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Digital Trace Data and Demographic
Forecasting: How Well Did Google Predict
the US COVID-19 Baby Bust?

JOSHUA WILDE , WEI CHEN, SOPHIE LOHMANN

AND JASMIN ABDEL GHANY

At the onset of the first wave of COVID-19 in the United States, the pandemic’s
effect on future birthrates was unknown. In this paper, we assess whether digital
trace data—often touted as a panacea for traditional data scarcity—held the poten-
tial to accurately predict fertility change caused by the COVID-19 pandemic in the
United States. Specifically, we produced state-level, dynamic future predictions of the
pandemic’s effect on birthrates in the United States using pregnancy-related Google
search data. Importantly, these predictions were made in October 2020 (and revised
in February 2021), well before the birth effect of the pandemic could have possibly
been known. Our analysis predicted that between November 2020 and February
2021, monthly United States births would drop sharply by approximately 12 per-
cent, then begin to rebound while remaining depressed through August 2021. While
these predictions were generally accurate in terms of the magnitude and timing of the
trough, there were important misses regarding the speed at which these reductions
materialized and rebounded. This ex post evaluation of an ex ante prediction serves
as a powerful demonstration of the “promise and pitfalls” of digital trace data in
demographic research.
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Introduction and background

The COVID-19 pandemic has had significant consequences for human soci-
ety. As of April 28, 2022, the COVID-19 pandemic has led to approximately
510million confirmed cases and 6.2million deaths worldwide (WHO2021).
In the immediate aftermath of the first wave in March and April 2020,
most attention focused on the mortality and economic consequences of the
pandemic, while its effects on fertility were mainly a matter of speculation
(Aassve et al. 2020). Some in the popular media suggested the pandemic
would result in a “baby boom” as couples spent more time together. Such
pronouncements were viewed with skepticism by many demographers, cit-
ing evidence on the short-term fertility effects from other mortality crises,
including natural disasters (Finlay 2009; Evans, Hu, and Zhao 2009; No-
bles, Frankenberg, and Thomas 2015; Behrman and Weitzman 2016) and
previous pandemics (Bertillon 1892; Chandra et al. 2018). These studies
generally show that mortality spikes are followed by reductions in births
within a year with some evidence of fertility rebounds after several years
(Palloni 1988). However, in spite of the broad public and scientific interest
in the effect of the COVID-19 pandemic on birthrates, there was a lack of
concrete forecasts at national or subnational levels regarding the possible
magnitude or timing of these hypothesized birthrate effects. In the United
States, the first of these concrete predictions came in July 2020, in a short
Brookings Institution report (Kearney and Levine 2020), and focused on
aggregate national changes without any prediction regarding the timing of
the predicted declines. The second prediction in October 2020—which in-
cluded specific state-level, dynamic predictions at the month level—is the
subject of this research article (Wilde, Chen, and Lohmann 2020).

The intense public interest in the effect of the pandemic on birthrates
was partially due to the fact that fertility change has significant economic
and social consequences (Ashraf, Weil, and Wilde 2013; Karra, Canning,
and Wilde 2017). Birth reductions may accelerate population aging and
increase dependency ratios in populations already far below replacement
fertility (PRB 2020), potentially lowering economic growth in the face of
smaller working-age populations and a higher private and public care bur-
den (Maestas, Mullen, and Powell 2023; Beard and Bloom 2015). However,
these social and economic effects are mainly affected by long-run fertil-
ity change. If the pandemic leaves lifetime births per woman unchanged
and births are only postponed, the long-term economic effects from post-
ponement should be minimal. However, recent postcrisis fertility declines—
including the 2008–2009 financial crisis—did not experience a rebound and
led to permanently lower fertility rates. Since the exact nature of the ef-
fect of COVID-19 on the future of human fertility was unclear, the eco-
nomic and social effects of the crisis due to demographic change were also
unknown.
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JOSHUA WILDE ET AL. 423

As human gestation takes on average of 268 days, there was a natural
delay from the onset of the COVID-19 pandemic crisis and its effect on full-
term births (Jukic et al. 2013). For example, full-term births from concep-
tions realized during the rapid onset of the pandemic in February or March
of 2020 would not appear until November or December. This delay in un-
derstanding the effect of the pandemic on fertility was further compounded
since natality data do not become available for analysis instantaneously. For
example, the US Natality File birth microdata from the National Center for
Health Statistics (NCHS) are generally released at least 6–9 months after the
end of the year in which those births occurred. As a result, the full data from
2020 was not available for analysis until September 2021. Even in countries
that have faster data releases (such as in European countries with registered
data), significant delays between the advent of births and the release of data
hamper the ability of researchers tomake timely analyses of the relationship
between COVID-19 and fertility rates.

Digital trace data have long been hoped to fill these gaps through now-
casting methods where data are scarce or delayed. An emerging literature
suggests that these sources—and Google search data in particular—can be
used to monitor a number of social and biological phenomena in the ab-
sence of more reliable or timely data (Cesare et al. 2018). Such data have
been used for real-time analyses of disease outbreaks such as the seasonal
flu and Dengue (Ginsberg et al. 2009; Carneiro and Mylonakis 2009) as
well as studies on well-being (Brodeur et al. 2021), tourism (Siliverstovs
and Wochner 2018), financial trading behavior (Preis et al. 2013), and de-
mographic processes such as fertility (Billari, D’Amuri, and Marcucci 2016;
Ojala et al. 2017; Lin, Cranshaw, and Counts 2019), migration (Zagheni
and Weber 2012; Wladyka 2017), sexual behavior (Markey and Markey
2013; Wilde, Apouey, and Jung 2017; Stephens-Davidowitz 2017), mortal-
ity (Tamgno, Faye, and Lishou 2013; Ricketts and Silva 2017), and suicide
(Solano et al. 2016). Moving beyond now-casting with Google data is gen-
erally difficult due to the complexity or uncertainty surrounding the long-
term processes which govern such phenomena.

