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Why do people often like popular alternatives better 
than unpopular alternatives?  
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A student ‘Julie’ joins a graduate program in 
behavioral sciences 

Two research methods 
are available: 

 1. Experiments 
 2. Field Studies 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 
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Why would Julie also believe that experiments 
are good? 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 
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Every Day 

Conformity in Behavior  
+ 

Cognitive Adjustment 
 

 (e.g. dissonance reduction, Festinger, 1957) 
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Experiments 
are GOOD! 

Does Experiments 
Every Day 

Experiments 
are GOOD! 

Does Experiments 
Every Day 

Experiments 
are GOOD! 

Does Experiments 
Every Day 

If others do 
experiments every 
day, experiments are 
certainly useful 

Experiments 
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Every Day 

Experiments 
are GOOD! 

Does Experiments 
Every Day 

Experiments 
are GOOD! 

Does Experiments 
Every Day 

If others do 
experiments every 
day, experiments are 
certainly useful 

Experiments 
are GOOD! 

Inference about quality on the 
basis of popularity 
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Another Mechanism to explain why Julie might like the 
popular alternative more than the unpopular alternative 

 - no inference about quality on the basis of popularity  
 - no motivated cognition 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 
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Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

More likely to do 
experiments 

Assumptions: 
Tendency to sample the popular 
alternative 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

More likely to do 
experiments 

Assumptions: 
Tendency to sample the popular 
alternative 
But 
Learns from her OWN experiences 
only 
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Assumptions: 
 
1. Tendency to sample the popular alternative 
2. Learns about the quality of the alternatives from her OWN 
experiences only 

Evaluative advantage for (already) popular alternatives 

Suppose she forms an impression of the 
popular method (Lab experiments) 
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Impression formation from sequential 
experiences 

Impression formation from sequential 
experiences 

Next Project 

Bad 
experience 

First attempt with 
Experiment 
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Impression formation from sequential 
experiences 

Next Project 

Bad 
experience 

First attempt with 
Experiment 

Experiments 
are useless 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

More likely to do 
experiments 

Assumptions: 
Tendency to sample the popular 
alternative 
But 
Learns from her OWN experiences 
only 

Experiments 
are GOOD 
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One more trial can lead to an upward correction 

Good 
experience 

Next Project First attempt with 
Experiment 

Experiments 
are  GOOD 
after all 

Suppose she forms an impression of another 
method (Field studies) that is UNpopular in 
her department. 
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Impression formation from sequential 
experiences 

Next Project 

Bad 
experience 

First attempt with 
Field study 

Field studies 
are BAD 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

Experiments 
are GOOD! 

More likely to do 
experiments 
Less likely to do 
field studies 

Field studies 
are BAD! 

Field studies 
are BAD! 

Field studies 
are BAD! 

Field studies 
are BAD! 
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Avoidance of Field Studies prevents her from 
discovering they could be good 

Negative 
impression of Field 
studies is 
PERSISTENT 

Next Project First attempt with 
Field study 

Field studies 
are BAD 

There is an asymmetry in opportunities for 
error corrections 
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Unlikely	  to	  Sample	  Again	  

Unlikely	  to	  Correct	  
Error	  of	  Underes8ma8on	  

Es8mate	  Too	  Low	  for	  Unpopular	  Alt.	  

	  
Asymmetric	  Error	  Correc8on	  
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Es8mate	  Too	  Low	  for	  Popular	  Alt.	  

	  
Asymmetric	  Error	  Correc8on	  
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S8ll	  Likely	  to	  Sample	  Again	  

Likely	  to	  Correct	  
Error	  of	  Underes8ma8on	  

Es8mate	  Too	  Low	  for	  Popular	  Alt.	  

	  
Asymmetric	  Error	  Correc8on	  
 

Overall, UNpopular alternatives are more likely to be 
UNderestimated than popular alternatives 

Overall, UNpopular alternatives are more likely to be 
UNderestimated than popular alternatives 

Popular alternatives tend to be estimated more 
positively than unpopular alternatives 
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A simple learning model 

Payoffs of the Alternatives 

A Simple Model with an individual who learns 
about the qualities of 2 uncertain alternatives 

Alt. 1 
~N(u1,σ) 

Alt. 2 

The ‘true’ quality of an alternative: the mean of the payoff 
distributions u1 and u2 

~N(u2,σ) 
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Quality Estimates: 
 - Weighted sum of past observations 

 
  
 - Initial Estimates: unbiased 
   

 

A Simple Model with an individual who learns 
about the qualities of 2 uncertain alternatives 

Alternative 1 is superior when µ

1

> µ

2

. Similarly, we will say that Alternative 1 is inferior
when µ

1

< µ

2

. Because the observed payoffs have positive variance, each observation of
Alternative k provides an imperfect signal of the true underlying quality of the alternative.

(c) The initial estimates are random draws from the underlying payoff distributions. The quality
estimate for an alternative at the beginning of period t is a random variable defined as the
weighted average of the past observations of that alternative. Specificially the revised estimate
of the first alternative after an observation has been made in period t can be written q̂

1,t+1

=

(1 � b)q̂

1,t+1

+ bq

1,t, where q

1,t denotes the observation of the first alternative in period t.
The weight of new information is b, with 0 < b < 1. The same updating rule applies to the
estimate of the second alternative. Estimates do not change when no observation is made.
This simple belief updating model can also be derived from more realistic connectionist models
(e.g. Busemeyer & Myung, 1992). Also, in a review of empirical evidence, Denrell (2005) has
shown this weighted average model with exponential memory decay provides a reasonable
approximation to participants’ belief updating in several experimental studies.

(d) The probability of sampling Alternative 1 in period t depends on the quality estimate of the
alternatives and the popularities: it is increasing in the estimate for Alternative 1 and in the
popularity of that alternative. We use the following Luce choice rule (Luce, 1959):

pS

1

(q̂

1,t, q̂2,t) =
e

sq̂1,t+⇡1

e

sq̂1,t+⇡1
+ e

sq̂2,t+⇡2
. (1)

where s is a positive parameter regulating the sensitivity of the sampling probability to the
quality estimates. The probability of sampling Alternative 2 in period t is pS

2

(q̂

1,t, q̂2,t) =

1� pS

1

(q̂

1,t, q̂2,t) .

In summary, the decision maker learns about the qualities of the alternatives on the basis of her
observations of the payoffs of the alternatives. She is more likely to sample an alternative if she has a
positive estimate of its quality and if this alternative is popular.1 An important feature of the model
is that the observations are somewhat imperfect signals of the true qualities of the alternatives. The
model therefore allows for the possibility that a decision maker mistakenly believes that Alternative
1 is superior to Alternative 2 (q̂

1,t > q̂

2,t), when it is in fact inferior (µ
1

< µ

2

). It is important to
keep in mind that initial estimates are unbiased (E[

ˆ

Q

1,t] = µ

1

and E[

ˆ

Q

2,t] = µ

2

) and independent
from popularity. Any bias or systematic effect of popularity in subsequent periods will thus be the
outcome of the learning process.
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5

Popularity is exogenous… 
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In each period, the individual selects one alternative 
Observes the (random) payoff of the selected alternative. 
 
Selects Alternative 1 with proba:  

   
 
 
 
- π1 is the ‘popularity’ of alternative 1 
- π2 is the ‘popularity’ of alternative 2 
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Lemma 1. The expected asymptotic quality estimate for Alternative 1 is given by:

E[Q̂
1

] = µ
1

≠ sb

2 ≠ b
‡2

e≠sµ1

e≠sµ1 + efi1≠fi2e≠sµ2
< µ

1

. (2)

The same holds for Alternative 2.

Proof. All the proofs are in the Appendix. The proof relies on the fact that it is possible to

write an explicit formula for the asymptotic distribution of quality estimates.3

Figure 1 plots E[Q̂
1

] as a function of the popularity of Alternative 1. It is useful to

note at this stage that quality estimates tend to be lower than the mean of the payo�

distribution. The reason is that individuals in our model accumulate biased samples of

information about the qualities of the two alternatives. This is because low estimates

reduce the probability of further sampling, which implies that no further information is

available and the quality estimate will not be updated (Denrell, 2005; Fazio, Eiser, &

Shook, 2004; March, 1996). This implies, in turn, that the qualities of the alternatives will

tend to be underestimated: the expected quality estimate for Alternative k is less than µ
k

(the mean of the payo� distribution for Alternative k).

More importantly for our purpose here, Lemma 1 implies that the quality estimates

of an alternative increase with the popularity of that alternative. We formulate this result

in the following theorem:

Theorem 1. The following results hold:

i. E[Q̂
1

] is increasing in fi
1

and decreasing in fi
2

.

ii. E[Q̂
2

] is increasing in fi
2

and decreasing in fi
1

.

The amplitude of the sampling bias, however, is moderated by popularity. To see

how, it is useful to consider extreme cases. Suppose, for example, that Alternative 1 is
3While it is impossible to derive an easily interpretable formula to express the probability distribution of

the estimates in any given period, computer simulations confirm that the influence of popularity on quality

estimates emerges after a reasonably low number of periods (for details, see the section below where we

discussed the assumptions regarding the reinforcement learning structure of the model).

