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ABSTRACT

Teen fertility collapsed globally starting around 2007. This affected countries across
the income and policy spectrum. This paper argues that smartphones changed how
teens spend time with each other, and that this change in turn drove the collapse in
teen fertility. Once enough teens are on the phone, being on the phone is where the
peer network is; in-person time falls sharply, and with it the unstructured contact in
which most unintended teen conceptions occur. A coordination model formalizes
this tipping: as the smartphone price falls, the in-person equilibrium ceases to exist
and the economy moves to a phone-mediated one. Within the United States, terrain-
ruggedness variation in broadband and 4G coverage identifies a causal effect on teen
fertility, and time-use diaries show in-person socializing among teens roughly halving
while digital leisure roughly tripled. A parallel design for England and Wales recovers
the same acceleration and the same effect of mobile coverage on teen conceptions,
ruling out country-specific contraceptive-access and welfare-reform stories. The
model predicts that the shift towards the phone-mediated equilibrium affects multiple
aspects of teen behavior. The same instrument that produces a collapse in teen fertility
produces a surge in teen suicides.
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I. INTRODUCTION

Teen fertility collapsed almost everywhere in the world starting around 2007. This is
a striking fact. Countries with very different healthcare systems, welfare regimes, abortion
laws, religious traditions, recessions, and demographic trends all saw similar breaks in
the same window. Whatever caused it was something global—something that arrived in
roughly the same form in all of these places at roughly the same time.

This paper proposes a mechanism that runs through how teens spend time with each
other. The mechanism is a coordination problem in peer-time allocation: each teen prefers
to be wherever everyone else is, and once smartphone usage passes a threshold, the
in-person equilibrium becomes self-undermining and is replaced by a phone-mediated
one. The result is a discrete change in behavior—a tipping—that follows from a smooth
underlying change in price. As the equilibrium shifts from in-person to digitally connected,
a range of teen outcomes are affected. Sexual activity, fertility, suicide, violent crime,
and depression all see changes in their dynamics in the same window, with signs that
depend on whether each outcome rises or falls with peer presence. The paper’s empirical
work is anchored on fertility, where the identification is sharpest, and uses suicide as a
sign-flipping test of the equilibrium-shift mechanism.

The rest of the paper develops this argument and the evidence behind it. Figure 1
sets out the global pattern that motivates the analysis. Panel A plots the three-year
centered log-linear growth rate of the teen birth rate (ages 15-19) across 128 coun-
tries. In the high-income subsample, the median growth rate moves sharply downward
starting in 2008 and stabilizes several percentage points below its pre-2007 trajectory.
Re-centering the time axis at each country’s own smartphone-shock onset—defined as
7, = max(iPhone., mobile80, ), the later of iPhone country-rollout and crossing 80 mobile
cellular subscriptions per 100 people—the same break appears in the full 128-country

sample.? Panel B turns from the headline fact to the age signature, plotting age-specific

2We treat the iPhone as a salient signal for the wider digital era rather than as the operative cause.
The mechanism documented in this paper does not depend on Apple’s specific device: the timing of the
smartphone shock in each country is the date at which the broader digital-infrastructure bundle—always-on
connectivity, smartphone-grade handsets, and a mass-market app ecosystem—reached enough of the teen
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FIGURE 1. Teen fertility in the digital era. Panel A shows the three-year centered log-linear
growth rate of the teen birth rate. Sub-panel Al: 19 high-income countries, 19962018, in calendar
time; the dotted vertical line marks 2007, the iPhone release year. Sub-panel A2: all 128 countries,

with time re-centered at each country’s smartphone-shock onset 7, = max(iPhone,, mobile80,).
Panel B shows age-specific fertility rate growth detrended by the country’s own crude birth rate
growth, recentered at 7., for three age aggregates: B1 ages 15-19, B2 ages 20-24, and B3 ages 25+
(population-weighted aggregate of 25-29, 30-34, 35-39, 40-44, 45-49). Heavy black line:
full-sample median; dashed line with markers: 19 high-income countries’ median; shaded bands:
interquartile range (dark) and 10-90th percentile range (light), full sample only in Panel B.
Sources: UN World Population Prospects 2024 (age-specific fertility rates, median variant); World
Bank WDI (crude birth rate SP.DYN.CBRT.IN; mobile cellular subscriptions IT.CEL.SETS.P2);
Apple press releases (iPhone country rollout dates).

fertility growth detrended by each country’s own crude birth rate growth—a within-country
detrending that nets out recessions, family policies, contraception access changes, and
demographic-transition dynamics that move all ages together. The detrended deviation falls
sharply below zero post-onset for ages 15—-19, modestly for ages 20-24, and is essentially

flat at zero for the 25+ aggregate. Whatever the smartphone shock did to fertility, it did to

peer network to tip the coordination equilibrium. We use iPhone country rollout dates because they are
well-documented and tightly clustered with the wider smartphone-era bundle in each country.



teens; the 25+ population, which accounts for roughly 80 percent of women of reproductive
age, exhibits no detrended response in the typical country.

This pattern is inconsistent with country-specific policy explanations: the relevant
policies do not exist in Norway, Sweden, Switzerland, Luxembourg, Japan, or Australia,
and Australia did not experience the 2008-2009 recession at all. The pattern is also
inconsistent with the 2008 financial crisis as the proximate cause: the depth and timing of
the recession varied sharply across the 19 high-income countries, but the teen birth rate
break did not. The near-universal timing of the break across countries with fundamentally
different healthcare, welfare, economic, and cultural environments points to a common
global technology shock.

We use the phone as the key to the digital world: it is the device through which teen
peer interaction migrates from in-person contact to digitally mediated contact, and its
falling real price is the proximate trigger that tips the coordination equilibrium.> The
mechanism is strictly one-way: the hedonic quality-adjusted price of the phone has been
falling steadily for years—by roughly 84 percent in real terms between 2007 and 2019
(Aizcorbe, Byrne, and Sichel, 2019), with substantial pre-2007 declines as well. As the
price falls, more teens adopt the phone, and as more teens adopt, the value of being on the
digital network grows through a standard network externality. At some point—identified in
the data as 2006-2007, when U.S. teen cell-phone ownership crossed 50 percent between
the November 2004 and fall 2006 Pew waves and the iPhone launch raised the salience of
the smartphone category—the network became large enough that the externality triggered
a cascade, and the coordination equilibrium jumped from the in-person to the digitally

mediated side. The tipping date is not a feature of the price trajectory, which was smoothly

3A natural alternative hypothesis is that mobile-phone radiofrequency radiation directly impairs fertility
rather than operating through behavior. Laboratory studies document reductions in sperm motility, viability,
and count under phone exposure (Adams et al., 2014; Yu et al., 2021; Rahban et al., 2023), but at the
population level no study has identified an effect on aggregate conception or birth rates, and the international
human-health committees (ICNIRP, SCENIHR) draw no firm conclusions at typical exposure levels (Kenny
et al.,, 2024). Two features of the data argue against a direct biological channel here. First, the age
gradient runs the wrong way: the birth rate among women 15-19 fell by 71 percent while the rate among
women 35-39 rose by 9 percent, even though phone use rose across all adult ages. Second, the decline is
dominated by a collapse in conceptions rather than live births (Section 6.C), which is the opposite of what a
fertility-impairment channel would predict.



declining; it is a feature of the endogenous adoption response, which reached critical mass
at that moment. Peer-time allocation exhibits positive network externalities in both in-
person and digitally mediated interaction, which generates multiple equilibria; the falling
price pulls in enough of the teen peer network that eventually the digital-side externality
dominates, with a mechanical reduction in conceptions as a consequence.

The U.S. case allows us to see the mechanism. Four pieces of evidence from the
U.S. identify the channel. First, the age gradient operates with near-surgical precision:
between 2007 and 2024, the birth rate among women 15-19 fell by 71 percent, 20-24
by 43 percent, 25-29 by 23 percent, 30-34 by 1 percent, and 35-39 rose by 9 percent.
The monotone gradient with a zero in the early thirties is difficult to rationalize with
any candidate broad economic force but fits naturally with a mechanism specific to the
unstructured peer-contact environment of adolescents and young adults. Second, the
decline is neither tempo nor a shift in pregnancy resolution: cohort data rule out delay
(women born in 1990 have completed only 1.62 children by age 33 vs. 2.16 for the 1975
cohort), and Guttmacher data rule out rising terminations (among women 15-17 over
2007-2020, pregnancy fell 70 percent and the abortion ratio held stable at 29-30 percent).
What fell was conceptions. Third, two complementary county-level specifications view the
same phenomenon through different lenses. A cross-sectional IV using terrain ruggedness
(Akerman, Gaarder, and Mogstad, 2015) as instrument for digital-infrastructure adoption,
run in parallel for fixed broadband and 4G LTE, recovers significant causal effects with
first-stage F'-statistics well above conventional thresholds. A within-county distributed-
lag panel of 3,135 counties yields gradually-building four-year cumulative effects on
both measures, with Engle-Granger cointegration confirming a stable long-run broadband
relationship at a 1.7-year half-life. Fourth, ATUS diary data measure the behavioral
mechanism directly: U.S. teens reduced in-person socializing from 68 minutes per day in
2003 to 38 in 2019 while computer-leisure rose from 22 to 96 minutes; structured activities
like sports were preserved while unstructured peer time was displaced— exactly the pattern
the model predicts.

The English and Welsh case confirms the mechanism. The paper replicates the U.S.



identification strategy for 294 local authorities in England and Wales. ONS publishes
under-18 conception rates (a direct measure of the theoretical conception hazard) by
local authority annually 1998-2021, and Ofcom Connected Nations data provide local-
authority 4G coverage. Because the NHS provides universal contraception, the welfare-
reform and Medicaid-expansion channels are absent in this setting. Under-18 conception
rates accelerated from —1.3 percent per year pre-2007 to —8.9 percent post-2007, a
6.8 acceleration that nearly matches the U.S. 5.6 x acceleration.* Recovering the same
coefficients in two countries with completely different policy environments argues strongly
that the channel is not a U.S.-specific artifact and rules out pharmaceutical-access and
welfare-reform explanations.

The paper’s central framing is therefore that smartphones accelerated a decline already
underway for reasons documented in prior literature, rather than caused the decline ab
initio. The 1991-2005 contraceptive-access story remains correct for that period. The
paper’s contribution is to identify a specific additional force—a peer-network coordination
channel generating a hysteretic regime change—that explains why the decline accelerated
to roughly double its prior pace after 2007.

The mechanism’s distinctive prediction. The coordination model of Section 3 makes a
sharper empirical prediction than a smooth-transition story would. In a smooth-transition
account the falling smartphone price generates a continuous behavioral response, with no
reason for the second derivative of any outcome to change at any particular date. In the
coordination-tipping account two equilibria coexist until the price falls below a critical
threshold, at which point the in-person equilibrium ceases to exist and the peer network
jumps to the digital equilibrium. Outcomes that depend on in-person peer time should
therefore exhibit synchronized kinks—changes in slope, not changes in level—at the

same tipping date, with the sign of each kink determined by whether the outcome rises

“The 5.6x and 6.8 x ratios compare the post-2007 annualized rate of decline to the pre-2007 annualized
rate of decline within each country. This is a different quantity than the U.S. pre-/post- ratio computed on
teen pregnancy rates (ages 15—17), which is roughly 2x (4.9% to 9.8% annualized decline; see Section 6.1).
The two ratios use different outcome series (UK conceptions vs. U.S. pregnancies; ages 15-19 vs. 15-17)
over different windows; the headline finding is that both U.S. and UK declines steepened sharply post-2007,
by similar proportional amounts in each country.



or falls with peer presence. Section 8 tests this prediction. Five U.S. teen behavioral
outcomes—the teen birth rate, sexual activity, violent-crime arrests, depression, and
the suicide rate—all kink at 2007 in the directions the model predicts, with peer-time-
dependent outcomes accelerating downward and isolation-correlated outcomes reversing
upward. The international teen suicide rate displays the same U-shape across the 19 high-
income countries used in the cross-country fertility analysis. Section 8 also extends the
within-country causal identification of Section 6 to the suicide margin: applying the same
terrain-ruggedness instrument to teen suicide rates on a 1,899-county sample (recovered
through an all-age aggregate decomposition that circumvents CDC’s small-cell suppression
rule), we obtain a positive effect of 4G coverage on the post-period teen suicide rate—a
10-percentage-point increase in coverage is associated with roughly 2.7 to 4.0 additional
teen suicide deaths per 100,000 depending on specification, against a sample-mean post-
period rate of 13.9 per 100,000. The estimate is opposite-signed to the fertility result
and of similar proportional order of magnitude, exactly as the model predicts when the
same shock acts on outcomes that rise or fall with peer presence. The broader behavioral
patterns we discuss in Section 8 both confirm the model’s distinctive empirical signature
and complement causal evidence on the mental-health margin developed independently
in the psychology literature (Twenge, Martin, and Campbell, 2018; Twenge et al., 2019;
Haidt, 2024) and in quasi-experimental economics (Braghieri, Levy, and Makarin, 2022;
Donati et al., 2025).

The remainder of the paper is organized as follows. Section 2 reviews the related
literature. Section 3 presents a coordination-equilibrium model of teen peer time and its
fertility implications. Section 4 describes the data. Section 5 develops the cross-country
descriptive evidence in detail. Section 6 presents the within-country causal identification
for the United States. Section 7 replicates the analysis for England and Wales. Section 8
tests the model’s distinctive prediction—a synchronized kink across peer-time-dependent
outcomes at the tipping date—against U.S. and international data on teen behaviors beyond

fertility. Section 9 concludes.



II. RELATED LITERATURE

This paper connects four bodies of work: the macroeconomics of recent fertility
decline, the technology-and-behavior literature on smartphones and social media, the
demographic literature on teen pregnancy, and the game-theoretic literature on network
externalities and coordination failure.

Kearney, Levine, and Pardue (2022) document the puzzle in its starkest form: the fall in
the U.S. total fertility rate since the Great Recession cannot be explained by unemployment,
housing costs, child-care costs, or student debt, and appears to reflect a shift in the desire
to have children rather than in the capacity to do so. Doepke et al. (2023) emphasize
that the post-2007 decline occurs simultaneously across countries with very different
labor-market and policy environments, ruling out most country-specific explanations. We
propose the smartphone as a specific common technology shock operating through the
peer-coordination environment in which young adults have unstructured in-person contact.

