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Abstract

Generalizations are a fundamental linguistic tool for efficiently
passing along information. To interpret the intended strength
of a generalization, listeners rely on prior knowledge. Ex-
perienced and inexperienced listeners may interpret the same
generalization differently, potentially leading to miscommuni-
cation. Speakers could mitigate such miscommunication by
avoiding generalizations that inexperienced listeners are likely
to misinterpret. However, experienced speakers may struggle
to understand the perspective of an inexperienced listener. The
present study examined whether experienced speakers adjust
their use of generalizations based on the expertise of their in-
tended audience. Results showed that any such adjustments
are minimal and insufficient to avoid miscommunication as op-
erationally defined. Future research may clarify the practical
impact of such miscommunication by examining how general-
izations are used in relation to speakers’ and listeners’ goals.
Keywords: Generalizations; Expertise; Curse of Knowledge;
Pragmatics; Prior Knowledge; Esports; Bayesian Modeling

Introduction
One nice part of being human is that we do not have to figure
everything out for ourselves. We have access to a trove of
knowledge, assembled as experts pass on their knowledge to
less experienced people. A particularly efficient way to pass
on knowledge is via generalizations. Rather than referring to
specific instances, generalizations refer to a whole category,
licensing learners to make inferences about novel category
members (Gelman, Star, & Flukes, 2002). For example, to
explain ducks to someone who had never encountered them,
we might use simple generalizations like “ducks are birds,”
“ducks lay eggs,” or “ducks carry avian flu.” These state-
ments reference ducks in general and thus encourage infer-
ences about previously unencountered ducks.

These examples also demonstrate how flexible generaliza-
tions are. “Ducks are birds” applies to every duck, but “ducks
lay eggs” only applies to mature female ducks, and “ducks
carry avian flu” only applies to a tiny minority of ducks. Upon
hearing such statements, the challenge for a listener is in fig-
uring out how many members of the category are described
by each statement.

Past research indicates that listeners who are familiar with
the subject under discussion can interpret generalizations
flexibly, adjusting their application as appropriate (Tessler &
Goodman, 2019b; Coon, Etz, Scontras, & Sarnecka, 2021).
Someone who already knows about avian flu and how it re-
lates to ducks is unlikely to think “ducks carry avian flu”

applies to every duck. Yet listeners who lack directly rele-
vant experience consistently interpret generalizations as ap-
plying broadly throughout the category (Cimpian, Brandone,
& Gelman, 2010; Coon et al., 2021). Thus, when experi-
enced speakers use generalizations to teach inexperienced lis-
teners, there can be miscommunication. Experienced speak-
ers sometimes use generalizations that they interpret narrowly
but which their inexperienced audience interprets broadly.

If experienced speakers know they are speaking to an inex-
perienced audience, they might only use broadly applicable
generalizations, dismissing more narrowly applicable gener-
alizations as too nuanced for inexperienced listeners to worry
about. And if experienced speakers do make such an adjust-
ment, inexperienced listeners would be fully justified in in-
terpreting generalizations as broadly applicable. However, it
can be challenging for people to put themselves in the shoes
of someone with less experience, a difficulty referred to as
the “curse of knowledge” (Camerer, Loewenstein, & Weber,
1989). As a result of this phenomenon, experienced speakers
might neglect a listener’s lack of experience when evaluating
whether a generalization is worth making.

In the present study, we examined two questions: (1) do
experienced speakers adjust their use of generalizations in re-
sponse to the expertise of their audience and (2) if so, is it
sufficient to preclude miscommunication?

We operationally defined miscommunication as a speaker
and listener failing to align their understanding of how
broadly a generalization applies, and we discuss the impli-
cations of alternative definitions. The applicability of a gen-
eralization is often an important part of its message. For
example, underestimating the applicability of “ducks carry
avian flu” could lead people to ignore a relevant danger. On
the other hand, overestimating its applicability could cause
a needlessly exaggerated fear of ducks. Speakers might pre-
vent such miscommunication by avoiding generalizations that
their audience would interpret differently. However, speakers
might not realize that their audience will interpret some gen-
eralizations differently than they would, as predicted by the
curse of knowledge.

