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A Conditional posterior distributions

Based on the joint model of Equations (14) and (17), we apply the Gibbs sampling to sim-
ulate draws from the posterior distribution in Equation (22). Here we list the set of derived

conditional posterior distributions that compose the Gibbs sampler:
(1_1) P(Zi,g’th Wg7 677_97 Zfi,g)a 1= 17 T 7m97 g = 17 e 7G'
By applying Bayes’ theorem,
P(2ig|Yy, Wy, 0,7, Z i ) < d(2ig5 pags La) - P(Yy, Wyl0, 74, Zy), (A1)
where ¢z(.; v, 4,17) is the multivariate normal density function. We simulate z; , from

Equation (A.1) using the Metropolis-Hastings (M-H) algorithm.

(1-2) P(prz|Yy, Wy, 0,74, Z4), g =1,--- ,G.
By applying Bayes’ theorem,

mgZ. 1
P Y. 7 = 99 A2
(qu,g’ g»Wg>677—g> g) OC‘/KI (mg+1/§27mg+1/€2> Y ( )

where Z, = ZZ | Zi.g- We simulate p, , directly from Equation (A.2).

(i) P(w{Wy},{Zg})-

By applying Bayes’ theorem, we have

¢
Pw{W},{Zy}) o dsrea (wswo, ) - [[ POV, I(w € 0y), (A.3)

where I(A) is an indicator function with I(A) = 1 if A holds and I(A) = 0 otherwise.
We simulate w from Equation (A.3) using the M-H algorithm.

(i) PA{Y ) AWy}, 8,07, 0. {7}, {Zs}).

By applying Bayes’ theorem, we have

PA{Y} AW}, 8,026, {753, {Zg}) o< [ [ POV Wy, A, B,07,6,75, Zg) - I(A € O).
(A.4)

We simulate A from Equation (A.4) using the M-H algorithm.

(iv) P(B{Yg}AWo b, A 07, 6, {7} {Ze}).

By applying Bayes’ theorem, we have
P(BHYs} AWy} A, 03,0, {Tg} {Zs})

o a1 (8 Bo. Bo) - HP(YQWQ, A, B,02, 6,74, Zy).

g=1



(v)

(vi)

(vii)

Since both ¢ax+1 (8; Bo, Bo) and P(Y,|W,, A, 8,02,6,71,, Z,) are normal density functions,

we can simplify the expression to

P} AWy} A, 02, 6.7} {Z,}) o< A (8: 8.B)

3—B <Bolﬁo + Z X! (02T,) " (SyYy — Zy6 — zgrg)>

(B +ZX’ 021, 1X> , (A.5)

where Xy = (Wily, Xy, Wy X,), Zg = (Zg Wy Zy), and Sy = (L, — AW, — ATWT).

P(oyl{Ye} AW} A, B0, {7y}, {Z})-

By applying Bayes’ theorem, we have

P(og{Ye b AW}, A, B0, {75}, {Z,})

uﬂ%( 2. 70 go)HPYIWg,A B,02,6,7,, Zy)

+ mg So +
ocf%<2 i %91 2z Z;” ) (A.6)

where vy = S)Y, — X8 — Z,0 — 1,7,

PO} AW A, B, 07 {5} {Zy})-

By applying Bayes’ theorem, we have

P{Y,} {Wg}. A, B0y, {Tg} {Z})

o g (880, No) HP Y,|W,, A, 8,0

g=1

25, Ty, Zg),

Similar to (v), we can further obtain
P(6|{}/9}7 {W9}7 A’ ﬁ? 0-1217 {7—9}7 {Zg}) X ¢2J(57 57 D)a

G
5=D (Aglao + ) 2 (07 L,) M (S — Xy B — ngg)>
g=1

(A +Zz’ 021, 1Z>_, (A7)

P(TQ|Y97W97)\,ﬁ0‘ 5Z) g:177G

) u’

By applying Bayes’ theorem, we have

P(71,4]Yy, Wg,A,B,ag,(S, Zy) < (14570, T0) - P(Yg|Wy, A B,U 8, Ty, Zy).



Similar to (v), we can further obtain

P(T9|Ytﬂl7 Wg7 A7 B? 037 5a Zg) (S8 '/V(Tg; 7297 Rg)7
7y = By (T 70 + 1y (020n,) 1 (S,Yy = X = Zy0) )

-1
R, = (Tgl + zg(agfmg)—lz;) . (A.8)

When considering the model based on Equation (16) and Equation (19), we need additional
prior assumptions on the latent variables A, and their coefficients ~,, 73 in the network
formation model and d3, d4 in the outcome equation, as well as the reciprocity coefficient p.

Accordingly, we add and update some of the prior distributions in Equation (21) as follows:

G g ~U[-1,1], i=1,--- ,my g=1,--- G,
w=(v,¢) ~ A rrara(wo, Qo) on the support Oy,
A= (A, p) ~ U2(09),
6 = (07,05, 03,04) ~ Ao7.9(d0, Dy),
(A.9)

where O, is discussed in the main text and Oj specifies a space such that I,,, — A(W, +
H,(A,, Wy, p)) is invertible for all g. Since O} depends not only on data W,’s but also on
unknown latent variables A, which need to be estimated, the prior of A’ is an “empirical
Bayes prior” (Casella, 1985).

B Bayesian Model Comparison by Bayes Factor

we consider a goodness-of-fit comparison between the conventional social interactions model
and the proposed altruistic social interactions model to examine whether adding altruism into
the conventional social interactions model improves the fit of the model to the data. Since
our models are estimated by the Bayesian MCMC sampling approach, the corresponding
goodness-of-fit comparison is conducted based on the Bayes factor.

