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Continuing vocational training (CVT) is a key channel for employees to adapt their skills to changing requirements

in the labor market due to structural changes and digitization. The COVID-19 pandemic and the energy crisis as a con-
sequence of the war in Ukraine may have accelerated these developments. Yet, it is unclear how the economic
impact of these crises affects individuals' occupational preferences. In this study, we want to investigate how inter-
estin CVT changes in times of economic uncertainty. We use Google Trends data for Germany and apply an event
study analysis to examine how interest in CVT developed with the onset of the COVID-19 pandemic and the Russian
attack on Ukraine. We find that the interest in CVT strongly declined during the first wave of the pandemic regard-
less of how severely a region was affected. During the second lockdown, the decline in CVT interest was more
pronounced in the eastern German states where we find a general decline in search intensity since March 2020. We
also consider different channels that may have influenced the demand for CVT during the pandemic. Overall, we
show that during the first 2.5 years of the pandemic, the search intensity for CVT decreased on average by 12 to 19
percent, while the search intensity for online CVT increased by 39 to 45 percent. We also see a decrease in the search

Keywords Continuing vocational training, Online training, COVID-19 pandemic, Energy crisis

1 Introduction

The COVID-19 pandemic brought economic uncer-
tainty to many people around the globe. Especially in
the early infection waves, governments responded with
differing temporary restrictions to social and economic
activities to limit the spread of the coronavirus. These
restrictions comprised several non-pharmaceutical inter-
ventions such as stay-at-home orders, the lockdown of
large parts of the economy, the closure of schools and
daycare facilities, and stricter hygienic requirements to
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operate businesses. Because of these measures, unem-
ployment rates and short-time work programs spiked in
many countries (OECD 2021), leaving a large part of the
population uncertain about their future (Altig et al. 2020;
Botha et al. 2021).

This economic shock occurred during ongoing struc-
tural changes triggered by the increasing use of IT
technologies, robotics, automation, ecological transfor-
mations, and the ageing of societies (Autor 2015; Dauth
et al. 2021; Genz et al. 2019; Goos et al. 2014). Literature
altogether agrees that these developments will change
how we work and consequently the skills that companies
will demand (Lerch 2022). Indeed, several studies suggest
that training has the potential to help workers affected by
these changes to adapt. Publicly funded training has been
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shown to increase job-finding rates for unemployed work-
ers in occupations at high risk of automation (Schmid-
peter and Winter-Ebmer, 2021). Moreover, continuing
vocational training (CVT) crucially enables workers to
transition to tasks or occupations that are less automat-
able than the previous one (Nedelkoska and Quintini
2018; Tamm 2018). In line with this finding, Janssen et al.
(2018) show that firms investing in digital technologies
simultaneously increase their training activities. In con-
trast to these findings, more recent literature suggests that
employers adopting advanced digital technologies and
workers in occupations that are exposed to substitution or
automation are less likely to engage in training than oth-
ers, partly due to reduced financial support from firms
(Brunello et al. 2023, Hess et al. 2023). While training
investment seems to be going down, this could be because
firms are switching to cheaper online training methods.
This highlights the importance of vocational training
(CVT) for industries facing major changes.

It is unclear whether the pandemic accelerated the
described transformation and how the interest of both
workers and employers in CVT in general and in online
CVT in particular, aimed at helping workers adapt to
these structural changes, will be affected in the future.
This paper investigates the impact of governmental
responses to the spread of COVID-19 infections on
workers’ interest in training and how this changed over
the onset of the pandemic and beyond. Moreover, we
focus on the role of online training in times when face-
to-face courses were hampered by social distancing
restrictions and hygiene requirements. We also want to
investigate whether the interest in CVT was not only
specifically influenced by the pandemic but is generally
influenced when individuals find themselves in economi-
cally uncertain situations. Therefore, we also look at the
impact of the energy crisis triggered by Russia’s war of
aggression on Ukraine.

Evaluating the dynamics of training activities is a
delicate matter, as data on CVT are usually only avail-
able from annual surveys. Therefore, we exploit Google
Trends data on searches for training-related keywords.
The underlying idea is that these keywords reflect work-
ers’ interest in CV'T, which is a necessary precondition
for actual CVT participation. As these data are avail-
able for periods before and during different stages of the
pandemic, we can document how the interest in CVT
changed due to the pandemic.

So far, there has been little empirical evidence on the
impact of the COVID-19 pandemic on CVT participation.
The existing studies have significant drawbacks. Some
studies are based on data collected only after the onset
of the pandemic (Bellmann et al. 2020; Flake et al. 2021).
This implies that the authors cannot compare participation
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rates in CVT before and after the pandemic outbreak.
Other studies, which use data from repeated surveys, can
only rely on annual CVT participation rates (BMBF 2022;
Jost and Leber 2021). Due to the low frequency of data col-
lection, these studies cannot illustrate how CVT participa-
tion evolved during different stages of the pandemic.

Compared to the literature available so far, we provide
novel evidence using high-frequency real-time data that
has been available since 2004. We find that the interest in
CVT strongly decreased at the beginning of the pandemic
during the first lockdown. Distinguishing between dif-
ferent German regions (federal states), we show that this
decline similarly applied to all regions in the first lock-
down, whereas we find substantial differences during the
second lockdown and afterwards. In contrast to the over-
all interest in CVT, the interest in online training courses
increased sharply, especially during the lockdown peri-
ods. We also find a decline in training interest during the
energy crisis in 2022. Finally, we show that different chan-
nels might be associated with the interest in CVT. We find
that an increase in the interest in videoconferencing tools,
emergency daycare, and short-time work is correlated
with a decrease in the overall interest in continuing voca-
tional training during the pandemic.

The remainder of the paper is organized as follows:
Sect. 2 gives an overview of the development of the pan-
demic and the accompanying restrictions that poten-
tially affected the supply and demand for CVT. Section 3
summarizes the related literature, Sect. 4 describes the
underlying data, and Sect. 5 our empirical strategy. Sec-
tion 6 presents the results and Sect. 7 concludes.

2 Governmental reactions to the spread

of the Coronavirus and potential effects

on the supply of and demand for CVT
Germany has been hit by several waves with high num-
bers of Coronavirus infections. In this study, we focus on
the first three waves until May 2021 (see Fig. 1), because
the strict measures to contain the virus did not apply
thereafter, and continue the analysis until October 2022.
In the first as well as in the second and third waves, there
were large differences in infections and incidence rates
between the 16 federal states.! As a result, regional state
governments responded with varying degrees of strin-
gency by implementing different restrictions. However,
especially at the beginning of the pandemic, all restric-
tions were relatively severe across all federal states.