Allcott et al. (2020) use experimental Facebook deactivation to estimate welfare
effects; Braghieri, Levy, and Makarin (2022) exploit the staggered Facebook rollout to
identify mental-health effects; and Twenge, Martin, and Campbell (2018); Haidt (2024)
document time-series co-movements between smartphone diffusion and adolescent well-
being. Our contribution is to apply the cross-sectional smartphone-adoption identification
strategy to fertility rather than mental health.

The teen-pregnancy literature has long been dominated by contraceptive-access and
welfare-reform explanations. Kearney and Levine (2015) attribute the 1991-2008 decline
roughly equally to contraceptive improvements and delayed sexual initiation, with these
forces approaching saturation by 2005. We take those conclusions as settled for the
pre-2005 period; the post-2007 re-acceleration is a separate phenomenon driven by the
smartphone diffusion documented here.

The theoretical model builds on the game-theoretic tradition of coordination failure
(Schelling, 1978; Milgrom and Roberts, 1990) and on the durable-goods-and-time tradition

that rationalizes how falling hedonic prices reorganize household time use (Greenwood,



Seshadri, and Yorukoglu, 2005; Manuelli and Seshadri, 2014). The smartphone case
is distinguished by a coordination externality in peer-time allocation: a smartphone is
valuable only to the extent one’s peers are on the platform, and in-person socializing
is valuable only to the extent peers are physically available. The resulting strategic
complementarity generates the tipping dynamic absent from appliance or tractor diffusion
paths. We therefore adopt a minimal static coordination model rather than a quantitative
general equilibrium structure: the behavior under study is a teen’s intratemporal allocation
of a specific afternoon’s peer time, with no saving, borrowing, market-clearing prices, or

intertemporal optimization.

III. A COORDINATION MODEL WITH A FALLING PHONE PRICE

This section presents a minimal coordination model of peer-time allocation in which
the only exogenous shock is the falling hedonic price of the smartphone. The model delivers
three results that map directly onto the empirical facts: multiple equilibria separated by a
tipping point, a regime change triggered by the price decline, and hysteresis once the new

equilibrium is reached.

III.A Environment

Consider a population of young individuals indexed by i € [0, 1]. During unstructured
peer time each individual chooses one interaction medium: in-person co-location (a; = 0)
or phone-mediated contact (¢; = 1). Let m = [ a;di denote the aggregate share of the peer
network on the phone.

The payoff to in-person contact is

Uin(m, 6;) = o (1 —m)+6; (1)

where o > 0 is the value of being in-person when peers are also there, and 6; ~ F(0) is an
idiosyncratic preference shock capturing heterogeneity in the taste for in-person socializing

(extroversion, local social capital, access to transportation). The payoff to phone-mediated



contact is

uphone(m;p) = B+5m_p7 (2)

where B > 0 is baseline device utility, 6 > 0 is the phone network externality, and p > 0 is
the quality-adjusted phone price.

The key symmetry is that both activities exhibit positive own-network externalities:
in-person is more valuable when others are in person, and phone is more valuable when
others are on phones. This is the standard supermodular-game structure of Katz and
Shapiro (1985) and Milgrom and Roberts (1990), but applied here to the medium of peer

communication rather than to technology adoption per se.

ITI.B Multiple Equilibria and the Price Shock

Individual i picks the phone (a; = 1) if and only if uphone (5 p) > in(m, 6;), which
simplifies to

0, < 0(m;p) =B—-p—a+(6+a)m.

Aggregating over the population, a symmetric Bayesian-Nash equilibrium is a fixed point

m* =F(6(m*;p)).

Proposition 1 (Multiple Equilibria). Suppose the preference distribution F has a continu-
ous density f satisfying

(0+ o) sup f(0) > 1. 3)
IS

Then there exist prices p <P such that:

1. For every p € [p,p] the equilibrium correspondence m* = F(6(m*;p)) admits
exactly three fixed points: a stable low-adoption equilibrium mj (p), an unstable
interior fixed point my;(p), and a stable high-adoption equilibrium mj,(p), with

mj (p) <mj(p) < my(p)-
2. Forevery p & [p,p|, the fixed point is unique.

Stability is in the sense of best-response dynamics: dG(m;p)/ 8m‘m:m* < 1 at mj and my,
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and > 1 at m};, where G(m;p) = F(8(m;p)).>

Condition (3) is structural: it depends only on the primitives F', d, and o, not on the price
p. Economically, it says network externalities (0 + ) are large relative to the spread of
preferences—peer coordination matters a lot in how young people socialize, which has
been well-documented since Schelling (1978). The price range [ p,p] is not an additional
assumption but a consequence of the structural condition: as p falls smoothly through the
window, the equilibrium count goes 1 — 3 — 1, generating the discrete behavioral jump

that motivates the empirical analysis. Figure 2 illustrates the three regimes.
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FIGURE 2. Effect of price p on the equilibrium structure. Each panel plots G(m; p) = F(6(m;p))
(colored S-curve) against the 45° line y = m (dashed); fixed points are intersections. Filled dots are
stable; the open dot is unstable. Left: high p, unique in-person equilibrium. Middle: p € [p,p],
three coexisting equilibria. Right: low p, unique digital equilibrium. Parameters: o = 1, 8 =125,
0 = 2; F logistic with scale 0.30, satisfying (6 + o) sup f = 2.5 > 1.

The price as the single exogenous mover. In the model, the only exogenous object
that moves is the phone price p. Adoption m is endogenous: it responds to p through the
threshold decision of equation (1). Figure 3, Panel A, plots a hedonic quality-adjusted

smartphone price index constructed following the methodology of Aizcorbe, Byrne, and

3Proof sketch. Define H (m; p) = G(m; p) —m. Differentiating, H'(m; p) = (8 + o) f (8 (m; p)) — 1. Under
(3), H' takes both positive and negative values as m ranges over [0, 1], so H is non-monotone. For p in a non-
empty interval [ p, 7] the non-monotonicity is positioned so that H changes sign three times—equivalently,
G crosses the 45° line three times—delivering three fixed points. Outside this interval, G(+; p) has shifted
far enough that H has only one sign change. Stability of m] and mj; and instability of mj, follow from
H'(m*; p) < 0 at the three roots, equivalent to G'(m*; p) < 1.

11



Sichel (2019). In the Aizcorbe-Byrne-Sichel series, the index declines at an average annual
rate of 17 percent from 2010 to 2018. Cumulatively, from 2007 to 2019, the quality-
adjusted price of a smartphone fell roughly 84 percent in real terms, and the series had
already been falling for several years before 2007. This decline reflects falling hardware
costs, rising processor and display performance per dollar, and growing carrier subsidies.
The price trajectory is smooth. What is not smooth is the endogenous adoption response:
as p falls past successive thresholds of the preference distribution F(6), adoption m
accelerates, and once m grows large enough the network externality dm on the phone side
exceeds the in-person externality o/(1 —m) for the marginal agent, triggering a cascade
and an equilibrium switch. The tipping date is a feature of where the endogenous response
function crosses critical mass, not a feature of any kink or discontinuity in p itself.

Phone price, teen network, and teen fertility

A. Phone price and teen network, 2002-2013 B. Price-per-network and teen fertility, 2000-2024
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FIGURE 3. Phone price, teen network, and teen fertility. Panel A: Aizcorbe-Byrne-Sichel hedonic
smartphone price index p; (2007 = 100) and Pew Research Center cell-phone ownership among
U.S. 12-17 year-olds m!*", 2002-2013. The two series cross during the shaded tipping window

(2006-2007). Panel B: the composite price-per-network p, /m!¢" (rebased to 2004 = 100) and the

U.S. 15-19 teen birth rate, 2000-2024. The composite falls earliest and fastest through the tipping
window; the teen birth rate follows through the conception channel with a lag consistent with the

nine-month biological gap from conception to birth plus the time required for the new equilibrium
to propagate through sexually experienced cohorts. The composite series ends in 2012 because

Pew’s Teens & Mobile survey transitioned from cell-phone ownership to smartphone access
beginning in 2013, a measurement discontinuity we do not bridge. Sources: Aizcorbe, Byrne, and
Sichel (2019) for p,; Pew Research Center Teens & Mobile surveys (Nov 2004, Fall 2006, Nov

2007, Feb 2008, Sept 2009, Jul 2011, Sept 2012) for mi**", with no interpolation between survey

waves; NCHS NVSS for the teen birth rate.
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In the model, the effect of falling p is to shift the threshold 6 (m; p) upward uniformly
in m. For high p (the pre-smartphone regime), the equilibrium correspondence has only
one fixed point at low m; the phone equilibrium exists mathematically but is never reached
because no individual will pay the high price to join an empty network. As p falls into the
multiple-equilibrium region [ p, p], inertia keeps the system at m;. Once p falls below p,
the low-m equilibrium disappears and the system must jump to the phone equilibrium mj;.

The timing implication matches the empirical record. The price trajectory contains
no sharp feature at 2006-2007; the index falls smoothly through the mid-2000s. The
sharp feature is in the endogenous adoption response. By the November 2004 Pew wave,
45 percent of U.S. teens owned a cell phone; by fall 2006, 63 percent. Crossing the
50 percent threshold placed the majority of the teen peer network on the phone side of
the coordination problem, triggering the cascade. The iPhone launch of June 2007 is a
realization of the continuous fall in p, not a separate shock; it accelerated the cascade but
did not cause it ab initio. Panel B of Figure 3 summarizes both margins in the composite
p:/mie€", which falls from 100 in 2004 to 28 by 2012. The fertility response develops
over a longer horizon, from the 2006-2007 conception break through the deepening of
the decline during 2010-2015 as successive cohorts entered the 15-24 age window with
more phone-mediated peer exposure. Earlier technologies (landlines, pagers) never pulled
enough of the network onto the phone side because p remained too high; the cell phone
is distinctive because its quality- adjusted price fell far enough, fast enough, to push teen

ownership past the critical mass by 2005-2006.

Proposition 2 (Hysteresis). Let the economy be at my;(p) for some low py < p. If the
price subsequently rises to p; € | B,ﬁ] where both equilibria exist, the economy remains at

mj;(p2) rather than returning to mj (pz).

The hysteresis result has direct policy content: removing individual smartphones (raising
p for one agent, or for a restricted subset) leaves aggregate m essentially unchanged, so
the restricted agent faces m ~ my; and cannot unilaterally reallocate time to in-person uses.

A coordinated shift of the peer network is required.

13



III.C Fertility Consequences

Assume conceptions arise only during in-person peer time. The per-period conception

hazard for a young woman is

A(m) = Ao~ (1—m), )

where Ay is the hazard when the economy is fully in person. As smartphones diffuse and m
rises from m; to mjy;, the conception hazard falls proportionally. The 44-percent reduction
in teen in-person socializing documented in the ATUS data of Section 6.F (Figure 8)
provides direct empirical support for the reduced-form implication of equation (4).

The age gradient is mechanical. A cohort that enters the phone equilibrium at an
early age spends a larger fraction of its reproductive years at the elevated m, and therefore
loses more of its lifetime conception potential. A cohort that was already completing its
family when the tipping occurred is affected only during its residual reproductive years.
Because age-specific conception intensity Ag(y) peaks in the late teens and early twenties,
the cohorts that lose the most are those who were adolescents when p fell through the

tipping region—exactly the 15-24 age band that Figure 4 shows declining fastest.

IV. DATA

The empirical analysis draws on ten public data sources.

National age-specific birth rates are from NCHS natality files, annually 1990-2023.
State-level teen birth rates (ages 15-19) are from the NCHS Data Visualization Gallery
covering 1990-2019. County-level teen birth rates (ages 15-19, 2003—-2020) are Khan-
Rossen hierarchical-Bayesian smoothed estimates from the NCHS county-level teen births
file (Khan et al., 2024), providing stable rates for 3,136 counties even in small populations.

Pregnancy and abortion rates by age group are from the Guttmacher Institute (Chiu,
Maddow-Zimet, and Kost, 2024). The 2020 endpoint predates Dobbs so the data measure

the pregnancy-abortion relationship in a constitutionally protected environment.
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Broadband infrastructure data at the county level are from FCC Form 477. Two files
cover 2008-2024: the historical county-tier file (December 2008 through December 2013)
and the current county-tier file (June 2014 through December 2024). Each file reports,
for each county and time point, a discrete tier code (0-5) indicating household residential
broadband connection intensity per 1,000 households at successive speed thresholds. The
speed-threshold definitions changed between the historical and current files; we stitch them
together at the 10 Mbps/1 Mbps threshold (historical Tier 4, current Tier 2) to construct a
consistent 2008-2024 measure of fast-broadband adoption at the county level. The stitched
series has correlation 0.89 across the 2013-2014 break, validating continuity. Broadband
is a proxy for smartphone-enabling infrastructure: carriers deployed fiber backhaul to cell
towers along the same routes as cable broadband to households, so county-level variation
in fixed broadband closely tracks county-level variation in mobile network readiness.

Mobile LTE (4G) coverage data at the county level are from FCC mobile deployment
reports 2010-2019. For each county-year we observe the percent of premises with outdoor
LTE coverage from all four national mobile network operators (Verizon, AT&T, T-Mobile,
Sprint), which we take as a direct measure of mobile-network availability in the county.
The LTE data offer a tighter proxy for the infrastructure that actually carries phone-
mediated peer interaction. For the within-county panel analysis of Section 6.6, we extend
the LTE series back to 2003 by imposing zero-fill for 2003-2009: this is a genuine zero
because commercial LTE did not begin in the U.S. until Verizon’s December 2010 launch.
The resulting 18-year series (2003—-2020, with 2019 carried to 2020) provides annual
county-level 4G coverage alongside the broadband tier in a consistent panel. We use
LTE coverage as the treatment variable in the parallel cross-sectional IV specifications
of Table 3, columns (4)—(6), and in the parallel within-county panel specifications of
Tables 4 and 5.

Smartphone ownership by age group (national-level series) is from the Pew Research
Center Mobile Fact Sheet (2011-2025), with teen access from Teens & Tech reports.

