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The ILO nowcasting model: Using
high-frequency data to track the impact of the
COVID-19 pandemic on labour markets1
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Abstract. The impact of the COVID-19 pandemic resulted in unprecedented labour market disruption, triggering the most severe
global labour market crisis on record. The speed and depth of the crisis rendered labour force survey data unable to provide timely
information. The ILO nowcasting model was designed to track the disruption in the world of work caused by the pandemic. This
required: 1) filling data gaps, 2) increasing the timeliness of available data, and 3) focusing on an indicator that captured well the
pandemic disruption: hours worked.
The estimates obtained from the ILO nowcasting model have become the backbone of the empirical strategy behind the ILO
Monitor on the World of Work publication series. The latest estimates corroborate that the pandemic induced very large declines
in hours worked at an unprecedented speed. Furthermore, the recovery process has stalled, driven by a stagnant recovery in
developing economies. The country-level input data and estimates of the ILO nowcasting model allow for complementary analysis,
which was published in the ILO Monitor. The topics included the effects of COVID-19 testing and tracing, fiscal stimulus, and
vaccination on labour market outcomes.
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1. Introduction

The COVID-19 pandemic has highlighted the im-
portance of timely economic and labour market data.
The containment measures taken to limit the spread
of the virus and its devastating consequences caused
a large decline in work activity, which materialized at
unprecedented speed. Similarly, the lifting of restric-
tions was followed by strong – albeit incomplete – re-
bounds in hours worked. The labour statistics produc-
tion system, primarily the collection and publication of
labour force surveys, did not produce sufficiently timely
and globally representative data. Even in countries with

1The views expressed in this publication are those of the authors
and do not necessarily represent the views of the International Labour
Organization.
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frequent data production exercises, such as quarterly
labour force surveys, a delay of a few months after the
quarter has elapsed can be expected. Moreover, in many
countries, labour statistics are collected and published
as annual data. These present large publication gaps,
for instance, data for 2020 would only typically be pub-
lished more than 12 months after the onset of the pan-
demic. In this context, nowcasting techniques, which
leverage information from data sources that are timelier
than the variable of interest, provide a good comple-
ment to the standard data production methods. This can
be seen for instance in [1], an application to the United
States labour market. Prior to the pandemic there was
already strong interest in producing timely estimates
via nowcasting, as in [2]. But demand for and relevance
of timely estimates have increased substantially.

A suitable target variable needs to be chosen to track
work activity during the pandemic at the global level.
Standard indicators derived from labour force surveys,
such as unemployment and employment, present lim-
itations in the context of the economic shocks caused
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by the pandemic. For instance, because unemployment
requires a person to be searching for a job, the common
use of online job search tools can lead to a higher rate
of unemployment based on this alone. Regulations of
mobility during a lockdown could heavily influence the
results for similar reasons. Unemployment requires one
to be, besides searching for a job, available to work.
This requirement would not be met if in-person work in
non-essential activities was temporarily forbidden. As a
result, unemployment might not increase during a lock-
down due to its technical definition, even as the actual
economic situation worsens. Moreover, economic pol-
icy responses to the pandemic also heavily affected em-
ployment measurement. Notably, job retention schemes
proved to be very effective at stabilizing employment
levels, even if workers could not carry out their usual
activities. To track global work activity during the pan-
demic, a measure that comprehensively captures the
nature of the economic shock caused by COVID-19
and with a high degree of international comparability
is needed. Hours worked, as measured by labour force
surveys, overcome these limitations of comparability,
and provide a good overlap with concepts from the
System of National Accounts.

To predict hours worked via nowcasting we use two
different types of timely high-frequency indicators.
The first type of indicator is available during the pre-
pandemic period, prior to 2020Q1. These variables,
which include amongst others retail sales, household
and business confidence, and purchasing managers in-
dex (PMI), have been commonly used in economic
nowcasting, including during the pandemic. The second
type of indicator used only became available after the
onset of the COVID-19 pandemic. The indicators in
this category covered mobility data from mobile phone
users, stringency of COVID-19 containment measures
taken by governments, and COVID-19 epidemiological
data. While these variables have no direct economic
content, they provide a useful measure of the degree of
disruption caused by the pandemic. For this reason, they
are expected to contain information about the evolution
of work activity.

From the methodological point of view, the current
study divides the nowcasting problem into two types
of estimation problems, according to the data availabil-
ity situation of each country. The first would constitute
a “classic” nowcasting problem. In these countries, a
quarterly series of hours is available with some delay
with respect to the target period. Moreover, countries
in this category also have high-frequency indicators
with a record prior to the pandemic. Hence, a projection

for hours worked can be made based on the histori-
cal statistical relationship following a time-series/panel
approach. In contrast, if high-frequency economic in-
dicators are not available in a country, we exploit the
cross-sectional variation of hours worked and high-
frequency indicators related to the pandemic to project
hours worked. These country-level estimates are aggre-
gated at the global and regional aggregates.

From the perspective of the results, it is interesting to
highlight that the latest estimates, published in the 9th

edition of the ILO Monitor on the World of Work, cor-
roborate that the pandemic induced very large declines
in hours worked at an unprecedented speed. The recov-
ery process started with a fast rebound but has stalled
afterwards, a key reason for this is an uneven recovery
process. Whereas high-income countries experienced a
strong recovery in 2021, hours worked stagnated in low-
and lower-middle-income countries. The country-level
input data and estimates of the ILO nowcasting model
allowed for complementary analysis exercises. These
complementary exercises have been published in the
ILO Monitor series. The topics included the effects on
labour markets of fiscal stimulus and vaccination. The
results point to fiscal stimulus mitigating the decline in
hours worked, whereas vaccination is associated with
higher hour recovery rates. Hence, uneven vaccination
access and lack of fiscal space for stimulus programs at
scale seem to have limited the recovery in developing
countries.

2. Data

This section describes the data sources used in the
ILO nowcasting model.

2.1. Target variable

The first step in providing estimates tracking the
labour market disruption caused by COVID-19 is find-
ing a suitable indicator for this purpose. We focused
the search for indicators on the most common source of
labour statistics, labour force surveys. Labour force sur-
veys are one of the primary national household surveys
conducted by countries. They are designed to produce
official national statistics on the labour force, employ-
ment and unemployment for monitoring and planning
purposes. Labour force surveys are the main source be-
hind headline indicators of the labour market for short-
term monitoring as well as more structural information
on the number and characteristics of the employed, their
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jobs and working conditions, the job search activities of
those without work, etc. In the current study, the term
labour force survey is understood to include household
surveys that broadly follow standards set by the Inter-
national Conference of Labour Statisticians (ICLS).

