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Abstract
We use data from millions of online job postings to construct monthly esti-

mates of annual growth in advertised wages in the US, UK, France, Germany,
Ireland, Italy, the Netherlands, and Spain from 2019 to 2022. The result-
ing wage growth tracker is a source of timely and forward-looking data on
the wages of the marginal worker and serves as a useful leading indicator of
momentum in wage dynamics. We show that the online job postings data
benchmarks well against official sources on job vacancies, new hires, and wage
levels. In both Europe and the US, growth in advertised wages accelerated
sharply after the pandemic. Granular data shows a heterogeneous pattern of
post-pandemic wage growth, with lower-paid jobs experiencing stronger wage
growth in most of the countries in our sample. We attribute this to stronger
labor demand for lower paid jobs coming out of the pandemic.
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1. INTRODUCTION

A combination of high inflation and a tight labor market emerging from the COVID-19
pandemic led to concerns about the emergence of a potential wage-price spiral for the
first time in decades. Central bankers in particular have been paying close attention to
wage developments, looking for signs of ‘second round’ effects generated by the staggered

catchup of nominal wages to inflation (see, for example, Lane (2022) and Powell (2022)).

Despite the importance of wages for inflation dynamics, timely and reliable data on wage
growth is hard to come by, especially in Europe. Measures such as compensation of
employees from National Accounts tend to be released at long lags and can be more
backward- than forward-looking. Changes in the composition of workers and hours worked
also complicate the interpretation of aggregate estimates of wage growth (Daly and Hobijn
(2017), Christodoulopoulou and Kouvavas (2022)).

To address this data gap, this paper presents a new wage growth indicator based on
advertised wages extracted from millions of online job postings in eight countries, over
five years from January 2018 to December 2022. The job posting data comes from the
Indeed job site. The countries are the US, UK, and, in the euro area, France, Germany,
Ireland, Italy, the Netherlands, and Spain. The six euro area countries account for over

80% of employment in the bloc.

We extract a wide range of information from each job posting to construct a measure
of annual wage growth, which we call the Indeed Wage Tracker (IWT). Our approach is
similar to the Atlanta Fed’s Wage Growth Tracker, but instead of tracking the wages of
individuals, we track wage growth within narrowly defined jobs. We first calculate the
median advertised wage for each country, month, job title, region, and wage or salary type
(hourly, monthly, or annual). Within each country, we then calculate year-on-year wage
growth for each job title-region-salary type combination, generating a monthly distribu-
tion. Our headline estimate of annual wage growth at the country level is the median of
that distribution.

Our tracker provides a timely signal of the momentum in wage growth dynamics, as well as
serves as a leading indicator of the state of the labor market more generally. In this paper,
we present the output from the tracker to December 2022, although the output continues
to be updated online monthly.! A wide variety of users have drawn on the monthly
data to assess wage developments, including central banks, multilateral institutions, and

investors.?

See the GitHub site for the latest Indeed Wage Tracker data [link].
2QOrganizations that have cited the tracker in policy publications include the Bank of England (Bank
of England (2023)), the European Central Bank (Lane (2022)), the Federal Reserve (Powell (2023)), and


https://github.com/hiring-lab/indeed-wage-tracker

This paper presents the tracker and focuses on the following questions. First, how rep-
resentative are the job ads we use to construct the wage tracker? The answer to this
question is important for the validation of our wage growth estimates and gives us con-
fidence that they are informative about labor market developments. Second, what were
the trends in advertised wages before, during, and after the pandemic? Analyzing these
trends helps us better understand the evolution of the labor market in recent years when
many survey-based measures of aggregate wage growth were distorted by compositional
shifts and government support schemes. Third, how do trends in advertised wages vary

across occupational groups, and what explains any differences we find?

We have three main results. First, we find that online job postings from Indeed benchmark
well against official statistics on vacancies and new hires. Specifically, the distribution of
online job postings across occupations and sectors and the distribution of wage levels in
job postings are comparable to official data from sources such as national Labor Force
Surveys, job vacancy statistics, labor cost surveys of wages across sectors, and survey data
on the wages of new hires. While there are some differences in the occupation and sector
mix of online postings and other labor market data, we show, through re-weighting, that

these differences do not substantially alter the results of our wage tracker.

Second, we show that wage growth accelerated as economies re-opened after the pan-
demic, growing at rates far above pre-pandemic levels. In some countries, such as the US,
the IWT is a leading indicator of wage growth from other sources. This is particularly
valuable around turning points in economic activity and wage growth momentum. In
other countries — notably continental Europe — the IWT is more concurrent relative to
other wage growth indicators, such as those based on negotiated wages from collective
bargaining agreements (see Koester et al. (2020)). Nonetheless, the IWT retains some
important advantages over these indicators, including being more timely — it is available
within a matter of days after month-end compared to a two- to three-month lag for ne-
gotiated wages — and it is more forward-looking — wage negotiations generally take place
over several months and can be backward-looking in nature as they often include clauses

for past inflation surprises.

Third, we show that wage growth after the pandemic was generally stronger for lower-paid
jobs. This gap between wage growth for low- and high-paid jobs is largest in the US and
UK, but is also evident in euro area countries. Exploiting the granular information in the
online job posting data, we show that wage growth in recent years was stronger for jobs

that saw a larger increase in job postings.

We are not the first to propose a new way to measure wage growth that complements

official statistics. In the US, for instance, the Atlanta Fed Wage Growth Tracker measures

the OECD (Araki et al. (2023)), among others.



average wage growth across a sample of individuals surveyed 12 months apart, drawing
on the methodology in Daly and Hobijn (2017). The ECB’s Negotiated Wage Tracker
provides another source of timely data by measuring trends in wage settlements in a
subset of euro area countries (Koester et al. (2020)). In some countries, private-sector
researchers have also begun to publish complementary measures of wage growth, such
as CaixaBank’s indicator based on salaries deposited by employers into Spanish workers’
bank accounts (Mestres Doménech (2022)).

However, all these indicators have limitations that make our tracker a valuable contribu-
tion. The Atlanta Fed’s tracker, while widely followed, is based on relatively small sample
sizes from the monthly Current Population Survey. This means that robust estimates are
limited to a small number of groups so that analysis of the heterogeneity of wage growth
— across geographies, wage quantiles or occupations — is limited. The ECB’s Negotiated
Wage Tracker is based on union bargaining agreements, which often adjust wages for past
inflation, and, as such, the indicator may be overly backward-looking (Lane (2022)). Fur-
thermore, agreed changes in wages only feed through slowly to average wage growth as
old agreements run out and new agreements are concluded. Existing private-sector mea-
sures of wage growth are timely and use large samples but are usually limited to single

countries.

In contrast, the data from job postings on Indeed has several unique advantages. They
include timeliness of delivery, large sample sizes that enable detailed breakdowns by occu-
pation and other variables, and coverage of multiple countries with consistent data from
a single source, which facilitates cross-country comparisons. Another useful feature of
wages in job postings is that they can be viewed as reflecting employers’ medium-term
expectations about the value of the worker-firm match (Adrjan et al. (2023a)). This gives

our tracker a forward-looking aspect.

Another advantage of our data is that we only use actual posted wages from job de-
scriptions, not imputed values. According to Lafontaine et al. (2023), in other sources of
wages from online job postings, such as Lightcast (formerly Burning Glass), as much as
three-quarters of job ads ‘with wages’ are an algorithmic imputation by third-party data

providers.

