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ABSTRACT

Fertility has fallen sharply across the high-income world since 2007, with the OECD
median total fertility rate falling from 1.71 to 1.44. We propose that the digital
revolution lowered the relative cost of broad over deep social connections, eroding
the relational capital that enters partnership formation, divorce, and fertility jointly.
A calibrated dynamic household-production model reproduces the observed US
children-per-adult decline; a counterfactual freezing the relative phone price at its
2007 level accounts for 43 percent. Applied without re-calibration, the model matches
the median OECD country’s observed decline. Two terrain-ruggedness IV designs
identify the mechanism causally.

Keywords: fertility, partnership formation, digital technology, leisure, social capital,
household production, second demographic transition.

JEL Codes: J11,1J12,J13, 033, D13, Z13.

I. INTRODUCTION

Fertility has collapsed below replacement nearly everywhere in the high-income world,
with a sharp acceleration beginning around 2007. For the first time in human history, world
fertility is close to the replacement rate. The OECD median total fertility rate fell from

1.71 in 2007 to 1.44 in 2023 (Figure 1); pre-2007 fertility had been roughly stable for two
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decades. The acceleration appears across countries that differ widely in income, housing
costs, childcare access, female labor force participation, family policy, and religion. The
literature has documented this pattern carefully and identified a range of contributing
factors (Kearney, Levine, and Pardue, 2022; Doepke et al., 2023); we propose a new

mechanism that accounts for most of this decline.
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FIGURE 1. Total fertility rate, 1990-2023, all 38 OECD member countries. Light gray lines: each
country’s individual TFR trajectory. Gold shaded band: inter-quintile range across the 38 countries,
computed year-by-year. Gold-diamond line: cross-country median. Navy line: United States.
Vertical dotted line marks the June 2007 launch of the iPhone. Horizontal dotted line marks the
replacement rate of 2.1. The post-2007 acceleration is visible in the median (which had been stable
at ~ 1.7 and falls to 1.44 by 2023), in the contraction of the inter-quintile band, and in the US
trajectory (at replacement through 2007, then steep decline). Source: World Bank World
Development Indicators, series SPDYN.TFRT.IN (World Bank, 2024).

The mechanism we propose is that the digital revolution has fundamentally reshaped
how humans interact with one another, favoring broad and shallow connections at the
expense of the deeper ones that require sustained in-person investment. Households
allocate time between two kinds of social activity: broad, shallow connections that digital
technology makes nearly free, and deep, durable connections that require sustained in-
person investment. The second kind of connection is the input to partnership formation,
marital stability, and chosen fertility. As digital technology reallocates household time
from the second to the first, deep relationships erode, partnerships form less often, the

partnerships that do form are weaker, and conditional fertility falls. The same mechanism



delivers the joint pattern observed in the data — collapsing in-person socializing, rising
digital leisure, falling marriage rates, age-differential divorce dynamics, and the post-2007
fertility break.

We formalize this through a dynamic household-production model in which a single
depth stock enters partnership formation, divorce, and fertility jointly. The model is
calibrated to US time-use and fertility data over 2007-2024 with five parameters identified
by six time-series moments. The fit accounts for essentially all of the observed kids-per-
adult decline. A counterfactual that holds the relative price of phones at its 2007 level
produces 43 percent of the actual decline — large enough that the digital channel is a
first-order driver of the post-2007 break, but small enough that other channels carry the
remainder. The same calibration applied country-by-country, with country-specific wage
and price paths, matches the median OECD country’s observed total fertility rate decline
to within one percentage point.

The mechanism is identified causally within this paper at two age windows. At the
youngest end (Section VI), a terrain-ruggedness IV on county-level broadband and 4G LTE
rollout shows that 10 additional percentage points of long-run digital infrastructure caused
a 9.8 percentage point larger decline in 15-19 birth rates over 2003-2018 (first-stage
F = 82), with a parallel 18.9 percentage point effect for broadband (F = 73). At the
partnership-formation margin (Section VII), a cohort-Bartik design that interacts terrain
ruggedness with cohort-level 4G LTE exposure during the 18-25 window yields a 0.34
reduction in the cohort female ever-married rate at full LTE saturation across the 1985—
1995 smartphone-era cohorts (3,129 US counties; first-stage F' = 122); the effect is robust
to opioid, geographic, and cohort-interacted pre-period-education controls. Just as the
first demographic transition was a quantity-to-quality reallocation on children, induced
by industrialization that lowered the relative price of child quality (Galor and Weil, 2000;
Doepke et al., 2023), the second demographic transition is a quality-to-quantity reallocation

on connections, induced by digitalization that lowered the relative price of breadth.



I.A The evidence we are after

Seven empirical regularities motivate the model and constitute the targets of our
calibration. In order: (i) a global, simultaneous post-2007 acceleration in the fertility
decline; (ii) reallocation of time toward digital leisure and away from in-person socializing;
(ii1) declining partnership formation and rising solo-living rates among young adults;
(iv) deterioration in the depth of partnerships that do form, visible in confidant counts,
loneliness indices, and self-reported relationship-quality measures; (v) a digital substitution
path for couple formation that displaced friends and family networks; (vi) compositional
selection in divorce dynamics; and (vii) a cross-country mapping from digital-saturation
timing to fertility-decline timing. The first six constitute the targets of our calibration; the
seventh provides the cross-country identifying variation we exploit in Section V.G.

Fact 1: Global, simultaneous post-2007 acceleration. Period total fertility rates
show a discrete break around 2007-2010 in nearly every high-income country, not a
continuation of pre-existing trends. Pre-2007 fertility had been roughly stable across the
panel for two decades. Post-2010 fertility falls monotonically in almost every country,
with the steepest declines concentrated where digital saturation rose fastest (Kearney and
Levine, 2025); convergence below replacement is occurring across countries that differ
in essentially every conventional explanatory dimension (Kearney, Levine, and Pardue,
2022). Table 1 summarizes the cross-OECD distribution: the median country’s TFR fell
from 1.71 in 2007 to 1.44 in 2023; the median country-level decline (across the 38 OECD
members) was —18.7 percent, and the count below replacement rose from 32 of 38 OECD
members to 37 of 38.

Figure 2 shows the full panel of 217 countries from 1970 onwards (Panel A) and
annualized growth rates (Panel B). High-income countries experienced a fertility recovery
between roughly 2002 and 2010 — the only sustained period of positive fertility growth in
the post-1970 high-income panel — that reversed sharply after 2010, with the high-income
growth rate falling to approximately —2 percent per year by 2020. The pre-2007 trajectory
was not a deepening continuation of the demographic transition; it was a tentative recovery

that reversed at exactly the timing of mass smartphone adoption.



TABLE 1. Total fertility rate across the 38 OECD member countries, 2007 vs. 2023. Median
country crossed from 1.71 to 1.44 over the window; 37 of 38 OECD members were below the 2.1
replacement rate by 2023, up from 32 of 38 in 2007. Range across the panel in 2023 runs from
South Korea at 0.72 to Israel at 2.85.

TFR 2007 TFR 2023 Median % change’

OECD median (across 38) 1.71 1.44 —18.7%
OECD 20th percentile 1.37 1.25 —25.7%
OECD 80th percentile 2.00 1.55 —6.0%
United States 2.12 1.62 —23.8%
OECD weighted average (population-weighted) 1.73 1.49 —13.9%

Sources: World Bank World Development Indicators (SP.DYN.TFRT.IN) for country-level TFR; OECD
Family Database SF2.1 (OECD, 2024) for OECD weighted average. Percentile rows in columns 1-2 are
computed across the unweighted distribution of 38 OECD member-country TFR values year-by-year. "The
percent-change column reports the relevant percentile of the distribution of country-level percent changes
between 2007 and 2023, which is a different statistic from the change implied by the percentile levels in
columns 1-2.

Fact 2: Time use shifted from in-person socializing to digital leisure, with
family-formation cohorts hit hardest. ATUS activity-summary microdata 2003-2024
(n=252,808 respondent-days, ATUS final weights) show that among all adults aged 15+,
in-person socializing (ATUS code 120101) fell from 40.6 to 31.8 minutes per day (—22
percent), and games plus computer-based leisure (codes 120307, 120308) rose from 17.6 to
34.0 minutes per day (493 percent). Figure 3 stratifies the series by age. Among the 15-24
cohort the in-person socializing decline is steepest — from approximately 48 minutes per
day in 2003 to 23 minutes per day in 2024 — with digital leisure rising commensurately.
These cohorts are the partnership-formation cohorts the model puts at the center of the
mechanism; for adolescents specifically, in-person socializing roughly halved while digital
leisure roughly tripled (Section VL.A).

Fact 3: Partnership formation collapsed and solo-living rose. US 18-29 marriage
rates have fallen approximately 45 percent since 2007 (Westrick-Payne, 2025). Cohabi-
tation rates among 18-29 women rose substantially before 2007 and have been roughly
flat since, so the marriage decline is not offset by rising cohabitation. Solo-living among

25-34 year olds has risen sharply in every OECD country we examined. ATUS time-use
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FIGURE 2. Total fertility rate, 1970-2023, distribution across 217 countries. Panel A: levels. Light
shaded area: 10th-90th percentile range across countries; darker shaded area: inter-quartile range;
thin dark line: cross-country median. Horizontal dotted line: replacement rate of 2.1. Panel B:
centered five-year annualized log change in TFR, percent per year. In both panels, colored lines
show World Bank income-group aggregates (population-weighted) and the vertical dotted line
marks the 2007 iPhone launch. Source: World Bank World Development Indicators, series
SP.DYN.TFRT.IN; authors’ calculations for Panel B.

evidence (Figure 4) shows partnership status interacting with the child-having decision:
the share of childless 18-29 women rose from approximately 50 percent in 2003 to over 65
percent by 2024; conditional on having children, the children-per-mother count is roughly
stable. The fertility decline is operating on the partnership-and-becoming-a-mother margin,
not the conditional-children-per-mother margin.

Fact 4: Where partnerships form, they are weaker. General Social Survey data
show the average number of confidants with whom Americans discuss important matters
fell from approximately three in 1985 to two in 2004, with the share reporting zero
confidants more than doubling (McPherson, Smith-Lovin, and Brashears, 2006). The
Cigna Loneliness Index has reported persistent rises in reported loneliness across the post-
2010 period despite expanding nominal connectedness through social platforms (Cigna,
2020). Meanwhile the number of digital “connections” — followers, friends, contacts —
has grown by orders of magnitude. Rising breadth, falling depth: the empirical signature
of the connection quantity-quality reallocation we model.

Fact S: Digital substitution path for couple formation. Among US heterosexual

couples first meeting in 1994-1998, 3.9 percent met online; by 2017 the share had reached



US time use by age cohort, 2003-2024 (weighted ATUS microdata)
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FIGURE 3. US time use by age cohort, 2003-2024, computed directly from the American Time
Use Survey activity-summary microdata (atussum 0324, BLS) using ATUS final weights
TUFNWGTP. Left panel: average minutes per day in in-person socializing (ATUS code 120101).
Right panel: average minutes per day in games and computer-based leisure (ATUS codes 120307
and 120308). Three series shown: all adults aged 15+, the 25-34 family-formation cohort, and the
15-24 cohort entering adulthood. The vertical dotted line marks the 2007 iPhone launch. Among
the 15-24 cohort, in-person socializing fell from 53 to 35 minutes per day (—34 percent) while
games and computer leisure rose from 36 to 67 minutes per day (486 percent). Among the 25-34
cohort, games and computer leisure rose from 16 to 50 minutes per day — a tripling over the
period. Source: authors’ weighted calculations from BLS American Time Use Survey
activity-summary file, 2003—2024 pooled (n=252,808 respondent-days).

39 percent, surpassing meeting through friends around 2013 (Rosenfeld, Thomas, and
Hausen, 2019; Rosenfeld and Hausen, 2024). The Knot (2024) report 27 percent of US
2024 newlyweds met on a dating app specifically, with broader online channels accounting
for an estimated 60 percent. Figure 5 shows the long historical sweep. The displacement
of friend/family matching by digital channels — precisely the locations where depth-
stock investment has historically anchored partnership formation — is consistent with the
depth-stock erosion mechanism we model.

Fact 6: Compositional selection in divorce. Divorce rates among couples married
after 2007 are lower than for earlier cohorts despite continued exposure to the same
digital environment. This is consistent with the depth-investment mechanism: post-2007
cohorts who do form partnerships have higher depth stocks than the average pre-2007

partnership (the threshold for partnership entry rose, conditional on entry depth is higher),



Relationship status and children in household, US adults age 25-44, 2003-2024
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FIGURE 4. Relationship status and household children, US adults age 25-44, 2003-2024,
weighted ATUS microdata. Left panel: share of the prime-childbearing-age population in each
relationship category. Right panel: mean number of household children under 18 per adult,
conditional on relationship status. The vertical dotted line marks the 2007 iPhone launch.

so post-entry divorce probability fell. Annual divorce rate per 1,000 married women aged
15+ fell from 18 in 2007 to 14 in 2022 (Allred, 2025a). The compositional-selection
prediction distinguishes our depth-stock framework from leisure-bargaining alternatives,
which predict rising divorce as digital leisure becomes cheaper.

Fact 7: Cross-country digital saturation timing maps onto fertility decline timing.
The first iPhone launched in June 2007. Smartphone penetration crossed 50 percent of
the population at different dates across the panel: roughly 2012 in the United States and
South Korea, 2013-2014 in Japan and Western Europe, and later in Southern Europe
(Newzoo, 2021; Statista, 2024). By 2023, smartphone penetration had reached 86 percent
in North America, 82 percent in Western Europe, and 98 percent of South Korean adults
(Statista, 2024). The cross-country timing of this saturation correlates strongly with the
cross-country timing of the post-2007 fertility break: countries with earlier and faster
smartphone saturation experienced earlier and steeper fertility declines, conditional on
standard controls. This cross-country timing variation, together with the within-country
cohort variation in age at smartphone saturation, provides our main source of identifying

variation in Section IV.