E[Q1] decreases with: 
 - s: sensitivity parameter in the choice rule 
 - b: weight of new information (higher b ó less memory) 

 - σ2: Variance of the observations (~ noise) 
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Exp. Qual. Estimate increases with popularity 
m1

E@Q` 1D
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Figure 1: The expected quality estimate E[

ˆ

Q

1

] increases with the popularity ⇡

1

. Figure obtained
by ploting eq. 21 in Appendix A with µ

1

= 2,µ

2

= 2.5,⇡

2

= 5,� = 2, b = .5 and s = 1.

2.2 The positive effect of popularity on evaluations

The above model leads to the emergence of a systematic effect of popularity on quality assessments,
despite the fact that it only affects the sampling likelihood (Figure 1). Quality estimates of an
alternative increase with the popularity of that alternative, as formulated in the following theorem.

Theorem 1. Let
⇣
ˆ

Q

1

,

ˆ

Q

2

⌘
be the random variables toward which the estimates converge as t becomes

large. The following results hold:

i. E[

ˆ

Q

1

] is increasing in ⇡

1

and decreasing in ⇡

2

.
ii. E[

ˆ

Q

2

] is increasing in ⇡

2

and decreasing in ⇡

1

.

Proof. All the proofs are in the Appendix. The proof relies on the fact that it is possible to write
an explicit formula for the asymptotic distribution of quality estimates. While it is impossible to
derive a simple formula to express the probability distribution of the estimates in any given period,
computer simulations confirm that the influence of popularity on quality estimates emerges after a
reasonably low number of periods.

To understand the intuition underlying Theorem 1, it is useful to note that individuals accu-
mulate biased samples of information about the qualities of the two alternatives. First, note that
negative estimates reduce the probability of further sampling, which implies that no further infor-
mation is available and the quality estimate will not be updated (Denrell, 2005; Fazio, Eiser, &
Shook, 2004; March, 1996). This implies, in turn, that the qualities of the alternatives will tend to
be underestimated (see Lemma 3 in Appendix A): the expected quality estimate for Alternative k

is less than µk (the mean of the payoff distribution for Alternative k).
1In this model, popularity is exogenously fixed and does not vary over time. Our main results still hold in a

population model where popularity is endogenously defined, but the analysis of such a model of collective behavior
and belief formation goes beyond the scope of this paper (see Denrell & Le Mens, 2013, for details).
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Figure 2: The expected quality estimate of Alternative 2 decreases when the popularity of the other
alternative (Alternative 1) increases. When Alternative 1 is much more popular than Alternative
2 (right side of the graph), Alternative 1 is systematically and mistakenly believed superior to
Alternative 2 (E[

ˆ

Q

1

] > E[

ˆ

Q

2

] while µ

1

< µ

2

). Figure obtained by ploting eq. 21 and eq. 27 in
Appendix A with µ

1

= 2,µ

2

= 2.5,⇡

2

= 5,� = 2, b = .5 and s = 1.

estimates. They also depend on the structural assumptions regarding access to information. Here,
we discuss the role of these factors.

3.1 Variance of the Observations

When the variance of the observations is low (�2 ⇠ 0), popularity has little to no effect on quality
assessments. Similarly, the decision maker is unlikely to mistakenly believe the inferior alternative
to be better than the superior alternative, even if the inferior alternative is much more popular. As
other sampling explanations of judgment biases, our mechanism relies on the possibility of making
estimation mistakes (e.g. Denrell, 2005; Denrell & Le Mens, 2007, 2011; Fazio et al., 2004). If
the variance of the observations is low, even very few observations will lead to accurate quality
estimates, and no mistake will emerge.

3.2 Reinforcement learning structure of the sampling process

If the sampling likelihood is not very sensitive to the quality of past experiences, systematic errors
are unlikely to emerge. This is the case when the sensitivity of the sampling likelihood to quality
estimates is low (s is low) or when the weight of new observations is low (b is close to 0). This is
because the emergence of the positive effect of popularity on quality assessments relies on the fact
that decision makers have a systematic tendency to underestimate the qualities of the alternatives.
This occurs because of the increased likelihood to sample again an alternative following positive
experiences with that alternative. When s or b is low, such adaptive sampling hardly occurs.
This implies, in turn, that systematic underestimation does not emerge and thus that popular and
unpopular alternatives will be equally likely to be understimated.

9
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Extreme cases 

INFORMATION SAMPLING, POPULARITY AND JUDGMENTS 14

more popular than Alternative 2 (fi
1

∫ fi
2

). When Alternative 1 is much more popular

than Alternative 2, the decision maker will sample Alternative 1 almost no matter what

her quality estimates are. There is thus almost no sampling bias for this alternative, the

quality estimate is close to the true quality and there is almost no underestimation

tendency for this alternative. When Alternative 1 is much less popular than Alternative 2

(fi
1

π fi
2

), sampling will depend more strongly on quality estimates. The quality estimate

will thus be subject to the systematic underestimation tendency described above. These

additional predictions are formalized in the following proposition which deals with what

happens when the two alternatives have very di�erent popularities.

Proposition 1. i) When Alternative 1 is much more popular than Alternative 2,

(fi
1

∫ fi
2

),

E[Q̂
1

] ≥ µ
1

. (3)

ii) When Alternative 1 is much less popular than Alternative 2 (fi
1

π fi
2

),

E[Q̂
1

] ≥ µ
1

≠ sb

2 ≠ b
‡2 < µ

1

. (4)

The same holds for Alternative 2.

Lemma 1 and Proposition 1 suggest that the e�ect of popularity on evaluations is

stronger when (1) the variance of the observations tends to be large (‡2 is large), (2) the

weight of new observations is large (b is close to 1) and (3) the sensitivity of the sampling

rule to quality estimates is high (s is large). We discuss this further in the next section.

On the possibility of mistakenly believing that the inferior alternative is

superior

An interesting implication of this model is that it allows for the possibility that the

inferior alternative is systematically believed to be the superior one. Figure 2 plots how the

estimates for the two alternatives change when the popularity of Alternative 1 increases

while the popularity of Alternative 2 remains constant. As can be seen on the right part of

Different from existing explanations… 

Inferences: Popularity à Quality     
 - different mechanism  - can operate in parallel to ours  

 
Conformity and motivated cognition  

 - our theory does not assume that people change their 
judgments when becoming aware of the judgments of others  
 
Mere Exposure 

 - a ‘sampling’ effect but different 
 - our theory: not only just repetition but interaction 

between popularity and current estimate 
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The results hold more generally  
 - Works for almost any payoff distribution 
 - More general sampling rule 
 - Allows for a ‘direct’ effect of popularity (on top 

the effect through sampling). 

In each period, the DM select one alternative 
Observes the (random) payoff of the selected alternative. 
 
Agent  selects Alternative 1 with proba:  

   
 
 
 
- π1 is the ‘popularity’ of alternative 1 
- π2 is the ‘popularity’ of alternative 2 
- α(.,.) is a ‘utility’ function. Its properties are crucial to the model 

 
 
 

A Simple Model with an individual who learn 
about the qualities of 2 uncertain alternatives 

pS1 (q̂1,t, q̂2,t) =
↵(q̂1,t,⇡1)

↵(q̂1,t,⇡1)+↵(q̂2,t,⇡2)
,

1
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INFORMATION SAMPLING, POPULARITY AND JUDGMENTS 12

Sampling rule. The likelihood of sampling Alternative k in period t is given by

the following Luce choice rule (Luce, 1959):

pS
k

(q̂
1,t

, ..., q̂
M,t

) = – (q̂
k,t

, fi
k

)
q

M

m=1

– (q̂
m,t

, fi
m

)
, (2)

where – (·, ·) is a positive function increasing in both of its arguments. – (q̂
k,t

, fi
k

) can be

interpreted as the ‘attractiveness,’ or ‘utility’ of Alternative k.

Theoretical predictions

Theorem 1. Under some mild regularity conditions,1 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

When the expected value of Q̂
k

, denoted E
1
Q̂

k

2
, increases (resp. decreases) in fi

k

, we

say that the environment has an indirect positive (resp. negative) e�ect on quality

estimates through information sampling.

The following theorem describes the conditions under which the indirect e�ect of the

environment on quality estimates through sampling is positive or negative. The sign of this

indirect e�ect depends on the form of the ‘utility’ function – (·, ·). More precisely, when

– (·, ·) is a compensatory ‘utility’ function (the attributes are substitutes), the indirect

e�ect of the environment will be positive (case i). When, on the contrary – (·, ·) is a

non-compensatory ‘utility’ function, the indirect e�ect of the environment will be negative

(case ii).

Theorem 2. Under some mild regularity conditions,2 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.
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say that the environment has an indirect positive (resp. negative) e�ect on quality
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.