We make two main contributions to the labor economics literature and to policy. First,
we collect wage data from online job postings for eight countries over five years from
2018 to 2022, with the dataset growing as more data is added each month. In contrast,
most studies that use online job posting data to analyze wage dynamics focus on single
countries. Examples are Djumalieva et al. (2020) for the UK and Hazell et al. (2022) and
Adrjan et al. (2023b) for the US. One exception is Pham et al. (2023), which uses online

job postings to analyze labor demand in Ukraine and Poland during wartime. However,



to our knowledge, ours is the first paper to collect comparable and consistent data on
wages posted in job ads in multiple countries to track wage growth over time. Although
the timeframe we cover does not represent a full economic cycle, it does capture periods
of extreme swings in labor demand — the shuttering and reopening of the economy during
and after the pandemic — as well as labor supply shocks in some countries and high rates

of inflation. All these factors should impact nominal wages, which is exactly what we
find.

This points to our second contribution: analysis of the heterogeneity of wage growth. The
dataset is very rich, allowing us to highlight both cross-country wage growth dynamics
and differences across occupations. As noted earlier, one of our main findings is that wage

growth was generally higher for lower-paid jobs after the pandemic.

Our paper also fits into a growing literature that uses online job postings to study a
wide range of labor market topics, including skills demand (e.g., Modestino et al. (2020)),
digitalization (Bellatin et al. (2023), Soh et al. (2022)), remote work (Adrjan et al. (2023a),
Hansen et al. (2023)), wage heterogeneity (Marinescu and Wolthoff (2020)), labor market
concentration (Azar et al. (2020)), and matching (Turrell et al. (2021), Bhuller et al.
(2023)). Some of this literature uses data from Indeed. We also add to an emerging
body of policy-relevant research on the impact of the pandemic on the labor market.
Pandemic-related labor market upheaval boosted demand from policymakers for timely
and granular information on the heterogeneous nature of the shock. Large datasets of
online job postings are well suited to meet this demand, as many papers have shown (see,
for example, Chen (2020), Anderton et al. (2020), Adrjan and Lydon (2020), Chetty et al.
(2020), Forsythe et al. (2020) and Hensvik et al. (2021)).

The remainder of the paper is structured as follows. In Section 2, we present the data,
including the results from our validation of the Indeed job posting dataset. Section 3
presents the wage tracker methodology and results, including comparisons with other wage
growth indicators. Section 4 goes below the national level and looks at the heterogeneity

of wage growth across occupations. Section 5 concludes.

2. DATA AND VALIDATION

2.1. Wage data in job postings

A key innovation of our tracker is using data on wages from 70 million job postings on
Indeed, the largest job site in the world by number of visitors. Indeed lists jobs that are

posted directly to the site by employers, as well as those aggregated from other online



sources. Postings are de-duplicated so that when the same job is collected from multiple

sources it is shown only once.?

To develop the tracker, we use data from eight countries: the US, UK, Germany, France,
Italy, Spain, the Netherlands, and Ireland between January 2018 and December 2022.
These countries were selected based on Indeed having an established market presence for
many years, while the period was determined by data availability. Although we would
have preferred to use a longer time series for validation purposes, data before 2018 is not
available. Nevertheless, we have access to 26 months of data before March 2020, which
lets us establish a pre-pandemic baseline for the subsequent analysis of trends during and
after the pandemic in 2020, 2021, and 2022.

The data we use to construct our wage growth tracker is described in Table 1. From
the text of each job posting that includes a wage or salary, we extract the following

information:

e Wage or salary, and whether it is hourly, monthly, or annual. We exclude any
additional benefits, focusing on basic pay. For cell size reasons, we drop the small
proportion of postings with daily or weekly wages (less than 0.5% of jobs, in just
a handful of countries). Advertised wages can be posted as a single value (e.g.,
“€50,000”), a range (“€50,000-€60,000”), a floor (“from €20 per hour”), or a ceiling
(“up to €3,000 per month”). We use the midpoint of any ranges and drop the floors
and ceilings because the expected wage is not clear-cut in those situations. All of
our wage growth estimates are robust to different treatments, for example, using

the bottom or the top of a range, or including wages expressed as floors or ceilings.

e Job title, the most granular level of information we use to describe the job, which
is more detailed than an occupation. The job title is normalized to be consistent
across all job postings within each country and over time. We discuss job titles

further below.

e Occupational category from the Indeed taxonomy of 54 occupational groups.
This is similar to two-digit occupational codes used by statistical agencies, with

some wider groupings in certain occupations.

e Location of the job within the country, such as the state, county, or administrative
region. Appendix Table Al lists the geographic variables that we use to construct

the wage tracker for each country.

3More information on Indeed job posting data is available online [link]. The Indeed Job Postings
Index, aggregated by country and occupational category, is available in the FRED database [link].


https://www.hiringlab.org/indeed-data-faq-2/
https://fred.stlouisfed.org/release/tables?rid=476&eid=1233427

e Date when the posting first appeared on Indeed. In the tracker, each posting is
included only once in the month it first appeared on the site, meaning that we use
the flow of postings rather than the stock. That is because wage growth based on
the stock of postings could be biased by differential changes in posting duration by
wage level. In addition, the pandemic experience shows that the flow of postings

reacts more rapidly to labor market conditions.*

Table 1. Data used to construct the wage tracker

Number of postings | Share of postings
with wage data with wage data | Hourly | Monthly | Yearly | Number of
(millions) (%) (%) (%) (%) job titles

France 6.4 30% 34% 34% 32% 5,725
Germany 1.9 11% 58% 28% 14% 9,165
Ireland 0.4 32% 38% 0% 61% 4,691
Italy 0.3 9% 4% 63% 28% 3,219
Netherlands 2.3 35% 21% % 3% 6,977
Spain 0.3 12% 16% 30% 54% 5,420
EA6 Total 11.6 21% 34% 41% 24%

UK 16.0 49% 45% 0% 54% 7,647
US 42.6 25% 2% 1% 27% 10,161
Total 70.2 27% 59% 8% 33%

Notes: Data is from Indeed job postings from January 2018 to December 2022. Hourly, monthly, and
yearly column headings refer to how the wage or salary is expressed in job postings, shown as a share
of all postings with wage or salary information. The ‘EA6 total’ reflects the six euro area countries
listed in the table.

2.2. Benchmarking online job posting data

An important question for online job posting data is how representative it is of the la-
bor market in each country. The first step in analyzing representativeness is defining the
relevant population of interest. Several papers have benchmarked the sectoral and occupa-
tional distribution of online job postings against total employment, including Cammeraat
and Squicciarini (2021), Hazell et al. (2022), and Bellatin et al. (2023).5 The pattern that

4See Figure 3 in Kennedy (2020), which plots the flow of new job postings on Indeed in France,
Germany, Italy, the UK, and the US in the days following the start of the Covid-19 pandemic.

SCammeraat and Squicciarini (2021) compared postings from Burning Glass to employment by occu-
pation in Australia, Canada, New Zealand, Singapore, UK, and US between 2010 and 2019. They found
that higher-skilled occupational categories, such as managers and professionals, were better represented
than other occupational categories. Similarly, Hazell et al. (2022) benchmarked Burning Glass postings
with wages from 2010 to 2019 against US employment by occupation and sector. They found that the data
over-represented occupations in computing, transportation, and management and under-represented food
preparation and construction. Bellatin et al. (2023) compared the distribution of Canadian job postings
on Indeed to the distribution of employment across provinces and ten broad occupational groups. They



emerges from these analyses is that online job postings sometimes under- or over-represent
employment in certain sectors or occupations, but the distributions generally match fairly

well. This is consistent with what we find.