Behavioral indicators are from YRBS (CDC), Monitoring the Future (MTF), and
FHWA Highway Statistics.
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Cohort completed fertility is constructed from NCHS age-specific period birth rates,
cumulating the observed age-x rate in year ¢t = ¢ + x for cohort c.

County-level religious composition is from the 2010 U.S. Religion Census (Grammich
et al., 2012), which enumerates adherents of 236 religious groups in every U.S. county. We
use the four aggregated traditions—Evangelical Protestant, Catholic, Mainline Protestant,
and Black Protestant—expressed as shares of county population. County-level political
composition is from the MIT Election Data and Science Lab (MIT Election Data and
Science Lab, 2024) county presidential returns file, which reports candidate-level vote
totals for every U.S. county in the 2000, 2004, 2008, 2012, 2016, and 2020 presidential
elections. We compute the county-level mean Republican share of the two-party vote
across these six cycles as a measure of structural partisan composition. Both are used only
as robustness controls in the county IV specifications of Table 3, columns (2), (3), (5),
and (6).

For the cross-country analysis of Section 5, four additional sources are used. Country-
year age-specific fertility rates by five-year age group (births per 1,000 women in each age
group, ages 15-19 through 45-49) for all countries 1990-2023 are from the United Nations
Department of Economic and Social Affairs, World Population Prospects 2024, medium
variant (file WPP2024_Fertility_by_Ageb). This source provides age-disaggregated
fertility for the entire panel and underlies both the teen birth rate series in Panel A of
Figure 1 and the age-decomposition series in Panel B. Country-year crude birth rates (births
per 1,000 population) for the same panel are from the World Bank World Development
Indicators series SP.DYN.CBRT.IN; we use the crude birth rate to detrend each country’s
age-specific growth rates in Panel B of Figure 1, isolating the age signature of the smart-
phone shock from country-level fertility movements common to all ages. Country-year
mobile cellular subscriptions per 100 people (2000-2023) are from the World Bank WDI
series IT.CEL.SETS.P2, with underlying data from the ITU World Telecommunication/ICT
Indicators Database. iPhone country rollout dates are hand-compiled from Apple’s official
press releases: the original iPhone launch (United States, June 2007), the November 2007

launches in the United Kingdom, Germany, and France, the March 2008 launches in
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Austria and Ireland, the July 11, 2008 iPhone 3G launch across 21 additional countries, the
July 17, 2008 launch in France (iPhone 3G), and the August 22 and September 26, 2008
waves that completed Apple’s 2008 expansion to 70 countries. For countries that received
the iPhone after 2008, launch years are from Wikipedia’s “iPhone 3G” and “iPhone 3GS”
articles cross-referenced against Apple press releases and local carrier announcements.
For the suicide analysis of Section 8, county-level death counts and population denom-
inators are from the CDC WONDER Multiple Cause of Death database, which provides
death-record extracts by underlying cause (ICD-10), age group, and county for 1999-2020.
WONDER suppresses any county-cell with fewer than ten deaths, so direct queries of teen
15-19 suicide deaths return reportable values for only about 360 of the 3,084 counties in
the IV sample. Section 8.1 develops a decomposition that recovers teen suicide counts
from queries on larger cells—all-ages all-external causes, all-ages non-suicide external
causes, and not-15-19 suicide—each of which clears the ten-death threshold in nearly
every county and together pin down teen suicide as a residual. This expands the recoverable

sample from 363 counties to 1,899 counties spanning the rural-urban distribution.

V. CROSS-COUNTRY EVIDENCE

This section develops the cross-country descriptive evidence introduced in Figure 1
of the introduction. The logic is straightforward: if the post-2007 acceleration in teen
birth rate decline is attributable to smartphone diffusion, then teen birth rate trajectories
in other countries should display the same break pattern centered at each country’s own
smartphone-shock onset rather than at the U.S. 2007 calendar year. Conversely, if the
acceleration is instead attributable to some U.S.-specific policy or economic shock—the
Affordable Care Act contraceptive mandate, the Colorado LARC initiative, Medicaid
family-planning waivers, the 2008—-2009 recession—no such pattern should appear in
countries where those shocks did not occur. The section establishes that the teen birth rate

break is global and tracks smartphone diffusion, not U.S.-specific policy.
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V.A Treatment Variable and Sample

For each country c, the treatment year is
7. = max (iPhone,, mobile80, ), (5)

where iPhone, is the year the iPhone first became commercially available in country ¢
and mobile80, is the year country c first crossed 80 mobile cellular subscriptions per 100
people. The max operator captures both preconditions for the smartphone shock: handset
availability (Apple’s rollout) and feature-phone saturation, beyond which the marginal
mobile adoption is a smartphone replacing a feature phone rather than a first phone.

For the 19 high-income countries, the iPhone constraint binds and 7, clusters in 2007—
2008. For the 128-country full sample with at least five annual observations pre- and
post-treatment, the iPhone binds for the majority and the mobile-penetration threshold
binds for the remainder (mostly low-income countries in sub-Saharan Africa, South Asia,

and Latin America). Treatment years span 2007-2018.

V.B Growth Rate Construction

The outcome is the three-year centered log-linear growth rate of the teen birth rate,
computed country-by-country as the OLS slope of log(BR.;) on t over {t —1,¢,t 4+ 1},

multiplied by 100. The event-time axis is T.; =t — T.

V.C Results

Panel A of Figure 1 presents the central result. Three features are worth calling out.

The break is sharp and well-timed. In the 19-country sub-panel, the median growth
rate is —0.3 percent per year in 2007, falls to —1.5 in 2008, —3.6 in 2009, —5.7 in 2010,
and stabilizes between —6 and —8 percent through 2017. The break sits one year after
the 2007 U.S. iPhone launch and coincides with the July 2008 iPhone 3G global rollout.
In the full 128-country sub-panel, the median is flat near —2 percent per year through

T = —2, then drifts to approximately —35 percent by T = 4-10. Cross-country dispersion
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also compresses post-treatment: the IQR narrows from 6 to 4 percentage points by 7 = +35.

The pattern is not confined to high-income countries. Table 1 decomposes the pre—post
change by binding constraint. The 19 high-income countries show a change of —4.68
percentage points per year; the 98 iPhone-binding countries (high- plus middle-income)
show —2.85; and the 33 mobile-threshold-binding (mostly low-income) countries show a
smaller but still negative —1.23. The monotone attenuation as the sample moves from high-
to low-income is consistent with the coordination mechanism operating most strongly

where the in-person peer equilibrium was firmly established.

TABLE 1. Pre-post median growth rate change by binding-constraint subsample

Subsample n Pre g Post g A
Te[-5,-2] 1€[3,6]
19 high-income 19 —-2.17 —6.85 —4.68
All countries (full sample) 131 —0.90 —3.34 —-2.44
iPhone binds 98 —0.82 —3.67 —2.85
80% mobile binds 33 —1.22 —2.45 —1.23

Cross-country median three-year centered log-linear growth rate of the teen birth rate (percent per
year). Pre window averages event times 7 € {—5,—4,—3,—2}; post window 7 € {3,4,5,6}.

Robustness. Varying the mobile-penetration threshold across 50, 60, 70, 80, and 90
percent leaves the pre-post change at —4.68 to —5.08 for the 19-country subsample and
—2.01 to —2.84 for the full sample. The 80 percent baseline matches the telecom-industry
convention of feature-phone saturation (GSMA Intelligence, 2010), but the result does not

hinge on it.

V.D Age Decomposition: Isolating the Smartphone Signature

The cross-country break in the teen birth rate documented above is striking, but it
leaves open a question: is the post-2007 fertility decline a teen-specific phenomenon
or a broader fertility movement that happens to show up most clearly at the bottom of
the age distribution? A coordination-mechanism story in which smartphones reallocate
teen peer time from in-person to phone-mediated interaction predicts an age-targeted

response: the smartphone shock should disproportionately affect the age group whose
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unintended-conception rate depends most heavily on unstructured peer time. A general-
fertility story—a recession, a contraceptive-technology shock, a global cultural shift in
desired family size—predicts a more uniform response across age groups, modulated by
each age group’s typical contribution to total fertility.

Panel B of Figure 1 discriminates between these two hypotheses. For each country c,

year t, and five-year age group a, we compute the three-year centered log-linear growth
ASFR

rate of that country’s age-specific fertility rate, gc; »

and subtract that country’s own

CBR.

three-year centered log-linear growth rate of the crude birth rate, g:;

relear = gomys — 8er 6)
This within-country detrending nets out anything that moves all ages of country c’s
fertility together—recessions, family policies, contraception-access changes, demographic-
transition dynamics, cohort-size shifts, secular fertility decline—and leaves only the age-
pattern signature of whatever shock is hitting different cohorts differently. We aggregate
ages 25 and older into a single population-weighted measure: for each country and year,
total births to women aged 25-49 divided by the implied total female population 25-49.
The result is three series per country: ages 15-19, ages 20-24, and ages 25+.

The result, displayed in sub-panels B1, B2, and B3 of Figure 1, is unambiguous.
Across the full sample of 128 countries, the post-onset median of rel. 4, falls sharply below
zero for ages 15-19, declines modestly for ages 20—24, and is essentially flat at zero for
the 25+ aggregate. Quantitatively, the median pre-post change in rel. ,, is approximately
—0.9 percentage points per year for ages 15-19, —0.3 for ages 20-24, and near zero for
ages 25+. In the 19 high-income subsample the magnitudes are larger but the ranking
is preserved: the high-income median moves from approximately —1.7 pre-onset to —7
post-onset for ages 15—-19, with intermediate effects at 20-24 and a small effect at 25+.
Whatever the smartphone shock is doing to fertility, it is doing to teens; the entire 25+
population, which accounts for roughly 80 percent of women of reproductive age in these

countries, exhibits no detrended response in the typical country.
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This sharply age-targeted signature is hard to reconcile with explanations that operate
on overall fertility—recessions, broad cultural shifts, fertility-postponement dynamics—
because such explanations typically affect the modal age of childbearing (25-34) more
than the tails. It is consistent with a mechanism that operates specifically on the inputs to
teen and young-adult fertility, of which unstructured peer time is the dominant candidate.
Section 6 will document the corresponding U.S. age gradient using NCHS administrative
data; the international panel here shows the same pattern across 128 countries with
different healthcare systems, different family policies, and different stages of demographic

transition.

V.E What the Cross-Country Evidence Rules Out

The motivating figure and the decomposition in Table 1 are descriptive, not causal:
they document a pattern rather than identify a mechanism. But the descriptive cross-
country pattern is enough to rule out a wide class of alternative explanations for the U.S.
post-2007 acceleration.

U.S.-specific contraceptive-policy channels. The ACA contraceptive mandate (2012),
the Colorado Family Planning Initiative (2009-2014), Medicaid family-planning waivers,
and post-2010 LARC expansions are U.S.-specific interventions some authors propose as
the proximate cause. None existed in Norway, Sweden, Switzerland, Luxembourg, Japan,
Australia, or New Zealand—all of which exhibit near-simultaneous 2007-2010 breaks in
sub-panel A1 of Figure 1.

The 2008-2009 financial crisis. Recession depth varied sharply across the 19 high-
income countries in our sample: the U.S. had a V-shaped recovery by 2010; Spain had a
double-dip recession through 2013; Germany barely contracted; Australia did not enter
recession at all. All 19 countries break at essentially the same calendar year with similar
post-break slopes. Australia in particular is dispositive: its teen birth rate growth rate broke
from approximately flat to approximately —7 percent per year between 2007 and 2010
despite avoiding recession.

The opioid epidemic. Concentrated in the U.S. (with a minor echo in Canada), the
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epidemic did not occur in the other 17 high-income countries in the sample; the near-
identical break in those countries rules it out as the proximate cause.

Direct biological effects of phone radiofrequency radiation. Although clinical and
laboratory studies identify reductions in sperm parameters associated with mobile phone
exposure (Adams et al., 2014; Yu et al., 2021; Kim et al., 2021; Rahban et al., 2023),
the WHO-commissioned systematic review and ICNIRP/SCENIHR statements conclude
that available evidence is insufficient at population exposure levels (Kenny et al., 2024).
Two features of our data argue against this channel operating at the aggregate level. First,
the age gradient runs the wrong way: among U.S. women, the teen 15-19 birth rate
fell 71 percent while the 35-39 rate rose 9 percent over 2007-2024, whereas a uniform
biological-exposure channel would predict roughly uniform effects. Second, the decline
operates on the conception margin: among women 15-17 over 2007-2020, the pregnancy
rate fell 70 percent while the abortion ratio was unchanged at 29-30 percent (Section 6.C).
An RF-EMR impairment of gametogenesis would predict elevated fetal loss rather than
lower conception rates.

Global digital-contraceptive-access channels. The cross-country pattern does not
rule out the possibility that smartphones operate through a different global channel—
improved digital contraceptive information, period-tracking apps, or telemedicine access.
Distinguishing peer-time displacement from such alternatives requires within-country
evidence on behavior and time use, which Section 6.G (ATUS) and the age-gradient
analysis provide. The cross-country figure establishes that smartphones are implicated;
the within-country analysis identifies the channel. The teen suicide evidence developed in
Section 8 provides an additional discriminating test: digital contraceptive access cannot
raise teen suicide. Recovering a positive smartphone effect on teen suicide using the same
instrument that delivers the negative effect on teen fertility rules out a contraceptive channel
and points to the broader peer-time-reallocation mechanism that the model predicts moves

both outcomes through the same equilibrium shift.
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VI. THE US: IDENTIFYING THE MECHANISM

Having established that the post-2007 teen fertility acceleration is a global phe-
nomenon tracking smartphone diffusion, this section turns to the United States and de-
velops the within-country evidence at high geographic and behavioral granularity. The
value added over the cross-country pattern of Section 5 is threefold. First, the U.S. offers
enough geographic variation—3,136 counties with harmonized FCC broadband and 4G
data spanning 2003-2020—to identify the smartphone effect off plausibly exogenous
variation in digital infrastructure rollout, using both an instrumental-variable strategy based
on terrain ruggedness and a within-county distributed-lag panel. Second, the U.S. offers
direct behavioral measurement: the American Time Use Survey provides minute-level
diary data on teen peer-time allocation across the full smartphone-adoption window, allow-
ing the paper to measure the mechanism (in-person peer time falling, digitally mediated
leisure rising) rather than only its fertility consequence. Third, the 2022 Dobbs decision
provides a secondary test of the conception-channel interpretation: if the mechanism
operates through conception reduction rather than through shifts in pregnancy resolution,
restricting abortion access should produce only a modest reversal of the post-2007 decline.
Section 6.1 confirms that prediction.