1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.

i. ó  α(.,.) is a compensatory ‘utility’ 
function 
 
à Positive effect of popularity on quality 
estimates 
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Sampling rule. The likelihood of sampling Alternative k in period t is given by

the following Luce choice rule (Luce, 1959):

pS
k

(q̂
1,t

, ..., q̂
M,t

) = – (q̂
k,t

, fi
k

)
q

M

m=1

– (q̂
m,t

, fi
m

)
, (2)

where – (·, ·) is a positive function increasing in both of its arguments. – (q̂
k,t

, fi
k

) can be

interpreted as the ‘attractiveness,’ or ‘utility’ of Alternative k.

Theoretical predictions

Theorem 1. Under some mild regularity conditions,1 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
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.

ii. If ˆ

2
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k

, denoted E
1
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2
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, we

say that the environment has an indirect positive (resp. negative) e�ect on quality

estimates through information sampling.
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2
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.
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2
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.

1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.
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ii. ó  α(.,.) is a (strongly) NON-compensatory 
‘utility’ function 
à Negative effect of popularity on quality 
estimates 
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Sampling rule. The likelihood of sampling Alternative k in period t is given by

the following Luce choice rule (Luce, 1959):
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)
, (2)

where – (·, ·) is a positive function increasing in both of its arguments. – (q̂
k,t

, fi
k

) can be
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, denoted E
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2
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, we

say that the environment has an indirect positive (resp. negative) e�ect on quality

estimates through information sampling.

The following theorem describes the conditions under which the indirect e�ect of the

environment on quality estimates through sampling is positive or negative. The sign of this

indirect e�ect depends on the form of the ‘utility’ function – (·, ·). More precisely, when

– (·, ·) is a compensatory ‘utility’ function (the attributes are substitutes), the indirect

e�ect of the environment will be positive (case i). When, on the contrary – (·, ·) is a

non-compensatory ‘utility’ function, the indirect e�ect of the environment will be negative
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Theorem 2. Under some mild regularity conditions,2 we have, for all k:

i. If ˆ
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1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.
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An empirical test of the theory using field data. 

Empirical Setting 

Yelp.com restaurant reviews 
 - score: 1->5 
 - some users rate the same restaurant several 

times à they sample it several times 
 
All restaurant reviews for all restaurants in San 
Francisco. 

 - 1st reviews published in 2011 
 - 2nd reviews (by user for the same restaurant) if 

published in the following 365 days. 
 - Popularity = Number of reviews received in 

2010 
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Goal: Measuring the effect of popularity on quality 
estimates through information sampling. 

Questions: 
 - How do current quality estimate and popularity 

interact in driving sampling? 
 

 - Does popularity affect quality estimates about 
restaurants positively? 
 

 - To what extent does the effect of popularity on 
information sampling contribute to explaining the 
evaluative advantage of popular restaurants? 
 

How do current quality estimate and popularity 
interact in driving sampling? 
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How do current quality estimate and popularity 
interact in driving sampling? 

All restaurant reviews for all restaurants in San 
Francisco. 

 - 1st ratings published in 2011 (107,691 reviews) 
 - 2nd ratings (by user for the same restaurant) if 

published in the following 365 days (3447 reviews) 
 - Popularity = Number of reviews received in 

2010 (use standardized: Pop / 184) 
 (2120 restaurants; 26,089 reviewers) 

Assumptions 
 ‘Sampling’ ó ‘writing a review’ 
 ‘Resampling’ ó ‘writing a second review’ 

The probability of occurrence of a second 
rating increases with the first rating 

0.023%

0.027%
0.023%

0.028%

0.033%

0.00%

0.01%

0.02%

0.03%

0.04%

1% 2% 3% 4% 5%

Li
ke
lih

oo
d)
of
)se

co
nd

)ra
0n

g)

First)ra0ng)



29 

The probability of occurrence of a second 
rating increases with restaurant popularity 

0.021% 0.022%
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How do current quality estimate and popularity 
interact in driving sampling? 

   

Positive effect of popularity through sampling 
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Sampling rule. The likelihood of sampling Alternative k in period t is given by

the following Luce choice rule (Luce, 1959):

pS
k

(q̂
1,t

, ..., q̂
M,t

) = – (q̂
k,t

, fi
k

)
q

M

m=1

– (q̂
m,t

, fi
m

)
, (2)

where – (·, ·) is a positive function increasing in both of its arguments. – (q̂
k,t

, fi
k

) can be

interpreted as the ‘attractiveness,’ or ‘utility’ of Alternative k.

Theoretical predictions

Theorem 1. Under some mild regularity conditions,1 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

When the expected value of Q̂
k

, denoted E
1
Q̂

k

2
, increases (resp. decreases) in fi

k

, we

say that the environment has an indirect positive (resp. negative) e�ect on quality

estimates through information sampling.

The following theorem describes the conditions under which the indirect e�ect of the

environment on quality estimates through sampling is positive or negative. The sign of this

indirect e�ect depends on the form of the ‘utility’ function – (·, ·). More precisely, when

– (·, ·) is a compensatory ‘utility’ function (the attributes are substitutes), the indirect

e�ect of the environment will be positive (case i). When, on the contrary – (·, ·) is a

non-compensatory ‘utility’ function, the indirect e�ect of the environment will be negative

(case ii).

Theorem 2. Under some mild regularity conditions,2 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.
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How do current quality estimate and popularity 
interact in driving sampling? 
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) can be
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, denoted E
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say that the environment has an indirect positive (resp. negative) e�ect on quality

estimates through information sampling.

The following theorem describes the conditions under which the indirect e�ect of the

environment on quality estimates through sampling is positive or negative. The sign of this

indirect e�ect depends on the form of the ‘utility’ function – (·, ·). More precisely, when

– (·, ·) is a compensatory ‘utility’ function (the attributes are substitutes), the indirect

e�ect of the environment will be positive (case i). When, on the contrary – (·, ·) is a

non-compensatory ‘utility’ function, the indirect e�ect of the environment will be negative

(case ii).

Theorem 2. Under some mild regularity conditions,2 we have, for all k:
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1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.

Model: 
 
 
We estimate a Logit Model 
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Preliminary analysis: the e�ect of quality estimates and popularity on the

sampling likelihood

Before proceeding to the estimation of the indirect e�ect of popularity on quality

estimates, we demonstrate that reviewers’ sampling behavior fits case i of Theorem 2. To

do so, we estimate a logit model of the occurence of a second review within 365 days of the

first review. As explained above, this corresponds to a sampling event. A logit model

assumes that the likelihood a user will sample restaurant k is given by the following

equation:

pS
k

(q̂
k,t

, fi
k

) = ea0+a1q̂k,1+a2fik+a3q̂k,1fik

1 + ea0+a1q̂k,1+a2fik+a3q̂k,1fik
, (15)

where q̂
k,1

is the first rating, fi
k

is the standardized popularity of the restaurant, and a
0

, a
1

,

a
2

and a
3

are the parameters to be estimated. In terms of the general model analyzed

above, the attractiveness of restaurant k is – (q̂
k,t

, fi
k

) = ea0+a1q̂k,1+a2fik+a3q̂k,1fik . The

combined attractiveness of all other available restaurants is equal to 1. The data fits case i

of Theorem 2 if
ˆ2 log – (p̂

k

+ fi
k

”, fi
k

)
ˆfi

k

ˆp̂
k

Æ 0.

In terms of our logit model, this is equivalent to a
3

Æ 0.13

Table 1 includes the estimation results of the logit model. Consistent with intuition,

reviewers are more likely to sample again a restaurant with a higher first rating (a
1

> 0).

They are also more likely to sample again a restaurant that is more popular (a
2

> 0). The

crucial result is that the interaction term (a
3

) is negative. This implies that the sampling

likelihood is more sensitive to popularity when the first rating is low. This pattern fits case

i of Theorem 2. This theorem predicts that popularity has an indirect and positive e�ect on

quality estimates through its influence on sampling behavior. In what follows, we measure

the indirect e�ect of popularity in order to test this empirical prediction of our theory.
13To see why, note first that log – (p̂k + fik”, fik) = a

0

+ a
1

(p̂k + fik”) + a
2

fik + a
3

(p̂k + fik”) fik. We have
ˆ2

log –(p̂k+fik,fik)

ˆfikˆp̂k
= a

3

.

pS1 (q̂1,t, q̂2,t) =
↵(q̂1,t,⇡1)

↵(q̂1,t,⇡1)+↵(q̂2,t,⇡2)
,

1
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> 0). The

crucial result is that the interaction term (a
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the indirect e�ect of popularity in order to test this empirical prediction of our theory.
13To see why, note first that log – (p̂k + fik”, fik) = a

0

+ a
1

(p̂k + fik”) + a
2

fik + a
3

(p̂k + fik”) fik. We have
ˆ2

log –(p̂k+fik,fik)

ˆfikˆp̂k
= a

3

.
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Sampling rule. The likelihood of sampling Alternative k in period t is given by

the following Luce choice rule (Luce, 1959):

pS
k

(q̂
1,t

, ..., q̂
M,t

) = – (q̂
k,t

, fi
k

)
q

M

m=1

– (q̂
m,t

, fi
m

)
, (2)

where – (·, ·) is a positive function increasing in both of its arguments. – (q̂
k,t

, fi
k

) can be

interpreted as the ‘attractiveness,’ or ‘utility’ of Alternative k.

