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Abstract

This study employs matched employee-employer data from the UK to highlight
the importance of social skills, in particular workers’ ability to work well in a
team and communicate effectively with co-workers, as a driver of wage growth
for workers with lower formal education. Our findings indicate that in tasks em-
phasizing social skills, such workers not only enjoy greater wage progression with
tenure but also accrue higher returns in environments with a higher concentration
of more educated colleagues. Additionally, workers’ exit occur sooner from jobs
where social skills are more important. We rationalize these dynamics through
a model that assesses social skills based on their complementarity with a firm’s
assets and where a worker’s social skills, initially opaque to both the employee
and employer, become increasingly apparent over time.
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1 Introduction

The interplay between work experience and education markedly influences wage dy-
namics, notably yielding lower returns and slower wage progression for less educated
workers.1 This results in notably flatter wage experience profiles for those with lower
educational qualifications. Consequently, policy strategies that solely focus on boost-
ing employment among the less educated are unlikely to effectively elevate individ-
uals out of low-wage positions. This raises concerns about the long-term viability of
welfare-to-work programs, including in-work benefits and tax credits, and dampens
the incentives for both workers and firms to pursue active earnings advancement.2

To guide policy aimed at boosting wage growth for less educated workers, a deeper
understanding of the factors driving stronger wage progression is essential. Specifi-
cally, identifying the skills that can lead to steeper tenure-wage profiles and the types
of firms that value these skills is critical. Recent literature has underscored the increas-
ing significance of social skills in the labor market, mainly in occupations requiring
high levels of education and cognitive skills, such as roles in management, teaching,
medicine, and law (Caines et al., 2017; Deming, 2017; Edin et al., 2022; Weinberger,
2014). We expand on this body of work by exploring the impact of employment in
social skill-intensive occupations, including those involving teamwork and effective
communication with co-workers, on workers who exit school with minimal formal
qualifications.

We make three contributions in this paper.

First, we document that the wage growth of less educated workers has been stronger
in occupations where social skills are important. We show that employment of less
educated workers in more social skill intensive occupations has expanded relative
to other occupations. We use new administrative panel data for the UK, which has
the key advantages that it is longitudinal, so we follow individual workers as they
progress in a firm, and that we observe the detailed formal education qualifications of
each worker. To our knowledge we are the first to document these facts; the previous
literature has largely focused on the higher wages and stronger employment growth

1Blundell et al. (2016) explores the causal impact of work experience on wage profiles across educa-
tion levels in the UK, while the phenomenon of steeper experience profiles among more educated
workers has been documented since Mincer (1974). The presence of variations in age-wage profiles
by education level across different countries is established in Lagakos et al. (2017).

2On-the-job training, under specific conditions, has been identified as a counterbalance to the erosion of
human capital due to gaps in work experience. As highlighted by Blundell et al. (2021), the benefits of
work-related training for employed individuals can be comparable to those achieved through formal
education.
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of high educated workers in social skill intensive occupations, and has focused largely
on wage levels, rather than individual wage growth.

Second, we use matched employee-employer panel data to estimate an empirical
model of the tenure-wage profiles of less educated workers, where we effectively
compare similar workers in different occupations in the same firm, and show stronger
individual wage growth in occupations where social skills are more important, even
after including a large number of controls. We do not observe measures of indi-
viduals’ social skills, we rely on the task based categorization of occupations where
social skills are important. Our identification strategy, designed to address the usual
concern that selection is a potential confounding factor, relies on a comparison of in-
dividual wage growth of workers in occupations where social skills are important,
relative to observably similar workers in occupations where they are not. The data
we use allow us to condition on a number of individual, occupation, firm and local
labour market controls. Measurable cognitive skills will also play a key role. We use
detailed information on individual workers education qualifications. In addition, we
include occupation level measures of the importance of cognitive skills in a symmet-
ric way to social skills. We also investigate heterogeneity in the tenure-wage profiles
across different types of workers, and show that the tenure-wage profile for less ed-
ucated workers is steeper in occupations where social skills are important, and even
more so in more skill intensive firms (firms that employ more workers in high skilled
occupations, as a share of all workers).

Third, to provide a theoretical explanation for our empirical observations, we pro-
pose a simple model that illustrates how wage progression could be higher for cer-
tain workers in low-skilled occupations, provided these workers are employed in roles
that demonstrate stronger complementarity with the firm’s other assets, and where
the quality of the workers is initially difficult to ascertain but becomes evident over
time. This model draws upon Acemoglu and Pischke (1998)’s work on firm train-
ing and learning, expanded to include occupational heterogeneity. Each occupation
is characterized by a distinct level of synergy between an employee’s skills and the
firm’s resources, as well as by a mechanism for progressively uncovering the worker’s
capabilities. This approach aligns with the empirical evidence we present, and offers
an explanation for the observed steeper tenure wage profiles in jobs where social skills
are important. It suggests that in these roles, the interplay between an individual’s
abilities and the firm’s assets is more pronounced, especially in organizations with a
greater accumulation of these complementary assets. Our theoretical analysis gener-
ates two additional empirical predictions that we take to the data - that wage growth
in social skill intensive occupations should be increasing in the quality of the firms
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other assets, and that early in a worker’s tenure exit rates should be higher in social
skill intensive occupations as the firm and worker learn about the workers quality of
social skills.

Active labour market policies such as in-work benefits and tax-credits have been
favoured in the US and UK as a means of reforming welfare systems on the basis
that they encourage work and reduce poverty (see for example Brewer and Hoynes,
2019). If the wages of less educated workers show little growth with tenure or expe-
rience this means these policies will be less effective at helping low wage workers to
work their way out of poverty and remain self-sufficient.

Changes in technology leading to a reduction in demand for workers in routine (mid-
dle income) jobs 3 and the low productivity growth in the UK are likely to be amongst
the important drivers of the slow down in the returns to tenure and experience for
less educated workers. What the literature on social skills has emphasised is that
jobs where workers perform tasks where social skills are important are difficult to
automate. In addition, these tasks often complement the tasks of other workers, in
particular high productivity workers, allowing them to focus on high skilled tasks.
As firms learn about, select on and invest in enhancing (training) these social skills,
the wage of individuals endowed with them should grow.

Our categorisation of how occupations vary in terms of the requirements for social
skills are detailed below (in Section 2.2 and Appendix A.3), but broadly they incorpo-
rate how important it is that a worker is able to communicate and interact effectively
with other actors in the firm. We measure this at the occupation level by using the
O*NET survey data to construct an index of occupations for which these skills are im-
portant. The O*NET data describes the mix of knowledge, skills and abilities required
in an occupation and the activities and tasks performed. The data is collected through
surveys of US workers and occupational workers. Our measures overlap to some ex-
tent with those used in the literature (most closely by Deming, 2017 and Caines et al.,
2017, but also by Acemoglu and Autor, 2011a and Cortes et al., 2021).

Our work relates to several strands of literature. First, to the rich literature that has
documented the role of technology in changing the level and distribution of skill
requirements across occupations and the consequences for wages (Autor et al., 2003,
2006; Goos et al., 2014; Michaels et al., 2014), and has estimated the returns to cognitive
skills (Krusell et al., 2000; Acemoglu, 2002; Goldin and Katz, 2010) and non-cognitive
skills (Beaudry et al., 2016; Castex and Dechter, 2014; Lindqvist and Vestman, 2011;
Deming, 2017; Heckman and Kautz, 2012; Hurst et al., 2021; Edin et al., 2022). We

3In particular the hollowing out of the labour market analyzed by Autor et al (XXXX)
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contribute to this literature by estimating the premium to social skills among less
educated workers, and by providing evidence linking innovation to the rate at which
the returns to these increase with tenure.

Second, our work relates to a labor and wage literature that studies the drivers of
individual wage growth, emphasizing the importance of workers mobility and of
moving up the occupation ladder, see for example Abowd et al. (1999), Postel–Vinay
and Robin (2002), Adda and Dustmann (2023) and Deming (2023); and the importance
of different individual age-experience wage profiles with education, see for example,
Blundell et al. (2016) and Lagakos et al. (2017). We emphasize the importance of firms’
learning about workers’ social skills, especially in jobs and firms where social skills
matter. Our work also relates to the wage and labor literature that emphasizes firm
heterogeneity as an important source of wage differences across workers (Gibbons
and Katz, 1992; Groshen, 1991; Abowd et al., 1999; Bonhomme et al., 2019 among
others). This literature has also pointed at the fact that in many countries there is
considerable wage inequality among seemingly similar workers (see e.g. Card et al.,
2016). Our analysis brings social skills - the ability to work in a team and communicate
effectively with co-workers - and firms’ ability to enhance them by creating good
jobs as another important source of wage heterogeneity across firms and among less
educated workers.

Third, our work relates to a literature on soft and social skills (Brunello and Rocco,
2017; Barrera-Osorio et al., 2020; Carruthers and Jepsen, 2020; Silliman and Virtanen,
2019; Hanushek et al., 2017; Rodrik and Stantcheva, 2021; Battiston et al., 2017; Dem-
ing, 2017) that looks at how the development of these skills in firms affects workers’
satisfaction on the job and also their long-term career outcomes.4 We contribute to
this literature by looking at how social skills affect the wage level and individual
wage growth of less educated workers, and how this depends upon characteristics of
tasks/occupations – e.g. the extent to which these complement hard skills or other
firm’s assets – and upon characteristics of the firm, in particular its degree of innova-
tiveness.

The paper is organized as follows. In Section 2 we describe the data and how we mea-
sure occupational characteristics, including cognitive skills and social skills, and we
show some initial correlations. In Section 3 we present our empirical model and dis-

4Lindqvist and Vestman (2011) study the importance of non-cognitive skills for labour market earnings
of young men enlisted in Swedish military. They find that both cognitive and non-cognitive skills
are strong predictors of labor market earnings. However, non-cognitive skills have a much stronger
effect at the low end of the earnings distribution. At the tenth percentile, the effect of non-cognitive
skills is between two and-a-half and four times the effect of cognitive skills depending on the exact
specification.
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cuss potential threats to our identification. In Section 4 we present our core regression
results and discuss the robustness of our main findings. In Section 5 we develop our
theoretical framework and we lay out its main predictions. These predictions accord
with the initial empirical results and suggest further empirical predictions concern-
ing complementary assets and worker exists. In Section 6 we take these additional
predictions to the panel data model. Section 7 collects our concluding remarks.