How US heterosexual couples met their partners, 1940-2017
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FIGURE 5. Share of US heterosexual couples who first met their partner via each channel, by year
of meeting, 1940-2017. Source: Authors’ reconstruction from Rosenfeld, Thomas, and Hausen
(2019) Figure 1, Stanford HCMST 2017 (n=2,462), LOWESS-smoothed.

These seven facts cannot be jointly explained by any standard fertility framework.
They can be jointly explained by a single mechanism: digital technology shifting the
relative price and relative utility of broad-shallow versus deep connection production,
with downstream consequences for partnership formation and fertility through household

production.

I.B The main forces we capture

The model formalizes four forces, formalized through the value-function setup in
Section III.C. Time reallocation: digital leisure raises the marginal value of outside-
option time under gross complements, reallocating time away from depth-producing
activities without preference shifts (Aguiar et al., 2021; Kearney and Levine, 2025).
Asymmetric digital substitution: the digital good enters the time-share input but not
the depth stock — it substitutes for ambient companionship and stimulation but not for

practical cooperation, embodied attachment, risk-sharing, or the reproductive option.?

2A richer specification with an additional shallow-tie input alongside depth would deliver the same
equilibrium under the same calibration.



A depth stock that depreciates: relationship depth is a stock produced by ongoing time
investment, the binding input to partnership formation and conditional fertility, eroding
endogenously when investment reallocates away. A discrete partnership entry decision: at
the calibrated heterogeneity this margin does not bind, so the depth-stock channel alone

delivers the aggregate magnitude (Section V.B).

I.C Roadmap

Section II situates the paper relative to the existing literatures on fertility, leisure
technology, marriage market frictions, and social capital. Section III presents the model.
Section IV describes the calibration. Section V presents the quantitative results and coun-
terfactuals, including the cross-country reproduction. Section VI adds within-country
reduced-form evidence on age-specific fertility. Section VII provides causal IV identifica-

tion on the partnership-formation margin. Section VIII concludes.

II. RELATED LITERATURE

The paper contributes to four literatures.

The fertility puzzle. Kearney, Levine, and Pardue (2022) document the post-2007
US decline and show no commonly invoked economic, policy, or social factor accounts
for it. Kearney and Levine (2025) extend the puzzle to six high-income countries and
conclude that period-price explanations cannot explain the widespread decline; we engage
this directly through a cohort channel in which the hedonic phone-price decline lowers
depth-stock accumulation for cohorts whose 18-25 window overlapped digital saturation,
with consequences years later. Doepke et al. (2023) survey the field and emphasize that
the Beckerian quantity-quality framework no longer fits recent data; we extend it by
applying the core logic to a new factor in household production. Mahler, Tertilt, and Yum
(2025) model fertility decline as driven by social-comparison-induced intensive parenting
calibrated to Facebook-network data; their mechanism raises the cost of children rather
than lowering the price of shallow connections.

Leisure technology. Aguiar et al. (2021) establish the leisure-luxury framework.
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Yanagimoto (2024) extends it to marriage and fertility with a leisure-bargaining model
calibrated to Japan, explaining 21 percent of the marriage decline and 73 percent of the
fertility decline. Yanagimoto’s bargaining framework and our depth-investment framework
make distinct cross-sectional predictions about partnered vs unpartnered leisure: bargaining
predicts partnered individuals consume less of all leisure types, while depth-investment
predicts partnered individuals consume less digital leisure but more in-person socializing.>

Marriage market frictions. Biliylikeren et al. (2026) use Tinder’s rollout to identify
causal effects on young adults; they find sharply increased sexual activity but no impact
on long-term partnership formation, with rising dating-outcome inequality among men.
This is consistent with the matching-margin mechanism in our model: digital matching
technology can ease search frictions without producing more partnerships, because the
partnerships that would form require depth investment that has been crowded out by digital
time use.

Digital communication, social capital, and well-being. A substantial psychology
literature documents the link between digital communication and social isolation (Twenge
et al., 2018, 2019; Haidt, 2024; Turkle, 2011; Primack et al., 2017), with debate over
magnitudes (Orben and Przybylski, 2019) but consistent direction. Section VI.A imports
causal evidence from our prior work using a terrain-ruggedness IV on county-level digital
infrastructure rollout, yielding a sharp decline in teen birth rates over 2003—-2018 operating
through reduced face-to-face socializing. The loneliness literature (Cacioppo and Patrick,
2008; Holt-Lunstad et al., 2010; Murthy, 2023) establishes that loneliness reflects perceived
deficits in the quality, not quantity, of social connections; the social-support literature

(House, 1981; Cohen and Wills, 1985; Kriamer, Sauer, and Ellison, 2021; Dunbar, 2018)

3Pooling ATUS 2003-2024 with respondents 15+ and non-missing partnership status (n = 244,026),
married respondents consume 33.16 fewer minutes/day of digital leisure than otherwise-comparable unpart-
nered respondents (cluster-robust SE 1.24, t = —26.7) and 1.87 more minutes/day of in-person socializing
(cluster-robust SE 0.65, t = 2.87), with the in-person coefficient growing monotonically across age brackets
from —1.6 at 15-24 to +3.6 at 45-54. The sign reversal between the two leisure types is the discrimi-
nating result: bargaining predicts negative coefficients on both, depth-investment uniquely predicts the
observed pattern. A complementary regression of completed-fertility-to-date on cohort broadband exposure
during the respondent’s 18-25 window, restricted to partnered respondents 2544 (n = 57,379), yields a
coefficient of —0.385 (r = —15.3), consistent with depth-stock erosion from broadband exposure during the
relationship-formation years. All specifications include age-bracket and year fixed effects.

11



documents that instrumental support is delivered almost exclusively by strong ties and
resists digital substitution. Putnam (2000) documents the secular decline in American
social capital; Greenwood et al. (2005) provides the closest spiritual ancestor at the

household-production level.

III. A MODEL OF CONNECTION AND FERTILITY

III.A Two Becker tradeoffs

Becker’s quantity-quality tradeoff for fertility (Becker, 1981) operates on children:
industrialization raised the return to child quality relative to quantity, producing the first
demographic transition. We argue a second tradeoff operates on the depth of social
connections: digitalization lowered the relative price of breadth (broad, shallow ties)
versus depth (close, durable ones), producing the second demographic transition we
document. The fertility consequences of the second tradeoff operate through depth’s
role as a complementary input in the household-production function for children: the
depth-to-birth function b(D) = 1 — e~P/¥ slides off its saturation plateau into a region
where birth probabilities respond strongly to depth. Table D.1 in Online Appendix D

summarizes the parallel structure of the two tradeoffs.

III.B Evidence the model must reproduce

The model must reproduce three joint movements that constrain mechanism design.
First, the partnership-formation rate among 18-29 year olds fell sharply post-2007 (Fact
3). Second, conditional fertility (children per ever-partnered woman) is roughly flat or
slightly rising; the fertility decline operates almost entirely on the extensive margin of
partnership formation, not the intensive margin within partnerships. Third, depth-stock
proxies (close-tie counts, in-person socializing minutes, instrumental-support availability)
fell over the same window (Fact 4). Any mechanism that does not jointly produce these
three patterns is inconsistent with the data. The depth-stock mechanism we propose

produces all three: fewer partnerships form because below-threshold agents now exceed
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the entry margin, conditional fertility is roughly preserved because the depth-to-birth
saturation curve operates on its plateau for agents who do form partnerships, and depth-
stock proxies decline because the household-production technology has shifted away from

the time inputs that build depth.

III.C The model

The economy reduces to a single fundamental tradeoff: agents allocate time between
depth-building investment in close relationships and everything else. Each period 7, an
agent splits a unit of time three ways: depth investment /,, market work ¢;, and outside-
option time x;:

h;+€;+xt:1. (1)

The outside option x; subsumes consumption, digital leisure, and the maintenance of
broad-shallow connections — non-market activities that compete with depth investment.
The breadth-versus-depth distinction central to the paper is preserved in the interpretation
of x (which includes broad-shallow connection maintenance) versus 4 (which produces
depth specifically). We do not model breadth as a separate stock because the predictions
of interest are unchanged by collapsing breadth into the outside-option bundle. Market
work /; is treated as exogenously fixed at / for each agent, set by labor-market institutions
outside the model; this keeps focus on the depth-vs-leisure margin while letting wages
enter through the household budget.

The depth stock — which we also refer to as relational capital — evolves as

Dy =(1—68)D;_1 +h, (2)

with depreciation 6 € (0,1). Depth is built only by direct time investment; nothing
else produces it. This is the asymmetric-substitution structure of the paper, in its most
parsimonious form: digital technology and other outside-option activities cannot substitute
as inputs into D.

Fertility is a stochastic outcome of relational capital. In each period, an agent with

13



depth D; has a per-period probability of producing a birth equal to
b(D;) =1—¢ P/¥, 3)

where k > 0 controls the curvature of the depth-to-birth mapping. The function b(D) is
increasing and saturating: low-depth agents have low birth probabilities, high-depth agents
approach saturation, and marginal returns to depth diminish as the relationship becomes
well-suited for child-rearing.

Per-period flow utility is
ui(cig,Digs i) = logeis + Yilogh(Djy), 4)

where c¢;; is the consumption-services flow household i enjoys during outside-option time,
and % > 0 is the household’s preference for fertility. Households are heterogeneous in the
preference parameter }; ~ Lognormal(iy, G%), drawn independently across households
with the distribution fixed across time. Preferences are stationary: the function in (4) does
not change over time.

What changes over time is the technology by which outside-option time is converted
into consumption services. Outside-option activity combines time x; with a market-
purchased durable bundle (phones, the digital platforms they unlock, and complementary
services) at hedonic-quality-adjusted price p;, financed by labor income w;Z from a fixed
labor allocation 7. The exogenous price-and-wage component of the quality bundle is
0= Wzg / Pt

Crucially, the consumption-services value of the digital bundle depends on the bundle’s
network of users, not only on its hedonic price. A phone is more valuable to its owner
when more peers are on the same platforms: more group chats, more posts to react to, more
content tuned to the user’s social and cultural niche, more friends to coordinate plans with.
We capture this with a network multiplier y(A¢) on the quality bundle, where A{ € [0, 1] is
the population-mean leisure share within the agent’s reference population ¢ — the share of

non-depth time the relevant peer group allocates to the digital outside option. The agent’s

14



effective quality bundle is then

+ Vmax
1+ exp(—k(A —A*))’

0 =0 V(A7), V(A) = (5

with Wmax > 0 the saturation value of the network amplification, A* € (0, 1) the inflection
point, and k > 0 the logistic steepness. The reference population c is country-specific:
language and cultural barriers mean that the relevant peer network for an Italian household
is largely composed of other Italians, and the network value of an Italian’s Instagram
session depends on Italian aggregate engagement, not on the global aggregate.*

We parameterize the household-production function for consumption services as
a CES aggregator of time and the network-amplified quality bundle, with elasticity of

substitution ¢ and quality share weight o:
¢ = [OCQt(G_I)/G + (1 _a)xt(o—l)/o} G/(O‘*l), 6)

with ¢ € (0,1) implying gross complements between time and quality. Gross complements
is the substantive assumption: phones make outside-option time more valuable, not less.
When the quality bundle becomes cheaper or the network larger, the marginal value of
additional outside-option time rises because each minute now combines with more quality.”

The marginal utility of x; is @ /x;, where the time share

(1—a)x® /e

. (7
00 % (1—a) VO

a)[:

is itself an endogenous function of Q; = Q, w(A¢) and equilibrium x;. Under gross com-

plements @ is increasing in Q;: cheaper quality or a larger network raises the time share,

“Under an alternative specification with a single global A, common to all countries, the substantive results
below are essentially unchanged (Section D.4). The country-specific specification is theoretically more
defensible. We treat A as the population-mean within country ¢ and treat each country as solving its own
equilibrium fixed point.

>The Cobb-Douglas case ¢ = 1 collapses (6) into u, = atlogQ; + (1 — &) logx; + ylog(b(D;) + o);
the first term drops from the FOC, so the labor-leisure margin would be invariant to 9; — the textbook
knife-edge under which income and substitution effects exactly cancel. Gross complements break this
knife-edge.
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raising the opportunity cost of depth investment.

Value function and the household’s problem. The household discounts at rate § €
(0,1). Given a deterministic exogenous path {Q; };>0, an aggregate-network path {A{ },>0
taken as given by the individual agent, and initial depth stock D_, the value function

Vi (D;_1;7) satisfies the Bellman equation

Vi(Di—13y) = hfg[%xl]{logct(éu 1 — hy) + ylog(b(D;) + o) } +BVi1 (DY), ()

with D; = (1= 8)D;_1 +hy, Oy = Q;w(AS), ¢, from (6). The interior FOC with respect to
hy is
Q] b'(Df)

o V41
1—hf b(Dy) + uo

aD;

+ B

)

l)t:D;k
with b'(D) = e~P/¥/x. The envelope condition dV,,|/dD; = (1 — 8)aw1/(1 — b )

substituted into (9) gives the depth-investment Euler equation

o b/(D;k) W1
= + B(1—6 ) 10
=~ "h(D}) + o A )1—h2k+1 1o

At the optimum, today’s marginal opportunity cost of depth investment equals the flow
marginal fertility benefit plus the discounted, depreciation-adjusted continuation cost.
When Q; rises (through cheaper quality or a larger network), the time share @y rises, the

opportunity cost of depth investment rises, and the agent reallocates time away from depth.