Google search data are particularly appealing for predictions regarding
fertility formultiple reasons. First, most phenomena can only be now-casted
and not forecasted using these methods (Choi and Varian 2012). However,
since behavior and information-seeking surrounding human gestation takes
place in predictable phases with well-known time lags, now-casting con-
ceptions can help us to predict birth 7–9 months into the future. Second,
inasmuch as sexual behavior and conception as well as their discussion and
scientific investigationmay be considered a social taboo bymany, some indi-
viduals may be more willing to search for such information on the Internet
than to discuss their behavior in person (Stephens-Davidowitz 2017). For
example, there is a well-known disconnect between fertility intentions and
fertility behavior (Morgan and Rackin 2010). Therefore, although Google
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data are only an imperfect reflection of the behaviors that affect fertility,
it may more accurately reflect actual behavioral change than a direct self-
report of those behaviors. Finally, while most economic and demographic
indicators are subject to lengthy time lags in data compilation and release,
Google search data are immediately available and free to all, making it an
ideal data source for a broad range of now-casting and forecasting applica-
tions.

In addition to uncertainty surrounding the pandemic’s effect on ag-
gregate fertility, there could have also been significant heterogeneous ef-
fects across subnational regions, or between socioeconomic groups. For ex-
ample, COVID-19 incidence and mortality have been elevated among the
Black or African American community in the United States, and the eco-
nomic impacts have been particularly acute for workers with lower lev-
els of education (CDC 2020; Finch and Finch 2020). Additionally, while
planned births may fall as the economic fallout of the pandemic induces
couples to delay child-bearing, reduced contraceptive access may lead to an
increase in unintended pregnancies. This effect is particularly acute for ar-
eas with historically poor contraceptive access: A 2020 UNFPA report noted
that COVID-19 had already exacerbated unmet family planning needs due
to a variety of reasons, including decreased demand for health facility vis-
its, unavailability of trained medical staff, and supply chain disruptions for
contraceptive commodities (UNFPA 2020). Analyzing differential changes
in Google search volumes across regions with heterogeneous populations
may yield early insights into the potential mechanisms behind the effects of
COVID-19 on birthrates.

While digital trace data have been touted as a possible panacea for
data scarcity with its promise of now-casting social, economic, and health
phenomena, significant skepticism abounds. Following an explosion of re-
search advocating digital trace data to study social phenomena, there was a
significant backlash against their use.1 The most high-profile of these cases
was the supposed failure of Google Flu, which stopped being predictive after
just several years due to model overfitting run amok (Lazer et al. 2014). In
addition, while most research with digital trace data have focused on either
ex post tests of predictive fit or now-casting exercises, tests of digital data’s
ex ante predictive capacity are rare.

In October 2020, we did precisely this. Using state-of-the-art predic-
tion methodologies, we put the promise of digital trace data to the test by
making an ex ante prediction on the future of US fertility (Wilde, Chen, and
Lohmann 2020) as a result of the COVID-19 pandemic using digital trace
data. Our predictions were very specific: they were by state and month,
up to seven months into the future.2 Our forecasting model was primar-
ily based on current Google search volumes for a set of keywords relating
to conception, pregnancy, childbirth, and economic stability. The idea be-
hind this strategy is simple: if one observes a sharp increase in searches for
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JOSHUA WILDE ET AL. 425

conception-related terms such as “pregnancy test,” “missed period,” “ovu-
lation,” or “abortion,” one might expect a corresponding change in births
seven to nine months later.

We did this in four steps. First, we showed that before 2019, periods
of above-normal search volume for Google keywords relating to conception
and pregnancy were associated with higher numbers of births in the follow-
ing months at the expected time lags. Excess searches for unemployment
keywords just before possible conception had the opposite effect. Second,
by employing simple machine learning techniques, we demonstrated that
including information on keyword search volumes in predictionmodels sig-
nificantly improved forecast accuracy over a number of cross-validation cri-
teria. Third, we used data on Google searches during the COVID-19 pan-
demic to predict changes in aggregate fertility rates in the United States at
the state level through February (later August) 2021. Finally, we showed
our predictions were heterogeneous in understandable ways across states by
sociodemographic characteristics such as income, education, racial or ethnic
identity, and COVID-19 caseload.

In this paper, we present our previous process and prediction and pro-
vide a postmortem.3 By so doing, we hope to make a larger statement re-
garding the “promise and pitfalls” of using digital data in demography (Ce-
sare et al. 2018). Specifically, while many of the predicted effects came to
pass almost exactly as forecast, there were a number of significant misses.
This rare ex post evaluation of a real-time ex ante prediction serves as a
powerful demonstration that digital data can indeed be used in forecasting,
significantly improve model forecasts, and be useful indicators of popula-
tion behavior; yet they are not a panacea for traditional problems of scare
data and forecasting error as many would hope.

