQFRQVLVWHQW ZLWH
PRGHO VXEMHFWV AOOHGIRXWKRAV WHMWSHRQVHY WR WKH
AUVW TXHVWLRQ 2QO\ RI VDLG WKH SROLF\PDNHU VKR X
KLJK EDVHOLQH VLWH WKHDQVZHUFRQVLVWHQW ZLWK RXU Wk
EDVHOLQH VLWH ZRXOG EH RSWLPDO DQG EHOLHYH WKH ED'
WR WKH WUHDWPHQW HrHFW 1R VXEJURXS Rl UHVSRQGHQWYV
HFRQRPLVWVY RU SROLF\PDNHUV SURYLGH DQVZHUV FRQVLVYV
ZLWK DQ\UHJXODULW\

)XUWKHU QR UHVSRQGHQW SURYLGHV DQ H[SODQDWLRQ IRU
LQ OLQH ZLWK RXU WKHRU\ 7KHPRGDO H[SODQDWLRQ ZKHQ D V
KLJK EDVHOLQH VLWH LV WKDW SHRSOH OLNH GRLQJ ZKDW D PD

WDLOV

3RWHQWLDO SDUWLFLSDQWY ZHUH UHFUXLWHG E\ D UHVHDUFK DVVLVWD
WZHHQ FRQIHUHQFH VHVVLRQV 3RWHQWLDO SDUWLFLSDQWY ZHUH RQO\ W
ZRXOG WDNH 'DIHZ PLQXWHVp 2QO\FODULI\LQJ TXHVWLRQV ZHUH DQVZHUH
WDQW GLG QRW NQRZ WKH FRUUHFW DQVZHU DW WKH WLPH RI WKH VXUYH\ 2
VXUYH\LQGLYLGXDOO\



DUH GRLOHIDQZKLOH WKHPRGDO H[SODQDWLRQ ZKHQ WKH ORZ
LV FKRVHQ LY DVRQHUHVSRQGHQW VXFFLQFWO\SXW LW ~7K}
‘VZLWFK-IURP -QR- WR -\HV:

7KRXBEHFWLRRIIJHVWYV RXU PRGHO LV AUVW RUGHU LQ SUHG
RXWFRPHRIDQLQIRUPDWLRQ H[SHULPHQW WKHPRGHO -V LQW
D SDUW RI RXU FROOHFWLYH LQWXLWLRQ 9HU\ IHZ SROLF\PD
VSHFLAFDOO\ LQWHUHVWHG LQ EHKDYLRUDO FKDQJH LQWHUY
OLQHZLWKRXUPRGHO DQG]HURSURYLGHDQH[SODQDWLRQ U
LQWXLWLRQ

SUDFWLWLRQHU: -V *XLGH

7KH UHVXOWYV IURP WKH WKHRU\ DQG PHWD DQDO\VLV SURYLGH
WLDOO\ XVHIXO LQVLJKWYV IRU SUDFWLWLRQHUV ZKR PD\ EH FR
PDWLRQLQWHUYHQWLRQV WR QXGJH SHRSOH GHFLGLQJEHWZ!
QRW 7KLV VHFWLRQDLPV WR VXPPDUL]HWKHVHLQVLJKWYV

JLUVW RXU SDSHU KLJKOLJKWY WKH LPSRUWDQFH RI DWW
ZKDW EDVHOLQH WDNH XS ZLOOEHLQ WKHDEVHQFHRIDQLQIR
,Q PDQ\ VHWWLQJV SUHYLRXV FKRLFHV RI VLPLODU DJHQWYV F
PDUN $UPHG ZLWK WKLY NQRZOHGJH D SUDFWLWLRQHU FDQ
KLIKOLJKWHG LQ WKH QH[W WZR LQVLJKWY WR DVVHVV ZKHW|
WLRQ LQWHUYHQWLRQ ZLOO LPSURYH WDNH XS

6HFRQG DV GHVFULEHG LQ WKH SUHYLRXV VHFWLRQV ORZE
YLURQPHQWY DUH PRUH OLNHO\ W R JSROMH@ W IHDEOD@ X G UHH V V
VLPLODU WR WKRVH WKDW KDYHEHHQ WHVWHG LQ WKH OLWHUI
WKHLU LQIRUPDWLRQ FRQWHQW FRPSDUHV WR DJHQWV: SULRI
WKDW D EDVHOLQH RI RUEHORZLV OLNHO\WR JHQHUDWH D
WKH OLNHOLKRRGRIDEDFNAUHEHORZ ZHHVWLPDWH WKH E
EHURXJKO\KLJKHU WKDQ

7KLUG VHWWLQJV LQ ZKLFK PDQ\DJHQWY DUH H[SHFWHG WHF
WLQJV ZLWK D KLJK EDVHOLQH PD\EH SDUWLFXODUO\ULSH IRL
WR KDYH ELJ SRVLWLYHLPSDFWV *LYHQ RXU SDUDPHWHU HVW|
HrHFW RI WKH "W\SLFDOW QXGJH LV H[SHFWHG WR KDYH WKH Ol
PHQW HrHFW DW D EDVHOLQH RI

7KHVH DQVZHUV VXJJHVW VRPH UHVSRQGHQWY PLJKW DVVXPH WKH LQI
ZRXOG EH VRFLDO LQIRUPDWLRQ HJ “; RIRWKHU ZRPHQ JHW PDPPRJUDP"
ZDV QRW PHQWLRQHG LQ WKH VFHQDULR $VD UHVXOW WKHQXPEHURISHR
FRQVLVWHQW ZLWK RXUPRGHO PLJKW EHDQ RYHUHVWLPDWH

,Q &RrPDQ )HDWKHUVWRQH DD IRWY®MWKH UDWH RI DFFHSWLQJ D MRE
RrHU DW 7HDFK )RU $PHULFD LV UHODWLYHO\VWDEOH \HDU WR \HDU $YDLODI
LVWUXHLQ PDQ\RI WKHRWKHU RXWFRPHV DQDO\]HG E\ WKH H[SHULPHQWV L