2 Data

2.1 Data on workers, firms and jobs

In this section we describe the data, how we measure the extent to which an occupa-
tion requires social skills, and we provide some first descriptive evidence pointing at
a positive relationship between the importance of social skills in an occupation and
the steepness of the dynamic wage profile in that occupation. We use data from the
Annual Survey of Hours and Earnings (ASHE) matched to the Census of 2011 (ONS-
ASHE-Census, 2022). ASHE is a longitudinal dataset that tracks a random 1% sample
of the UK working population and is administered by the Office of National Statis-
tics (ONS). This survey provides comprehensive information on various aspects such
as earnings, working hours, employer details, gender, age, tenure, occupation, and
travel-to-work area. However, ASHE lacks information on qualifications; this data is
obtained through the match with the Census. Contrary to ASHE, Census 2011 is a
cross-sectional study, meaning that qualifications are not time-varying in our data.

We select workers whose highest qualification is UK Level 1, 2 or 3.5 Level 1 and
2 qualifications are approximately the equivalent of high school dropouts in the US
context and Level 3 qualifications of high school graduates (Table A 1 provides further
detail). Table I shows the number of observations over the period 2003-2018 and the
number of workers. The full sample includes male and female workers and workers
in the public and private sector. Our main results focus on workers aged 18-39. 70%
of the workers in our sample are “high school drop outs”, and 30% are high school
graduates. Figure I shows that workers with high school education or less in the UK
have experienced little wage growth over their career over the past few decades. We
provide further description of the characteristics of these workers, their jobs and the
firms they work for in Section 4.

5Level 1 qualifications include fewer than 5 O-levels or a level 1 National Vocational Qualifications

6



TABLE I. Workers’ qualifications, all ASHE-Census

ASHE ASHE-Census
all workers aged 19-39

Observations Workers Observations Workers

High school or less 629,406 58,331 260,012 39,442
of which:
High school drop outs 465,808 42,852 173,631 27,496

No qualifications 79,772 7,283 18,462 3,135
Level 1 166,633 14,971 61,494 9,972
Level 2 219,404 20,598 93,675 14,389

High school graduate
Level 3 163,597 15,479 86,381 11,946

Higher education 426,065 39,621
of which:

Level 4 389,156 35,850
Other 36,909 3,771

Total 1,055,471 97,952 260,012 69,442

Notes: See Table A 2 for a detailed definition and breakdown of UK qualifications.
Source: Authors’ calculations using ONS-ASHE-Census (2022) 2003-2018.

FIGURE I. Age-wage profiles by highest educational qualification in the UK

Source: Authors’ calculations using ONS-ASHE-Census (2022).
Notes: Wage is deflated by Consumer Price Index (CPI), 2015=100.

(NVQs); Level 2 qualifications include 5+ O-levels or level 2 NVQ; Level 3 qualifications include
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In auxiliary results we use ONS-ASHE (2022) which we match to the Workplace Em-
ployment Relations Survey (WERS, ONS-WERS 2013). WERS is a national survey of
the state of employment relations and working life inside British workplaces.6 We
describe these data in Section 6.2.

2.2 Occupation characteristics

Cognitive skills and social skills are both likely to be important for worker produc-
tivity. The difference between these is that cognitive skills are well measured through
the system of standard educational qualifications, and so observed by the worker and
the firm. An additional advantage of the link between our employer-employee panel,
ASHE, and the population Census is that we have detailed measurement of the var-
ious qualifications that each worker has achieved, which largely measure a workers’
cognitive skills. We use these in our regression analysis. Social skills, on the other
hand, are not as easily measured or observed at the individual level. Consequently,
we turn to occupation-level measures for our analysis.

We categorize occupations based on the importance of social skills using the O*NET
data to gauge these skill requirements. The O*NET data is a comprehensive de-
scription of the knowledge, skills, and abilities necessary for a comprehensive list of
around 1000 occupations, as well as the activities and tasks typically performed by
workers in each occupation. The data are collected from surveys of large numbers of
workers, human resource and occupation specialists. The data are summarised in rat-
ings on a large number of job-related characteristics on a scale from 1 to 5. A rating of
1 signifies that a characteristic is irrelevant to the job, while a rating of 5 denotes high
relevance. The O*NET data originates from surveys conducted in the US, but they are
designed to capture the characteristics of occupations that are likely to be relevant in
various labour markets. For example, Goos et al. (2014) have applied these data to the
UK labour market. For a more comprehensive understanding of the O*NET data and
our utilization of it, we refer the reader to Appendix A.3.

Our approach to measuring occupational characteristics builds on a substantial body
of literature that utilizes O*NET data to analyze the task-based nature of occupations
and to categorize them based on the similarity of required skills and abilities. The
specific measures we use are similar to those used by researchers such as Acemoglu

A-levels and level 3 NVQs.
6WERS and Census cannot be matched due to ONS confidentiality rules.
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and Autor (2011b), Deming (2017), Autor et al. (2003), and Caines et al. (2017), among
others. Drawing on this work to capture variation in the importance of social skills
across occupations, we use the following dimensions in the O*NET data:

• Work With Work Group or Team: How important is it to work with others in a
group or team in this job?

• Coordinate or Lead Others: How important is it to coordinate or lead others in
accomplishing work activities in this job?

• Social Perceptiveness: To which extent is the worker aware of other parties’
reactions and to which extent does she understand why the other parties react
as they do?

• Coordination: To which extent does the worker adjust her actions to the actions
taken by the other parties?

• Problem Sensitivity: How big is the worker’s ability to tell when something is
wrong or is likely to go wrong?

• Active Listening: To which extent does the worker devote full attention to what
other parties are saying, and how much time does she devote to understand the
points that are made by other parties, asking questions whenever appropriate
and not interrupting at inappropriate times?

• Responsibility for Outcomes and Results: How responsible is the worker for
work outcomes and results of other workers?

• Impact on Others: Complementarity with firm’s other assets.

• Consequence of Error: How serious would the result usually be if the worker
made a mistake that was not readily correctable?

• Impact of Decisions on Co-workers or Company Results: What results do your
decisions usually have on other people or the image or reputation or financial
resources of your employer?

We conduct our analysis at the 4-digit SOC 2010 occupation level, which identifies 361
distinct occupations. We use factor analysis to aggregate the dimensions listed above
into a single score, normalizing the result to fall within a range of 0 to 1. This process
allows us to create a measure that reflects the multifaceted nature of occupational
skills and abilities. A detailed list of these measures at the 4-digit industry level,
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along with the underlying data, code and an explanation of how they are calculated,
can be found in an Online Appendix.7

Throughout this paper we primarily use a discrete version of this measure of the im-
portance of social skills where we divide the sample up into terciles to define our
indicators of occupations with high, intermediate and low levels of social skill inten-
sity (see A.3 for details).8

2.3 Employment growth and age-wage profiles

Employment in occupations where social skills are important increased relative to
those occupations where they are less important. Figure II shows the change in share
of employment between 2004 to 2019 in occupations where the typical formal qual-
ifications requirement of the occupation is high school graduate or less, by the im-
portance of social skills (measured as described above). The share of workers in
occupations where there are low formal qualification requirements has fallen by over
2% in occupations where social skills are less important, and increased by a similar
amount in occupations where social skills are more important.

Figure III shows that, in the raw data, average wages of workers with less education
increase more over the career in occupations where social skills are more important.
Workers in these occupations get on average higher wages with age (experience) rel-
ative to workers in occupations where the requirements for social skills ability are
lower. This is true for both females and males.

Workers in occupations where social skill skills are important may differ on many
characteristics. In Section 3 we will discuss how our econometric analysis controls for
these and other potentially confounding factors. We demonstrate in Section 4 that our
basic results remain robust even after these controls are applied.

7See “How we construct measures of social skills using O*NET data (data and code)” at https:
//www.rachelgriffith.org/soft-skills-and-wage-progression-of.

8The results also hold with the continuous measure.
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FIGURE II. Change in employment shares

Notes: Figure shows changes in share of employment from 2004 to 2019 of workers in occupations
classified by the typical qualification requirements (see Appendix A.2) and the importance of social
skills for that occupation. Low/med/high are defined by terciles of workers based on our aggregate
measure of social skills described in the text.
Source: Authors’ calculations using ONET (2016) matched with employment from the UK ONS An-

nual Population Survey (https://www.nomisweb.co.uk/datasets/aps168).
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FIGURE III. Wage-age profiles by importance of social skills in occupation
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3 An empirical model of tenure wage growth

We develop a panel data specification of log wages for less-educated workers to apply
to our firm-worker data. Figure III showed the simple regression of individual wages
on worker age for less educated workers, and pointed to higher wages and steeper age-
wage profiles for workers in occupations where social skills are important. For less
educated workers wage profiles appear flat except in occupations where social skill
are important. Building on this observation, our objective in this section is to specify
a panel data framework to estimate the impact of working in a social skill intensive
occupation on the tenure-wage profile for a less educated worker, controlling for other
differences across workers, occupations, labour markets and firms.

Our underlying view, which we spell out in the theoretical model developed in Sec-
tion 5, is that social skills are not certifiable and not observable, except through direct
interaction between the worker and employer. Workers who possess social skills can
enhance the productivity of a firm when matched with an occupation that utilises
these social skills. This increased productivity in turn creates a joint surplus that can
be shared between the worker and the firm. When a worker first joins a firm the
wage premium in social skill intensive occupations is small, but thereafter the wage
premium grows with the worker’s tenure in the high social skill intensive occupation
as the firm and the worker learn about the worker’s social skill ability progressively
over time during the match. The speed of this wage growth should depend upon the
worker’s underlying level of social skills. Moreover, whenever the worker’s underly-
ing social skills are revealed to lie below the required level the worker should exit the
firm

3.1 A firm-worker panel data framework

We use the notation j(it) to indicate that worker i is matched to occupation j at time
t, and denote λj(it) as a binary indicator of whether social skills are important in
occupation j: namely, λj(it) = 1 for worker i in a high-λ job in period t and zero
otherwise. We define the wage premium as the fraction of the joint surplus recovered
by worker i in the match with a high-λ job in firm f . Because it takes time and effort
for the firm (and worker) to learn about the potential level of social skills κi, we expect
the premium for worker i will rise with tenure Ti f t in a high-λ job.