Theoretical predictions

Theorem 1. Under some mild regularity conditions,1 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

When the expected value of Q̂
k

, denoted E
1
Q̂

k

2
, increases (resp. decreases) in fi

k

, we

say that the environment has an indirect positive (resp. negative) e�ect on quality

estimates through information sampling.

The following theorem describes the conditions under which the indirect e�ect of the

environment on quality estimates through sampling is positive or negative. The sign of this

indirect e�ect depends on the form of the ‘utility’ function – (·, ·). More precisely, when

– (·, ·) is a compensatory ‘utility’ function (the attributes are substitutes), the indirect

e�ect of the environment will be positive (case i). When, on the contrary – (·, ·) is a

non-compensatory ‘utility’ function, the indirect e�ect of the environment will be negative

(case ii).

Theorem 2. Under some mild regularity conditions,2 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.
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Figure 5. Probability of occurrence of a second rating
conditional on the first rating. The error bars show +1/-1
standard errors. The dotted line is the best fitting linear
trend.
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Figure 6. Probability of occurrence of a second rating
conditional on restaurant popularity. Each bar corre-
sponds to a quintile of the distribution of popularities.
The error bars show +1/-1 standard errors. (The first
quintile of popularity is the lowest and the fifth is the
highest.)

rant k follows a logistic choice rule:

pS
�

q̂k,t, ⇡k
�

=
ea0+a1q̂k,1+a2⇡k+a3q̂k,1⇡k

1 + ea0+a1q̂k,1+a2⇡k+a3q̂k,1⇡k
, (15)

where q̂k,1 is the first rating she gave to the restaurant, ⇡k
is the standardized popularity of the restaurant, and a0,
a1, a2 and a3 are the parameters to be estimated. In terms
of the general model analyzed above, the attractiveness
of restaurant k is ↵

�

q̂k,t, ⇡k
�

= ea0+a1q̂k,1+a2⇡k+a3q̂k,1⇡k and
the combined attractiveness of all other available restau-
rants is assumed to equal to 1.16 Theorem 2i predicts
that the e↵ect of popularity on quality estimates through
sampling is positive if

@2 log↵ (p̂k + ⇡k�, ⇡k)
@⇡k@p̂k

 0.

In terms of our logit model, this is equivalent to a3  0.17

The estimation results are reported in Table 1. Consis-
tent with the patterns displayed in Figures 5 and 6, peo-
ple are more likely to give a second rating to a restaurant

if they gave it a higher first rating (a1 > 0). They are
also more likely to give a second rating to restaurants
that are more popular (a2 > 0). The crucial result is that
the interaction term (a3) is negative. This pattern fits the
condition of Theorem 2i. This implies that the sampling
likelihood is more sensitive to popularity when the first
rating is low (see Figure 7). Our theory predicts that, in
this case, popularity has an indirect and positive e↵ect
on quality estimates through its influence on sampling
behavior.

Table 1
E↵ect of first rating and standardized restaurant popu-
larity on the sampling likelihood based on the estimation
of logit model.

Constant: a0 -4.21***
(0.08)

First rating: a1 0.13***
(0.02)

Standardized Popularity: a2 0.40***
(0.04)

First rating ⇥ Popularity: a3 -0.05***
(0.01)

Observations 107,691
Wald Chi-Square 250.11

Standard errors are in parentheses.
⇤⇤⇤ p < 0.001; ⇤⇤ p < 0.01; ⇤ p < 0.05

This empirical result is important, because it suggests
that people, in this large dataset of restaurant ratings, be-
have in a way that is consistent with the assumptions of
our theory.

Analysis 2: Measuring the e↵ect of popularity on
quality estimates

In this subsection, we analyze the implications of the
empirically estimated logistic choice rule (eq. 15 and
Table 1) for the dynamics of quality estimates. We also
use the empirical data to estimate how quality estimates
(i.e., ratings) change when a user samples a restaurant.
The purpose is to examine how much popularity would

16Eq. 15 has the same form as eq. 12. It is not a problem to
assume that the combined attractiveness of all other available
restaurants is equal to 1 because there is a scaling factor (ea0 in
the expression for the attractiveness of the focal restaurant) and
what matters is the ratio of the levels of attractiveness.

17To see why, note first that log↵ (p̂k + ⇡k�, ⇡k) = a0 +

a1 (p̂k + ⇡k�)+a2⇡k+a3 ( p̂k + ⇡k�) ⇡k. We have @
2 log↵(p̂k+⇡k ,⇡k)

@⇡k@ p̂k
=

a3.

How do current quality estimate and popularity 
interact in driving sampling? 

Δ1 point ó Δ14%  
in odds ratio 
Δ1 stdevó Δ49%  
in odds ratio 
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Negative interaction: Sampling depends more 
strongly on popularity when first rating is low 
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How do current quality estimate and popularity 
interact in driving sampling? 

   

We are in case i  
Positive effect of 

popularity through 
sampling 
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Sampling rule. The likelihood of sampling Alternative k in period t is given by

the following Luce choice rule (Luce, 1959):

pS
k

(q̂
1,t

, ..., q̂
M,t

) = – (q̂
k,t

, fi
k

)
q

M

m=1

– (q̂
m,t

, fi
m

)
, (2)

where – (·, ·) is a positive function increasing in both of its arguments. – (q̂
k,t

, fi
k

) can be

interpreted as the ‘attractiveness,’ or ‘utility’ of Alternative k.

Theoretical predictions

Theorem 1. Under some mild regularity conditions,1 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

When the expected value of Q̂
k

, denoted E
1
Q̂

k

2
, increases (resp. decreases) in fi

k

, we

say that the environment has an indirect positive (resp. negative) e�ect on quality

estimates through information sampling.

The following theorem describes the conditions under which the indirect e�ect of the

environment on quality estimates through sampling is positive or negative. The sign of this

indirect e�ect depends on the form of the ‘utility’ function – (·, ·). More precisely, when

– (·, ·) is a compensatory ‘utility’ function (the attributes are substitutes), the indirect

e�ect of the environment will be positive (case i). When, on the contrary – (·, ·) is a

non-compensatory ‘utility’ function, the indirect e�ect of the environment will be negative

(case ii).

Theorem 2. Under some mild regularity conditions,2 we have, for all k:

i. If ˆ

2
log –(q̂k,fik)

ˆfikˆq̂k
Æ 0 then E[Q̂

k

] is non-decreasing in fi
k

.

ii. If ˆ

2
–

≠1
(q̂k,fik)

ˆfikˆq̂k
Æ 0, then E[Q̂

k

] is non-increasing in fi
k

.

1See footnote 20 in the Appendix.
2See footnote 20 in the Appendix.
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Measuring the indirect effect of popularity 
through information sampling 

A version of our model adapted to this setting 

One decision maker: selects a restaurant or not. 
 
Quality estimate: 1 to 5 
 
Estimate updating:  

 - if no sampling: estimate remains the same 
 - if sampling: estimate updated using a 

`transition matrix’  
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Computing the probabilistic judgment updating rule. Based on 1st 
and 2nd ratings of all the restaurants. (3,046 observations.) 
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Figure 7. Probability of occurrence of a second rating
conditional on restaurant popularity and first rating as
implied by the logistic choice rule (eq. 15) and the pa-
rameter estimates reported in Table 1. (The first quintile
of popularity is the lowest and the fifth is the highest.)

impact quality estimates if we relied on an empirically
calibrated sampling rule and belief updating model.

The logit model (eq. 15) implicitly assumes that the
decision maker makes a choice between doing nothing,
or selecting an alternative. Therefore, in this analysis, we
consider a simplified setting where the decision maker
makes a series of choices between visiting a restaurant
with popularity ⇡ or not doing anything. She makes her
decision to go to the restaurant according to the logistic
choice rule estimated in the previous section.

In this analysis we assume there is no direct e↵ect of
popularity on ratings. Popularity only influences sam-
pling. More specifically, we estimate a probabilistic
judgment updating rule using the data about the first and
second ratings for all restaurants, independently of their
level of popularity. In Analysis 3 below, we will relax
the assumption that there is no direct e↵ect of popularity
and analyze what happens when popularity a↵ects both
judgment updating and sampling.

Model . The model is similar, in spirit, to the models
analyzed in the prior section. It is as follows:

Quality estimates. At the beginning of period t, the
quality estimate of the decision maker for the restaurant
is an integer valued random variable Q̂t between 1 and
5. The initial quality estimate follows the empirical dis-
tribution of first ratings for restaurants in the data as re-
ported in Table 2.

Estimate updating rule. If the decision maker does
not sample the restaurant, her quality estimate remains
unchanged: Q̂t+1 = Q̂t. If the decision maker samples the

Table 2
Descriptive statistics on the data on first ratings.
(107,691 observations.)

1st Rating: q
1 2 3 4 5

Frequency 7,229 10,439 20,118 40,241 29,664
Proportion 0.067 0.097 0.187 0.374 0.276

Table 3
Computing the probabilistic judgment updating rule.
Based on 1st and 2nd ratings of all the restaurants.
(3,046 observations.)
(a) Frequencies of second ratings conditional on first rat-
ings.