The analysis proceeds in nine steps. Section 6.A establishes the age gradient. Sec-
tion 6.B uses cohort data to distinguish tempo from quantum. Section 6.C shows the
abortion-as-placebo result. Section 6.D presents state-level cross-sectional evidence.
Section 6.E presents the terrain-ruggedness instrumental-variable cross-sectional identi-
fication. Section 6.F presents the within-county panel analysis including event studies,
distributed-lag models, and cointegration tests. Section 6.G documents the behavioral
mechanism, including direct measurement of teen time use from the American Time Use
Survey. Section 6.H documents subgroup heterogeneity by race, ethnicity, and county
density. Section 6.1 uses the Dobbs decision as a secondary test of the conception-channel

interpretation.
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VI.A Age Gradient and Falsification

Figure 4 shows U.S. age-specific birth rates from 1990 to 2024, indexed to 100
at 2007. Young age groups collapse: 15-19 by 71 percent, 20-24 by 43 percent, 25—
29 by 23 percent. Old age groups do the opposite: 30-34 is approximately flat (—1
percent), and 35-39 rises by 9 percent. Over 2007-2024, the Pearson correlation between
adult smartphone ownership and the age-specific birth rate is —0.994 for ages 15-19,
—0.984 for 20-24, —0.956 for 25-29, and +0.438 and +0.928 for ages 30—34 and 35-39

respectively—monotone in age and flipping sign in the late twenties.

U.S. Fertility Is Being Compressed Into a Narrower Age Window
The teen/early-20s contribution has collapsed; 30+ has not expanded to comp te
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FIGURE 4. U.S. age-specific birth rates, 1990-2024. Source: NCHS NVSS.

This pattern is difficult to rationalize with any broad economic force: income or wealth
shocks operate on all households, and rising housing costs bear arguably more on older
cohorts. None predicts a monotone age gradient with a zero at age 30. The smartphone
story does: young people do most of their unstructured in-person socializing in adolescence
and early adulthood, and it is this peer-contact environment that was disrupted.

A formal Chow test on the log teen pregnancy rate (ages 15—-17) rejects a single
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linear trend through 1991-2020 at F = 131.5 (p < 107%): the pre-break (1991-2006)
annual decline is 4.9 percent, the post-break (2007-2020) decline is 9.8 percent—exactly
twice the pre-break pace. The 2005-2010 plateau (rates of 37.8, 38.5, 38.1, 37.0 over
2005-2008) indicates that the pre-2005 drivers documented by Kearney and Levine (2015)

had substantially exhausted themselves before the post-2007 acceleration.

VL.B Cohort Evidence: Tempo versus Quantum

The simplest objection to the age-gradient evidence is that young-adult fertility is
falling only because women are delaying births. This can be resolved only with cohort data.
In demographic terminology, tempo effects refer to shifts in the timing of births within a
cohort (which leave completed cohort fertility unchanged), while quantum effects refer
to changes in completed cohort fertility itself. Distinguishing the two requires following
birth cohorts to the end of their reproductive years. Figure 5 shows cumulative births per

woman for selected birth cohorts.

Cumulative Fertility by Birth Cohort Fertility by Age Group — Decomposition by Cohort
as [ = spent adolescence with smartphones (Incomplete cohorts: age groups not yet observed)
X = Age 15-19
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Age 25-29
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FIGURE 5. Cumulative births per woman by birth-year cohort and age. Source: author’s
calculations from NCHS age-specific period birth rates.

The 1975 cohort completed its reproductive years in 2020 with 2.16 children per
woman. The 1985 cohort, which reached age 38 in 2023, has reached 2.06 children per
woman. The 1990 cohort, which reached age 33 in 2023, has reached only 1.62. For the

1990 cohort to reach the 1975 completion, it would need to add 0.54 children per woman
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over ages 34-45. At the 2023 age-specific rates—52 per 1,000 at ages 35-39 and 12
per 1,000 at ages 40—44—the cumulative next-twelve-year rate is about 0.38 children per
woman, falling well short. The 1990 cohort would need the 35-39 rate to double to meet
the 1975 completion; there is no mechanism that would produce this. The decline contains
quantum as well as tempo.

The Bongaarts and Feeney (1998) adjustment formalizes the decomposition. From
2007 to 2023, mean age at first birth rose from 25.9 to 28.9 years. The partial total fertility
rate over ages 15-39 fell from 2.07 to 1.58. Only about 12 percentage points of this decline

can be attributed to tempo; the remaining 12 points is quantum.

VI.C Abortion as a Placebo for Composition Effects

Table 2 shows Guttmacher figures for the three age groups with large post-2007

fertility declines.

TABLE 2. Pregnancy, Abortion, and Birth Rates, 2007 vs. 2020

Pregnancy rate  Abortion rate  Abortion ratio

Age group 2007 2020 2007 2020 2007 2020

15-17 38.1 11.3 11.0 34 029 0.30
18-19 1192 497 302 137 025 0.28
20-24 168.8 1029 385 248 023 0.24

Notes: Rates per 1,000 women. Source: Guttmacher (Chiu, Maddow-Zimet, and Kost, 2024).

For ages 15-17 over 2007-2020, pregnancy fell 70 percent, abortion fell 69 percent,
and birth fell 71 percent; the abortion ratio moved from 29 to 30 percent. The decline is
almost entirely a decline in conceptions, not a shift in how conceptions are resolved. The

smartphone mechanism operating through sexual behavior predicts exactly this pattern.®

YA related channel is emergency contraception. The FDA approved Plan B for over-the-counter purchase
in 2006 (age 18+) and removed the age restriction in 2013. Teen ever-use rose from 14 to 22 percent over
2006-2019 (Chiu, Maddow-Zimet, and Kost, 2024). Three features argue against this as the primary driver.
The teen birth rate declines smoothly through 2013 with no visible kink at the age-restriction removal date;
the UK and France had earlier OTC access yet slower teen fertility declines; and meta-analyses establish
that expanded EC access raises use but does not reduce population pregnancy rates (Raymond, Trussell, and
Polis, 2007; Raine et al., 2005).
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VI.D State-Level Cross-Sectional Evidence

Before turning to county-level identification, we establish the state-level cross-sectional
pattern. Figure 6 classifies each state into one of four groups by a 2 x 2 split of 2013
median household income and the residual of 2013 residential internet penetration after
partialling out income and college share. An income-driven explanation predicts that
high-income states should decline faster; a technology-driven explanation predicts that

high-residual-internet states should decline faster regardless of income.

A. State Income vs. Internet 2013: Identifying Outliers B. Teen Birth Rate Trajectories by Incamn Internet Quadrant
Q1 (red) = high income but lower internet than predicted Does Q1 (rich but low internet) behave more like Q4 (low i i net) or Q2 (rich/high internet)?
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FIGURE 6. State teen birth rate trajectories by income x internet group, 2005-2019. Panel A:
scatter of states in income X internet space. Panel B: group-average indexed teen birth rate, 2005 =
100. Source: ACS, NCHS.

The Q1 (high income, low internet residual) and Q3 (low income, high internet
residual) trajectories cluster at 57-58 percent decline, while Q4 (low, low) declines by only
51 percent and Q2 (high, high) by 60 percent. The axis predicting the decline is internet,
not income. A horse-race regression of state 2005-2019 decline on standardized internet
penetration and log income yields an internet coefficient of —6.25 ( = —4.05); income
flips sign to +2.23 and is insignificant. State-level identification supports a technology

channel; county-level identification, developed next, provides the formal IV.

VLE County-Level Identification: Terrain-Ruggedness Instrumental Variable

The state-level cross-section establishes that internet penetration and not income pre-
dicts the post-2007 teen fertility decline, but the cross-sectional distribution of broadband

adoption remains a choice variable of carriers, households, and state regulators. Counties
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that adopted broadband earlier and at higher intensity differ from late-adopting counties
along many unobserved dimensions. An instrumental-variable strategy addresses the
endogeneity and delivers the paper’s primary causal estimate of the digital-infrastructure
effect on teen fertility at the county level. We follow the template of Akerman, Gaarder,
and Mogstad (2015), who use local terrain ruggedness as an instrument for broadband
adoption in Norway, and port the strategy to U.S. counties.

We run the same cross-sectional IV using two different infrastructure measures in
parallel. The first is the FCC Form 477 residential broadband tier, a 0-5 discrete index
of fast-broadband adoption available annually from 2008 through 2020. The second is
the FCC all-operator outdoor LTE (4G) coverage percentage, available annually from
2010 through 2019 from FCC mobile deployment reports. Broadband tier is the measure
used in the prior literature (Akerman, Gaarder, and Mogstad, 2015; Atasoy, 2013; Kolko,
2012) and has the advantage of a long time series; LTE coverage is closer to the theoretical
object of Section 3 because the coordination model is about mobile peer-time allocation,
not household wired internet. We find that both measures yield similar 2SLS estimates
with the ruggedness instrument. This parallel analysis is the cross-sectional core of our
digital-infrastructure identification. The within-county panel analysis of Section 6.6 is also
conducted in parallel for both measures, exploiting the fact that pre-2010 LTE coverage was
a genuine zero and so the 4G series can be extended backward to 2003 for within-county

identification.

Instrument construction. The instrument is the area-weighted Terrain Ruggedness
Index (TRI), computed by Riley, DeGloria, and Elliott (1999) and aggregated to census
tracts by the USDA Economic Research Service (ERS) using the Global Multi-resolution
Terrain Elevation Data 2010. The ERS publishes tract-level mean TRI for the 50 states
plus the District of Columbia (USDA Economic Research Service, 2024). We aggregate
tracts to counties by computing the land-area-weighted mean of tract-level mean TRI,
yielding a single ruggedness value for each of 3,143 counties. We use the natural logarithm

log(TRI+ 1) as the instrument. The resulting measure places Appalachian counties,
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the Rocky Mountain and Cascade ranges, and Alaskan coastal fjords at the top of the
distribution and Florida pine flats, the Mississippi delta, and Midwest prairie at the bottom,
consistent with standard geographic intuition.

The logic of the instrument is that rugged terrain raises the cost of physical infras-
tructure deployment. Fiber backhaul, cable plant, cell-tower siting, and right-of-way
acquisition are all systematically more expensive in mountainous and dissected terrain. In
the U.S. setting, federal universal-service subsidies have muted the terrain-cost relationship
somewhat relative to Norway—a point to which we return below—but sufficient variation

remains for identification.

Exclusion restriction. The identifying assumption is that terrain affects teen fertility in
2010-2019 only through its effect on digital-infrastructure adoption—whether measured
by fixed broadband tier or by LTE coverage. Threats to this assumption fall into two
categories. First, terrain may directly affect fertility through channels such as income,
migration patterns, or cultural isolation. Second, terrain may affect fertility indirectly
through variables that are themselves causally downstream of terrain—for example, if
rugged counties have lower incomes because of economic-geographic channels unrelated
to broadband or mobile coverage.

To address the second concern, we document formally that several conventional
county controls are caused by terrain and therefore constitute “bad controls” in the sense
of Angrist and Pischke (2009). Regressing each control on log(TRI+ 1), conditional on
state fixed effects and truly exogenous demographic controls (race shares, education),
yields coefficients of —0.073 (+ = —13.8) for log median household income and +0.007
(t = +7.1) for the Gini coefficient in the LTE sample; the broadband sample yields
nearly identical numbers (—0.076, t = —14.3 and +0.007, t = +7.1). Each is strongly
predicted by ruggedness; each therefore blocks part of the mechanism from instrument
to outcome if included. The bad-controls concern is furthermore at least as severe in the
LTE specification as in the broadband one: within the LTE sample, a 1-percentage-point

increase in 2010-2019 mean coverage predicts a positive effect on log income (¢t > 7)
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conditional on baseline controls, and including log income as a regressor in the LTE
second stage shrinks the 2SLS coefficient by roughly 65 percent (compared with a 54
percent shrinkage in the analogous broadband specification), consistent with an active
LTE-to-income mediator channel during the sample window. We exclude log income and
the Gini coefficient from both specifications. We retain total population and land area
as controls because carriers’ deployment decisions depend on market size (households
available) and geographic extent (miles of infrastructure required). These variables are
only weakly affected by terrain (t = —2.2 for log population, ¢t = 43.3 for log area) and
defensibly enter as deployment-economics controls.

To address the first concern, we include in both stages an extensive set of exogenous
controls: state fixed effects, the share of adults with a bachelor’s degree or higher, the
share non-Hispanic Black, the share Hispanic, log total population, and log land area. We
show below that results are robust to progressively richer and poorer specifications in both

measures.

First stage and 2SLS. We run the IV in parallel for both infrastructure measures. Let
T. € {bb,, Ite.} denote the endogenous treatment, where bb, is the county 2010-2019
mean FCC Form 477 broadband tier (0-5 scale) and lte, is the county 2010-2019 mean
all-operator outdoor LTE coverage in percent of premises. The first-stage and second-stage

equations are

T. = my + m log(TRI. + 1) + X\ 75 + u,, (7)

Alog(BR,) = Bo+ B1 7\} + ylog(BR¢ 2003) + X;ﬁz + &, (8)

where the dependent variable Alog(BR.) = log(BR,2018) —log(BR2003) is the within-
county change in log teen birth rate over the smartphone era, log(BR 2003) is the pre-
period log birth rate that absorbs mean reversion, and X, contains the controls listed above.
The change specification differences out time-invariant county characteristics that might

correlate with both terrain and baseline fertility; the pre-period rate control absorbs mean
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reversion in the levels of the outcome. This specification mirrors the cross-sectional design
used for teen suicide in Table 10 and the within-LA first-difference design used for the
England-and-Wales replication in Table 9. The broadband sample is 3,084 counties for
which all variables are non-missing in both the 2003 and 2018 endpoints; the LTE sample
is the same 3,084 counties. Standard errors are robust to heteroskedasticity. We choose
2010-2019 as the treatment averaging window because it is the longest span over which
LTE coverage is observed and because it contains both the rollout phase (2010-2013) and
the saturation phase (2014-2019), producing cross-county identifying variation that is not
concentrated in either the pre-rollout baseline or the terminal rural catch-up tail.