To operationalise the learning process we assume that a proportion θ0 of a worker’s
social skills κi are observed upon hiring by firm f and an additional proportion
θ1(Ti f t) is revealed after tenure Ti f t > 0 in a high-λ job. That is, learning about
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social skills in a high-λ job in firm f evolves according to:

θ(Ti f t) = θ0 + θ1(Ti f t), (1)

where 0 ≤ θ(Ti f t) ≤ 1, θ1(Ti f t) is weakly increasing in tenure Ti f t, and where we
normalise θ1(Ti f t) = 0, for Ti f t = 0, so that θ0 recovers the initial proportion of social
skills revealed at the outset of the high-λ job. In the empirical application we allow
θ1(Ti f t) to be a quadratic function of firm tenure Ti f t. We also estimate a flexible
specification for θ1(.) with individual tenure dummies.

As a consequence of the learning process, the size of the wage premium for a worker
i matched with a high-λ job will also increase with tenure Ti f t. This premium for
worker i in a high social skill intensive job is the product of the level of underlying
social skills κi, the learning process (1) and the bargaining share:

α(κi, Ti f t) = α0κi + α1(Ti f )κi, (2)

where again we normalise α1(Ti f ) = 0, for Ti f = 0, so that α0κi measures the wage
premium at the outset of the match. Since social skills cannot be easily verified prior
to a worker joining a firm we expect this initial premium term to be small.

The wage premium (2) contains the main parameters of interest in the wage equation
specification. This term provides the central building blocks for our panel data speci-
fication of individual log wages. In our baseline specification we assume α1(Ti f ) is a
quadratic function of the worker’s tenure Ti f .9

Recalling that λj(it) is a binary indicator equal to one when worker i is in a high-λ
job and assuming the quadratic specification for the tenure profile, the contribution
of the social skill occupation wage premium terms for worker i at tenure Ti f t in firm
f at time t is given by:

α0κiλj(it) + α1Tκiλj(it)Ti f t + α1T2κiλj(it)T
2
i f t (3)

To form our panel data specification for log wages we add this premium term to the
more standard elements of a panel data log wage specification. For worker i at tenure

9We relax this assumption in the robustness analysis.
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Ti f t in firm f at time t we write the log wage as:

ln wij f t =βLiλj(it) + βLTiλj(it)Ti f t + βLT2iλj(it)T
2
i f t

+ βCTCj(it)(Ti f t) + βCT2Cj(it)T
2
i f t

+ βTTi f t + βT2T2
i f t + βEEit + βE2E2

it

+ βFTFTit + βQLQLi + βM Mi

+ βSS f + βPPf + βCCj(it)

+ γi f + ηtr + eij f t,

(4)

where the β∗ are unknown parameters to be estimted.

The first line of the right hand side of the log wage equation (4) is the high-λ wage
premium term for social skill intensive occupations as defined in (2). Note that the
β parameters in this expression is heterogeneous across individuals, reflecting unob-
servable social skill ability κi multiplying each λ in (3). Below we show how our panel
data estimator recovers interpretable averages of these key parameters of interest.

The remaining terms in (4) describe the baseline wage of worker i who is not working
in a social skill intensive occupation. This depends on occupation-level cognitive skills
measure Cj(it) interacted with tenure, firm tenure itself, potential experience Eit, full-
time work FTit, recorded qualifications QLi, gender Mi, firm size Si,10 public sector Pf ,
and the occupation-level cognitive skills measure Cj(it) itself. Notice that although our
focus is on social skills to guard against misspecification we treat occupational-level
cognitive skills symmetrically with social skills.11

The final three terms in (4) represent unobserved components of wages, a worker-
firm effect γi f , a region-time effect ηtr that allows returns to vary over time across
regions, and an idiosyncratic productivity effect eij f t. The assumptions on these terms
are crucial for the identification of the parameters of interest. We discuss threats to
identification below. First we examine the key parameters of interest.

As noted above, the parameters in the wage premium term on the right hand side of
(4) are heterogeneous across individuals i, reflecting unobservable social skill ability
κi in (3). The coefficients that we estimate in our panel data regressions therefore
recover specific averages of these heterogeneous effects. For example, the first term
will identify the average premium for social skills of newly hired to an occupation in

10In the empirical application, firm size is measured at the outset of a job.
11Because we observe, and can control, for a workers’ observed (cognitive skill) qualifications, QLi, the

interpretation of the coefficients on the cognitive skills terms will differ.
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which social skill are important:

E [βLi|T = 0, λ = 1] = E [α0κi|T = 0, λ = 1] . (5)

For each additional year of tenure Ti f t > 0, the second term identifies the average
value of the social skills wage premium for those workers in a high-λ occupation in
firm f at tenure T = Ti f t:

E
[
α1(Ti f t)κi|T = Ti f t, λ = 1

]
. (6)

We interpret the worker-firm effect, γi f , in (4) as capturing the initial productivity
of worker i in firm f . This is assumed to be unobserved to the econometrician, but
observed in the market. For workers observed in a single firm, this is equivalent to an
individual worker effect. As an alternative to this specification, we include a measure
of the initial wage. We assume that the initial wage, and other observable individual
time invariant covariates, capture the level of skills of the worker at entry.12 A further
advantage of the initial wage specification is that it allows us to identify the leading
wage premium term in (4) , βLiλj(it), even when a worker is only observed in a high-λ
job in firm f . We present both specifications in our empirical analysis.

3.2 Identification discussion

Identification of the wage premium term requires that we control for individual het-
erogeneity in the wage specification (4). If we did not, the estimated tenure profile
could spuriously capture the impact of better workers, with higher wages, being re-
tained for longer in the firm. This bias is due to the dependence between unobserved
heterogeneity and tenure duration. We include a worker-firm effect (or the initial
wage) to control for this.

We briefly explore three additional threats to identification.

A first threat to identification is due to endogenous selection in relation to current
period shocks to eij f t. The idiosyncratic shock eij f t can induce a bias in our estimate
of the wage premium profile if these shocks are correlated with worker exits from
the firm. Note that the wage premium term measures the impact of tenure for those
workers in high-λ occupations relative to the impact of tenure on those workers in
low-λ occupations. This latter term is captured by the tenure variables in g(.). In

12This is similar to an idea developed in Blundell et al. (1999, 2002). Conveniently our data contains
pre-sample observations on wages.
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the theoretical model developed in Section 5 we shall assume a ’utility’ shock which
is drawn from the same distribution for all workers. This assumption is sufficient
to eliminate the selection bias. More generally, provided the bias from selective exit
on eij f t is the same across high and low-λ occupations, the estimates of the wage
premium will remain unbiased for the average effects for workers of tenure Ti f t in
high-λ jobs.

A second threat to identification could come from a combination of better firms keep-
ing workers longer and better firms being more likely to use workers with higher
social skills κi. The inclusion of a worker-firm effect controls for this potential bias.

A third threat to identification comes from persistent unobservable shocks. It is possi-
ble that the idiosyncratic shocks eij f t are persistent. We allow for correlation through
robust standard errors but a bias would still occur though if the wage regression in-
cluded past choice variables - for example, past tenure spells in previous firms. That
the ability to work in social skills is hard to verify and transfer across firms, plus the
very flat tenure profiles for less educated workers in occupations where these skills
are less important, suggest past tenure spells are not likely to be a key factor for less
educated workers, given age, qualifications, initial wages, time etc. As a robustness
check we also examine younger workers in their first jobs. We find that our results
pass all these robustness tests.

4 Estimated wage growth in social skill occupations

Before presenting the estimates of the panel data model developed in the previous
section, we first report means of the main variable in Table II. Column (4) shows
the mean across the whole sample, while columns (1)-(3) show the means by the
importance of team work and social skills (λ) in the worker’s occupation.

As can be seen from Table II, an important aspect of the ASHE-Census linked worker-
firm data is that it provides a detailed list of educational qualifications for each worker
even within this less educated sample.

Mean wages are higher in higher λ occupations, as we saw in Figure III. Workers in
higher λ occupations also have other characteristics that are associated with higher
wages, they are more likely to work full time, have longer tenure, are more likely
to work in the public sector, work in occupations where cognitive skills are more
important, have more years of experience, are more likely to be male. We control for
all of these. They also work on average in smaller firms, whereas most of the literature
finds that wages are higher in larger firms.
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The final panel shows the sample size, which includes 39,442 workers who work in
31,770 firms.

TABLE II. Descriptive statistics ASHE-Census

(1) (2) (3) (4)
Importance of social skills

Low Intermediate High All
(λj(it) = 0) (λj(it) = 1)

Job characteristics
Wage (£), wij f t 8.86 9.31 13.3 10.43
Full-time (%), FTi f t 70.5 66.2 89.7 75.2
Tenure (years in firm), Ti f t 5.5 5.5 6.7 5.9
Public sector (%), Pf 19.5 23.8 26.6 23.2
High cognitive skills, Cj(it) 0.210 0.324 0.456 0.327

Worker characteristics
Experience, Ait 12.3 11.4 13.3 12.3
Male (%), Mi 54.6 43.1 65.8 54.3
Initial wage (£), wi0 6.16 6.20 7.46 6.59

No qualifications (%) 11.6 5.6 3.8 7.1
NVQ level 1, foundation GNVQ (%) 20.6 21.4 18.7 20.3
NVQ level 2, intermediate GNVQ (%) 31.0 35.2 32.1 32.8
NVQ level 3, advanced GNVQ (%) 17.5 21.8 24.7 21.2
1-4 O levels, CSE, GCSEs (%) 56.3 56.4 55.6 56.1
5+ O level (passes) (%) 31.0 40.5 47.4 39.4
2+ A levels, VCEs, 4+ AS levels (%) 9.5 14.7 17.7 13.8
Apprenticeship (%) 4.9 5.5 10.4 6.9
Other vocational or work-related qualifications (%) 17.3 19.7 26.1 20.9
Foreign Qualifications (%) 1.7 1.3 1.2 1.4

Firm characteristics
Size (initial employment), S f 0 26,913 27,037 18,377 24,231

Number in our sample
Observations 89,525 87,507 82,980 260,012
Firms 14,881 13,734 13,846 31,770
Workers 21,422 21,566 19,520 39,442

Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET (2016).
Notes: Workers aged 19-39 with highest qualification high school or less.