Recall that the conventional social interactions model is given by
Y, = MY, + X 01 + W XyBs + g7y + ¢4, g=1,---,G. (B.1)

By introducing the altruistic preference and the direct externality effect, we obtain the altru-

istic social interactions model which is given by

Yy = AW,Y, + NWY, + ' Wil + Xgf1 + Wy XyBs+ g7y + 64, g=1,---,G.  (B.2)



Let’s call the altruistic social interactions model M; and the conventional social interactions
model Ms. It is clear that M, is a nested model of M; under the parameter constraint:
Al =g = 0. Without loss of generality, we ignore the issue of network endogeneity in both
Equations (B.1) and (B.2) and only aim to evaluate the difference brought by altruism. When
a network formation model like Equation (14) in the main text is introduced to correct the
network endogeneity problem, it applies to both models M; and M, and therefore we expect
it will not change the Bayesian model comparison result that we perform here.

Denote the prior probability of each model by 7r; = P(M;) > 0 and the posterior prob-
ability of model by 7; = P(M;|{Y,}) = “ 3225 for j = 1,2, where P({Y,}[M;) =
| P(0;|M;)P({Y,}|0;, M;)d6; stands for the marginal likelihood under model M;. To compare
the goodness-of-fit of the two competing models, the posterior odds ratio is calculated as

B PAGIMY)  m

T (B.3)
JL P({Y,}|Ms) m
Posterior odds Bayes factor Prior odds

In Equation (B.3), the prior odds ratio is usually set to 1 as the same prior probabilities
are assumed for competing models. Therefore, the posterior odds ratio reduces to the Bayes
factor.

We follow Chib (1995) and Chib and Jeliazkov (2001) to calculate the marginal likelihoods
of My and M, based on the model estimation MCMC sampling outputs. Note that

P({Y,}, 0;|M;) = P({Yy}0;, M) P(0;|M;) = P(0;[{Y,}, My) P({Yy }M;),
and thus,

P(Yy|0;, M;) P(0;|M;)

P({Yy}M;) = P(6,{Y,}, M)

After taking logarithm on both sides,
In P({Yy}[M;) = In P({Y,}0;, M;) + In P(0;|M;) — In P(0;{Y}, M;). (B.4)

Notice that Equation (B.4) holds for any 6; and therefore we can evaluate Equation (B.4) at
the posterior mean éj. The first and the second terms in Equation (B.4) are the log likelihood
of model M; and the log prior evaluated at éj, which are readily available. We use MCMC
sampling outputs to calculate the third term. As an illustration, let us consider model M;.
The parameter vector #; can be properly grouped into four blocks, which are A = (\, A1),
B = (n', B, 5), 02, and {r,}. Therefore,

P (0L|{Y,}, My) =
lnP([\HY;}}le) +lnP(/é|Av {Yg}le) +lnP(&52|Ava{Y;7}7M1) +1HP({@}|/A\>B,5€27{3/9}’M1)-
(B.5)

Now we discuss how to calculate each term in Equation (B.5).
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Calculating P(A|{Y,}, M;) For the first term in Equation (B.5), as A is drawn using the
M-H algorithm, we follow Chib and Jeliazkov (2001) to use the M-H outputs to calculate
In P(A|{Y,}, My). The M-H acceptance probability for A is

FEYGHA®, &, My)m(A*) g(A[A7) }
FEYGHA, &, My)m(A) q(A*[A) |7

where ¢(A*|A) denotes the proposal density from A to A* and & stands for #; excluding A.
If we write P(A*, A|&1,{Y,}, My) = a(A*, Al&, {Y,}, Mq)g(A*|A) for the transition probability
from A to A*, then by reversibility of the M-H algorithm, we can write for any A,

o(A", Aléy, {Y,}, My) = min {1,

P(A, A&y, {Yg}, Mi) P(AJ&, {Y, ), My) = P(A, Aléy, {Y}, M) P(AJér, Yy}, My).
By multiplying both sides by P(&|{Y,}, M) and integrating over 6;,
[ P AlG 11,00 PN, 1Y, M) PEHY, . M)y
= [ PO Al6 (), M0 P (35, M) PERY, . M)
After rearrangement,
[ PO ALY} M) P& Y M)
= P, M) [ POLAG (Y1 M)PEIAL (Y;), M) 6,
It thus follows that
_ Eu{a(h, Alg, {Y,}, M)g(A]A)

PO b ) = = Ak, (v AL

where the numerator expectation £ is with respect to the distribution P(A, &|{Y,}, M;) and
the denominator expectation Fj is with respect to the distribution P(&|A, {Y,}, M) x q(A|A).

This implies a simulation-consistent estimator

LS (A AD Y, ), Mi)g(AJAD)
LS (A, Al (Y}, M)

PA[{Y,}, M) = (B.6)
To estimate the numerator in Equation (B.6), we directly take model estimation MCMC
sampling outputs {AM}, r = 1,--- | R, where R denotes the length of MCMC. To estimate
the denominator, we run additional J MCMC simulation to generate 59 ) from the reduced
conditional density P(&;|A, {Y,}, M) given the fixed value A and AY) from g(A|A). In practice,
we set J = R = 50, 000.