Data and methods

In the spirit of keeping the main text accessible and compelling, we moved
many of the specifics about the methods and data to Supporting Informa-
tion. However, we include a brief overview here.

Data sources

Our data on keyword search frequency comes from Google Trends (http://
trends.google.com).We usemonthly searches at the state level in the United
States since data for smaller geographic regions are often suppressed due to
low search volumes. The Google data began in January 2004 and ended at
the time our model was run (either July 2020 or January 2021). The model
was fit only using pre-Covid data, defined by us as December 2019.

Data on births by state and month come from the National Vital Statis-
tics System (NVSS) of the National Center for Health Statistics (NCHS).
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426 DIG I TAL TRACE DATA AND DEMOGRAPH IC FORECAST ING

Since 2004 is the first year Google search data are available, we use monthly
birth counts for eachUS state andDC from2004 to 2019. This yields 16 years
of data across 51 geographic regions or 9792 possible state-month-year ob-
servations.

Prediction model

Our prediction model utilizes a time-lagged fixed-effects regression control-
ling for state-specific time-invariant effects, common seasonal birth varia-
tion across states, and state-specific linear growth trends. Specifically, we
estimate the following prediction model:

Ysmy = αs + θm + γs ∗ t +
W∑

w

T∑

l=t0
βw,t−l ln Iwsmy + εsmy,

where s, m, and y are index state, month, and year, respectively, αs is a
state fixed effect, θm is a month fixed effect, and γs ∗ t are a set of state-
specific time trends. The double summation represents a series of β coef-
ficients for the natural log of the normalized search volume for keywords
within keyword set W at a number of monthly time lags. The dependent
variable Ysmy is the natural log of births in a given state for a certain month
and year, implying the interpretation of the βs as an elasticity—the percent-
age change in births from each percentage change in search volume. For our
prediction model we use t0 of 7 and a T of 12, representing monthly time
lags from 7 to 12 months before birth. Heteroskedasticity-robust Huber–
White standard errors are utilized for the prediction model unless otherwise
stated.

Given the state and month fixed effects, this regression controls for
national seasonality in both births and keyword search volumes. In essence,
it estimates the effect on births of larger-than-normal search volume for
a given month, in a given state, compared with that same month across
years. It also controls for changes in aggregate births over time specific to
the state due to the linear time trends. We selected this specification since it
minimized mean-squared prediction error (MSPE) relative to models with
nonlinear growth trends and state-specific seasonal effects due to model
over-fitting. More information on the different models we tested can be
found in the Methodology section of the Supporting Information.

We chose to use the latest time lag of the independent variable at
seven months before birth to include information-seeking in early preg-
nancy, but no later in order to predict births as far in advance as possible. To
demonstrate associations between keywords and births during trimesters
besides the first, we include monthly search volume lags up to one month
before birth in some specifications not used for prediction. Controls for
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JOSHUA WILDE ET AL. 427

overall search volume—a proxy for general Internet usage—are also in-
cluded, in addition to monthly unemployment rates in some specifications.

Keyword selection and model cross-validation

Keyword sets were created in a multistep process. We initially consulted
the literature for words which may be predictive, specific, and common
enough for use in forecasting. Keywords were grouped into seven cate-
gories: unplanned pregnancy, pregnancy intention, prenatal services, preg-
nancy symptoms, pregnancy termination, unemployment, and other. We
then sought input from other experts to inform ourselves of any important
topics or keywords we might be missing. Due to the necessarily arbitrary
initial keyword set, all keywords were preselected before looking at Google
data to avoid data mining or hypothesizing after the results are known
(commonly known as HARKing). Both topic and keyword searches were
used: keywords utilized search data using Boolean logic operators, while
topics include searches for the keyword in question but also include related
queries without requiring an exact character match. For example, common
misspellings, translations into other languages common to the geographic
area in question, and other closely related keywords are included under a
topic search. Further details and the list of initial keywords or topics are
given in Table 1.

We then tested each keyword for goodness of fit and predictive power
through three screens. The first screen omitted any keyword for whichmore
than 30 percent of the 9792 state-month observations were missing. This
Data (D) screen selected 37 of the 44 initial words. Second, we added all lags
of search volumes for months 7–12 before birth for all 37 of these words to
our prediction model and omitted any keywords whose 7–12 months lags
were not jointly significant at the 5 percent level, or which failed to have
any lag between 7 and 12 which was not individually significant at the same
threshold. This process was done iteratively, such that the model was rees-
timated with the smaller keyword set, and words which then did not meet
the two significance criteria were again omitted. This Significance (S) screen
selected 16 keywords, listed in alphabetical order: ClearBlue, Condom, Di-
vorce, Emergency Contraception, Human chorionic gonadotropin (hCG),
Intrauterine Device (IUD), Medical Abortion, Morning Sickness, OBGYN,
Online Dating, Ovulation, Porn, Pregnancy, Sexually Transmitted Infection
(STI), Ultrasound, and Unemployment. Information on this process and
which words were omitted each round is given in Supporting Information
Table 3.

The third screen is called theMSPE Reduction (M) screen, which uses a
machine learning procedure called forward stepwise selection to select key-
words from the Significance screen which most reduced MSPE. To find the
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430 DIG I TAL TRACE DATA AND DEMOGRAPH IC FORECAST ING

MSPE reduction, we use eightfold time series split cross-validation, which
splits the sample into a training set and test set eight times, and calculates the
prediction error as the absolute value—in percentage terms—of the differ-
ence between these predictions and the actual births for every observation
in our test set.