Within the substantial number of indicators that can
be derived from labour force surveys, the commonly
used indicators for assessing labour market trends re-
lated to economic activity such as unemployment and
employment, present severe limitations in capturing the
effects of the pandemic on the labour market. The limi-
tations of unemployment as a labour underutilization in-
dicator have been long established. Critically it is prone
to undercount the actual degree of labour underutilisa-
tion. More comprehensive measures of labour underuti-
lization, which capture those in time-related underem-
ployment or those that are in the potential labour force2

were proposed in the 19th ICLS [3]. The pandemic has
made these even more clear.3 In contrast, comparabil-
ity problems of employment as a work activity indica-
tor are to a high extent specifically linked to the pan-
demic. Following the shock that COVID-19 contain-
ment measures produced, institutional factors largely
determined to which degree the economic shock im-
pacted employment. For instance, in 2020 the European
Union experienced a loss of employment of 1.8 per cent
and the United States of 6.7 per cent (Source Eurostat
and ILOSTAT, population aged 15–64 in employment).
The reason for this disparity is not the lower impact
of the pandemic on economic activity (GDP declined
more during 2020 in the European Union than in the
United States), rather the cause is the implementation
of job-retention schemes in European countries, which
the United States did not apply at scale.

As the main purpose of the exercise is producing
global and regional aggregates concerning work activity
disruption, this and other differences between countries
would greatly reduce the comparability of the data and
hence complicate the econometric modelling of miss-
ing observations. Moreover, the objective of captur-
ing disruptions in the world of work requires capturing
declines in work activity caused by the pandemic and
public health containment measures, even if they were
offset or mitigated by public policy.

Hours actually worked, in contrast to employment
or unemployment, are expected to capture the effect

2The potential labour force is conceptually close to unemployment
but with less stringent requirements on search and availability.

3The criteria used to define unemployment, such as searching for
a job can see their usefulness reduced in a context of public health
measures such as lockdowns.

on work activity in a more comprehensive manner. De-
clines in hours can certainly result from job losses, but
they can also derive from being employed and not at
work (furlough schemes) or from a reduction in average
weekly hours worked. Similarly, a fall in hours will
capture diminished work activity of those who lost their
job – regardless of whether they become unemployed or
transition out of the labour force, see ILO Monitor [4].
The difference between a person who is unemployed
and one outside of the labour force is defined by the an-
swers to behavioural questions of a labour force survey.
For instance, searching for a job is generally required
to consider someone unemployed. In the context of the
COVID-19 pandemic, the difference between the two
might have become more ambiguous, as depending on
public health measures job search would not have been
possible, even if in other circumstances it would have
occurred.

2.2. Hours worked: Data collection and treatment

The main source of hours worked data is ILOSTAT
(https://www.ilo.org/ilostat/), the ILO’s repository of
international labour statistics.4 There are several mea-
sures of hours worked captured in labour force surveys,
we focus on hours actually worked. International stan-
dards, [5], define hours actually worked as the time per-
sons spend in activities that contribute to the production
of goods and services. Other measures, such as hours
usually worked, would not be as useful in capturing
short-term fluctuations in work activity. We include in
our target variable only hours actually worked in the
main job. Hours worked in secondary jobs tend to be
much lower than hours spent in the main job (by an
order of magnitude) and are not as widely available.

In the estimates used for the 9th edition of the ILO
Monitor on the world of work – published on the 23d
of May – [6] – we have available data up to 2021Q3
for 58 countries and territories. And for 67 countries
there was at least one observation available in the
2020Q1-2021Q4 period. This represents a sizeable sam-
ple, nonetheless, it leaves substantial international data
gaps, as the target number of countries and territories
for estimation is 189. These countries and territories are
the ones that the ILO modelled estimates collection tar-
gets. They account for a very large share of the world’s
population, albeit they do exclude some countries with
relatively low populations.

4This source is complemented with online information published
by EUROSTAT and National Statistical Offices in certain cases to
secure more timely and internationally comparable data.
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Table 1
Distribution of hours worked observations and distribution of coun-
tries and territories across income groups

Income group
Distribution of actual

observations (%)

Distribution of
countries and
territories (%)

Low income 0.9 14.3
Lower-middle-income 9.4 28.6
Upper-middle-income 29.3 26.5
High income 60.4 30.7

Data availability is heavily skewed towards high-
income countries. Table 1 summarizes the information.
Whereas high-income countries only account for 30
per cent of the target countries, they account for 60
per cent of the actual observations. As national income
decreases, so does the actual data coverage. At the low-
est end of the spectrum, we find low-income countries,
which account for 1 per cent of observations even if
they represent 14 per cent of the countries. More recent
data is also scarcer. The quarter with the most observa-
tions is 2020Q1, with 66 observations. In contrast, only
3 countries had some partial (monthly) data available
in 2022Q1.

To enhance comparability across countries and time,
we divide hours worked by population. Given that coun-
tries present significantly different population growth
rates, tracking activity without accounting for changes
in the population would limit comparability. Countries
with high fertility rates would tend to show higher
growth rates of hours worked (or lower losses of hours
worked) than countries with lower fertility rates. A sim-
ilar argument can be made for the change in population
in a given country over time. To properly capture work
activity, changes in working hours need to account for
this change to ensure that the level increase in popula-
tion is not driving growth in hours worked (for the same
reason, employment is often adjusted by population,
using the employment-to-population ratio indicator).
Population aged 15–64 is used in the normalization, as
persons aged 15 to 64 tend to have much higher par-
ticipation rates in the labour market than those 65 or
older. Hence for each quarter, total hours worked are
divided by population aged 15–64. The source of the
population data is the United Nations World Population
Prospects (UN WPP), 2019 edition. To avoid disconti-
nuities population at the quarterly frequency based on
the UN WPP annual data is estimated. These estimates
simply assume a constant quarterly growth rate that is
consistent with the annual one.

Given the objective of tracking the disruption caused
by COVID-19 on work activity, we focus on relative
changes with respect to a pre-crisis benchmark, which

we define as 2019Q4. Hence the target of estimation for
a country of interest is:

Ht =

Hours workedt
Population aged 15–64t
Hours worked2019Q4

Population aged 15–642019Q4

(1)

Where t indexes each quarter. It is convenient to also
define the level of hours worked (divided by population
aged 15–64, denoted henceforth as P ) at any given
quarter as:

ht =
Hours workedt

Pt
(2)

In some instances, to simplify the text the “divided
by population aged 15–64” is omitted, and population
is used as a shorthand for population aged 15–64.

2.3. High-frequency indicators

For nowcasting estimation, we require indicators that
are available on a timelier basis than the target vari-
able. In the present study, we use the shorthand high-
frequency to refer to this circumstance.5 We can distin-
guish two different types of high-frequency indicators
based on the temporal horizon of availability.

The first type of indicator is available during the pre-
pandemic period, prior to 2020Q1. These variables,
which include amongst others retail sales, household
sentiment and business confidence, purchasing man-
agers index (PMI), and labour market indicators have
been commonly used in economic nowcasting, includ-
ing during the pandemic, [7,8]. The ILO compiled
approximately 4’000 time series from various online
repositories,6 roughly three-quarters of them available
at the monthly frequency and the rest at the quarterly
frequency. Table 2 presents the main types of indica-
tors included in this repository. These indicators are
highly unevenly distributed across countries. Around
half of the target countries have only five or fewer high-
frequency indicators, while 30 per cent of countries
have more than 10 indicators.