Experimental Setting
We used the esport League of Legends as a naturalistic setting
in which to observe how people use and interpret generaliza-
tions. League of Legends players are often highly motivated
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Figure 1: Matchup example. Note that in this condition,
the participant’s intended audience is a new player. “Laning
phase” refers to the early part of a game.

to learn about this environment and develop varying degrees
of authentic expertise.

The structure of the game is also well suited to this type
of study. Each game is a competition between two teams
composed of five players each. Prior to a game, there is a
drafting phase during which each player selects the character
they will use. The primary objective for each team is to de-
stroy the other team’s base. Since League of Legends is a team
game, teammates need to align their expectations about how a
game will progress. Discussions of strategy thus often involve
generalizations that describe how a game will likely play out
while crucially allowing for exceptions. We can measure how
broadly a generalization applies in terms of how frequent the
exceptions are across a set of games; League of Legends is it-
erative in that the environment resets to the same initial state
before each game.

While the generalizations examined in many of the past
studies discussed above are generic statements (Cimpian et
al., 2010; Tessler & Goodman, 2019b), the generalizations
examined in this study are more specifically habituals. The
distinction is in the entity about which the statement is gen-
eralizing. Generic statements apply a trait to a category, gen-
eralizing the trait over instances of that category (e.g., “ducks
carry avian flu”; Carlson, 1977; Carlson & Pelletier, 1995).
Habituals apply a trait to an individual, generalizing that trait
over time. For example, “Toby climbs mountains” general-
izes about the behavior of an individual. In terms of the se-
mantic challenge they present, habituals can be thought of
as a subset of generic statements (Carlson, 2006; Tessler &
Goodman, 2019a). In both cases, it is unclear how broadly
the statement should be applied. How many ducks need to
carry avian flu for the category to be described as carrying
avian flu? How often does Toby need to climb mountains to
be described as someone who climbs mountains?

In the present study, we asked participants to reason about
how various character matchups would play out in the first
part of a game. For approximately the first 15 minutes, com-
monly known as the “laning phase,” players generally stay in

their designated positions, competing against the player from
the opposing team who is directly opposite them. Players can
choose characters who tend to excel in this early part of the
game or characters who tend to excel later on. Importantly
for the present study, there are also exceptions to these gen-
eral trends.

Methods
Participants We recruited experienced participants (n=75)
from online League of Legends forums. To ensure that experi-
enced participants were well acquainted with the domain, we
only included those ranked in the 27th percentile (Silver tier)
of players or higher. This sample was mostly men (84.1%).

We also recruited inexperienced participants (n=25) from
the undergraduate pool of a research university. We excluded
10 additional participants because they indicated some expe-
rience with League of Legends. It is worth noting that this
sample was mostly women (80%), but we have no theoretical
reason to expect gender to impact results.

Materials Participants were first given a basic overview of
League of Legends, including definitions of key terms related
to the game (e.g., phases of the game, resources such as gold).
Experienced participants then completed an online survey in
which they were shown a series of matchups between two op-
posing characters (Figure 1). They were asked about which
of the two gets more gold in the laning (i.e., early) phase of
the game. Because collecting more resources confers an ad-
vantage, and gold is a fundamental resource, collecting more
gold was our operational definition of gaining an early advan-
tage.

First, experienced participants were asked whether they
would endorse a generalization saying that a given charac-
ter “gets more gold” in the early game. Participants could
answer “yes,” “no,” or “I don’t know.” We coded “I don’t
know” responses as participants not making the generaliza-
tion. Between subjects, we varied the expertise of the au-
dience to which the generalizations would be directed. One
group of participants was asked whether they would make the
generalizations in explaining the matchup to a “new player.”
The other group was asked about generalizations made to an
“experienced player.” To emphasize this manipulation, the
audience’s experience was highlighted and italicized.

Next, experienced participants were asked to estimate how
often they would expect the referenced character to get more
gold in the early game if the matchup was played 100 times.
Finally, experienced participants were told that an expert
speaker had made the generalization based on having seen
the matchup play out 100 times. Experienced participants
were asked to interpret the generalization in terms of how of-
ten they thought the speaker had seen the referenced character
get more gold in the early game.