While detailed data on employment is readily available in most countries, it is not the ideal
benchmark for online job postings, because worker turnover and job vacancy rates vary
across sectors and occupations (Hershbein and Kahn (2018)). As a result, the sectoral and
occupational composition of the demand for new workers — as expressed in job postings

or vacancies — can diverge from the composition of employment.

In this paper, we are interested in tracking posted wages, which relate specifically to the
market for new workers. We, therefore, focus our benchmarking and validation exercise
on comparing job postings to vacancies and new hires, rather than employment. This
is similar to the approaches of Hershbein and Kahn (2018), who compare US postings
from Burning Glass with job openings by sector and with new jobs by occupation, and
Soh et al. (2022), who compare US postings from Indeed with job openings by sector and

state.

Crucially for our estimates of wage growth, we also compare wages advertised in job
postings with the wages of new hires and the wages of all workers from representative
surveys. We show that the Indeed data benchmarks well on all the dimensions we consider.
Finally, we also show that reweighting our wage tracker using the distribution of all
postings or new hires by occupation does not substantially alter the aggregate trends.
The results of these validation exercises make us confident that our wage tracker captures

broad trends in the labor market.

2.3. Online job postings versus statistics on job vacancies

We start with aggregate trends. Figure 1 shows that online job postings correlate well
with trends in job vacancies from official sources between 2018 and 2022.5 Not only is
the dip during the initial stages of the pandemic in the first half of 2020 and during
subsequent lockdowns evident in the online data but so is the rapid and strong rebound
after economies reopened. This is consistent with the patterns shown by Bellatin et al.
(2023) for Indeed postings in Canada and Chen (2020) for Indeed postings in 22 countries.

These patterns give us confidence that our online job posting dataset captures overall

concluded that the distributions looked fairly similar, despite some over-representation of higher-skilled
occupations, such as managers.

6In this paper, “job postings”, “job openings” and “job vacancies” are broadly synonymous. We use the
terminology that reflects the original data sources. For example, both Eurostat and the UK ONS publish
data on “job vacancies”, whereas the JOLTS data from BLS in the US refers to “job openings”. When we
refer to Indeed data, we use “online job postings”.



trends in job openings. While one job posting does not necessarily equal one job opening,

both series approximate the demand for new workers and trend closely together.

Next, we compare the composition of Indeed online job postings and published job vacancy
statistics over the same period. One challenge is that the main Indeed taxonomies are job
titles and occupational categories, but vacancies are only available by sector. We follow
Soh et al. (2022), who also benchmark the sectoral distribution of Indeed job postings
against JOLTS data for the United States, by mapping occupations to one-digit sectors.
For most occupations, such as those in construction, transport or retail, there is an obvious
mapping from the occupation or job title to a sector. For others — such as professional
or managerial roles — the allocation is less clear. Like Soh et al. (2022), where there is
no obvious direct mapping, we assign occupations to sectors based on occupation-sector

shares in labor force surveys.

Figure 2 shows the results. Whilst not a perfect match, the sectoral composition of Indeed
job postings and job vacancies from national statistics is very similar. In all countries, the
Indeed data is over- or under-represented in certain sectors, and there are some patterns,
but they do not apply to all countries equally. Construction is the only sector that appears
to be over-represented in online job postings in all eight countries. Accommodation and
food is consistently under-represented in all countries, perhaps due to a high share of
informal hiring methods or because it is a sector where each online posting relates to
more than one vacancy to a greater extent than in other sectors.” Transport and storage,
wholesale /retail, administrative, and professional services tend to be over-represented in
online job postings in most — but not all — countries, although to a different extent in each

one.® In contrast, manufacturing, finance, and healthcare tend to be under-represented.

Overall, these benchmarking exercises suggests that our online dataset captures a slightly
different sectoral mix of jobs than survey-based vacancy estimates. However, some of
those differences could be driven by our imperfect ability to map postings to sectors. Our
mapping is derived from occupations. So, for instance, if a high share of vacancies in
the healthcare sector is for administrative roles, then we will underestimate the num-
ber of postings in the healthcare sector and overestimate the number of postings in the
administrative services sector. The impact is difficult to test since vacancies in official
surveys are not broken down by occupation. Hence, in the next section, we improve on

this by mapping postings to standard occupational categories and comparing the resulting

“We are not able to test this hypothesis with our data.

8The over-representation of professional services and IT in the EU countries in our sample is consistent
with Napierata et al. (2022), who find that managerial, professional, and technical roles tend to be over-
represented in postings compared with Labor Force Surveys, as well as with the trends observed by
Cammeraat and Squicciarini (2021). For Germany, this is also consistent with Carrillo-Tudela et al.
(2023), who find that German firms that use the job posting channel for hiring tend to recruit for higher-
skilled positions than firms that use other channels like networks or the public employment service.



distribution to that of new hires.

In the meantime, we note, however, that despite some apparent differences in the sectoral
mixes of postings and vacancies in Figure 2, the quarterly sector shares from the two data
sources are strongly positively correlated. Panel A in Table 2 shows that the correlation
between the quarterly sector shares in the two datasets ranges from 0.65 in Spain to 0.85
in the UK when we consider all postings and from 0.62 in Italy to 0.90 in the US when we
consider only postings with wages.? This suggests postings and vacancies evolve similarly

over time.

Table 2. Correlation of the sector and occupation shares of Indeed job postings with
official statistics on job vacancies and new hires, 2018-22

Germany France Spain Italy Netherlands Ireland US UK

A. Sector shares: job postings vs. vacancies

All job postings 0.74 0.67 0.65 0.68 0.80 0.78 0.84 0.85
Postings with wages 0.80 0.63 0.75  0.62 0.72 0.64 0.90 0.85
N 320 285 260 279 320 180 300 260
B. Occupation shares: job postings vs. new hires

All job postings 0.72 0.85 0.53  0.65 0.72 0.83 n/a 0.86
Postings with wages 0.66 0.83 0.67  0.68 0.75 0.90 n/a 0.86
N 414 567 575 561 573 536 n/a 640

Source: Quarterly job vacancy and new hire data is from Eurostat for the euro area countries,
ONS for the UK, and BLS-JOLTS for the US. Notes: US data represents non-farm job openings.
Job vacancies for France are for firms with ten employees or more. Job vacancy shares for Italy
are derived from the job vacancy rate because estimates of vacancy numbers are not available.
Sample sizes vary depending on the number of sectors and occupations for which job vacancy and
new hire statistics are available in each country. Figures 2 and 3 compare the shares graphically,
for the total population of Indeed job postings. Figures Al and A4 in the appendix show the
shares for the subset of job postings that include wage data.