The forward stepwise selection learning procedure first estimates the
base model without any keywords. Then, we add each keyword one at
a time and employ the MSPE calculation procedure described above. The
word which minimizes the MSPE is selected and becomes part of the base
model. Then a second round begins, where each remaining word is added
one at a time, and the word which minimizes MSPE is selected. This proce-
dure continues until the additional cumulative reduction inMSPE by adding
an additional keyword is less than one percentage point. This screen selected
seven keywords, listed in order of selection: Unemployment, Clearblue, Ul-
trasound,Medical Abortion, hCG, Pregnancy, and Porn. Information on this
process is given in Supporting Information Table 4

Once the model is estimated for each keyword set using data from
January 2004 to December 2019, the coefficients from this model are ap-
plied to current Google Search volume data to provide a prediction seven
months in advance.4 Due to low search volumes, data for some important
keywords are missing for 14 states, leading to missing predictions. These
are low-population states, whose combined population comprises only 5
percent of the US population.5

Results (February 2021 update)

To illustrate the association between specific keywords and later births, we
estimate the month-specific effect of relevant keywords individually on
births for each month between 1 and 12 before the observed state-level
birth count and plot these coefficients for a subset of keywords in Figure 1.
Specifically, we plot these associations for seven of the most predictive key-
words (ClearBlue, Medical Abortion, Misoprostol, Morning Sickness, Ovu-
lation, Pregnancy, Unemployment) and the unemployment rate. We show
two types of 95 percent confidence intervals—one with heteroskedasticity-
robust Huber–White standard errors, and another for the implied 95 percent
confidence intervals adjusting formultiple hypotheses using sharpened false
discovery rate q-values.6

In general, these figures largely confirm intuitive associations be-
tween these keywords and future births. For example, a doubling of ex-
cess searches for ClearBlue—the name of a popular pregnancy test brand—
is associated with 0.39 percent (95 percent CI: 0.11–0.67 percent) more
births nine months later, 0.53 percent (95 percent CI: 0.25–0.81 percent)
more births eight months later, 0.50 percent (95 percent CI: 0.23–0.78 per-
cent) more births seven months later, and 0.46 percent (95 percent CI:
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JOSHUA WILDE ET AL. 431

FIGURE 1 Fertility keyword searches and later births

NOTES: These figures show regression coefficients between births in a state and Google keyword search
volume for the preceding 12 months as a solid black line. Coefficients are elasticities and can be interpreted as
the percentage change in births due to a doubling of excess keyword search volume in a given month. Dashed
lines represent 95 percent confidence intervals using Huber–White standard errors, while dotted lines
represent 95 percent confidence intervals from inferred standard errors when correcting for multiple
hypotheses using sharpened false discovery rate q-values
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432 DIG I TAL TRACE DATA AND DEMOGRAPH IC FORECAST ING

0.18–0.73 percent) more births six months later. This corresponds to the
first trimester when most pregnant women experience their first pregnancy
symptoms. Similarly, excess searches for “Morning Sickness” are associated
with more births seven months later (0.46 percent, 95 percent CI: 0.17–
0.75 percent), roughly consistent with when morning sickness most often
occurs.

Searches for Unemployment immediately preceding conception are
strongly negatively associated with births. A doubling of excess searches
for Unemployment nine months before birth corresponds to 0.82 percent
(95 percent CI: 0.38–1.26 percent) fewer births, while at months 10 and 11
correspond with 1.14 percent (95 percent CI: 0.70–1.58 percent) and 0.77
percent (95 percent CI: 0.31–1.23 percent) fewer births, respectively. Inter-
estingly, the actual unemployment rate is uncorrelated with later births for
any month between 1 and 12 months before birth.

We use these estimated associations between future births and
pregnancy-related keyword searches to forecast state-level births through
August 2021 using Google search volumes up to January 2021 for seven
different models, some of which utilize information on Google keywords.
When incorporating these keywords, we generally utilize two different key-
word sets: the Significance set and the MSPE set. The list of words and
methodologies used to select these keyword sets are given in Section Data
and Methods and in Table 3 and 4 in the Supporting Information. Briefly,
the Significance set is a set of keywords which were significantly associ-
ated with future births, and the MSPE set is the keyword set selected by a
machine-learning algorithm based on their ability to reduce MSPE.

The full results for all seven models are displayed in Figure 7 in the
Supporting Information, but themost important subset is shown in Figure 2.
For each of these models, aggregated state-specific predictions are shown
relative to the average level of births between 2015 and 2019 for each
month.7 The seven models are (1) no Covid, which estimates a model using
only monthly seasonal variation in births and state-specific linear growth
trends; (2) unemployment rate only, which adds information on actual un-
employment rates to the no Covidmodel; (3) significance, which adds infor-
mation on keywords from the Significance screen to the no Covid model;
(4) MSPE, which adds information on keywords from the MSPE screen;
(5) Early, which removes keywords related to clinical pregnancy services
from the significance model which may have been closed during lockdown
or avoided due to fears surrounding infection; (6) unemployment searches
only, which adds information on searches for unemployment and a con-
trol to the no Covid model; and (7) MSPE, no unemployment, which is the
same as the MSPE model but omits searches for unemployment.