The teen-age special case. The network multiplier y(AY) is the formal counterpart of
the coordination-collapse mechanism we develop in Section VI.A. In the limit where the
depth stock has not yet accumulated and the unintended-conception margin dominates
the chosen-fertility margin (the youngest-age cohort), the household problem collapses to
a contemporaneous time-allocation problem in which y(A¢) is the dominant force. The
present paper generalizes that result across the full partnership-formation window (15—

29): same supply-side shock, same country-specific equilibrium feedback, same network
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amplifier, with depth-stock dynamics activating as cohorts age in.

Equilibrium definition. The aggregate A{ entering each agent’s problem is the population-

mean leisure share:

AY = Ei[1—hi, (A7 )], (11)

where the expectation is over the heterogeneity distribution of y; within country ¢ and the
policy #;, depends on both the household’s own ¥; and the aggregate trajectory {AS}s>0
that the agent treats as exogenous. An equilibrium is a trajectory {A¢} such that the
population mean of optimal individual policies reproduces the trajectory the agents took
as given. Each country solves its own equilibrium fixed point with its own {Q¢} path;
the household primitives (8, k, 6y, B, Uy, &, O, Ymax,A*, k) are common across countries,
while ¥; varies across households within each country.

The system is solved by Krusell-Smith iteration on the trajectory {A¢}. Inner step:
given a guess for {A{}, every agent’s problem reduces to a deterministic dynamic problem
with effective quality path {Qfy(A¢)}, solved by the endogenous-grid method (Carroll,
2006) — given the policy-target th, the FOC determines /], via a one-dimensional
rootfind on the nonlinear LHS @;,(Qy,1—h;,)/(1 — h;,), which is monotone increasing in
his. Outer step: aggregate the resulting policies via (11) to obtain Af and update the guess.
We use damping 6 = 0.5 and convergence tolerance ||A¢ — A¢||.. < 1073, Convergence in
our calibrated parameter region is monotone and takes 10—15 iterations; we numerically

verify uniqueness of the equilibrium trajectory by perturbing the initial guess.

Country heterogeneity through wages and networks. The model has two sources
of cross-country variation, both in (5)—(7). First, the hedonic price p; is determined
by a globally integrated supply chain (Byrne, 2019), but wages w; are country-specific.
Different w;/p; paths translate into different Qf paths. Second, the network multiplier
Y (A¢) depends on each country’s own population aggregate AS. Both channels operate
jointly in the cross-country exercise (Section V.G); in the calibrated parameter region the

wage channel does essentially all the heavy lifting, with the network channel set-identified
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at a configuration that produces negligible amplification within the empirical A{ range.

III.LD Comparative statics

The model’s two key comparative statics are reported in Online Appendix D and
summarized here: (i) a fall in the relative price of the digital bundle (Qf rises) lowers depth-
stock investment in equilibrium, with the magnitude amplified by the network multiplier
Y (A¢) in countries where the peer leisure share AS crosses the inflection A*; (ii) a fall in
depth produces a discrete drop in partnership formation through the threshold structure of
the partnership-entry decision, plus a continuous drop in conditional fertility through the

saturation curve b(D) = 1 — e~P/¥ entering off its plateau.

IIILE Mapping to data

The model produces a time path of population-mean depth D, and a time path of
population-mean birth probability 5,. We map birth probability to the empirical K; series
(children per adult age 25-44 in ATUS) through a units-mapping constant: K™%l = ¢4 - b,.
Children appear in the data as a stock (children currently in the household) but in the
model as a flow (per-period birth probability); the units constant is calibrated by ordinary
least squares to match the observed K; levels. This treats the model’s b; as a steady-state
proxy for the implied stock, which is exact when the demographic rates are stationary and
a reasonable approximation along slowly-evolving transition paths such as the one we

calibrate.

IV. CALIBRATION

We implement the model on US data over the 2007-2024 smartphone era. The
empirical moments are population-mean share of discretionary time on digital outside-
option activities (computed from ATUS) and children per adult age 2544 (computed
from ATUS partnership-status data in Section I.A). The calibration window starts in
2007, the launch of the iPhone and the empirical onset of the post-2007 fertility break

documented in Section I.A. This is the simplest setting in which the model can be tested
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against the empirical phenomenon it is designed to explain; cross-country calibration with

country-specific digital-saturation timing remains as the natural extension.

IV.A Data: hedonic prices and real wages

Our primary phone-price series is the Aizcorbe et al. (2019) “Overall mobile phones”
Fisher hedonic index (ABS-2019), constructed from IDC retail data using hedonic regres-
sions on processor speed, RAM, screen size, camera resolution, and other characteristics.
We extend it backward and forward through the BLS hedonic CPI for telephone hardware
(CUUROOOOSEEEO1). After deflating by all-items CPI, the ABS-extended series fell from
5.06 in 1997 to 1.00 in 2003 to 0.0140 in 2024 — a 98.6 percent real decline 2003-2024.
Real wage data are OECD “Average Annual Wages” in 2024 constant US dollars at PPP,
1995-2024 for all 38 OECD member countries. US real wages rose 24 percent over 2003—
2024; cross-country wage growth varies substantially (CEE roughly doubled, Mediter-
ranean was flat to negative). Combining gives O, = (w;/p;)/(W2003/P2003 ), normalized
to 2003. For the US, Q»024 ~ 88.6. Multiplying by the equilibrium network multiplier

74 (AzU(;g2 4) ~ 1.02 gives the network-amplified effective quality bundle 02024 ~ 90.

IV.B Initial condition: backcast from 1993

We run the model from a 1997-conditions steady state initialized in 1993, allowing 14
years of pre-shock convergence before the 2007 baseline year. The initial depth distribution
1s calibrated to match the General Social Survey’s close-tie count distribution for the 1955-
1965 birth cohort (a pre-digital cohort); the initial leisure share is set to A{gg; = 0.43, the
ATUS-measured digital-leisure share for adults 15+ in 2003 extrapolated backward. The
1993-2007 trajectory of Q, is computed from the ABS-extended series. Online Appendix D

reports robustness of the headline counterfactual to alternative initial-condition choices.

IV.C Parameters and identification

Five structural parameters are fixed from external evidence: depth depreciation § =

0.15 per year (close-tie turnover from Roberts and Dunbar, 2011); depth-to-birth saturation
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K = 10 (calibrated to pre-2007 children-per-mother levels); depth heterogeneity o, = 0.55
(GSS close-tie distribution for the 1955-1965 cohort); discount factor B = 0.96; network
steepness k = 20 (set high enough that the network amplifier y(A{) has a well-defined
inflection while flat across the empirical A range). Six parameters are jointly identified by
matching six US 2007-2024 moments: {lg, 0,0, Ymax,A*,ck }. Identification: u, from
the level of in-person socializing 2007; o from the children-per-mother level conditional on
partnership; o (depth-vs-leisure elasticity) from the in-person socializing trend 2007-2024;
Wmax and A™ from the cross-country distribution of A{ trajectories; cg (cost of partnership

entry) from the partnership-formation rate 2007. The calibrated values are reported in

Table 2.
TABLE 2. Calibrated and externally-fixed parameter values
Parameter Value Source / interpretation
o 0.150 Fixed (close-tie depreciation, Roberts & Dunbar 2011)
K 10.0 Fixed (depth-to-birth curvature)
Oy 0.55 Fixed (completed-fertility CV from pre-digital US cohort)
B 0.96 Fixed (annual time discount, 4% rate)
k 20 Fixed (logistic steepness in network multiplier)
Uy 0.277 Calibrated — median ¥ = 1.32
a 0.644 Calibrated CES quality-share weight
o 0.530 Calibrated CES elasticity of substitution (gross complements)
Wmax 0.709 Calibrated saturation network amplification (set-identified)
A* 0.715 Calibrated network inflection point (set-identified)
CK 3.93 Units mapping (births per period to ATUS-stock units)

Initial condition: dynamic stationary state at 01997, then forward through actual 0.

Implied Q, trajectory (US): 0.18 (1997) — 1.00 (2003) — 3.24 (2007) — 88.6 (2024)

Implied A{ trajectory (US): 0.25 (1997) — 0.41 (2003) — 0.49 (2007) — 0.53 (2024)

Implied y(AY) trajectory (US): 1.000 (1997) — 1.002 (2003) — 1.008 (2007) — 1.017 (2024)

V. RESULTS

V.A Three joint predictions

The calibrated model produces three joint predictions that the data confirm: (i) the

partnership-formation rate among 18-29 year olds falls 35—45 percent over 2007-2024,
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matching the observed 45 percent decline; (ii) the in-person socializing time falls 20-25
percent over the window, matching the observed 22 percent decline; (iii) the children-per-
mother count conditional on partnership is roughly flat or slightly rising over the window,

matching the empirical pattern that the fertility decline operates almost entirely on the

extensive margin. Figure 6 plots the three joint predictions against the data.
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FIGURE 6. Three joint predictions of the model. Panel (A): population-mean relational capital D,

falls from 4.06 in 2007 to 3.18 in 2024 (—21.6 percent). Panel (B): share of the population above

the active-fertility threshold (i (D) > 0.15, sigmoid-smoothed) falls over the calibration window.
Panel (C): selection ratio E[y; | active]/E[y;] rises over the window.

V.B Baseline calibration fit

Figure 7 plots the model-implied trajectories of %, and K; against their empirical
counterparts. With five free parameters (i, &, 0, Ymax,A*) identified by six moments (X
at 2007, 2010, 2017, 2024 and K; at 2007, 2024), the calibration achieves a tight fit at
all six target moments. Each moment is matched within 0.4 percent. The empirical
K; decline from 1.305 in 2007 to 1.064 in 2024 is matched by a model-implied decline
from 1.306 to 1.062, accounting for essentially the entire observed change (fit share 101
percent). The empirical &; trajectory — 0.492 in 2007, 0.523 in 2010, 0.539 in 2017, 0.528
in 2024 — is matched by 0.492, 0.522, 0.537, 0.530. The shape of x;, which is concave
(rising rapidly through the late 2000s and then plateauing), is captured by the equilibrium
A{ trajectory rising toward but not crossing A*; the calibrated y(AY) trajectory contributes
negligible amplification on top of the underlying CES-with-Q; channel (rising from 1.000
in 1997 to 1.017 by 2024).
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Dynamic calibration fit, US 2007--2024
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FIGURE 7. Model fit, US 2007-2024. Left panel: outside-option time share &; in the model and
ATUS data. Right panel: children per adult age 25—44 in the model and ATUS data. The
network-CES calibration matches all six target moments tightly (within +0.4 percent). The
within-window front-loading of the model trajectory relative to the back-loaded data is visible in
the K; panel.

Within-country year-by-year shape. The model matches the cumulative 2007-2024
decline but front-loads it relative to the data. This reflects perfect-foresight optimization
against a wage-deflated phone price that falls fastest in the early window; an imperfect-
foresight extension would produce a more back-loaded trajectory.®

A second consideration suggests that the model’s single-shock specification, rather
than perfect foresight itself, is the binding source of the front-loading. The digital regime
has two distinct technological channels operating on different schedules. The device-side
shock — captured by the hedonic phone price p; in our model — is largely concluded
by 2014, with the steepest real-price declines occurring between 2007 and 2012. The
platform-side channel — attention-extraction intensity, proxied by Meta’s worldwide
average revenue per user — only began rising from a near-zero base in 2011 ($4.34) and
grew roughly tenfold through 2023 ($44.60), with the ad-tech infrastructure that drives
this growth (News Feed ads in 2012, mobile ads in 2012, Custom Audiences in 2013,

dynamic product ads in 2014, programmatic optimization through 2018) maturing entirely

The front-loading is structural to perfect-foresight optimization rather than a feature of any specific
parameter choice. We verified this across multiple alternative specifications — varying network steepness
k, the inflection A*, the discount factor 3, depth depreciation 8, replacing the dynastic Bellman with a
30-period OLG cohort structure, adding age-fecundability weights (Eijkemans et al., 2014; Steiner and Jukic,
2016), and using an age-specific peer network — and none changes the within-window shape materially.

22



after the iPhone launch.” The two channels are offset by roughly 5-7 years. A richer
specification with both shocks on their realized schedules would generate a less front-
loaded model trajectory even under perfect foresight, since households would not see the

full platform-side intensification at # = 0 if it had not yet been built.

V.C Cumulative magnitude: the smartphone-era digital trajectory

The total-decline fit reported in Section V.B (101 percent of the US 2007-2024
decline) is a cumulative-magnitude claim, not a claim about the precise timing of the
within-window decline. The model’s trajectory — driven by the wage-deflated phone-price
decline from Q»0p7 = 3.24 to Q2024 = 88.6 — produces a monotone fertility decline whose
cumulative magnitude through 2024 matches the data exactly, with the front-loaded shape
discussed in the previous subsection. This is the claim the calibration supports and that the
cross-country and aggregate exercises extend.

The within-window front-loading is visible when the OECD-aggregate fit is decom-
posed across windows. OECD-aggregate TFR declined 10.8 percent from 2007 to 2019
and 18.4 percent from 2007 to 2023. The US-calibrated model (applied with the same
hedonic price and US wages, the relevant aggregate-identification stance discussed in
Section V.H below) predicts —17.3 percent from 2007 to 2019 (a 159 percent overshoot of
the shorter window) and —18.5 percent from 2007 to 2023 (a 101 percent fit of the longer
window). The cumulative magnitude through 2023 matches the OECD aggregate exactly;
the 2007-2019 sub-window does not because of the model’s front-loading. This is the
same shape mismatch made visible at the aggregate level: cumulative through 2024 lines
up; short windows do not.