4.1 Individual wage growth results

Table III presents estimates of the main parameters of interest in the individual wage
growth equation (4), and summarizes the statistical significance of the controls; esti-
mates of the full set of coefficients is shown in Appendix Table B 2.

Our focus is on the variables that characterise the social skills wage premium terms
represented by the first two terms on the right hand side of (4). These are the binary
indicator for an occupation that requires high social skills λj(it), and its interaction
with the worker’s tenure in the firm Ti f t. In Table III this interaction term is specified
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as a quadratic function of tenure in columns (3)-(5), and estimated as a more flexible
function of tenure in columns (6) and (7).

In column (1) we show the raw correlation between log wage and the indicator
dummy for high social skills occupation λj(it). This is positive and statistically signifi-
cant, indicating that on average wages of workers in high social skills occupations are
13 log points higher.

TABLE III. Individual wage growth and social skills

Dependent variable: log(wijk f t) (1) (2) (3) (4) (5) (6) (7)

λj(it) 0.13101*** 0.07736*** 0.05327*** 0.04551*** 0.00596 0.02530** -0.0095
(high social skills) (0.00263) (0.00343) (0.00456) (0.00435) (0.00716) (0.01142) (0.01492)
λj(it) × Ti f t 0.00485*** 0.00489*** 0.00467***
(high social skills times tenure in the firm) (0.0014) (0.00126) (0.00155)
λj(it) × T2

i f t -0.0001 -0.00015** -0.00016**
(high social skills times tenure squared) (0.00007) (0.00006) (0.00007)

wi0 0.03132*** 0.03133***
(initial wage) (0.00072) (0.00072)

F-test and P-values of joint significance:
λj(it) × Ti f t, λj(it) × T2

i f t 15.31 12.81 6.31
F(2, 39441): p-value 0.0000 0.0000 0.0018
λj(it)× tenure dummies 2.58 1.48
F(16,76707): p-value 0.0006 0.0953
Ti f , T2

i f 1503.34 1242.76 1300.94 55.93
F(2, 39441): p-value 0.0000 0.0000 0.0000 0.0000
Tenure dummies 177.88 14.59
F(16,76707): p-value 0.0000 0.0000
Cj(it), Cj(it) × Ti f t, Cj(it) × T2

i f t 1585.87 1289.74 51.65
F(3, 39441): p-value 0.0000 0.0000 0.0000
Cj(it), Cj(it)× tenure dummies 255.45 11.98
F(16,767070): p-value 0.0000 0.0000
Controls 1932.16 1890.99 1289.74 224.00 1183.60 237.79
F(5, 76707): p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Area-year effects 32.72 31.82 36.13 36.11
F(1211, 258775 ): p-value 0.0000 0.0000 0.0000 0.0000
Firm-Worker effects 9.84 9.86
F(76707, 183235 ): p-value 0.0000 0.0000
Year dummies 100.27 97.07
F(15, 76707): p-value 0.0000 0.0000

Fixed-effects
Area-year effects X X X X
Firm-Worker effects X X
Year effects X X

R2 0.195 0.354 0.355 0.421 0.35 0.421 0.351
Observations 260012 260012 260012 260012 260012 260012 260012

Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET (2016).
Notes: Samples include workers aged 19-39 with highest qualification high school or less. Numbers are estimated coefficients with robust standard
errors in parentheses. λj(it) = 1 if the occupation is in the top tercile by importance of social skills, Cj(it) = 1 if the occupation is in the top tercile by
importance of cognitive skills, see Section 2.2. wi0 is initial wage of worker. Controls include initial employer size (S f 0), whether worker is male (Mi),
whether job is full-time (FTi f ), workers experience in years and squared (Ait, A2

it) , workers tenure in the current employer in years and squared (Ti f t,
T2

i f t), whether the employer is a public sector organisation (Pf ), and which qualifications (QLi) the worker has as indicated in the rows of Table A 1
(NVQs by levels, O-level, A-levels, apprenticeships, and other vocational qualifications). Areas are work output areas (there are 76 in our data). The
full set of estimates is shown in Appendix Table B 2. Stars indicate * p<0.1, ** p<0.05, *** p<0.01.

In column (2) we add differential time effects across local areas (work census output
area) and, following the specification of g(.) in wage equation (4), a set of controls
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that includes initial employer size (S f 0), the cognitive skill requirement of the oc-
cupation (interacted with tenure in a symmetric way to high λ), whether worker is
male (Mi), whether job is full-time (FTi f ), workers experience in years and squared
(Ait, A2

it), whether the employer is a public sector organization (Pf ), indicators of
the detailed qualifications (QLi) the worker has (NVQs by levels, O-level, A-levels,
apprenticeships, and other vocational qualifications, see Table A 1), and in columns
(3)-(5) workers tenure in the current employer in years and squared (Ti f t, T2

i f t). These
controls are all statistically significant, as indicated by the F-tests in the bottom panel
of the table (the individual significance of each coefficient is reported in Appendix
Table B 2). The social skills indicator remains significant.

In column (3) we add the interaction between the high social skills indicator, λ, and a
quadratic term in tenure. We see that the linear term is positive and statistically signif-
icant, indicating an increase of 0.5 log points with each year of tenure. In column (4)
we include the worker initial wage as a control for unobserved worker heterogeneity
(see the discussion on Section 3.1). The social skill premium terms remain significant
and of a similar size. There is some indication of curvature in the tenure interaction
effect through a negative quadratic term. In column (5) we include individual worker-
firm effects to control for unobserved heterogeneity. The coefficients on the linear and
quadratic tenure interaction terms are robust to this specification. As workers rarely
move across these broad occupation definitions within a firm, the coefficient on λ

becomes small and insignificant once the worker-firm effect is included. Likewise,
as firms do not move across areas, the area effects are not identified and we include
common year effects.

The results across these first five columns of Table III tell a consistent story. We see
a significantly positive effect of working in a higher λ occupation on wages (except
in column (5) where we include worker-firm effects). As emphasized above, if our
interpretation is correct then we expect that the returns to working in a higher λ

occupation should increase with a worker’s tenure, and more so than workers in low
λ occupations. That is exactly what we see. We interpret this as reflecting the fact
that the ability to engage in effective team work and social skills either take time to
be valued by the firm, or require some firm-specific training to materialize.

The quadratic term in tenure could be overly restrictive, so we also estimate a more
flexible specification by interacting the high λ indicator with a full set of tenure dum-
mies (one for each year of tenure up to 15 and a single dummy for 16 and over). These
estimates are shown in columns (6) and (7) of Table III; the estimated coefficients on
the individual dummies are shown in the Appendix Table B 2. In Figure IV we plot
the tenure dummies from Table B 2 with confidence intervals. Figures (a) and (b)
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show the dummies for the specification with the initial wage to control for worker
heterogeneity and area-year effects, while figures (c) and (d) are for the specification
with firm-worker and year effects. These estimates are in line with the quadratic spec-
ification, indicating an increase of between 0.4 and 0.5 log points with each year of
tenure.

FIGURE IV. Wage growth from working in high λ occupation

(a) mean individual wage growth, initial wage
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(b) difference in mean individual wage growth
between high and low social skill occupations,
initial wage
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(c) mean individual wage growth, firm-worker
effects
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(d) difference in mean individual wage growth
between high and low social skill occupations,
firm-worker effects
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Notes: Figures plot the estimated coefficients and confidence interval for the coefficient
in columns (6) and (7) in Table B 2. Figures (a) and (c) show the dummy vari-
ables in tenure (green dots) and the dummy variables in tenure plus the interaction be-
tween high λ and tenure dummies (red dots); figures (b) and (d) show the difference
between the two (interaction between high λ and tenure dummies).

In our analysis so far we have included a number of controls that allow for differ-
ences in mean log wage. However, it could be that the tenure profiles vary with other
characteristics, for example, we know that women’s wage profiles differ from men’s.
In Table IV we investigate how the returns to team work and social skills vary across
different groups - males (col 1), females (col 2), workers in private sector firms (col
3), public sector organizations including charities (col 4). In column (5) we use infor-
mation only on the first job we observe, and in column (6) on the first job where the
worker started in that job in their 20s. The complete set of coefficient estimates are
displayed in Table B 3, and we present the results from using the equivalent tenure
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dummy specification in Table B 4.13

Our findings in column (6) are particularly interesting. In particular, for young work-
ers in their first observed job, we see that there is little initial premium to working in a
high λ occupation, but that wage growth in such an occupation is considerably higher
than in a low λ occupation, with a 1 log point difference for each year of tenure. This
suggests that there is little information on a worker’s social skills available to firms
early on a worker’s career. The steep wage growth with tenure shows the importance
of learning about social skill ability in the first high-λ job.