1st rating
1 2 3 4 5

2n
d

ra
tin

g

1 66 50 29 48 36
2 22 47 66 95 45
3 33 67 113 175 105
4 26 76 174 505 217
5 19 39 85 321 587

Total 166 279 467 1144 990

(b) Conditional distribution of the next rating conditional on
the current rating.

current rating Q̂t
1 2 3 4 5

ne
xt

ra
tin

g
Q̂

t+
1 1 .398 .179 .062 .042 .036

2 .133 .169 .1421 .083 .046
3 .199 .240 .242 .153 .106
4 .157 .272 .373 .441 .219
5 .115 .139 .182 .281 .593

Mean 2nd rating 2.46 3.03 3.47 3.84 4.29

restaurant, she updates her quality estimate. Because we
do not know the information the decision maker obtains
between rating events, we model the judgment updating
process probabilistically on the basis of the distributions
of 1st and 2nd ratings in our data. Table 3a reports the
frequencies of each possible second ratings given the first
rating. On the basis of these frequencies, we compute the
conditional probabilities of each possible second rating
given the first rating (see Table 3b). We assume that these
conditional probabilities remain the same in all periods.
That is, for all t, the conditional distribution of the new
rating Q̂t+1 given the old rating Q̂t is given by Table 3b.
For example, if Q̂t = 3, the probability that Q̂t+1 = 4
when the decision maker samples the restaurant is 0.373.

As shown in Table 3b ratings are subject to regres-
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Figure 7. Probability of occurrence of a second rating
conditional on restaurant popularity and first rating as
implied by the logistic choice rule (eq. 15) and the pa-
rameter estimates reported in Table 1. (The first quintile
of popularity is the lowest and the fifth is the highest.)

impact quality estimates if we relied on an empirically
calibrated sampling rule and belief updating model.

The logit model (eq. 15) implicitly assumes that the
decision maker makes a choice between doing nothing,
or selecting an alternative. Therefore, in this analysis, we
consider a simplified setting where the decision maker
makes a series of choices between visiting a restaurant
with popularity ⇡ or not doing anything. She makes her
decision to go to the restaurant according to the logistic
choice rule estimated in the previous section.

In this analysis we assume there is no direct e↵ect of
popularity on ratings. Popularity only influences sam-
pling. More specifically, we estimate a probabilistic
judgment updating rule using the data about the first and
second ratings for all restaurants, independently of their
level of popularity. In Analysis 3 below, we will relax
the assumption that there is no direct e↵ect of popularity
and analyze what happens when popularity a↵ects both
judgment updating and sampling.

Model . The model is similar, in spirit, to the models
analyzed in the prior section. It is as follows:

Quality estimates. At the beginning of period t, the
quality estimate of the decision maker for the restaurant
is an integer valued random variable Q̂t between 1 and
5. The initial quality estimate follows the empirical dis-
tribution of first ratings for restaurants in the data as re-
ported in Table 2.

Estimate updating rule. If the decision maker does
not sample the restaurant, her quality estimate remains
unchanged: Q̂t+1 = Q̂t. If the decision maker samples the

Table 2
Descriptive statistics on the data on first ratings.
(107,691 observations.)

1st Rating: q
1 2 3 4 5

Frequency 7,229 10,439 20,118 40,241 29,664
Proportion 0.067 0.097 0.187 0.374 0.276

Table 3
Computing the probabilistic judgment updating rule.
Based on 1st and 2nd ratings of all the restaurants.
(3,046 observations.)
(a) Frequencies of second ratings conditional on first rat-
ings.

1st rating
1 2 3 4 5

2n
d

ra
tin

g

1 66 50 29 48 36
2 22 47 66 95 45
3 33 67 113 175 105
4 26 76 174 505 217
5 19 39 85 321 587

Total 166 279 467 1144 990

(b) Conditional distribution of the next rating conditional on
the current rating.

current rating Q̂t
1 2 3 4 5

ne
xt

ra
tin

g
Q̂

t+
1 1 .398 .179 .062 .042 .036

2 .133 .169 .1421 .083 .046
3 .199 .240 .242 .153 .106
4 .157 .272 .373 .441 .219
5 .115 .139 .182 .281 .593

Mean 2nd rating 2.46 3.03 3.47 3.84 4.29

restaurant, she updates her quality estimate. Because we
do not know the information the decision maker obtains
between rating events, we model the judgment updating
process probabilistically on the basis of the distributions
of 1st and 2nd ratings in our data. Table 3a reports the
frequencies of each possible second ratings given the first
rating. On the basis of these frequencies, we compute the
conditional probabilities of each possible second rating
given the first rating (see Table 3b). We assume that these
conditional probabilities remain the same in all periods.
That is, for all t, the conditional distribution of the new
rating Q̂t+1 given the old rating Q̂t is given by Table 3b.
For example, if Q̂t = 3, the probability that Q̂t+1 = 4
when the decision maker samples the restaurant is 0.373.

As shown in Table 3b ratings are subject to regres-

A version of our model adapted to this setting 

One decision maker: selects a restaurant or not. 
 
Quality estimate: 1 to 5 
 
Estimate updating:  

 - if no sampling: estimate remains the same 
 - if sampling: estimate updated using a 

`transition matrix’  
 
Sampling rule:  

 - logistic sampling rule estimated above 
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Figure 5. Probability of occurrence of a second rating
conditional on the first rating. The error bars show +1/-1
standard errors. The dotted line is the best fitting linear
trend.
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Figure 6. Probability of occurrence of a second rating
conditional on restaurant popularity. Each bar corre-
sponds to a quintile of the distribution of popularities.
The error bars show +1/-1 standard errors. (The first
quintile of popularity is the lowest and the fifth is the
highest.)

rant k follows a logistic choice rule:

pS
�

q̂k,t, ⇡k
�

=
ea0+a1q̂k,1+a2⇡k+a3q̂k,1⇡k

1 + ea0+a1q̂k,1+a2⇡k+a3q̂k,1⇡k
, (15)

where q̂k,1 is the first rating she gave to the restaurant, ⇡k
is the standardized popularity of the restaurant, and a0,
a1, a2 and a3 are the parameters to be estimated. In terms
of the general model analyzed above, the attractiveness
of restaurant k is ↵

�

q̂k,t, ⇡k
�

= ea0+a1q̂k,1+a2⇡k+a3q̂k,1⇡k and
the combined attractiveness of all other available restau-
rants is assumed to equal to 1.16 Theorem 2i predicts
that the e↵ect of popularity on quality estimates through
sampling is positive if

@2 log↵ (p̂k + ⇡k�, ⇡k)
@⇡k@p̂k

 0.

In terms of our logit model, this is equivalent to a3  0.17

The estimation results are reported in Table 1. Consis-
tent with the patterns displayed in Figures 5 and 6, peo-
ple are more likely to give a second rating to a restaurant

if they gave it a higher first rating (a1 > 0). They are
also more likely to give a second rating to restaurants
that are more popular (a2 > 0). The crucial result is that
the interaction term (a3) is negative. This pattern fits the
condition of Theorem 2i. This implies that the sampling
likelihood is more sensitive to popularity when the first
rating is low (see Figure 7). Our theory predicts that, in
this case, popularity has an indirect and positive e↵ect
on quality estimates through its influence on sampling
behavior.

Table 1
E↵ect of first rating and standardized restaurant popu-
larity on the sampling likelihood based on the estimation
of logit model.

Constant: a0 -4.21***
(0.08)

First rating: a1 0.13***
(0.02)

Standardized Popularity: a2 0.40***
(0.04)

First rating ⇥ Popularity: a3 -0.05***
(0.01)

Observations 107,691
Wald Chi-Square 250.11

Standard errors are in parentheses.
⇤⇤⇤ p < 0.001; ⇤⇤ p < 0.01; ⇤ p < 0.05

This empirical result is important, because it suggests
that people, in this large dataset of restaurant ratings, be-
have in a way that is consistent with the assumptions of
our theory.

Analysis 2: Measuring the e↵ect of popularity on
quality estimates

In this subsection, we analyze the implications of the
empirically estimated logistic choice rule (eq. 15 and
Table 1) for the dynamics of quality estimates. We also
use the empirical data to estimate how quality estimates
(i.e., ratings) change when a user samples a restaurant.
The purpose is to examine how much popularity would

16Eq. 15 has the same form as eq. 12. It is not a problem to
assume that the combined attractiveness of all other available
restaurants is equal to 1 because there is a scaling factor (ea0 in
the expression for the attractiveness of the focal restaurant) and
what matters is the ratio of the levels of attractiveness.

17To see why, note first that log↵ (p̂k + ⇡k�, ⇡k) = a0 +

a1 (p̂k + ⇡k�)+a2⇡k+a3 ( p̂k + ⇡k�) ⇡k. We have @
2 log↵(p̂k+⇡k ,⇡k)

@⇡k@ p̂k
=

a3.

How do current quality estimate and popularity 
interact in driving sampling? 