The second type of indicator used only became avail-
able after the onset of the COVID-19 pandemic. The
indicators in this category covered three broad areas:
mobility data from mobile phone users, stringency of
COVID-19 containment measures taken by govern-

5This terminology is somewhat ambiguous since some of the in-
dicators used in producing the estimates are actually collected at the
quarterly frequency the same as the target variables (but are available
on a timelier basis).

6The main sources of data are ILOSTAT and Trading Economics.
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Table 2
Main types of high-frequency indicators used in the model with a pre-pandemic record

Type of indicator Source
Business confidence Trading Economics and country specific repositories
Capacity utilisation
Car registrations
Construction output
Consumer confidence
Foreign direct investment
Industrial production
International trade statistics
Job vacancies
PMI (Manufacturing, Services, Total)
Retail sales
Tourist arrivals
Labour force survey data (employment, unemployment, etc.) ILOSTAT
GDP projections IMF, EIU

ments, and COVID-19 epidemiological data. These
three indicators are expected to contain information
about the evolution of work activity. Larger declines in
mobility, more strict containment measures and a worse
epidemiological situation are expected to be associated
with larger declines in work activity. All three indicators
are available at a high frequency, either daily or weekly,
and we average the data to the quarterly frequency.

The source of mobility data is the Google Commu-
nity Mobility Reports. These reports contain aggre-
gate changes in mobility compared to a pre-pandemic
baseline. We take an average of the workplace mobil-
ity index and the retail and recreation index as input
for the model.7 Other indices available in this dataset
are related to behavioural changes during the pandemic
and more indirectly related to economic activity and
hence are expected to contain less information about
the labour market and are not included in the model.
As a proxy for stringency of COVID-19 containment
measures taken by governments, we use the COVID-
19 Government Response Stringency Index (hereafter
“Oxford Stringency Index”). The source of the index
is the Oxford Covid-19 Government Response Tracker
(OxCGRT) database [9]. The index is a composite of re-
strictions across several dimensions, such as workplace
closures and stay-at-home requirements. The indicator
aims to capture quantitatively the degree of stringency
of public health measures. As a proxy of a country’s
COVID-19 epidemiological situation we use deceased
patients per population. The source for the data is [10].
We expect this measure to be a more accurate reflection
of the public health situation than COVID-19 cases, due
to testing practices, the difference in vaccination rates
and other potential comparability problems.

7In certain countries, the data presents an upward long-run trend,
in which case the data is detrended.

3. Methodology

This section describes in detail the methodology used
in the ILO nowcasting model. We briefly outline here
the main steps taken.

Our estimation target consists of 189 countries and
territories, which are the basis of the aggregate esti-
mates. These countries can be broadly split into two
groups. The first group has an abundance of economic
high-frequency indicators and a relatively timely time
series of hours worked derived from labour force sur-
veys. The second group generally lacks both economic
high-frequency indicators and a recent time series of
hours worked. Given these different data situations, two
different approaches are taken.

The “direct nowcast” approach is taken for countries
with an abundance of required data. Using an informa-
tion set that is both more timely than the target variable
and presents a time series overlap with the target vari-
able a prediction can be produced – as is standard in
nowcasting applications. Given the large number of po-
tential explanatory variables (high frequency economic
indicators), we choose a dimensionality reduction strat-
egy. Particularly, we use Principal Component Analysis
selecting the first three components (after detrending
and adjusting for seasonality). In this manner, we obtain
a suitable number of variables for inclusion in time se-
ries regressions, which are the basis of the “direct now-
cast” model. These explanatory variables are then used
in country-specific time series regressions or in panel
data regression models. Even with the dimensionality
reduction, a large number of specifications based on
lags or country-specific vs. panel model structures are
possible. A cross-validation approach is used for model
selection. The models are selected and averaged based
on their simulated out of sample error.
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The “indirect nowcast” approach is taken for coun-
tries with insufficient high frequency economic indica-
tors availability and a lack of timely hours data. For this
purpose, we leverage high-frequency indicators con-
cerning the impact of the pandemic in a given coun-
try, such as mobility indicators or stringency of pub-
lic health measures taken. The ratio of hours worked
in a given quarter relative to the pre-pandemic bench-
mark (2019Q4) is computed for selected countries from
their labour force surveys. Additionally, from the “di-
rect nowcast”, we have available timelier estimates,
which are used as a proxy for actual hours worked.
This change in hours worked (or change in estimates of
hours worked) is extrapolated to countries without data
based on the available high-frequency indicators mea-
suring the impact of the pandemic. The extrapolation
model follows a multiple linear regression model. The
indirect nowcast approach allows producing an estimate
for countries with minimal data sources.

The final step is aggregation. From the nowcast-
ing models, we have available country level estimates
(or data) of the ratio of hours worked, divided by
population, in a given quarter compared to 2019Q4.
The change in hours worked of each country must be
weighted by the level of hours worked in each country
in 2019Q4 to produce the global and regional aggre-
gates. We estimate this figure based on a regression
model using 2004–2019 data and population estimates.
Once this variable is estimated the aggregation just re-
quires adding up the contribution of each country.

In addition to the detailed description of each of these
steps, the section ends by evaluating the performance of
the model based on pseudo out-of-sample simulations.

3.1. Empirical strategy

Nowcasting hours worked at the global and regional
level presents a substantial variation with respect to
standard nowcasting applications. As described in [8],
the nowcasting problem typically consists of predicting
a variable of interest at time t using an information
set at time v, Ωv. The information set is more timely
than the target variable, for which we will only have a
time series up to a time prior to period t, meaning that
it has information about a later time than the variable
of interest. Additionally, the information set is usually
available or at least updated at a higher frequency than
the target variable.

In our set-up, the information set is similar to the
description above. In contrast, we do not have any ob-
servation for the target variable. Knowing the evolu-

tion of global8 hours worked requires having complete
time series available for every country up to time t.
As discussed above, international labour statistics are
scarce, hence hours worked are missing in many coun-
tries in each time period. Even when focusing on yearly
data, instead of scarcer quarterly frequency, sizeable
data gaps are present. For 2019, hours worked data are
available for half of the target countries. Moreover, for
22 per cent of countries, no data on hours worked are
available from 2005 to 2019. Hence, a projection based
on a direct statistical relationship between the target and
the information set, Ωv, is not possible, and we must
take another approach.

We want to produce global aggregates of the evolu-
tion of relative hours worked considering population
changes. For this purpose, we need to aggregate across
the target countries indexed by i for all quarters of in-
terest t:

Hg
t =

∑
i (hit · P it )∑

i (hi2019Q4 · P it )
(3)

Notice that the population in the denominator does
not correspond to the benchmark period 2019Q4, and
rather it refers to the target period t. This is to avoid
biasing (downwards) the indicator in the context of
population growth, as even constant per capita hours
worked result in an increasing trend in the overall level
of hours worked. The target variable can be interpreted
as the relative ratio of hours worked during quarter t to
the counterfactual level of hours worked if the per capita
hours remained at the 2019Q4 level but the population
stood at the level of quarter t.