The measures taken by the federal and state govern-
ments in response to the pandemic can affect both the

! Infections describe the absolute number of daily newly registered COVID-
19 cases, while incidence rates are usually calculated as the sum of all infec-
tions within seven days divided by the population size.
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Fig. 1 7-day incidence rates of COVID-19 infections (calculated
as the sum of all infections within seven days divided

by the population size) in Germany during the pandemic. Source:

Corona Datenplattform (RKI 2023)

supply of and the demand for CVT. In our context, CVT
refers to planned, organized, and targeted training activi-
ties aimed at the acquisition of new skills or the improve-
ment of existing skills by workers. It includes formal
(virtual or non-virtual) classroom courses as well as other
non-formal or informal forms of training such as on-the-
job training, conferences, e-learning, and learning via
the Internet or apps (Eurostat 2022). Until the beginning
of the pandemic, training courses primarily took place
with participants physically present, and online courses
played a minor role (Christ et al. 2020). As the pandemic
intensified, several measures were implemented in mid-
March 2020 to limit the spread of the virus among indi-
viduals. With the start of this first lockdown in Germany
on March 22, schools and kindergartens were closed and
curfews and contact restrictions were imposed in many

Table 1 Lockdown periods by date with exemplary restrictions
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regions. Classroom training was no longer allowed, and
CVT courses had to be interrupted, cancelled, or contin-
ued as online courses. These sudden restrictions dramati-
cally limited the possibilities for many training providers
to supply in-class training courses (Bellmann et al. 2020).

Soon after the cooldown of the first wave and first
deregulations in April 2020, the government again
allowed classroom training under certain conditions (e.g.,
compliance with hygiene regulations, maximum number
of participants) in May 2020 (Kohl and Denzl 2020). As
the pandemic further progressed, governmental regu-
lations were commonly arranged on the regional rather
than on the federal level. Consequently, the conditions
training providers had to meet to supply classroom train-
ing during the summer and fall of 2020 differed from
state to state. Starting mid-December 2020, with the
beginning of the second lockdown in Germany (dur-
ing waves two and three), classroom courses were again
prohibited in most federal states which lasted until the
spring of 2021. On March 3, 2021, the federal and state
governments agreed to gradual regional relaxations
depending on a stable incidence rate of fewer than 50
infections per day in a county. Starting on May 19, 2021,
face-to-face events were again permitted in all federal
states, subject to certain conditions (that could depend
on the local regulations).?

The overall impact from the supply side is ambiguous:
as a result of the difficult conditions to offer training in
class, we expect a decline in participation and interest in
overall CVT, i.e., non-virtual and virtual training, espe-
cially during the lockdowns with strict social-distanc-
ing regulations. However, as many training providers
expanded their range of online courses in response to the

Phase Date

Exemplary non-pharmaceutical restrictions and political development

Lockdown 1 March 22, 2020-May 5, 2020

School closures, prohibition to shop/ go to the hairdresser/ leave one’s home/ meet

more than one friend/ demonstrate
Face-to-face classroom training prohibited

Between lockdowns  May 6, 2020-November 1, 2020

No strict non-pharmaceutical measures

Classroom training allowed subject to hygiene standards and maximum number
of participants

November 2, 2020-December 20, 2020
December 21, 2020-May18, 2021

Lockdown 2

Lockdown “light”: less drastic measures than in lockdown 1, e.g., closure of restaurants
Lockdown "hard”: school closures, prohibition to shop/ go to the hairdresser/ leave

one’'s home/meet more than one friend/ demonstrate
Face-to-face classroom training prohibited

After lockdown 2 May 19, 2021- February 23, 2022

February 24, 2022-September 30, 2022

Gradual relaxations of measures on local levels
War of Russia on Ukraine

2 For an overview on different stages of the pandemic see also Table 1.
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more difficult conditions for in-classroom courses (Klein-
ert et al. 2021), we expect interest in online courses in
particular to increase.

Beyond the impact on the supply side, the pandemic
also influenced the demand side in various ways. First,
the working conditions for many employees underwent
significant changes due to the measures implemented to
control the pandemic. The increased prevalence of remote
work and travel restrictions accelerated digitization in
numerous areas, necessitating employees to familiar-
ize themselves with new videoconferencing tools for co-
working with colleagues and communicating with clients
(Kleinert et al 2021).2 Since the official definition of con-
tinuing vocational training by Eurostat encompasses this
type of learning (Eurostat 2022), this body of literature
implies that interest in online CVT should have increased
in the short and medium term.

Second, parents continued to struggle with school and
kindergarten closures and their children’s periods of
quarantine. These additional responsibilities for childcare
and homeschooling left less time for CVT. This mecha-
nism implies a declining interest in (online) CVT.

Third, the number of workers reducing working hours
due to short-time work allowances® increased dramati-
cally in 2020 and 2021, particularly in sectors severely
impacted by the pandemic, such as the hotel and restau-
rant industry (Bellmann et al. 2021). On the one hand,
employees may have used the freed-up time for CVT
activities, either on their own initiative or that of their
employers. On the other hand, companies might have
prioritized other aspects, such as addressing a worsening
financial situation. Consequently, we cannot conclusively
infer whether short-time work allowances are negatively
or positively correlated with the interest in CVT.

Fourth, workers worrying about their economic future
may have been more concerned with securing income
than with investing in qualifications. Literature has well
documented that financial constraints such as foregone
income and the uncertainty about the benefits of train-
ing, are some of the reasons why workers may choose not
to participate in training programs (van den Berg et al.

3 Kleinert et al. (2021) conducted an analysis using the German National
Educational Panel Study (NEPS) and demonstrated that, especially for
professional reasons, online learning through the Internet or apps (such as
wikis, online forums, podcasts, or YouTube) became more important in the
initial months of the pandemic compared to the period before.

* Firms can apply for short-time work allowances when they suffer from
a lack of orders and therefore have a surplus in employees. The short-time
work program enables firms to temporarily shorten their workers’ weekly
workings hours, instead of firing them. The Federal Employment Agency
pays the allowance as a partial wage replacement for foregone earnings due
to smaller working hours (BMAS 2023).

C. Dauth, J. Lang

2023). Consequently, workers might have prioritized
their current financial situation over investing in future
employment opportunities through training due to rising
prices in 2022. However, workers who had few opportu-
nities to work in their previous jobs due to social-distanc-
ing measures, e.g., artists, may also have seen a need for
occupational reorientation, which may again increase the
interest in CV'T.