Figure 2 clearly demonstrates the usefulness of Google data in pre-
diction. In panel a, two models which do not incorporate Google data are
shown. Predictions which utilize information using only unemployment

 17284457, 2024, S1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/padr.12647, W

iley O
nline L

ibrary on [23/08/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



JOSHUA WILDE ET AL. 433

FIGURE 2 Predicted US births by month

NOTES: National predicted births, relative to average monthly births from 2015 to 2019 for that
month, for various prediction models. The three models are No COVID-19—a baseline model in which
births follow normal seasonal patterns and remain on state-specific annual trends: Unemployment
Data Only—which adds information on monthly unemployment rates to the No COVID-19 model; and
Google Data (MPSE)–which uses information on search volumes for Google keywords selected from a
mean-squared prediction error minimizing forward stepwise machine learning selection method.
Shaded areas represent 95 percent standard error bands

rates show almost no change in births as a result of the pandemic and are
highly uncertain, since while annual changes in unemployment rates are
strong predictors of fertility (Sobotka, Skirbekk, and Philipov 2011), short-
run monthly deviations are not, as shown in Figure 1.
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434 DIG I TAL TRACE DATA AND DEMOGRAPH IC FORECAST ING

However, when incorporating information on Google keywords from
the MSPE screen (Figure 2, panel b), we predict a large and highly signifi-
cant decline in birthrates beginning in December 2020, reaching a decline
of 15.2 percent (95 percent CI: 12.4–18.0 percent) from their 2015–2019
average by February 2021. This is equivalent to a 12.3 percent decline from
2019 alone. After February, a tepid rebound is predicted to begin, and by
August 2021 predicted births are still 9.5 percent (95 percent CI: 6.6–12.5
percent) below the average 2015–2019 level. These predictions imply that
aggregate births between December 2020 and August 2021 will be 240,072
(95 percent CI: 161,946–326,212) fewer than their 2015–2019 average, an
annualized reduction of 8.7 percent (95 percent CI: 5.8–11.6 percent). This
is similar yet smaller than the June 2020 prediction by Kearney and Levine
(2020). Importantly, these results are robust to different keyword sets. In
Figure 7 in the Supporting Information, we show all seven model predic-
tions simultaneously and find very little difference in the predictions be-
tween the three models which utilize both unemployment and pregnancy-
related keywords. Further, we show that models which only utilize search
terms on unemployment, or only search terms on pregnancy, reduce MSPE
significantly less and predict smaller declines in fertility than those which
utilize both, highlighting the importance of including both keyword sets in
prediction models.

Finally, we explore whether our predictions vary systematically across
states. We consider four sources of heterogeneity—education, income,
race/ethnicity, and COVID-19 caseload. We find sizable differences across
US states: the largest predicted annualized decline between December 2020
and August 2021 using the MSPE reduction set in Florida (9.8 percent),
while the smallest decline is found in Wisconsin (5.4 percent). As shown in
Supporting Information Figure 8, the largest predicted declines are gener-
ally in the Southern US and the Sun Belt. In Figure 3, we present state-level
scatter plots of predicted annualized birth decline and six sociodemographic
characteristics: median household income, a fraction of adults with a bach-
elor’s degree or higher, a fraction of Black or African American, a fraction
of Hispanic, a fraction of non-Hispanic White, and per capita COVID-19
cases.8 States with characteristics associated with lower socioeconomic sta-
tus, larger minority populations, and more COVID-19 cases per capita show
larger predicted birth declines.9

Discussion of predictions

Ex ante prediction credibility

A double-digit collapse in births over a four-month period would have been
the largest experienced in the United States in over a century. Therefore, it
may be useful to explore the ex ante plausibility of such a bold prediction.
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JOSHUA WILDE ET AL. 435

FIGURE 3 Predicted state fertility decline and various mother
characteristics

NOTES: These panels show scatter plots relating the aggregate predicted percentage reduction in statewide
births between November 1, 2020, and August 31, 2021 (vertical axis) with various state-level characteristics
(horizontal axis). COVID-19 cases per capita only reflect cases before October 31, 2020, nine months before
our final estimate.
SOURCE: American Community Survey 2013–2017, CDC, authors calculations.

To do so, we consider three major crises in the United States with similari-
ties to the current pandemic: the Spanish Flu pandemic of 1918–1919, the
Great Depression of 1929–1933, and the financial crisis of 2008–2009. In
doing so, it is important to keep in mind that the epidemiology of the SARS-
CoV-2 virus, the dynamics of the economic fallout, and the social con-
text are fundamentally different for the current pandemic relative to these
three crises. Access to modern contraception during the financial crisis and
the COVID-19 pandemic also enabled many couples to avoid pregnancy.
Comparisons should, therefore, be made with caution. However, as the
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436 DIG I TAL TRACE DATA AND DEMOGRAPH IC FORECAST ING

coronavirus pandemic itself is in many ways unprecedented, these three
crises arguably serve as the best comparisons at our disposal.

We first consider the 1918–1919 H1N1 influenza A pandemic—
commonly known as the Spanish Flu. Birth rates fell sharply over the first
few months of each of the three waves of the pandemic: 18.2 percent in the
first wave (August–December 1918), 15.0 percent in the second (March–
July 1919), and 12.1 percent in the third (July–November 1920) (Linder
and Grove 1947). These declines are very similar to our model prediction
for the first COVID-19 wave. The fertility effects of the Great Depression
are also very similar in magnitude to the Spanish Flu, although they mate-
rialize over a much larger time frame: between 1929 and 1933, birthrates
fell by 12.2 percent (Linder and Grove 1947). Finally, after the financial cri-
sis of 2008–2009, births fell by 9.3 percent by 2013 and failed to rebound
thereafter.