Inexperienced participants were only asked to interpret
generalizations. All participants were asked to describe their
playing experience. Participants who indicated that they had
prior experience were asked to provide more detail in terms
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of their ELO ranking (Elo, 2008), time played, knowledge of
the characters included in the experiment, and how frequently
they play in the types of matchups under discussion.

We removed experienced participants who said they would
make a generalization that they think applies to fewer than
10% of examples, and those who said that they would not
make a generalization that they think applies to more than
90% of examples. Our logic in doing so was that such outliers
would have an outsized impact on our model. These criteria
excluded 7 additional experienced participants.

Design Participants viewed 12 matchups in total. In some
of the matchups, one character had a distinct advantage, while
others were more evenly matched. In even matchups, it made
no difference which character was referenced in the gener-
alizations, so participants only saw 4 such matchups. For
the imbalanced matchups, the generalizations referenced the
character with a clear advantage on half of trials, and refer-
enced the character with a clear disadvantage on the other
half. Participants saw 8 such matchups. The left panel of
Figure 2 demonstrates that experienced participants under-
stand the matchups as we had intended. As the matchup un-
der discussion becomes more disadvantageous for the refer-
enced character, experienced participants become less likely
to make a generalization about that character excelling in the
matchup.

This experiment can be summarized as a 3 (character ad-
vantage: +, 0, or −) x 2 (listener type: experienced or in-
experienced) design. Character advantage was varied within
subjects; listener type was varied between subjects. However,
the character advantage conditions are not our unit of analysis
because experienced participants might reasonably disagree
with each other as to the extent to which a specific character
has an advantage. Instead, our modeling approach focuses
on describing the process by which expert speakers decide
when to endorse a generalization given their prior knowledge.
We manipulate character advantage to ensure that the prior
knowledge (i.e., the model inputs) experienced participants
consider when deciding whether to make a generalization is
sufficiently varied for us to capture the bounds of that process.

Results
Comparing Interpretations We first replicated the find-
ings of Coon et al. (2021),1 which showed that inexperienced
listeners interpret generalizations as broadly applicable re-
gardless of the context, whereas experienced listeners can use
their prior knowledge to distinguish between broadly- and
narrowly-applicable generalizations, as shown in the right
frame of Figure 2. These results suggest that there could
indeed be miscommunication because there are generaliza-
tions that experienced and inexperienced listeners would in-
terpret differently, specifically those that are narrowly appli-

1Adopting the same model comparison methodology as Coon et
al., we found that the best performing model assumed that experi-
enced participants varied their interpretations by condition and that
inexperienced participants did not.

Figure 2: Left: Proportion of experienced participants who
would endorse the generalization that the referenced charac-
ter would excel in the given matchup. “Experienced” and
“Inexperienced” refers to intended audience. Symbols +, 0,
and − designate referenced character’s advantage (or lack
thereof) in the given matchup. Right: Experienced and inex-
perienced participants’ interpretations of generalizations by
matchup type. “Experienced” and “Inexperienced” refers to
participants’ own expertise. All error bars are 95% boot-
strapped confidence intervals.

cable. However, there is still the possibility that experienced
speakers would not use narrowly-applicable generalizations
when speaking to inexperienced audiences, avoiding the gen-
eralizations in which their own interpretations would differ
markedly from that of their audience.
Modeling Approach To examine whether experienced
speakers alter their process for deciding when to use gener-
alizations, we first need a working model of that process. Un-
like past efforts to model this process (e.g., Tessler & Good-
man, 2019a), our model is more descriptive than cognitive
because we are looking to summarize people’s behavior such
that we can look for patterns. To our knowledge, the only
previous effort to descriptively quantify the process by which
people decide to make a generalization did so by taking the
mean of participants’ prior estimates for generalizations they
endorsed (Cimpian et al., 2010). While this approach was ad-
equate in the context of the specific purpose for which it was
used, it neglects information provided by generalizations that
a participant rejected.

We instead used a hierarchical model in which a speaker’s
decision to make a generalization is a binary choice, made
with some probability θ. This probability is in turn deter-
mined by a function which takes as its input the speaker’s
estimate of how broadly applicable the generalization is. Our
primary interest is in characterizing how this functional rela-
tionship differs when the audience is an experienced player
versus a new player.