In sum, similar to the supply side, the theoretical impact
of the pandemic on CVT demand is unclear, but regional
differences are likely due to the varying importance of
these factors between regions.

3 Related literature

This literature review explores the growing use of Google
search data across different fields, particularly its rel-
evance for the evaluation of economic outcomes, includ-
ing the impact of COVID-19 on educational outcomes.
Moreover, we shed light on changes in actual CVT partic-
ipation with the onset of the pandemic and the adoption
of online formats, offering valuable insights into voca-
tional training trends during the pandemic.

The use of Google search data in research has surged
over the past decade due to its real-time nature, spanning
various fields like IT, communication, medicine, health
sciences, business, economics, political science, and
sociology (for overviews of the literature see Eichenauer
et al. 2022 and Jun et al. 2018). These data are commonly
used to monitor trends, to nowcast the current situa-
tion, and to forecast future developments. In econom-
ics, early papers arose around 2010, (partly) triggered by
the intention to explore economic outcomes of the global
financial and economic crises from 2007 to 2009 (see
Choi and Varian 2012 for a review of the early literature).
Google search data has proven to be a good predictor of
future unemployment (Askitas and Zimmermann 2010;
D’Amuri and Marcucci 2009), inflation (Guzmdan 2011),
and individual consumption (Vosen and Schmidt 2011).
More recently, Baker and Fradkin (2017) showed that
Google Trends data is a useful complement to existing
measures for aggregate job search activities.

Allowing researchers and policy-makers to track
activities in real-time, the current COVID-19 pandemic
has caused another surge of papers that try to assess
the impact of this crisis on the economy using Google
Trends Data. Google data is a good predictor of the
economic condition of a region: it is successful in pre-
dicting the number of jobs negatively affected by govern-
mental restrictions (Doerr and Gambacorta 2020) and
regional unemployment rates (Kong and Prinz 2020).
Fetzer et al. (2021) combine Google Trends data with
two online experiments and show that economic anxi-
ety, i.e., searches related to the recession, conspiracy, and
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survivalism, increased substantially with the first cases of
COVID-19 in the US. These findings from the literature
justify our use of Google Trends data not only for map-
ping training interest but also individual sentiments, such
as individuals’ economic uncertainty, which is one poten-
tial channel of the pandemic’s impact on the interest in
training as described in Sect. 2.

Further literature analyzing the impact of social dis-
tancing measures on educational outcomes supports our
hypothesis that interest in online CVT courses might
have increased during the lockdowns and that regional
differences might matter. School educators, like training
providers, were unable to provide face-to-face instruc-
tions. Bacher-Hicks et al. (2021) show that COVID-19
increased interest in school- and parent-centered online
learning resources due to school closures in the US
using Google Trends data. While interest in such top-
ics increased more in regions with high socio-economic
standards, suggesting that achievement gaps may widen
further in the future, this discrepancy could not be con-
firmed for Italy, where regions with historically lower
academic performance were the ones that searched more
for e-learning tools on Google (Amer-Mestre et al. 2021).

Evidence on changes in CVT activities due to the pan-
demic, particularly in Germany, is based on other data
sources. According to the Adult Education Survey, CVT
participation continued to increase in 2020, with 60 per-
cent of German inhabitants between 18 and 69 years
old participating in some form of training (BMBF 2022).
These are 6 percentage points more than in 2018. While
80 percent of the planned CVT activities took place with-
out changes, the average training duration measured in
hours decreased from 2018 to 2020 from 46.6 h to 33.5 h.
Contrary to that, at the establishment level, Jost and
Leber (2021) find a sharp decline in in-company train-
ing in 2020 due to economic and financial uncertainties
after years of a slow but steady upward trend. Analyz-
ing the IAB Establishment Panel, a survey that has been
conducted yearly since 1993, they find that between 2019
and 2020 the number of establishments offering train-
ing decreased by almost 40 percent and the number of
employees participating in training decreased by almost
60 percent. Particularly affected were establishments
with less than 50 employees and entities in sectors that
were most affected by the pandemic, i.e., hotels and res-
taurants. About 56 percent of all establishments reported
that they had to cancel planned training activities due to
social distancing restrictions, a lack of available instruc-
tors, high costs, and economic uncertainties.

COVID-19 further affected the organization of training
activities. In 24 percent of the training activities of indi-
viduals in 2020, training was affected by newly introduced
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distance and hygiene rules, and in 15 percent of the cases,
training took place online (BMBF 2022). Among formal
training courses, online training even accounted for about
half of all activities. Among the establishments that did
offer training, about half switched to e-learning (Jost and
Leber 2021). This is in line with the study by Kleinert et al.
(2021), which shows that online learning became especially
important for work-related training in 2020. This might not
only be due to social distancing measures but also due to
the need to close knowledge gaps regarding working with
online communication and co-working tools due to work-
ing from home.

Overall, the existing literature shows that Google
Trends data can be used to map both the interests and
sentiments of individuals. The decline in training par-
ticipation has been accompanied by an increasing share
in online training due to social distancing measures and
remote collaboration. Our focus in the following study
lies in contributing to this research by providing new evi-
dence for the potential impact of the pandemic on work-
ers’ interest in training, distinguishing between different
waves of COVID-19 infections during the pandemic,
potential mechanisms that drive the change in CVT
interest, and regional differences.

4 Data

For our analyses, we combine data from different sources:
Google Trends data, regional subsidized training data
from the Statistical Office of the Federal Employment
Agency, and COVID-19 data from the Robert Koch Insti-
tute. To distinguish between different phases of the pan-
demic, we draw on the ZPID lockdown measures data set
provided by the Leibnitz Institute for Psychology (Stein-
metz et al. 2022), among others.

4.1 Google trends data

Our main outcome measures the search intensity for
specific keywords on Google Trends on the most disag-
gregate level available, i.e., the level of the 16 German
federal states. These data are publicly available weekly
for the 5 years prior to the moment of retrieval, and
monthly since January 1, 2004. They cover the majority of
all web search queries in Germany. With a market share
of approximately 95 percent in January 2020, Google by
and large has been keeping a relatively constant position
as the most important search engine in Germany (see
Figure 11).