9 Appendix Figure Al replicates the bar charts in Figure 2 using only postings with a wage.
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Fig. 1. Trends in Indeed online job postings and job vacancies from statistical agencies,
2018-22 (2019=100). Source: Quarterly Eurostat for euro area countries, monthly ONS for
UK, and monthly JOLTS for US. Notes: Data for France is for firms with ten employees
or more, no French data for Q1 2020. Data for Italy is derived from the job vacancy
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10



I ob vacancies (national statistical agencies)
[ 1 Online job postings (Indeed)

Germany

N Admin

Q Health

C Manufacturing
F Construction

G Whc
M Professional

I Accom & food

N —
e — |
—
S —
——

H Transport & storage [————————8
—
—

—
f—
]

-

"

JIT

P Education

S Other services

K Financial

A Agriculture

R Arts & recreation
L Real estate

B Mining & quarrying

o
=}
@
o

C Manufacturing g

G Wholesale/retail

I Accom & food
F Construction

M Professional

Q Health

P Education

JIT

H Transport & storage
N Admin

S Other services

R Arts & recreation
K Financial

B Mining & quarrying

o
=}
a
o

G Whc

Q Health

M Professional
C Manufacturing
I Accom & food

JIT
F Construction

H Transport & storage
K Financial

P Education

S Other services

R Arts & recreation

A Agriculture

L Real estate

B Mining & quarrying

p—
p——

N Admin [e—
p—
—
p—

p—
F
F

F

F

o
=)
a
3

Professional

Healthcare

Leisure & hospitality
Accom. & food
Retail

Manufacturing
Finance
Transport
Construction
Other services
IT
Education
Real estate

I

0 05 K 15

France

Q Health

C Manufacturing
G Wholesale/retail
M Professional
JIT

I Accom & food
F Construction

S —
—
p—

N Admin —
p—
p—

F
:I-
-
T

H Transport & storage
K Financial

S Other services

R Arts & recreation

P Education

L Real estate

B Mining & quarrying

o
=
a
o
[N}

G Wholesale/retail ——‘

Q Health
N Admin

M Professional
C Manufacturing
JIT

| Accom & food

F Construction

P Education

H Transport & storage
S Other services

R Arts & recreation

K Financial

05 A A5 2
Ireland

M Professional —_‘

G Wholesale/retail

o

|

Q Health

JIT

| Accom & food

N Admin

F Construction

H Transport & storage

o
=
@
o
[N}

Q Health
G Wholesale/retail
| Accom & food

M Professional

——
C Manufacturing [FES—
N Admin [——
P Education /ESG——
J T [—
H Transport & storage —————
K Financial [ES—m"
F Construction [-——"

R Arts & recreation [—
S Other services [i—

L Real estate ==
B Mining & quarrying

o
=}
o
o
[N}

Fig. 2. Sector shares of Indeed online job postings and job vacancies from national
statistical agencies (2018-22) Source: FEurostat for euro area countries, ONS for UK,
and JOLTS for US. Notes: Data for France is for firms with ten employees or more. In
the absence of job vacancy numbers for Italy, the chart data is estimated from sector
vacancy rates and employment from Eurostat. US data is non-farm job openings.



2.4. Job postings versus new hires

Next, we compare online job postings with data on new hires. We focus on occupations,
rather than sectors, for two main reasons. First, the Indeed occupational categories map
closely to occupation codes used by statistical agencies (i.e., ISCO and SOC), providing a
potentially more accurate match to published statistics than sectors.'® Second, while not
every vacancy will lead to a hire (Azar et al. (2020)), comparisons with new hires provide
a benchmark for weighting our wage tracker to a group of actual workers. We return to

this below when we discuss weights in Section 3.2.

Data on the occupational shares of new hires comes from quarterly Labor Force Surveys
from 2018 to 2021 for the euro area countries and to 2022 for the UK. The US is excluded
from the occupational benchmarking because JOLTS data on hires is only available by
sector (in Figure A2 in the Appendix, we show the comparisons by sector, including for
the US). We define a new hire as an employee with job tenure of three months or less.
Figure 3 shows the average occupational shares in the two datasets for occupations with
a job posting share of 1% or higher for legibility, while Figure A4 does this for postings
with wages. Panel B of Table 2 shows the correlations of the quarterly shares using all

postings and all occupations for each country.

Overall, the occupational mix of the online job posting data is very similar to that of new
hires. For most countries, such as the UK, Ireland, France, Germany, and the Netherlands,
the comparison is very good, with correlation coefficients ranging from 0.72 to 0.86. For
Italy and Spain, the correlation is weaker but still positive, at 0.65 and 0.53, respectively.
In both countries, a relatively high concentration of online job postings in a small number

of occupations — such as 'Retail ¢ Sales’ and “Software Development’ — drives this result.

Focusing only on postings with wages, we find that the correlation coefficients range from
0.66 in Germany (fairly high despite the low share of postings with wage information) to
0.90 in Ireland. While these correlations are high, they are not perfect. For this reason,
as noted above, when we present the wage growth tracker at the country level, we show
the results with different weightings, including a re-weighting of the wage tracker data

using the occupational shares of new hires.

10For comparison with Section 2.3, which shows job vacancies by sector, Appendix Figure A2 and Table
A2 show data on new hires by sector. Figures A3 and A4 compare the sector and occupation shares in
the subset of job postings with wages with the share shares of new hires.
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Fig. 3. Occupational shares of Indeed job postings and new hires from national statistical
agencies. Source: Eurostat for euro area countries (2018-21), ONS for UK (2018-22).
Notes: Chart shows occupations with share postings share of at least 1%.
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The re-weighting potentially matters because, as Table 1 shows, only 27% of postings in
our eight-country dataset include wage or salary information. One concern is that our
sample becomes less representative when we only use the subset of postings with a wage
to construct our tracker. This could happen if some categories of jobs were systematically
more or less likely to include wages in the posting. To test whether this is a problem,
Appendix Figure A5 plots the occupational shares of the population of job postings and
the sub-sample of postings with a wage from 2018 to 2022. The occupational shares
are strongly positively correlated — with a correlation coefficient that ranges from 0.86
in the US to 0.98 in the UK — and there is little evidence of systematic over- or under-

representation on either side of the 45-degree line.

These correlations tell us that the occupational shares are broadly similar in both datasets.
However, when there are differences, we might still be concerned that this is correlated
with our variable of interest, wages. To test this, we construct a ‘gap’ measure, which is the
difference between the occupation shares in the sub-sample of job postings that include
wages and the shares in the full population of Indeed job ads. We then plot this gap
against average log wages by occupation and year in Figure A6. In all countries, the vast
majority of observations are on the horizontal axis, which suggests no correlation between
average wage levels and the propensity to include wages in the job posting. In some
countries — notably Germany, Spain, the Netherlands, and Ireland — there is a pattern
of some lower-paid jobs or occupations being more likely to include wages in the posting
and some higher-paid jobs being less likely to do so. We can control for any potential
bias by re-weighting our wage growth tracker to be representative of occupations in the
population of job postings. However, as we discuss below, this has only a small impact
on country-level estimates of wage growth, given the small differences in the shares and

the fact that this gap arises for a few occupations.

2.5. Wages in online j0b postings versus other wage data

Our final data validation exercise compares the level and composition of posted wages
with other available wage data. For the euro area countries and the UK, we compare
wages in job postings with the wages of new hires from the 2019 EU-SILC survey. We use
2019 data because it is available for all European countries, and it represents a year of
relative stability before the pandemic. In EU-SILC, a new hire is any worker who answers
yes to the question: "Did you start a new job in the last 12 months?". For the US, we use
the wages of new hires from the Current Population Survey (CPS 2019). Following the
methodology of the Atlanta Fed Wage Growth Tracker, new hires are respondents who

say they have moved to a new employer between survey waves.
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First, we compare the percentiles of the monthly wage distribution. For Indeed postings
with hourly wages, we assume that weekly hours are in line with the country averages
in national surveys and 4.3 weeks worked per month. Annual salaries from postings are
divided by 12. Figure 4 presents the results. It suggests that our wage data from job

postings captures very well the percentiles of the new hire wage distribution.