In selecting a specific functional form, we want to capture
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Figure 3: Illustrative example of logistic model varying in
terms of shift, α = log-odds(0.4,0.6), and scale, β = (1,45).

the important aspects of the relationship without making un-
necessary assumptions. First, we assume that the probability
of a generalization being endorsed will increase monotoni-
cally from 0 to 1 as a function of the speaker’s belief of how
broadly applicable it is. We also assume the function mod-
eling this process can vary along two dimensions: shift and
scale. The shift parameter determines the threshold at which
a speaker’s beliefs make them more likely than not to endorse
the generalization. The scale parameter determines the steep-
ness of the function around the threshold. In other words, it
controls how strict that threshold is.

These assumptions together suggest a two-parameter sig-
moidal function. We chose a logistic model, which can be
specified as

θ =
1

1+ e−β(x−α)
, (1)

where θ is the probability of endorsing a generalization, and
x is the log-odds of the speaker’s belief as to how broadly ap-
plicable the generalization is. With this parameterization, α

controls the location of the threshold (i.e., shift) and β con-
trols the steepness of the curve (i.e., scale). As demonstrated
in Figure 3, the β scale parameter can create a step function,
corresponding to a strict threshold. At the other extreme, it
can create a consistent and gradual slope.

We allow the functional relationship to differ depending on
the audience, with separate group-level parameters αnew and
βnew for the new-player (inexperienced) audience versus αexp
and βexp for the experienced audience. We test this assump-
tion in investigating the first question below, by comparing
the group-level parameters of each condition.

To account for individual differences, we also allow the
functional relationship to vary across participants. In the
model, the ith participant’s function is specified by offsets
from the group-level parameters described above. We denote
these offsets as αi and βi. We assume that each αi is indepen-
dently drawn from either N(0,σ2

αexp) or N(0,σ2
αnew) depend-

ing on the audience condition to which the participant was

assigned.2 We assume that each βi is independently drawn
from N(0,σ2

βexp) or N(0,σ2
βnew), again depending on audi-

ence condition. We split these σ parameters by condition to
account for the possibility that one audience condition leads
to more participant-level variation than the other. If partic-
ipant i was assigned to the new-player audience condition,
their functional relationship would be

θi =
1

1+ e−(βnew+βi)(x−αnew−αi)
. (2)

We implemented the model in JAGS (Plummer, 2003). We
chose prior distributions that respect the context of this ex-
periment while still being relatively uninformative. We as-
signed the shift parameters (αexp and αnew) prior distributions
of N(0,22), which are agnostic about whether α is positive or
negative. We assigned the scale parameters (βexp and βnew)
prior distributions of N+(5,202).3 Most of the mass of this
prior is between 1 and 45. A β value of less than 1 alters the
functional form in a way that is possible but unlikely for this
context. A value of 45 is a soft upper bound for β, creating
what is essentially a step function. Finally, we had 4 param-
eters governing the distributions of the participant-level αis
and βis. For σαexp and σαnew we assign priors of N+(0,12).
For σβexp and σαnew we assign priors of N+(0,102).

Table 1: Model inferences for key parameters.

Parameter Posterior Mean 95% Credible Interval

αexp 0.08 (-0.01, 0.17)
αnew 0.18 (0.10, 0.25)
βexp 3.43 (2.57, 4.50)
βnew 6.99 (4.67, 10.21)
σαexp 0.18 (0.03, 0.36)
σαnew 0.16 (0.05, 0.26)
σβexp 1.60 (0.70, 2.65)
σβnew 3.49 (1.57, 6.26)

Figure 4 shows the inferred group-level functional relation-
ships alongside summaries of the empirical data. Responses
were binary (experienced participants either would or would
not make the generalization), but for a more useful compar-
ison to the linking function, we have binned them based on
participants’ estimates as to how broadly the given general-
ization would apply. Each point represents the rate at which
experienced participants would make a generalization if they
believed its applicability fell within that range (0 to .1, .1 to
.2, etc.). For example, no participants endorsed generaliza-
tions they believed would only apply 10-20% of the time. It
is important to remember that we excluded participants who
endorsed a generalization which they only expected to apply
0-10% of the time and those who did not endorse a general-

2We specify the mean and variance of normal distributions.
3N+ indicates a positively truncated normal distribution.
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Figure 4: Proportion of experienced participants who would endorse the generalization that the referenced character excels in
the given matchup. Split by audience expertise. Red and blue sigmoid lines represent a random sample from each respective
condition’s posterior distribution. Error bars are 95% bootstrapped confidence intervals.

ization which they expected to apply 90-100% of the time;
we interpreted such responses as contaminant behavior.

