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A Online Appendix
A.1 Proof of Proposition 1
Consider a non-stationary AR(p) process with roots 1%,...,%%1, where p>2and 0 < ¢y,
We know that y;; can be expressed as:
(1-L)(1—c1L)...(1—cp1 L)y =€
:>E[(]_—ClL)...(l—Cp_QL)(].—Cp_lL)AyZ‘t] =0
= E[(l —ClL)(l —Cp,QL)Ayit] = E[CpflL(l —ClL)(l —Cp,QL)Ayit]

Since E[LAy;] =y;—1, we have:

(1:[(1 — ckL)> Ay

k=1

=F
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where g If ( ij (1 —ckL)) Ay;;—1 >0, then we have:
E[(l—ClL)...(l—Cp_QL)Ayit] ZO

since ¢,—1 >0 and (Hij (1— ckL)) Ayir_1.
If, on the other hand, ( ij (1— ckL)) Avy;;—1 <0, then we have:

El(1=ciL)...(1—cp—2L)Ayy] <0

since ¢,—1 >0 and ( ij (1 —ckL)) Ay;—1<0.Q.E.D.
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Figure A.1: Distributions of the length and amplitude of cycles for TopS0 and Top500 datasets.

A.2 Length and Amplitude Distributions of Cycles

The left panel of Figure [A.T]shows the distributions of cycle lengths and cycle amplitude for the
Top50 and Top500 datasets. Note that this is a CDF over cycles and not names; some names might
have more than one cycle, in which case their data is represented multiple times, and some others
might have no cycles in which case they are not represented in the graph. Please see Table 4 for data
on the fractions of names with different numbers of cycles. Two patterns emerge from these two
figures. First, the cycle length distributions are similar for the two datasets. Second, while the cycle
lengths span a large range, the median name enjoys a ~ 35-year cycle. The right panel shows the
magnitude distributions for the Top50 and Top500 datasets. Not surprisingly, the distribution for the
Top50 dataset first-order stochastically dominates that of the Top500 dataset. Note that 20% of all
names in Top50 have an amplitude of 0.005 or more, which implies that these names were chosen by

more than 10000 parents per year at the peak of their popularity.

A.3 Sensitivity Analysis to Varying 7 and M

No. of cycles 7=4,M =0.00005 | 7=5,M =0.00005 | 7=4,M =0.000075 | 7=4,M =0.0001
Female Male | Female Male | Female Male | Female Male

0 18.6 25.8 18.0 28.4 21.6 28.4 37.9 37.1

1 54.1 40.3 57.7 43.6 54.1 40.4 41.5 35.6

2 21.0 26.2 20.5 22.9 18.3 24.7 15.9 22.9

3 5.5 7.3 3.5 5.1 5.2 6.2 4.2 4.4

4 0.5 0.4 0.3 0 0.8 0.3 0.5 0

5 0.3 0 0 0 0 0 0 0

Total Percentage 100 100 100 100 100 100 100 100
No. of names 366 275 366 275 366 275 366 275

Table A.1: Percentage of cycles at different values of 7 and M in the Top100 dataset.

A.4 Derivation of Aggregate Model from an Individual Level Model

A.4.1 Basic Model

Let individual ¢’s probability of adopting name ¢ at time ¢ be:

p
Yqit = CONSL. +Z¢kyijtfk + P1Wqt + P2Cat + P3WgtYit—1 + PaCarVit—1 + P5T iy + P+ pr2i+Tige  (B-1)

k=1
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The interpretation of the variables is similar to that in §7.1.1. The probability that agent ¢ will
adopt name ¢ is a function of the past adoptions in her local neighborhood (state), her own wealth
and cultural capital (wy and c,), interaction effects between her wealth, cultural capital and past
adoptions by others, some endogenous factors that affect her affinity for name ¢ (x}jt which includes
total adoptions), some exogenous time-varying factors (I?t), time invariant name attributes (z;), and
an unobserved taste for name ¢ (7;q).

Summing Equation over all potential adopters in state j at time ¢, and then dividing the

resulting equation by the number of potential adopters, we have:

p
Yijt =const. +Zﬁﬁkyijtfk+p1wjt+p25jt+p3wjtyitfl + P4CqtYit—1 +P5I3t+P6I?t+p7Zi+7_'ijt (B-2)
k=1

Here, w;; and cj; are the mean wealth and cultural capital of state j at time ¢. 7;; is the mean
unobserved preference of potential adopters in state j, at time ¢, for name 7. This can be rewritten
as: Tijt =ij +€ije, 1.e., We can extract out the mean preferences of residents of state j for name ¢ and
write the rest as a mean zero error term that varies with time. With these transformations, Equation
can be rewritten as:

P
Yijt =const.+ Z@cyijtw +P1Wjt+ P2Cit+ P3WjtYit—1+ PaCqtYit—1 + P53+ PeTy+ pr2i +7i;+eifB-3)
k=1

This model is analogous to the aggregate model specified in §7.1.1, i.e., all the parameter estimates
from this aggregate model can be interpreted as individual level parameters with the right multipliers.

A.4.2 Expanded Model with within State Effects

We now expand the above model with within state effects. Let:
e yl_, =the number of high wealth parents who have adopted name 7 in state j at time ¢ —1.
° y%_l = the number of low wealth parents who have adopted name ¢ in state j at time £ — 1.
° y;-lﬁ_l = the number of high culture parents who have adopted name : in state j at time ¢t — 1.