The change in hours can also be reframed as a sub-
traction instead of a division:

Difference in hours worked
(4)

=
∑
i

(hit · P it )−
∑
i

(hi2019Q4 · P it )

Which in this case indicates the difference in the level
of hours worked. This formulation is used to compute
full-time job equivalents, which can be obtained by
dividing by a pre-set workweek (such as a 48-hour
workweek). This full-time job equivalent is widely used
in the ILO Monitor publication series.

Given that we have complete population data, our
estimation target requires either having observations
or estimates of {hit, hi2019Q4} for each country (which
we can label country-based approach) or having esti-

8An analogous procedure can be developed for regional aggregates;
for simplicity, only the global aggregate is referred to in the text.
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mates of the overall summations (aggregate-based ap-
proach). We take the country-based approach for sev-
eral reasons. First, the main aim of the exercise is track-
ing the evolution of hours worked globally, regionally
and by various country groupings of interest. Producing
country-level estimates enables ex-post aggregation for
country groupings without the need for re-estimation.
This allows for cost-efficient production and ensures
that each regional aggregate will be consistent with the
rest of the aggregates produced. Second, the country-
based approach allows for judgemental analysis of the
estimation results of each target country. This proce-
dure is a standard quality control practice for estimates
published in ILOSTAT.

The problem of estimating {hit, hi2019Q4} can be di-
vided into two types of estimation problems, according
to the data availability situation of each country.9 The
first would constitute a “classic” nowcasting problem.
In these countries, a quarterly series of the total hours
worked divided by population aged 15–64 is available
at time t with a delay of k. Typically, the delay will
be of one or more than one quarter, which underpins
the necessity for nowcasting. Moreover, countries in
this category also have high-frequency indicators with
a record prior to the pandemic (described in the previ-
ous section). Hence, the estimation problem is produc-
ing projections for the target variable during the period
when data are missing, i.e. obtain {ĥiτ−k+1, . . . , ĥ

i
τ} or

simply ĥiτ if k = 1, where τ indicates the latest quarter
targeted for the nowcasting exercise. The estimation
procedure of these countries follows a time-series/panel
approach.

The second type of estimation problem is applied
to countries for which the quarterly time series of the
target variable is not available. Moreover, the informa-
tion sets of these countries do not have sufficient (or
any) high-frequency indicators with a pre-pandemic
record. Hence, the estimation target is the entire se-
quence since the pre-pandemic reference period, i.e.
{ĥi2019Q4, . . . , ĥ

i
τ} for each country in this category.

Moreover, only high-frequency indicators covering the
pandemic period (and not before) can be used. The es-
timation procedure of these countries follows a cross-
sectional approach.

9There are countries that constitute intermediate cases between the
two categories which are assigned in an ad hoc manner to either group,
for the sake of simplicity these are not mentioned in the discussion.

3.2. Time-series and panel approach, “direct
nowcast”

The direct nowcast approach exploits the historical
relationship between the target variable, hours worked
per population ht, and observed high-frequency data,
to predict movements in hours worked in the most re-
cent periods where labour force survey data is not yet
available. The approach uses time series techniques.
As there needs to be a temporal overlap between the
target variable and the high-frequency indicators, in this
section only indicators with an observation record prior
to the pandemic are used.

The relationships can be estimated at the country
level or within a panel structure. Models estimated at
the country level allow the use of country-specific high-
frequency data, and also the estimation of country-
specific coefficients. Panel techniques require the use of
common high-frequency data, i.e. the time series have
to represent the same variable across countries. How-
ever, they also have a number of advantages. First, an
estimate of the change in working hours can be made for
countries with available high-frequency data, but with-
out a historical time series of hours worked. Second,
differences in the estimated change in hours worked
are easily traced to differences in high-frequency data.
Third, pooling many countries in a panel reduces the
risk of overfitting the model. Our approach relies on
both country-specific and panel regressions.

3.2.1. Data preparation and cleaning
From the roughly 4’000 available time series, only

around 1’000 are used. The reduction is due to two
main discarding exercises. Some are discarded by the
nature of indicator, for instance inflation time series
are not used in the prediction model. A second filter is
requiring that the data is timely enough, in the current
edition of the ILO nowcasting model only time series
available up to 2022 January (or 2022Q1) are used.

For the country-level approach, all high-frequency
indicators can be used. For the panel approach, however,
the high-frequency indicators display various overlap-
ping and non-overlapping country coverages. A total of
50 different panels could be formed through the various
combinations of high-frequency indicators as they are
available across the various countries. Only a subset of
the potential groupings is selected considering country
coverage and the number of indicators in the decision
set to identify a “best” panel grouping for each country.
The decision rule selects for each country the grouping
that maximises the product of the log of the number of
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countries in a grouping, the log of the number of indica-
tors in a grouping, and the log of the minimum length of
the time series in that grouping. This procedure yields
a total of 11 different panels.

The dimensionality of the data is reduced using a
principal component analysis. In preparation for that
step, the series are first detrended where required,10

and seasonally adjusted.11 Up to the first three principal
components are retained for the analysis. The principal
components are created for all indicators available at a
country level, and for the 11 identified panel groups of
high frequency indicators.

3.2.2. Modelling approach
While standard time series models can be used for

countries with monthly data on hours worked, a mixed
frequency approach is required for the countries with
quarterly data. In [11] it is shown that using a mixed
data sampling approach (MIDAS) leads to a more effi-
cient estimation than the approach of aggregating the
monthly frequency to the quarterly level. This should
hold particularly for the COVID-19 crisis with its large,
sudden changes. The standard MIDAS approach em-
ploys a distributed lag function to impose structure on
the series with a higher frequency, thereby reducing
the number of parameters to be estimated. In [12] it
is shown that when mixing quarterly and monthly fre-
quency data, it is beneficial leaving the parameters un-
restricted, and hence estimating an unrestricted MIDAS
(U-MIDAS).

The dependent variable y is defined as the period-
by-period change of the hours worked as a percent-
age of total hours in the fourth quarter of 2019, i.e.
yt = (ht − ht−1)/h19Q4. This transformation has two
advantages. First, differencing renders the series sta-
tionary. Second, one would expect the relative (percent-
age) impact across countries to be similar given the
similar impact on high frequency indicators.

For the countries with monthly data, a simple linear
model is specified as

yT = α+ β

k∑
l=0 (5)

(XT−3·l +XT−1−3·l −XT−2−3·l) + uT

10The series are only detrended if the procedure reduces the varia-
tion in mean and standard deviation over time.

11Seasonal adjustment is made using Demetra+. The X13 RSA5c
procedure is used, with the additional specification of individual
period dummies starting with 2020M03 to avoid that the COVID-19
crisis affects the estimation of the seasonal effect.

The independent variables are represented by X and
include up to three principal components of the under-
lying high-frequency indicators, u is the disturbance
term and β is the vector of estimated coefficients. Time
T indexes months. We allow variation of the lag struc-
ture, including between zero and two quarters of lags
of the high frequency data, k = {0, 1, 2}, meaning that
3(k+1) months of observations of the explanatory vari-
ables are included in a specification. While not strictly
necessary, the inclusion of months in blocks of three
reduces the number of specifications we need to test.
Additionally, the model is more similar to the one used
for the quarterly frequency increasing comparability.