The honest framing is that the model captures the cumulative magnitude of the post-
2007 fertility movement through 2024 in both the US calibration target and the OECD
aggregate falsification, and the calibration supports digital technology as a sufficient
candidate explanation for the magnitudes observed over the smartphone-era window. The

model neither explains nor claims to explain the precise within-window timing of the break

"Meta investor disclosures; pre-2011 ARPU is not meaningfully reportable because Facebook had no
significant ad infrastructure prior to that date and reported total revenue was small relative to its user base.
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or the pre-2007 trajectory of the high-income aggregate (which was rising).

V.D Counterfactual: phone price frozen at 2007

A second way to quantify the digital channel’s contribution is the standard model-
internal counterfactual. We hold the effective relative price p;/w; at its 2007 value for
all subsequent years (so Q; remains at Q007 = 3.24) and re-solve the equilibrium {A{}
with this counterfactual price path, leaving the pre-2007 portion at its actual values. The
counterfactual equilibrium has A{ peaking lower than the baseline equilibrium; the network
amplifier is essentially inactive in both equilibria so only the Q; channel responds. Figure
8 reports the result. The counterfactual K; trajectory declines from 1.306 in 2007 to
1.167 in 2024, against the baseline path’s 1.062. The cumulative gap between actual and
counterfactual by 2024 is 0.105 children per adult age 25-44, which is 43 percent of the
observed 2007-2024 decline of 0.241 children per adult.

The 43 percent counterfactual share is the model’s estimate of the post-2007 incre-
mental movement in digital quality contribution to the post-2007 fertility decline. It is
bounded below the 101 percent total fit because households respond to the entire {Q, } path,
including its pre-2007 portion; the pre-2007 segment of the shock contributes a further
share of the within-window decline that is allocated to “pre-2007 momentum” under this
counterfactual definition (the depth stock continues to erode after the price-shock plateau
because & = 0.15 implies a five-year depth half-life). Read as a marginal contribution
statement, the 43 percent figure isolates how much additional fertility decline is produced
by continued post-2007 movement in Q; above and beyond what would have occurred had

O, stabilized at its 2007 level.

V.E Heterogeneity and the population structure of the response

The model is solved at the population level with depth heterogeneity following
(0, 6}%) at the lifecycle start. At the calibrated heterogeneity (o, = 0.55, taken from
the General Social Survey close-tie distribution for a pre-digital cohort), the depth-stock

channel produces a bimodal partnership-status distribution by 2024: rising shares of agents
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Counterfactual: US fertility under digital quality frozen at 2007
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FIGURE 8. Counterfactual: US fertility under digital quality Q; frozen at its 2007 level. Solid navy:
actual model path. Dashed gold: counterfactual path with Q; held at Q»p97 = 3.24 from 2008
onward and the equilibrium {A¢} re-solved under the frozen Q. Dots: ATUS data. Cumulative gap
by 2024: 0.105 children per adult age 25—44, or 43 percent of the observed 2007-2024 decline of
0.241.

with very low depth (no partnership formed, no children) coexist with persistent shares of
agents with high depth (partnership formed, conditional fertility roughly at Becker-optimal
levels). The discrete partnership entry decision matters in principle but does not bind at the
calibrated heterogeneity; the depth-stock channel alone delivers the aggregate magnitude.

Online Appendix D reports the full population structure.

V.F Robustness to externally-fixed parameters and to the no-network specification

Five externally-fixed parameters affect the headline counterfactual (J, K, Oy, B, k),
plus the network-specification choice. Full re-calibration under perturbations of each pa-
rameter and under a no-network specification appears in Online Appendix D. The headline
43 percent counterfactual is robust to these perturbations within a +5 percentage point
band. The network multiplier y(A¢) is essentially flat at 1.02 throughout the calibrated

parameter region, so the headline result does not depend on the network amplifier; the
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depth-stock channel alone delivers the aggregate magnitude.

V.G Cross-country falsification

The model is calibrated on US data alone, but its mechanism is general. We test
it country-by-country against the 38-country OECD panel using two anchoring choices:
the 2007 iPhone launch (the natural break-point in the post-Kearney—Levine literature)
and October 2012 (the Facebook one-billion-user milestone, marking the transition to
digital saturation). The identifying assumption follows Byrne (2019): phones are pro-
duced by a globally integrated supply chain with common hedonic-quality price; cross-
country variation enters through country-specific wages wy (giving country-specific Qf)

and country-specific equilibrium y(AY).

TABLE 3. Cross-country fits, full OECD panel. Model uses US-calibrated household primitives
with country-specific wages and country-specific equilibrium A7. Headline finding: the median
observed and median model declines align to within 1 percentage point on the 2007-2023 window,
with 84 percent sign agreement.

2007-2019 2007-2023

Median observed TFR change —8.9% —18.7%
Median model-predicted change —16.1% —17.8%
Median data minus model +7.2 pp —09 pp
Countries with declining TFR (model-sign agreement) 25 of 38 (66%) 32 of 38 (84%)
Countries with rising TFR (opposite-sign error) 13 of 38 6 of 38
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FIGURE 9. Cross-country falsification, full OECD panel. Each panel plots TFR trajectories for all
38 OECD member countries (light gray lines) with the inter-quintile band (gold shading, 20th to
80th percentile computed year-by-year), the cross-country median (gold-diamond line), the United
States (navy line, the calibration target), and the model prediction using US-calibrated household
primitives and US wages (purple dashed line). Country trajectories are World Bank period TFR; the
model trajectory is K; from the population simulation. Panel A normalizes each country’s TFR and
the model’s K, to its 2007 value (iPhone launch). Panel B re-anchors at 2012 (Facebook 1B-user
milestone), the year of global digital saturation. In both panels the model trajectory remains inside
the inter-quintile band throughout the window and threads between the US and the OECD median.

Across the full 38-country panel, the median observed long-window decline and
median model prediction align to within one percentage point on the 2007 anchor (ob-
served —18.7 percent, model —17.8 percent) and within 7 percentage points on the more
conservative 2012 anchor, with 84 percent sign agreement. The model captures the order
of magnitude of the typical OECD country’s post-2007 fertility movement. It does not
capture country-specific accelerants (Korea, Finland declining faster than predicted) or
country-specific recoveries (Czech Republic, Hungary, Slovakia, Slovenia, Portugal, and
Germany show rising TFR over the window). The strong reading is that a single-channel
digital model parameterized off US data alone produces a prediction near the typical

observed country decline through 2023, on both natural and conservative anchorings.

V.H Aggregate out-of-sample validation

OECD-aggregate TFR declined 10.8 percent from 2007 to 2019 and 18.4 percent from
2007 to 2023. The model predicts —17.3 percent on 2007-2019 (a 159 percent overshoot)
and —18.5 percent on 2007-2023 (a 101 percent fit). The 2007-2019 overshoot reflects the
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front-loaded model trajectory: the perfect-foresight specification produces fertility decline
concentrated in the early portion of the post-2007 window, while the OECD aggregate
decline is back-loaded. The cumulative through 2023 lines up. The same pattern holds
for the broader World Bank income aggregates: world TFR fell 9.6 percent observed
2007-2019 against model —17.3, and 15.6 percent observed 2007-2023 against model
—18.5. Lower-middle-income TFR fell 21.7 percent over 2007-2023; low-income TFR
fell 16.9 percent. Every aggregate’s cumulative magnitude through 2023 falls within five

percentage points of the model.

VI. WITHIN-COUNTRY EVIDENCE: CAUSAL IDENTIFICATION VIA THE
TEEN CHANNEL AND A COMPLEMENTARY ADULT-COHORT
EXERCISE

The structural model is calibrated on US aggregate moments and falsified against
cross-country aggregates. This section adds a within-country empirical layer. Section VI.A
establishes the causal identification of the digital-exposure mechanism at the youngest
end of the partnership-formation window using a terrain-ruggedness IV on county-level
digital-infrastructure rollout; Section VI.C extends the same logic to older age groups in a

reduced-form county-level cohort-exposure exercise.

Scope of the empirical claim. Our causal identification is concentrated at the youngest
end of the partnership-formation window. Section VI.A identifies the digital-exposure
effect on teen birth rates (ages 15-19) using a terrain-ruggedness I'V; Section VII identifies
the effect on cumulative cohort marriage rates for cohorts whose 18-25 window overlapped
the 4G LTE rollout using a cohort-Bartik design. We do not provide independent causal
identification at ages 30 and above; the empirical fertility decline at older ages is consistent
with two channels our framework does not separately identify — a within-cohort depth-
stock effect on conditional fertility, and intertemporal postponement of births to later ages

by cohorts whose partnership timing was disrupted earlier in the lifecycle.
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VI.A Causal identification at the youngest end of the partnership-formation window

Hudson and Moscoso Boedo (2026) studies the post-2007 collapse of teen fertility,
which fell by 71 percent for women aged 15-19 between 2007 and 2024. The identification
follows Akerman, Gaarder, and Mogstad (2015): county-level digital infrastructure rollout
is instrumented by the log terrain ruggedness index of Nunn and Puga (2012), on the
rationale that terrain raises the per-customer cost of broadband cable and wireless cell
towers. Conditional on density, race, education, and income, counties with rugged terrain
received broadband and LTE later and at lower long-run penetration. The cross-sectional
2SLS specification is

where the dependent variable is the cumulative 2003-2018 percentage change in the
15-19 birth rate, l/): is the I'V-predicted county digital infrastructure level, and X is the
same county-control vector used throughout. Table 4 reproduces the central numbers: the
headline 2SLS coefficient is —0.98 for LTE (first-stage F = 82) and —1.89 for broadband
(F =73), translating to a 9.8 (LTE) or 18.9 (broadband) percentage point larger cumulative

decline in teen birth rates per 10 percentage points of long-run digital infrastructure.

TABLE 4. Cross-sectional IV from Hudson and Moscoso Boedo (2026): digital infrastructure and
teen birth rates

Broadband (BB tier) LTE coverage
First stage 2SLS First stage 2SLS
log(TRI+1) —0.290*** — —2.51%* —
(0.034) (0.28)
T, (instrumented) — —0.378"** — —0.0098***
(0.097) (0.0024)
First-stage F 73.4 — 82.1 —
Per-10pp magnitude — —18.9pp — —9.8pp
N (counties) 3,084 3,084 3,084 3,084

Notes: Reproduced from Hudson and Moscoso Boedo (2026), Table 4 (preferred specifications). Per-10pp
magnitudes use the convention that one BB tier &~ 20pp of broadband penetration; broadband 2SLS
coefficient is multiplied by 50 and LTE 2SLS coefficient by 1,000. ***p < 0.01.

Hudson and Moscoso Boedo (2026) corroborates the IV with ATUS time-use evidence:

teens in high-broadband counties experienced substantially larger declines in face-to-face
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socializing. The structural mechanism — digital infrastructure — digital substitution
for in-person time — depth-stock erosion — fewer relationships and fewer births — is
causally identified at the lower bound of the partnership-formation age window. The same
instrument applied to teen suicide as the dependent variable yields a positive causal effect,

consistent with the in-person socializing channel.

VI.B Why the IV cannot be transferred to older age groups using public data

The Khan-Rossen smoothed county-level 15-19 series (Khan, Hamilton, Rossen, He,
Wei, and Dienes, 2024) retains county identifiers regardless of population. No analogous
smoothed series exists for ages 20—34. The publicly available CDC WONDER Natality
file (Centers for Disease Control, 2024) suppresses county identifiers for counties below
100,000 population, which drops 2,551 of the 3,131 counties in our sample, leaving 580
counties with at least one suppression-free observation, of which 522 form a balanced
2007-2019 panel. The retained sample is urban-skewed (median population 268,000) with
substantially less broadband variation than the full county pool, making cross-sectional
2SLS identification at older ages infeasible. We use within-county time variation in-
stead: the cohort-exposure design exploits the timing of each cohort’s 18-25 window
relative to the broadband rollout, which produces useful identifying variation even on a
suppression-truncated sample because variation comes from cohort-by-county exposure
timing rather than cross-county exposure level. This is the natural cohort-extension of
the contemporaneous exposure measure in our prior work, with same county controls and

same digital-infrastructure measures.

VI.C Cohort-exposure design and main results

Data. County-by-age-by-year birth counts for ages 20-24, 25-29, and 30-34 come
from CDC WONDER'’s Natality 2007-2024 file, queried for 2007-2019 to avoid COVID
dynamics. After suppression filters and denominator merge the panel has 522 counties
balanced across all 13 years and 3 age groups. Female-population denominators are from

ACS 5-year estimates. We use the same county controls as in Hudson and Moscoso Boedo
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(2026).

Cohort-specific exposure. For each cell (county c, age group a, year ¢), the cohort-
exposure measure is the fraction of the relevant cohort’s 18-25 window that overlapped
with broadband rollout in county ¢, instrumented by terrain ruggedness. This is the natural

cohort-extension of the contemporaneous exposure measure in our prior work.

Specification and results. The reduced-form regression is

— 1805 1 t+(25-a)
BB =~ ) BB, (12)

c,a,t
t=t—(a—18)

——18-25
log(BRC,a,t) = ﬁa'BBc,aJ + ’ylog(BRc,a,ZOIO) + X/ce + as+6r+.ua+8c,a,ta (13)

where ExposureShare, , , is the share of the cohort’s 18-25 window overlapping broadband
rollout, X is the county-control vector, and fixed effects absorb age, year, and county.

Table 5 reports the IV results.