° Z/ﬁtq = the number of low culture parents who have adopted name ¢ in state j at time ¢ — 1.
We now expand Equation (B-4)) so that individual ¢’s probability of adopting name 7 at time ¢ is
also affected by the number of high and low types that have adopted the name within state j:

p
Yqit =const. + Z%yijpk +P1Wqt + P2Cqt + P3WatYit—1 + P4CuYit—1 +P5$§t +,06$?t + 072
k=1

+ Pswqty?i?—l +p9wqty§§‘,§_1 +P100qty§lft_1 +0110qty§'§t—1 +Tigt (B-4)

Aggregating this over all potential adopters in state j, we have:

p
Yijt = ConSt'+Zgﬁkyijt*k—i_plu_)jt+p25jt+p3wjtyit71+P4eqyit—1+p5l’i1t+p6$?t+p72i
k=1

+ pSwjty?jltvfl +p9wjtyzl';lz}tfl +p105jty£tjctfl +p115jty§§t71 +Yij t€ijt (B-5)
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where T, =;; +€;;:, as before. Thus, the new error-term of the aggregate model can be written as:
— — S ~
€ijt = Pswjtyift”_l +,09wjtyi}”t_1 +p100jty¢jct_1 +,011Cjtyi§t_1 +€ijt (B-6)

First, note that much of the variation in these terms can be extracted out using lagged dependent vari-
ables (y;;:—15) and interaction effects of mean wealth/culture with state-level adoptions (10;:y;;:—1S).
For instance, we can rewrite the above equation as:

€ijt = PsWitYiji—1+ Wit (PoYhss_1 — psyiiy) +P10CYiji—1 +Cie(Proyiss_y — priyi_1) ez (B-T)
The terms pgw;;yi;:—1 and p1oC;yij¢—1 can, of course, be pulled out and used directly in the estimation

since they are observables. Thus, the residual error-term is:

!/

i = Witlpoyhs_1—Psyise_1) +Ciu(proYis,—1 — p11vis_1) +eije (B-8)

Second, some terms can again be decomposed and written as functions of past state-level adoptions,
aggregate wealth and cultural capitals, and their interactions. For example, 4% yﬁﬁfl can be written

ijt—1
as:
lw — =
Yiji—1 = ]:ht(yijt—la~-'yijt—p—l>yit—27xit—1awjt—l’cjt—laziv'yij) (B-9)
hw — =
Y1 = Fre(Yije—15--Yijt—p—1,Yit—2:Tit—1,W0j¢1,Cjt—1,%i,Vij) (B-10)

Thus, much of the remaining variation in yf}“t_l,yg?t”_l is captured through these lag variables and
name-state fixed effects. Third, since many of the instruments in the estimation are for the first-
differenced equation, the error-terms used in estimation are €;;, — €, ;. It is well-known that
first-differencing significantly assuages aggregation issues in models like this by differencing out
much of the variation in the error terms, making the first-differenced error terms to be independent of
endogenous explanatory variables. Please see Stoker|(1993)) for details.

Nevertheless, some remnant variation may still remain significant. If so, it will lead to serial
correlation in estimated errors (through correlations in adoptions among high and low types across
consecutive years). The main advantage of our estimator is that it allows us to test this empirically.

After estimating the model, and obtaining the parameters and error terms, we test for serial
correlation in error terms using the Arellano-Bond (2) test. If the test rejects the hypothesis of no serial
correlation, then it implies that the presence of within-state effects has invalidated our aggregated

social effects. That is, if we find that E'(€;;;-€;;:—1) #0, where:

EEGu-€ji1) = Elju(poyiss 1 — psyise)+Eie(proyise 1 —privis_1) +eije)
(Wi (poyiss 1 — Psylt )+ i1 (P10 — P11yl 1) Feije—1)]  (B-11)

then the estimates from the aggregated model are inconsistent. If instead E/(€;;;-€;5:—1) =0, then the
estimates of state-level social effects are consistent even if we do not have information on within state
or more local neighborhood-level effect.

Thus, the presence of local/within-state social effects does not invalidate aggregate-level social
effects if the Arellano-Bond (2) test is satisfied.
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Figure A.2: Popularity Curves of the Top Three Female and Male Baby Names in 2000.



Fraction of female babies

Fraction of female babies

Fraction of female babies

named Emma named Isabella

named Olivia

SO S S S S R
1880 1900 1920 1940 1960 1980 2000 2020
Year

o L
1880 1900 1920 1940 1960 1980 2000 2020

Year

. ;
1880 1900 1920 1940 1960 1980 2000 2020

0 a———

Year

Fraction of male babies Fraction of male babies

Fraction of male babies

named Jacob

named Ethan

named Michael

0.02

0.018
0.016
0.014
0.012

0.01
0.008
0.006
0.004
0.002

1880 1900 1920 1940 1960 1980 2000 2020

Year

0.012

0.01
0.008
0.006
0.004

0.002

L il A I

1880 1900 1920 1940 1960 1980 2000 2020

0.05

Year

0.04

0.03

0.02

0.01

0
1880

1900 1920 1940 1960 1980 2000 2020
Year

Figure A.3: Popularity Curves of the Top Three Female and Male Baby Names in 2000.
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