TABLE IV. Social skills and Wage growth for different samples

Dependent variable: log(wijk f t) (1) (2) (3) (4) (5) (6)
Male Female Private Public First job First job

started in 20s

λj(it) 0.03566*** 0.06049*** 0.03597*** 0.07376*** 0.01694** 0.00043
(high social skills) (0.00577) (0.00688) (0.00523) (0.00834) (0.00702) (0.00831)
λj(it) × Ti f t 0.00531*** 0.00362* 0.00410** 0.00655*** 0.00892*** 0.01081***
(high social skills times tenure in the firm) (0.00164) (0.00195) (0.00161) (0.00233) (0.00176) (0.00192)
λj(it) × T2

i f t -0.00021** -0.00006 -0.00001 -0.00044*** -0.00032*** -0.00037***
(high social skills times tenure squared) (0.00009) (0.0001) (0.00008) (0.00013) (0.00008) (0.00009)

wi0 0.03160*** 0.02920*** 0.03207*** 0.02512*** 0.03991*** 0.03787***
(initial wage) (0.00079) (0.00099) (0.00078) (0.00091) (0.00082) (0.00091)

F-test and P-values of joint significance:
λj(it) × Ti f , λj(it) × T2

i f 7.67 5.95 21.10 8.41 17.71 23.72
F(2, 1203): p-value 0.0005 0.0027 0.0000 0.0002 0.0000 0.0000
Ti f t, T2

i f t 671.31 930.58 832.68 909.96 1332.99 606.38
F(2, 1203): p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Cj(it) × Ti f t, Cj(it) × T2

i f t 1128.55 498.87 1145.28 269.08 595.14 414.43
F(3, 1203): p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Area-year effects 18.61 18.53 25.90 13.34 12.88 11.83
F(1203, 140142 ): p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Controls 698.00 543.68 1215.09 342.90 658.49 518.93
F(16, 1203): p-value 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Fixed effects
Area-year effects X X X X X X

R2 0.436 0.337 0.433 0.357 0.49 0.484
Observations 141370 118642 199490 60522 141673 116920

Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET (2016).
Notes: Samples include workers aged 19-39 with highest qualification high school or less. Numbers are estimated coefficients with robust
standard errors in parentheses. λj(it) = 1 if the occupation is in the top tercile by importance of social skills, Cj(it) = 1 if the occupation is in the
top tercile by importance of cognitive skills, see Section 2.2. wi0 is initial wage of worker. Controls include initial employer size (S f 0), whether
worker is male (Mi), whether job is full-time (FTi f ), workers experience in years and squared (Ait, A2

it), workers tenure in the current employer
in years and squared (Ti f , T2

i f ), whether the employer is a public sector organisation (Pf ), and which qualifications (QUi) the worker has (NVQ
levels 1, 2, 3, 4-5, 1-4 )-level passes, 2+ A-levels, VCEs, 4+ AS levels, apprenticeship, and other vocational qualification; see Table A 1). The full
set of estimates is shown in Appendix Table B 3. Stars indicate * p<0.1, ** p<0.05, *** p<0.01.

13These results show some differences in returns to social skills across samples, but overall the pattern
of faster wage growth in high λ occupations, relative to workers in low λ occupations, holds in all
samples.
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5 Building a theoretical framework

In the previous section we documented that amongst workers with little or no observ-
able educational qualification, those in occupations where social skills are important
experience stronger wage growth than equivalent workers in occupations where social
skills are not important.

In this section, we present a simple theoretical framework which rationalizes the above
findings. In this model: (i) occupations where social skills are important, i.e. higher-
λ occupations, involve a higher degree of complementarity between the worker and
the firm’s other assets; (ii) a worker’s level of social skills is initially unknown to the
worker and the firm, but progressively revealed to both over the worker’s tenure.

In this setting we show that the wage of a worker with high social skills increases
faster with tenure in occupations where social skills are important, and that workers
who are discovered to have low social skills exit their current job and to a larger extent
from higher -λ jobs.

5.1 The model

Time is discrete and indexed by t. We consider a representative firm which employs
an asset of quality Q which it combines with tasks,14 each of which is performed by
a different worker in on a specific occupation (or job).

5.1.1 Basics

Each task (and its corresponding job) is characterized by a parameter λ ∈ [0, 1] that
quantifies the degree of complementarity between the worker’s quality and the firm’s
asset quality Q. A larger value of λ corresponds to a task requiring a higher degree of
complementarity. Workers vary in their competence to leverage the complementarity
with the firm’s other assets, a capability we denote as κ. We assume that κ can take
only two values, κ ∈ {κ, κ̄}, with κ < κ̄ while λ can take any value between 0 and 1.

At any time t, the extra flow output produced by the worker within the firm is defined
by the following production function:

f (λ, κ, Q) = λQκ + µQ,

14This complementary asset may just boil down to the high-educated employees in the firm, in which
case we can think of Q as the average skill of these high-educated employees.
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where µ is a positive constant. This production function integrates the importance of
social skills in the occupation λ as parametrizing the complementarity between κ, the
worker quality and the firm’s other assets Q. On top of this, the firm also draw its
production directly from its other assets Q.

We assume that initially in period 0 both the representative firm and the worker ignore
the worker’s true social skill capability κ, and we denote by p the ex ante proportion of
high ability workers in the economy, i.e. the ex-ante probability of facing a high ability
worker. The fact that the quality κ is unknown by both the worker and the firm is
consistent with the idea that this is a model or young and inexperienced employees
in their first job with little formal education and easily verifiable skills.

There is progressive (stochastic) learning and over time, the firm updates its informa-
tion about the worker’s capability κ. More precisely, at each period t > 0 the firm and
the worker learn about the true ability κ. We assume the following learning process:
if the received signal is that κ is low (κ = κ) then there is a probability 1 that the true
value of κ is indeed low. This can result from the worker making an obvious error or
revealing itself to have low social skills. However, if the received signal is κ = κ, then
with probability ε, the signal is wrong and the true ability was indeed κ. In addition,
in each period, the worker undergoes a disutility shock and decide whether to leave
the firm by herself (we come back to this point below).

The timing of moves within each period is as follows: (1) the firm updates its infor-
mation about the worker’s capability κ at the beginning of the period; (2) the firm
bargains with its worker, decides whether or not it wants to retain her, and each
worker decides whether or not to leave the firm; (3) production takes place.

5.1.2 Bargaining

At each time t, we assume symmetric Nash bargaining between the firm and each of
its workers. Let w(λ, n) denote the outside option of a worker with tenure n, i.e. who
has been employed by its current firm for n periods, if she leaves the firm and goes
on the market, and let w(n, λ, Q) denote the worker’s wage if she stays with the firm.

There are two reasons a worker can be in the market. The first case is a failure in
wage bargaining because the firm cannot match the outside option. The second case
is the result of the disutility shock. As in Acemoglu and Pischke (1998), workers are
subject to disutility shocks and we assume that the worker decides to leave the initial
firm at the end of the period whenever:

w(λ, n) + Φ̃ > w(n, λ, Q),
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where Φ̃ is a preference shock. We assume that Φ̃ = 0 with probability ϕ and is equal
to a very large number Φ with probability (1− ϕ) so that workers always leave their
current firm whenever Φ̃ = Φ.

The worker’s outside option is w(λ, n), whereas the firm’s outside option is to resort
to a temporary workers provided by a temporary work agency. This is done at a cost
(the markup changed by the temporary work agency) and without any information
on the quality of the temporary worker. The firm’s outside option is then equal to the
expected surplus generated with the temporary worker minus the cost.

5.2 Solving the model

5.2.1 Law of motion

To solve the model, we first need, for any tenure level n, to derive the posterior
probability q(n, ε) that a worker entering the job market after a tenure of n years in
her initial firm be of high ability κ̄. To that end, we need to consider the two possible
reasons that would lead a worker to leave her initial firm: (i) she is of high ability κ̄ or
of low ability κ but subject to a high preference shock (which occurs with probability
(1− ϕ)); (ii) she is of low ability κ and found out to be of low ability (this happens with
probability (1− pn−1)(1− ε)). Bayes’ rule implies that the probability, as assessed by
the market, that a worker leaving her initial firm after an n- year tenure, is of high
ability κ̄, is equal to:

q(n, ε) =
pn−1(1− ϕ)

pn−1(1− ϕ) + (1− pn−1)(1− ε)
,

where pn is the share of κ workers in the firm after n periods. This share evolves with
n according to:

1− pn = (1− pn−1)(1− ε)

which implies:

pn = 1− (1− pn−1)(1− ε) = 1− (1− p)(1− ε)n

It clearly appears that pn is increasing with n and converge to 1 as n goes to infinity:
as tenure increases, the share of κ̄ workers in the firm increases and ultimately ap-
proaches 1 because low κ workers will ultimately be discovered. As a result, q(n, ε) is
also increasing with n: indeed, the higher a worker’s tenure n, the lower the proba-
bility that the worker will be of low ability since every period a low ability worker is
found out by the firm to be of low ability and therefore laid off by the firm; in other
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words, the higher the worker’s tenure, the lower the probability that she will be of
low type because the less likely it is that she will not have been found out being of
low ability before.

5.2.2 Equilibrium and comparative statics

We focus attention on an equilibrium where, for some cut-off λ̄ > 0: (i) at the begin-
ning of each period, a firm chooses to lay off those among its workers which it deems
to be of low ability κ = κ in jobs characterized by λ > λ̄ whereas if λ ≤ λ̄ then the firm
will chose to retain both types of workers. In the latter case, workers of ability κ will
leave the firm only if they receive a disutility shock (with probability ϕ). Appendix D
shows that such an equilibrium exists under suitable parameter restrictions. We now
derive the parameter restrictions that ensure the existence of such an equilibrium.15

The ex-post wage w = w(n, λ, Q) of a worker with tenure n on a λ - job in a firm with
asset quality Q, is determined as follows. Consider first a high-λ job with λ > λ̄.
Then on such a job the firm only bargains with κ̄ workers. Let us assume that the
firm receives the signal that a worker is of κ̄ type. Then the surplus for keeping this
worker is given by:

SF,κ(n, λ, Q) = λQ(pnκ + (1− pn)κ) + µQ− w(n, λ, Q)− (1−ω)[λQκ̂ + µQ]

where κ̂ is the unconditional average value of κ: κ̂ ≡ pκ̄ + (1− p)κ which corresponds
to the average quality of a fall back temporary worker sent by the temporary work
agency, and (1 − ω) is the firm’s share of the surplus generated with this worker
which includes the cost charged by the temporary work agency. The worker’s net
surplus from its relationship with the firm, is equal to:

SW(n, λ, Q) = w(n, λ, Q)− w(λ, n).