TABLE 5. Cohort-exposure regression of log age-specific birth rate on broadband during ages

18-25
Coef SE t-stat  Per 10pp N Counties
Pooled (3 age groups, all controls + state X year x age FE):
Pooled —0.0707*** 0.0054 —13.11 —3.53% 15,562 520
By age group (state X year FE within age group):
20-24 —-0.0217** 0.0088 —2.48 —1.09% 5,186 520
25-29 —0.0129**  0.0055 —-2.33 —0.65% 5,188 520

30-34 (placebo)  +0.0041  0.0053 +0.76 4+0.20% 5,188 520

Notes: Specification is Equation (13). The exposure variable ﬁcli_tzs is mean FCC Form 477 broadband tier
(0-5 scale) in county ¢ during the eight-year window when the cohort observed at age a in year ¢ was 18
through 25. Per-10pp magnitudes use the convention that one tier corresponds to roughly 20 percentage
points of household broadband penetration; the conversion is coefficient x50. Standard errors clustered at

the county level. *p < 0.10, **p < 0.05, ***p < 0.01.

The preferred 2SLS coefficient in Section VI.A implies an 18.9 percentage point larger

cumulative decline in 15-19 birth rates from a 10pp increase in long-run broadband; the
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cohort-exposure extension gives qualitatively similar effects for the 20-29 age range, with
attenuation toward zero for the 30-34 placebo cohort. This is the same structural form as

the cross-sectional IV (VI.A) above, applied at the cohort level.

VI.D Robustness and falsification

The cohort-exposure design passes the standard battery of tests, summarized briefly
here and reported in full in Online Appendix A. The 30-34 age group serves as a built-in
placebo: their 18-25 window spans the late 1990s through the early 2010s, mostly predat-
ing the broadband rollout. The placebo passes for 20-24 (—0.43 percent, t = —0.99) but
is significantly nonzero for 25-29 (+1.49 percent, t = 45.27), violating the placebo re-
striction; we interpret this as the older cohorts’ partnership-formation window overlapping
enough of the rollout that they too are exposed. Robustness to opioid prescribing exposure
(Caudillo-style), to time-varying geographic correlates, to alternative county controls, and
to alternative birth-rate denominators all leave the main coefficients within standard-error

bands of the headline. Online Appendix A provides full tables and discussion.

VIL.E Within-county distributed-lag panel: replication of the teen IV pattern

The cross-sectional cohort-exposure exercise is complemented by a within-county
distributed-lag panel (Online Appendix A.4) that replicates the distributed-lag headline of
Section VI.A on the 522-county balanced panel and confirms the timing structure: digital
infrastructure effects show up at lag O for teens, lag 1-3 for 20-24, and lag 3-5 for 25-29,

consistent with the partnership-formation interpretation.

VI.F What we have and what comes next

Section VI established the causal identification of the digital-exposure mechanism
at ages 15-19 (using the imported terrain-ruggedness IV of Hudson and Moscoso Boedo
(2026)) and extended the same logic to ages 20—34 via the cohort-exposure design. Section
VII develops a complementary cohort-Bartik design on 4G LTE rollout that identifies the

effect on full cumulative cohort marriage rates rather than annual conditional birth rates,
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capturing the partnership margin itself rather than the conditional-fertility margin.

VII. COUNTY-LEVEL IDENTIFICATION: COHORT-BARTIK EVIDENCE ON
PARTNERSHIP FORMATION

This section develops within-country causal evidence for the digital infrastructure
effect on partnership formation. Section VI established the teen-fertility analog using
cross-sectional terrain-ruggedness variation in digital-infrastructure adoption; the current
section examines the partnership-formation channel for the 1985-1995 birth cohorts
whose 18-25 unstructured-peer-time windows overlap the post-2010 LTE rollout, using a
cohort-Bartik instrumental variable design. We present a primary 4G LTE specification
and a complementary fixed-broadband specification, identifying off structurally distinct
cross-county variation; the 4G specification provides cleaner separation from confounding
rural-trajectory factors, and the broadband specification corroborates magnitude across a

wider cohort range.

VIL.A Identification strategy

The empirical object is the causal effect of cohort-specific digital-infrastructure expo-
sure during ages 18-25 on the cohort’s eventual marriage rate. Cohort exposure is the mean
digital-infrastructure level (FCC Form 477 broadband tier or FCC mobile LTE coverage) in
the county over the eight-year 18-25 window of birth cohort . The endogenous variable
varies at the (county x cohort) level using the same publicly available infrastructure data
introduced in Section V1.

Counties that adopted digital infrastructure earlier and at higher intensity differ from
late-adopting counties along many unobserved dimensions, and post-2008 cohorts in
those counties may have different marriage trajectories for reasons unrelated to digital-
infrastructure rollout. We address this with a cohort-Bartik instrument exploiting two
distinct sources of variation: cross-sectional variation in county terrain ruggedness, which
affects the cost of physical infrastructure deployment, and cross-cohort variation in the

share of each cohort’s 18-25 window that falls in the post-rollout era. The product —

33



terrain ruggedness times cohort treatment intensity — provides identifying variation at the
(county x cohort) level plausibly exogenous to cohort-specific marriage outcomes.

The cross-sectional component is the natural log of the area-weighted Terrain Rugged-
ness Index (TRI) of Riley, DeGloria, and Elliot (1999), aggregated to counties using
land-area weights. The cohort component is the share of the 18-25 window falling in the
post-rollout era (post-2008 for fixed broadband, post-2010 for 4G LTE). Within county,
age, and ACS-window fixed effects, the instrument identifies the differential cross-cohort
marriage-rate trajectory by terrain ruggedness: counties whose terrain raised infrastructure
deployment costs experienced later and lower digital-infrastructure adoption, and cohorts
whose 18-25 window overlapped the post-rollout era in those counties had less cumula-
tive exposure than cohorts in less-rugged counties. The two infrastructure measures (4G
LTE and fixed broadband) differ in deployment economics, in their relationship to the
smartphone-mediated peer-coordination mechanism, and in their identifying variation; we
discuss these differences in Sections VII.B and VII.C and argue that the two together iden-

tify a real digital-infrastructure effect through structurally distinct cross-county variation.

VIL.B Primary specification: 4G LTE cohort-Bartik

Specification and first stage. The primary specification uses cohort-aggregated 4G LTE
coverage during the cohort’s 18-25 window as the endogenous variable. LTE coverage data
come from FCC mobile deployment reports 2010-2019, providing annual county-level
percent of premises with outdoor LTE coverage from all four national mobile network
operators. We extend the series back through 2003 using zero-fill, on the grounds that
commercial LTE service did not begin in the United States until December 2010 and
pre-2010 coverage is therefore a true zero rather than missing data. Cohort exposure is

constructed as the mean LTE coverage over the cohort’s 18-25 window:

1895 1 b+25
LTE;;,” =~ ) LTE,. (14)
’ t=b+18

Because LTE rollout occurred entirely after 2010, cohort exposure is meaningfully
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nonzero only for birth cohorts whose 18-25 windows overlap the post-2010 period. We
restrict the primary specification to the 1985-1995 birth cohorts, the eleven cohorts whose
18-25 windows include at least one year of post-2010 LTE rollout. This is the natural
smartphone-era sample for the mechanism the structural model describes: these cohorts
spent their critical unstructured-peer-time years during or after the smartphone tipping
point that Subsection I.A and Section III identify as the operative shock.

The cohort treatment intensity variable is the share of the cohort’s 18-25 window

falling in years 2010 or later:

ghos2010 — %max (0, min(b +25, 2020) — max(b + 18, 2011) + 1). (15)

For birth cohort 1985, g equals 0.0 (the entire 18-25 window from 2003 to 2010 predates

the LTE rollout). For birth cohort 1995, g equals 1.0 (the entire 18-25 window from 2013

to 2020 falls within the LTE rollout era). Intermediate cohorts have intermediate values
rising monotonically from 0.125 (1986) to 1.0 (1993 onward).

The instrument is the cross-sectional terrain-ruggedness component multiplied by the

cohort treatment intensity:
729 = log(TRI,) x gh>>""". (16)

The first-stage equation, estimated within county, ACS5-window, and age-bracket
fixed effects, is

LTE; > = m 229 + VX + uep. (17)

The first-stage coefficient 7 is estimated at —0.0438 with cluster-robust standard error
0.0040 (clustered at the county level), yielding a first-stage F-statistic of 122 in the 1985+
sample. The first-stage coefficient is negative as expected: rugged counties had slower
LTE rollout, particularly during the 2010-2014 deployment phase when carriers prioritized

terrain-feasible markets.
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The second-stage equation is
EverMarried. o,y = BLTEL, ™ + 8'X + €. a.u, (18)

where the unit of observation is the cell (county ¢ x cohort bx age bracket ax ACS window
w), the outcome is the female ever-married rate computed from NHGIS time-series table
BMB6 (Sex by Marital Status by Age, ACS 5-year), and cells are weighted by the inverse
squared standard error of the cell rate. The coefficient f3 is the parameter of interest: the
marginal effect of one percentage point of LTE coverage during the 18-25 window on the
cohort’s eventual marriage rate.

Table 6 reports the 2SLS estimates under the primary specification and four robustness
specifications. The baseline 2SLS estimate is § = —0.00342 with cluster-robust standard
error 0.00060 (r = —5.74), implying that a 100-percentage-point increase in cohort LTE
coverage during 18-25 reduces the ever-married rate by approximately 0.34. Equivalently,
a one-standard-deviation increase in LTE coverage (approximately 25 percentage points
in the 1985+ cohort sample) reduces the ever-married rate by 0.085, or roughly nine
percentage points relative to the cohort mean.

The 2SLS estimate is robust across all four robustness specifications. Adding a
control for cohort-specific opioid prescribing exposure during 18-25 (constructed iden-
tically to the LTE exposure variable, using DEA ARCOS county-year distribution data)
yields B = —0.00363 (column 2), slightly larger in magnitude than the baseline. Restrict-
ing the sample to non-Appalachian Regional Commission counties (column 3) yields
B = —0.00293. Dropping the top-quartile opioid-prescribing counties (column 4) yields
B = —0.00326. Dropping both groups simultaneously (column 5) yields f = —0.00275.
All five specifications produce estimates within roughly twenty percent of the baseline

magnitude and remain statistically significant at conventional levels.

Cohort-interacted pre-period controls. A natural concern with the cohort-Bartik design is
that the instrument’s identifying variation may be confounded by other pre-period county

characteristics that also generated differential post-rollout cohort trajectories. Rugged
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TABLE 6. 4G LTE cohort-Bartik: robustness to opioid and geographic controls

(1) 2 3) “4) 5)
Baseline + opioid Drop Drop top-Q Drop
18-25 ARC opioid both

LTE!8-2 —0.00342**  —0.00363"**  —0.00293** —0.00326"* —0.00275"**

(0.00060) (0.00071) (0.00059) (0.00062) (0.00060)
First-stage F 122 105 127 119 108
Cells 44,969 44,561 38,322 33,403 30,229
Counties 3,129 3,098 2,706 2,373 1,950

Notes: 2SLS estimates of equation (18). Sample restricted to 1985-1995 birth cohorts whose 18-25

windows overlap the post-2010 LTE rollout. Endogenous variable is cohort-aggregated 4G LTE

coverage 18-25 constructed per equation (14). Instrument is log(TRI) x giOSt'zolo per equation (16).

All specifications include county, ACS5-window, and age-bracket fixed effects. Cells weighted by
inverse squared standard error of the cell rate. Standard errors in parentheses are clustered at the
county level. Column (2) adds cohort-specific opioid prescribing exposure during 18-25 constructed
from DEA ARCOS county-year distribution data. Column (3) drops the 423 Appalachian Regional
Commission counties. Column (4) drops the top quartile of counties by 2008-2014 mean opioid
prescribing rate. Column (5) drops both groups simultaneously. *p < 0.10, **p < 0.05, **p < 0.01.

counties are systematically poorer and less educated than non-rugged counties; if poor and
less-educated counties experienced differential post-2008 cohort marriage trajectories for
reasons independent of digital-infrastructure rollout, the cohort-Bartik instrument would
partially absorb those alternative channels.

We test for this concern by adding cohort-interacted pre-period county characteristics
as controls in the second-stage regression. Specifically, we add the interaction of pre-
period (Census 2000) county poverty rate with the cohort treatment intensity variable, and
separately the interaction of pre-period Census 2000 bachelor’s-degree-or-higher share
with the cohort treatment intensity variable. Both pre-period variables are measured before
any post-2008 digital-infrastructure rollout could have occurred and therefore constitute
legitimate pre-treatment controls in the cohort-Bartik framework.

The 4G specification, with cohort-interacted pre-period education added as an ad-
ditional control, yields a first-stage F-statistic of 42 and a 2SLS coefficient preserved
to four decimal places at § = —0.00342 (cluster-robust SE 0.00134, t = —2.55). The
point estimate is unchanged; the standard error inflates from the reduction in residualized

first-stage signal. The coefficient remains statistically significant at conventional levels and
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the first-stage F' remains well above the Stock and Yogo (2005) critical value of 16.4 for
one endogenous variable at 5 percent bias. Adding cohort-interacted pre-period poverty as
a further control reduces F' to 12, below the conventional threshold; the resulting estimate
is no longer reliable in the strict sense, but the coefficient remains close to the baseline
magnitude at B = —0.00298 (cluster-robust SE 0.00198, r = —1.51).

Section VII.C demonstrates that the analogous test on the fixed-broadband specifi-
cation yields a substantially weaker result: the broadband first-stage signal is heavily
absorbed by cohort-interacted pre-period education, and the broadband 2SLS coefficient is
not identified after including this control. The asymmetry between the two specifications
reflects a structural difference in the deployment economics of the two infrastructure

measures, which we discuss in Section VIL.D.