$V PHQWLRQHG SUHYLRXVO\ WKH EDVHOLQH UDWH LV WKH LQFLGHQFH U
DFWLRQ DEVHQW WKH LQIRUPDWLRQ WKDW ZLOO EH SURYLGHG 7KLV PHDQV
SURYLGHG WKURXJKDQ HPDLO FDPSDLJQ WKH FRUUHFW EDVHOLQH UDWH L\
ZRXOG UHFHLYHDQ HPDLO EXW QRW WKH LQIRUPDWLRQ



7KHVH ODWWHU WZR UHVXOWV UXQ FRXQWHU WR WKH VWDQG
E\ SUDFWLWLRQHUVEWKH\ UDQ FRXQWHU WR RXU LQWXLWLRQ
SDSHU3VXJJHVWLQJ WKH\ PD\ EH WKH PRVW LPSRUWDQW LQVL
SRUWDQWO\ WKH IDLOXUH RILQIRUPDWLRQ LQWHUYHQWLRQV
DQ DFWLRQ LQ VHWWLQJV ZLWK ORZ EDVHOLQHY GRHV QRW LP
EH HrHFWLYH WKHUH ,W MXVW LQGLFDWHV WKDW LQIRUPDWL
WR EH KHOSIXO DW HQFRXUDJLQJ D GHVLUHG EHKDYLRU &RQV
HUV PD\ ZDQW WR FKRRVH D GLTHUHQW WRRO IURP WKHLU WRR
VHWWLQJV 6LPLODUO\ SUDFWLWLRQHUYV PD\ ZDQW WR WKLQU
LQIRUPDWLRQ QXGJHV LQ VHWWLQJV ZLWK KLJK EDVHOLQHYV
VHUYH PDQ\ H[SHULPHQWY ZLWK KLJK EDVHOLQHV LQ WKH PHW
RU\DQG HPSLULFDO UHVXOWV VXJIJHVW WKDW WKRVH VHWWLQ.
IRUVXFK LQIRUPDWLRQ QXGJHV

JRXUWK FRQVLVWHQW ZLWK VWDQGDUG LQWXLWLRQ RXU PF
QXGJHV WKDW SURYLGH EHWWHU QHZV L H QXGJHV WKDW SUF
LV KLJKHU LQ WKH DJHQWV:- SULRU EHOLHI GLVWULEXWLRQ ZL
D QHJDWLYH WUHDWPHQW HrHFW DQG DQ\ QHJDWLYH WUHDWI
EH VPDOOHU LQ PDJQLWXGH DQG EH PRUH OLNHO\ WR KDYH D
HrHFW DQGDQ\SRVLWLYHWUHDWPHQW HrHFWV ZLOO OLNHO\E
7KLV PHDQV WKDW D QXGJH WKDW LV H[FHHGLQJO\ KLJK LQ DJ
GLVWULEXWLRQ FDQ EH HrHFWLYH HYHQ DW ORZ EDVHOLQHYV
DQXGJH WKDW SURYLGHV WUXWKIXO LQIRUPDWLRQ WR EH WKTE
EHOLHI GLVWULEXWLRQ VXJIJHVWYV WKH VHW RIDJHQWV LV LQFL
HQYLURQPHQWY PD\EH XQOLNHO\ WR DULVH LQ SUDFWLFH 2X
HVWLPDWHG WKDW WKH FRQAGHQFH LQWHUYDO IRU WKH VW
QXGJHLQ RXU GDWD VSDQQHG IURP WKH WK WR WKH WK SHU
SULRUV VXJJHVWLQJWKDW QXGJHV WKDW DUH JRRG QHZV WR
DQG IDUEHWZHHQ

JLIWK WKH SUHYLRXV UHVXOW KLJKOLJKWY WKH YDOXH RI F
PDWLRQ IURPDJHQWY :KLOHUDUHO\GRQHLQ SUDFWLFH VXU
WKHLU EHOLHIV WR DVVHVV ZKHUH D SDUWLFXODU QXGJH IDOC
DIJHQWV:- SULRUV ZRXOG JLYH WKH SUDFWLWLRQHU DGGLWLRQ
OLNHOLKRRG RIVXFFHVV RI WKDW QXGJH

)LQDOO\ RXU PRGHO FDQ SURYLGH VWUXFWXUH IRU FRQVLC
SUHYLRXV LQIRUPDWLRQ LQWHUYHQWLRQV HJ DOO WKRVH ¢
XQLWMH :KHQIDFHG ZLWK PDQ\QX0OO UHVXOWYV RUEDFNAUHV |
WR DVVXPH LQIRUPDWLRQ LOQWHUYHQWLRQV GR QRW ZRUN %
DQG QXOO HrHFWV DUH RFFXUULQJ DW ORZ EDVHOLQHV RXU F
WKDW WKH LQIRUPDWLRQ PD\EH ZRUNLQJ H[DFWO\ KRZ ZH ZR X

&RQFOXVLRQ

$V QXGIJHV EHFRPH PRUH SURPLQHQW LQ WKH DFDGHPLF OLWEF
FRPPRQ DV D SROLF\ WRRO WKHUH LV DQ HQKDQFHG LQWHUH)