Table 3 reports the progressive-controls build-up for both measures, with three columns
per measure corresponding to the preferred specification, the preferred specification aug-
mented with religious composition, and the preferred specification augmented with both
religious composition and political composition. The first-stage coefficient on log(TRI+ 1)
is negative and highly significant in every column and for both measures: rugged counties
have systematically lower fixed-broadband tier and lower LTE coverage. The first-stage F
for the LTE measure is substantially larger than for the broadband measure (82.1 versus
73.4 in the preferred specification), reflecting the tighter physical relationship between
terrain and mobile-tower siting than between terrain and wired broadband, where fed-
eral universal-service subsidies have muted the terrain-cost gradient. Both first-stage
F-statistics are stronger in the extended 2010-2019 window than they would be in a
shorter saturation-era window, because the rollout years contribute cross-county variation
that the instrument can target.

In the preferred broadband specification (column 1), the 2SLS coefficient is —0.378
with = —3.91 and a 95 percent confidence interval of [—0.568, —0.188]. In the preferred
LTE specification (column 4), the coefficient is —0.0098 with t = —4.00 and confidence
interval [—0.0145, —0.0050]. To make magnitudes directly comparable between measures,
Table 3 rescales both coefficients to the common unit of percent change in the change in
teen birth rate per 10-percentage-point increase in the underlying infrastructure measure:

for broadband tier this means multiplying the native coefficient by 50, under the FCC-tier
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midpoint interpretation that one tier-step corresponds to approximately 20 percentage
points of residential broadband penetration; for LTE this means multiplying the native
per-pp coefficient by 1,000. On that unified scale, column (1) implies that counties with
10 additional percentage points of long-run broadband penetration experienced a teen
birth rate decline that was approximately 18.9 percentage points larger between 2003
and 2018, and column (4) implies that counties with 10 additional percentage points of
long-run LTE coverage experienced a decline approximately 9.8 percentage points larger.
Both coefficients are stable when religion and politics are added (columns (2) and (3) for
broadband; columns (5) and (6) for LTE), and both remain significant at the 1 percent level

in every specification.

Magnitude and interpretation. The preferred broadband specification gives a native
2SLS coefficient of —0.378 per tier-step on Alog(BR), corresponding under the FCC-tier
midpoint interpretation to about a 18.9 percentage-point larger 2003-2018 decline in teen
birth rate per 10-pp increase in residential broadband penetration. The preferred LTE
specification gives —0.0098 per percentage point of coverage, or about a 9.8 percentage-
point larger decline per 10-pp. The IV uses one observation per county and identifies
the effect off cross-sectional heterogeneity in the within-county change: this is the right
specification for “how much does digital-infrastructure variation explain in the cross-
section of county-level fertility declines?” The within-county panel of Section 6.6 answers
the complementary question of how fertility evolves over time within a geography. The

two lenses are complementary, not competing.

Robustness to religious and political composition. Two conceivable confounders of
the terrain instrument operate through cultural channels rather than digital infrastructure.
Rugged counties might be more evangelical, and evangelicalism might lower teen fertility
through sexual-initiation norms; or rugged counties might be more politically conservative,
and conservatism might lower teen fertility through similar channels. We test both for

each measure. Columns (2) and (5) of Table 3 add adherence rates for four religious
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TABLE 3. Ruggedness IV for Digital-Infrastructure Effect on Teen Birth Rate Change, Two Measures

Dependent variable: Alog(BR.) = log(BR.2013) —log(BR¢2003) (x 100, read as % change)

Broadband penetration (% per 10-pp) LTE (4G) coverage (% per 10-pp)
(1 2 3) “) ) (6)

7. —18.90*** —19.85"** —18.54** —9.76*** —10.05"* —8.90***

(4.84) (5.21) (6.07) (2.44) (2.55) (2.82)
First-stage F 73.4 64.6 46.9 82.1 77.6 65.6
First-stage coef. on log(TRI+ 1) —0.108 —0.104 —0.091 —4.165 —4.125 —3.777
State fixed effects Yes Yes Yes Yes Yes Yes
Race shares Yes Yes Yes Yes Yes Yes
Bachelor’s + share Yes Yes Yes Yes Yes Yes
Log total population Yes Yes Yes Yes Yes Yes
Log land area Yes Yes Yes Yes Yes Yes
Pre-period log birth rate (2003) Yes Yes Yes Yes Yes Yes
Religious composition (4 groups) No Yes Yes No Yes Yes
Republican vote share (2000-2020 mean) No No Yes No No Yes
Counties 3,084 3,084 3,084 3,084 3,084 3,084

Notes: 2SLS estimates. Dependent variable is the within-county change in log teen birth rate over the smartphone era, log(BR¢2018) — log(BR2003)-
Endogenous treatment 7 is the county 2010-2019 mean FCC Form 477 broadband tier (0-5 discrete scale, where each step corresponds to roughly 20
percentage points of residential broadband penetration) in columns (1)—(3) and the county 2010-2019 mean all-operator outdoor LTE (4G) coverage in percent
of premises in columns (4)—(6). Coefficients are rescaled from their native units to a common percent change in the change in teen birth rate per
10-percentage-point increase in the underlying infrastructure measure: native per-tier broadband coefficient multiplied by 50 (under the FCC-tier midpoint
interpretation that 1 tier ~ 20pp of penetration, so per-pp == native/20 and per-10-pp in % = native x 50); native per-pp LTE coefficient multiplied by 1,000.
Standard errors in parentheses are robust to heteroskedasticity, also rescaled by the same factors. The instrument is log(TRI+ 1), where TRI is the
area-weighted mean Terrain Ruggedness Index from USDA ERS, identical across all specifications. All columns include log(BR. 2003) as a right-hand-side
control to absorb mean reversion in the levels of the outcome; this control is by construction pre-treatment and renders the specification immune to
level-on-level concerns regarding correlations between terrain ruggedness and pre-period fertility. Columns (1) and (4) are the preferred specifications. Religion
variables are adherence rates for Evangelical Protestant, Catholic, Mainline Protestant, and Black Protestant traditions from the 2010 U.S. Religion Census
(Grammich et al., 2012); counties with no reported congregation of a tradition are coded as zero. Republican vote share is the county mean share of the
two-party presidential vote across 2000, 2004, 2008, 2012, 2016, and 2020 from MEDSL (MIT Election Data and Science Lab, 2024). Race shares are the
non-Hispanic Black share and Hispanic share. Interpretation: a county with 10-pp higher long-run infrastructure intensity experienced a teen birth rate decline
this many percentage points larger between 2003 and 2018, conditional on its 2003 fertility level. The analogous coefficients in Tables 4 and 5 are within-county
4-year cumulative change effects and are not directly comparable in magnitude to the coefficients here. *p < 0.10, **p < 0.05, ***p < 0.01.



groups (Evangelical Protestant, Catholic, Mainline Protestant, Black Protestant) from
the 2010 U.S. Religion Census (Grammich et al., 2012). The second-stage broadband
coefficient moves from —0.378 to —0.397; the LTE coefficient moves from —0.0098 to
—0.0101. Both are essentially unchanged and remain significant at the 1 percent level.
Columns (3) and (6) additionally add the mean county Republican share of the two-party
presidential vote across all six cycles 20002020 from MEDSL (MIT Election Data and
Science Lab, 2024); the broadband coefficient shifts to —0.371 and the LTE coefficient
shifts to —0.0089, both significant at 1 percent. Religious and political composition are
correlated with terrain but do not absorb the digital-infrastructure—fertility pathway under
either measure: the instrument identifies a digital-infrastructure channel that is distinct

from and robust to these cultural covariates.

Pre-period rate control and the meaning of ‘“bad controls.” The specification in
Equation (8), with the 2003-2018 within-county change in log teen birth rate on the
left-hand side and log(BRCQO(B) on the right-hand side, is by construction immune to a
class of identification concerns that would arise in a level-on-level cross-section. Any
time-invariant level correlation between terrain ruggedness and teen fertility—for example,
a stable rural-poverty gradient—is differenced out by the Alog(BR) outcome. Any cross-
county heterogeneity in mean-reversion dynamics within the smartphone-era window
is absorbed explicitly by the pre-period rate control. What remains is variation in the
2003-2018 change that is unexplained by the 2003 level—the component of the post-2007
fertility decline that the smartphone shock plausibly identifies. Because log(BR 2003) is
mechanically pre-treatment (smartphones did not exist in 2003), it cannot be a downstream
consequence of the digital-infrastructure rollout we instrument for, and its inclusion does
not raise an Angrist-Pischke “bad controls” problem (Angrist and Pischke, 2009).

By contrast, the natural temptation to add contemporaneous income or inequality
controls would raise the bad-controls problem: the literature establishes that broadband
adoption raises local incomes through productivity channels (Akerman, Gaarder, and

Mogstad, 2015; Atasoy, 2013; Kolko, 2012), and within the LTE sample a 1-percentage-
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point increase in 2010-2019 LTE coverage predicts a positive effect on log income
conditional on baseline controls (¢ > 7), consistent with an analogous mediator channel.
Rugged counties are therefore poorer for two reasons simultaneously: a common-cause
channel (terrain raises infrastructure costs of every kind, predating broadband) and a
mediator channel (terrain reduces digital-infrastructure adoption, which in turn reduces
post-2000s income growth). Including contemporaneous income would mechanically block
the mediator portion of the causal pathway. The pre-period rate control in Equation (8)
resolves the symmetric concern about pre-existing fertility differentials without blocking
the mediator: it captures any pre-existing common-cause channel that operates through

pre-2007 BR levels, while leaving the post-2007 mediator channel intact.

Addressing the LARC expansion. A natural concern in interpreting the terrain IV is
the concurrent expansion of long-acting reversible contraception (LARC), particularly
following the Affordable Care Act contraceptive mandate in 2012 and the dissemination of
findings from the Colorado Family Planning Initiative (2009-2014). Teen LARC use rose
from under 1 percent pre-2007 to 5-6 percent by 2015 (Branum and Jones, 2015). County-
level LARC use data covering the full 2003—2020 window do not exist: the National
Survey of Family Growth is individual-level with no county identifiers; PRAMS is state-
level at most; and Medicaid administrative data are accessible only under restricted-use
agreements. State-level LARC policy variables such as immediate postpartum Medicaid
reimbursement expansion are absorbed by the state fixed effects already in Equation (8).
We therefore address the LARC interpretation through three observational patterns rather
than a direct control.

First, the timing is inconsistent with a LARC-driven story. The US post-2007 accel-
eration begins in 2008, before mass teen LARC uptake, and proceeds at approximately
constant pace through 2020: there is no visible inflection at the 2012 ACA mandate date,
nor at the 2014 publication of the CHOICE Project results, nor at the state-level Medicaid
LARC-reimbursement expansions that followed (Branum and Jones, 2015). Second, the

UK’s Teenage Pregnancy Strategy provided universal free LARC access through the NHS
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beginning 2000-2010, a dramatically different institutional trajectory from the US patch-
work insurance-based rollout. Yet the UK post-2007 acceleration is near-identical to the
US pattern in both magnitude and timing (Section 7); under a LARC-driven interpretation,
US and UK trajectories should diverge with institutional context. Third, the age gradient
of the US decline is difficult to rationalize with a contraceptive-access channel. Women
30-34 experienced approximately zero change in fertility over 2007-2024 and women
35-39 saw a 9 percent increase; LARC expansion should not reduce planned fertility at
these ages. Taken together, these three features argue that LARC expansion contributed
to the post-2007 decline—particularly after 2012—but operated as an accelerant on a
shift that was already underway rather than as its primary cause. The terrain IV iden-
tifies the causal effect of digital-infrastructure rollout variation—whether measured by
broadband tier or LTE coverage—which is cross-sectionally orthogonal to LARC policy
variation (absorbed by state fixed effects), and the estimated coefficient therefore reflects

the digital-infrastructure channel net of LARC in both measures.

Caveats. Three caveats deserve explicit mention. First, the IV identifies a local aver-
age treatment effect over counties whose infrastructure adoption responded to terrain—
plausibly the subset of rural and intermediate counties where deployment economics were
most binding. The average treatment effect across all U.S. counties may be smaller.
Second, the FCC fixed-broadband treatment is a discrete 0-5 tier code rather than
a continuous penetration rate. Discretizing a continuous underlying variable introduces
classical measurement error in the treatment, which biases the IV coefficient toward
zero in proportion to the within-tier dispersion of true broadband penetration. The LTE
coverage variable is reported directly in percentage points and does not suffer the same
coarsening. This is one reason to report both measures: the LTE coefficient is not subject
to the tier-discretization bias, and the broadband coefficient should be interpreted as a
conservative (attenuated) lower bound on the per-percentage-point effect. The implied per-
10-pp magnitudes of the two measures (—18.9 percent per 10-pp of broadband penetration,

—9.8 percent per 10-pp of LTE coverage) are consistent with this interpretation when one
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allows for LTE capturing a narrower infrastructure bundle than fixed broadband.

Third, the time-coverage and within-county identifying variation of the two measures
differ in ways that shape the interpretation of both the cross-sectional IV and the within-
county panel. FCC Form 477 broadband tier data are available 2008—-2020 and can be
extended back to 2003 through a consistent FCC-tier stitching procedure (Section 4);
FCC mobile LTE coverage data are available 2010-2019 and can be extended back to
2003 by imposing zero-fill for the pre-launch years, because commercial LTE service
began in the U.S. only in December 2010. Both measures therefore support both the
cross-sectional IV of this subsection and the within-county panel of Section 6.6. However,
the within-county identifying variation differs substantially between the two: broadband
tier rolls out gradually over 2008-2020 with cross-county variation in every year, while 4G
coverage rolls out rapidly over 2011-2014 and reaches saturation by 2014, with 2014-2019
within-county variation dominated by terminal rural catch-up in the subset of counties
where terrain or low density delayed saturation. This difference matters for Table 5 below,
where the 4G panel coefficient survives baseline year FEs but not the additional density-
tercile X year interactions. The broadband panel survives both, because broadband’s rollout
variation is spread across a longer horizon and is not concentrated in the subset of counties

that catch up late.