If we now assume that the worker receives a fraction β = 1
2 of the total surplus, in

equilibrium we must have SW = SF,κ, so that:

w(n, λ, Q) =
1
2

[
λQ(pnκ + (1− pn)κ − κ̂(1−ω)) + µQω + w(λ, n)

]
(7)

15Note that the model relies on the fact that a worker with revealed capabilities κ in a low λ job would
prefer to leave the firm rather than being reallocated to a low λ job within the firm, even though the
firm might find it profitable to do so. This is due to the fact that the worker is alwyas better off with
an outside option where she can benefit from the uncertainty around her type.
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As in Acemoglu and Pischke (1998), we assume that the outside option wage w(λ, n)
is simply equal to the expected marginal productivity of a worker who leaves its initial
firm, as perceived by the market, namely for a worker with tenure n originating from
a high λ task:

w(λ, n) = E [λQ]Λ(n, ε),

where
Λ(n, ε) = q(n, ε)κ + (1− q(n, ε))κ

is the expected value of κ conditional on entering the job market after a tenure period
of n in the initial firm. We clearly have that w(λ, n) is increasing with tenure n. Note
that the value of the outside option depends upon λ. Indeed, the market knows in
which job the worker was previously employed and from this can infer the value of
q. If the worker was employed on a low λ job, then the market will only infer that
the type of the worker is on average equal to κ̂ as the only reason she will be on
the market in that case, is the preference shock which is independent of the worker’s
ability type. If instead the worker was employed on a λ > λ̄ job, then the market can
more precisely infer the worker’s type as explained above. This establishes:

Proposition 1. In an equilibrium where, for sufficiently high λ, at the beginning of each
period, firms lay off workers on λ - jobs which they deems to be of low ability κ = κ, then the
equilibrium wage of an incumbent worker that remains in the initial firm on a high-λ job, is
increasing with tenure, all the more the higher Q and λ.

Proof. The proof follows direclty from the equilibrium value of w(n, λ, Q) in (7) given
that pn and w(λ, n) are both increasing with tenure.

6 Extending the empirical model of tenure wage growth

The theoretical analysis in the previous section not only rationalized our earlier empir-
ical results, but it also generated additional predictions. More precisely, Proposition
1 stated that workers in social skill occupations should attract a high wage premium
and that incumbent workers that remain in the firm on a higher social skill occupa-
tion should experience faster wage growth with tenure, which is exactly what our
empirical analysis in section 4 revealed. But Proposition 1 also entails two additional
predictions. First, that wage growth in high-lambda occupations should be faster the
higher the quality Q of the firm’s other assets. Second, that over a worker’s tenure,
the worker’s exit should occur faster from a higher-λ occupations. In this section we
take these two additional predictions to the data.

27



We use the share of the firm’s workforce that works in high educated occupations as
our proxy for Q; what we have in mind is the idea that less educated workers in high
social skill occupations have the potential to enhance the productivity of workers in
high educated occupations, for example by facilitating team work and communicating
more effectively. We define a binary indicator Q f that equals unity for firms in which
the share of workers in high educated occupations is above the median. For a less-
educated worker in a high-λ job in a high-Q firm there is an additional premium:

α2κiQ f + α3(Ti f t)κiQ f . (8)

The wage premium terms (2) and (8) are the main parameters of interest in the wage
equation specification. They provide the central building blocks for our panel data
specification of individual log wages. In our baseline specification we assume α1(Ti f )

and α3(Ti f t) are quadratic functions in tenure Ti f .16

Recall that λj(it) is a binary indicator equal unity when worker i is in a high-λ job.
The contribution of the social skill occupation wage premium terms for worker i at
tenure Ti f t in firm f at time t is now given by:

α0κiλj(it) + α1Tκiλj(it)Ti f t + α1T2κiλj(it)T
2
i f t

+α2κiλj(it)Q f + α3Tκiλj(it)Q f Ti f t + α3T2κiλj(it)Q f T2
i f t.

(9)

We bring this premium term together with a more standard panel data log wage
specification. For worker i at tenure Ti f t in firm f at time t we write the log wage as:

ln wij f t =βLiλj(it) + βLTiλj(it)Ti f t + βLT2iλj(it)T
2
i f t

+ βLQiλj(it)Q f + βLQTiλj(it)Q f Ti f t + βLQT2iλj(it)Q f T2
i f t

+ βCTCj(it)(Ti f t) + βCT2Cj(it)T
2
i f t

+ βTTi f t + βT2T2
i f t + βEEit + βE2E2

it

+ βFTFTit + βQLQLi + βM Mi

+ βSS f + βQQ f + βPPf + βCCj(it)

+ γi f + ηtr + eij f t,

(10)

where the β∗ are unknown parameters. The first two lines of the right hand side of
the log wage equation (10) are the two high-λ wage premium terms for social skill
intensive occupations as defined in (2) and (8) respectively. Note that the β parameters

16We relax this assumption in the robustness analysis.
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in these expressions are heterogeneous across individuals, reflecting unobservable
social skill ability κi multiplying each λ in (9). As before our panel data estimator
recovers interpretable averages of these key parameters of interest.

To measure the share of workers in the firm that are high skilled we need information
on the firm’s entire workforce. ASHE is a 1% random sample of the workforce, so
we don’t observe all of the worker in a firm. Therefore we use the link with the
Workplace Industrial Relations Survey (WERS) data. We use data from WERS 2011 at
one point in time. We are not allowed to match both Census 2011 and WERS 2011 to
ASHE.17

To exploit the match with WERS we take a different approach to identifying less
educated workers; this turns out to be a useful robustness check. We identify 4-
digit occupations by the education level that is typically required to do that job, as
identified by the UK immigration regulations. Details of how we do this, and a
comparison with the Census data on actual qualifications by occupation are provided
in A.2. First, in section 2.1, we show that our results using this alternative definition
are similar to those above using actual qualifications obtained by workers in section
4. We then show results using the ASHE data matched to the WERS data to measure
the share of workers in the firm that are high skilled in section 6.2.

6.1 Replicating baseline results using typical qualifications by occu-

pations

We reproduce the baseline results using observed individual qualifications presented
in Section 4.1, to confirm that they hold using the measure of typical qualification
requirement by occupations. This analysis uses a larger sample, because we are not
restricted to individuals who can be matched to the Census data.18 Figure V plots the
estimated tenure dummies which are the equivalent of Figure IV, but use the typical
qualification requirement by occupation rather than the individual qualifications. It
shows a similar picture.

17The data owners of the Census data do not allow it to be matched to WERS because of concerns
about maintaining confidentiality.

18In results available from the authors on request we show that the results in Section 4 also hold in the
larger ASHE sample.
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FIGURE V. Wage growth from working in high λ occupations, using RQF categoriza-
tion of occupations

(a) mean individual wage growth, initial wage
(b) mean individual wage growth, firm-worker
effects

Source: Authors’ calculations using ONS-ASHE (2022) matched with ONET (2016).
Notes: Figure plots the estimated coefficients and confidence interval for the coefficient
on the dummy variables in tenure (green dots) and the dummy variables in tenure
plus the interaction between high social skills and tenure (red dots).

6.2 Variation in the social skills premium across firms

Using the match of data from the WERS survey with the worker-firm panel from
ASHE, we provide estimates where we allow the surplus to vary across firms, ac-
cording to the share complementary assets - a high share of high skilled workers.
Table V describes the data for workers in occupations that typically require low for-
mal qualifications, according to the immigration rules.19 The first two columns are
for workers in jobs where team work and social skills are less important (low λ), the
next two columns are for workers in jobs where team work and social skills are more
important, and the final column for all occupations. Within each value of λ we split
the sample into workers that work for firms where the share of all the workers in
the firm that are high skilled (Q f ) is low and where it is high. We see already in the
descriptive statistics that the wages of workers in occupations that typically require
no qualifications (low skill occupations) are higher in those firms that employ a large
share of high skilled workers, and this is more true in occupations that require team
work and social skills (high λ). Workers also vary in other characteristics across these
samples, so it will be important to control for these differences.

Table VI shows the estimates where we allow the surplus to vary across firms, where
the triple difference between high λj(it) occupation, the share of workers in the firm
that are high skilled (Q f ), and the workers tenure in the firm (Ti f t) is our main interest.

19We confirm that our baseline results hold in this smaller sample in columns (1) and (5) of Table C 1,
which replicates the results in Table III.
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TABLE V. Descriptive statistics, ASHE-WERS

occupation: Low λj(ijt) High λj(ijt) All

firm skill share: low Q f high Q f t low Q f high Q f

Job characteristics
Wage (£), wij f t 8.39 8.81 9.13 10.54 8.88
Full-time (%), FTi f t 46.1 47.2 66.5 70.6 52.4
Tenure (years), Ti f t 4.4 4.6 4.7 5.4 4.6
Public sector (%), Pf 13.8 65 30.2 70.7 34.4
High cognitive skills, Cj(it) 0.281 0.289 0.394 0.4 0.314
Worker characteristics
Experience, Ait 9.7 12.2 10.4 11.6 10.6
Male (%), Mi 52.4 27.5 45.5 38.5 44.5
Initial wage (£), wi0 7.15 7.23 7.35 8.09 7.32
Firm characteristics
Size (employment), S f 0 115,353 22,734 39,509 18,980 73,195
Number in our sample
observations 60,453 23,314 14,402 16,361 114,530
firms 307 399 31 51 788
workers 22,830 8,316 5,378 4,933 41,457

Source: Authors’ calculations using ONS-ASHE (2022) matched with ONET (2016) and ONS-
WERS (2013).
Notes: Data for years 2004-2019 for workers in occupations with low formal educational re-
quirements.

The full set of coefficient estimates is reported in Table C 1. We see that for workers in
occupations with low formal education requirements this triple difference is positive
and statistically significant. Figure VI plots the tenure dummies.