Calculating P(BM, {Y,}, M) and (63|f\, A, {Y,},M;) The second and third terms in Equa-
tion (B.5) are the reduced conditional densities. Since we know their full conditional density

functions, we can estimate them by averaging the full conditional densities as follows,

J
PBIA 1Y), ) = = 37 PORIA, 1Yy}, 1,02, {9)), (B.7)
j=1
S 1< - A
P(a-52|A7 ﬁa {}/t(]}a Ml) = j Z P(5-2|A7 67 {}/;]}7 M17 {Té])})7 (B8)
j=1

where {029 {7} )}}‘j]:1 in Equation (B.7) are J draws that are obtained from a reduced Gibbs
MCMC run in which A is fixed at A and the sampling is over {B,02,{7,}}, a procedure that

requires no new programming. Similarly, {{r’ )}}3-]:1 are J draws from the reduced Gibbs
MCMC run in which A and  are fixed at A and B, respectively.

Calculating P({7,}|A, 3,62, {Y,}, M;) The last term in Equation (B.5), P({7,}|A, 3,62, {Y,}, My),
is a full conditional density, which is known.

We apply the above procedure to calculate the log marginal likelihoods of the altruistic
social interactions model (M;) and conventional social interactions model (M;). Based on the
estimation results for GPA in Table 3 of the paper, the log marginal likelihoods of Model M;

(in Column (IV) of Table 3) and Model M, (in Column (I) of Table 3) are -3302.3 and -3311.4,

respectively. Therefore, the corresponding Bayes factor between the two models is % =

% = 8955.3. According to Kass and Raftery (1995), if M, is a nested model of M,
then a Byes factor greater than 3 provides sufficient evidence that M; is preferred to Ms.
Therefore, the altruistic social interactions model (M;) performs better than the conventional
social interactions model (M) according to Bayes factor. For the case of smoking, based on
the estimation results in Table 4 of the paper, the log marginal likelihoods of model M; and M,
are -10739.2 and -10750.6, respectively. The corresponding Bayes factor % = 89321.7
also confirms that the altruistic social interactions model fits the data better for the smoking

outcome.



C Additional Results

Table C1: Monte Carlo Simulation Result — Heterogeneous Altruistic Social In-

teractions model with Endogenous networks

Model (I) Model (II) Model (III) Model (IV)
Parameters True Bias S.d. Bias S.d. Bias S.d. Bias S.d.
A 0.0500  0.0060 0.0055 -0.0197 0.0130 0.0134 0.0069 0.0640 0.0076
p 0.5000  0.0249 0.1495 0.1219 0.0977 - - - -
n -0.3000 0.0108  0.0558 - - - - - -
b1 0.5000 0.0034 0.0165 0.0025 0.0160 0.0024 0.0174 0.0014 0.0172
Ba 0.2000 -0.0036 0.0130 0.0072 0.0137 -0.0073 0.0121 -0.0348 0.0140
01 0.5000  0.1133  0.0229 0.0433 0.0284 0.0698 0.0232 - -
02 0.2000 -0.1239 0.0164 -0.0543 0.0265 -0.1116 0.0131 - -
03 0.5000 -0.0634 0.1449 0.3289 0.4159 - - - -
0 0.2000 0.0694 0.0693 0.0332 0.0871 - - - -
Yo -2.2000 0.0112 0.0323 0.0251 0.0327 0.0869 0.0224 - -
9! 0.3000  -0.0053 0.0206 -0.0030 0.0204 -0.0060 0.0226 - -
Y2 0.3000  0.0169 0.0458 0.0956  0.0635 - - - -
¥3 0.3000  0.0036 0.0453 -0.1634 0.1151 - - - -
¢ -1.0000 -0.0110 0.0422 -0.0393 0.0443 -0.0885 0.0327 - -
o2 1.0000 -0.0380 0.0308 -0.1942 0.1125 0.1172 0.0250 0.5315 0.0308

Note: Model (I): Heterogeneous altruistic social interactions model, i.e., Equation (16) and Equa-
tion (19). Model (II): Heterogeneous altruistic social interactions model WITHOUT direct externality

effect, i.e., Equation (16) and Equation (19) without n . Model (III): conventional social interactions

model with endogenous networks. Model (IV): conventional social interactions model, i.e., Equation (3).

We conduct a Monte Carlo simulation study with 100 repetitions. For each repetition, the point esti-
mate is obtained from 20,000 MCMC draws with the first 2,000 draws dropped for the burn-in. The

values shown for each parameter are the mean bias and the standard deviation from the point estimates

across repetitions.



Table C2: Descriptive Statistics from The Original
High School Sample

Variables Min. Max. Mean S.D.

GPA 1 4 2.8041 0.7900
Smoking 0 30 4.5210 9.9416
Male 0 1 0.4839 0.4997

Age 11 19 15.7672 1.2300
White 0 1 0.5860 0.4925
Black 0 1 0.1638 0.3701
Asian 0 1 0.0694 0.2541
Hispanic 0 1 0.1323 0.3388
Other race 0 1 0.0484 0.2146
Both parents 0 1 0.7450 0.4358
Less HS 0 1 0.0965 0.2953
HS 0 1 0.3067 0.4611
More HS 0 1 0.4455 0.4970
Edu missing 0 1 0.0814 0.2734
Professional 0 1 0.2782 0.4481
Other job 0 1 0.3664 0.4818
Welfare 0 1 0.0073 0.0853
Job missing 0 1 0.0724 0.2592
Homemaker 0 1 0.2057 0.4042
Group size 15 1829 563.4205  429.7314
Out-degree 0 10 3.4026 2.7885
In-degree 0 28 3.4026 3.2681
Network density 0.0000 0.2353 0.0187 0.0350
Number of groups (schools) 88

Observations 49,590

Note: Both parents means living with both parents. Less HS means stu-
dent’s mother has a lower than high-school degree. More HS means stu-
dent’s mother has a higher than high-school degree. The variables in italic

are the reference categories in our estimation.