For the countries with quarterly data, a U-MIDAS
linear model is specified as

yt = α+ β

k∑
l=0 (6)

(Xt−l +Xt−l− 1
3
−Xt−l− 2

3
) + ut

Where the independent variables are represented by
X and include up to three principal components of the
underlying high-frequency indicators, u is the distur-
bance term and β is the vector of estimated coefficients.
In this case, t indexes each quarter. Additionally, the
three months in quarter t are indexed using the notation
[t− 2

3 , t−
1
3 , t]. As in the monthly data case, between

zero and two full quarters of lags of high frequency
indicators are included in the regression, k = {0, 1, 2}.
Both the monthly and quarterly specifications are also
set up as panel models.

It is possible including a lagged dependent variable
in the model, and if added this lag is statistically sig-
nificant. However, our testing has shown that such a
model specification produces a fairly muted response to
changes in high frequency indicators. Since labour mar-
ket dynamics in times of COVID-19 were uncharacter-
istically fast, we decided excluding a lagged dependent
variable from the model.

The objective of this exercise is obtaining an estimate
for the current full quarter, even though it might not be
finished yet. For instance, high frequency data might be
available for the months of April and May, but not yet
for June. Nevertheless, an estimate for the full second
quarter should be obtained, which in fact requires some
forecasting in the sense that the month of June is to
be projected without having any real-time data from it.
When this is the case, the high frequency indicators are
lagged by the appropriate number of periods to obtain a
direct forecast. This forecasting is only used for those
periods where no high frequency data are available.
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3.2.3. Model evaluation and averaging
The specified models can vary by the number of lags

of the explanatory variables, but also by the composition
of those. In particular, only one, two or three of the
principal components were considered for inclusion
in the analysis. Further variation stems from the fact
that models can be estimated at the country level, but
also as panel models. As described above, 11 different
panels have been retained, which can all be estimated
with the variation in composition and lags of the high
frequency indicators. As a result, a large number of
potential nowcasts could be produced for any of the
countries.

The large number of countries and models requires
using a procedure to derive the point estimates. To this
aim, we mainly follow [13], who discuss a frequentist
model averaging procedures in factor-augmented time
series models. Model averaging outperforms individual
model selection in face of model uncertainty, [14,15].
Jackknife model averaging works well with our mod-
elling framework [16]. In particular, the nowcasting
procedure mixes non-nested models (including mix-
ing panel and country level models), covers multiple
countries, and it requires a relatively fast computation
time. Jackknife model averaging identifies the weights
in a linear combination of all errors of models so that
their sum of squares is minimized. The errors are de-
rived from leave-one-out cross-validation. In [16] it
is shown that, in practice, it is better imposing non-
negative weights, which results in corner solutions with
many models receiving zero weights. An alternative
approach is constructing weights based on the inverse
of the root mean squared error (RMSE), which are also
derived from leave-one-out cross validation.

Cross-validation provides a heteroskedasticity-robust
model information criterion [17], and it mitigates the
risk of overfitting. For time series applications of cross
validation, in [18] it is shown that a block of h observa-
tions around the evaluation sample should be excluded
from the training sample, calling it leave-h-out. In [13]
this is confirmed, but also a closed-from mathematical
solution is proposed to derive the leave-h-out cross-
validation errors without the need to re-estimate the
model for every single observation. This closed-form
solution greatly speeds up the estimation procedure and
is a precondition for our application of cross-validation.

The prediction of the direct nowcast takes the fol-
lowing 5 steps:

1. Estimate the various models, at the country level
and for the potential panels, varying the exoge-
neous variables and the lags selected. For each

estimation, derive the leave-h-out cross-validation
errors.

2. Identify the evaluation time period as the max-
imum time frame where all models have usable
observations and hence cross-validation errors.
All models need to be evaluated on the same ob-
servations, adjusting for lags and the available
timeframe for different high frequency indicators.

3. Compute the optimal model weights, based
on [16], for each country individually. Those
weights can only be estimated for countries with
a historical time series of hours worked.

4. Compute weights based on the inverse mean
squared cross-validation error (MSCVE), which
puts a positive weight on all models. The MSCVE
covering all models is computed at the country
level for those countries where possible, but also
by evaluating the MSCVE at the global level. The
two types of weights are then computed for each
country considering only those models for which
estimates exist. Countries without any historical
data will only have the model weights based on
the global average MSCVE.

5. Compute the change in hours worked by applying
the weights to the model predictions. In total, 3
different model averages are computed: the Jack-
knife average, MSCVE-based spanning all models
and evaluated at the country level, and MSCVE-
based spanning all panel models and evaluated at
the global level.

The last step involves selecting the final nowcast
among the three model averages for those countries
where applicable. While the Jackknife model average is
the preferred selection, judgement can be applied at the
individual country level. The increasing availability of
real data with the progression of the pandemic enabled
an automation of the judgement process by selecting the
averaged nowcast that comes closest to the predicted
value from a regression of hours worked relative to the
fourth quarter of 2019 and the Oxford Stringency Index.
Hence, stringency informs the judgement process, but
the nowcast is only driven by country-specific high-
frequency data.

3.3. Cross-sectional approach, “indirect nowcast”

This section describes how estimates for those coun-
tries with more limited data availability are produced.
This approach is based on the cross-sectional varia-
tion and is labelled “indirect nowcast”. From the di-
rect nowcast, we have obtained a series of estimates of
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hours worked per population up to the target quarter.
To simplify the notation, let estimates represent the ac-
tual observations whenever these are available. Hence,
we can obtain the relative change with respect to 2019
produced via the direct nowcast:

H̃i
t =

ĥit

ĥi2019Q4

(7)

Where the super script ∼ indicates that the relative
change is derived from either actual observations or
the direct nowcast. The main objective of the indirect
nowcast is producing estimates of the relative change
of hours worked Ĥi

t based on the available estimates
from the direct nowcast. The estimation of ĥi2019Q4, the
pre-crisis benchmark, will be discussed at the end of
the section.

The imputation of these countries aims to palliate
bias in the sample of countries included in the direct
nowcast, see [19,20]. Indeed, if those were representa-
tive of the 189 target countries, we could simply pro-
duce global results from that subset of countries. Nev-
ertheless, there are important differences between the
countries with sufficient information to create a direct
nowcast and those without, for instance in terms of
national income. Even more relevant are the country
differences in the evolution of the COVID-19 pandemic
and the containment measures taken by governments.
Quarterly hours worked respond strongly and rapidly
to public health measures, hence pandemic evolution
information can be exploited for estimation in missing
data countries.

Given the wide availability of high frequency data on
mobility (Google Mobility Reports data) and the Ox-
ford Stringency Index, described above, we use those
indicators as a proxy for the social and economic dis-
ruption caused by COVID-19. We expect (and do ob-
serve for countries with data) that larger declines in mo-
bility and increases in stringency lead to larger declines
in hours worked. Because each variable is expected to
have substantial noise, in the baseline specification we
combine both variables into a single index using Prin-
cipal Component Analysis to capture the common vari-
ation. We refer to this index as Iit .