For privacy reasons, Google Trends does not provide
actual numbers of search volumes but reports only an
index of search volumes that we refer to as search inten-
sities. Google search volumes are relative and not abso-
lute and normalized of the kind
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oogle searches for keyword,
search intensity,s = 8008 for key e

total google searches,;

Thus, for a given time frame search intensities describe
the share of searches devoted to a specific keyword in
region r at time ¢ relative to all Google searches in region
r at time ¢ This search intensity scale is then rescaled
within a region over a given period such that it takes the
value 100 when the keyword has the highest popularity.
All other values of search intensities are reported relative
to that moment. If a keyword is not searched for enough
and falls below a certain, publicly unspecified threshold,
the search intensity takes the value 0. The rescaled search
intensities allow for a comparison of relative intensities
over time within a region. In our regression analyses, we
follow a recognized approach in education economics
and take the logarithm of the adjusted search intensity
values (Bacher-Hicks et al. 2021). This allows us to inter-
pret differences over time as percent changes and simpli-
fies the interpretation of the coefficients.

To avoid biased results in our empirical work, we must
account for the data inaccuracies that come along with
Google Trends data. The search intensities published by
Google are based on a sample of actual searches, not the
full number of searches. Data queries for the same key-
words and the same region and period made on different
days will therefore return different search volume indices
(Cebridn and Domenech 2022; Eichenauer et al. 2022;
Medeiros and Pires 2021; Rovetta 2021). As Google does
not disclose the sampling methods, researchers must
account for these inaccuracies, e.g., by taking several
requests for the same periods and locations and averag-
ing over the resulting trends. We account for these issues
using the average of 14 different requests of weekly and
monthly search intensities for the period October 1, 2007
to September 30, 2022 (monthly data) and October 1,
2017 to September 30, 2022 (weekly data) drawn for the
Google Trends website between October 7, 2022, and
October 22, 2022.

The keywords we investigate are the most common
German terms for CVT: “Weiterbildung”, “Fortbildung”,

and “Umschulung”’ To reduce the number of zeros for

% We choose the three terms ,Weiterbildung®, ,Fortbildung and ,Umschu-
lung” because they reflect best the activities that we consider as continuing
training. ,Weiterbildung “ is the generic term for the activity of deepening
or supplementing vocational knowledge. This term is used in particular in
Social Code—Book III (Sozialgesetzbuch III) when it comes to the continu-
ing qualification of employees and the unemployed. ,Fortbildung” is the term
used in the Vocational Training Act (Berufsbildungsgesetz) for adaptation
and upgrading qualifications aimed at maintaining the ability to act in a given
occupation. ,Umschulung” refers to intensive training, usually lasting two to
three years, with the aim of acquiring a new vocational qualification and is
mentioned in both of the above laws.
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insufficiently intensive searches on the regional level,
we combine search terms with “+” indicating an ,or “
In detail, we retrieve search information for the follow-
ing terms: “Weiterbildung+ Fortbildung+ Umschulung”
and ‘online Weiterbildung+ online Fortbildung+ online
Umschulung”. This implies that we get the search inten-
sity for searches that include either the term “Weiterbil-
dung” or “Fortbildung” or “Umschulung” and [“online”
and “Weiterbildung”] or [‘online” and “Fortbildung”] or
[‘online” and “Umschulung”], respectively. The latter
should illustrate if searches for online training became
important during our observation period. Based on
all this information, we build a monthly data set and a
weekly data set on search intensities to look in more
detail at the dynamics of search intensity changes.

An important question is which benefits Google Trends
data bring to the table compared to more traditional data
sources. First, surveys or register data are generally pub-
lished with time lags of several weeks or months and
survey data is usually available only on an annual fre-
quency. Google Trends data, therefore, has some impor-
tant advantages compared to these traditional data. They
are available in real-time and with monthly, weekly, or
even daily frequency. Moreover, they can be retrieved for
many countries and within countries for regions.

Second, the internet is an integral part of our activi-
ties. Individuals collect information online about the
goods they intend to buy or about the activities they
intend to do. Therefore, web queries might be closer
related to intentions and interest in CVT than survey
data that ask about workers’ sentiments towards train-
ing participation. As workers must plan their training
activities ahead of time, search queries can be use-
ful leading indicators for subsequent actual training
participation. Certainly, younger individuals are more
likely to go online than older people. We consider this
hardly problematic in our setting, as younger people
are more likely to participate in CVT (BMBF 2022)
and thus be interested in CVT. However, the specific
motivation and intention to enter a specific keyword
in a search engine is unclear: do people enter training-
related searches because they intend to participate in
a training activity, or is this search not directly linked
to their personal situation? Several authors have shown
that Google Trends data provide an important bench-
mark and perform better than more traditional indica-
tors, e.g., in the case of private consumption behavior
(e.g., Vosen and Schmidt 2011; Woo and Owen 2019).
We show that the search intensity for training-related
keywords and actual training participation are cor-
related, by linking available training data with Google
data (see Sect. 4.3 for details).
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4.2 Data on non-pharmaceutical measures and COVID-19
incidence rates

On the level of states, we merge additional informa-
tion from further data sources. To capture the various
stages of the pandemic, we merge regional incidence
rates from the Corona Data Platform, which provides
official numbers on COVID-19 incidences from the
Robert Koch Institute (RKI). The RKI is a scientific
federal government institution responsible for disease
control and prevention in Germany.

Moreover, we retrieve data from the Leibnitz Insti-
tute for Psychology that collected data on non-phar-
maceutical measures taken by the regional German
governments to contain the spread of the virus (Stein-
metz et al. 2022). This information allows us to picture
the intensity of the pandemic in terms of infections and
the timing of the individual lockdown periods in the
states on a day-by-day basis. Figure 12 in the appendix
displays lockdown periods based on the full restriction
of selected measures (school closures, prohibition to
shop/go to the hairdresser/leave one’s home/meet more
than one friend/ demonstrate) during the pandemic
in 2020 until October 2021. We use this data to com-
pare the lockdown periods with our definition based
on similar sources (e.g., Kohl and Denzl 2020). Table 1
provides an overview of the time and the content
dimensions of the lockdown phases according to our
definition. In most states, the first lockdown in Ger-
many started on March 22, 2020, and ended on May 5,
2020. The second lockdown started in a broader sense
on November 2, 2020. Non-pharmaceutical interven-
tions were less drastic than in the first lockdown, but
included, e.g., restaurant closures. Measures were tight-
ened again in mid-December (strict contact restric-
tions, school closures, etc.). We mark the end of the
second lockdown in the middle of May 2021, because
that is when many regional governments decided on
gradual relaxations under certain conditions.