The evolution of births over these three crises suggests that a short-
term 12.3 percent decline in births in response to the COVID-19 pandemic
is not unreasonable, and an annualized decline of 8.7 percent is well within
the historical range of birth decline. Calculating the elasticity of births to
unemployment—defined as the ratio between the percentage change in
births and the percentage change in unemployment—yields an elasticity
of −0.027 for the current pandemic, precisely equal to the elasticity dur-
ing the Great Depression (−0.027) and four times smaller than that of the
financial crisis (−0.109). Importantly, a further rebound in births past Au-
gust would reduce the annualized fertility decline to less than 8.7 percent,
further lowering this elasticity.

Therefore, the distinguishing characteristic of the predictions in this
study is not the magnitude—but rather the speed—of the decline. And since
the current pandemic has led to historically fast increases in unemployment,
rapid decreases in births should be expected.

Our finding that states with higher proportions of individuals iden-
tifying as Hispanic, Black, or African American, or with lower income
or educational attainment have larger predicted declines in fertility can
be interpreted in two ways. First, areas with high concentrations of in-
dividuals from racial or ethnic minorities have been more impacted by
COVID-19 and, therefore, will suffer larger birthrate effects. For example,
COVID-19 incidence among Black individuals was 2.6 times higher than
for non-Hispanic whites and mortality was 2.1 times higher (CDC 2020). In
addition, individuals of lower socioeconomic status are disproportionately
affected by the virus, and this could manifest in higher predicted fertility
declines (Finch and Finch 2020). Second, it may be that the heterogeneity
in the predicted birth effect is not caused by the differential impact of the
virus itself, but rather by the uneven economic fallout of the pandemic.
Historically, during recessions, employment losses are concentrated among
low-income and minority groups, and the current economic downturn
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is no exception. Between February and April 2020, the unemployment
rate among non-Hispanic White Americans rose from 3.1 percent to 14.2
percent, while for Black or African Americans it rose from 5.8 percent
to 16.7 percent. While these initial increases were similar, the recovery
has been much slower for Black or African Americans: by August of 2020
non-Hispanic White unemployment had fallen back to 7.3 percent, yet
Black unemployment remained elevated at 13.0 percent. The patterns
in unemployment between educated and uneducated workers were even
more striking, peaking at only 8.4 percent for those with a bachelor’s degree
or higher, compared with 17.3 percent and 21.2 percent for noncollege
graduates with and without a high school diploma, respectively (BLS 2020).

Ex ante lessons for demographic prediction and digital data

Beyond providing the first dynamic birth forecast for the COVID-19 pan-
demic, our prediction provided three important insights regarding the po-
tential of using Google Data in demographic forecasting. First, we demon-
strated that certain keywords are indeed associated with and highly predic-
tive of births. As shown in Table 4 in the Supporting Information, adding
information on searches for the topic unemployment and a control to the
model based only on seasonality and time effects reduces MSPE by 72.7
percent, while additionally adding keywords from the MSPE screen further
reduces MSPE by an additional 41.6 percent.

Second, while data on unemployment are commonly used to predict
birth rates at the annual level, we demonstrate that (1) short-run vari-
ation in unemployment rates is uncorrelated with short-run changes in
birthrates (Figure 1) and (2) predictions utilizing such data are highly un-
certain (Figure 2, panel a). This poor predictive power of short-run unem-
ployment rates stems from the fact that, historically, changes in conceptions
due to macroeconomic disruptions begin to fall several quarters before the
unemployment rate registers such disruptions (Buckles, Hungerman, and
Lugauer 2021). However, Google searches for the topic of unemployment
are highly correlated with and predictive of birthrates, as shown in Figure 1.
One possible explanation of this phenomenon is that if individuals perceive
that a period of economic uncertainty may occur, they may both alter their
fertility plans and increase information seeking regarding unemployment
before the economic crisis actually occurs. These findings contribute to a
broader literature which contrasts the effects of perceived versus objective
economic factors, but which has so far rarely distinguished the perceived
risk of unemployment from actual unemployment in a causally credible
way (Tan et al. 2020).

Third, Google data are particularly effective in improving prediction
accuracy during crises. One possible concern with using Google searches
to predict the effect of the pandemic on birthrates is that search behavior
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438 DIG I TAL TRACE DATA AND DEMOGRAPH IC FORECAST ING

during the pandemic may be fundamentally different from that in the past.
However, we can test how the inclusion of Google keywords affected predic-
tion accuracy during the last fertility crisis in the United States—the Great
Recession of 2008–2009. Figure 6 in the Supporting Information demon-
strates that prediction error using a model including Google keywords rose
less during the Great Recession than one without. Additionally, the same
figure shows that the model using Google keywords was able to accurately
predict the trend change in fertility which occurred in 2018–2019, whereas
the model without did not.