Bias from correlated mortality channels. A further concern, raised by Caudillo, Villarreal,
and Cohen (2022) in the context of opioid-related family-formation effects, is that the
cohort-Bartik instrument may load on rural counties with elevated post-2008 drug mortality.
We assess this through standard partial-correlation bias arithmetic. Letting Bop denote the
partial correlation between cohort drug mortality and the cohort marriage rate conditional

on the instrument’s full fixed-effect structure, the implied bias on the 2SLS estimate is

Cov(z,M | X,FE)

bias = X
ias = Pov X & U T X FB)”

(19)

where 7 is the instrument, M is cohort drug mortality, and 7 is cohort digital-infrastructure
exposure. This bounds the bias attributable to mortality channels under the worst-case
assumption that all of Bop reflects a causal mortality-on-marriage effect. We compute
PBop under two mortality measures: NCHS multiple-cause-of-death broad drug poisonings
(which capture the broader deaths-of-despair pattern documented by Case and Deaton,
2017, 2020) and CDC WONDER opioid-specific mortality (ICD-10 T40.0-T40.4 and
T40.6 only). Table 7 reports implied bias as percent of headline under successive control
specifications.

The 4G specification is robust under both mortality measures and across all control
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TABLE 7. Implied bias on cohort-Bartik 2SLS from correlated drug-mortality channels

Broadband (% of headline) 4G LTE 1985+ (% of headline)

Bop specification NCHS WONDER NCHS WONDER
Pooled OLS (no FE) —626% —129% —108% —52%
+ county FE +412% +17% +51% +7%

+ window FE + age FE (full FE) +120% ~ 0% +2% ~ 0%

+ cohort unemployment 18-25 +116% ~ 0% +3% ~ 0%

+ POVv2000 X &b +102% — +8% —

+ baChz()()() X &gp +73% — +5% —

~+ povaooo X g» + bachopoo X gp — ~ 0% — =~ 0%
+ log(income)zp00 X gp +71% — +6% —
Pre-period controls only +74% ~ 0% +5% ~ 0%

Notes: Implied bias computed per equation (19); entries are percent of the corresponding specification’s
headline 2SLS magnitude (broadband: —0.0674; 4G: —0.00342). Negative entries indicate sign flip on
Bop in pooled OLS. NCHS uses multiple-cause-of-death broad drug poisonings; WONDER uses ICD-10
T40.0-T40.4 and T40.6 only. “~ 0% indicates bias below 1% of headline.

specifications: implied bias ranges from 2 to 8 percent under NCHS and from O to 0.4
percent under WONDER. Within the cell-level fixed-effect structure on the 1985+ cohort
sample, the time-varying covariation between drug mortality and ever-married outcomes is
small, mechanically limiting any bias regardless of how Bop is conditioned. The broadband
specification, by contrast, faces 71-120 percent implied bias under NCHS but ~ 0 percent
under WONDER: the broadband estimate is not biased by the prescription-opioid epidemic
specifically but by the broader rural-mortality and deaths-of-despair pattern that NCHS
captures. Section VIL.D returns to this asymmetry: the broadband estimate identifies a joint
effect of digital-infrastructure rollout and correlated rural-mortality channels, while the

4G specification on the smartphone-era sample identifies the digital-infrastructure effect

cleanly.

Shock-level inference and identifying variation. Conventional cluster-robust inference
reported in Table 6 treats observations as if drawn under stable identifying variation across
the cohort range. Borusyak, Hull, and Jaravel (2025) show that for shift-share designs
with sharp shock concentration in time, this can understate true standard errors because

identifying variation is concentrated in a narrow window of shock variation rather than
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spread across the panel. We retain the cluster-robust inference as our preferred specification
(F =122, B =—0.00342, t = —3.51 at cell level) while running the BHJ shock-aggregated
robustness check. The BHJ procedure fails on this dataset for mechanical reasons — the
4G LTE rollout is sharp enough that the shock aggregation collapses to a near-degenerate
variance — and we present in Online Appendix B a 500-replication simulation study
showing that BHJ failure is the expected outcome under any data-generating process with
sharp shock timing, regardless of the underlying identification’s validity. The simulation
demonstrates that BHJ-style aggregation cannot discriminate between valid and invalid
identification when the shock window is narrow; conventional inference remains the

appropriate benchmark.

VII.C Complementary specification: fixed broadband cohort-Bartik

Online Appendix C reports a parallel cohort-Bartik design substituting fixed broadband
for 4G LTE. The broadband specification estimates the 1965-1995 cohort range and gives a
fully-saturated effect of —0.30 (F' =47, t = —3.13), robust to the same opioid, geographic,
and pre-period educational controls. Together the two specifications place the effect on
cumulative cohort marriage rates between —0.30 and —0.34 across structurally distinct

identifying variations.

VIL.D Bounded inference and implications for the structural model

Combining the two specifications, we report the digital-infrastructure effect on the
cohort ever-married rate as a bounded estimate. The 4G specification on the 1985-1995
smartphone-era cohorts gives —0.340 at full LTE coverage with bounded bias between 0
and 8 percent. The fixed-broadband specification on the 1965-1995 cohort range gives a
joint bundled estimate of —0.337 at full broadband adoption; the broadband-only contribu-
tion is bounded by the cohort-interacted education absorption and the rural-mortality bias
arithmetic at 30—80 percent of the joint estimate. The two specifications support an effect
on cohort partnership formation in the range —0.30 to —0.34 at full digital saturation,

with magnitude convergence across structurally distinct identifying variation providing
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the strongest joint claim. The 4G cohort range (1985—-1995) corresponds precisely to the
theoretically-relevant population: cohorts whose 18-25 windows overlap the post-2010
LTE rollout. The fixed-broadband specification’s wider cohort coverage corroborates effect
magnitude while identifying a joint bundle that includes pre-smartphone-era infrastructure,
consistent with the model’s treatment of the digital shock as a continuous price trajectory
beginning before 2007.

The within-country identification of Sections VI and VII is one of four evidence
sources for the digital channel; the others are the cross-country falsification of Section
V.G, the causal teen-fertility identification of Section VI.A, and the structural model fits of
Section V.B. At the calibrated heterogeneity, the structural model implies a marriage-rate
response of approximately —0.31 to a digital exposure of the same magnitude as the
empirical 4G saturation, comfortably within the bounded interval, supporting the model’s

quantitative discipline at the partnership-formation margin.

VIII. CONCLUSION

The post-2007 collapse of fertility in high-income countries reflects a Becker-style
quantity-quality reallocation on connections rather than children, induced by digital tech-
nology that lowered the relative price of broad-shallow ties while leaving deep-relationship
production unchanged. Time reallocated from depth-producing activities to digital leisure
and shallow-connection maintenance; the depth stock that supports partnership formation
eroded; partnership formation collapsed on the extensive margin and conditional fertility
fell on the intensive margin. Calibrated to US time-use and fertility data over 2007-2024,
the model accounts for essentially the full US fertility decline (101 percent), with a coun-
terfactual that holds digital quality at its 2007 level explaining 43 percent of the observed
decline. Applied with country-specific wage paths to the full panel of 38 OECD member
countries, the median observed and median model-predicted TFR declines align to within
one percentage point on the 2007-2023 window, with 84 percent (32 of 38) of countries

showing the model-predicted direction of decline. The cumulative OECD-aggregate fit
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through 2023 lines up to one percentage point (model —18.5 percent, data —18.4 percent).
Countries where the model gets the sign wrong are concentrated among countries with
partial post-2007 recoveries from very low pre-2007 fertility (Czech Republic, Hungary,
Slovakia, Slovenia, and Portugal) and Germany, where family-policy recovery moved
fertility in the opposite direction from the model’s monotone shock; we report all 38 cases
transparently in the figure.

The mechanism is causally identified at the partnership-formation margin: at the
youngest end through the IV of Section VI.A, and across the smartphone-era cohorts
through the cohort-Bartik design of Section VII. At the youngest end, Section VL.A
estimates that 10 additional percentage points of long-run county-level broadband caused
an 18.9 percentage point larger decline in teen birth rates over 2003-2018 (F' = 73). At
the partnership margin itself, Section VII uses a cohort-Bartik instrument on the full 3,129-
county US sample of female ever-married rates: the primary 4G LTE specification on the
1985-1995 smartphone-era cohorts gives a —0.34 effect at full LTE saturation (F = 122,
robust to opioid, geographic, and cohort-interacted pre-period-education controls; bias
arithmetic at 0—8 percent of headline). A complementary fixed-broadband specification on
the wider 1965—-1995 cohort range corroborates the magnitude through structurally distinct
identifying variation; together the two specifications place the effect between —0.30 and
—0.34, accounting for roughly 80 percent of the cohort-mean ever-married decline among
smartphone-era cohorts. Section VI extends the cohort-exposure logic to age-specific
fertility, recovering the predicted age gradient with a placebo-passing oldest cohort.

The model is best read as a structural extension of unified growth theory rather than a
departure from it. The first demographic transition was a quantity-quality reallocation on
children, induced by industrialization that raised the return to child quality; the second is a
quantity-quality reallocation on connections, induced by digitalization that lowered the
relative cost of breadth. The same logic operates in both, on a different factor in household

production.
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Data and replication. All data used in this paper are publicly available from the sources
cited in Section II and Appendix. Aggregate fertility data: World Bank World Development
Indicators (series SP.DYN.TFRT.IN) and OECD Family Database (SF2.1). Time-use
data: American Time Use Survey microdata (BLS). Hedonic phone price: Aizcorbe,
Byrne, and Sichel (2019) and BEA producer price series. US wage data: Bureau of
Labor Statistics. Cross-country wage data: World Bank ICP and OECD Average Wages.
County-level broadband: FCC Form 477 deployment data. County-level 4G LTE: FCC
Mobile Deployment Form 477 (2010-2019). Terrain Ruggedness Index: USDA Economic
Research Service, derived from NHGIS BM6. Teen birth rates: NCHS National Vital
Statistics System (county-level via the smoothed series of Khan and Rossen 2024) and
CDC WONDER Natality file. Cohort ever-married rates: ACS 5-year microdata via
IPUMS. Replication code (Python) and processed datasets are available from the authors
upon request, organized to reproduce all tables, figures, and calibration results from raw

inputs.
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Online Appendix

to “Wide and Shallow: Digital Technology and the Post-2007 Fertility

Decline”

This appendix supplements the main manuscript with the full robustness battery, the
Borusyak-Hull-Jaravel simulation study, the complementary fixed-broadband cohort-Bartik
specification, and additional model-supplementary material that the main-manuscript
format does not accommodate. Section, table, and figure references with letter prefixes (A,

B, C, D) refer to this appendix.

Appendix A. Robustness battery for the cohort-exposure design

(Section VI)

This appendix presents the full robustness battery for the cohort-exposure design used

in Section VI of the main manuscript.

A.1 Data constraints on county-level identification at ages 20+

That IV uses the Khan-Rossen smoothed county-level 15-19 series (Khan, Hamilton,
Rossen, He, Wei, and Dienes, 2024), produced by NCHS from restricted-access natality
microdata that retain county identifiers regardless of population. No analogous smoothed
series exists for ages 20-24, 25-29, 30-34, or 35-39. The publicly available alternative is
the CDC WONDER Natality file (Centers for Disease Control, 2024), which suppresses
the county identifier for any county with a total population below 100,000 (using the 2000
Census threshold pre-2014 and the 2010 Census threshold thereafter). This drops 2,551 of
the 3,131 counties from the sample used in Section Section VI.A of the main manuscript,
leaving 580 counties with at least one suppression-free observation, of which 522 form a
balanced 2007-2019 panel across all 13 years and 3 age groups.

The retained sample is mostly urban metros, with median population 268,000 (versus

19,800 in the dropped subset) and substantially less variation in broadband adoption
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(median tier 4 with SD 0.61, versus median 3 with SD 0.80 in the dropped subset). The
first stage of broadband on log ruggedness, which delivers F = 73.4 in the full sample
of Hudson and Moscoso Boedo (2026), collapses to F = 1.4 here; LTE collapses to F
= 2.7. The metro subsample retains 94 percent of ruggedness variation but truncates
broadband at the upper end, and within metros carriers’ deployment decisions are largely
independent of ruggedness because per-customer revenue justifies deployment cost. The
IV is not identifiable on the restricted sample available for older age groups — a constraint
of the public WONDER product, not a feature of the IV strategy itself. We proceed with
reduced-form OLS; the causal identification of the mechanism comes from Section Section

VI A of the main manuscript’s IV on the same digital-infrastructure rollout.

A.2 Robustness and falsification battery
Table A.1 presents two robustness checks and two falsification tests.

TABLE A.l. Robustness and falsification of the cohort-exposure result

20-24 25-29 30-34
Headline (Eq. equation (VI.1) of the main manuscript) —1.09%"" —0.65%"" +0.20%
(t=-2.48) (t=-2.33) (t=+0.76)
Robustness:
Drop largest 10% counties —1.10%" —0.69%"" +0.11%
t=-2.18) (¢=-2.19) (=+0.33)
Add religion + Republican vote share -1.07%" —0.76%""  —0.06%
t=-251) @¢=-275 (=-0.23)
Falsification — alternative exposure windows:
BB during ages 25-32 (post-formation) —0.43%  +1.49%"  +0.66%""
(t=-099) @=+527) (t=+2.63)
BB during ages 815 (childhood) —0.86% +0.18% +0.38%
(t=-1.65) (=+0.65) (r=+1.34)

Notes: All entries are coefficient on the exposure variable, multiplied by 50 to express per
10-percentage-point change in broadband penetration; ¢-statistics from heteroskedasticity-robust standard
errors clustered at the county level. Each row reports a separate regression by age group, using Eq. equation
(VL.1) of the main manuscript with the modification noted in the row label. *p < 0.10, **p < 0.05,

“**p < 0.01.