12 We then estimate
the statistical relationship between hours worked and
this proxy of COVID-19 disruption.

The relationship is heavily dependent on each quar-
ter. For instance, during 2020Q2, the period when the

12To allow for a log transformation, which we use in the econo-
metric model, we ensure that the range of Iit starts at 0.25 by adding
a constant term to all observations.

strictest lockdowns occurred, the reaction of hours to
the proxy of COVID-19 economic disruption was very
strong. In contrast, by the end of 2020 a similar change
in disruption was associated with much lower hour re-
sponses. This is to be expected, there are multiple struc-
tural factors that plausibly change the response of the
economy to the disruption caused by the pandemic. For
instance, governments and economic agents adapt their
behaviour, cycles of contraction and recovery can have
different elasticities of economic activity to changes in
restrictions, public health measures taken evolve and so
does the virus. Given this, we estimate the econometric
model independently at each quarter.

Our preferred specification is the following simple
linear regression model:

ln(H̃i
t) = α+ β · ln(Iit) + εit (8)

Where α indicates the constant term, β the slope co-
efficient and εit the error term. We estimate the param-
eters of interest using OLS. We do not have an obser-
vation of Iit for all countries; hence, we need comple-
mentary regression models to generate a prediction for
the dependent variable for all 189 target countries. We
implement a linear regression model with the follow-
ing explanatory variables in a recursive manner (only if
the previous is not available we apply the next). First,
a model with Google Mobility Reports Data. Second,
a model based on COVID-19 incidence and regional
fixed effects. Third, a model based only on regional
fixed effects is used. The last two models are only used
for 11 and 2 territories respectively in the model update
corresponding to the 9th edition of the ILO Monitor on
the World of Work. During 2021, additionally, a dummy
variable for developed countries was incorporated into
the models to account for differential impacts of mo-
bility and stringency variables on hours worked during
the recovery phase. Finally, the model for 2022Q1 was
further augmented to include GDP growth forecasts and
to take into account the time-series properties of the
recovery process. This time period presented a turning
point in terms of global activity indicators, and only
3 actual observations of hours worked were available.
At the same time, as many countries lifted completely
COVID-19 restrictions we expect that both mobility
and stringency indicators lose economic relevance. For
this reason, we increased the information set used.

Based on these approaches we can produce an esti-
mate for all those target countries for which we do not
have either reported observations or a direct nowcast
estimate. Hence, we can produce an estimated value of
the relative change of hours worked divided by popula-
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tion aged 15–64, Ĥi
t for each target country i and each

quarter of the target horizon t. To simplify the notation,
let Ĥi

t indicate three different sources of data: reported
data, direct nowcast estimates, and indirect nowcast es-
timates (with the variable reflecting the data of these
sources in this order of preference).

3.4. Aggregation

Albeit we have an estimate for the relative change
with respect to 2019Q4 of each quarter of interest based
on the indirect nowcast, we cannot yet derive from it
the change in hours worked at the global level, Hg

t .
As Eq. (3) makes explicit, our interest in global and
regional aggregates requires estimates of the starting
level of hours worked, not just the relative change. This
is intuitive, as we need a weight to represent the relative
importance of the change in each country. Hence an
estimate of the initial level is necessary for tacking
global hours worked.

The estimate of the benchmark of hours worked per
population aged 15–64, ĥi2019Q4, is obtained in two
steps. First, as annual data is more prevalent than quar-
terly data, we estimate hours worked in 2019 per popu-
lation aged 15–64. This estimate follows a linear pre-
diction based on the employment-to-population ratio,
time-related underemployment, and the share of pop-
ulation aged 15–64. If a country has any observation
available a country fixed effect is added, and if it does
not a region and income-group fixed are added. The en-
tire 2005–2019 period is estimated using this approach.
In a second step, the observed difference (typically
very small) of the seasonally adjusted hours worked
in 2019Q4 and the 2019 value is regressed against a
regional and a national income control to estimate an
adjustment factor.

With an estimate for the benchmark of hours worked
ĥi2019Q4 it is straightforward the computation of the
estimate of the global change in hours worked based on
Ĥi
t and Eq. (3):

Ĥg
t =

∑
i (Ĥi

t · ĥi2019Q4 · P it )∑
i (ĥi2019Q4 · P it )

(9)

It is worth highlighting that systematic errors in the
country estimate of the benchmark of hours worked,
ĥi2019Q4, will tend to have a much lower impact on
the global relative change than errors in the country-
level relative change in hours, Ĥi

t .
13 Another interesting

13For instance, let estimates of every single country be biased up-

metric to analyse is the estimate of the global hours
worked divided by population, computed as follows:14

ĥgt =

∑
i (Ĥi

t · ĥi2019Q4 · P it )∑
i (P it )

(10)

3.5. Pseudo-out of sample evaluation

The practice of evaluating a model prediction based
on pseudo out-of-sample error simulations is common-
place in econometrics. Whereas in many applications
the focus is on comparing competing models, [21], the
pseudo-out of sample error contains useful informa-
tion to assess the uncertainty surrounding the predic-
tion [22]. The empirical strategy of this type of evalua-
tion reserves a certain subset of the data by the model.
The predictions of the model for this subset are then
assessed against the actual observations, by the use of
a loss function. The label “pseudo” indicates that the
econometrician has access to the information, even if
the model does not use it.

Because the main objective of the ILO nowcasting
model is producing global estimates of the evolution of
hours worked,Hg

t , we target in our out-of-sample simu-
lation an aggregate metric. For this purpose, we identify
the countries in our sample with a complete time series
of hours worked for the period 2020Q1-2021Q3 (50
countries in total). Then we exclude 30 per cent of them
from the model input, for the entire time period. Hence,
this evaluation concerns the indirect nowcast exercise.
We then estimate the model on the remaining 70 per
cent of countries and produce estimates for the missing
countries. Following a formula analogous to equation
9, we compute the estimated aggregate corresponding
to these countries. This estimate can be compared with
the aggregate resulting from actual observations. We
repeat the procedure 700 times, by sampling randomly
the subset of the 30 per cent excluded countries each
time. We compute the root mean squared error (RMSE)
and the average hours worked in the excluded set of
countries across simulations.

Even if our focus of interest is global and regional
aggregates, simulating the nowcasting error at the coun-

wards by one per cent for both the benchmark and the relative change
of hours worked. In the first case, the numerator and denominator
will offset each other and hence the global difference induced by the
bias will be zero. In contrast, in the second case Ĥt will increase by
one per cent.