VLF Within-County Panel: Distributed Lag and Cointegration

The within-county panel runs in parallel for FCC fixed-broadband tier and 4G LTE
coverage, both available as annual county-level panels over 2003—2020. The panel asks
a different question from the cross-sectional IV: how fertility moves over time as in-
frastructure rolls in within a given place. The two designs use different identifying
assumptions—the panel absorbs all time-invariant county characteristics through fixed
effects—so agreement between them is informative.

The coordination model predicts a gradually-building treatment effect at a 3-5 year lag.
Standard event-study specifications are not well suited because high-broadband counties

were already on differential pre-trends: the correlation between each county’s 2003-2007
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log birth-rate slope and its early-broadband exposure is r = —0.162 (p < 1071?). Any
correction for county-specific linear pre-trends mechanically absorbs part of a treatment
effect that builds gradually. We therefore use a first-difference distributed-lag specification,

which is immune to county-specific smooth trends of any shape:

3

Alog(BRc,t> =%+ Z Ok Ath—k + &5 )
k=0

where T, € {bb.;, 4G.,}. Year fixed effects absorb common national shocks; standard
errors are clustered at the county level. Coefficients are rescaled to the common scale of
percent change in teen birth rate per 10-percentage-point change in coverage (broadband:

native x50; 4G: native x1,000).

TABLE 4. First-Difference Distributed-Lag Regression of County Log Teen Birth Rate on
Broadband and 4G Changes

(1) Broadband penetration (2) 4G LTE coverage
% per 10-pp % per 10-pp

Coef SE t Coef SE t
AT; —0.1412** 0.0181 —7.81 —0.0142*** 0.0047 —3.04
AT —0.2014*** 0.0218 —9.24 —0.0175"** 0.0057 —3.08
AT; 5 —0.2405"* 0.0224 —10.72 —0.0202*** 0.0060 —3.36
AT;_3 —0.2453** 0.0197 —-12.46 —0.0175*** 0.0047 -3.76
Cum. 4-year —0.8284"** 0.0771 —-10.75 —-0.0694"* 0.0206 —3.37
Counties 3,133 3,137
Observations 28,187 43,372
Sample years 2012-2020 2007-2020

Notes: Specification is Equation (9). Dependent variable is Alog(BR. ). Year fixed effects throughout;
standard errors clustered at the county level. Coefficients are rescaled from their native units to the common
percent change in teen birth rate per 10-percentage-point change in the infrastructure measure: native
per-tier broadband coefficients multiplied by 50 (under the FCC-tier midpoint interpretation that one tier ~
20pp of residential broadband penetration), native per-pp 4G coefficients multiplied by 1,000. Standard
errors are rescaled by the same factors. The BB regression sample starts in 2012 because the four-lag FD
specification requires Abb observed in#,r — 1, —2, ¢t — 3, and bb is first observed in 2008. The 4G
regression sample starts in 2007 because the 4G series is extended backward to 2003 through zero-fill
(pre-LTE era) and therefore A4G is defined from 2004 onward. The interpretation of coefficients here differs
from Table 3: the latter is a cross-sectional level coefficient, while the former is a within-county change
coefficient. *p < 0.10, **p < 0.05, ***p < 0.01.

Three features stand out. First, all coefficients are negative and highly significant at
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the 1 percent level for both measures. Second, the coefficients grow in magnitude with
lag within each measure: for broadband, the effect is —0.14 percent per 10-pp in the year
of the change but —0.25 percent per 10-pp three years later; for 4G, the effect is —0.014
percent per 10-pp contemporaneously but —0.02 percent per 10-pp at lag 2-3. Third, the
cumulative four-year effects are —0.83 percent per 10-pp of broadband penetration and
—0.069 percent per 10-pp of 4G coverage.

The gradual-buildup pattern is consistent with the theoretical prediction of Section 3:
the coordination shift requires complementary accumulation of devices, connectivity, peer
networks, and app maturity. An infrastructure change does not immediately produce a
smartphone equilibrium; it produces it 3—4 years later as the complementary factors accu-
mulate. This pattern is difficult to rationalize with confounders: differential trends would
produce effects at all horizons but not an accelerating pattern, and a contemporaneous
confounder would produce a large @y but not growing ¢y, ¢>, @3.

The broadband coefficient is about 12 times the 4G coefficient on the common per-
10-pp scale. This is a larger multiple than the cross-sectional IV ratio from Table 3
(approximately 2 x), and is economically sensible. The within-county specification strips
out the cross-county covariance between broadband and 4G rollouts that the IV captures;
what remains is the pure within-county time-series margin attributable to each measure
alone. Broadband captures a deeper infrastructure slice—fixed fiber and cable, on which
much of the phone-era data economy is built—while 4G captures one specific component.
A 10-pp change in broadband penetration within a county therefore moves a wider set of
complementary inputs than a 10-pp change in 4G coverage alone, and the within-county

coefficient reflects this.

Cointegration. The levels of log teen birth rate and broadband tier are each non-
stationary within-county series. A pooled Engle-Granger test yields a residual autoregres-
sion coefficient p = —0.339 (r = —89.1), far beyond any critical value, with a half-life of
reversion of approximately 1.7 years. The analogous test for 4G is uninformative because

the within-county 4G series is effectively a step function with limited residual variation:
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in most counties LTE coverage transitions from near-zero to near-full within a 12-18
month window, leaving too few intermediate observations for a meaningful unit-root test.
Broadband, by contrast, diffused gradually within counties over a longer window, with the
FCC tier measure crossing each integer threshold over multiple years. The 4G result is

therefore a limitation of the data, not evidence against cointegration.

Magnitude and comparison to the IV. The cumulative four-year broadband effect
of —0.83 percent per 10-pp implies —4.6 percent over the actual 55-pp smartphone-era
rollout—about 4-5 percent of the observed 70 percent aggregate teen-fertility decline. The
within-county panel estimates are smaller in magnitude than the cross-sectional IV (—18.9
percent per 10-pp broadband, —9.8 percent per 10-pp LTE on the 2003-2018 change). The
two are not estimates of the same parameter: the IV identifies cross-county variation in
the joint digital-infrastructure bundle’s effect on the 2003-2018 fertility change, while the
panel identifies the time-series margin within a county net of common national movements.
Both estimates are positive evidence that smartphone-era digital infrastructure affects teen

fertility, with plausible dynamic structure within a county.

Robustness to urban-rural and racial composition. Two potential confounders of the
county-level identification are differential time trends by county urbanization and differen-
tial time trends by racial composition. High-infrastructure counties are disproportionately
urban, and urban counties experience faster post-2007 declines for reasons potentially
unrelated to smartphones (for example, inner-city LARC diffusion or policy interventions
specific to large metropolitan health systems). Similarly, counties with a higher Hispanic
share experience larger post-2007 declines, a pattern documented by Romero et al. (2016)
that may reflect group-specific rather than technology-specific forces. Both sets of covari-
ates are nearly time-invariant at the county level and are therefore absorbed by county
fixed effects unless differenced and interacted with year. We add to Equation (9) first
density-tercile X year interactions, then racial-composition X year interactions, then both

sets. Density tercile is constructed from population sorted into three equal-population bins:
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large urban (112 counties), mid-sized (310), and rural (2,709). Racial composition is the
county share non-Hispanic Black and the county share Hispanic.

Table 5 reports the resulting estimates for both infrastructure measures in parallel.

Two findings emerge. First, the broadband panel is fully robust. Every column in (1)—
(4) retains a cumulative four-year effect that is negative, economically meaningful, and
significant at the 1 percent level. The most demanding specification with both density and
race interactions (column (4)) reduces the cumulative effect from —0.83 to —0.59 percent
per 10-pp—a 29 percent attenuation—while retaining t = —8.15 on the cumulative. The
broadband within-county identification is not an artifact of either urban-rural or racial-
composition channels.

Second, the 4G panel behaves as one would expect given the structure of the 4G
rollout itself. 4G coverage diffused as a density-stratified wave: urban counties received
coverage during the 2011-2014 rollout phase, and rural counties received it during the
2014-2019 terminal catch-up; by the end of the sample window, near-universal coverage
had been reached in every density tercile. The within-county identifying variation in the
4G measure is therefore concentrated in the density-by-year cells, almost by construction.
Density x year fixed effects partial out exactly that variation, leaving the 4G panel with
too little residual identifying signal to estimate a precise coefficient (column (6) reduces
the cumulative effect to —0.004, t = —0.16; column (8) flips it to a small, statistically
indistinguishable-from-zero positive number). This is a mechanical consequence of the
data’s density-time structure, not a falsification of the 4G channel. Race-composition
interactions alone, which do not soak up the rollout-timing variation, leave the 4G effect
attenuated but with the expected sign and marginal significance (—0.033, ¢t = —1.67).

Broadband has no analogous absorption problem because its rollout unfolded more
gradually over 2008-2020 and was not concentrated in a single density-tercile wave. The
within-county broadband panel is therefore the more credible within-county identification
of the digital- infrastructure effect. The 4G channel itself remains causally identified by
the cross-sectional IV in Table 3, where the treatment is the average level of 4G coverage

rather than its year-on-year change, and where both the broadband and the LTE coefficients
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TABLE 5. Robustness of County-Level FD Distributed-Lag Estimates to Urban-Rural and Racial Composition Controls

Broadband penetration (% per 10-pp) 4G LTE coverage (% per 10-pp)
ey 2 3 “4) (&) (6) (N ®)
Base +dXxyr +rXyr +both Base +dxyr +rXyr +both

AT, —0.1412**  —0.1112*** —0.1270*** —0.0966*** —0.0142"**  —0.0020 —0.0060  +0.0048
AT, —-0.2014**  —0.1539"** —0.1877*** —0.1404*** -0.0175*** —-0.0008 —0.0075  40.0077
AT,_» —0.2405***  —0.1838"** —0.2295*** —0.1732*** —0.0202***  —0.0006 —0.0104* +40.0079
AT, _3 —0.2453**  —0.1874*** —0.2361** —0.1807*** —0.0175*** —0.0001 —0.0095** +0.0065
Cum. 4y —0.8284"* —0.6362"** —0.7804**" —0.5909*** —0.0694** —0.0035 —0.0333* +0.0268
Cum ¢-stat (—10.75) (—8.47) (—10.47) (—8.15) (—3.37) (—0.16) (—1.67) (+1.27)
Density xyear FE No Yes No Yes No Yes No Yes
Racexyear FE No No Yes Yes No No Yes Yes
Counties 3,133 3,131 3,131 3,131 3,137 3,131 3,131 3,131
Observations 28,187 28,179 28,179 28,179 43,372 43,350 43,350 43,350

Notes: Dependent variable is the first-difference of log county teen birth rate Alog(BR. ). All columns include year fixed effects. Standard errors clustered at
the county level. Coefficients expressed as percent change in teen birth rate per 10-percentage-point change in the infrastructure measure: native per-tier
broadband coefficients multiplied by 50; native per-pp 4G coefficients multiplied by 1,000. Density-tercile x year interactions use two dummies
(population-weighted terciles of log population density) interacted with each sample year; race-composition x year interactions use the share non-Hispanic
Black and the share Hispanic each interacted with year. Sample windows as in Table 4. *p < 0.10, **p < 0.05, ***p < 0.01.



are significant at the 1 percent level across all six columns. The within-county broadband
panel and the cross-sectional IV in both measures together constitute the core county-level

evidence for a causal digital- infrastructure effect on teen fertility.

VI.G The Behavioral Mechanism

Figure 7 documents the behavioral channel using YRBS, MTF, and FHWA series.
Sports team participation—a structured activity requiring co-location but under adult
supervision—was essentially unchanged between 2007 and 2019 (56.3 to 57.4 percent).
Sexual activity declined sharply: the share of high-school students who had ever had
intercourse fell from 47.8 to 38.4 percent (—20 percent), and the share currently sexually
active fell from 35.0 to 27.4 percent (—22 percent). Unstructured peer contact fell more:
12th-graders meeting friends in person 2+ times per week fell from 50.3 to 34.9 percent (a

31 percent decline); 16-year-olds with driver’s licenses fell from 29.3 to 25.6 percent.

Teen Behaviors in the Smartphone Era: Not Isolation, but Displacement
‘What smartphones replaced was unstructured peer contact, not organized activity
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FIGURE 7. Teen behaviors, 2005-2023. Panel A: sports participation versus sexual activity. Panel
B: in-person socializing (MTF) and driver’s licenses (FHWA). Source: YRBS, MTF, FHWA.

The critical feature is not that everything declined but that some things did not. If
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smartphones produced broad social withdrawal, sports participation should have fallen
too. It did not. The behaviors that fell are precisely those involving unstructured peer

time—hangouts, driving, dating, sexual activity—exactly as the model predicts.’

Direct measurement: ATUS time-use data. A sharper test comes from the American Time
Use Survey, which asks respondents to account for their time in minutes across a single
randomly-chosen day, with approximately 8,000 interviews per year since 2003. Figure 8
documents the smartphone-era substitution for 15-19 year-olds. In-person socializing and
communicating fell from 68 minutes per day in 2003 to 38 in 2019 (a 44 percent decline).
Computer-leisure—social media, texting-mediated communication, gaming— rose from
22 to 96 minutes per day (a 336 percent increase). Television fell from 152 to 72 minutes.

The substitution is visually unambiguous and of exactly the magnitude the model requires.

B. Teen in-person socializing vs. teen birth rate

A. ATUS time-use categories for U.S. teens, 2003-2024 (correlation: r = +0.974)
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FIGURE 8. ATUS time-use data for U.S. teens ages 15-19, 2003-2024. Panel A: daily minutes in
three leisure categories. Panel B: year-by-year scatter of in-person socializing minutes (ATUS)
against the teen birth rate (NCHS).