These results show that wage growth is higher for workers in high λ occupations in
firms that employ a higher share of skilled workers. Based on our model of produc-
tion and bargaining within the firm, we interpret this to reflect the complementarity
between high levels of ability for team work and social skills among workers in less
educated occupations and the firms other assets.
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TABLE VI. Wage growth, the role of high-skill firms

Dependent variable: log(wijk f t) (1) (2)

λj(it) -0.01924*** -0.01279***
(high social skills) (0.0053) (0.0047)
λj(it) × Ti f t 0.01043*** 0.00953***
(high social skills times tenure in the firm) (0.0018) (0.00156)
λj(it) × T2

i f t -0.00004 -0.00013
(high social skills times tenure squared) (0.0001) (0.00008)
λj(it) × Ti f t ×Q f 0.00753*** 0.00359*
(high social skills times tenure times high skills share firm) (0.00238) (0.002)
λj(it) × T2

i f t ×Q f -0.00067*** -0.00045***
(high social skills times tenure squared times high skills share firm) (0.00012) (0.0001)
λj(it) ×Q f 0.05438*** 0.04596***
(high social skills times high skills share firm) (0.0092) (0.00844)
Ti f t ×Q f 0.00511*** 0.00404***
(tenure times high skills share firm) (0.00065) (0.00054)
Q f 0.00988** 0.01130***
(high skills share firm) (0.00437) (0.00359)

wi0 0.03957***
(initial wage) (0.00141)

Area-year effects X X

R2 0.254 0.386
Observations 114530 114530

Source: Authors’ calculations using ONS-ASHE (2022) matched with ONET (2016) and
ONS-WERS (2013).
Notes: Sample is workers aged 19-39 in occupations with low formal qualification re-
quirements. λj(it) = 1 if the occupation is in the top tercile by importance of social skills,
Cj(it) = 1 if the occupation is in the top tercile by importance of cognitive skills, see
Section 2.2. wi0 is initial wage of worker. Controls include initial employer size ((S f 0),
whether worker is male (Mi), whether job is full-time (FTi f ), workers experience in years
and squared (Ait, A2

it), workers tenure in the current employer in years and squared (Ti f ,
T2

i f ), whether the employer is a public sector organisation (Pf ). Numbers are coefficients
with robust standard errors in parentheses. Stars indicate * p<0.1, ** p<0.05, *** p<0.01.
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FIGURE VI. Wage growth from working in high λj(it) occupation in firm with high
skill share

(a) Increase in wage growth from working in
high skill share firm
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(b) Increase in wage growth from working in a
high λj(it) occupation

0

.05

.1

.15

Lo
g i

nc
re

as
e i

n w
ag

e

0 1 2 3 4 5 6 7 8 9 10
Years in firm

Low social skill
High social skill

(c) Increase in wage growth from working in a high λj(it) occupation in a high skill
firm
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Source: Authors’ calculations using ONS-ASHE (2022) matched with ONET (2016) and ONS-WERS
(2013).
Notes: Figure plots the estimated coefficients and confidence interval for the coefficient in Table C 1
on : (a) differential dummies on years of tenure comparing the increased wage for working in a high
skill share firm depending on whether the worker works in a low (green) or high (red) λ occupa-
tion. (b) the differential dummies on years of tenure comparing the increased wage for working in
a high λj(it) occupation depending on whether the firm is low (green) or high (red) share of skilled
workers. (c) the difference between the differences in figures (a) and (b).
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6.3 Evidence on exit rates

In our theoretical model analysed in section 5, workers would exit from a high-λ job
in firm f for two reasons. Either their social skills, κi, is revealed to be low and the
firm will not be willing to pay a wage premium, or they draw an adverse productivity
(or utility) shock and choose to exit the firm. Workers who are not in a high-λ job
should exit solely due to an adverse shock to productivity (utility). Consequently, in
the first years of their tenure in firm f , we expect the exit probability to be higher for
workers in high-λ occupations.

To examine this empirically we estimate a model for the probability that a worker i ex-
its firm f at tenure Ti f t. We assume that this probability follows a similar specification
to the main wage equation where we replace the log wage with the exit probability
conditional on being employed in firm f , at tenure Ti f t and time t.

In Table VII we show the estimated coefficients of a linear probability model for the
probability that a worker exits a firm. This is declining in tenure. For workers in
high λ occupations it is higher in the first three years than in lower λ occupations (see
Figure VII for a graphical illustration).

FIGURE VII. Difference in workers’ probability of exit against tenure in high and low
λj(it) occupation
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Source: Authors’ calculations using ONS-ASHE (2022) matched with ONET (2016) and ONS-WERS
(2013).
Notes: Figure plots the estimated coefficients and confidence interval for the coefficient in Table VII

(column 3) on λj(it) × Ti f t = x for all x between 1 and 9.
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TABLE VII. Workers’ probability of exit from firm

Dependent variable: change of firm (1) (2) (3)

λj(it) × Ti f t = 1 0.08389*** 0.07677*** 0.07616***
(high social skills times tenure in the firm is one year) (0.0024) (0.00239) (0.0024)
λj(it) × Ti f t = 2 0.03525*** 0.02808*** 0.02754***

(0.00284) (0.00283) (0.00284)
λj(it) × Ti f t = 3 0.01292*** 0.00607** 0.00542*

(0.00302) (0.00301) (0.00302)
λj(it) × Ti f t = 4 0.00536* -0.0002 -0.00086)=

(0.00321) (0.0032) (0.00321)
λj(it) × Ti f t = 5 0.00459 0.00139 0.00074

(0.00338) (0.00337) (0.00338)
λj(it) × Ti f t = 6 0.00656* 0.00495 0.00429

(0.00355) (0.00354) (0.00355)
λj(it) × Ti f t = 7 0.00719* 0.00665* 0.00604

(0.00369) (0.00368) (0.00368)
λj(it) × Ti f t = 8 -0.00029 -0.00034 -0.00091

(0.00386) (0.00385) (0.00385)
λj(it) × Ti f t = 9 -0.0003 -0.00039 -0.0009

(0.00405) (0.00404) (0.00404)

Ti f t = 1 0.54817*** 0.57486*** 0.57470***
(tenure in the firm is one year) (0.00155) (0.00161) (0.00162)
Ti f t = 2 0.09827*** 0.12299*** 0.12287***

(0.00177) (0.00181) (0.00182)
Ti f t = 3 0.04142*** 0.06469*** 0.06473***

(0.00186) (0.0019) (0.0019)
Ti f t = 4 0.02387*** 0.04384*** 0.04397***

(0.00196) (0.00199) (0.00199)
Ti f t = 5 0.01907*** 0.03488*** 0.03501***

(0.00207) (0.00208) (0.00209)
Ti f t = 6 0.01080*** 0.02318*** 0.02336***

(0.00218) (0.00219) (0.00219)
Ti f t = 7 0.00817*** 0.01767*** 0.01788***

(0.00229) (0.00229) (0.00229)
Ti f t = 8 0.00953*** 0.01650*** 0.01674***

(0.00241) (0.00241) (0.00241)
Ti f t = 9 0.00839*** 0.01333*** 0.01362***

(0.00254) (0.00253) 0.00253)

Experience 0.01134*** 0.01145***
(0.00022) (0.00022)

Experience squared -0.00026*** -0.00026***
(0.00001) (0.00001)

Male -0.00486***
(0.00091)

Full-time 0.00675***
(0.00103)

Public sector -0.01082***
(0.00093)

Constant 0.02740*** -0.08577*** -0.08662***
(0.00093) (0.00205) (0.00221)

R-squared 0.337 0.343 0.343
N 462722 462722 462722

Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET (2016).
Notes: Linear probability model on the probability to change firms. Sample is workers
aged 19-49 with up to high school level qualifications.
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Overall, our empirical results match our theoretical predictions. Workers in occupa-
tions where social skills are more important experience stronger wage growth. This
growth is all the more higher in firms where there is a high share of higher educated
workers. They also experience a higher exit rate at short tenures from firms when
compared to equivalent workers in occupations where social skills matter less.

7 Discussion and concluding comments

In this paper we used new linked administrative data in the UK, combining employee-
employer records on earnings with data on qualifications, to investigate one poten-
tially important driver of individual wage growth amongst less educated workers.
We considered the task content of occupations using O*NET data and showed that
workers in occupations where social skills are important experience stronger wage
growth than equivalent workers in occupations where these skills are not important.
We interpreted these results as suggesting that for workers with lower formal educa-
tion qualifications there is an important role for skills such as teamwork and effective
communication with co-workers in driving individual wage growth.

We then developed a simple theoretical model to rationalize these findings. We
posited that these wage growth results reflect a complementarity of these team and
social skills with the skill intensive assets of the firm. The model generated two ad-
ditional predictions, which we took to matched firm-worker data. First, we found
a steeper tenure-wage profile for workers in high social skills jobs in firms with a
higher share of complementary assets, namely with a higher share of highly educated
workers. Second, we found higher exit rates at short tenures for workers in higher
social skill jobs.

Our analysis can be extended in several directions. First, to look at whether the less
educated workers that yield more return to social skills are more “relational”. A
second idea is to explore whether our main effects are stronger in more competitive
sectors or in areas where potential replacements for incumbent workers in low skilled
occupations are of lower quality.

One response to the decline in social and income mobility, and more generally to
the surge in earnings inequality over the past decades, has been to increase taxes
and subsidies in order to foster redistribution. And in some countries such as the
UK, taxes and benefits have been quite effective at boosting incomes at the bottom of
the income distribution until quite recently (e.g. see Blundell et al., 2018). However,
relying exclusively on the tax/subsidy lever is costly, it is insufficient to restore social
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and income mobility, and does little to enhance individual wage growth.20

Our work has implications for designing policies that aim to foster individual wage
growth for less educated workers. Policies that promote jobs where low educated
workers have the opportunity to increase their marginal productivity over time, so
experience wage growth, would both improve efficiency and equity. One clear policy
direction from our work is to investigate the possibility of developing a system of
carefully designed employer-based accredited qualifications in social skills.

20In the UK, spending on working age benefits, as a percentage of GDP, have nearly doubled between
the end of the 1990s and the mid-2010s; while this has kept inequality from increasing it is a difficult
level of expenditure to sustain.

37



References

Abowd, John M., Francis Kramarz, and David N. Margolis, “High Wage Workers
and High Wage Firms,” Econometrica, 1999, 67 (2), 251–333.

Acemoglu, Daron, “Technical Change, Inequality, and the Labor Market,” Journal of
Economic Literature, mar 2002, 40 (1), 7–72.

and David H. Autor, “Skills, Tasks and Technologies: Implications for Employment
and Earnings,” in “Handbook of Labor Economics” number 4. In ‘Orley Ashenfelter
and David E. Card (Eds.),.’, Amsterdam: Elsevier, 2011, pp. 1043–1171.

and , “Skills, Tasks and Technologies: Implications for Employment and Earn-
ings,” in “Handbook of Labor Economics” number 4. In ‘Orley Ashenfelter and
David E. Card (eds.),.’, Amsterdam: Elsevier, 2011, pp. 1043–1171.

and Steffen Pischke, “Why Do Firms Train? Theory and Evidence,” Quarterly
Journal of Economics, 1998, 113 (1), 79–119.