To explore the correlation between the COVID-
19 pandemic and search intensities for CVT, we map
7-day incidence rates of COVID-19 infections (cal-
culated as the sum of all infections within seven days
divided by the population size) and the weekly search
intensities for each state side-by-side in Fig. 2. The red-
shaded areas indicate periods with hard lockdowns and
the blue-shaded areas indicate periods during the pan-
demic when there was no lockdown. The first lockdown
in March 2020 involved a clear decline in the CVT
search intensity in almost all states, although incidence
rates were much lower than in the subsequent winter
of 2020/21. The second sharp drop took place during
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the second lockdown in December 2020 in many states.
Overall, the figure suggests that search intensities for
CVT decreased at least temporarily during the pan-
demic, especially during lockdowns and when inci-
dence rates were high.

4.3 Linking data on training interest and inflows
to subsidized training

One crucial assumption for the value-added of our analy-
sis is that the search intensities from Google Trends are
correlated with actual training participation. To test this
assumption, we retrieve further data from the Statistical
Office of the Federal Employment Agency (FEA). Besides
numbers on regional unemployment rates, the FEA pro-
vides information on inflows to publicly subsidized train-
ing for unemployed and employed workers. Even though
the latter quantifies a very particular set of training activ-
ities, they have the advantage that they are available from
administrative registers every month. By contrast, num-
bers for general training are not available at this level and
are usually based on survey information.

Figure 3 displays the correlation between the share of
unemployed starting training in all unemployed and the
monthly search intensity for training-related keywords
by federal state between January 2018 and June 2021. A
purely visual analysis suggests that both variables seem
strongly correlated. Table 2 shows the results from addi-
tional estimations that regress CVT search intensity from
Google data on entries into subsidized training. We find
a positive and statistically significant coefficient for a
simultaneous relation and lagged search intensity by one
month. For lags further back in time we can no longer
observe statistically significant correlations. This result
might reflect the practical handling of subsidized train-
ing provisions in local employment agencies. Individu-
als receive a voucher for training from their employment
agency, which they usually have to redeem rather quickly,
i.e., within three months, at a training provider.

5 Empirical strategy

We apply an event-study approach to identify changes
in the search interest for training. As noted above, the
observation window for the monthly data runs from Jan-
uary 2011 to September 2022. Due to data restrictions,
the observation window for the weekly data is shorter
and runs from the first week of January 2017 to the last
week of September 2022. Figure 4 below illustrates how
we model the dynamics in CVT search interest over time.

Our main specification is accordingly:
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Table 2 Correlation between log CVT search intensity and
subsidized training intensity for unemployed workers

Model 1 Model 2: lagged
search intensity
Search intensity 0.007*** (0.001) 0.005%** (0.001)
Search intensity L1 0.004*** (0.001)
Search intensity L2 0.001 (0.001)
Search intensity L3 —0.000 (0.001)
N 528 528

Dependent variable: share of entries into subsidized training in all unemployed
within a region between January 2018 and June 2021. Model 1 and 2 include the
following variables: calendar effects, state FE. Standard errors are in parentheses.
***/%%/* indicate statistical significance at the 1/5/10% level

(a) Monthly data

C.Dauth, J. Lang

log (search intensity)

rt

-1 s’
= Zt:_yﬂt before, + thlﬂt after, (1)
+ aPriorYearsy + Smjw(r) + Oy + tr + €

We regress the logarithm of search intensity for our
training-related keywords in federal state r in month
(week) t on a number of month (week) indicators. Here, t
indicates the event month (week), which identifies one of
the 67 months (194 weeks) relative to February 2020 (the
2nd week of February 2020). Thus, our reference month
or week marks a point in time before COVID-19 was rec-
ognized as a general health threat by the society and first
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Fig. 4 Modelling CVT search intensity over time using monthly (a) and weekly data (b)
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Fig. 5 Event study coefficients for monthly log search intensity for the keywords toothache (Zahnschmerzen) (left) and Mozart (right). Source:
Google Trends (2022). Own calculations. Toothache: N=2,232, Mozart: N=2254

government measures were installed. before is an indica-
tor for s’=36 months (s’=57 weeks) falling before that
reference point; after is an indicator for s”=31 months
(s”=137 weeks) falling after that reference point. &,:/w()
are dummies to capture calendar month (week) effects,
Oy() are dummies for calendar year effects, and u, are
dummies for the 16 federal states.

Because COVID-19 spread everywhere and all 16
states ordered lockdowns more or less at the same time,
treatment takes place at the same time across all obser-
vational units and we lack a never-treated control group.
Therefore, we mainly exploit variation in training-related
search intensities over time to examine the pandemic’s
potential impact on our outcome variables. We solve the
underidentification problem of our model, by binning
all months (weeks) between the start of our observation
window and -s’ in the indicator PriorYears (Schmid-
heiny and Siegloch, 2019). This enables us to separate the
dynamic effects from time trends. For the monthly data,
we observe PriorYears from 2011 to 2016. For the weekly
data, we observe PriorYears from 2017 to 2018.

To estimate average effects of the two specific lock-
down periods, we additionally run before-after estima-
tions with two and five periods. The first specification
includes a dummy variable Post for all months (weeks)
from March (22,) 2020 to September (30,) 2022. This
gives us an overall average effect of the pandemic on
training search intensity:

log (search intensity) "

()
= B1Post; + (Sm/w(t) + ey(t) + U + €.

The second specification distinguishes between the
first and second lockdown and the periods in between
and after the second lockdown:

log (search intensity) ot

= B1 Lockdownl; + By between Lockdowns;
+ B3 Lockdown2; + B4 after Lockdown2,+
+8mjwiey + Oy + Hr + €

(3)

We include dummy variables to measure effect dif-
ferences between the first (Lockdownl) and second
lockdown (Lockdown2) and the periods during the pan-
demic without such strict non-pharmaceutical measures
(betweenLockdowns and afterLockdown2). Again, we use
both monthly and weekly data for our analyses.

Our analyses are based on the assumption that
increases in the search intensity of a specific keyword
correspond to an increase in absolute Google searches
for that keyword and that the volume of Google searches
did not change due to the pandemic. We try to support
this claim by reporting exemplary search intensities that
remain consistent over time for keywords that should
not have been affected by the Coronavirus outbreak. For
this purpose, we chose the two keywords “toothache”
(“Zahnschmerzen”) and “Mozart” Figure 5 illustrates the
search intensities over our observation window. Overall,
the search intensities for these crisis-neutral keywords
remain constant without any pattern over the entire
period. This suggests that the relative importance of
these keywords has remained constant compared to the
search volume as a whole.
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6 Results