14Systematic errors in the benchmark will have a larger impact
on ĥg

t than Ĥg
t , in the case of a one per cent bias as in the previous

footnote ĥg
t would be biased by the same amount.
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Table 3
Pseudo-out of sample performance indirect nowcast, aggregate results

Time Change in hours worked RMSE
2020Q1 −3.3% 1.4%
2020Q2 −23.1% 3.4%
2020Q3 −10.2% 2.2%
2020Q4 −6.4% 1.8%
2021Q1 −5.2% 2.2%
2021Q2 −4.6% 1.4%
2021Q3 −5.1% 3.2%

Note: the simulations are based on a sample of 50 countries with
sufficient data for analysis. Of those we use 70 per cent of the sample
to estimate the model and 30 per cent of the sample to evaluate
performance. The change in hours worked is based on the aggregate
changes of the 30 per cent of the countries in the sample that have
been excluded from the model input. The change is computed with
respect to 2019Q4. The prediction error shows the difference between
the predicted and the actual observation change in hours worked with
respect to 2019Q4 for the aggregate computed using the excluded
countries. Both the change in hours and the error are averaged across
the different simulations.

try level is highly informative – as country errors are the
drivers of aggregate ones. We perform two exercises to
analyse errors at the country level. One to evaluate the
country-level direct nowcast error and another one to
evaluate the indirect nowcast error. For the direct now-
cast evaluation, we perform a one-step out-of-sample
simulation exercise. Hence, for countries with a suffi-
cient time series, we discard the last data point in the
time series and predict its value following a rolling win-
dow approach. The direct nowcasting model is mostly
used to do one step ahead predictions, hence we focus
on this metric. We then compare this prediction with the
actual data. To simulate the error at the country level for
the indirect nowcast, we follow the same procedure as
the one used for aggregate error simulation, described
just above. Nonetheless, instead of aggregating the es-
timation from the 30 per cent of excluded countries and
then computing the error – as in the aggregate error
procedure – we now compute directly the root mean
square error at the country level.

Table 3 presents the results of the aggregate exercise.
The results show that the model performs reasonably
well, particularly during 2020. In 2020Q2 the average
simulation result implied a decline in hours worked of
23.1 percent (with respect to 2019Q4), whereas the er-
ror estimate was 2.9 per cent. By 2021Q3, the perfor-
mance deteriorates as the average simulation projects a
decline in hours of 5.1 per cent with an error estimate
of 3 per cent.

Table 4 presents the results of the direct nowcast exer-
cise at the country level. The model performance is rea-
sonable – albeit errors suggest sizeable uncertainty. The
average one-step ahead RMSE is 3.1 per cent, whereas

Table 4
Pseudo-out of sample performance direct nowcast, one-step ahead
RMSE, country level results

Mean Median 10th percentile 90th percentile
3.1% 1.8% 0.8% 5.5%

Note: The summary statistics are based on prediction errors for 57
countries. The prediction errors show the difference between the pre-
dicted and the realized observation of hours worked as a percentage
of hours worked in 2019Q4.

Table 5
Pseudo-out of sample performance indirect nowcast, RMSE, country
level results

Time Mean Median 10th percentile 90th percentile
2020Q1 1.4% 1.0% 0.2% 3.1%
2020Q2 3.0% 2.2% 0.8% 6.0%
2020Q3 2.0% 1.7% 0.4% 3.7%
2020Q4 2.0% 1.9% 0.4% 3.3%
2021Q1 2.2% 1.8% 0.6% 4.0%
2021Q2 1.8% 1.8% 0.6% 3.4%
2021Q3 2.1% 1.6% 0.6% 3.9%

Note: the simulations are based on a sample of 50 countries with
sufficient data for analysis. Of those we use 70 per cent of countries
to estimate the model and 30 per cent of countries to evaluate perfor-
mance. The prediction error shows the difference between the pre-
dicted and the actual observation change in hours worked with respect
to 2019Q4 for the excluded countries. The prediction of the change in
hours worked is computed for the 30 per cent of the countries in the
sample that have been excluded from the model input. The summary
statistics of the errors are computed across the different simulations.

the median RMSE is 1.8 per cent. The 10th and 90th

percentiles show sizeable dispersion, from 0.4 to 5.5
per cent. These results are not directly comparable to
the indirect nowcast error simulations, given that the
indirect nowcast has access to partial information about
the current period, in contrast to the direct nowcast in
the one step ahead prediction.

Table 5 presents the results of the indirect nowcast
exercise at the country level. The average RMSE across
countries and the country level median RMSE are gen-
erally not far from the aggregate error. Albeit the aver-
age and median RMSE tend to be lower than the aggre-
gate error, this is not true in every period. The 10th and
90th percentiles of RMSE by country for each quarter
are also presented. These show a considerable spread
(with differences around 1 order of magnitude), hence
using country specific results is subject to a high degree
of uncertainty.

4. Results

4.1. A global view of the labour market during the
pandemic

The latest estimates from the ILO nowcasting model,
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Fig. 1. Estimates of global weekly hours worked (divided by 15–64 population). Results of ILO Nowcasting model for the period 2005-2022Q1 at
the global level. The 2005–2019 period is only estimated at the annual level, whereas from 2020Q1 and onwards quarterly estimates are available.

featured in the 9th edition of the ILO Monitor on the
World of Work published on the 23d of May of 2022,
confirm the unprecedented disruption caused by the
pandemic on the world of work (see Fig. 1). In the
pre-crisis benchmark period, 2019Q4, global weekly
hours worked per person aged 15–64 stood at 27.3.
In 2020Q2, as lockdowns and other strict containment
measures were implemented by countries across the
globe, weekly hours declined to 22.3, a 5-hour differ-
ence. In comparison, the decline in hours worked regis-
tered between 2007 and 2009, at the height of the im-
pact of the global financial crisis, was 0.7 hours per per-
son aged 15–64. This reflects that the COVID-19 pan-
demic produced both steeper declines in work-activity
within countries and a wider impact across countries.

As countries gradually lifted the strictest contain-
ment measures, hours worked recovered strongly. As a
result, weekly hours increased to 25.4 in 2020Q3. By
the end of the year, weekly hours worked per person
aged 15–64 stood at 26.2, 1.2 hours below the pre-crisis
benchmark. Both the initial decline and rebound were
uncharacteristically fast, as labour markets tend to react
with substantial delay in economic activity. In this in-
stance the reaction was simultaneous15 due to the nature
of the economic shock. Nonetheless, the recovery in
hours has been partial, and from 2020Q4 up to 2022Q1
hours have essentially stagnated. This left a gap of 1.1
weekly hours worked per person aged 15–64 remaining
in 2022Q1. It is critical to highlight that given that hours
are divided by population, it might well be the case that

15Whereas there are no global estimates of quarterly GDP readily
available, for countries for which data are available a similar trend
for GDP can be observed. See https://data.oecd.org/gdp/quarterly-
gdp.htm.

a recovery to the 2019Q4 level is never attained. Up to
2019, there was a slight but persistent declining trend
in hours worked per person aged 15–64. If the trend
persists into the future, the hours worked per capita
would remain below the last quarter of 2019, even at
very long-time horizons.