Δ1 point ó Δ14%  
in odds ratio 
Δ1 stdevó Δ49%  
in odds ratio 

Result 
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Expected quality estimate of the restaurant as 
a function of time.  
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Expected quality estimate of the restaurant as 
a function of time.  
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Indirect versus direct effect of popularity 
on quality estimates. 

Analysis approach 

Suppose in each period a decision maker chooses between 
 - a ‘popular’ alternative 
 - an ‘unpopular’ alternative 

 
Compute: 

 - sampling rule 
 - separate judgment updating rules for the popular and 

unpopular restaurant 
 
Evaluate the effect of popularity in 2 cases 

 - updating à direct effect of popularity 
 - sampling + updating à  obtain the indirect effect of 

popularity through sampling 
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Judgment updating rules for unpopular and 
popular alternatives 

INFORMATION SAMPLING, POPULARITY AND JUDGMENTS 19

Table 4
Descriptive statistics on the data on first and second ratings.

1st Rating: q
1 2 3 4 5

Popular restaurants (53,599 observations)
Frequency 2,521 4,422 9,321 20,561 16,774
Proportion 0.047 0.083 0.174 0.384 0.313
Frequency of 2nd rating 80 151 257 719 632
Likelihood of 2nd rating: ↵pop(q) 0.032 0.034 0.028 0.035 0.038
Unpopular restaurants (54, 092 observations)
Frequency 4,708 6,017 10,797 19,680 12,890
Proportion 0.087 0.111 0.200 0.364 0.239
Frequency of 2nd rating 86 128 210 425 358
Likelihood of 2nd rating: ↵unp(q) 0.018 0.021 0.019 0.022 0.028

Table 5
Computing the probabilistic judgment updating rule for popular and unpopular restaurants.

(a) Frequencies of second ratings conditional on first ratings.

Unpopular 1st rating
restaurants (1,207 obs) 1 2 3 4 5

2n
d

ra
tin

g

1 38 28 21 20 14
2 12 32 37 45 19
3 16 28 53 63 38
4 14 30 73 181 48
5 6 10 26 116 239

Total 86 128 210 425 358

Popular 1st rating
restaurants (1,839 obs) 1 2 3 4 5

2n
d

ra
tin

g

1 28 22 8 28 22
2 10 15 29 50 26
3 17 39 60 112 67
4 12 46 101 324 169
5 13 29 59 205 348

Total 80 151 257 719 632

(b) Conditional distribution of the next rating conditional on the current rating.

Unpopular current rating Q̂t

restaurants (1,207 obs) 1 2 3 4 5

ne
xt

ra
tin

g
Q̂

t+
1 1 .442 .219 .100 .047 .039

2 .140 .250 .176 .106 .053
3 .186 .219 .252 .148 .106
4 .163 .234 .348 .426 .134
5 .070 .079 .124 .273 .668

Mean 2nd rating 2.28 2.70 3.22 3.77 4.34

Popular current rating Q̂t
restaurants (1,839 obs) 1 2 3 4 5

ne
xt

ra
tin

g
Q̂

t+
1 1 .350 .146 .031 .039 .035

2 .125 .099 .113 .070 .041
3 .213 .258 .234 .156 .106
4 .150 .305 .393 .451 .267
5 .163 .192 .230 .285 .551

Mean 2nd rating 2.65 3.30 3.68 3.87 4.26

in the general model analyzed above, ↵pop(qpop) can be
seen as the ‘attractiveness’ of the popular alternative. We
define similarly the ‘attractiveness’ of the unpopular al-
ternative. The numeric values are shown in Table 4.

The sampling rule has the same form as in the gen-
eral model (eq. 12). More precisely, if at the beginning
of period t, the decision maker’s quality estimate for the
popular alternative is qpop and her quality estimate for
the unpopular alternative is qunp, the probability that she
samples the popular alternative is:

pS pop(qunp, qpop) =
↵pop(qpop)

↵pop(qpop) + ↵unp(qunp)
. (17)

See Table 6 for numeric values. The probability that she
samples the unpopular alternative is:

pS unp(qunp, qpop) = 1 � pS pop(qunp, qpop).

Model summary. We have described a learning
model where, in each period, the decision maker chooses
between a popular alternative and an unpopular alterna-
tive. The (probabilistic) estimate updating rule for each
alternative is computed separately on the basis of the first
and second ratings for popular and unpopular restaurants.
The (probabilistic) sampling rule is computed on the ba-
sis of the likelihood that reviewers gives a second rat-

INFORMATION SAMPLING, POPULARITY AND JUDGMENTS 19

Table 4
Descriptive statistics on the data on first and second ratings.

1st Rating: q
1 2 3 4 5

Popular restaurants (53,599 observations)
Frequency 2,521 4,422 9,321 20,561 16,774
Proportion 0.047 0.083 0.174 0.384 0.313
Frequency of 2nd rating 80 151 257 719 632
Likelihood of 2nd rating: ↵pop(q) 0.032 0.034 0.028 0.035 0.038
Unpopular restaurants (54, 092 observations)
Frequency 4,708 6,017 10,797 19,680 12,890
Proportion 0.087 0.111 0.200 0.364 0.239
Frequency of 2nd rating 86 128 210 425 358
Likelihood of 2nd rating: ↵unp(q) 0.018 0.021 0.019 0.022 0.028

Table 5
Computing the probabilistic judgment updating rule for popular and unpopular restaurants.

(a) Frequencies of second ratings conditional on first ratings.

Unpopular 1st rating
restaurants (1,207 obs) 1 2 3 4 5

2n
d

ra
tin

g

1 38 28 21 20 14
2 12 32 37 45 19
3 16 28 53 63 38
4 14 30 73 181 48
5 6 10 26 116 239

Total 86 128 210 425 358

Popular 1st rating
restaurants (1,839 obs) 1 2 3 4 5

2n
d

ra
tin

g

1 28 22 8 28 22
2 10 15 29 50 26
3 17 39 60 112 67
4 12 46 101 324 169
5 13 29 59 205 348

Total 80 151 257 719 632

(b) Conditional distribution of the next rating conditional on the current rating.

Unpopular current rating Q̂t

restaurants (1,207 obs) 1 2 3 4 5

ne
xt

ra
tin

g
Q̂

t+
1 1 .442 .219 .100 .047 .039

2 .140 .250 .176 .106 .053
3 .186 .219 .252 .148 .106
4 .163 .234 .348 .426 .134
5 .070 .079 .124 .273 .668

Mean 2nd rating 2.28 2.70 3.22 3.77 4.34

Popular current rating Q̂t
restaurants (1,839 obs) 1 2 3 4 5

ne
xt

ra
tin

g
Q̂

t+
1 1 .350 .146 .031 .039 .035

2 .125 .099 .113 .070 .041
3 .213 .258 .234 .156 .106
4 .150 .305 .393 .451 .267
5 .163 .192 .230 .285 .551

Mean 2nd rating 2.65 3.30 3.68 3.87 4.26

in the general model analyzed above, ↵pop(qpop) can be
seen as the ‘attractiveness’ of the popular alternative. We
define similarly the ‘attractiveness’ of the unpopular al-
ternative. The numeric values are shown in Table 4.

The sampling rule has the same form as in the gen-
eral model (eq. 12). More precisely, if at the beginning
of period t, the decision maker’s quality estimate for the
popular alternative is qpop and her quality estimate for
the unpopular alternative is qunp, the probability that she
samples the popular alternative is:

pS pop(qunp, qpop) =
↵pop(qpop)

↵pop(qpop) + ↵unp(qunp)
. (17)

See Table 6 for numeric values. The probability that she
samples the unpopular alternative is:

pS unp(qunp, qpop) = 1 � pS pop(qunp, qpop).

Model summary. We have described a learning
model where, in each period, the decision maker chooses
between a popular alternative and an unpopular alterna-
tive. The (probabilistic) estimate updating rule for each
alternative is computed separately on the basis of the first
and second ratings for popular and unpopular restaurants.
The (probabilistic) sampling rule is computed on the ba-
sis of the likelihood that reviewers gives a second rat-

Sampling rule 

INFORMATION SAMPLING, POPULARITY AND JUDGMENTS 19

Table 4
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Frequency of 2nd rating 86 128 210 425 358
Likelihood of 2nd rating: ↵unp(q) 0.018 0.021 0.019 0.022 0.028
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restaurants (1,207 obs) 1 2 3 4 5

2n
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tin
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1 38 28 21 20 14
2 12 32 37 45 19
3 16 28 53 63 38
4 14 30 73 181 48
5 6 10 26 116 239

Total 86 128 210 425 358

Popular 1st rating
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1 28 22 8 28 22
2 10 15 29 50 26
3 17 39 60 112 67
4 12 46 101 324 169
5 13 29 59 205 348

Total 80 151 257 719 632

(b) Conditional distribution of the next rating conditional on the current rating.
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ne
xt

ra
tin

g
Q̂

t+
1 1 .442 .219 .100 .047 .039

2 .140 .250 .176 .106 .053
3 .186 .219 .252 .148 .106
4 .163 .234 .348 .426 .134
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Popular current rating Q̂t
restaurants (1,839 obs) 1 2 3 4 5
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2 .125 .099 .113 .070 .041
3 .213 .258 .234 .156 .106
4 .150 .305 .393 .451 .267
5 .163 .192 .230 .285 .551

Mean 2nd rating 2.65 3.30 3.68 3.87 4.26

in the general model analyzed above, ↵pop(qpop) can be
seen as the ‘attractiveness’ of the popular alternative. We
define similarly the ‘attractiveness’ of the unpopular al-
ternative. The numeric values are shown in Table 4.