Table C3: Estimation Results for GPA: Altruistic Social Interactions Model with Endogenous

Friendship Formation

D1 D2 D3 D4
A 0.0449*** 0.0432*** 0.0371*** 0.0381***
(0.0066) (0.0069) (0.0064) (0.0082)
M 0.0299*** 0.0289*** 0.0251*** 0.0270***
(0.0067) (0.0065) (0.0061) (0.0075)
7t -0.0696*** -0.0671*** -0.0557*** -0.0615***
(0.0207) (0.0206) (0.0190) (0.0232)
Own Contextual Own Contextual Own Contextual Own Contextual
Male —0.1106*** 0.0023 —0.1090*** 0.0039 —0.1073*** 0.0026 —0.1182*** 0.0066
(0.0275) (0.0166) (0.0273) (0.0167) (0.0273) (0.0162) (0.0274) (0.0167)
Age —0.0169 —0.0090*** —0.0200** —0.0089*** —0.0205* —0.0079*** —0.0185* —0.0088
(0.0117) (0.0017) (0.0112) (0.0017) (0.0121) (0.0017) (0.0117) (0.0019)
Black —0.0277 0.0046 —0.0397 0.0027 —0.0498 0.0051 —0.0163 —0.0005
(0.0514) (0.0141) (0.0518) (0.0146) (0.0519) (0.0146) (0.0537) (0.0152)
Asian 0.1422 0.0374 0.1355 0.0408 0.1245 0.0416 0.1379 0.0437
(0.0960) (0.0432) (0.0948) (0.0436) (0.0946) (0.0424) (0.0934) (0.0433)
Hispanic —0.0466 0.0083 —0.0473 0.0100 —0.0436 0.0176 —0.0392 0.0150
(0.0577) (0.0281) (0.0579) (0.0284) (0.0574) (0.0285) (0.0576) (0.0280)
Other Race —0.0319 —0.0011 —0.0340 —0.0100 —0.0266 —0.0004 —0.0218 0.0037
(0.0581) (0.0329) (0.0584) (0.0338) (0.0573) (0.0329) (0.0574) (0.0330)
Both parents  0.0900*** 0.0354** 0.0870*** 0.0349** 0.0843*** 0.0370** 0.0849*** 0.0308*
(0.0305) (0.0168) (0.0301) (0.0175) (0.0304) (0.0167) (0.0307) (0.0168)
Less HS —0.0950**  —0.0649*** —0.0913** —0.0581** —0.0926** —0.0613*** —0.0914** —0.0581**
(0.0425) (0.0244) (0.0444) (0.0248) (0.0431) (0.0243) (0.0431) (0.0247)
More HS 0.1435*** 0.0014 0.1483*** 0.0115 0.1486*** 0.0158 0.1457*** 0.0082
(0.0311) (0.0149) (0.0316) (0.0155) (0.0314) (0.0153) (0.0311) (0.0150)
Edu missing 0.0216 —0.0278 0.0258 —0.0256 0.0153 —0.0309 0.0243 —0.0216
(0.0531) (0.0324) (0.0530) (0.0318) (0.0526) (0.0317) (0.0535) (0.0321)
Welfare —0.0503 —0.1146 —0.0701 —0.1362 —0.0391 —0.0913 —0.0567 —0.0883
(0.1229) (0.0927) (0.1232) (0.0931) (0.1227) (0.0929) (0.1221) (0.0944)
Job missing —0.0984* —0.0083 —0.0957* —0.0112 —0.0997* —0.0108 —0.0994 —0.0142
(0.0526) (0.0306) (0.0525) (0.0304) (0.0523) (0.0299) (0.0513) (0.0298)
Professional 0.0313 —0.0271 0.0315 —0.0259 0.0319 —0.0245 0.0379 —0.0259
(0.0364) (0.0184) (0.0365) (0.0184) (0.0359) (0.0184) (0.0364) (0.0187)
Other job —0.0156 0.0120 —0.0148 0.0146 —0.0190 0.0101 —0.0179 0.0076
(0.0323) (0.0168) (0.0325) (0.0170) (0.0316) (0.0168) (0.0324) (0.0172)
Z1 0.0084 —0.0058 —0.0531 0.0032 —0.0312 —0.0021 0.0261 —0.0080
(0.0176) (0.0056) (0.0203) (0.0052) (0.0303) (0.0055) (0.0194) (0.0047)
Za 0.0415*** —0.0116** 0.0904*** —0.0115** 0.0537**  —0.0083
(0.0198) (0.0055) (0.0297) (0.0058) (0.0270) (0.0058)
Z3 —0.0742*** —0.0087 0.1238*** —0.0203***
(0.0280) (0.0064) (0.0203) (0.0054)
Zy 0.0667* 0.0005
(0.0362) (0.0075)
Network
Age 0.9413*** 0.7867*** 0.6834*** 0.7205***
(0.0235) (0.0283) (0.0307) (0.0336)
Sex 0.3392*** 0.3379*** 0.3324*** 0.3188***
(0.0218) (0.0238) (0.0265) (0.0288)
Race 0.5760*** 0.4005*** 0.4700*** 0.5273***
(0.0303) (0.0361) (0.0390) (0.0432)
|zi1 — zj1| -3.6327*** -3.1488*** -2.7547*** -2.6008***
(0.0817) (0.0652) (0.0649) (0.0436)
|zi2 — zj2| -2.8433*** -2.6319*** -2.5583***
(0.0649) (0.0443) (0.0408)
|zi3 — zj3| -2.5459%** -2.5013***
(0.0549) (0.0481)
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Table — Continued

|zia — zj4| -1.9911%***
(0.0591)