6.1 Baseline results

Our first step is to examine whether the pandemic and
the accompanying measures had any impact at all on the
search intensity for training. Figure 6 shows the results
from Eq. (1) of our event study approach. Recall that
the reference point is February 2020. The start and end
dates of the first and second lockdown are marked by
dashed lines. Before March 2020, there is relatively lit-
tle variation in search intensities. With the onset of the
COVID-19 pandemic, however, there is a very sharp
drop in searches for CVT. The search intensity decreases
by 28.9 percent in March 2020 compared to the pre-
vious month. April 2020 was the first month that was
completely affected by the lockdown. The search inten-
sity for training dropped by approximately 47.3 percent
compared to February 2020. In May, the first restrictions
imposed under the lockdown were relaxed (e.g. emer-
gency care in schools and kindergartens was expanded;
stores, restaurants, cultural institutions, and also train-
ing providers were gradually allowed to reopen subject
to distance and hygiene requirements) resulting in a re-
normalization of training-related searches. With low
numbers of infections, training search intensities were
statistically insignificant from pre-pandemic figures dur-
ing the summer. In the fall of 2020, and especially with
the onset of the second lockdown in November/Decem-
ber, the numbers dropped again by more than 17 percent
compared to February 2020. Afterwards, the numbers
recovered and reached the pre-crisis level again in the
fall/winter of 2021. However, the recovery of the interest
in training to pre-COVID levels lasted only shortly. The
energy crises in 2022 induced by the Russian attack on
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Fig. 7 Event-study coefficients for monthly log search intensity
for online CVT. Source: Google Trends (2022). Own calculations.
N=1686

Ukraine resulted in a renewed drop in training interest,
a likely reason being that many individuals were again
confronted with economic uncertainties. Figure 13 in
the Appendix shows the results for the same model with
weekly data, confirming by and large the results from our
monthly analysis.

One of the main reasons for the sharp decline in
searches for CVT could be that personal face-to-face
training was not possible during the lockdowns. There-
fore, we also investigate how the pandemic affected the
interest in online training courses, which may have been
an alternative to classroom training. Note that the search
for the three CVT keywords also includes searches for
online training terms. Thus, the online training terms
are a subset of the general training search terms. Figure 7
shows that interest in online CVT strongly increased
during the pandemic. Right at the beginning of the pan-
demic in April 2020, searches for online CVT increased
by 68.9 percent compared to February 2020. The peak
value is reached in January 2021 with an increase of 97.3
percent compared to February 2020. Throughout our
observation period, the search intensity remains signifi-
cantly above the pre-crisis level. Again, the pattern looks
very similar when we use weekly instead of monthly data
(see Figure 15 in the Appendix).

The results are confirmed by the before-after regres-
sions (Egs. (2) and (3)) presented in Table 3. Including
a dummy variable for the whole period of the pandemic
from March 2020 to September 2022 (Post), we find for

% In a robustness check we extend the search to further keywords for CVT:
in addition to “Weiterbildung’, “Fortbildung” and “Umschulung” we use the
keywords “Lehrgang” and “Schulung”. The results can be found in Figure 14
in the Appendix.
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Table 3 Linear regression results of before-after models—average marginal effects on log search intensity for CVT and online CVT

Monthly data Weekly data
VT Online CVT VT Online CVT
)] (2) (3) (4) (5) (6) (7) (8)
Post —0.189*** 0.457%** —0.1271%%* 0.394%**
(0.020) (0.099) (0.021) (0.068)
First lockdown —0.390%** 0.617%** — 0437 0.478*** (0.089)
(0.023) (0.127) (0.029)
Between first —0.063*** 0.303%** 0.009 (0.021) 0.333***(0.074)
and second (0.019) 0.111)
lockdown
Second lock- —0.162%** 0.425%** — 0.1714%% 0.346*** (0.096)
down (0.026) 0.161) (0.027)
After second —0.060% 0.148 (0.195) 0.009 (0.034) 0.231%(0.123)
lockdown (0.033)
N 2,256 2,256 1,686 1,686 4,176 4176 2,503 2,503

Source: Google Trends (2022). Own calculations. All models include the following variables: calendar effects, state FE. Standard errors are in parentheses. The number
of observations for online CVT is lower than for general CVT because in some regions the numbers were not reported in Google Trends at some points in time due to

too few search queries. ***/**/* indicate significance at the 1/5/10% level

the monthly data that the search intensity for training
decreased on average by 18.9 percent. For the weekly
data, the results show that the search intensity decreased
on average by 12.1 percent (see columns (1) and (5) in
Table 3).

As expected, Fig. 6 shows that search intensity
decreased primarily during the lockdowns. Estimating
Eq. (3), we take this into account by using two dummies
for the periods with lockdowns, and two dummies indi-
cating the period between the two lockdowns and the
period after the second lockdown. The results based on
the monthly data in Table 3 indicate that the decline in
interest in CVT was strongest during the first lockdown
when the search intensity decreased on average by 39.0
percent. During the second lockdown, the effect was less
than half as large as the one during the first lockdown
with 16.2 percent. In the periods during the pandemic
when there was no lockdown, the decline in interest in
CVT was small, about 6 percent (see Table 3, column
(2)). The results with weekly data point in a similar
direction (see Table 3, column (6)), although the effects
between and after the lockdown are close to zero and sta-
tistically insignificant. For online training (Table 3, col-
umns (3), (4), (7), and (8)), the before-after analysis shows
that the overall effect of the pandemic on the interest in
online CVT is very strong with+45.1 percent (monthly
data) and+39.4 percent (weekly data) and was highest
during the lockdowns.

6.2 Potential channels for the change in CVT search
intensity

In Sect. 2, we delved into the potential mechanisms of the
pandemic on the interest in CVT that we derived from
the existing empirical evidence. To gain a more com-
prehensive understanding of demand-side channels, we
again turn to Google Trends data to test these mecha-
nisms. We illustrate the changes in search intensity for
keywords that may reflect various channels during the
pandemic, much like the Figs. 6 and 7, employing the
event study approach.

To gauge the increasing digitization and changes in
the use of video conferencing tools (VCT) that poten-
tially increase the demand for online training, we ana-
lyze the combined search interest for the keywords
“Zoom+Skype+WebEx+Microsoft Teams” Contrary
to that, we assume that the interest in (online) training
decreases due to school/daycare closures that restrict
the time of families with children. To measure this, we
consequently draw search queries for the keyword “Not-
betreuung” (emergency daycare). We further consider
two ambiguous channels for (online) training. First,
to analyze the importance of short-time work allow-
ances as an ambiguous channel for (online) training
(less training initiatives on the firm level vs. freed-up
time for workers and more individual-initiated train-
ing interest) we draw search queries for the term “Kur-
zarbeit” (short-time work). Second, we assume a shift in
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Fig. 8 Event-study coefficients for monthly log search intensity for different keywords. Source: Google Trends (2023). Own calculations. Video
conferencing tools: N=2121, emergency daycare: N=697, unemployment benefits: N=2114, short-time work: N=1908

training-related preferences due to economic insecuri-
ties and financial concerns which we try to capture with
search queries for “ALG+Grundsicherung” (unemploy-
ment benefits and welfare benefits).