ZK\ QXGJHV ZRUN DQG ZKHQ3®*RU IRU ZKRP3*WKH\ ZLOO EH VXFFF
HJ %HVKHDUV &KRL /DLEVRQ 0DG&HD WDOGWRQNK LV
H[HUFLVHLVY GHYHORSLQJPRGHOV RIWKHVH QXGJHV WKDW FD(
XQGHUO\LQJPHFKDQLVPV ,QWKLVSDSHU ZHLQWURGXFH D WK
QXGJHV WKDW DOORZV IRU %D\HVLDQ XSGDWLQJLQ D VHWWLQ
2XUPRGHO KLJKOLJKWY WKDW LQ WKHVHVHWWLQJV WKHUH
WKH VLIJQ DQG PDJQLWXGH RI WKH WUHDWPHQW HrHFW LV ZKHV
QXGJH SURYLGHV JRRG QHZV DERXW WD MWL\@KMWKBUJEWLRQ WR
2XUPRGHODGGLWLRQDOO\VXJJHVWY WKDW EDVHOLQH WDNH
JURXS FDQ EH D XVHIXO SUR[\ IRU WKH EHOLHIV RI PDUJLQDO
ORZV UHVHDUFKHUV DQG SUDFWLWLRQHUV WR LQIHU WKH OLNE
D WUHDWPHQW HrHFW DULVLQJ IURP DQ LQIRUPDWLRQ QXGJH
PDWLRQ RQ EHOLHIV ,Q DPHWD DQDO\VLV RI LQIRUPDWLRQ HJ
WKDW WKH UHODWLRQVKLS EHWZHHQ WUHDWPHQW HrHFW VL]
UDWH PDWFKHG WKH SDWWHUQ SUHGLFWHG E\WKH WKHRU\ DO
SUHYLRXVO\SX]]OLQJ UHVXOWV IURP WKH OLWHUDWXUH
%RWKWKHUHGXFHG IRUPDQG WKHVWUXFWXUDOPHWD DQD
IRU SUDFWLWLRQHUV )LUVW LQIRUPDWLRQ QXGJHV PD\ EDFI
ZLWK ORZ EDVHOLQH WDNH XS 6HFRQG WKH SRVLWLYH HrHF
LOWHUYHQWLRQLV PD[LPL]JHGIRUEDVHOLQH WDNH XS DURXQC
PHGLDQ EDVHOLQHLQ WKH H[SHULPHQWYV ZHIRXQG IRURXUPH
DQG JLYHQ WKDW DERXW D WKLUG RI EDVHOLQHV DUH EHORZ
QRW DSSHDU WR KDYH HQWHUHG RXU FROOHFWLYH ZLVGRP \HW
7KRXJK RXU PHWD DQDO\VLV ZDV VKDUSO\ IRFXVHG RQ D VSt
IRUPDWLRQ LQWHUYHQWLRQ RWKHU QXGJHV PD\ZRUN SDUWL
WLRQ FKDQQHOV )RU H[DPSOH UHPLQGHUV ZKLFK DUH RIWH(
WKURXJK LQODWWHQWLRQ HKDYHDEEHQWWRZQ WR DrHFW EH
OLHIVDERXW WKH SUREDELOLW\RWKHUYV WDNH D FHUWDLQ DF\
DQG VR PLJKW DOVR ZRUN WKURXJK DQ LQIRUPDWLRQ FKD
WHQW WKDW LQIRUPDWLRQ LV DFWLYH WKH PDLQ LQVLJKWV R
DSSO\ :HKRSHIXWXUH ZRUN PRGHOV RWKHU LPSDFWIXO QXGJ
ZKHQ WKH\ DUH KHOSIXO KRZ WR PD[LPL]H WKHLU HqFDF\ DQG
EDFNAWRGHOLQJ WKHVH QXGJHV FDQ XQOHDVK WKHLU IXOO SF

SHIHUHQFHYV

$OOFRWW +XQW "6RFLDO 1RUPV DQRXQBODO\RIBIEBUF DFRLRQ L
QRPLFV 2

JRUH[DPSOH QXGJHVLQ FKRLFHDUFKLWHFWXUHDUHD SRWHQWLDOO\ S|
HYHU WKH\GR QRW DOzZD\V GHOLYHU WKH H[SHFWHG URIXOWY VHH H J .|
“\HV2QRp YV 'RSW LQup FKRLFH IUDPHV IRUDFWLYH FKRLFH RUJDQ GRQDWLF
PDGHDW HSDUWPHQWY RI ORWRU 9HKLFOHV



$OOFRWW +XQW DQG -XGG % .HVVOHU "7KH :HOIDUH (rHFWV RI :
6WXG\ RI (QHUJ\ 8VH 6RFLD ®RHRWPISTDUL VFRRDRRLF -RXUQDO $SSOLF
(FRQRPLFV 2

$OOFRWW +XQW DQG 'PLWU\N 7DXELQVN\ "(YDOXDWLQJ %HKDYL
3ROLF\ ([SHULPHQWDO (YLGHQFH IURFPWKHFDIX(\WERXREIODBUNHW n
5HYLHZ 2

$YLWDELOH &LUR DQG5DIDHO GH +R\RV "7TKH+HWHURJHQHRXYV

WLRQ RQ6WXGHQW 3HUIRUPDQFH (YLGHQFH )URP D5DQGRPL]HG
OH[LFRRXUQDO RI'HYHORSPHQW (FRQRPLFYV

%HDWRQ $OEHUW ( DQG -RKQ : 7XNH\ "7TKH )LWWLQJ RI 3RZHU |
LQJ3RO\QRPLDOV ,O00XVWUDWHG RQHAKQHRBBWRWEWRVFRSLF 'DWI
2

%HOVOH\ 'DYLG$ (GZLQ .XK DQG BRAUHVIVVYRK 'LDIJQRVWLFV ,GHQ
WLI\LQJ ,QAXHQWLDO 'DWD DQRK@® XOAHHY BRROOLQHDUL W\

%HUQKHLP % 'RXJODV $QGUH\)UDGNLQ DQG ,JRU 3RSRY “7KH
QRPLFV RI'HIDXOW 2SWLRQY$RIQULF®D BCR@RRLF5HYLHZ
2

%HVKHDUV -RKQ -DPHV - &KRL 'DYLG /DLEVRQ %ULJLWWH & 0DGUI]
/ OLONPDQ “7KH (rHFW RI 3URYLGLQJ 3HHU ,QIRUPDWLRQ RQ
6DYLQJV 'HF 7WKIHR-@X WQDO RI1)LQDYQFH

%HVKHDUV -RKQ -DPHV - &KRL 'DYLG /DLEVRQ %ULJLWWH & 0DGUL
DQJ :DQJ KR,V (DVLHU WRNIXBUSDS H U

%KDUJDYD 6DXUDEK DQG 'D\DQDQG ODQROL K\ $UH %HQHAW\
7DEOH" $VVHVVLQJ WKH 5ROH Rl ,QIRUPDWLRQ &RPSOH[LW\ DQG
8S ZLWK DQ ,56 )LHOG ($8HULFBQWFRQRPLF5HYLHZ

