Technical Appendix

1. Undifferentiated Learning Model

In undifferentiated learning, consumers learn about the overall distribution of an attribute
(e.g. quality and price) at a given restaurant across the entire consumer population. Consumers
have prior beliefs about the distribution of the attribute in the population, which is also assumed
to be the same across consumers. They then update these beliefs based on reviewers’ evaluations
of the attribute. The consumers then use updated beliefs of the attribute when formulating
expected utilities of dining in the reviewed restaurants.

Following the discussions in the paper, we have the following relationships:

4, =4,+&, (A1)
R, =4, ¢ +g, (A.2)

We assume that g; follows a normal distribution with a specific parameterization of the
variance-covariance matrix,
g, ~ N(0,17Q0} ) (A.3)
where 4 is a scalar.

Combining equations (A.2) and (A.3) we have
R, =4+ e +g, (A.4)
and the variance of Ry; is
Var(Rkj):(lL +/1_lQ)0';j Efloéj (A.5)
where 1, isan LxL matrix with every component being 1.
Our model allows the user to learn about 62 ;- Before reading any reviews, we assume that

her prior belief is distributed as inverse Gamma,

a, b
O';j ~IG(?O’EOJ



where a , and b, are the shape and scale parameters, respectively, of the distribution. Conditional
on aéj, the user’s prior belief of the mean experience is assumed to be distributed as
2 -1 2
4;|o;; ~N(4,7, -0;))
where A4, is the prior expectation of 4;, and 7, is a scale parameter. The inverse of 7, measures

the degree of the prior uncertainty.

For the ease of exposition, assume that the user only reads reviews for restaurant ;. After
reading K reviews, the user’s beliefs of 0'; ; and 4; are assumed to be updated using the Bayes

rule. The marginal distribution of 4;, conditional on the information set Ix; = {Ry;, ..., Rg;} from

all reviews, can be derived as a r-distribution with mean E£(4, | 1) = 4, and variance

b,
Var(4,|1,)= r;,i —E 5 The derivation of the posterior beliefs and the specification of the

K

updated parameters are in the next section of this document.

The marginal distribution of O';j conditional on 7, is an inverse-Gamma distribution with
expected value E(a;j | 1) =by /(ajK - 2). The expected variance of the user’s own experience,
Ay = A; + &, is equal to the sum of the variance of the expectation of the true mean 4; and the

. -1
variance of &;. Therefore, var(4, |1, ) = (1+ T ) byl (ajK — 2) ,

The expected utility function, after reading K reviews, in equation (1) can be rewritten (by

replacing quality Q and price C for the attribute 4) as the following:

1) b
E[Uz'/ |1K]:0‘zy'+Wz'Q {Q/KJF%‘QQ/?K +7¢ [HTJ o 2}+Wl‘ccﬂ< +&

Tik )9k~
where O, and C, are the updated means, and (1+1/7% )-(b% /(a% —2)) is the updated

variance for quality.
In a standard learning model in the previous literature, conditional on the average, the
diversity of review evaluations does not affect consumers’ updating process; in our model,
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however, it will increase the user’s uncertainty of E(oé ;11;) and impact the choice probability.

We use the following numerical example for an illustration.

Example: Figure A.1 illustrates two scenarios of 10 reported ratings for the quality of a
restaurant. The mean ratings in scenarios A and B are equal to 3. However, scenario A is more
concentrated around the mean rating (two report a rating 2, six report 3, and two report 4) than
scenario B (one reports a rating 1, two report 2, four report 3, two report 4, and one reports 5).
The true population distribution of ratings is the curve in the figure with variance 0.9, which is
between the variance of ratings in scenarios A (0.4) and B (1.2). If we assume that the variance is

known without uncertainty, the updated expected quality E(Q, |7,) is 3.0, and the associated
uncertainty Var(Q, | 1,) is 0.041, exactly the same in both scenarios. If 0; ; has to be learned,

however, the posterior expected 0'; ; inscenario A is 0.22, and 0.58 in scenario B, and the
posterior Var(Q, | 1,)in scenario is 0.037, and in scenario B is 0.098, respectively.!

Figure A.1. An Illustration of Variance in Reviews

6
s ’ I Scenario A

I Scenario B

Without accounting for the learning of variance and how this will impact the consumer

choice, we may have a biased measure of the economic value of online reviews, since the above

! The calculations are based on the following assumptions of priors: 1 =1.0, 4,=3.0,7,=1.0, a,=3.0,and
b, =0.45. For the model without learning for variance, we assume 0'52/- —0.45, the true population variance of quality
perception.



example shows that the two sets of reviews in scenarios A and B will be restricted to carry the
same information thus have the same economic value. The extent of the bias depends on
consumers’ risk preference in the utility function. For a risk-averse consumer, reviews in
scenario A will reduce her uncertainty more than in B. The reviews will increase the user’s
expected utility and the probability of choosing the restaurant; therefore, they have a higher
value for both the user and the restaurant. We have shown in the reduced-form regression (see
Table 3 in the main text) that the variance of reviewers’ quality ratings has a significant negative
effect on consumers’ choice probability, a result that will not exist if consumers are risk-neutral

or the variance is common knowledge. This provides indirect evidence supporting the

importance of modeling the learning of ogj in our context.