We present estimates for parameters of interest in Table 1.

Question 1 Our goal in creating this model is to examine
whether experienced participants adjust their use of general-
izations based on the expertise of their audience. The ba-
sic model uses two parameters, shift and scale, to charac-
terize the use of generalizations, so experienced participants
can potentially adjust their use of generalizations along two
dimensions. There are thus four possibilities for how the
curves might compare between audience conditions: the shift
changes, the scale changes, both change, or neither change.

Table 2 lists the evidence in favor of each model using
Jeffreys weights – an extension of the Bayes factor for sit-
uations involving more than two models (Vandekerckhove,
Matzke, & Wagenmakers, 2015).4 If experienced participants
use similar thresholds for both audiences, the data would sup-
port more parsimonious models which only have a single α

shift parameter that applies to both conditions. If experienced
participants are similarly strict in following the threshold for
both audiences, the data would support models with a single
β scale parameter that applies to both conditions.

Our data provide the most support for Model 3, which
specifies separate scale parameters for each audience but only
a single shift parameter. We also find considerable evidence
in favor of Model 1, which specifies a single shift and sin-
gle scale parameter. The evidence for Model 3 over Model
1 is minor, BF31 = J3/J1 = 1.5.5 There appears to be a dif-

4We derived the Jeffreys weight Ji for models i= {1,2,3,4} from
the series of Savage-Dickey Bayes Factors for nested comparisons
against model 4 (the full model), such that Ji = BFi4/∑ j BFj4.

5More informed priors on the β parameters, such as N+(5,5),

Table 2: Model summaries and evidence.

Model # # of αs # of βs Jeffreys Weight

1 1 1 0.39
2 2 1 0.01
3 1 2 0.57
4 2 2 0.03

ference in scale when considering Figure 4, but there also
remains much uncertainty in the estimates of βnew and βexp.
We find scant evidence in favor of either of the models which
specify separate shift parameters. Overall, our data indicate
that experienced participants may make a slight adjustment to
their use of generalizations based on their audience, but only
in terms of the slope of the threshold at which they become
more likely than not to make a generalization, not the location
of that threshold.

Question 2 Our second question is whether any adjust-
ments participants did make based on the expertise of their
audience would be sufficient to prevent miscommunication.
For this experiment, we operationally define miscommunica-
tion as a speaker and listener failing to align their understand-
ing of how broadly a generalization applies.

In terms of our model, reducing such miscommunication
would manifest primarily as αnew > αexp. In other words,
speakers are less willing to use narrowly-applicable general-
izations when speaking to an inexperienced audience, since

would lead to somewhat stronger evidence for Model 3. How-
ever, our choice of diffuse priors reflected our limited knowledge of
this novel experimental context, and using more informative priors
would not have changed our qualitative inferences.
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an inexperienced audience would misinterpret those general-
izations. It could also be helpful for the slope to get steeper
(βnew > βexp) as such an adjustment indicates that speakers
are more rigid in their determinations of which generaliza-
tions are and are not worth making. However, α is the main
parameter of interest because adjusting the scale would only
help reduce miscommunication if the shift were also adjusted.

Based on our analysis for Question 1, we have strong evi-
dence that the value of α does not change in response to the
audience condition. If, for the sake of argument, we assume
that there is a difference in the α values and simply test how
likely that difference is to be greater for the new-player au-
dience condition, we get a Bayes Factor of approximately 10
in favor of αnew > αexp. Such a shift is indeed in the direc-
tion that would help reduce miscommunication, but the shift
is evidently slight, if it exists at all.