%ROOLQJHU %U\DQ 3KLOOLS/HVOLH DQG $ODQ6B6RUHQVHQ "&DC
5HVWDXWPHWYFRDQ (FRQRPLF-RXUQDO {FRQRPLF 3ROLF\

%UHXVFK 76 DQG $ 5 3DJDQ "$ 6LPSOH 7HVW IRU +HWHURVF}
5DQGRP &RHQFLHQW BRQIRIPWM MRIQ FD 2

%URZQ ODUWLQ 6WHIDQ 7 7UDXWPDQQ DQG 5D]YDQ 90DKX "8

EDQN UXQ FROQWQDUR®HQW 6FLHQFH

%XWHUD /XLJL S5REHUW OHWFDOIH :LOOLDP ORUULVRQ DQG 'PLWU
"OHDVXULQJWKH ZHOIDUH HrHFW$PRIULKIDRH( B R GRPULFGHH M L H Z
2

&DL +RQJELQ <X\X &KHQ DQG +DQPLQJ)DQJ "2EVHUYDWLRQDO .
LGHQFH IURP D 5DQGRPL]HG 1D W X WPH YLHO® ([FSRHQURPHRSM |
YLHZ

&DUG 'DYLG $OH[DQGUH ODV (QULFRORUHWWL DQG (PPDQXHO 6DH
LW\DW :RUN 7KH (rHFW RI3HHU 6DOD$PHV RED-® EFGRQRIPLID FWLR Q

5HYLHZ 2
&DUUROO *DEULHO' -DPHV- &KRL 'DYLG/DLEVRQ %ULJLWWH & OD
OHWULFN "2SWLPDO 'HIDXOWYV DO IAWMHYYG\ HRXULWQBQ R Ip

(FRQRPLFYV 2



&KDPEHUV &KULVWRSKHU3 DQG 3DXO - +HDO\ "8SGDWLQJ 7R ZI
(FRQRPLF7KHRU¥

&KHQ <DQ ) OD[ZHOO +DUSHU -RVHSK .RQVWDQ DQG 6KHUU\ ;LQ /L
&RPSDULVRQVDQG &RQWULEXWLRQV WR 2QOLQH &RPPXQLWLHV
RQORYLH/B®NWULFDQ (FRQRPL2F5HYLHZ

&KXQJ .DL/DL$ &RXUVH,Q 3UR E DBFIDAHNP\LAKHRHM V

&LDOGLQL 5REHUW % /LQGD - 'HPDLQH %UDG - 6DJDULQ 'DQLHO
5KRDGV DQG3DWULFLD/ :LQWHU "ODQDJLQJB6RFLDO 1RUPV I
,PSDF®RELDO ,QAXHQFH

&LDOGLQL 5REHUW % 5D\PRQG5 5HQR DQG &DUO$ .DOOJUHQ
RI'TRUPDWLYH &RQGXFW 5HF\FOLQJ WKH &RQFHSW RI1RUPV WR 5
LQ 3XEOLF 3IRRENYVQ@RI3ZHUVRQDOLW\DQG 6RFLDO 3VI\FKRORJ\

&ODUN &KDUOHYV ( "7TKH 3(57 0RGHO IRUWKH'LVWULEXWLRQ RIDC
2SHUDWLRQV5HVHDUFK

&ODUN 5REHUW/ -HQQLIHUS$ ODNL DQG OHOLQGD 6DQGOHU ORUUL
SOH ,QIRUPDWLRQDO 1XGJHV ,QFUHDVH (PSOR\HH 3DUWLFLSDWLF
BRXWKHUQ (FRQRPLF-RXUQDO

&RrPDQ /XFDV & &OD\WWRQ5 )HDWKHUVWRQH DQG -XGG % .HVVOH
FLDO ,QIRUPDWLRQ $rHFW :KDW -RE <RPHYKRRQH ERR AHHS "
-RXUQDO $SSOLHG (FRQRPLFV

&RRN 5 'HQQLV “"HWHFWLRQ Rl ,QAXHQWLDO 2EVHUYDWLRQ L¢
VLR@HFKQRPHWULEV

&URVRQ 5DFKHO DQG -HQ <XH 6KDQJ "7KH ,PSDFW RI'RZQZDUG ¢
PDWLRQ RQ &RQWULEXWBROQLRHOMBQYFRQRPLFV

'HO &DUSLR /XFLD "$UH WKH 1HLJKERUV &KHDWLQJ" (YLGHQFH
1RUP ([SHULPHQW RQ 3URSHUMRUNLGYSMSHW X p

'"HOOD9LJQD B6WHIDQR DQG (OL]DEHWK /LQRV "5&7V WR VFDOH
HYLGHQFH IURP WZR QPRIIRIPHW. WL\F P

'LDFRQLV 3HUVL DQG 'RQDOG <OYLVDNHU "&RQMXJIJDWH 3ULRU

)DPLOLHKWHBSQQDOV RIVWDWLVWLFV

JHOOQHU *HUOLQGH 5XSHUWG6DXVJUXEHU DQG &KULVWLDQ 7UD[OHL
PHQW 6WUDWHJLHYV LQ WKH )LHOG 7KUHDW ORUDO $SSHDO DQG ¢
-RXUQDO RIWKH (XURSHDQ (FRQRPLF $VVRFLDWLRQ

JLVFKEDFKHU 8UV 6LPRQ *IFKWHU DQG (UQVW )HKU "$UH 3HRSO
&RRSHUDWLYH" (YLGHQFH IURP D 3SXEPRRRRPREV (HSVHVUHBH QW p

2

JUH\ %UXQR 6 DQG 6WHSKDQ OHLHU "6RFLDO &RPSDULVRQV DQ
KDYLRU 7HVWLQJ &RQGLWLRQDO &RRSHUPPHIRGPDPOQQ D )LHOG ([S
(FRQRPLF5HY®LHZ