An important limitation of using pregnancy-related Google search data
for fertility prediction is that—by construction—it can only predict fertility
change at most 7–10 months in the future, leaving the long-run effects un-
known. Even if pandemic birth reductions were simply driven by birth post-
ponement and these birth postponements were only of short-term duration
under unchanged fertility intentions, worries about permanent changes in
quantum persist for several reasons. First, since the 1970s there has been
a shift towards births at later ages as women postpone childbearing for ed-
ucational or career motives (GBD 2017 Population and Fertility Collabo-
rators 2018). As fecundity declines rapidly towards the end of a woman’s
childbearing years, women who delay childbearing due to the pandemic
may face unexpected difficulties trying to conceive, leading to unintention-
ally lower completed lifetime fertility (Attali and Yogev 2021). Second, re-
duced access to health care and assisted reproductive technologies during
the pandemic may have prevented couples from conceiving at all (Beau-
jouan 2021). Finally, restrictions on social activities may hinder dating and
partnership formation, precluding some women from forming these part-
nerships during their fertile years (Guetto, Vignoli, and Bazzani 2021).

Prediction postmortem: Hits and misses

We believe predicting the future of US fertility, during a crisis, in real time
and ex ante was an important step in assessing the power of digital de-
mography, upon which many researchers have placed high hopes. To our
knowledge, ours was the first attempt to do so and provides an important
data point in evaluating the usefulness of such data in prediction. In this sec-
tion, we evaluate how our model prediction performed ex post and discuss
its successes and failures. More importantly, however, we try to understand
not just where, but why our model missed.

In Figure 4, we represent our main predictions from Figure 2 (panel
b), but now include the actual data for reference. Our data come from
the Short-run Fertility Fluctuations data series from the Human Fertility
Database. While some aspects of the actual and predicted series seem to
correspond well, there are significant and important differences. Our pre-
diction generally forecasts the timing and depth of the trough in births
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JOSHUA WILDE ET AL. 439

FIGURE 4 US births by month: predicted versus actual

NOTES: National predicted vs. actual births, relative to average monthly births from 2015 to 2019 for
that month, for two various prediction models. The three models are No COVID-19—a baseline model
in which births follow normal seasonal patterns and remain on state-specific annual trends; and
Google Data (MPSE)—which uses information on search volumes for Google keywords selected from
a mean-squared prediction error minimizing forward stepwise machine learning selection method.
Actual data comes from the Short Term Fertility Fluctuations data series within the Human Fertility
Database

correctly. Specifically, while our model predicted a February trough, the
actual nadir occurred in January—a difference of just one month. In con-
trast to our predicted 12.3 percent decline in births at the trough, the true
12-month decline at the trough was slightly less at 9.7 percent.

However, our prediction failed in two main ways. First, as shown in
Figure 4, births began deviating significantly from our prediction—and from
what was expected in the absence of COVID —almost immediately after
the beginning of the pandemic. To show this more clearly, in Figure 5, we
show 12-month changes in births from the Short-run Fertility Fluctuations
data series for the United States between January 2016 and June 2021. Pre-
cisely at the onset of the pandemic in March 2020, a sharp change in trend
emerged. According to a simple time-series Autoregressive Integrated Mov-
ing Average (ARIMA) model of births over this period, declines in May and
August (and each month thereafter through 2020) were already well be-
low the 95 percent confidence interval of expected births. Had these births
been full term, they would have been conceived in the early-to-mid fall of
2019, well before the initial lockdown of March 2020. Not only were these
declines significant in a statistical sense, but they were also historic in mag-
nitude. The three-month moving average of the 12-month percent change
in births has never fallen below −5 percent outside of a recession in the
history of the NVSS natality data. However, this happened for the first time
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FIGURE 5 12-month percentage change in births, 2016–2020

during the period August–October 2020, several months before births were
expected to begin falling in December.

Most explanations for this sharp and historic birth collapse are ei-
ther unlikely or impossible. One hypothesis states that conceptions may
have already been experiencing historically large declines unrelated to the
pandemic. However, this seems unlikely given the magnitude of birth re-
ductions, which would have been unprecedentedly absent due to some sort
of national crisis. It is also unlikely that births fell in anticipation of the pan-
demic: the first coronavirus case in China was not confirmed until late De-
cember 2019, and US Google searches for the coronavirus—an indicator of
public awareness or interest—did not begin to rise until late January 2020.
Another possibility is that preexisting conceptions experienced historically
high termination rates as a result of the pandemic—either through abor-
tion, miscarriage, or stillbirths. This is similarly unlikely. There is currently
no evidence that the COVID-19 pandemic significantly changed miscarriage
(Rotshenker-Olshinka et al. 2021) stillbirths (Stowe 2021), prematurity
(CDC 2021), or abortion rates (Andersen, Bryan, and Slusky 2021). While
the evidence in this area is still evolving, the required change in these
variables also makes them unlikely as singular causes of the decline.10

Therefore, since our model only utilized time lags around conception
(months 7–12 before birth), it effectively precluded the sharp changes in
searches at the onset of the first wave to affect births earlier than November.
This is an example of the difficulty of forecasting generally, as our model-
ing choice made theoretical sense ex ante, but not ex post, and should not
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necessarily be seen as an indictment of the use of Google data—or digital
trace data more generally. However, in the case that the early, unexpected,
and historic fall in births during the summer of 2020 was a result of a col-
lapse in prepandemic conceptions, then digital trace data can be to blame—
precisely because therewas no corresponding collapse in conception-related
searches in the summer of 2020.