Figure 8 shows the development of the search interest
for these keywords. It is worth noting that some key-
words lack sufficient observations in the Google Trends
data due to a lack of search queries in certain regions at
certain months. This is particularly true for “emergency
daycare,” which before the pandemic was mainly rel-
evant during strikes or sickness periods of kindergar-
ten staff. Table 4 depict the corresponding regression
results.

According to Fig. 8, all four channels could potentially
be relevant, as search queries for all keywords surged
with the onset of the pandemic, especially during the
lockdown periods (indicated by dashed vertical lines).
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Fig. 9 Average marginal effects of post on log CVT search intensity
by states. Source: Google Trends (2022)
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To quantify the correlations between these channels
and search intensity for CVT, we extend our regres-
sion models (2) and (3) and subsequently add controls
for the potentially mediating channels. In addition to
using search intensities reflecting these channels, we
also include data on actual monthly unemployment
and short-time work rates. However, the above chan-
nels cannot be interpreted as causal, as there are many
factors that have been affected simultaneously with the
onset of the pandemic. In section A of the appendix we
provide the full regressions results and corresponding
discussion.

6.3 Regional differences in the impact of the pandemic

To gain more insight into how regional differences dur-
ing the pandemic affected interest in CVT, we conduct
further analyses. Figure 2 had shown that COVID-19
incidence rates varied a lot in German regions over
time. In order to determine possible regional differ-
ences, we estimate Eq. (2) (Table 5) and additionally
interact the Post dummy with all state dummies.

Figure 9 shows the differences in the effects of the
pandemic (Post=1) on the search intensity for train-
ing across states. Noticeably, the effects vary, with the
exception of Berlin, with a particular decline in search
intensity in the eastern German states (Thiiringen,
Sachsen-Anhalt, Sachsen, Mecklenburg-Vorpommern,
Brandenburg). Figure 16 in the Appendix addition-
ally depicts the pre-pandemic average search intensity
levels by state, revealing existing disparities. A similar
picture is observed in the pre-pandemic search inten-
sity for online training, which also differed across the

Page 150f23 14

federal states (Figure 17 in the Appendix). Figure 10
further illustrates the positive, but sometimes statisti-
cally insignificant effects of the pandemic on online
training search intensity in western states and the
mostly statistically insignificant correlation in eastern
states.

The eastern German states have some similarities that
may offer explanations for the heterogeneity of the pan-
demic’s effects on interest in CVT. First, there are struc-
tural differences in the economy that are associated with
a persistently weaker economic situation in eastern Ger-
many (Ragnitz et al. 2019) which may affect training deci-
sions. Moreover, the labor force participation of mothers
is higher in eastern states of Germany (Barth et al. 2020)
as is the childcare rate (Statistisches Bundesamt 2023),
due to differences in socialization with regard to the dis-
tribution of tasks between the sexes. Thus, east Germans
may have been more strongly affected by closed kinder-
gartens and homeschooling.

Additional analyses reveal that the disparities in the
effects by states vary across different phases of the pan-
demic (see Figure 18 in the Appendix). In the initial lock-
down, when limited information about COVID-19 and
the pandemic was available and all aspects of life were
in a state of emergency, it is unsurprising that all regions
experienced a similar decline in interest in training. How-
ever, during the second lockdown, we find particularly
strong negative effects of the pandemic on interest in
CVT for east German states. This trend persisted in the
phases between and after the lockdowns, with the nega-
tive effect more pronounced in these federal states than
in western Germany. While the second wave of Covid-19
infections heavily impacted eastern German states (see
Fig. 2), we have no explanation for the persisting negative
effect after the second lockdown.

7 Conclusions
In this paper, we analyzed the effect of the COVID-19
pandemic on people's interest in training using Google
Trends data. Even though these data have some limita-
tions, they are particularly advantageous in very dynamic
situations—like the COVID-19 pandemic or the most
recent energy crisis triggered by the Russian war of
aggression—because they can depict developments in real
time and accurately to the day.

Analyzing monthly search data, we find that during
the first 2.5 years of the pandemic, searches for continu-
ing vocational training strongly decreased on average by
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19 percent. While during the first lockdown the decline
in the interest for CVT was similar across all German
regions (— 39 percent on average), during the second
lockdown especially eastern German regions experienced
a decrease in searches for CVT. At the same time, the
interest in online training strongly increased (+45 per-
cent), especially during the lockdowns when face-to-face
training courses were prohibited (+61 and +43 percent).
Finally, regarding the most recent energy crisis, we see a
persistent increase in the interest in online training and
the negative effect on CVT continues, but it is less pro-
nounced than during the pandemic.

Our study complements the findings from the Adult
Education Survey that CVT participation continued to
increase in 2020 by six percentage points, even though
it shows that the average training duration decreased
from 46.6 h to 33.5 h (BMBF 2022). Moreover, our results
align with the findings by Jost and Leber (2021), who
find that the number of employees participating in train-
ing decreased by almost 60 percent and the number of
establishments offering training decreased by almost 40
percent.

The increasing interest in online training is in line
with these findings. First, the organization of training
activities shifted from face-to-face to e-learning due to
social-distancing regulations and the push in digitiza-
tion (BMBF 2022, Jost and Leber 2021; Kleinert et al.
2021). Second, the above-mentioned reduced initiative
for training from employers may prompt workers to take
the lead in initiating their own training, contributing to
the observed surge in interest in online training. Third,
this could be an indication that the pandemic has shifted
employer preferences towards supposedly more cost-effi-
cient online training, similar to what is already suspected
of firms adopting advanced digital technologies (Brunello
et al. 2023).

In our study, we further test the demand-side mecha-
nisms that might drive this decrease in actual training
and increase in online training courses. We show that
increased online searches for videoconferencing tools,
emergency daycare (time constraints on parents as a
relevant mediating channel particularly during the lock-
downs), and short-time work might have decreased over-
all interest in continuing vocational training with the
onset of the pandemic, while financial concerns might
have mitigated this effect and positively affected the
interest in training.

C. Dauth, J. Lang

Regarding the interest in online training, we find that
all four channels appear to contribute positively to the
spike in searches for online training with the onset of the
pandemic. This shift may be attributed not only to social
distancing measures but also to the necessity of address-
ing knowledge gaps related to online communication and
co-working tools arising from the widespread adoption
of remote work (Kleinert et al. 2021).