*HUEHU $0DQ6 DQG7RGG5RJHUV “'"HVFULSWLYHGB6RFLDO 1RUPV
WR 9RWH (YHU\ERG\-V 9RWL QJIRX®E @R OKR SR G IR K FV



*ROGVWHLQ 1RDK- 5REHUW % &LDOGLQL DQG 90DGDV *ULVNHYLF
ZLWK D 9LHZSRLQW 8VLQJ6RFLDO 1RUPV WR ORWLYDWH (QYLURQ
WLRQ LQ +RRXH@QWD Q@ RI &RQVXPHU 5HVHDUFK

+DDODQG ,QJDU &KULVWRSKHU5RWK DQG -RKDQQHV :RKOIDUW
PDWLRQ SURYLVLRQ-RPSHQYDRO ROWNRQRPLFOLWHUDWXUH

+DOOVZRUWK OLFKDHO -RKQ /LVW 5REHUWDTKHWEBRDY DQG ,YR 90|
LRUDOLVWDV 7D[ &ROOHFWRU 8VLQJ1DWXUDO )LHOG ([SHULPHQ\
7THFKQLFDO UHSRUW 1DWLRQDO %XUHDX RI (FRQRPLF5HVHDUFK

+DVWLQJV -XVWLQH &KULVWRSKHU $ 1HLOVRQ@KEQIG 6HWK ' =LPPHI
IHFWV RI (DUQLQJV 'LVFORVXUH RQ7ERRQHRB QURBRGRORMM QW 'HFL VI
WLRQDO %XUHDX RI (FRQRPLF5HVHDUFK

+DVWLQJV -XVWLQH®6 DQG -HrUHQ IR UPIDQWIMRKL BFKRRO &KRLFH DQC
$FDGHPLF $FKLHYHPHQW (YL G HIFHK QURFD TZ B H BRHUUA PHIOML\R Q D O
%XUHDX RI (FRQRPLF 5HVHDUFK

+XEHU 3HWHU - "5REXVW (VWLPDWLRQ7RHDS (RFDOWLRIQ 3SADUDPHW
ODWKHPDWLFD®G 6WDWLVWLFV

+XEHU 3HWHU - DQG (OYH]LR®R BRQF K WRAL MWD HRYV 6 RQV

-HQVHQ 5REHUW "7TKH 3HUFHLYHG 5HWXUQV WR (GXFDWLRQ DQ
6FKRRO4ARDUWHUO\-RXUQDO RI (PRQRPLFV
-HVVRH .DWULQD DQG'DYLG5DSVRQ ".QRZOHGJH ,V /HVV 3RZH

WDO (YLGHQFH IURP 5HVLGH@WUDPDIQ HRRQBWPHFSHY LHZ
2

.DUDGMD ORXQLU -RKDQQD OROOHUVWURP DQG 'DYLG 6HLP
+ROLHU 7KDQ 7KRX" 7KH (rHFW Rl 5HODWLYH ,QFRPH ,PSURY}
'"HPDQG IRUSHGLVWHYEXXZVRR@RQRPLFVDQG WDWLVWLFV

.HVHU &ODXGLD DQG )UDQV 9DQ :LQGHQ "&RQGLWLRQDO &RRSFH
XQWDU\ &RQWULEXWLR QW WREBXEDPLFLIRRRXWQDO RI (FRQRPLFV
2

.HVVOHU -XGG% DQG$OYLQ ( 5RWK "2UJDQ $OORFDWLRQ 3ROLF
WR 'ROQDOPHWLFDQ (FRQRPLF5HYLHZ
.RHQNHU 5RJHU "$ IRWHRQ 6WXGHQWL]LQJ BRMHWVW IRU +HWHUR)

QDO RI(FRQRPHWULFV

X]JLHPNR ,0\DQD OLFKDHO , 1RUWRQ (PPDQXHO 6DH] DQG 6WHID«
"+RZ (ODVWLF $UH 3UHIHUHQFHV IRU 5SHGLVWULEXWLRQ" (YLC
GRPL]HG 6XUYH\ ([SHPHPHPOWY(ERQRPLF5HYLHZ

/L *XR\LQJ "BREXVW YBORWMVAQR@WD 7TDEOHV 7UHQGV DQG 6K
8

/IR $PEURVH ""HP\VWLI\LQJWKH QWHJUDWHG 7DLO BUREDELOLW
PXOODKIH$PHULFDQ 6WDWLYWLFLDQ

ODUWLQ 5LFKDUG DQG-RKQ5DQGDO "+RZLV'RQDWLRQ %HKDYL
WKH 'RQDWLRQV RRXWBBHOWRIWFRQRPLF %HKDYLRU 2UJDQL]DWLF
2

1JX\HQ 7UDQJ ", QIRUPDWLRQ 5ROHORGHOV DQG 3HUFHLYHG 5H
WLRQ ([SHULPHQWDO (YLGHQFRUNRGIODBIHDVFDU p



2ZHQ 'RQDOG %UXFH "$ 7DEOH RI &RPPOQL FDMHRIDONQu
6WDWLVWLFV36LPXODWLRQD®G &RPSXWDWLRQ

3RPHUDQ] 'LQD "7D[DWLRQ ZLWHRXWAIYREIRQWRIRM5HYLHZ
2

3RWWHUV -DQ ODUWLQ 6HIWRQ DQG /LVH 9HVWHUOXQG “$IWHL
BHTXHQFLQJLQ 9ROXQWDU\ 8aREAWUQERWRILBREOPHFRQRPLFV
2

6DOJDQLN ODWWKHZ - 3HWHUBKHULGDQ 'RGGV DQG 'XQFDQ - :DW\
PHQWDO 6WXG\RI ,QHTXDOLW\DQG 8QSUHGLFWDELOLW\LQ DQ $U
NHVWRLHQFH 2