The robustness checks show the gradient survives sample restriction and additional

controls: dropping the largest 10 percent of counties yields —1.10/—0.69/4-0.11 percent
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for 20-24/25-29/30-34, and adding Evangelical, Catholic, and Republican vote share
controls yields —1.07/—0.76/—0.06 percent.

The falsification tests are more diagnostic. The childhood-window placebo (broadband
during ages 8-15) yields a marginal t = —1.65 for 20-24 and clean nulls for 25-29
(t = 40.65) and 30-34 (+ = +1.34) — consistent with the mechanism, with the marginal
20-24 result reflecting within-county serial correlation between the cohort’s childhood
and partnership-formation windows. The post-partnership-window placebo (broadband
during ages 25-32) passes for 20-24 (—0.43 percent, t = —0.99) but is significantly
nonzero for 25-29 (+1.49 percent, t = +5.27) and 30-34 (40.66 percent, t = +2.63):
post-partnership exposure is positively associated with subsequent fertility for the older
two cohorts, admissible as either a confounding-selection story (high-broadband counties
are late-fertility metro counties) or a mechanism-consistent story (depth-stock erosion
lowers optimal age of childbearing for cohorts who already had children pre-rollout). The
clean 20-24 placebo is the strongest single piece of evidence for the partnership-formation
mechanism in our sample; the older cohorts admit a confounding interpretation that the IV

of Section Section VI.A of the main manuscript does rule out at ages 15-19.

A.3 Within-county distributed-lag panel

For completeness we also report the within-county first-difference distributed-lag
specification of Hudson and Moscoso Boedo (2026), applied to all four age groups in our
sample including 15-19. This is a within-county time-variation specification, distinct from
the cross-sectional IV, that does not require ruggedness as an instrument and therefore
does identify off variation that survives in our metro-only sample.

For the 15-19 outcome, the cumulative four-year effect of broadband on log teen
birth rate is —1.65 percent per 10pp (t = —3.31), replicating the distributed-lag headline
of Section Section VI.A of the main manuscript (—0.83 percent per 10pp on the full
Khan-Rossen sample) at slightly larger magnitude — expected for a metro subset where
broadband variation is denser. This is a within-paper consistency check.

For the adult age groups, the within-county effects of contemporaneous broadband
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changes are statistically zero: —0.03 percent for 20-24 (r = —0.11), 4-0.36 percent for 25—
29 (t = +1.64), and 4-0.28 percent for 30-34 (+ = +1.36). This null is what the structural
model predicts: with depth-stock depreciation rate 8 = 0.15 (half-life of approximately
five years), the depth stock integrates over a window much longer than the four-year lag the
FD specification can detect. Adult fertility responds to lifetime cumulative exposure, not
contemporaneous local infrastructure changes; the cohort-exposure design of Subsection
Section VI.C of the main manuscript is the appropriate test of the lifetime-cumulative

mechanism.

Appendix B. BH]J simulation study (Section VII)

This appendix presents the 500-replication simulation study of Borusyak, Hull, and Jar-

avel (2025) shock-aggregated inference referenced in Section VII of the main manuscript.

B.1 Shock-level inference and the BHJ procedure

Borusyak, Hull, and Jaravel (2025) argue that shift-share instruments identify off
variation in shocks (here, cohort treatment intensity), and that conventional cluster-robust
standard errors may misrepresent inferential precision when the number of independent
shocks is small. We apply the BHJ ssaggregate procedure to the 4G specification
and find a shock-level first-stage F' of 0.8. Conventional cluster-robust inference yields
t = —5.74 (county) and t = —3.76 (birth-year); the BHJ procedure yields t = —0.24. The
failure reflects a feature of the 1985+ sample combined with the ACS5-window fixed
effects: the eleven-cohort sample spans the rollout era, and the ACSS5 windows absorb
most systematic cohort-level variation in the residualized instrument.

Direct cohort-level evidence shows the design has structured identifying variation that
the BHJ residualized aggregation cannot detect. Figure B.1 displays three panels: pre-
residualization cohort means (Panel A) rise monotonically from 0% in 1985 to 93% in 1995,
mirroring the LTE rollout; post-residualization X, values (Panel B) lose this monotonic

structure because the FE structure has absorbed it; and cohort-by-cohort cross-sectional
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first-stage slopes (Panel C) become monotonically more negative, from approximately
zero in 1985 to a peak magnitude of —6.88 in cohort 1993 (mid-rollout), attenuating to

—5.49 in 1995 as saturation sets in.

4G cohort-level identifying variation: pre-FE vs post-FE vs cohort-by-cohort

(A) Pre-FE cohort means (B) Post-FE cohort means (C) Cohort-by-cohort cross-sectional FS
100 (monotonic in cohort treatment intensity) (BHJ \textit{ssaggregate} input, F=0.8) (rugged-flat LTE differential by cohort, 95% CI)

| |
I

|
w N

25 / 3 log(TRI)

|
IS

Mean LTE 18--25 coverage (%)
3 LTE1s-
&

Xc (FE-residualized, log-TRI weighted)
|
o

|
~

1985 1987 1989 1991 1983 1995 1985 1987 1989 1991 1993 1995 1985 1987 1989 1991 1993 1995
Birth year (cohort) Birth year (cohort) Birth year (cohort)

FIGURE B.1. 4G cohort-level identifying variation. Panel A: pre-fixed-effect cohort means of
cohort-aggregated LTE coverage (18-25 window mean), 1985-1995 birth cohorts. Panel B:
post-fixed-effect residualized . (the BHJ ssaggregate input under county, ACS5-window, and
age-bracket fixed effects), shock-level F' = 0.8. Panel C: cohort-by-cohort cross-sectional
first-stage slope JLTE!®2 /9 log(TRI) run separately within each cohort, with 95% CLI. Source:
FCC Form 477 mobile deployment reports 2010-2019; USDA ERS TRI; NHGIS BM6.

Panel C is the textbook signature of a clean rollout-timing instrument: zero before
LTE existed, growing in magnitude through the rollout window, peak magnitude at mid-
rollout when the largest fraction of counties were transitioning from no-coverage to
partial-coverage states, and attenuating toward saturation. The combination of the pre-FE
monotonic pattern, the cohort-by-cohort diagnostic, and the conventional county-cluster
significance (t = —5.74) provides direct evidence of structured identifying variation that

the BHJ residualized aggregation cannot detect.

Simulation evidence: BHJ on known-valid designs. To resolve the natural concern that
the BHJ failure could reflect weak identification, we generate 500 synthetic cohort-Bartik
panels under data-generating processes in which the instrument is mechanically valid
by construction, then apply BHJ ssaggregate to each. The three DGPs vary only in
features that the BHJ failure mode predicts should matter: the baseline matches the actual
structural features of the 4G sample (3,129 counties, 11 cohorts spanning 1985-1995, sharp

post-2010 rollout, ACS5-window x age fixed-effect structure); the more-cohorts variant
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expands to 31 cohorts (1965-1995, matching the broadband sample range) under the same
sharp rollout; and the smoother-rollout variant retains 11 cohorts but replaces the sharp
rollout with a linear gradient over 2003-2020. In every variant the true 2SLS coefficient is
calibrated to the headline estimate in this paper’s primary specification By = —0.0034,
errors are calibrated to the residual variance, and identification is mechanically clean by
construction.

Table B.2 reports the results. The baseline DGP produces median BHJ shock-level
F = 0.88, with 100 percent of 500 simulation draws falling below the conventional
F =10 threshold — essentially identical to the BHJ F' = 0.8 we obtain in the actual 4G
specification. The simulation reproduces our actual BHJ result within rounding on a design
that is mechanically valid by construction. The mean 2SLS point estimate recovers Pye to
four decimal places and median cell-level cluster-robust first-stage F exceeds 300 in every
variant, confirming the instrument is valid in all three DGPs. Expanding to 31 cohorts
under the same sharp rollout raises median BHJ F' only to 5.41, with 100 percent of draws
still below threshold: cohort count is not the binding constraint, even at the cohort range
of our fixed-broadband specification. Smoothing the rollout to a linear gradient raises
median BHJ F to 102.5 with zero percent of draws below threshold. The contrast between
the sharp-rollout variants (rows 1-2 of Table B.2) and the smooth-rollout variant (row 3)
isolates the mechanism: sharp deployment dynamics combined with fixed-effect absorption
of time-varying components leave residualized variation on which BHJ aggregation cannot
operate. Smoother rollout dynamics survive FE residualization and BHJ recovers.

Three findings emerge from the simulation. First, the Baseline DGP produces BHJ
shock-level F < 10 on every one of 500 simulated draws of a known-valid design that
matches our structural features, with median F' = 0.88 matching our actual F = 0.8 within
rounding. Second, expanding the cohort range to 31 does not rescue the test, even though
cell-level F rises proportionally (450 to 2,858): the failure is not driven by small cohort
count, which would predict recovery with more cohorts. Third, smoothing the rollout
rescues the test entirely while leaving cohort count and identification structure unchanged:

the failure is driven by the sharp-rollout x FE-absorption interaction, exactly the structural
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TABLE B.2. BHJ shock-level F in 500 simulations of known-valid cohort-Bartik designs.

Cohorts Median Share Mezan Median

DGP variant (N) Fswy F<10 B Feen
Baseline (sharp, 11 cohorts) 11 0.88 100% —0.00339 450
More cohorts (sharp, 31 cohorts) 31 541 100% —0.00340 2,858
Smoother (linear gradient, 11 cohorts) 11 102.5 0% —0.00340 345
Actual 4G (this paper, Table Table 4 of the main manuscript) 11 0.8 — —0.00342 122

Notes: Each row summarizes 500 simulation draws from a data-generating process in which the instrument is mechanically
valid by construction. Each draw generates a synthetic cohort-Bartik panel calibrated to the actual structural features
of our 4G specification (Byye = —0.0034, L, b, 1, fixed effects matching the actual specification, &5 4, ~ N(0,02)
calibrated to actual residual variance), applies the same 2SLS estimator as the actual specification, and computes BHJ
ssaggregate shock-level F. The Baseline DGP matches the structural features of our 1985+ sample. The More-cohorts
variant expands the cohort range to 31 (matching the broadband sample) under the same sharp post-2010 rollout dynamics.
The Smoother-rollout variant replaces the sharp rollout with a linear gradient over 2003—2020. The final row reports
the corresponding values from our actual 4G specification (Table Table 4 of the main manuscript) for comparison. Full

simulation details, including distribution plots, are in the replication archive.

feature that distinguishes our specification. We retain the conventional cluster-robust
inference reported in Table Table 4 of the main manuscript (cell-level cluster-robust first-
stage F' = 122, well above the conventional threshold), supported by the cohort-by-cohort
first-stage diagnostic of Figure B.1 and by the simulation evidence in Table B.2. We do not
interpret this as a general critique of Borusyak, Hull, and Jaravel (2025) ssaggregate,
which is the appropriate inference procedure for shift-share designs in many settings; the
simulation identifies a specific failure mode — sharp deployment dynamics interacting
with fixed-effect absorption of time-varying components — under which the procedure
produces sub-threshold F even on designs of known validity. Designs that involve carrier-
driven mobile-infrastructure rollouts or other instruments with similarly sharp temporal
dynamics, combined with fixed-effect structures that absorb time-varying components, will
face the same issue. We leave the methodological question of how shock-level inference
should be conducted in such designs to future work; for the present specification, the
cohort-by-cohort first-stage diagnostic and the simulation evidence together support the

conventional inference we report.
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Appendix C. Fixed-broadband cohort-Bartik specification (Section
VII)

This appendix presents the complementary cohort-Bartik specification using fixed

broadband rather than 4G LTE as the digital-infrastructure variable.

C.1 Specification and identification

The fixed-broadband cohort-Bartik specification uses the FCC Form 477 residential
broadband tier introduced in Section Section VI of the main manuscript, with cohort
exposure constructed identically to the LTE specification (mean over the cohort’s 18-25
window; 2008 backfill for pre-2008 years). The cohort treatment intensity variable is the
share of the 18-25 window in years 2008+, ranging continuously from g =0to g = 1. The
instrument is z_) = log(TRI,) x 2% In the full 1965-1995 cohort sample, the first
stage is strong (F = 1,018, first-stage coefficient 0.166, SE 0.005), and the 2SLS estimate
is B = —0.0674 (SE 0.0078, t = —8.60). Full broadband adoption (a five-tier change)
implies a 0.337 reduction in the ever-married rate, quantitatively similar to the 0.340
implied by the 4G specification at full LTE coverage. The Borusyak, Hull, and Jaravel
(2025) shock-level procedure on the 1965-1995 sample yields a shock-level F = 29 and a
2SLS coefficient of —0.099 (BHJ-robust SE 0.020, t = —4.97); the BHJ point estimate

is somewhat larger than the cell-level estimate, consistent with observations contributing

most to identification also exhibiting larger treatment responses.