2. Undifferentiated Learning Model Posterior Distribution Derivation

Following section A.1, evaluationsR; are specified as
R, =4ye +¢&,

Var(R,)=(1,+1'Q)c?, =Qo?,

where 4, = 4, + &, and €, ~ N(0, /1‘190; ;). A consumer updates the posterior beliefs of

parameters of (Aj,o; ;) inthis learning framework. Since these two parameters are the sufficient

statistics of a normal distribution, we use the natural conjugate distribution of Normal-Inverse
Gamma (when both mean and variance are unknown) as the prior distributions for the two

parameters. That is:
) a, b
o: - IG(?O,?O)

4,107, ~ N4y, 707 )



where q, , b, , 4, and 7, are the prior parameters. Under the nature of conjugate distribution,
the updated posterior distribution is also Normal-Inverse Gamma., Conditional on (Aj,a;j), the

probability of K reviewers reporting (le,sz,---,RKj) Is:
KL K 1
2 ~ -K K A1
f(le,“',RKj | A‘j’J};,j) =(27) * [Q]? O, exp[_?zkzl(Rkj -€ 'Aj) Q (R/g —€ .Aj)] where
S

Q =1, + 27'Q. Based on the assumptions for priors , the prior density of (4;, 0' G s

Pr(A O'2 ‘)_ eXp[— o ( Ao) ](b /2)%/2 - (@:2) exp(_b_O)
e Jﬂ% 207, T(ag/2) 207,

According to the Bayes rule, the distribution of the posteriors is:
Pr(4;,07, IR, Ry Ry) o Pr(4,,07 ) x f(Ry,, Ry, Ry, | 4,07 )
Rearranging the equation and remove constant terms, we can derive that:
Pr(4;,07 |R1j,R2j,--- R,)
[By+ 7o (A, — 42 + 25 (R, —e, - 4) QMR —e, - A)]}

—(K+1+ag+2)
o, expd-

O-é J
The last term in the above expression can be decomposed as:
2R, —e, A )R, —e,-4)
K
- Z[(Rk/’ —e, Ay )+(e Ay —e 4] Qil[(Rk/ —e, Ay )+(e, Ay —e, - 4)]

“DF (R —e, A )OMR, —e, A, )+22 5 (R, —e,- A, ) Qe (A, —4)+Ke,Q%, (4, —4)

Set A & = 52 Zle e, Q'R and 5, = 2.5, e, Q% , the second term will cancel out of the

equation, because:
2 (R —e, A, ) Qe (A, —4))
— (A, —4) D2 (R, —e, A, ) O,
= (A, — A2 RO, — 4, DK €,0%,]

— (A, - A)2E, e, Q'R ~4,5,]
=0



Thus, the previous equation can be re-written as,
DER, —e,d) (R, e, A)
SRy —e, A, O (R, — ) + €0, (A, — A
=A, 46, (A —A)
where AZK = zk (R, —e, AK) QO (R eL-Qle) . Putting this term back to the posterior density

function, we can show that,

Pr(4,,07 |R,,R, -, R,)

oc Ufy(/l(+1+ao+2) ; . —Aj)z]}
é,j
1 1 - rA+S5.A . S -
= eXp{— 2 [bO -‘r(TO +5K)(A/ —0140—’“()2 +AJ.K + TO Ii (A AO) ]} 7(a0+K+2)
Oci 20, +0, 7, +0,
5 5 4, +5.4
L% +0, exp[— 7, +25K (4 - 7, iy
Vero,, 20, Tt 5K
b A TOé,:K 1:1 A 2 /2 (ay+K)/2
([0+ jK"’T +é': ( K o)] ) o 1 R
— o, exp{-——1[b, +A 4% K (AIK_A) I3
I(a, +K) /2] 207 —

which is the product of a Normal density regarding 4, and an Inverse Gamma density about

a;j . Decomposing each parameter component in this Normal-Inverse Gamma distribution, this
functional form gives us the updated posterior parameters as

ag=ay+K

by =by+ 2 (R, —e, - A, ) O (R, —e, - A,) +— g(A 4

0 T0k
_ Tody + O Ay
o+ 5,
T =T +5‘K

where



In the above equation, a;x and bjx are the posterior shape and posterior scale parameters for
the variance distribution. The above posterior density function indicates that, conditional on the
information set Ix; = {Ry;, ..., Rk;} from all reviews, the marginal distribution of 4; is a #-

JK

—2°

JK

distribution with mean E(A4; |I,)= A, and variance Var(4, |1,) =7 -

3. Differentiated Learning Model Posterior Distribution Derivation

We assume in Section 3 in the paper that

R, =(1-6,)4,+6,4,+u,

Var(R,) = ((1-52)5;" -ee, "+ 4 'Q)o? , =07,

where 8, =0, ¢, and u, =.1-5;¢, e, +¢,. A consumer updates the posterior beliefs of

parameters of (Au,a;j) in this learning framework. Similar to the Type I learning model, we use