6FKXOW] 3 :HVOH\ -HVVLFD 0O 1RODQ 5REHUW % &LDOGLQL 1RDK
90DGDV *ULVNHYLFLXYV "7TKH &RQVWUXFWLYH 'HVWUXFWLYH
WLYH 3RZHU RI 6 RFA\MDEGKROURYLEDO 6 FI2PHQFH

6KDQJ -HQ DQG5DFKHO &URVRQ "$)LHOG ([SHULPHQW LQ &KDUL
WLRQ 7KH ,PSDFW RIB6RFLDO ,QIRUPDWLRQ RQ WKH 9ROXQWDU\ 3
*RRGYFRQRPLF-RXUQDO 2

6LPRQVRKQ 8UL "7TZR /LQHV $9DOLG $OWHUQDWLYH WR WKH ,QY
6KDSHG 5SHODWLRQVKLSV ZLWK 4308 D0QWHY¥ 5@ DHIMWKR RV ¥ QUG
SBUDFWLFHV LQ 3V\FKROR3LFDO G6FLHQFH

6XQVWHLQ &DVV 5 DQG 5LFKDIXG$H7KDSIHRY LQJ 'HFLVLRQV $ERXW
+HDOWK :HDOWK BDHEGIXDLYFARRNYV

7TDXELQVN\ "PLWU\ "JURP , QWHQWLRQV WR $FWLRQV $0RGHO DQ
(YLGHQFH RI ,QDWWHRWNLL QIJI&IORBIHUWH p
I9HVWHUOXQG /LVH "7TKH ,QIRUPDWLRQDO 9D-RXMRI 6HTXHQWLDC

QDO RI3XEOLF (FRQRPLFV

'KLWHKHDG ODUN 5K\V -RQHV 5DFKHO +RZHOO 5DFKHO /LOOH\ DG

1XGJLQJ$00 2YHU WKH :RUOG $VVHVVLQJWKH ,PSDFWV RI WK

RQ 3XEOLBEHBBRUM (FRQRPLFDQG 6RFLDO 5HVHDUFK &RXQFLO 8Q
GRP

'RROGULGJH - QWURGXFWRU\ (FRQRPHWULWNK HGORGFHHUQ $SSURDFK
JDJH



$ 7TKHRU\RI ,QIRUPDWLRQ 1XGJHV

/IXFDV & &RrPD@OD\WRQ5 )HDWKHUXWROH .HVVOHU

%RVWRQ &ROOHJIWD\ORU 8QLYHUVAKM :KDUWRQ 6FKRRO
8QLYHUVLW\RI3HQQV\OYDQ



$ OHWD $QDO\VLV $SSHQGL]

$ 6HOHFWLRQ RI SDSHUV

$WWKHHQG RIWKLVVHFWLRQ RIWKHDSSHQGL[ ZHKDYHLQFO
AJXUHV 7KH AUVW LV D FRS\RIWKHHPDLO ZH XVHG WR HOLFL\
IRULQFOXVLRQLQ RXUPHWD DQDO\VLV 7KHVHFRQG LV D WDE
RXUUDWLRQDOH IRUHLWKHULQFOXGLQJRUH[FOXGLQJHDFK

$ 5HGXFHG )RUP OHWD $QDO\VLYV

7R VHH DOO HVWLPDWHV RI WKH WKUHH OLQH DQDO\VLV ZLWK
KDYH LQFMDE®HEHW WKH HQG RI WKLY VHFWLRQ RI WKHDSSHQGL

$ 7TKHPRGHEBRWLRQQRDLWHUDWXUH OHYHO QRLVH

$ D7KHRUHWLFDO GHULYDWLRQ RIWKHGLVWULEXWLRQ RI
+HUH ZH UHVWDWHDQG SURFAWALRK UHWDXOW IURP

5HVXOPRWU WKHSDUDPHWULFPRGHORIWKLVVHFWLRQ ZKHQ
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7KHVH LQWHJUDOV FDQ DOVR EH GHULYHG E\ WKH FRPSOHWLQJ WI
LQ WKH H[SRQHQWYV RI WKH LQWHJUDQGYV 8VLQJ WKH AUVW LQWH.
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7KH WUHDWPHQW HrHFW LV JLYHQ E\

£ — o] £n¢ n £ — 0
E¢gNn BE AEE f2(0) °iE M ¢ A0 .

30XJIJLQJLQ RXULQWHJUDOV IURP DERYH LPPHGLDWHO\\LHOGY WKH W
IHRW LQ WHUPV RI WKH VL?PQDO UHDOL]DWLRQ

6LQFH.W % DQELV D OLQHDU JXQE\W LIRQRRE |
PXVW-EH QRUPDOO\ GLVWULEXWHB g\ EA HSQG VVLRQV IRU
Var ¢gn BA IROORZ IURP WKH ZHOO NQRAWX IBFWV WKDW
aAbE X D Q\@r[aAbX]Ab2Var[X]

JLQDOO\ JLYHQ WKH SUHYLRXV SDUDJUDSK WKH FRQGLWLRQDO F
SUREDELOLW\RID SRVLWLYH WUHDWPHQW HrHFW FDQ EH ZULWWHQ
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7KH VIPPHWU\ RI WKH QRUPDO GLVWULEXWLRQ VKRZV WKLV LV HTXLYD
H[SUHVVLRQ LQ WKH VWDWHPHQW RI WKH UHVXOW

$ E7HFKQLFDODQDO\VLV RIRXWOLHUYV

7R GLDJQRVH ZKLFK VWXGLHY DUH FDXVLQJ WKH SUREOHP Zt
SURDFK LQVSLUHG E\ %HOVOH\ . XK RRNEQH WKW KH OHYHU
DIJHWKDW HDFK GDWD SRLQW KDV RQ SDUDPHWHU HVWLPDWHYV
VDPSOH ZH HVWLPDWH WKH UHJUHVVLRQ ZLWKRXW LW DQG FF
OHDYH RQH RXWHVWLPDWHV DUHIURP WKHIXOO VDPSOH HVW
WKH IXO0 VDPSOH HVWLPDWHYVY:- VWDQGDYBGWDQRUYV 8VLQJ W
HIDPSOH WKHQ RXU OHYHUDJH@ WBKWXMLH IRWHVIWX G \

a; aii

e
@

ZKHEdHW Q% DUH WKH IXOO VDPSOBQGH/ W FDWHDRGDUG HUURU
DQaS"Y LV WKH HV W IZAKIMVMQHVRMXGOHIW RXW IURP WKH VDPSOH 7KH

$SSHQGL]