The sampling rule has the same form as in the gen-
eral model (eq. 12). More precisely, if at the beginning
of period t, the decision maker’s quality estimate for the
popular alternative is qpop and her quality estimate for
the unpopular alternative is qunp, the probability that she
samples the popular alternative is:

pS pop(qunp, qpop) =
↵pop(qpop)

↵pop(qpop) + ↵unp(qunp)
. (17)

See Table 6 for numeric values. The probability that she
samples the unpopular alternative is:

pS unp(qunp, qpop) = 1 � pS pop(qunp, qpop).

Model summary. We have described a learning
model where, in each period, the decision maker chooses
between a popular alternative and an unpopular alterna-
tive. The (probabilistic) estimate updating rule for each
alternative is computed separately on the basis of the first
and second ratings for popular and unpopular restaurants.
The (probabilistic) sampling rule is computed on the ba-
sis of the likelihood that reviewers gives a second rat-
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Table 6
Probability of sampling the popular alternative condi-
tional on the quality estimates for the popular and un-
popular alternatives (pS pop(qunp, qpop)). Computed on
the basis of eq. 17.

qpop
1 2 3 4 5

qunpop

1 .63 .65 .60 .66 .67
2 .60 .62 .56 .62 .64
3 .62 .64 .59 .64 .66
4 .59 .61 .56 .62 .64
5 .53 .55 .50 .56 .58
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Figure 10. Mean quality estimates for the unpopu-
lar alternative (E[Q̂unp,t]) and the popular alternative
(E[Q̂pop,t]) with sampling likelihood that depends both
on popularity and quality estimates (as defined by Table
6).

ing to a restaurant they have already rated in the past.
Almost all of the sampling probabilities in Table 6 are
higher than 50%. Because these are probabilities of sam-
pling the popular alternative, this implies that our deci-
sion maker is generally more likely to sample the popu-
lar alternative than to sample the unpopular alternative.
Unsurprisingly, this is consistent with the estimations of
the logit model in the previous subsection (the coe�cient
estimate for popularity in Table 1 is positive).

Dynamics of quality estimates. Figure 10 plots the
evolution, over time, of the mean of the distributions of
quality estimates for the popular and the unpopular al-
ternatives.22 The mean quality estimate for the popular
alternative is higher than the mean quality estimate for
the unpopular alternative. The popular alternative has an
evaluative advantage already in the first period. This re-
flects the fact that, in our data, the mean first rating of
popular restaurants is higher than the mean first rating
of unpopular restaurants. It is likely that this di↵erence
partly due to the fact that popular restaurants are gen-
erally of a higher quality than unpopular restaurants. It
is also likely partly explained by the fact that popularity

often has a ‘direct’ e↵ect on evaluations, as discussed in
the prior section.

What is interesting is that the di↵erence in quality es-
timates increases with time. After 30 periods, the dif-
ference of mean quality estimates is about 0.38 in favor
of the popular alternative. This di↵erence in quality es-
timates corresponds to the combined e↵ect of popularity
through its e↵ect on estimate updating and on sampling.
That is, the joint e↵ect of the sampling and updating rules
implies an increasing evaluative advantage in favor the
popular alternative. Next, we estimate the contribution
of sampling behavior to this evaluative advantage.

Comparison with the ‘null’ hypothesis. In order
to measure the indirect e↵ect of popularity through sam-
pling in the spirit of Theorem 2, we compare the dynam-
ics of quality estimates with what happens under the null
hypothesis that there is no indirect e↵ect of popularity
through sampling.

In order to see what happens under the null hypothe-
sis, we compute the evolution of the quality estimates for
the popular and the unpopular alternatives by assuming
that the probability of selecting the popular alternative
is always equal to 50%. By doing this, we ‘break’ any
dependence of the sampling likelihood on quality esti-
mates or popularity but we keep intact the possibility of
a ‘direct’ e↵ect of popularity.23 In other words, we use
the two judgment updating matrices for the popular alter-
native and the unpopular alternative that we used in the
‘dynamics of quality estimates’ subsection above.

Figure 11 plots the evolution, over time, of the mean
of the distributions of quality estimates for the popular
and the unpopular alternatives under the null hypothesis.
There is a positive direct e↵ect of popularity, but in this
case, di↵erence in mean ratings between popular and un-
popular alternatives remains almost constant. There is
almost no systematic direct e↵ect of popularity on the
judgment updating process. Most of the direct e↵ect of
popularity is already captured by the di↵erence in mean
initial ratings.

The crucial feature of Figure 11 is that the e↵ect of
popularity is smaller under the null hypothesis than when
the sampling likelihood is contingent on both ratings and
popularity (for comparison, see Figure 10). For exam-
ple, after 30 periods, the di↵erence in mean quality es-
timates is 0.30 in favor of the popular alternative under

22The graphs are obtained by numerical computations of the
above model using the fact that the model has a finite state
space and that we have a full specification of the transition ma-
trices. The graphs correspond to what would be obtained with
a very large number of simulations. Matlab code is available
upon request.

23See Appendix D for an analysis that relies on a di↵erent
implementation of the ‘null’ hypothesis.

Attractiveness of popular alternative  
= likelihood of 2nd rating in the data 
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Results 

Mean quality estimates for the unpopular alternative and the 
popular alternative with sampling likelihood that depends both on 
popularity and quality estimates 
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Mean quality estimates for the unpopular alternative and the 
popular alternative with sampling likelihood that depends both on 
popularity and quality estimates or 0.5 for both alternatives 
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Popularity & quality estimates
affect the sampling likelihood

Sampling likelihood = 0.5

Popular Alternative

Difference in mean quality estimates between the popular and the 
unpopular alternative 
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Table 7
Summary of the asymptotic analysis.

E[Q̂unp] E[Q̂pop] E[Q̂pop]-E[Q̂unp]
Updating 3.56 3.86 .30

Sampling+updating 3.44 3.83 .38
E↵ect of popularity through sampling: .08

% di↵erence in mean quality estimates explained: 20%

By choosing a particular type of clothes, hairstyle, or
program of education, people signal to others who they
are (Bourdieu, 1984; Veblen, 1899). The desire to signal
their identity can motivate people to engage in activities
typically associated with the type of people with whom
they want to be identified (McCracken, 1988; Muniz &
O’Guinn, 2001). Identity signaling also motivates people
to avoid activities associated with a group of people from
whom one wants to distance oneself (Berger & Heath,
2007, 2008; Leibenstein, 1950; Pesendorfer, 1995; Sim-
mel, 1957). Applied to this setting, our model can pro-
vide a novel explanation of why individuals might shift
their attitudes to diverge from the attitudes of groups with
which they do not wish to identify (Wood et al, 1996).
For example, it has been observed that educated people
tend to dislike music they associate with uneducated peo-
ple (Bryson, 1996).

To understand how our theory applies to this setting,
suppose there are two groups (A and B, such as teenagers
and parents) and two possible activities (1 and 2). Sup-
pose that Activity 1 is popular in Group A whereas Ac-
tivity 2 is popular in Group B. Let ⇡A

1 denote the popu-
larity of Alternative 1 in Group A, ⇡B

1 the popularity of
that alternative in Group B, etc. We have ⇡A

1 � ⇡B
1 and

⇡A
2 ⌧ ⇡B

2 .
If the decision maker belongs to Group A, she is more

likely to adopt the practice that is popular in Group A and
unpopular in Group B because she wants to be identified
as a member of Group A. To adapt our model to this set-
ting, we assume that if the decision maker is in Group A,
the likelihood that she samples Alternative 1 in period t
is given by the following expression:

pS A
1
�

q̂1,t, q̂2,t
�

=
esq̂1,t+⇡A

1�⇡B
1

esq̂1,t+⇡A
1�⇡B

1 + esq̂2,t+⇡A
2�⇡B

2
.

If the decision maker belongs to Group B, she is more
likely to adopt the practice that is popular in Group B and
unpopular in Group A because she wants to be identified
as a member of Group B:

pS B
1
�

q̂1,t, q̂2,t
�

=
esq̂1,t�(⇡A

1�⇡B
1 )

esq̂1,t�(⇡A
1�⇡B

1 ) + esq̂2,t�(⇡A
2�⇡B

2 ) .

All the other elements of the model are the same as in
the simple model analyzed at the beginning of the pa-
per. In particular the initial estimates are unbiased: there
is no systematic di↵erences between the initial quality
estimates of members of the two groups. Also, when
µ1 = µ2, members of the two groups are equally likely to
prefer Alternative 1 to Alternative 2 and vice versa).