7]
the natural conjugate distribution of Normal-Inverse Gamma as the prior distributions for the two

parameters. Specifically, the prior distributions are:

ol ~ 16(%. D)

A, |0?, ~ N(4y,7,0% )
where a, , b, , 4, and 7, are the prior parameters. Under the nature of conjugate distribution, the
updated posterior distribution is also Normal-Inverse Gamma. Conditional on (Al.j.,a;j) , the
probability of K reviewers reporting (R,;,R,;,---,R;) is:

2
SRRy, Ry 4,00 )

K-L 1

AL I 1 o~
=(@27) Q%0 exp[—?Zf:l(Rkj ~(1-8,)4,-8, - 4)Q (R, —(1-8,)4, -8, - 4,)]
S

Based on model assumptions, the prior density of (4

2 .
j10¢:,;) 8.



7, 7, (by 12)°"* iz by
= —~©eXp|—(A4. o..° ex —_—
V2zo,, Pl 20;,( O T I(a,/2) °’ P za;j)

According to the Bayes rule, we have the distribution of posterior as proportional to the prior
multiplied by the sample density:

Pr(4 a;j|le,sz,--- Kj)ocPr(Ay,aéj)xf(le,sz,--- ,Q|Ay,a;j)

ij

Rearranging the equation and remove constant terms, we can derive that:
2

Pr(4,,0. IR, R, Ry)

1
o O_;(jl<+1+au+2) exp{_z—z[bo +f0 (Ay _AO)Z
&

25 (R, —(1=8,) 4, =, - 4)) R, —(1—8,) 4, —d, - 4)]}

The last term in the above expression can be decomposed as:

(R ~(L-8,)4, 8, 4,) O (R, ~(1-3,)4, -5, - 4,)

M~

Mw TMN -

IR, —(L=8,) 4, =8, - A,)+8, (A = AN QR ~(1=8,)4, =8, - 4,) +3, (4, —4,)]

(R, —(1-8,)4, ~8, - A,) O R, ~(1-8,)4, ~8, - 4,)

=~
I

1

2Z“(Rk] (L=8,)dy =8, - A ) 18, (A —A4)+ 25, 8,07, (A, —4,)

k=1 "ik

Set A =5 DN 'OM(R, —(1-8,)4,) and 5, = 2.5, 5,05, , the second term will
cancel out of the equation, because:

Zfl(R —(1=8,) 4, ~8, A, ) 8, (A, —4)
Ay —A4) 25 (R~ (1-8,)4,—8, - 4,) Q5
th Al/)[zk l(Rk/ (l 6 )A )Q 61k A Z k=1 61/(9 61A]

_(AJK—A)[ZHSMQ* ~(1-8,)4,) - 4,5, ]
-0

Thus, the previous equation can be re-written as,



2R, —(1=8,)4,—d, - 4) MR, —(1—8,) 4,5, - 4,)
— DR —(L=8,) 4, —8, - A, ) O (R, —(L=8,) 4, —8, - A, )+ 2.5, 8,05, (A, —4,)
ZA,-,-K+5 (A”K AU.)
where
A =25 (R, —(L=8,)4, 8, - 4,) O (R, —(1—8,) 4,5, - 4,)
Putting this term back to the posterior density function, we can show that it is proportional to

the following,

Pr(4,,02 IR,,R,, - ,R,)

oD gyt 2—[b +7,(d, = 4 +A, +0, (4, - 4)T}
o

&

! 1 7,4, + S 4 =5
:_exp{_—z[bo + (7':0 +9, )(At/ M) +A + % 0 ik ( ijK -4 ) ]} 7(“ +K+2)
Ocj 207 ) s
’ o 0 iK
PRAL AL fOAO il AKAJK 1
Voo, 262 7 +0,
. &J
([biO + AjiK —+ ~TU 11)(\ (Iain _ AO)Z] / 2)(u0+K)/2 N 3
TO i —(a,+K+2) ,
* o, A
Hta, + K) /2] o 205, 7,40, 7o, AT

which is the product of a Normal density regarding 4, and an Inverse Gamma density about
ag?] . Decomposing each parameter component in this Normal-Inverse Gamma distribution, we

have the following learning parameters:

aUKza,.O+K
ZK 5‘1[(
szK:bi0+ H(R -(1-9, )A -9, A )Q (R k)AO 0, AUK)+ +5 (AUK )
0 iK

A A

% Ao

+
T, +

e

ijK

8%

iK

:T0+5i](

Té'/'K

where



5‘,‘1( = ZkK=l 6;‘1(&;{161‘1(

K = 5;1 zf:l 8;‘1{@;} (R]g' -(1- 0, )Ao)

N

Based on the above posterior density function, the marginal distribution of 4;;, given the

information set Ix, is a #-distribution with mean and variance as:
E(4; 1) = Ay
1 b,
Var(AgjllK):~_' ”

Tio Qg — 2
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