OHYHUDJH PHoD DR @HYDUH GHAQHG DQDORJRXVO\ J)URP WKHUH
GHAQH HDFK REVHUYDW LWR EHOWK H B D J K# X RbR |
DQ@%) )RU RXU UHJUHVVLRQ WKH IRXOWBGDUJHVW YDOXHV RI
DQG 7KH QH[W KLJKHVW YDOXH LV 7KHPHDQ RI WKH
‘i LV WLPHV ODUJHU WKDQ WKH PHDQ RI WKH UHVW 2Q WKH EL
DJH QXPEHUV ZH ZLOO WUHDW WKH IRXWDWXBYHWZLWK WKH
RXWOLHUV (VVHQWLDOO\ LIDVWXG\-VLQFOXVLRQ PRYHV D S
PRUH WKDQ DERXW RQH VWDQGDUG HUURU ZH H[FOXGH LW 1
VRSKLVWLFDWHG PHWKRG FKRRVHV WKH VDPH RXWOLHUV DV
PHWKRG GLVFXVVHG LQ WKH PDLQ WH[W
2QFHZHKDYHLGHQWLAHG WKHRXWOLHUV LWLV ZRUWK WHV
OHYHO QRLVH PRGHO:-V DVVXPSWLRQ Rl KRPRVNHGDVWLFLW\
(TXDWLR@Q WKHIXOOVDPSOH LIZHUXQD %UHXVFK23DJDQ WHV\
3DJDQ .RHQNHU:RROGULGJRQRXUIXOO VDPSOHUHJUHVVLRQ
WKH QX0O0O K\SRWKHVLV RI KRPRVNHGDVWLFLA\ LV RYHUZKHO
0003 ,IZHUHPRYHWKHRXWOLHUV WKHVDPHWHVW IDLOV WR U
FRQYHQWLRQDO OHYH@R1 VLIQLAFDQFH

$ /IRQJ IRUPDW AJXUHV DQG WDEOHYV

7TDEOH $ 7KUHH OLQH UHJUHVVLRQV
THVWLQJ GRZQ XS GRZQ UHODWLRQVKLS

%UHDN SRLQWYV
/IRZHU 8SSHUY >, 3 rRsY

V H (0.339) (0.057) (0.136)
p YDOXH ’ '

1IRWHWSRUWY 2/6 HVYWLPDWHV RI WKUHH OLQHAWV RIWKH GDWD IRU
LRXV EUHDN SRLQWV LQGLFDWHG LQ AUVW WZR FROXPQV (DFK VHW
URZV LV D QHZ UHJUHVVLRQ UHSRUWLQJWKHHVWLPDWHV AUVW W
p YDOXHVV WKH HVWLPDWH | RUIRK M KHWW PRQE

DQGIRUWKHWKLUG 6WDQGDUGHUURUVDUHWKHVWDQGDUG GHYLD
HVWLPDWHV IURP KLHUDUFKLFD®HFRR\WRQWUDS GHVFULEHG LQ
PRGLAHG DV GH\BFHEMEHRGDLRRE QRWIHRWH WKH

ERRW VWUDSSHG GLVWULEXWLRQV RI HVYWLPDWHY DUHVNHZHG OHI

IRU , DQG ,,, DQG ULIJKWpVNEH2NHBURBHSRUWY WKH
SHUFHQWDJH RI ERRWVWUDSSHG HYWLPDWHYV WKDW DUH LQFRQVLYV
WKH PRGHO:-V SUHGLFWLRQ L H QRQ QHJDWLYH IRU , DQG ,,, D

QRQ SRVLWL¥HHNRIUG XDO VXP RIVTXDUHV LVWKHDYHUDJH 566

IURP WKH ERRWVWUDS SURBEHBEBWUR@GHKWEULEHG LQ

YDOXHV DUH HTXDO WR D EUHDN SRLQW DQG DUH WKXV XVHG WR HV
WKH OLQH EHORZDQG WKHOLQHDERYH WKH 566 LV DGMXVWHG VXF
IRUHDFK GDWXP RQ D EUHDN SRLQW KDOIRILWY VTXDUHG UHVLGXI
HDFK WKH ORZHU OLQHDQG WKH XSSHU OLQHLVDGGHG WR WKH VXP

FRQWLQXHG RQ QH[W SDJH

$SSHQGL]



7TDEOH$ 2FRQWLQXHGIURP SUHYLRXV SDJH
%UHDN SRLQWYV
/IRZHU 8SSHUY 2 T3 RSS

V H (0.066) (0.096) (.136)
p YDOXH '

V H (0.101) (0.162) (0.136)
p YDOXH ’ '

V H (0.245) (0.207) (0.136)
p YDOXH '

V H (0.339) (0.044) (0.40)
p YDOXH

V H (0.066) (0.066) (0.40)
p YDOXH

V H (0.101) (0.095) (0.40)
p YDOXH '

V H (0.245) (0.111) (0.40)
p YDOXH

1RWHWSRUWYV 2/6 HYWLPDWHV RIWKUHH OLQHAWVY RIWKHGDWD IRU
LRXV EUHDN SRLQWV LQGLFDWHG LQ AUVW WZR FROXPQV (DFK VHW |
URZV LVD QHZ UHJUHVVLRQ UHSRUWLQJWKHHVWLPDWHV AUVW W
p YDOXHVV WKH HVWLPDWH IRUIRKMVKHWHPRQE

DQG@IRUWKHWKLUG 6WDQGDUG HUURUVDUHWKHVWDQGDUGGHYLD
HVWLPDWHVY IURP KLHUDUFKLFD®HEFER\WRWQWUDS GHVFULEHG LQ
PRGLAHG DV GHWHEFMAHR®D LMRBAE QRWIRRWH WKH