If there is a part of the Indeed wage distribution that is comparably lower than in the
survey data, it is the highest-paid workers, but only in certain countries. In Ireland,
France, the Netherlands, and the UK, the top decile of wages from the population is
above the top decile in the Indeed data. There are two possible reasons for this. First,
higher-paid jobs may simply be less likely to include advertised wages in the job ad. We
saw some evidence of this in the previous section. Second, advertised pay in some higher-
paying jobs may be more negotiable. While we are unable to test this hypothesis in our
data, the advertised wage may be akin to a floor, with the effective starting wage for new
hires in these jobs tending to be higher on average. There are also some deviations in the
lowest decile, likely driven by the fact that the conversion of advertised wages to monthly

figures assumes full-time work.

Table 3 combines the graphical assessment in Figure 4 into a single statistic. For each
country, we calculate the absolute difference between the survey estimate of new hires’
earnings at each percentile, and the estimate from the Indeed data, and take the average
across percentiles. For example, we see from this metric that, relative to the population
estimate from the survey, the Indeed data tends to be closest in Italy, France and Germany,
where the statistic ranges from 0.035 to 0.055). For the likes of the US, UK and Ireland,
where it ranges from 0.070 to 0.092, it is a little less aligned. The second column, which
shows the same statistic excluding the bottom and top deciles, confirms that the Indeed

data is least aligned in the tails.
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Fig. 4. Percentiles of monthly pay in Indeed job postings and statistical surveys. Source:
Indeed data and Eurostat for EU-SILC, NBER for Basic Monthly CPS datasets for the
US. Notes: EU-SILC microdata for the UK is only available up to 2018. In the Indeed
data, hourly wages from job postings are converted to monthly equivalents assuming that
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data is population-weighted. Indeed data is unweighted.
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Table 3. Average absolute deviation of monthly pay in the survey data and Indeed job
postings (as a percentage of the survey value), averaged across percentiles

All percentiles Excluding bottom and top percentiles

Germany 0.053 0.045
France 0.055 0.037
Italy 0.035 0.033
Spain 0.087 0.101
Netherlands 0.044 0.037
Ireland 0.092 0.077
UK 0.083 0.050
US 0.070 0.034

Notes: This table shows the absolute differences between monthly pay in the survey data
(e.g. SILC or CPS) at each earnings percentile and wage in the Indeed job postings at
the same earnings percentile, as a percentage of the survey data and averaged across
all percentiles. For example, the UK value of 0.083 indicates an average 8.3% difference
in earnings across all percentiles. The second column is the same metric, excluding the
bottom and top deciles.

Next, we compare average wages by sector from the online job posting data with average
monthly wages by sector from national statistical agencies. For euro area countries we use
the Annual Labor Cost Survey published by Eurostat from 2020-22; for the UK, data is
from the Annual Survey of Hours and Earnings; and for the US, data is from the Current

Population Survey. Figure 5 shows this comparison for each country.

As the charts show, average wages by sector extracted from online job postings are a good
match for average wage levels by sector from official statistics. In most countries workers
in the IT (sector J) or Professional (M) tend to have the highest average wages, a pattern
replicated in the online job postings data. In both data sources, average wages tend to
be lowest in the Accommodation and Food sector (I), Other Services (S), Transport and
Storage (H), and Administration (N).

Our overall conclusion from the validation exercises in Sections 2.3, 2.4, and 2.5 is that
the Indeed job posting data aligns well with job vacancies and new hires across sectors
and occupations. Whilst we explore a re-weighting of the wage tracker to ensure closer
alignment to the populations of job postings and new hires in Section 3.2, we conclude
that wages extracted from online job postings are a fairly representative indicator of the

wages of new hires for the purpose of tracking aggregate wage growth.
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Fig. 5. Average wage by sector in Indeed job postings and survey data (employees
2018(20)-22, monthly wage). Source: Indeed data; Eurostat Annual Labor Cost Sur-
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by sector from the Current Population Survey (CPS, 2018-22). Notes: Survey data for
Germany and Netherlands is available for 2021-22 only. Sectors are one-digit NACE codes
B-S. UK and US survey data are medians.
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3. WAGE TRACKER METHODOLOGY AND
RESULTS

We now present our wage tracker methodology and estimates. Our methodology proceeds

in three steps:

1. For each country and month, we group job postings into cells defined by job title,
region (see Table A1 in the appendix), and salary type (hourly, monthly, or annual),

and calculate the median wage in each cell.

2. We then calculate the year-on-year change in the median wage for each job title-

region-salary type cell, generating a monthly distribution.

3. Our monthly estimate of wage growth at the country level is the median of this
distribution. For our baseline country-level estimate, we use an unweighted me-
dian. As we show below, our overall results tend not to be sensitive to alternative

weightings.

We use medians because it makes our estimates of wage growth less susceptible to outliers,

especially for cells with fewer observations.!!

As Table 4 shows, whilst we have a large
number of cells, on average the number of job postings in each cell tends to be small, in
single digits for most countries. An alternative would be to set a minimum cell size or drop
one of the categories. However, as this would likely lead to a bias towards capturing wage
trends for large job titles, we opt not to do this. Furthermore, we prefer a larger number
of cells to generate a distribution from which to take the median for the country-level

estimate of wage growth.

Our approach is similar to the Atlanta Fed’s Wage Growth Tracker, but instead of tracking
the wages of individuals, we track wage growth within narrowly defined jobs. Calculating
wage growth within job titles allows us to control for changes in the composition of jobs
which could have a substantial impact on aggregate advertised wage growth. As Daly and
Hobijn (2017) show, aggregate wage dynamics are heavily influenced by changes in the
composition of the employed over the business cycle, and we expect wages in job ads to
exhibit similar composition effects. The US Bureau of Labor Statistics’ Employment Cost
Index — a closely-tracked quarterly metric of wage growth — controls for compositional
shifts in a similar way to us, tracking wages withing occupation-industry and geographic
cells; see Ruser (2001).

HWe have also estimated wage growth using alternative methodologies, such as the regression-based
approaches in Marinescu and Wolthoff (2020) and Haefke et al. (2013). These methods effectively track
average wage growth over time. Nonetheless, in terms of the overall wage growth trends at the country
level, they give similar results to the median-median method we report here.
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Table 4. Cell sizes in the Indeed Wage Tracker (January 2019- December 2022)

Average number of  Average number of job postings

cells per month per cell-month
France 14,085 5
Germany 2,378 10
Ireland 827 5
Ttaly 680 4
Netherlands 4,366 7
Spain 772 3
UK 28,363 7
US 83,735 7

Notes: Data is from Indeed job postings. A cell refers to a group of postings with
the same job title, salary type, and region in a given country.

The job title is extracted from the text of the job posting itself. When an employer posts
a job on the platform they input a ‘job posting title’. This text is cleaned algorithmically
to remove information not related to the title of the role, such as the location, contract
type, employer name, or common descriptive words that do not denote specific roles or
tasks, such as “job” or “position”. These cleaned titles are mapped to canonical Indeed job

titles that group similar jobs. To give a sense of this process, Table 5 lists some examples.