Our analysis for Question 1 indicated minor evidence that
the value of β changes in response to audience condition. An-
other directional hypothesis test, this time for β, produces a
Bayes Factor of approximately 183 in favor of βnew > βexp,
which would indicate that experienced speakers are more
strict in deciding whether a generalization is worth making
if they are speaking to an inexperienced audience. However,
since there is hardly any change in α, such an adjustment to
β would do little to close the gap between the expectations of
the speaker and the listener.

Discussion
In this study, we examined whether speakers adjust their use
of generalizations based on the expertise of their audience and
whether such adjustments are sufficient to avoid miscommu-
nication. We found that, if experienced speakers made any
adjustment, it was so slight that there would still be miscom-
munication, as we have operationally defined it. For exam-
ple, Figure 4 shows that if an experienced participant thought
a generalization would apply to about 60% of examples, they
would be far more likely than not to make such a general-
ization when speaking to an inexperienced listener. Yet the
inexperienced listener would interpret that generalization as
applying to approximately 70% of examples.

Interpreting null results is difficult. Perhaps participants
did not demonstrate impactful adjustments because our ma-
nipulation was ineffective, even though we emphasized the
experience (or lack thereof) of the intended audience. In par-
ticular, our participants did not have a conversational partner
to actively provide cues as to how the generalizations were
being interpreted. Past research on how speakers design ut-
terances to fit the expertise of their audience (e.g., Sulik &
Lupyan, 2018) indicates that speakers use such cues to adapt
over the course of a conversation. Nevertheless, our findings
indicate that speakers do not consciously adjust their use of
generalizations when explicitly told that the statements will
be directed towards a naive listener.

In reaching this conclusion, we are defining miscommu-
nication as the speaker and listener failing to align their un-

derstanding of how broadly applicable a given generalization
is.The applicability of a generalization is particularly impor-
tant if that generalization informs multifaceted decisions. For
example, someone who is deciding whether they need to wear
gloves when handling a duck must weigh the risk of dis-
ease (i.e., how broadly applicable is “ducks carry avian flu”)
against the inconvenience of wearing gloves. In this partic-
ular experiment, the generalizations communicate informa-
tion about an important strategic consideration, but this con-
sideration is only one of many. A player may need to de-
cide between assisting one of two teammates, both of whom
have characters who could be expected to “excel in the lan-
ing phase.” To weigh a generalization’s importance relative to
other considerations, listeners need a sense of how broadly it
applies. We have identified situations in which that aspect of
the message would be consistently distorted, leading to what
could be termed a miscommunication.

Yet there are other ways of defining miscommunication,
stemming from different views about what generalizations
are meant to communicate. In particular, a speaker may use
a generalization to alter the listener’s behavior regarding a
category. For example, if the speaker’s goal in saying that
“ducks carry avian flu” is to make the listener avoid ducks,
then having the listener overestimate the applicability of the
generalization would be more effective than having the lis-
tener understand the generalization in the nuanced way that
the speaker does. In the context of our experiment, the most
pronounced alteration to speakers’ use of generalizations is
that their criteria for when to make a generalization may be-
come stricter (i.e., exhibit a steeper boundary between gen-
eralizations they would and would not make) when speaking
to inexperienced listeners. Such an adjustment could indicate
that speakers are focused on inexperienced listeners’ behav-
ior and are therefore reducing the world into information that
the inexperienced listener should or should not act on. In do-
ing so, speakers may ignore statistical nuances, assuming that
inexperienced listeners are not yet capable of the complex
decision-making that would make such nuances valuable.

It may even be adaptive for inexperienced listeners to over-
estimate the applicability of generalizations from experienced
speakers. If an experienced speaker decides that a generaliza-
tion is worth making, an inexperienced listener can safely as-
sume that the information it contains is worth factoring into
their decision-making process. From an error management
perspective, erring on the side of over-applying the experi-
enced speaker’s advice is likely less costly than erring on the
side of discounting it. Also, if the generalization speaks to
the only consideration for a decision (e.g., given the risk of
avian flu, do I avoid this duck or not?), overestimating the
applicability may help a listener avoid sub-optimal strategies.

To summarize, we hope to have demonstrated that gener-
alizations can lead to a mismatch in how experienced speak-
ers and inexperienced listeners conceptualize associated sta-
tistical information. Future research can examine how such a
mismatch relates to speakers’ and listeners’ goals.
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