Panel B plots the year-by-year relationship between teen in-person socializing minutes
and the teen birth rate over 2003-2024. The correlation is r = 40.97. A linear fit implies

each additional 10 minutes per day of face-to-face peer time is associated with about

7Smartphones also host dating apps (Tinder, Hinge, Bumble), but these enforce de facto 18+ age
restrictions, so teen use is negligible; the apps teens actually use (Snapchat, Instagram, TikTok) are peer-
socializing rather than mating platforms. Even for ages 18—-24 where dating-app use is ubiquitous, sexual
activity declined over the smartphone era (share reporting no sexual activity in the past year rose from 19 to
31 percent over 2008-2022, GSS).
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nine additional teen births per thousand women. The relationship is tight and linear, with
no structural break or saturation. The 30-minute decline in daily in-person socializing
2003-2019 mechanically predicts a decline of about 27 teen births per thousand—within a
few points of the observed decline from 41.6 to 16.7. ATUS cannot establish causation by
itself, but it provides direct measurement of the behavioral middle step the coordination

model requires.

VI.H Subgroup Heterogeneity by Race, Ethnicity, and Density

The within-county test in Section 6.F showed that adding density-tercile x year and
racial-composition X year controls leaves the broadband effect largely intact. This subsec-
tion presents the descriptive counterpart: post-2007 acceleration is universal across racial
and Hispanic-origin groups (ruling out group-specific policy explanations) and displays a

monotone gradient in county density (confirming the peer-coordination mechanism).

Race and Hispanic origin. Figure 9 plots U.S. teen birth rates by five NCHS racial and
Hispanic-origin groups from 1991 to 2023. Every group accelerated sharply after 2007. In
the pre-smartphone window (1991-2007), the slowest decliners were Hispanic teens (—1.5
percent per year) and non-Hispanic Asian teens (—2.8 percent). After 2007 these same
two groups accelerated the most: Hispanic teens to —8.2 percent (a 5.4 x acceleration)
and non-Hispanic Asian teens to —12.3 percent. The other three groups accelerated to
between —6.3 and —7.2 percent. The pattern is difficult to reconcile with any policy

channel targeting a specific community.

Urban-rural gradient. Figure 10 displays teen birth rates by population tercile of the
2013 female 15-19 population: a large-urban tercile of 63 counties, a mid-sized tercile of
259 counties, and a rural tercile of 2,813 counties. In 2003-2007 none of the three strata
declined meaningfully. After 2007 all three accelerate sharply with a monotone gradient:
large urban —8.4 percent per year, mid-sized —7.3 percent, rural —6.2 percent. This pattern
is consistent with the coordination mechanism: the equilibrium shift to phone-mediated

peer time should occur first and most completely where pre-existing peer networks were
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U.S. Teen Birth Rates by Race and Hispanic Origin, 1991-2023
Source: NCHS NVSS (pre-2016 bridged race; 2016+ single race)

(a) Teen Birth Rates by Race/Ethnicity, 1991-2023 (b) Indexed to 2007: acceleration is universal
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FIGURE 9. U.S. teen birth rates by race and Hispanic origin, 1991-2023. Panels: (a) levels on log
scale; (b) indexed to 2007 = 100; (c) ratio to non-Hispanic White; (d) pre/post annualized rates of
change. Source: NCHS NVSS.

densest.8

VLI Dobbs as a Test of the Conception Channel

The Dobbs decision (June 2022) provides a secondary test of the conception-channel
interpretation. The smartphone mechanism operates through conceptions, not through
abortion access; Dobbs affects the resolution of conceptions but not the conception rate. If
the conception channel is correct, the post-Dobbs reversal should be modest—bounded by
the abortion ratio, which is 29-30 percent of teen pregnancies. The abortion-access story

would predict a large reversal of the post-2007 decline.

8We measure the density tercile using the 2013 female 15-19 population to limit contamination from
post-treatment migration; selective migration could still bias the gradient if movers differ systematically from
stayers, though the direction of any such bias is not obvious. The point is descriptive: the gradient is what the
mechanism would generate, and it would be hard to generate from contraceptive-access or welfare-reform
stories that do not operate through peer-network density.
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U.S. Teen Birth Rates by County Population Size, 2003-2020
3,135 counties, population-weighted tercile split by 2013 female 15-19 population

(a) Teen Bjrth Rates by County Size, 2003-2020 (b) Indexed to 2007: urban counties decline fastest
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FIGURE 10. U.S. teen birth rates by county population size, 2003—2020. Counties sorted into three
equal-population terciles. Source: NCHS Khan-Rossen county-level estimates.

Table 6 extrapolates the 20142019 log-linear trend in age-specific birth rates to 2024

and compares to observed 2024 rates.

TABLE 6. Post-Dobbs Birth Rate Deviations from Pre-Dobbs Trend Extrapolation

Age group 2014 2019 2024 actual 2024 trend Gap

15-19 242  16.7 12.7 11.5 +10.2%
20-24 79.0 66.6 56.7 56.1 +1.0%
25-29 105.8 98.3 914 91.3 +0.1%
30-34 100.8 93.7 95.4 87.1 +9.5%
35-39 51.0 528 55.0 54.7 +0.6%
40-44 10.6  12.0 12.8 13.6 —5.8%
Notes: Rates per 1,000 women. 2024 trend is the 2014-2019 log-linear extrapolation. Source:
NCHS NVSS.

The teen-15-19 reversal of +10.2 percent above pre-Dobbs trend is modest—about

one-sixth of the total 2007-2019 smartphone-era decline of ~60 percent. Bounded by
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the 30 percent abortion ratio, the conception channel predicts a teen reversal of at most
10-15 percent above trend; the observed 10.2 percent falls in this range. An abortion-
driven account would predict a much larger reversal—50 percent or more of the post-2007

decline—which is not observed.

VII. INTERNATIONAL REPLICATION: ENGLAND AND WALES

The U.S. evidence in Section 6 is identified through within-country cross-sectional
and within-county time variation, but the aggregate post-2007 acceleration is a common
national shock whose magnitude cannot be separately identified from cross-sectional
regressions alone. An international replication provides a second identification check: if
the mechanism is a common global technology shock rather than a U.S.-specific policy
confound, similar acceleration patterns should appear in other countries with comparable
smartphone adoption trajectories but different healthcare and welfare environments. Eng-
land and Wales provide a natural test case because (i) ONS administrative data measure
conceptions directly rather than births, capturing the object A = Ay - (1 —m) of Equation (4)
without the need for an abortion-ratio placebo; (ii) Ofcom publishes local-authority-level
4G mobile coverage; and (ii1) the UK’s universal National Health Service and Teenage
Pregnancy Strategy environment is sufficiently different from U.S. Medicaid waivers, wel-
fare reform, and the Affordable Care Act contraceptive mandate that any country-specific

policy explanation cannot simultaneously fit both countries.

VII.A Data

Under-18 conception rates by local authority are from ONS Conception Statistics,
Worksheet 6 (Office for National Statistics, 2023). Data cover 1998-2021 and report, for
each lower-tier local authority in England, the number of conceptions to women aged under
18 and the rate per 1,000 women aged 15-17. A conception is defined as a pregnancy
leading to either a live or still birth, or a legal abortion under the 1967 Abortion Act.
The sample comprises four types of lower-tier local authority: Unitary Authorities (80),

Non-metropolitan Districts (181), Metropolitan Districts (36), and London Boroughs (32).
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After restricting to authorities with complete data for all 24 years, the balanced panel
contains 294 local authorities x 24 years = 7,056 observations.

Local-authority-level 4G mobile network coverage is from Ofcom’s Connected Na-
tions reports for 2017-2020 (Ofcom, 2020). The key variable is the percentage of premises
in each local authority with outdoor 4G signal from all four UK mobile network operators
(EE, Three, O2, Vodafone). This all-operator coverage threshold is analogous to the
FCC Form 477 broadband tier coding of Section 4, which measures the maximum tier
of broadband available to a county’s population. Table 7 summarizes the distribution
across years. The key feature for identification is the substantial 2017 cross-sectional
variation (mean 87.4 percent, standard deviation 15.5 percentage points, range 24.2 to
100.0 percent), which compresses as the network approaches saturation by 2020.

TABLE 7. 4G Mobile Coverage Distribution by Year: % Premises with All-Operator Outdoor
Coverage

2017 2018 2019 2020
Local authorities 325 325 325 313

Mean 874 935 971 975
SD 15.5 8.4 4.4 3.8

Min 242 628 735 782
Max 100.0 100.0 100.0 100.0

Notes: Variable is all-operator outdoor 4G coverage from Ofcom Connected Nations mobile coverage data.
LAs restricted to English E-code authorities matched to the ONS conception panel.

For the event-study specification, we use the standardized 2017 4G coverage level
z}‘G as the cross-sectional treatment intensity measure, paralleling the U.S. paper’s use of
a cross-sectional broadband index z.. For the first-difference specification, we construct
a continuous 4G coverage time series for each local authority: zero before 2013 (when
UK 4G launched commercially), linearly interpolated between 2013 and the first observed
value in 2017, observed values for 2017-2020, and the 2020 value carried forward to 2021.

Three features distinguish this analysis from the U.S. results of Section 6. First, the
outcome variable is the under-18 conception rate rather than the 15-19 birth rate—a closer
measure of the theoretical object. Second, the treatment variable is Ofcom 4G mobile

coverage rather than FCC broadband tiers. Both are continuous and time-varying within
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geographic units, but the English variable directly measures mobile network infrastructure
rather than capturing it through a fixed-broadband proxy. Third, the panel is longer (24

years vs. 18) but narrower (294 local authorities vs. 3,136 counties).

VIL.B National Trends

Figure 11 compares national teen fertility trends in England and the United States,
indexed to 2007. Both countries exhibit a pre-2007 plateau followed by a sharp post-2007
acceleration, with near-identical timing. The English under-18 conception rate declined
from 41.4 per 1,000 in 2007 to 13.0 in 2020, a fall of 69 percent. The U.S. teen birth rate

declined from 42.5 to 15.3 over the same period, a fall of 64 percent.

National teen fertility trends: England vs United States, 1998--2021
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FIGURE 11. Teen fertility trends indexed to 2007, England vs. United States, 1998-2021. England
series is ONS under-18 conception rate (per 1,000 women 15-17); U.S. series is NCHS
age-specific birth rate (per 1,000 women 15-19). Source: ONS Conception Statistics, NCHS
NVSS.

Table 8 formalizes the comparison. Pre-2007 annual log change was —1.3 percent per
year in England versus —1.4 percent in the United States. Post-2007 annual log change
accelerated to —8.9 percent per year in England and —7.9 percent in the United States.
The acceleration ratio—post-2007 slope divided by pre-2007 slope—is 6.8 x for England

and 5.6 x for the United States.
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TABLE 8. National Teen Fertility Trends: England vs. United States

England United States
Measure Conceptions (under 18)  Births (15-19)
Rate 2007 414 42.5
Rate 2020 13.0 15.3
Decline 2007-2020 —69% —64%
Annual rate, 1998-2007 —1.3%l/yr —1.4%lyr
Annual rate, 2007-2020 —8.9%/yr —7.9%/yr
Acceleration ratio 6.8x 5.6%

Notes: Annual rates are average annual log changes over the indicated period. England rates are ONS
under-18 conceptions per 1,000 women aged 15—-17. U.S. rates are NCHS births per 1,000 women aged
15-19. Source: ONS Conception Statistics; NCHS NVSS.

The near-identical timing across two countries with fundamentally different policy
environments is difficult to reconcile with any country-specific policy explanation. UK teen-
fertility policy over the post-2007 period operated through universal NHS contraceptive
access and the Teenage Pregnancy Strategy; U.S. teen-fertility policy operated through
Medicaid family-planning waivers, welfare reform, and after 2010 the Affordable Care Act
contraceptive mandate. The near-simultaneous acceleration in both countries is consistent

with a common global shock, of which the smartphone is the leading candidate.

VIL.C Within-LA Distributed Lag

The UK panel merges ONS under-18 conception counts with Ofcom 4G outdoor
coverage data for 294 local authorities over 1998-2021. As in the U.S. panel, we adopt a
first-difference distributed-lag specification. The pre-trend diagnostic is weaker in England:
the correlation between each local authority’s 1998-2007 log conception slope and its
2017 4G coverage is r = —0.081 (p = 0.17), against r = —0.162 in the U.S., so high-4G
authorities in England were not on differential pre-2007 trajectories. The model still
predicts a 3—5 year buildup that linear pre-trend corrections would absorb mechanically.

The FD specification is

3
Alog(CRy) =%+ Y Ok A(4Gy)—k + &1
=0
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Table 9 reports the results. The contemporaneous effect is —0.00475 (t = —2.56): a
one-percentage-point increase in 4G coverage is associated with a 0.48 percent decline
in the teen conception rate in the same year. The third lag is also individually significant
at —0.00374 (r = —2.06), consistent with the coordination model’s prediction of delayed
equilibrium adjustment as peer networks accumulate. The cumulative four-year effect
is —0.00566, implying that a 10-percentage-point increase in 4G coverage reduces teen

conceptions by approximately 5.7 percent over four years.

TABLE 9. Distributed-Lag First-Difference: Within-LA 4G Coverage Changes

Coefficient  t-statistic

A(4G), —0.00475"  —2.56
A(4G),_, 4+0.00234  +1.31
A(4G)_» +0.00048  +0.34
A(4G),_3 —0.00374*  —2.06

Cumulative 4-year  —0.00566

Notes: 294 local authorities. Dependent variable is Alog(CR,). Treatment is the within-LA change in 4G
all-operator outdoor coverage (percentage points). Cluster-robust SEs at the LA level. *p < 0.05, **p < 0.01.

The lag structure differs from the U.S. paper’s monotonically negative pattern, with
the first and second lags positive but insignificant. This may reflect measurement noise
in the interpolated pre-2017 4G series, or differences in the timing of UK versus U.S.
smartphone adoption dynamics. The cross-sectional correlation between 2017 4G coverage
and the 2007-2020 log change in conception rates is ¥ = —0.195 (p < 0.001): areas with

higher 4G coverage experienced larger conception declines after 2007.