Finally, we analyze whether there are regional differ-
ences in the effects of the pandemic on CVT interest.
Google Trends data allow us to examine the development
of CVT search intensity on the level of federal states. We
find that there are significant regional differences, espe-
cially between east German and west German states. The
most obvious differences among our analyzed channels,
and therefore possible reasons to explain these differ-
ences, may be the differences in incidence rates during
the second lock-down and the differences in the reli-
ance on public childcare facilities, which were tempo-
rarily unavailable during the pandemic. Beyond these
two channels, there are major structural differences in
the economy between the eastern and western German
states, especially in the structure of companies (Ragnitz
et al. 2019) which could influence lasting differences in
the interest in online training.

Although Google Trends data enables us to draw a very
detailed picture of changes in the interest in training
over time, some questions remain. We cannot use these
data, which are aggregated at the state level, to examine
which individuals (employees, unemployed, employers,
training providers) changed their search behavior on the
internet. Many governments see the need for continu-
ing vocational training to counter skills shortages and
make employees fit for digitization. To tackle a decreas-
ing interest in CVT in specific regions, future research
needs to unravel which groups of people are experienc-
ing this decline and why. Moreover, the mechanisms that
we analyze cannot be interpreted as causal channels, as
we might omit important variables that might be cor-
related with both CVT interest and these four mecha-
nisms. Even though we exploit changes in the channels
and CVT interest that are induced by some unforeseen
shocks (e.g. first lock-down, Russian attack on Ukraine),
there are many factors that have been affected at the
same time.
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Appendix
See Table 4

A. Regression results for potential channels for changes

in CVT search intensity

In addition to the graphical illustration of the changes
in potential channels that affect CVT search intensity,
we now extend our regression models (2) and (3) and
subsequently add controls for the potentially mediat-
ing channels. Besides using the search intensities for
keywords that could reflect the potential channels, for
unemployment and short-time work we can addition-
ally support our findings with administrative data. For
that purpose, we use on the monthly unemployment
rate and the monthly short-time working rate at the
federal state level from the Statistical Office of the Fed-
eral Employment Agency.

First, the regression results in Table 4, columns 2a
and 2b, indicate a positive correlation between the
search for video conferencing tools and (online) train-
ing interest before the pandemic. After the onset of the
pandemic, searches for videoconferencing tools con-
tinue to correlate positively with online training, but
not with training in general. We find that a doubling of
searches for VCT tools is associated with an increase
in online CVT searches of around 39 percent (=(0.67—
0.28)*100). Moreover, the Post coefficient in column
2b becomes smaller and statistically insignificant
(0.169 versus 0.451***), confirming that the increase in
online training interest might be partly driven by more
searches for videoconferencing tools. The results con-
firm our hypothesis that the spiking interest in vide-
oconferencing tools is correlated with an increasing
interest in online training, but not our hypothesis that
it increases interest in training in general.

Second, the regression results in Table 4 show that an
increase in emergency daycare is associated with less
interest in training (— 0.054***). Moreover, the Post coef-
ficient in column 3a shrinks from about — 0.189*** to
— 0.113*** when we add the interacted control, indicating
that part of the drop in CVT search interest is driven by
the increasing interest in emergency daycare. However,
the results in column 3b indicate that parents with time
constraints seem to drive some of the positive impact on
online training searches, also after the start of the pan-
demic. Thus, we find that pandemic-induced time con-
straints of parents partly drive the decrease we find in
training interest, but also the increase we find in online
training interest.

C. Dauth, J. Lang

Third, Table 4 indicates that more interest in short-
time work came with a decrease in training inter-
est, as we obtain a slope coefficient of — 0.095
(== 0.137***4+0.042***) and a Post coefficient that
becomes less negative (in fact even positive). Thus, the
results suggest that lower training initiatives of firms
receiving short-time work allowances might be the
predominant negative channel of short-time work on
training interest. By contrast, the increasing interest
in short-time work is weakly positively correlated with
online CVT. If the actual short-time work rate is used
instead of the searches for short-time work, a similar pat-
tern emerges (see columns 7a and 7b in Table 4).

Fourth, the regression results in Table 4 reveal a posi-
tive correlation between economic insecurities and
the search for CVT already before the pandemic, and
this relation becomes even stronger with the onset of
the pandemic. This implies that the as yet ambiguous
channel might be such that individuals with financial
concerns, for example, because they have fewer oppor-
tunities to work in their previous jobs due to social-
distancing measures, saw the need to re-orientate or
at least upgrade their skills. This channel mitigates
other negative pandemic impacts on training inter-
est, which would have been more negative had people
not faced economic uncertainties (— 0.386*** versus
— 0.189***). This positive impact is even more pro-
nounced for online training (column 5b). This result
should be viewed with caution, as the estimates with
actual unemployment data point in the opposite direc-
tion (column 8b).

In sum, we find that increased searches for videocon-
ferencing tools, emergency daycare, and short-time work
decreased overall interest in continuing vocational train-
ing with the onset of the pandemic. Only financial con-
cerns mitigate this effect and positively affect the interest
in training. Regarding the interest in online training, we
find that all four channels contribute positively to the
spike in searches for online training after March 2020.
As before, we must stress that this observed correlation
cannot be interpreted as causal because other potentially
related variables might have changed simultaneously.

B. Additional figures and tables
See Figs. 11,12, 13, 14, 15, 16, 17 and 18
See Table 5
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Table 5 Results of before-after models for different regions—effects on log search intensity for online CVT
Monthly data Weekly data
) @ @) @
Post 0.658***(0.103) 0.529%**(0.069)
Post#East —0.582*** (0.067) —0.402*** (0.048)
First lockdown 0.885%** (0.126) 0.596*** (0.095)
First lockdown#East —0.772%**(0.189) —0.343***(0.116)
Between first and second lockdown 0.495%** (0.122) 0.456*** (0.099)
Between first and second lockdown —0.536**(0.149) —0.404*** (0.079)
#East
Second lockdown 0.628***(0.157) 0.488*** (0.099)
Second lockdown#East — 0.584%** (0.143) —0.423***(0.081)
After second lockdown 0.339%(0.191) 0.360%** (0.124)
After second lockdown#East —0.559%** (0.077) — 0.404***(0.057)
N 1,686 1,686 2,503 2,503

Source: Google Trends (2022). Own calculations. All models include the following variables: calendar effects, state FE. Standard errors are in parentheses. ***/**/*
indicate significance at the 1/5/10% level
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