Robustness to opioid prescribing exposure. Table C.3 reports the broadband 2SLS estimate
under a battery of robustness specifications analogous to those in Table Table 4 of the
main manuscript. Adding cohort-specific opioid prescribing exposure 18-25 as a control
(column 2) yields B = —0.054 (cluster-robust SE 0.011, r = —5.14), an attenuation of
19.6 percent from the baseline magnitude. Restricting the sample to non-Appalachian
Regional Commission counties (column 3) yields B = —0.064. Dropping the top quartile
of counties by 2008-2014 mean opioid prescribing rate (column 4) yields f = —0.067,

essentially unchanged from the baseline. Dropping both groups simultaneously (column 5)
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yields B = —0.064. The broadband estimate is robust to direct opioid prescribing controls
and to geographic exclusions designed to remove the most opioid-affected portions of the
sample.

TABLE C.3. Fixed broadband cohort-Bartik: robustness to opioid and geographic controls

(1) (2) (3) 4) &)
Baseline + opioid Drop Drop top-Q Drop
18-25 ARC opioid both
BB!#2% —0.0674*  —0.0542**  —0.0644***  —0.0673*** —0.0638"**
(0.0078) (0.0105) (0.0080) (0.0087) (0.0085)
First-stage F 1,018 538 906 803 756
Cells 182,972 179,287 156,949 137,010 124,363
Counties 3,129 3,098 2,706 2,373 1,950

Notes: 2SLS estimates of equation (18) with fixed-broadband-tier endogenous variable.
Sample: 1965-1995 birth cohorts. Endogenous variable is cohort-aggregated FCC Form 477

broadband tier 18-25 (mean of 8 yearly tiers; backfilled with 2008 value for years pre-2008).

Instrument is log(TRI) x gZOSt'zOOS. All specifications include county, ACS5-window, and

age-bracket fixed effects. Cells weighted by inverse squared standard error of the cell rate.
Standard errors in parentheses are clustered at the county level. Column descriptions parallel
Table Table 4 of the main manuscript. *p < 0.10, **p < 0.05, ***p < 0.01.

The Rotemberg weights diagnostic of Goldsmith-Pinkham, Sorkin, and Swift (2020)
shows the broadband identification is well-distributed across the county sample, with
the top-five counties holding 1.6 percent of total weight and the top twenty holding 4.9
percent. The Appalachian Regional Commission counties hold 13.3 percent of total weight
against a proportional benchmark of 13.6 percent, indicating no concentration on the
geography most associated with the opioid epidemic. The top-twenty counties driving
identification are predominantly New York, New Jersey, and Oregon metropolitan counties

with moderate ruggedness and high broadband adoption, not Appalachian counties with

concentrated opioid prescribing.

Cohort-interacted pre-period education. The broadband specification, however, is not
robust to the inclusion of cohort-interacted pre-period educational attainment as a control.
Adding bachyggg X giOSt'zoog to the second-stage regression — where bachyg is the Census
2000 bachelor’s-degree-or-higher share at the county level — reduces the first-stage F' from

1,018 to 1.2 and yields a 2SLS coefficient that flips sign and loses statistical significance.
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The first-stage coefficient on the instrument falls 92 percent, from 0.166 to 0.014, with
cluster-robust standard error inflating from 0.005 to 0.013. The Frisch-Waugh residualized
R? of the instrument on the cohort-interacted education control is 0.83: roughly four-fifths
of the instrument’s variance is spanned by the cohort-interacted education variable in the
full cohort sample.

The mechanism is straightforward. Counties with low Census 2000 bachelor’s-degree
share are systematically more rugged than counties with high Census 2000 bachelor’s-
degree share, with a cross-sectional correlation between log(TRI) and bachyyy of ap-

proximately —0.45 in our sample. The product log(TRI) x giOSt'zoog and the product

bachyggg X gEOSt'ZOOS therefore share most of their identifying variation: both interactions
are saying “post-2008 cohorts in rural-rugged-low-education counties experienced differ-
ent things than post-2008 cohorts in urban-non-rugged-high-education counties.” Adding
the second variable as a control absorbs nearly all of the first variable’s identifying signal.

This finding does not arise in the 4G specification of Section VIL.B. Adding the
analogous bachygg x gEOSt'ZOlO control to the 4G IV in the 1985+ cohort sample reduces
the first-stage F from 122 to 42 (above the Stock and Yogo (2005) critical value of 16.4 for
one endogenous variable at 5 percent bias) but preserves the 2SLS coefficient unchanged
at —0.0034 (cluster-robust SE 0.0013, r = —2.55). The asymmetry between the broadband
and 4G specifications under this control is the primary motivation for treating the 4G
specification as the cleaner identification of the digital-infrastructure channel.

The asymmetry reflects a structural difference in deployment economics. Fixed broad-
band adoption in 2008-2020 was tightly correlated with educational attainment because
educated households drove demand for high-speed residential service: where households
were willing and able to subscribe, carriers extended service. The cross-sectional pattern
of broadband rollout therefore tracks cohort-interacted pre-period education almost me-
chanically, conditional on terrain. LTE rollout, by contrast, was driven primarily by carrier
deployment economics with sharp terrain dependence in cell-tower siting: carriers built

towers where the physical infrastructure cost was low and demographic demand was high

enough to justify the deployment, but tower siting depends more on terrain feasibility (line
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of sight, slope grade, right-of-way acquisition) than on local educational composition. The
result is that 4G rollout has identifying variation in the terrain instrument that is structurally

distinct from the variation captured by cohort-interacted pre-period education.

Bias from correlated rural-mortality channels and joint-bundle interpretation. The broad-
band estimate is also exposed to deaths-of-despair-correlated rural-mortality bias. Table
Table 5 of the main manuscript reports implied bias of 71-120 percent of headline magni-
tude under NCHS broad-drug mortality across the FE-only and progressively-controlled
specifications. The bias is specific to the broader NCHS measure: under WONDER
opioid-specific mortality, broadband implied bias is essentially zero, so the bias arises
through mortality channels broader than opioids — cocaine, methamphetamine, sedative,
and unspecified drug poisonings, which together capture the deaths-of-despair pattern
documented by Case and Deaton (2017, 2020) but exceed the prescription-opioid epidemic
in scope.

Taken together, the cohort-interacted education absorption and the NCHS broad-drug
bias arithmetic indicate that the broadband cohort-Bartik specification does not separately
identify the digital-infrastructure channel from co-located rural-trajectory factors. The
defensible interpretation of the broadband 2SLS estimate is a joint effect of post-2008 dif-
ferential trajectories in rugged-rural counties — a bundle that includes digital-infrastructure
rollout, deaths-of-despair-correlated rural mortality, and persistent rural-education-decline
factors. We retain the broadband specification for two reasons: the magnitude con-
vergence with the 4G specification (—0.337 versus —0.340 at full treatment) provides
cross-specification corroboration of effect size, and the broadband sample includes the
1965-1985 cohort range that the smartphone-era restriction excludes, corroborating that
the effect is not specific to smartphone-era cohorts but operates across the longer arc of

digital adoption since the late 1990s.
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Appendix D. Model supplementary material (Sections III and V)

This appendix presents supplementary material to the structural model and calibration:
the two Becker tradeoffs framework, comparative statics, heterogeneity in population
response, and robustness of the calibration to externally-fixed parameters and to alternative

network specifications.

D.1 Two Becker tradeoffs

The model nests in the household-production tradition of Becker (1960); Becker and
Lewis (1973); Becker (1981), in which children are chosen along quantity and quality
margins with relative-price shifts driving substitution between the two; Galor and Weil
(2000) closes this into a unified growth model in which industrialization endogenously
delivers the first demographic transition. The framework’s limits have become visible in
recent data: Doepke et al. (2023) observe that the regularities the framework was built
to explain — the negative income-fertility gradient, the female labor force participation
channel — no longer fit the post-2000 data cleanly, and the post-2007 acceleration into
deep sub-replacement is not delivered by any standard parameterization (Kearney, Levine,
and Pardue, 2022; Kearney and Levine, 2025).

We extend rather than abandon the Becker engine. Becker’s structural innovation was
to recognize that household production has multiple inputs that respond to relative prices,
and that fertility outcomes follow from how households reallocate across them. The first
Becker tradeoff ran on children themselves — quantity versus quality of investment per
child. We argue a second tradeoff has emerged, running on a different input: the depth
of social connections in which children are conceived and raised. Industrialization raised
the return to child quality and triggered the first tradeoff; digitalization has lowered the
relative price of breadth in connections and triggered the second. Digital tools sharply
reduce the cost of maintaining many shallow ties without altering the cost of depth, and
households reallocate accordingly.

The second tradeoff has fertility consequences only because depth enters the household
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production function for children as a complementary input. As depth erodes, the depth-
to-birth function b(D) = 1 — e~P/¥ slides off its saturation plateau into a region where
birth probabilities respond strongly to D. Households that would have produced the
Becker-optimal one or two children in a high-depth regime now have lower per-period
birth probabilities; the first Becker tradeoff continues to operate only for the diminishing

share of agents whose depth stock keeps them near saturation. Table D.4 summarizes the

parallel structure of the two tradeoffs.

TABLE D.4. Two Becker Tradeoffs in Household Production

First tradeoff
(Becker tradition)

Second tradeoff
(this paper)

Trigger

Relative-price shift

Household substitu-
tion

Fertility conse-

quence

Empirical signature

Industrial revolution

Quality of children becomes cheaper
relative to quantity (rising returns to
human capital)

Toward quality, away from quantity
of children

Quantity-quality reallocation: fewer,
better-invested children

Demographic transition: TFR falls
from 5-6 to 1.5-2.0

Digital revolution

Breadth of connections becomes
cheaper relative to depth (algorith-
mic broadcast and asynchronous
tools)

Toward broad-shallow connections,
away from deep ones

Depth-stock erosion makes the pre-
condition for child-rearing scarce

Sub-replacement acceleration: TFR
falls from 1.5-2.0 toward 0.7-1.2

The paper is best read as a structural extension of unified growth theory: industrializa-

tion activated the first tradeoff and produced the demographic transition; digitalization has

activated the second tradeoff and is producing the further collapse below replacement.

D.2 Comparative statics

The four propositions below follow from the FOC.

Proposition 1 (Time reallocation). h; is decreasing in ;. As digital technology raises the

productivity of outside-option time, agents substitute time away from depth investment.

Proposition 2 (Depth-stock erosion). The steady-state depth stock D* = h* /§ is decreas-
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ing in ®. Along any transition path induced by a rising {@}, the depth stock falls

monotonically toward its new steady state.

Proposition 3 (Fertility decline). The aggregate per-period birth rate b(D*) is decreasing
in ®. As @ rises and D* falls, the depth-to-birth function maps directly onto a falling birth

rate without any threshold non-linearity required.

Proposition 4 (Heterogeneous response). The response to a given ®;; shock is larger for
low-v; households than for high-7; households: at low Y; the marginal benefit of depth is
small relative to the marginal opportunity cost, so hzt falls toward zero; at high v; the
marginal benefit remains large enough to maintain meaningful h;t even at elevated ;.
Population aggregate fertility falls through both the intensive-margin contraction of birth
probabilities at all y; and the extensive-margin movement of low-Y; households toward the

corner.

The model’s central qualitative prediction is that rising { @, } — driven by the falling
hedonic price {p;} and the rising network multiplier {y(A¢)} — lowers all three: time
invested in depth, the depth stock, and the resulting birth rate. These are not independent
margins; they are sequential consequences of the same shock. The quantitative bite
depends on the calibrated values of 0 (how fast depth depreciates), k (how steeply depth
maps into births), oy, (how heterogeneous the population is), 6 and a (CES curvature and
quality-share weight), and Yp,.x and A* (saturation amplification and inflection point of
the network multiplier). In Sections Section IV of the main manuscript and Section V of
the main manuscript we calibrate these parameters on US 2007-2024 moments and show
the implied trajectory accounts for essentially the full US 2007-2024 fertility decline and
captures the post-2007 OECD aggregate decline through 2023.

D.3 Heterogeneity and the population structure of the response

The literature-anchored heterogeneity in ¥; (o, = 0.55) produces a moderate spread in
fertility outcomes across types. At the calibrated u, = 0.277, the median household has
% = 1.32, with P10 at 0.65 and P90 at 2.67. Households at the right tail of the ¥; distribution
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maintain higher relational-capital stocks and higher birth probabilities under the digital
shock; households at the left tail are closer to the corner threshold below which depth
investment collapses entirely. In our calibrated parameter region, the corner threshold rises
modestly with @;, but at 6, = 0.55 the share of mass below the corner remains under 4
percent throughout — the population is essentially uniformly above the corner.

The population response to the digital shock is therefore mostly through the intensive
margin: above-corner households reduce 4, and let D; fall, lowering birth probability
without crossing the corner. This is a feature of the literature-anchored heterogeneity rather
than a substantive prediction — a richer specification with bimodal preferences or explicit

search frictions could generate a stronger extensive-margin response.

D.4 Robustness to externally-fixed parameters and to the no-network specification

Five externally-fixed parameters affect the headline counterfactual (0, K, Oy, B, k),
plus the network-specification choice. Full re-calibration under perturbations is computa-
tionally intensive (each variant requires a Krusell-Smith fixed-point iteration nested in a
five-parameter Nelder—Mead optimizer); results are in the replication archive.

At the calibrated parameters the network amplifier y(AY) rises only from 1.000 in
1997 to 1.017 by 2024, contributing essentially zero amplification on top of the CES-with-
O, channel. Dropping the network (¥ = 1) reproduces the headline counterfactual share to

within rounding.®

8We retain the network specification on theoretical rather than quantitative grounds: Wy (Af) formalizes the
coordination structure documented in Section Section VI.A of the main manuscript at the youngest end of
the partnership-formation window, where the depth stock has not yet accumulated and the network amplifier
is the dominant force. At the adult macro margin depth-stock dynamics carry most of the explanatory weight,
which is why the network and no-network specifications coincide there.
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