0'12) 0.4522%** 0.4497*** 0.4389*** 0.4361***
(0.0119) (0.0118) (0.0127) (0.0120)
AICM 88,734 83,398 81,522 81,739

Note: D;, i = 1,2,3,4 refers to the dimensions of the latent variables Z used in the network formation and outcome
equations. The parameter estimates reported in this table are the posterior means and posterior standard deviations (in
parentheses) computed on basis of 50,000 MCMC draws. We draw the first 5,000 draws for the burn-in. The asterisks
*x (**,*) indicates that its 99% (95%, 90%) highest posterior density range does not cover zero.
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Table C4: Estimation Results for smoking: Altruistic Social Interactions Model with Endoge-

nous Friendship Formation

D1 D2 D3 D4
A 0.0599*** 0.0574*** 0.0574*** 0.0569***
(0.0102) (0.0089) (0.0093) (0.0098)
M 0.0359*** 0.0382*** 0.0366*** 0.0340***
(0.0100) (0.0087) (0.0090) (0.0094)
7t -0.2017*** -0.1904*** -0.1767*** -0.1764***
(0.0728) (0.0668) (0.0692) (0.0682)
Own Contextual Own Contextual Own Contextual Own Contextual
Male —0.4138 —0.1841 —0.4419 —0.1947 —0.3846 —0.2347 —0.3425 —0.2013
(0.3628) (0.2157) (0.3546) (0.2151) (0.3543) (0.2133) (0.3540) (0.2129)
Age 0.8307*** —0.0498*** 0.8626*** —0.0449** 0.8088*** —0.0420** 0.8482***  —0.0490***
(0.1249) (0.0165) (0.1359) (0.0170) (0.1365) (0.0165) (0.1326) (0.0163)
Black —3.8043*** 0.1848 —3.2300*** 0.1349 —3.1854*** 0.0142 —3.5953*** 0.0141
(0.6808) (0.1900) (0.6881) (0.1949) (0.6840) (0.1980) (0.6936) (0.1933)
Asian 0.0359 —0.5421 0.2510 —0.4653 0.3822 —0.7343 0.0757 —0.5413
(1.2321) (0.5732) (1.2403) (0.5523) (1.2190) (0.5811) (1.2300) (0.5644)
Hispanic —1.8004** 0.5954 —1.7115** 0.3352 —1.6029** 0.3883 —1.8562** 0.4037
(0.7608) (0.3656) (0.7436) (0.3720) (0.7622) (0.3731) (0.7477) (0.3646)
Other Race 0.5850 0.3255 0.7055 0.4043 0.6806 0.2382 0.6549 0.1979
(0.7646) (0.4366) (0.7537) (0.4313) (0.7494) (0.4367) (0.7471) (0.4377)
Both parents —1.7755*** —0.2857 —1.7532***  —0.2406 —1.7092*** —0.2957 —1.7427*** —0.4110*
(0.4089) (0.2243) (0.3982) (0.2237) (0.3977) (0.2245) (0.3989) (0.2227)
Less HS 0.4994 0.2857 0.4632 0.2650 0.4986 0.2462 0.4222 0.3061
(0.5794) (0.3178) (0.5696) (0.3265) (0.5697) (0.3254) (0.5736) (0.3164)
More HS —0.2177 0.3328* —0.3001 0.1991 —0.2029 0.1879 —0.1949 0.3297
(0.4138) (0.1976) (0.4088) (0.1987) (0.4084) (0.2020) (0.4089) (0.2071)
Edu missing 0.1214 0.7360* —0.0243 0.5811 0.0759 0.6576 —0.0569 0.8614**
(0.6964) (0.4261) (0.6985) (0.4223) (0.7033) (0.4161) (0.6841) (0.4293)
Welfare 2.0805 0.1576 1.9187 0.0146 2.0555 0.0777 1.6971 —0.0135
(1.6329) (1.2353) (1.5921) (1.2121) (1.5936) (1.2061) (1.5979) (1.1813)
Job missing 0.6286 0.6159 0.7265 0.6256 0.7284 0.7239* 0.7010 0.7161*
(0.6898) (0.4025) (0.6883) (0.4015) (0.6836) (0.3985) (0.6775) (0.3858)
Professional 0.5808 0.1414 0.5276 0.1570 0.6019 0.2308 0.5500 0.2352
(0.4778) (0.2369) (0.4764) (0.2377) (0.4705) (0.2389) (0.4741) (0.2376)
Other job 0.6403 0.0855 0.5905 0.0717 0.6323 0.1758 0.6401 0.2435
(0.4244) (0.2171) (0.4163) (0.2253) (0.4204) (0.2221) (0.4086) (0.2167)
Z1 —0.6053*** 0.0962 —1.4469*** 0.1804*** —0.0828 0.0825 —2.4976*** 0.2811***
(0.2237) (0.0671) (0.2822) (0.0709) (0.3098) (0.0744) (0.2751) (0.0670)
Za 0.7453***  —0.2760*** 0.2004 0.0581 —1.0381*** 0.2609***
(0.2643) (0.0717) (0.4410) (0.0923) (0.2640) (0.0689)
Z3 —1.7947*** 0.3508*** 1.0764*** —0.1589**
(0.4237) (0.0812) (0.3155) (0.0739))
Zy4 —0.4839 0.0699
(0.3422) (0.0827)
Network
Age 0.9150*** 0.7449*** 0.6967*** 0.7520***
(0.0240) (0.0286) (0.0291) (0.0364)
Sex 0.3338*** 0.3420*** 0.3326*** 0.3264***
(0.0220) (0.0239) (0.027) (0.0285)
Race 0.5484*** 0.4290*** 0.4653*** 0.5325***
(0.0309) (0.0340) (0.041) (0.0495)
|zi1 — zj1| -3.6916*** -3.3265*** -2.7531%** -2.5928***
(0.0737) (0.0820) (0.0603) (0.0534)
|zi2 — zj2| -2.7755%** -2.6681*** -2.5166***
(0.0723) (0.0544) (0.0581)
|zi3 — zj3| -2.4849*** -2.3229%**
(0.0605) (0.0454)