A key driver of the slow pace of recovery since
2020Q4 is the divergence between higher and lower-
income countries (see Fig. 2). High-income countries
experienced a strong recovery during 2021, becoming
in 2022Q1 the income group with the levels of hours
worked closest to the pre-crisis benchmark. Upper-
middle income countries presented a sizeable recov-
ery during 2021, which nonetheless was entirely off-
set by the lockdowns related to the Omicron variant of
COVID-19 in China during early 2022. Low-income
and lower-middle-income countries, in contrast, have
presented a stagnant level of hours since 2020Q4. Un-
even access to vaccination and lack of fiscal space to
carry out stimulus programs at scale seems to have
severely limited the recovery in low and lower-middle-
income countries as shown in [23].

4.2. Timely analysis based on the ILO nowcasting
model

Since its inception, the ILO Monitor on the World of
Work has aimed producing timely and policy-relevant
analysis. The work related to the ILO nowcasting pro-
vided two valuable sources of data (beyond the produc-
tion of aggregate hours worked): an up-to-date, inter-
nationally comparable repository of hours worked, and
timely country-level estimates. In this section, we high-
light analysis in three key areas, based on these two data



828 R. Gomis et al. / The ILO nowcasting model

Fig. 2. Estimates of weekly hours worked (divided by 15–64 population) by income level, indexed data (2019Q4 = 100). Results of ILO
Nowcasting model for the period 2005-2022Q1 at the global level. The 2005–2019 period is only estimated at the annual level, whereas from
2020Q1 and onwards quarterly estimates are available.

sources and published in the ILO Monitor publication
series.

The first area of analysis was the effect of test-
ing and tracing on labour market disruption, which
was published in the early phase of the COVID-19
pandemic, [24]. At that stage, no actual observation
for 2020Q2 was available, as the quarter had not yet
elapsed, and labour force surveys present sizeable publi-
cation delays. The World Health Organization (WHO)16

had recently re-iterated the importance of case finding,
testing, contact tracing, isolation and care (which we
shorten to testing and tracing). At that time, providing
estimates of the potential economic effects of a policy
recommended for public health reasons was useful to
design policy measures for facilitating a safer return to
work. Using the only data available for hours worked,
estimates from the ILO nowcasting model, it was shown
that following a strategy of intensive testing and tracing
was associated with very substantial reductions in the
loss of hours worked. The association suggested that
moving from the lowest end of testing and tracing inten-
sity to the highest end could reduce losses in working
hours by 50 per cent.

The second area studied concerns the effects of fiscal
stimulus on hours lost. In the 6th edition of the ILO
Monitor, [25], the imbalance in fiscal stimulus between

16Dr Tedros Adhanom Ghebreyesus, WHO Director-General,
opening remarks.

developing and advanced economies was analysed. This
gap was concerning, as it could lead to sizeable diver-
gence in economic outcomes. Having timely data on
hours worked from the nowcast provided an opportu-
nity to gauge to what extent the lack of fiscal space
could materialize in lower hours worked in the devel-
oping world. The estimates showed that a 1 per cent
increase in fiscal stimulus (in terms of annual GDP)
reduced hour losses by 0.8 percentage points in 2020Q2
– the analysis accounted for differences in the eco-
nomic disruption caused by public health restrictions.
The magnitude of this association can be illustrated
as follows. A country with a sufficiently larger fiscal
stimulus package could expect to mitigate 60 per cent
of hours losses compared to a country that did not im-
plement any stimulus at all. This conclusion was later
corroborated by using reported observations instead of
modelled estimates in [23].

The third topic that we want to highlight is the ef-
fect of vaccination on the pace of recovery in hours
worked. In the 8th edition of the ILO Monitor, [23], the
imbalances in vaccine access and deployment across
advanced and developing economies were analysed.
Similar to the case of fiscal stimulus, the input data used
in the ILO nowcasting model was leveraged to quantify
the short-run effect of vaccination on hours worked re-
covery. Using hours worked based on labour force sur-
vey data the analysis showed that for the 28 countries
in the sample, growth between 2021Q1 and 2021Q2
was strongly associated with vaccination. For each 14
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fully vaccinated persons, hours worked increased by
an amount equivalent to one full-time job. This strong
association held after including relevant control factors
including the previous speed of recovery, national in-
come, growth of COVID-19 cases during the period,
and the share of the elderly population.

5. Conclusion

The impact of the COVID-19 pandemic on the labour
market has been unprecedented in both speed and level
of disruption. Public health containment measures, and
the lifting of those measures, have driven the dynamics
of the global economy and labour market for the last
two and a half years. In this context, data production
by the standard labour statistical system (in particu-
lar, labour force surveys) was insufficient to meet the
demand for timely and internationally representative
data. Timely estimates produced by the ILO nowcasting
model represented a solution to assess the impact of the
pandemic on the labour market and track the subsequent
recovery in a timely manner. The resulting estimates
have become the backbone of the empirical strategy
behind the ILO Monitor on the World of Work publi-
cation series. Moreover, the work related to the ILO
nowcasting model produced as a “by-product” timely
and internationally comparable country-level observa-
tions and estimates, which allowed for policy-relevant
analysis during different phases of the pandemic.

Three main data types are used in the ILO nowcast-
ing model. First, data from labour force surveys are
used as the target variable to track work activity: hours
worked. Second, high-frequency economic indicators
with a relatively long time series (with observations
available before the onset of the pandemic) are used as
model input. These indicators include series as retail
sales or industrial production and are often used in eco-
nomic applications of nowcasting. Nonetheless, these
indicators tend to be available only for a limited set of
countries. Third, high-frequency indicators that only
became available after the onset of the pandemic, such
as mobility data from mobile phone users or stringency
of COVID-19 containment measures, are used as input
for the model in countries for which high-frequency
economic indicators are not available or are likely to be
non-representative.

Methodologically, two different models are set up
according to the data availability. If a country has suffi-
cient availability of high-frequency economic indica-
tors, the historical statistical relationship between these

and hours worked (based on that country or a panel
of countries) is used to obtain more timely projections
of hours worked. In contrast, if high-frequency eco-
nomic indicators are unavailable in a country, we ex-
ploit the cross-sectional variation of hours worked and
high-frequency indicators related to the pandemic to
project hours worked. These country-level estimates are
aggregated to compute global and regional aggregates.
Simulations of out-sample results at the global level
suggest that the model performance is satisfactory, al-
beit in later stages of the pandemic the predictive power
seems to be deteriorating. Future work on the model
needs focusing on the loss of statistical information of
the key drivers of the indirect nowcasting procedure,
which are related to pandemic circumstances and lack
high-quality information concerning economic condi-
tions. There are promising avenues, such as using other
non-conventional data sources and increasing the num-
ber of low-frequency variables used in the extrapolation
procedure.

The latest estimates, published in the 9th edition of
the ILO Monitor on the World of Work, corroborate
that the pandemic induced substantial declines in hours
worked at an unprecedented speed. The recovery pro-
cess started with a fast rebound but has since stalled. A
key reason for this is a stagnant recovery in developing
economies. The country-level input data and estimates
of the ILO nowcasting model allowed for complemen-
tary analysis exercises. The topics analysed included
the effects on labour markets of testing and tracing,
fiscal stimulus, and vaccination.
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