Another possibly damning miss of our prediction is the faster-than-
predicted birth rebound in the spring of 2021. While we predicted births to
remain depressed through August 2021, Figure 4 shows actual births were
no longer statistically different from our no-Covid prediction from as early
as March 2021. Fortunately, this miss is also easy to understand ex post.
Through our machine learning selection procedure, we demonstrated that
historically, searches for the term “unemployment” were more predictive of
future births than any other term (see Table 4 in the Supporting Informa-
tion). Since searches for “unemployment” remained stubbornly high well
into the summer of 2021, our model significantly underpredicted the speed
of the rebound (see Figure 7 in the Supporting Information). Simply put, a
fewmonths after the pandemic began, there was a break from the historical
relationship between searches for unemployment and future births.

Conclusions and lessons learned for digital demography

Digital trace data are both alluring and compelling for many applications in
the population sciences. It promises a solution to data scarcity, both tem-
poral and geographic in nature. Its sheer volume pairs well with atheo-
retical data science techniques, promising to uncover hidden relationships
without needing to understand the underlying data-generating processes.
In addition, it provides data collected passively, possibly reducingmisreport-
ing, such as by eliminating cognitive biases from self-reports or respondent
priming—or in other words, “no one lies to Google” (Stephens-Davidowitz
2017).

However, such data may have many pitfalls which have only recently
been understood (Cesare et al. 2018). In this paper, we outlined a rare test
of digital data beyond its usual uses as just another alternative data source
or in now-casting applications. Specifically, we used digital trace data to
make ex ante future predictions regarding a question of primary interest
to both researchers and the general public—to what extent the COVID-19
pandemic would cause a baby boom or baby bust.

Many of our findings and predictions confirmed the usefulness of dig-
ital trace data—and Google search data in particular—in demographic re-
search.We demonstrated that periods of excess search volume for keywords
relating to conception and pregnancy were indeed associated with higher
numbers of births in the following months at the expected time lags, mean-
ing that these data contained true signals regarding actual, fundamental
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demographic processes. We also showed that including this data signifi-
cantly improved forecast accuracy, providing a powerful validation of their
predictive capacity, and these predictions made sense as the state-level fore-
casts correlated in understandable ways with states’ sociodemographic char-
acteristics. Finally, our predictions were generally correct in terms of the
timing and depth of the eventually realized birth declines, which was not
the case using traditional data on unemployment alone.

However, we also showed that digital data are no panacea. They do not
solve traditional modeling problems with forecasting, and in fact may intro-
duce new ones. Specifically, one of the biggest “misses” of our model—the
inability of our forecast to match the early decline of births in the summer of
2020—can likely be traced to modeling choices which were logical ex ante,
but incorrect ex post. Nevertheless, if conceptions truly began falling be-
fore the onset of the pandemic, and digital data accurately measured miss-
ing data on intentions, this decline should have been anticipated. It was
not. The other miss—the failure of the prediction to accurately forecast the
quick rebound of births in the spring of 2021—is even more damning. The
fundamental relationship between searches for unemployment and births
broke down after just a fewmonths of the pandemic. While the same can be
said for the relationship between traditional data on actual unemployment,
employing digital trace data was no better.
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Notes

1 See Cesare et al. (2018) for an exten-
sive review of this literature.

2 The October 2020 release used search
data through July 2020 to predict to February
2021. A February update used search data
though January 2021 to predict to August
2021.

3 All methods and results refer to the
February 2021 update rather than the orig-
inal October 2020 release since (1) the orig-
inal can be found online (Wilde, Chen, and
Lohmann 2020) and (2) the February 2021

update allows us to make predictions regard-
ing the rebound as it extends the original pre-
diction until August 2021.

4 This paper focuses on the results of the
February 2021 update, which utilized search
data though January 31, 2021 and predicted
through August 2021. The original October
2020 prediction utilized data through July
31, 2020, and predicted through February
2021.

5 The states are Alaska, Delaware,
Hawaii, Iowa, Idaho, Maine, Montana, North
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JOSHUA WILDE ET AL. 443

Dakota, New Hampshire, Rhode Island,
South Dakota, Vermont, West Virginia, and
Wyoming.

6 There are 37 words, plus a control set
and the unemployment rate, meaning there
are 39 tested variables, each of which has
12 months of data. This makes 39*12 = 468
tested hypotheses.

7 Predicted changes in birthrates for the
14 missing states are set to be equal to the
population-weighted average prediction of
the remaining 36 states.

8 Covid caseloads only include cases be-
fore October 31, 2020, nine months before
our final prediction.

9 While we do not provide a formal
comparison to the realized birth declines due
to the state of birth being suppressed in the
US birth data, we note the Nobles et al.

(2023) find a complex relationship between
socioeconomic status (SES), race and ethnic-
ity, and education using data from Califor-
nia. Specifically, they find that foreign-born
individuals contributed the majority of the
decline in births. Once foreign status is con-
trolled for, differences in SES seem to play lit-
tle role in predicting birth declines.

10 Miscarriage rates are 15-20 percent
of established pregnancies, and abortions
constituted 18.4 percent of established preg-
nancies which did not involuntarily termi-
nate in 2017 (Jones, Witwer, and Jerman
2019), implying a 6.8 percent drop in Au-
gust births would necessitate an unprece-
dentedly large 30–40 percent increase in ei-
ther of these rates. Stillbirths only affect ap-
proximately 1 percent if all established preg-
nancies, making this channel the most im-
plausible of all.
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