Table 5. Job title mapping examples

Original job posting title Indeed job title
Java engineer Java developer
Java developer (Based in Surrey or remote) Java developer

Anticipated middle school math teaching position | Mathematics teacher

Trace counter and showroom sales Sales professional

Manage external supply operations Supply manager

Site manager — residential developer Site manager

Hiring hr mgr Human resources manager
HR manager (12 month contract, hybrid) Human resources manager

Job titles are a key input for search optimization, returning a list of relevant jobs for a
given job search. Importantly for our purposes, they also help explain much of the cross-
sectional variation in wages in the data. Table 6 shows the adjusted R-squared from two
log wage regressions: one that controls for 54 broader occupational categories plus salary
type and region, and one that replaces the occupational controls with job titles. The
adjusted R-squared is much higher in the second regression, and the difference between
the adjusted and unadjusted R-squared is very small, meaning that this is not simply an

over-fitting of the data. This shows that Indeed job titles are a good predictor of wages,

20



in line with the results in Marinescu and Wolthoff (2020), who use job titles to explain

the cross-sectional dispersion of wages in online job postings.

Table 6. Adjusted R-squared from a log wage regression with different controls for
occupation and job title

Log wage regression
54 occupations Job titles
Country Adj. R? Adj. R? | R? | N (millions)
Germany 0.44 0.70 0.70 14
France 0.32 0.61 0.61 5.5
Spain 0.26 0.46 0.46 0.3
Italy 0.20 0.58 0.59 0.3
Netherlands 0.39 0.61 0.61 2.0
Ireland 0.35 0.74 0.75 0.3
UK 0.41 0.67 0.67 14.3
US 0.34 0.69 0.69 36.3

Notes: R-squared from regressions of the log wage on occupation or job title dummies
using Indeed data from Jan 2018 to Sep 2022. All specifications include fixed effects for
year-month, region, and salary type (hourly, monthly, annual).

3.1. Country-level results

Using the methodology outlined above, Figure 6 shows the wage growth tracker for each
of the eight countries in our dataset. For comparison, we also include selected other
available sources of wage growth data. For five of the six euro area countries, we include
the ECB’s Negotiated Wage Tracker, constructed from wages in collective bargaining
agreements (Koester et al. (2020), Gornicka and Koester (2023)).!? For the US, we include
the Atlanta Fed Wage Growth Tracker for job switchers, which is constructed from the
Current Population Survey. For Ireland, we include wage growth for new hires from the
Labor Force Survey, and for the UK, we include average wage growth for all workers from
the Office for National Statistics.

Wage growth in online job postings accelerated sharply as countries reopened after the
pandemic in 2022. In the US, growth peaked at over 9% year-on-year in the spring of
2022 before slowing to 6.4% by the end of 2022. In euro area countries and the UK, wage
growth peaked at a lower level — closer to 6-7% — and later than in the US, reflecting, in

part, the later reopening of European economies after the pandemic.

12We thank Goérnicka and Koester (2023) for providing us with their monthly Negotiated Wage Growth
Tracker series.
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We find that our estimates track negotiated wage growth closely in the five euro area
countries where we have the ECB data — Germany, France, Italy, Spain, and the Nether-
lands. While the two series exhibit similar trends, the Indeed data has the advantage of

being more timely, as it is available at least two months before the ECB estimates.

For countries where collective bargaining coverage is lower and where we have comparable
data on the marginal worker — be it new hires in Ireland or job switchers in the US —
the Indeed data on advertised wages tends to lead data on actual wage growth by several
months.!® In the UK, our tracker has tended to move contemporaneously with the wages
of all workers, at least outside the pandemic period in 2020 and 2021, when changes in
the wages of all workers were heavily impacted by compositional effects and the furlough
scheme (Athow (2021)). The timeliness of the data supports the use of the Indeed Wage

Tracker as an early or leading indicator of wage growth momentum for policy purposes.

3.2. Robustness: sensitivity of wage growth tracker to

alternative weights

The country-level wage growth estimates presented in Figure 6 are unweighted. This
means that in the third step in our methodology, where we take the median wage growth
across all cells, every job title-region-salary type cell receives equal weight. Given our
findings in Sections 2.3 and 2.4 that: a) some sectors and occupations are over- or under-
represented in online job postings relative to vacancies and new hires, and b) the extent of
over- and under-representation varies by country, in this section we look at the sensitivity

of the wage tracker to four alternative weightings, calculated separately for each country:

1. Re-weighting to the occupational shares in the population of Indeed job postings;
2. Re-weighting to the sector shares of job vacancies in national statistics;

3. Re-weighting to the occupational shares of new hires from national surveys (the US

is excluded from this comparison due to a lack of data);

4. Re-weighting to the sector shares of new hires from national surveys.

Re-weighting has been used in the context of online job posting data, e.g., by Turrell
et al. (2021), who re-weight aggregate trends in UK job postings from Reed based on the
occupation shares of employment. In the case of our wage tracker, re-weighting entails

some changes to our previous methodology outlined above. Instead of taking the median

13Granger causality tests show that, statistically, the Indeed Wage Tracker is useful for predicting wage
growth in the economy, as we show in Section 3.3
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wage growth across cells at the country level in step 3, we calculate the median for
either occupations or sectors, depending on the re-weighting in question. We then apply
occupation or sector weights to these medians before averaging them to the country level,

and these are re-weighted country estimates.

Figure 7 shows the results. The unweighted (i.e. baseline) and re-weighted series follow
a broadly similar trend in all countries, with wage growth tending to weaken at the onset
of the pandemic before recovering around re-opening. For the larger countries, there is
very little difference between the different series. This is unsurprising, given the strong

positive correlations we reported in the validation section.

For some countries — Ireland, Italy and Spain are the main examples — we do observe
some differences. The largest disparities occur around the pandemic, during 2020 and the
first half of 2021. The sector data on new hires confirms that pandemic-specific hiring
(and layoff) effects are the key driver of this volatility. For example, in Ireland in the first
half of 2020, the share of new hires in health sector increases three-fold, from 10 to 30%,
whereas the shares in sectors that were shut due to the pandemic — consumer facing and
construction are the main examples — collapses. This pattern then reverses when sectors

reopen.

The un-weighted IWT estimates effectively smooth this pandemic-related volatility, much
of which depends on how individual countries responded to the pandemic. From the
perspective of monitoring underlying wage pressures, the unweighted estimates, we argue,
are more relevant, especially around this period. However, from a validation perspective,
the key conclusion we draw from the comparison of un-weighted and weighted estimates

is that the overall trends in all series are very similar.
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Fig. 7. Wage growth tracker with alternative weights. Notes: For data availability

reasons, the following are not included: occupational shares of new hires for the US,
all years; sector share of new hires for Germany, all of 2020; sector shares of job vacancies
for France, January-March 2020; occupational shares of new hires for all six euro area

countries, all of 2022.
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3.3. Wages from online job postings as a leading indicator of

wage growth in the economy

Forecasts of wage growth are a key output of forecasting exercises at all central banks.
In this section, we ask what the Indeed Wage Tracker (IWT) can tell us about the future

direction of wage growth in the economy.

The first thing to note is there are fundamentally two aspects to the potential leading
indicator properties of the IWT. One is the timeliness of the data itself, which is available
within a matter of days of the end of each month. This compares with lags of two months
for some official estimates of wage growth, usually based on national accounts, such as
compensation per employee in Europe.'* Negotiated wage trackers have a similar lag,
depending on when data on wage agreements is released. In the US and UK, certain
measures of wage growth such as the quarterly Employment Cost Index (ECI), Average
Labour Compensation per Hour (ALCH), and Average Weekly Earnings (AWE) also have

a one- to two-month lag.