Continued on Next Page
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Table — Continued

|zia — 2zj4| -2.0793***
(0.0737)

o2 78.4844%** 76.7708*** 76.3781%** 73.1263***
(2.1137) (2.1259) (2.1719) (2.0931)
AICM 103,310 96,393 93,830 95,164

Note: D;, i = 1,2,3,4 refers to the dimensions of the latent variables Z used in the network formation and outcome
equations. The parameter estimates reported in this table are the posterior means and posterior standard deviations (in
parentheses) computed on basis of 50,000 MCMC draws. We draw the first 5,000 draws for the burn-in. The asterisks
*x (**,*) indicates that its 99% (95%, 90%) highest posterior density range does not cover zero.
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Table C5: Estimation Result: Directed Altruistic Social Interactions Models

Directed Altruistic Model

Directed Altruistic Model w/ externality

GPA Smoking GPA Smoking
A 0.0648*** 0.0765*** 0.0458*** 0.0564***
(0.0071) (0.0116) (0.0075) (0.0110)
Al 0.0087*** 0.0025 0.0273*** 0.0306™**
(0.0021) (0.0134) (0.0093) (0.0119)
AR -0.0044 0.0260* 0.0012 0.0148
(0.0046) (0.0144) (0.0118) (0.0138)
nt -0.0563** -0.3007***
(0.0287) (0.0945)
nt -0.0239 0.3792
(0.0388) (0.2085)
Own Contextual Own Contextual Own Contextual Own Contextual
Male —0.1172*** 0.0036 —0.3119 —0.2366 —0.1150*** 0.0033 —0.3416 —0.1902
(0.0278) (0.0166) (0.3563) (0.2175) (0.0270) (0.0163) (0.3586) (0.2179)
Age —0.0108 —0.0123*** 0.8603*** —0.0591*** —0.0146 —0.0089*** 0.8490*** —0.0562"*"
(0.0113) (0.0017) (0.1317) (0.0169) (0.0109) (0.0018) (0.1338) (0.0171)
Black —0.0351 0.0059 —3.8138%** 0.2154 —0.0305 0.0024 —3.7602*** 0.1825
(0.0523) (0.0143) (0.6701) (0.1860) (0.0525) (0.0142) (0.6794) (0.1879)
Asian 0.1347 0.0404 —0.0134 —0.5625 0.1409 0.0389 0.0077 —0.5319
(0.0936) (0.0432) (1.2483) (0.5684) (0.0930) (0.0431) (1.2416) (0.5638)
Hispanic —0.0487 0.0095 —1.7398%* 0.6309* —0.0452 0.0096 —1.7856** 0.5564
(0.0576) (0.0275) (0.7754) (0.3718) (0.0581) (0.0280) (0.7439) (0.3657)
Other race —0.0341 0.0020 0.6989 0.3409 —0.0341 —0.0015 0.6839 0.3454
(0.0583) (0.0331) (0.7740) (0.4323) (0.0566) (0.0330) (0.7525) (0.4382)
Both parents  0.0920"** 0.0343**  —1.8452*** —0.2218 0.0916™** 0.0366™*  —1.8053*** —0.2794
(0.0309) (0.0170) (0.4029) (0.2231) (0.0307) (0.0174) (0.3968) (0.2199)
Less HS —0.0964™*  —0.0647"** 0.5902 0.2203 —0.0937*"*  —0.0641*** 0.4603 0.2624
(0.0442) (0.0250) (0.5814) (0.3210) (0.0440) (0.0240) (0.5823) (0.3188)
More HS 0.1459***  —0.0012 —0.2242 0.3626 0.1443*** 0.0030 —0.2256 0.3496*
(0.0318) (0.0151) (0.4184) (0.2010) (0.0314) (0.0150) (0.4072) (0.1994)
Edu missing 0.0218 —0.0295 0.0684 0.7035 0.0209 —0.0250 —0.0118 0.7032
(0.0530) (0.0326) (0.7080) (0.4369) (0.0523) (0.0314) (0.6970) (0.4300)
Welfare —0.0522 —0.1244 2.1423 0.0432 —0.0518 —0.1143 2.1497 0.1281
(0.1247) (0.0942) (1.6259) (1.2217) (0.1236) (0.0931) (1.5948) (1.2103)
Job missing —0.1021" —0.0098 0.7210 0.6641* —0.1000™ —0.0085 0.6989 0.6676™
(0.0525) (0.0301) (0.7014) (0.3997) (0.0530) (0.0305) (0.6913) (0.3973)
Professional 0.0268 —0.0305 0.6203 0.0916 0.0320 —0.0265 0.5920 0.1370
(0.0373) (0.0185) (0.4811) (0.2431) (0.0366) (0.0185) (0.4818) (0.2404)
Other job —0.0189 0.0067 0.7144 0.0307 —0.0154 0.0123 0.6510 0.0717
(0.0322) (0.0170) (0.4282) (0.2190) (0.0327) (0.0166) (0.4238) (0.2164)
ag 0.4558*** 79.2971** 0.4525*** 78.5899* "
(0.0119) (2.1347) (0.0112) (2.1244)
Note: The parameter estimates reported in this table are the posterior means and posterior standard deviations (in