The following proposition describes the pattern of
asymptotic quality estimates:

Proposition 2. Under the assumption that Alternative
1 is much more popular in Group A than in Group B
(⇡A

1 � ⇡B
1 ) and that Alternative 2 is much more popular

in Group B than in Group A (⇡A
2 ⌧ ⇡B

2 ), we have:
i) For a decision maker of Group A:

E[Q̂1] ⇠ µ1 ; E[Q̂2] ⇠ µ2 �
sb

2 � b
�2

ii) For a decision maker of Group B:

E[Q̂1] ⇠ µ1 �
sb

2 � b
�2 ; E[Q̂2] ⇠ µ2

Now, suppose that the two alternatives have similar
qualities (µ1 ⇠ µ2). The results of Proposition 2 im-
ply that attitude polarization will emerge: Members of
Group A will tend to evaluate the alternative that is pop-
ular in that group (Alternative 1) more positively than the
alternative that is popular in the other group (Alternative
2). The converse happens for members of Group B: they
will tend to evaluate the alternative that is popular in their
group (Alternative 2) more positively than the alternative
that is popular in the other group (Alternative 1).25

The mechanism underlying attitude polarization is the
same as in the model discussed in the previous sections:
an alternative that is popular in the group of the decision
maker but unpopular in the other group will be sampled
again, even if the decision maker believes it to be poor.

25It is possible to show that adaptive sampling also emerges
in a population model where popularity is endogenously de-
fined rather than exogenously fixed as here. But the analysis of
such a model involves technical complications that go beyond
the scope of this paper.

The indirect effect of popularity through sampling 
accounts for a substantial portion of the difference in 
estimates between popular and unpopular alternatives 

Some Implications 
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Identity signaling and divergence 

Identity Signaling influences attitudes 

Simple Model: 
 - 2 groups: a and b 
 - More likely to select alternative popular in your own 

group – and not popular in the other group. 
 
 

  
  

 
 
Each individual learns about qualities of the alternatives from her 
own experience only 
 
 

their belonging to a high-status group or in order to coordinate with other people. In this section,
we explore the distinctive implications of our theory for several such settings and briefly discuss
some policy implications.

7.1 Identity signaling and attitude polarization

Beyond leading to attitude homogeneity within groups, our theory can also explain the polarization
of attitudes across groups. This happens when people want to avoid alternatives that are popular
in other groups. This behavior is most likely to occur when the activities that people choose signal
their identity.

By choosing a particular type of clothes, hairstyle, program of education, people signal to others
who they are (Bourdieu, 1984; Veblen, 1899). The desire to signal their identity can motivate
people to engage in activities typically associated with the type of people with whom they want to
be identified (McCracken, 1988; Muniz & O’Guinn, 2001). Identity signaling also motivates people
to avoid activities associated with a group of people from which one wants to distance oneself
(Berger & Heath, 2007, 2008; Leibenstein, 1950; Pesendorfer, 1995; Simmel, 1957). Applied to this
setting, our model can provide a novel explanation of why individuals might shift their attitudes to
diverge from the attitudes of groups with which they do not wish to identify (Wood et al, 1996).
For example, it has been observed that educated people tend to dislike music they associate with
uneducated people (Bryson, 1996).

To understand how our theory applies to this setting, suppose there are two groups (A and
B, such as teenagers and parents) and two possible activities (1 and 2). Suppose that Activity 1
is popular in Group A whereas Activity 2 is popular in Group B. Let ⇡

A
1

denote the popularity
of Alternative 1 in Group A, ⇡

B
1

the popularity of that alternative in Group B, etc... We have
⇡

A
1

� ⇡

B
1

and ⇡

A
2

⌧ ⇡

B
2

.
If the decision maker belongs to Group A, she is more likely to adopt the practice that is popular

in Group A and unpopular in Group B because she wants to be identified as a member of Group
A. To adapt our model to this setting, we assume that if the decision maker is in group A, the
likelihood that she samples Alternative 1 in period t is given by the following expression:

pS

A
1

(q̂

1,t, q̂2,t) =
e

sq̂1,t+⇡A
1 �⇡B

1

e

sq̂1,t+⇡A
1 �⇡B

1
+ e

sq̂2,t+⇡A
2 �⇡B

2

.

If the decision maker belongs to Group B, she is more likely to adopt the practice that is popular
in Group B and unpopular in Group A because she wants to be identified as a member of Group B:

pS

B
1

(q̂

1,t, q̂2,t) =
e

sq̂1,t�(⇡A
1 �⇡B

1 )

e

sq̂1,t�(⇡A
1 �⇡B

1 )
+ e

sq̂2,t�(⇡A
2 �⇡B

2 )
.

All the other elements of the model are the same as in the model of Section 2. In particular the
initial estimates are unbiased: there is no systmatic differences between the initial quality estimates
of members of the two groups. Also, when µ

1

= µ

2

, members of the two groups are equally likely
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in other groups. This behavior is most likely to occur when the activities that people choose signal
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to avoid activities associated with a group of people from which one wants to distance oneself
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diverge from the attitudes of groups with which they do not wish to identify (Wood et al, 1996).
For example, it has been observed that educated people tend to dislike music they associate with
uneducated people (Bryson, 1996).

To understand how our theory applies to this setting, suppose there are two groups (A and
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A. To adapt our model to this setting, we assume that if the decision maker is in group A, the
likelihood that she samples Alternative 1 in period t is given by the following expression:
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All the other elements of the model are the same as in the model of Section 2. In particular the
initial estimates are unbiased: there is no systmatic differences between the initial quality estimates
of members of the two groups. Also, when µ
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Asymptotic quality estimates become polarized 

Novel explanation of why individuals might shift their attitudes to 
diverge from the attitudes of groups with which they do not wish to 
identify (Wood et al, 1996) – e.g.: Musical tastes 
 
 

to prefer Alternative 1 to Alternative 2 and vice versa).
The following proposition describes the pattern of asymptotic quality estimates:

Proposition 3. Under the assumption that Alternative 1 is much more popular in Group A than
in Group B (⇡A

1

� ⇡

B
1

) and that Alternative 2 is much more popular in Group B than in Group
A (⇡A

2

⌧ ⇡

B
2

), we have:
i) For a decision maker of Group A:

E[

ˆ

Q

1

] ⇠ µ

1

; E[

ˆ

Q

2

] ⇠ µ

2

� sb

2� b

�

2

ii) For a decision maker of Group B:

E[

ˆ

Q

1

] ⇠ µ

1

� sb

2� b

�

2

; E[

ˆ

Q

2

] ⇠ µ

2

Now, suppose that the two alternatives have the similar qualities µ

1

⇠ µ

2

. The results of
Proposition 3 imply that attitude polarization will emerge: Members of Group A will tend to
evaluate the alternative that is popular in that group (Alternative 1) more positively than the
alternative that is popular in the other group (Alternative 2). The converse happens for members
of Group B: they will tend to evaluate the alternative that is popular in their group (Alternative 2)
more positively than the alternative that is popular in the other group (Alternative 1).10

The mechanism underlying attitude polarization is the same as in the model discussed in the
previous sections: an alternative that is popular in the group of the decision maker but unpopular
in the other group will be sampled again, even if the decision maker believes it to be poor. An
alternative popular in the other group will not be selected again if the decision maker believes it
to be poor. All-in-all, this implies that errors of underestimation of the quality of the alternative
that is popular among members of the other group will be less likely to be corrected than errors of
underestimation of the quality of an alternative that is popular among members of the same group.

Prior explanations for the polarization of attitudes across groups have generally invoked some
form of motivated cognition: people subconsciously change their preferences to diverge from the
attitudes of unwanted groups (e.g Bryson, 1996) while thy strive to adop attitudes that are similar
to the attitudes prevailing in their groups, at least in part because attitude similiarity leads to liking
(Clore, 1976) . Our model suggests a different mechanism: when identity signaling influences the
choice of activities, the choice of activities influences exposure and learning opportunities, and this
creates systematic evaluative bias against the alternative chosen by most people in the out-group.
This, in turn, leads to an evaluative advantage for the alternative chosen by most people in the
in-group. Although this empirical prediction is not new, the mechanism is novel.

10It ias possible to show that adaptive sampling also emerges in a population model where popularity is endogenously
defined rather than exogenously fixed as here. But the analysis of such a model involves technical complications that
go beyond the scope of this paper.
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Conclusion 

People whose sampling behavior is affected by the relative 
popularities of choice alternatives will typically obtain 
unrepresentative samples of information about the qualities the 
alternatives.  

 à Often: Popular alternatives will have an evaluative 
advantage as compared to less popular alternatives.  

 à Under some conditions (non-compensatory ‘utility’ wrt 
quality estimate and popularity), popular alternatives will have an 
evaluative DISadvantage. 
 
à People will tend to evaluate practices that are popular in their 
reference groups more positively even if: 

 - they do not engage in motivated cognition 
 - they do not make inferences about quality on the basis of 

popularity. 
What matters is the sample of information people have access to.  
 
 
 