The second aspect, and the one we focus on here, is whether growth in advertised wages
is informative about future wage dynamics, irrespective of the superior timeliness of the
data itself. An employer’s expectation of the wage required to make a new hire reflects
forward-looking judgements around future demand, output, productivity, and labor mar-
ket tightness.!> Furthermore, as advertised wages relate to the marginal worker, it takes
time for the factors that influence new hire wage dynamics to impact economy-wide av-
erage wages. We would therefore expect to see some relationship between lagged growth

in our wage tracker and average wage growth more generally.

The rather short wage growth time series available to us, from January 2019 to December
2022, precludes a comprehensive forecasting assessment, such as comparisons of perfor-
mance from rolling regressions over multiple forecast horizons.'® Instead, we adopt a
simpler approach consisting first of an assessment of Granger causality, followed by a
comparison of the root mean squared errors from separate regressions of compensation

growth on the IWT and the alternative wage growth trackers presented in Figure 6.

We test for Granger causality from our wage growth tracker to average wage growth to
see whether, statistically, the IWT is informative about future rates of wage growth in

the economy. For euro area countries, we use average annual growth in the wages and

14 As noted on the Eurostat website, a flash estimate for GDP is available at t+30 days from quarter-end,
but the data on GDP main aggregates, which includes the relevant data on compensation of employees,
is only available at t+65 days.

15In search and matching frameworks this is reflected in the expected surplus from the job match, and
the sharing of the surplus between the employer and the new hire.

16See Consolo et al. (2023) for an example of these approaches for forecasting wages in the euro area.
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salary component of Eurostat’s quarterly Labour Cost Index as our measure of economy-
wide wage growth. For the US, we use the annual change in the quarterly Employment
Cost Index (ECI), which is a composition adjusted version of growth in compensation of
employees, and therefore closer to the IWT. For the UK, we use growth in compensation

of employees from National Accounts.

The wage growth data is available quarterly for all countries (albeit at a significant lag,
as noted above) and is a key forecast target for central banks. To match the monthly
frequency of the Indeed Wage Tracker, we interpolate the data to monthly frequency using
a centered three-month moving average. The underlying data is shown in Figure A8 in
the appendix. The results, shown in Table 7, suggest that there is statistical causation

from the IWT to wage growth, except for Italy, which is statistically insignificant.

Table 7. Granger causality tests:
VAR compensation per employee, Indeed Wage Tracker

Country Chi® p-value Lags N
Pooled 13.45 0.04 6 336
Germany 22.05  0.00 4 44
France 56.53  0.00 3 45
Ttaly 569 013 3 45
Spain 12.34 0.01 3 45
Netherlands 21.57 0.00 3 45
Ireland 15.03  0.04 7 41
UK 13.48 0.01 4 44
US 49.71 0.00 6 42

Notes: Granger causality test results from a VAR of growth in compensation on the
Indeed Wage Tracker. Lags are chosen according to the Akaike Information Criterion

(AIC).

Next, we look at how well the IWT explains growth in compensation of employees in a
regression, compared to using either (a) the negotiated wage trackers for the five euro area
countries for which we have the data; and (b) the Atlanta Fed Wage Growth Tracker for
the US. With no alternative wage growth trackers, both the UK and Ireland are excluded

from this comparison.

To compare the explanatory variables, We summarise the regression adjusted R-squared
and the ratio of the root mean squared errors (RMSE) from each regression. This is the
ratio of the RMSE from the regression with the Indeed Wage Tracker only to the RMSE
with the other wage growth trackers only. A value below one indicates that that the IWT

can explain more of the data, relative to the other wage trackers.
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Table 8 shows the results. For Germany, France, Netherlands and the US, the IWT
performs better than alternative wage trackers, and this is without taking account of the
more timely IWT data. In the case of Italy, the IWT performs only marginally better
than the negotiated wage tracker, though both regressions leave more than half the data

unexplained. For Spain, the IWT compares poorly with negotiated wages.

In Table 8, the US IWT stands out as performing much more strongly than the alternative
tracker — here, the Atlanta Fed Wage Growth Tracker (AFWGT) for job switchers. Not
only is the R-squared in the ECI-IWT regression higher (0.97, compared with 0.77), but
in absolute error terms it the IWT is superior, as we see from the ratio comparison of the
RMSE (0.34). Graphically, we can also see from A8 in the Appendix, that the IWT is
much closer to the ECI. The most likely explanation lies with the differences in how the
series are constructed, and in particular the underlying data that is used. The aim of the
ECI is understand the hourly labor cost to employers, and, as such, the data and methods
are similar to online job postings data we use to construct the IWT: it is establishment-
level data that is composition adjusted by tracking wages within occupation-industry and
geographic cells.!” In contrast, the AFWGT is based on surveys of individual employees,
from the monthly Current Population Survey, and is composition adjusted by comparing
the same individuals twelve months apart.'® The conclusion we draw is that if the aim
of a given wage growth tracker is to understand in a timely manner the underlying labor
cost pressures facing firms, and therefore pipeline pressures on prices and inflation, the

IWT is likely to be more informative.

Table 8. Comparison of prediction errors from wage growth regressions

Country R?* (IWT) R? (Other trackers) RMSE ratio Lags N

Germany 0.66 0.40 0.75 4 44
France 0.78 0.70 0.86 4 45
Italy 0.49 0.46 0.97 4 44
Spain 0.43 0.77 1.59 3 45
Netherlands 0.90 0.84 0.79 3 45
US 0.97 0.77 0.34 6 42

Notes: R-squared from a regression of growth in compensation of employees (or ECI in
the case of the US) on either the IWT or other wage trackers. For the euro area, the
other wage trackers are negotiated wage growth, published by the ECB, and for the US
we use the Atlanta Fed Wage Growth Tracker. The RMSE ratio is the ratio of the root
mean squared error of the IWT regression to the other trackers regression. A value below
one favours the IWT.

17See Ruser (2001) and the methodology section of the BLS-ECI website for details.
18See the methodology section of the AFWGT website for details.
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4. HETEROGENEITY IN THE GROWTH OF
ADVERTISED WAGES

One of the strengths of the online job postings data is the large number of observations,
which means we can also assess wage developments below the country level. In this section,
we exploit this data granularity to analyse the difference in advertised wage growth across

the wage distribution.

To summarise the heterogeneity in wage growth trends, we show wage growth for different
jobs depending on the wage level. To do this, we divide occupational categories into
terciles depending on the level of their median advertised wage before the pandemic in
2018-19. We label the three groups low-, middle- and high-wage jobs. We then calculate
wage growth trackers using the methodology described above, but separately for each

country-tercile group. Figure 8 shows the results.

In almost all countries, there is a pattern of stronger wage growth for lower-paid jobs after
the pandemic. The one exception is Spain, where the wage growth tracker for all three
groups follows a broadly similar pattern, suggesting post-pandemic acceleration in wage
growth was fairly general. In other countries, wages for lower-paid jobs either started to
rise earlier and /or increased by more, compared to wages of middle- and higher-paid jobs.
The differences can be very large. For example, in Germany, France, the Netherlands, the
US, and UK — the gap in the wage growth rate between low- and high-paid jobs was over

five percentage points at its peak.

The differential patterns of wage growth we observe are driven by a combination of sup-
ply, demand and other institutional or country-specific factors. Differences in the rate of
inflation is one obvious candidate for explaining cross-country differences. Within coun-
tries, differences across occupations or wage terciles will also reflect the balance of labour

demand and supply, in other words, labour market tightness.