parentheses) computed on the basis of 50,000 MCMC draws. We draw the first 5,000 draws for the burn-in. The asterisks
FEE(F*) indicates that its 99% (95%, 90%) highest posterior density range does not cover zero.
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Table C6: Estimation Results: Heterogeneous Altruistic Social Interactions Model with En-

dogenous Friendship Formation

Activity GPA Smoking
D3 D4 D3 D4
A 0.0492*** 0.0470*** 0.0747*** 0.0739***
(0.0055) (0.0067) (0.0045) (0.0048)
p 0.6187*** 0.6369*** 0.4120* 0.3387
(0.2338) (0.2278) (0.2751) (0.2602)
n -0.1303*** -0.1085*** -0.4344** -0.4208**
(0.0221) (0.0253) (0.1842) (0.1704)
Own Contextual Own Contextual Own Contextual Own Contextual
Male —0.1209***  0.0101 —0.1186***  0.0072 —0.1871 —0.1917 —0.0634 —0.2615
(0.0271) (0.0165) (0.0266) (0.0162) (0.3551) (0.2112) (0.3448) (0.2126)
Age —0.0320*** —0.0097*** —0.0436*** —0.0084*** 0.7580*** —0.0576** 0.7099***  —0.0492***
(0.0118) (0.0015) (0.0136) (0.0017) (0.1319) (0.0167) (0.1359) (0.0166)
Black —0.0573 —0.0046 —0.0010 0.0060 —3.4775***  0.1567 —2.7953***  0.2163
(0.0534) (0.0146) (0.0524) (0.0144) (0.6741) (0.1833) (0.6843) (0.1834)
Asian 0.1030 —0.0008 0.0901 0.0051 —0.0532 —0.4186 0.0720 —0.5953
(0.0949) (0.0437) (0.0927) (0.0426) (1.1285) (0.5402) (1.1479) (0.5400)
Hispanic —0.0604 0.0133 —0.0265 0.0257 —1.8048** 0.5007 —1.5848** 0.4833
(0.0577) (0.0283) (0.0573) (0.0285) (0.7340) (0.3602) (0.7420) (0.3647)
Other Race  —0.0399 —0.0106 —0.0227 0.0039 0.4595 0.3171 0.6785 0.4301
(0.0586) (0.0329) (0.0567) (0.0330) (0.7206) (0.4204) (0.7158) (0.4147)
Both parents  0.0944***  0.0388** 0.0842***  0.0359** —1.8983*** —0.2393 —1.6849*** —0.2430
(0.0313) (0.0172) (0.0301) (0.0170) (0.4043) (0.2188) (0.3928) (0.2125)
Less HS —0.0960**  —0.0534** —0.0869**  —0.0459** 0.5740 0.1942 0.5574 0.2627
(0.0441) (0.0249) (0.0433) (0.0239) (0.5690) (0.3121) (0.5659) (0.3138)
More HS 0.1444***  0.0069 0.1352***  0.0151 —0.2244 0.3721* —0.1183 0.3604*
(0.0315) (0.0149) (0.0312) (0.0147) (0.4029) (0.1929) (0.3983) (0.1926)
Edu missing 0.0282 —0.0165 0.0215 —0.0178 0.0724 0.6275 0.0274 0.6038
(0.0525)  (0.0323)  (0.0522)  (0.0320)  (0.6706) (0.4084)  (0.6608)  (0.4017)
Welfare —0.0342 —0.1016 —0.0416 —0.0663 1.6425 0.0598 1.4548 0.3179
(0.1234)  (0.0933)  (0.1221)  (0.0940)  (1.4234) (1.1079)  (1.4249)  (1.1175)
Job missing —0.0886 0.0076 —0.0902* —0.0096 0.6909 0.7193* 0.7761 0.7044*
(0.0521) (0.0301) (0.0508) (0.0296) (0.6727) (0.3826) (0.6769) (0.3781)
Professional 0.0289 —0.0278 0.0303 —0.0377** 0.5876 0.1347 0.4279 0.0655
(0.0360)  (0.0187)  (0.0362)  (0.0183)  (0.4675) (0.2372)  (0.4569)  (0.2332)
Other job —0.0169 0.0116 —0.0180 0.0137 0.7338 0.0745 0.6219 0.0029
(0.0326) (0.0167) (0.0314) (0.0167) (0.4140) (0.2109) (0.4036) (0.2133)
Z1 —0.0987***  —0.0049 —0.1011***  0.0025 —2.5870***  0.4901*** —0.1807 0.0437
(0.0309) (0.0074) (0.0224) (0.0067) (0.3474) (0.0843) (0.3145) (0.0800)
Za —0.0119 —0.0110 0.1032*** —0.0067 1.0381*** —0.2121** 0.7371 —0.1575
(0.0245)  (0.0064)  (0.0244)  (0.0067)  (0.3493) (0.0937)  (0.4570)  (0.1116)
Z3 —0.0364 —0.0019 —0.0241 0.0001 0.1741 —0.0295 2.1789*** —0.2876**
(0.0260) (0.0068) (0.0257) (0.0070) (0.3662) (0.0888) (0.3529) (0.0931)
Z4 - — —0.1451***  —0.0097 — — —2.6794***  0.4092***
(0.0288) (0.0081) (0.3120) (0.0914)
A 0.0155 —0.0144 0.0571 0.0029 2.4091***  0.0691 2.1153** 0.1226
(0.0627)  (0.0188)  (0.0606)  (0.0187)  (0.9541) (0.2273)  (0.9555)  (0.2324)
Network
Age 0.6968*** 0.7495%** 0.6894*** 0.7423***
(0.0321) (0.0308) (0.0355) (0.0329)
Sex 0.3561*** 0.3616*** 0.3646*** 0.3549***
(0.0268) (0.0291) (0.0263) (0.0329)
Race 0.5344*** 0.5449*** 0.5011%** 0.5203***
(0.0471) (0.0479) (0.0463) (0.0576)
|zi1 — 21 -2.7467*** -2.6177*** -2.7889*** -2.6585%**
(0.0421) (0.0458) (0.0496) (0.0526)
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Table — Continued