VIL.D What the English Replication Adds

The English results parallel the U.S. results on every dimension that can be tested
with available data, and add two pieces of substantive value. First, the conception measure
records pregnancies regardless of outcome, embedding the abortion-access verification
of Section 6.C by construction; the negative 4G coefficient on conceptions confirms the
mechanism operates on the pregnancy-formation margin. Second, the UK’s NHS universal

contraceptive access and absence of a welfare-reform cohort differ fundamentally from
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the U.S. environment. That both countries exhibit near-identical post-2007 acceleration,
and that within-country cross-sectional variation in mobile infrastructure independently
explains the post-2007 decline in both settings, is difficult to reconcile with any single

country-specific policy explanation.

VIII. BEYOND FERTILITY: A DIRECT TEST OF THE TIPPING PREDICTION

The coordination model makes a sharper empirical prediction than a smooth-transition
story. In the coordination-tipping account two equilibria coexist until the price falls below
the critical threshold p, at which the in-person equilibrium ceases to exist and the peer
network jumps to the digital equilibrium. Outcomes depending on in-person peer time
should therefore exhibit synchronized kinks —changes in slope, not level—at the tipping
date, with the sign of each kink determined by whether the outcome rises or falls with
peer presence. Smooth dose-response cannot generate kinks; coordination tipping requires
them. Fertility is one such outcome; this section tests the same prediction on five additional
U.S. teen outcomes and on the cross-country teen suicide rate.

Figure 12 plots U.S. trajectories for the teen birth rate (NCHS), share of high-school
students reporting having had sexual intercourse (YRBS), share of adolescents reporting a
major depressive episode (NSDUH), teen suicide rate (CDC WONDER), and teen violent-
crime arrest rate (FBI UCR), over a symmetric ten-year window around 2007. Each series
kinks at 2007 in the predicted direction. The three outcomes that depend on in-person
peer time all kink downward: birth-rate growth rate from —2.5 to —8.6 percent per year,
sexual activity from —0.3 to —2.2, violent-crime arrests from —3.5 to —6.2. The two
1solation-correlated outcomes reverse direction: adolescent depression from —3.9 to 4-6.7
percent per year, teen suicide from —2.4 to 4+-5.1. Five outcomes, one date, all correctly
signed—the empirical signature the coordination model predicts and the smooth-transition
alternative does not.

The same kink prediction extends internationally. Figure 13 plots teen suicide rates

from 1996 through 2018 for the 19 high-income countries used in Figure 1’s sub-panel Al,
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A. Trajectories of teen outcomes, 1997-2017, indexed to 2005 = 100 B. Pre-2007 vs post-2007 trend slopes
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FIGURE 12. Synchronized 2007 kinks across five U.S. teen behavioral outcomes. Panel A:
indexed trajectories, 1997-2017, with a vertical reference line at 2007. Panel B: pre-2007
(1997-2007) and post-2007 (2008-2017) annual log-linear growth rates. Three
peer-time-dependent outcomes (birth rate, sexual activity, violent-crime arrests) kink to steeper
declines; two isolation-correlated outcomes (depression, suicide) reverse from declining to rising.
Sources: NCHS natality; YRBS biennial survey; NSDUH via CDC; CDC WONDER; FBI UCR
via OJJDP Statistical Briefing Book.

indexed to each country’s 2007 value. In a smooth-transition account, the cross-country
median trajectory should evolve gradually with no special feature at 2007. The data instead
show a U-shape: the median declines steadily from roughly 135 in 1996 to its trough at
2007 and rises thereafter, ending at approximately 125 by 2018. The U-shape is the level-
space manifestation of an upward kink in the suicide growth rate at 2007, mirroring the U.S.
pattern in Figure 12. The United States shows the most pronounced U-shape; the United
Kingdom a milder version of the same pattern; the interquartile range widens substantially
after 2010, reflecting genuine cross-country heterogeneity in the post-2007 trajectory. Of
the 20 high-income countries with sufficient data, 15 show post-2007 acceleration in teen
suicide growth, with a median pre/post change of +4.4 percentage points per year. The
international suicide pattern is therefore a partial replication of the U.S. kink: it confirms
that the 2007 turning point is not specific to one country, but its magnitude varies more
across countries than the fertility response in Figure 1.

The synchronized 2007 kink across U.S. teen outcomes, paralleled in the international
teen suicide series, is what the coordination model predicts and what a smooth-transition

story does not. This paper contributes the cross-country descriptive replication of the post-
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FIGURE 13. Teen suicide rate, 19 high-income countries, indexed to 2007 = 100. Cross-country
median falls from approximately 135 in 1996 to 100 at 2007 and rises thereafter, ending at
approximately 125 by 2018—a U-shape consistent with an upward kink in the suicide growth rate
at the 2007 tipping date. Source: World Bank Data360 Human Capital Project, adolescent suicide
rate per 100,000 population aged 15-19 (both sexes).

2007 break, the within-country fertility identification using terrain-ruggedness instruments,
the coordination-equilibrium framework that nests the disparate findings as predictions of
a single network-tipping shock, and the test of that framework’s distinctive prediction: a
synchronized kink across multiple outcomes at a single tipping date. We extend that test to
a direct IV exercise on teen suicide in the next subsection, and place the result alongside

the existing causal mental-health literature in Section 8.2.

VIII.LA A Direct IV for the Suicide Margin

The same identification strategy used in Table 3 for teen fertility can be applied
directly to teen suicide. The empirical challenge is that CDC WONDER suppresses any
county-cell with fewer than ten deaths, and direct queries of teen suicide deaths by county

suppress the overwhelming majority of rural counties from the reportable sample.’

“We circumvent this limitation by recovering teen suicide counts via an all-age aggregate decomposition
that yields a 1,899-county sample, an order of magnitude larger than the 363 counties available from a direct
teen-suicide query. Partition external-cause deaths (ICD-10 VO1-Y89) into a 2 x 2 grid by age (teen 15-19
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We estimate a cross-sectional IV regression of the post-period teen suicide rate on
average 2010-2019 broadband and 4G coverage, controlling for the pre-period suicide rate.
Including the pre-period rate as a control on the right-hand side makes specifications with
the post-period rate as outcome and with the pre—post change as outcome algebraically
equivalent. The mechanism predicts a positive coefficient, opposite-signed to the negative
fertility coefficient of Table 3: smartphone-driven substitution from in-person to digital
peer time should reduce teen conceptions and raise teen suicide, both effects identified off
the same instrument. Table 10 reports the progressive-controls build-up in the format of
Table 3, with state fixed effects included throughout.

The IV estimates are positive and statistically significant in every column. The
LTE coefficient ranges from +2.67 to 4+-3.98 deaths per 100,000 per 10-percentage-point
increase in mean 2010-2019 coverage (columns 4—6), and the broadband Tier 1 coefficient
ranges from +3.21 to +6.04 (columns 1-3). Against a sample-mean post-period rate of
13.9 deaths per 100,000, a 10-percentage-point shift in coverage corresponds to a 19 to
44 percent increase in the teen suicide rate—of the same proportional order of magnitude
as the LTE effect on teen fertility in Table 3, with first-stage F -statistics well above the
weak-instrument threshold in every column.

The sign and magnitude of the IV estimates mirror the fertility result of Table 3 but
in the opposite direction. Both effects are recovered from the same instrument applied to
two behavioral outcomes that the coordination model predicts should move in opposite
directions—fewer face-to-face encounters yield fewer conceptions, and more isolation

from the in-person peer network yields more self-harm.

vs. all other ages) and cause (suicide X60—X84 vs. non-suicide external). Three queries per period—all-ages
all-external, all-ages non-suicide-external, and not-15-19 suicide-only—fully identify all four cells, yielding
teen suicide as TS, = (All x All ext) — (All x Non-sui ext) — (Not 15-19 x Suicide). Because each aggregate
is much larger than teen suicide alone, each individually clears the ten-death threshold in nearly every U.S.
county. We verify that population denominators reconcile across the queries and that recovered counts are
non-negative. We further validate the decomposition against the prior teen-only subtraction (teen all-external
minus teen non-suicide external); on the 1,207-county intersection where both methods deliver values, the
implied counts agree exactly, county by county and period by period.
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TABLE 10. Ruggedness IV for Digital-Infrastructure Effect on Teen Suicide Rate, Two Measures

Dependent variable: A teen 15-19 suicide rate per 100,000, 1999-2007 to 2008-2020

Broadband penetration (per 10-pp) LTE (4G) coverage (per 10-pp)

(1) 2) 3) “4) &) (6)
T, +3.36%* +3.21* +6.04*** +3.00** +2.67* +3.98***

(1.38) (1.38) (2.12) (1.24) (1.15) (1.40)

First-stage F 82.1 72.8 38.8 53.3 55.4 43.0
First-stage coef. on log(TRI+ 1) —0.144 —0.138 —0.097 —3.228 —3.303 —2.960
State fixed effects Yes Yes Yes Yes Yes Yes
Race shares Yes Yes Yes Yes Yes Yes
Bachelor’s + share Yes Yes Yes Yes Yes Yes
Log total population Yes Yes Yes Yes Yes Yes
Log land area Yes Yes Yes Yes Yes Yes
Pre-period rate control Yes Yes Yes Yes Yes Yes
Religious composition (4 groups) No Yes Yes No Yes Yes
Republican vote share (2000-2020 mean) No No Yes No No Yes
Counties 1,899 1,899 1,899 1,899 1,899 1,899

Notes: 2SLS estimates. The estimated equation regresses the pooled post-period teen 1519 suicide rate per 100,000 (2008-2020) on infrastructure coverage,
controlling for the pre-period rate (1999-2007) on the right-hand side; the coefficient on T. is therefore algebraically identical to the coefficient one would
obtain with the pre—post change in the suicide rate as the outcome, and is the quantity reported in the column header. Suicide counts are recovered through an
all-age aggregate decomposition described in Section 8.1. Endogenous treatment 7, is the county 2010-2019 mean FCC Form 477 broadband Tier 1 share in
columns (1)—(3) and the county 2010-2019 mean all-operator outdoor LTE (4G) coverage in percent of premises in columns (4)—(6). Coefficients are rescaled to
a common change in deaths per 100,000 per 10-percentage-point increase in the underlying infrastructure measure: native broadband Tier 1 coefficient
multiplied by 0.5; native per-pp LTE coefficient multiplied by 10. Standard errors in parentheses are robust to heteroskedasticity, also rescaled. The instrument
is log(TRI+ 1). Religion variables are adherence rates from the 2010 U.S. Religion Census (Grammich et al., 2012). Republican vote share is the county mean
across 2000, 2004, 2008, 2012, 2016, and 2020 from MEDSL (MIT Election Data and Science Lab, 2024). Race shares are the non-Hispanic Black share and
Hispanic share. *p < 0.10, **p < 0.05, **p < 0.01.



VIIL.B The Mechanism’s Wider Footprint

The IV result on teen suicide complements the descriptive mental-health evidence in
Figure 12 and the international suicide pattern in Figure 13, and sits alongside the existing
causal evidence in the quasi-experimental literature. Braghieri, Levy, and Makarin (2022)
use the staggered Facebook rollout across U.S. colleges and identify causal deteriorations
in mental health; Donati et al. (2025) use 3G mobile broadband rollout in Italy and find
increases in adolescent mental-health visits and antidepressant use. We treat the psychology
literature (Twenge, Martin, and Campbell, 2018; Twenge et al., 2019; Haidt, 2024) as
complementary on the breadth of outcomes. Causal identification of smartphone effects on
depression, sexual activity, or violent-crime arrests requires either restricted-use mortality
data with full county coverage or different identification strategies, and we leave these
to future work.!® The descriptive kink-pattern in Figures 12 and 13 is nonetheless a
model-driven test rather than a loose consistency check: kinks at the same date in the
directions the model predicts are the discriminating signature of a coordination tipping

point relative to a smooth-transition alternative.

IX. CONCLUSION

This paper argues that the post-2007 acceleration in young-adult fertility decline in the
U.S. and U.K. is attributable to smartphones. The argument rests on five pieces of evidence:
age-specific national trends showing a monotone gradient concentrated in the young-adult
ages in which most unintended conceptions occur; cohort evidence showing the decline
contains a quantum component that cannot be recovered later; a terrain-ruggedness IV

identifying significant cross-sectional 2SLS effects of broadband and 4G, supplemented

10The county-year suppression rule that we circumvent for the cross-sectional change in suicide rates by
pooling deaths over the full pre- and post-windows cannot be similarly relaxed for a within-county dynamic
exercise. An annual county—year panel of teen suicide rates would require each county-year cell to clear
the ten-death threshold, which retains only the largest urban counties and removes the rural variation that
identifies the terrain-ruggedness instrument’s first stage. We therefore present only the cross-sectional change
specification of Table 10 and do not estimate a corresponding panel event-study analogous to Section 6.6.
Suicide classification is also subject to known endogenous reporting heterogeneity across coroner and
medical-examiner jurisdictions (Rockett et al., 2014; Stone et al., 2018), which adds measurement noise that
should attenuate the cross-sectional estimates we report.
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by a within-county distributed-lag panel converging on a smaller dynamic effect with
cointegration; time-use diary evidence showing teen in-person socializing fell from 68 to
38 minutes per day over 2003-2019 with year-by-year correlation r = 4-0.97 against the
teen birth rate; and an English replication showing under-18 conception rates accelerated
from —1.3 to —8.9 percent per year, with Ofcom 4G coverage yielding event-study
and first-difference estimates that parallel the U.S. results. Additional confirmation of
the mechanism comes from the suicide margin: applying the same terrain-ruggedness
instrument to teen suicide rates recovers a positive effect of 4G coverage on the post-period
suicide rate, opposite-signed to the fertility result and of similar proportional magnitude.
Recovering symmetric, opposite-signed effects on two outcomes that the model predicts
move in opposite directions in response to the same equilibrium shift is difficult to reconcile
with any single-channel explanation.

The theoretical framework is a coordination model with positive network externalities
in both in-person and digitally mediated interaction, driven by the falling hedonic price of
the smartphone (down 84 percent in real terms 2007-2019). As the price falls through a
critical threshold, the in-person equilibrium disappears and the economy tips. The shift is
hysteretic: removing individual smartphones does not restore the in-person equilibrium
because the peer network remains in the new one. The framing is that smartphones
accelerated a decline already underway, rather than caused it ab initio; Kearney and
Levine (2015) remain correct for the 1991-2005 period, and the paper’s contribution is to

identify the force that explains why the decline did not stall at its 2005-2008 plateau.
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