ERRW VWUDSSHG GLVWULEXWLRQV RIHVWLPDWHY DUHVNHZHG OHI

IRU , DQG ,,, DQG ULJKWpVNBONEURWBSRUWY WKH
SHUFHQWDJH RI ERRWVWUDSSHG HVWLPDWHV WKDW DUH LQFRQVLV
WKH PRGHO:V SUHGLFWLRQ L H QRQ QHJDWLYH IRU , DQG ,,, D

QRQ SRVLWLVYFHNRUG XDO VXP RIVTXDUHV LV WKHDYHUDJH 566

IURP WKH ERRWVWUDS SUREFHBWUR@GKWEULEHG LQ

YDOXHVY DUHHTXDO WR D EUHDN SRLQW DQG DUH WKXV XVHG WR HV
WKHOLQH EHORZDQG WKH OLQH DERYH WKH 566 LVDGMXVWHG VXF
IRUHDFK GDWXP RQ D EUHDN SRLQW KDOIRILWY VTXDUHG UHVLGXI
HDFK WKH ORZHU OLQHDQG WKH XSSHU OLQHLVDGGHG WR WKH VXP

FRQWLQXHG RQ QH[W SDJH

$SSHQGL]



7TDEOH$ 2FRQWLQXHGIURP SUHYLRXV SDJH
%UHDN SRLQWYV

/IRZHU 8SSHY ~ T3 RsS
V H (0.339) (0.033) (0.541)
p YDOXH

V H (0.066) (0.046) (0.541)
p YDOXH

V H (0.101) (0.061) (0.541)
p YDOXH ’

V H (0.245) (0.068) (0.541)
p YDOXH

V H (0.339) (0.026) (1.850)
p YDOXH

V H (0.066) (0.034) (1.850)
p YDOXH

V H (0.101) (0.042) (1.850)
p YDONXH ’

V H (0.245) (0.045) (1.850)

1RWHWSRUWYV 2/6 HVYWLPDWHV RIWKUHH OLQHAWVY RIWKHGDWD IRU
LRXVEUHDN SRLQWV LQGLFDWHG LQ AUVW WZR FROXPQV (DFKVHW
URZV LV DQHZUHJUHVVLRQ UHSRUWLQJ WKH HVWLPDWHY AUVW W
p YDOXHVV WKH HVWLPDWH IRUIRKMVKHUWHPRQE

DQ@IRUWKHWKLUG 6WDQGDUG HUURUVDUHWKHVWDQGDUGGHYLD
HVWLPDWHV IURP KLHUDUFKLFDOHFR\RWRQWUDS GHVFULEHG LQ
PRGLAHG DV GHWHEFEMAHR®D LMRBE QRWIRRWH WKH

ERRW VWUDSSHG GLVWULEXWLRQV RIHVWLPDWHV DUHVNHZHG OHI

IRU , DQG ,,, DQG ULIJKWpVNEH2HBURBHSRUWY WKH
SHUFHQWDJH RI ERRWVWUDSSHG HVYWLPDWHY WKDW DUH LQFRQVLYV
WKH PRGHO-V SUHGLFWLRQ L H QRQ QHJDWLYH IRU , DQG ,,, D

QRQ SRVLWL¥HHNRILG XDO VXP RIVTXDUHV LVWKHDYHUDJH 566

IURP WKH ERRWVWUDS SUREHBWUR@GHKWEULEHG LQ

YDOXHV DUH HTXDO WR D EUHDN SRLQW DQG DUH WKXV XVHG WR HV
WKH OLQH EHORZDQG WKHOLQHDERYH WKH 566 LV DGMXVWHG VXF
IRUHDFK GDWXP RQ D EUHDN SRLQW KDOIRILWV VTXDUHG UHVLGX]|
HDFK WKH ORZHU OLQHDQG WKH XSSHU OLQHLV DGGHG WR WKH VXP

FRQWLQXHG RQ QH[W SDJH

$SSHQGL]
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p YDONKH |

IRWHWSRUWYV 2/6 HVWLPDWHYV RIWKUHH OLQH AWV RIWKHGDWD IRU
LRXV EUHDN SRLQWV LQGLFDWHG LQ AUVW WZR FROXPQV (DFK VHW |
URZV LVD QHZ UHJUHVVLRQ UHSRUWLQJWKHHVWLPDWHYV AUVW W
p YDOXHWVV WKH HVWLPDWH IRUIRK MVAKHWHPRQE

DQGIRUWKHWKLUG 6WDQGDUGHUURUVDUHWKHVWDQGDUG GHYLD
HVWLPDWHV IURP KLHUDUFKLFD®HEFER\WRWQYWUDS GHVFULEHG LQ
PRGLAHG DV GHWHEMEHR® LR QRWIHRWH WKH

ERRW VWUDSSHG GLVWULEXWLRQV RIHVWLPDWHYVY DUHVNHZHG OHI

IRU , DQG ,,, DQG ULJKWpVNBONEBURBSRUWY WKH
SHUFHQWDJH RI ERRWVWUDSSHG HVWLPDWHV WKDW DUH LQFRQVLV
WKH PRGHO:V SUHGLFWLRQ L H QRQ QHJDWLYH IRU , DQG ,,, D

QRQ SRVLWLYEHNRIULG XDO VXP RI VTXDUHV LVWKHDYHUDJH 566

IURP WKH ERRWVWUDS SUREHEWUR@GHKWEULEHG LQ

YDOXHV DUH HTXDO WR D EUHDN SRLQW DQG DUH WKXV XVHG WR HV
WKHOLQH EHORZDQG WKH OLQH DERYH WKH 566 LVDGMXVWHG VXF
IRUHDFK GDWXP RQ D EUHDN SRLQW KDOIRILWY VTXDUHG UHVLGX]|
HDFK WKH ORZHU OLQHDQG WKH XSSHU OLQHLVDGGHG WR WKH VXP

$SSHQGL]
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