|zi2 — zj2] -2.7122%%* -2.5284%** -2.7241%%* -2.5789%**
(0.0404) (0.0428) (0.0414) (0.0532)

|2i3 — 2j3] -2.6476%** -2.4735%** -2.6471% % -2.4929%**
(0.0446) (0.0446) (0.0494) (0.0545)

|2ia — 2j4] - -2.4260*** - -2.3343%%*
(0.0460) (0.0675)

aig 0.1412%** 0.1753** 0.1357%** 0.1341%*
(0.0424) (0.0494) (0.0447) (0.0532)

ajg 1.4109%** 1.4019%* 1.3834%* 1.4246%**
(0.0448) (0.0498) (0.0436) (0.0541)

o2 0.4446*** 0.4175%** 72.6769** 69.7159***
(0.0125) (0.0121) (2.2695) (2.2621)
AICM 80,505 83,335 89,472 93,697

Note: D;, i = 3,4 refers to the dimensions of the latent variables Z used in the network formation and outcome equations.
The parameter estimates reported in this table are the posterior means and posterior standard deviations (in parentheses)
computed on basis of 50,000 MCMC draws. We draw the first 5,000 draws for the burn-in. The asterisks ***(***)
indicates that its 99% (95%, 90%) highest posterior density range does not cover zero.

16



Frequency

Frequency

100 150 200 250 300

50

100 150 200 250

50

Conventional

Frequency
100 150 200 250 300

50

0.5

1 1 J
200 250 300
1 1 J

]

1
Frequency
150
1

Altruistic Comparison

T T T T T T 1 T T T T T T 1
0.5 1.0 15 2.0 25 3.0 3.5 0.5 1.0 15 2.0 25 3.0 3.5

Multiplier Multiplier

(a) Histogram of multiplier effects with regard to GPA

1.0 1.5 2.0 25 3.0 35
Multiplier
Conventional
o
&
o
5
& g
c —
()
=}
o
L 8
I S
3
o
T T T T 1
2 3 4 5 6
Multiplier

(b) Histogram

Altruistic Comparison
o
_ 8 -
o
_ 8
i g 8-
c —
Q
=]
o
_ L g ]
I S
- 8 -
_ a—n ° S
T T T T T 1 T T T T T 1
1 2 3 4 5 6 1 2 3 4 5 6
Multiplier Multiplier

of multiplier effects with regard to smoke

Figure C1: Histogram of Multipler Effects

17



Frequency

Frequency

400

300

200

100

100 150 200 250 300

50

Distribution

1.0

Difference
0.5

0.0

-0.5 0.0 0.5 1.0 1.5
Difference
(a) Difference
Distribution
o
o~
wn
—
7 [}
(8]
c ©°
i o -
(]
=
0O w
. o
B o
o
] .rl'd TmﬂTrﬂ}umM 0
o
T T T T T T 1 T
-0.5 0.0 0.5 1.0 1.5 2.0 25
Difference

(b) Difference

Figure C2: Difference of Multipler Effects

Difference by Outdegree

°

R et B

’....
’.....

o
4=

]
N
'
|
-

-emeeq

I......

T T T T T T T T
1 2 3 4 5 6 7

©

Outdegree

of multiplier effects with

Difference by Outdegree

Difference

1.0

0.5

0.0

Difference by Indegree

rTT T T T T T T T T T T T T T TTTT
0O 2 4 6 8 10 12 14 16 19

Indegree

regard to GPA

e
. . '
: ,
_ s .
¢ - T
L ll'
L o !
":iT‘.'
| : o
AP I AR
P
' Vo
I
P+ 00
' ,
R
v
EQQEEHH :
| |
-L"'-l--':':-:
o
L
T T T T T T T T 1
1 2 3 4 5 6 7 8 9 10

Outdegree

Difference

2.0

15

1.0

0.5

0.0

0.5

Difference by Indegree

rTT T T T T T T T T T T T T T TTTT
0 2 4 6 8 10 12 14 16 19

Indegree

of multiplier effects with regard to smoke

18




References

Casella, G. (1985). An introduction to empirical bayes data analysis. The American Statisti-
cian, 39(2):83-87.

Chib, S. (1995). Marginal likelihood from the gibbs output. Journal of the American Statistical
Association, 90(432):1313-1321.

Chib, S. and Jeliazkov, I. (2001). Marginal likelihood from the metropolis—hastings output.
Journal of the American Statistical Association, 96(453):270-281.

Kass, R. E. and Raftery, A. E. (1995). Bayes factors. Journal of the American Statistical
Association, 90(430):773-795.

19



	Conditional posterior distributions
	Bayesian Model Comparison by Bayes Factor
	Additional Results