Combining the Indeed data on wages and job postings can provide some insights into the
role played by labor demand, which increased rapidly as economies re-opened after the
pandemic (Figure 1). The question is whether the increases were larger for lower-paid
jobs, thereby potentially contributing to the wage growth patterns we see in Figure 8.
Figure 9 offers suggestive evidence for this narrative by showing the job posting trends
for occupations by wage tercile. In several countries — notably Germany, France, Italy,
Ireland, and the UK — we observe stronger growth in job postings for lower-paid jobs in

recent years.
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In the online appendix, we combine the data in Figures 8 and 9 in a scatter plot of wage
growth on job postings. The pattern for many countries is clear: higher-wage growth
for lower-paid jobs after the pandemic tends to go hand-in-hand with the growth in job
postings (see Figure A7), Spain being the obvious exception given similar trends for all
wage terciles. Regression analysis of wage growth by tercile (Table A3) and occupation

(Table A4) controlling for inflation and job postings confirms the scatter-plot relationship.

5. CONCLUSION

In this paper, we use data on wages advertised in tens of millions of job postings to
construct a monthly wage growth tracker for eight countries from 2018 to 2022. The
dataset has unique advantages, which include timeliness of delivery, availability of large
sample sizes that allow for detailed breakdowns by occupation and sector, and the ability

to compare trends across countries using a single source of information.

We show that the online data benchmarks well against national statistics and repre-
sentative surveys on the distribution of job openings and new hires across sectors and
occupations, as well as against the level of wages across sectors in each country. We then
use the data to develop an indicator of wage growth. To the best of our knowledge, this
is the first attempt in the literature to use online job postings to measure wage growth in
multiple countries and to assess the relationship between this indicator and other labor

market variables.

We show that trends in our wage growth tracker are similar to trends from other sources,
including the Atlanta Fed Wage Growth Tracker for the US and the ECB’s Negotiated
Wages tracker for euro-area countries. As well as being more timely, our wage tracker

appears to be a leading indicator of wage growth momentum in many countries.

Using the granular information in the online data, and looking underneath the country-
level trends, we show wage growth after the pandemic was significantly stronger for lower-
paid jobs in many countries. We show that stronger wage growth tends to be correlated
with the large increase in job openings we see in the data, especially for lower-paid jobs,
even after controlling for cross-country differences in inflation rates. This is suggestive of

strong demand being one of the key factors driving stronger wage growth in recent years.
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Online Appendix for:
What do wages in online job postings tell us about
wage growth?

A. BENCHMARKING ONLINE JOB POSTING
DATA - SUPPORTING INFORMATION

Table A1. Geographic level of detail used to define cells in the wage tracker

Country Geographic information N
UsS States 52
UK Counties/Shires 92
Germany States 16
France Departments 96
Italy Administrative Regions 20
Spain Autonomous Regions 17
Netherlands Provinces 12
Ireland Counties 26

Table A2. Correlation of the sector shares of Indeed job postings with official statistics
on new hires, 2018-22

Germany France Spain Italy Netherlands Ireland US UK

All Indeed job postings 0.83 0.83 0.45 0.63 0.70 0.67 0.74 0.61
Postings with wages 0.84 0.81 0.59  0.67 0.60 0.67 0.64 0.65
N 256 320 320 320 320 320 260 320

Notes: Data is quarterly from 2018 Q1 to 2022 Q4, with the exception of Germany, which excludes 2020
data. New hire data is from Eurostat for the euro area countries, ONS for the UK, and JOLTS for the
US. Sample sizes vary depending on the number of sectors and occupations for which new hire statistics
are available in each country.
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Table A3. Regressions of wage growth (per cent) on job postings (index 2019=100)
and inflation (per cent annual change)
by tercile of the 2018-19 wage distribution from job postings

Pooled Germany France Italy Spain Netherlands Ireland US UK
Job postings 0.017 0.036 0.009 0.019  0.005 0.026 0.009 0.059 0.005

(6.84)  (4.31)  (2.48) (2.81) (0.35) (6.87) (1.19)  (13.24)  (1.62)
Job postings -0.009 -0.005 -0.002 -0.001 -0.013 -0.008 0.002 -0.013  -0.015
z middle-wage  (3.02)  (2.76)  (1.48) (0.23) (2.77) (5.93) (0.60)  (10.24) (11.82)
Job postings -0.013 -0.016 -0.006  -0.000 -0.005 -0.015 -0.008  -0.018 -0.024
x top-wage (3.90) (7.73) (3.91) (0.08) (1.02) (10.45) (2.39) (14.30) (18.01)
Inflation 0.464 0.290 0.49 0.09  0.240 0.400 0.314 0.349 0.866

(9.11)  (L.75)  (5.09) (0.42) (0.93) (7.28) (1.91)  (4.40) (14.49)
R? 0.38 0.61 0.64 0.15 0.06 0.71 0.28 0.90 0.83
N 1,095 136 138 131 138 138 138 138 138
H2=0 0.02 0.00 0.15 0.00 0.58 0.00 0.25 0.00 0.00
H3=0 0.32 0.03 0.51 0.04 0.99 0.00 0.95 0.00 0.00

Notes: Coefficients from regressions of advertised wage growth by wage tercile (low-, middle- and high-
paid jobs) from January 2019-December 2022, controlling for job postings (indexed to 2019=100) and
core inflation (percentage change on previous year). H2 is the p-value for the null hypothesis that the
sum of the coefficients on job postings and the interaction of job-postings and middle-wage jobs equals
zero. H3 is the same for the high-wage jobs interaction. t-statistics in parentheses.
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Table Aj. Regressions of wage growth (per cent) on job postings (index 2019=100)
and inflation (per cent annual change)
by occupation

Pooled Germany France Italy Spain Netherlands Ireland US UK
Job postings 0.021 0.017 0.009  0.032 0.015 0.030 0.006 0.051 0.011

(14.82) (4.88) (6.81) (7.13) (2.79) (14.10) (1.76)  (31.54) (7.93)
Job postings -0.005 -0.007 -0.004  0.001 -0.009 -0.008 -0.002  -0.010  -0.011
x middle-wage  (2.62) (4.73) (4.10)  (0.39) (2.68) (7.00) (0.76)  (13.65) (12.47)
Job postings -0.008 -0.018 -0.006  -0.000 -0.013 -0.011 -0.007  -0.016  -0.021
x top-wage (3.77) (10.66) (7.21)  (0.19) (3.97) (10.38) (3.04) (21.00) (20.95)
Inflation 0.480 0.733 0.52 0.06 0477 0.360 0.471 0.416 0.700

(16.21) (7.05) (10.15) (0.31) (3.76) (7.42) (6.13) (11.71) (18.02)
R? 0.18 0.21 0.21 0.08 0.04 0.26 0.06 0.69 0.83
N 10,180 1,151 1,364 131 1,019 1,350 1,324 1,481 1,305
H2=0 0.00 0.01 0.00 0.00 0.15 0.00 0.29 0.00 0.73
H3=0 0.00 0.85 0.06 0.00 0.65 0.00 0.69 0.00 0.00

Notes: Coeflicients from a regression of advertised wage growth by wage occupation from January
2019-December 2022, controlling for job postings (indexed to 2019=100) and core inflation (percentage
change on previous year).H2 is the p-value for the null hypothesis that the sum of the coeflicients on
job postings and the interaction of job-postings and middle-wage jobs equals zero. H3 is the same for
the high-wage jobs interaction. t-statistics in parentheses.
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