Adda, Jérôme and Christian Dustmann, “Sources of Wage Growth,” Journal of Politi-
cal Economy, February 2023, 131 (2), 456–503.

Autor, David H., Frank Levy, and Richard J. Murnane, “The Skill Content of Re-
cent Technological Change: An Empirical Exploration,” The Quarterly Journal of Eco-
nomics, January 2003, 118 (4), 1279–1333.

Autor, David H, Lawrence F Katz, and Melissa S Kearney, “The Polarization of the
U.S. Labor Market,” American Economic Review, 2006, 96 (2), 35.

Barrera-Osorio, Felipe, Adriana D Kugler, and Mikko I Silliman, “Hard and Soft
Skills in Vocational Training: Experimental Evidence from Colombia,” Working Pa-
per 27548, National Bureau of Economic Research July 2020.

Battiston, Diego, Jordi Blanes i Vidal, and Tom Kirchmaier, “Is distance dead?
Face-to-face communication and productivity in teams,” Discussion Paper DP11924,
CEPR 2017.

Beaudry, Paul, David A. Green, and Benjamin M. Sand, “The Great Reversal in the
Demand for Skill and Cognitive Tasks,” Journal of Labor Economics, January 2016, 34
(S1), S199–S247.

Blundell, Richard, Monica Costa Dias, Costas Meghir, and Jonathan Shaw, “Female
Labor Supply, Human Capital, and Welfare Reform,” Econometrica, 2016, 84 (5),
1705–1753.

38



, Monica Costa-Dias, David Goll, and Costas Meghir, “Wages, Experience, and
Training of Women over the Life Cycle,” Journal of Labor Economics, January 2021, 39
(S1), S275–S315.

, Rachel Griffith, and Frank Windmeijer, “Individual effects and dynamics in count
data models,” Journal of econometrics, 2002, 108 (1), 113–131.

, , and John Van Reenen, “Market share, market value and innovation in a panel
of British manufacturing firms,” The Review of Economic Studies, 1999, 66 (3), 529–554.

, Robert Joyce, Agnes Norris Keiller, and James P. Ziliak, “Income Inequality and
the Labour Market in Britain and the US,” Journal of Public Economics, June 2018,
162, 48–62.

Bonhomme, Stephane, Thibaut Lamadon, and Elena Manresa, “A Distributional
Framework for Matched Employer Employee Data,” Econometrica, May 2019, 87 (3),
699–739.

Brewer, Mike and Hilary Hoynes, “In-Work Credits in the UK and the US,” Fiscal
Studies, 2019, 40 (4), 519–560.

Brunello, Giorgio and Lorenzo Rocco, “The labor market effects of academic and
vocational education over the life cycle: Evidence based on a British cohort,” Journal
of Human Capital, 2017, 11 (1), 106–166.

Caines, Colin, Florian Hoffmann, and Gueorgui Kambourov, “Complex-Task Biased
Technological Change and the Labor Market,” Review of Economic Dynamics, April
2017, 25, 298–319.

Card, David, Ana Rute Cardoso, Jorg Heining, and Patrick Kline, “Firms and La-
bor Market Inequality: Evidence and Some Theory,” NBER Working Papers 22850,
National Bureau of Economic Research, Inc November 2016.

Carruthers, Celeste and Christopher Jepsen, “Vocational education: an international
perspective,” Working Paper 8718, CESifo 2020.

Castex, Gonzalo and Evgenia Kogan Dechter, “The Changing Roles of Education
and Ability in Wage Determination,” Journal of Labor Economics, 2014, 32 (4), 26.

Cortes, Guido Matias, Nir Jaimovich, and Henry E Siu, “The Growing Importance
of Social Tasks in High-Paying Occupations: Implications for Sorting,” Journal of
Human Resources, 2021, p. 29.

Deming, David, “Why Do Wages Grow Faster for Educated Workers?,” June 2023.

39



Deming, David J., “The Growing Importance of Social Skills in the Labor Market,”
The Quarterly Journal of Economics, November 2017, 132 (4), 1593–1640.

Edin, Per-Anders, Peter Fredriksson, Martin Nybom, and Björn Öckert, “The Rising
Return to Noncognitive Skill,” American Economic Journal: Applied Economics, April
2022, 14 (2), 78–100.

Forth, John and Van Phan, “User Guide for Drop 1 of the ASHE-Census 2011
Dataset,” WED methodology paper, April 2022, https://www.wagedynamics.com/wp-
content/uploads/2022/05/ASHE-CEW11-User-Guide-Version-1.1-Drop-1.pdf.

Gibbons, Robert and Lawrence Katz, “Does unmeasured ability explain inter-
industry wage differentials?,” The Review of Economic Studies, 1992, 59 (3), 515–535.

Goldin, Claudia and Lawrence F. Katz, The Race between Education and Technology,
Belknap Press, 2010.

Goos, Maarten, Alan Manning, and Anna Salomons, “Explaining Job Polarization:
Routine-Biased Technological Change and Offshoring,” American Economic Review,
August 2014, 104 (8), 2509–2526.

Groshen, Erica L, “Sources of intra-industry wage dispersion: How much do employ-
ers matter?,” The Quarterly Journal of Economics, 1991, 106 (3), 869–884.

Hanushek, Eric A, Guido Schwerdt, Ludger Woessmann, and Lei Zhang, “Gen-
eral education, vocational education, and labor-market outcomes over the lifecycle,”
Journal of human resources, 2017, 52 (1), 48–87.

Heckman, James J. and Tim Kautz, “Hard Evidence on Soft Skills,” Labour Economics,
August 2012, 19 (4), 451–464.

HomeOffice, “Immigration Rules Appendix J: Codes of Practice for Skilled Work,”
https://assets.publishing.service.gov.uk/government/uploads/system/uploads/attachment_data/file/941059/Immigration_Rules_-
_Archive_05-10-2020.pdf, June 2020, accessed June 2020.

Hurst, Erik, Yona Rubinstein, and Kazuatsu /shimizu, “Task-Based Discrimination,”
NBER WP 29022, July 2021.

Krusell, Per, Lee E Ohanian, José-Víctor Ríos-Rull, and Giovanni L Violante,
“Capital-skill complementarity and inequality: A macroeconomic analysis,” Econo-
metrica, 2000, 68 (5), 1029–1053.

Lagakos, David, Benjamin Moll, Tommaso Porzio, Nancy Qian, and Todd Schoell-
man, “Life-Cycle Wage Growth across Countries,” Journal of Political Economy, 2017.

40



Lindqvist, Erik and Roine Vestman, “The Labor Market Returns to Cognitive and
Noncognitive Ability: Evidence from the Swedish Enlistment,” American Economic
Journal: Applied Economics, January 2011, 3, 101–128.

Michaels, Guy, Ashwini Natraj, and John Van Reenen, “Has ICT Polarized Skill
Demand? Evidence from Eleven Countries over Twenty-Five Years,” The Review of
Economics and Statistics, March 2014, 96 (1), 60–77.

Mincer, Jacob A., Schooling, Experience, and Earnings, NBER, 1974.

ONET, “O*NET Database,” https://www.onetcenter.org/db_releases.html, November 2016,
Version 21.1.

ONS-ASHE, “Annual Survey of Hours and Earnings (ASHE),”
https://doi.org/10.57906/x25d-4j96, October 2022, Version 2.0.2.

ONS-ASHE-Census, “Annual Survey of Hours and Earnings Linked to 2011 Census -
England and Wales,” https://doi.org/10.57906/80f7-te97, September 2022, Version 1.1.5.

ONS-CPI, “Consumer Price Index (CPI), All Items 2015=100,”
https://www.ons.gov.uk/economy/inflationandpriceindices/timeseries/l522/mm23, Febru-
ary 2023.

ONS-WERS, “Workplace Employment Relations Survey (WERS),”
https://doi.org/10.57906/0mr2-we17, October 2013, Version 1.1.1.

Postel–Vinay, Fabien and Jean-Marc Robin, “Equilibrium Wage Dispersion with
Worker and Employer Heterogeneity,” Econometrica, 2002, 70 (6), 2295–2350.

Rodrik, Dani and Stefanie Stantcheva, “A Policy Matrix for Inclusive Prosperity,”
Working Paper 28736, National Bureau of Economic Research April 2021.

Silliman, Mikko and Hanna Virtanen, “Labor market returns to vocational sec-
ondary education,” Working Papers 65, ETLA 2019.

Weinberger, Catherine J, “The increasing complementarity between cognitive and
social skills,” Review of Economics and Statistics, 2014, 96 (5), 849–861.

41



Appendix

A Data

We use data from the Annual Survey of Hours and Earnings (ASHE) matched to the
Census 2011 (ONS-ASHE-Census (2022)) and separately ASHE (ONS-ASHE (2022))
matched to the Workplace Employment Relations Survey (WERS) 2011 (ONS-WERS
(2013)). We were not allowed to match ASHE-Census to WERS due to concerns about
maintaining anonymity of individuals in the data. We match both of these datasets to
the O*NET database (ONET (2016)).

A.1 ASHE

A.1.1 ASHE-Census

ASHE is longitudinal data that follow a random sample of 1% of the UK working
population and is collected by the Office of National Statistics (ONS). ASHE contains
detailed information on earnings, hours of work, gender, age, tenure, occupation and
travel to work area. It records the employer, and this can be matched to information
about the employer. ASHE does not contain information on qualification.

ASHE has been matched to the 2011 Census, which includes detailed information on
individual’s qualifications. The resulting database contains panel data on all individ-
uals that were in the ASHE data in 2011 and could be matched to the Census. Forth
and Phan (2022) explain the data and methods of matching in detail.

We use data for the period 2003-2018. We use information on all (male and female)
workers aged 19-39. Table A 1 shows the detailed qualifications of all observations
in the data. Table A 2 shows the distribution of qualifications for the sample of less
educated workers aged 19-39 that we consider.
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TABLE A 1. Qualifications, all ASHE-Census

Qualification level

International definition: High school drop out High school Higher education

UK definition: None Level 1 Level 2 Level 3 Level 4 Other All

Detailed UK definition:
no qualifications 100 0 0 0 0 0 7.5
NVQ level 1, foundation GNVQ 0 15.9 17.4 17 6.6 0 11.2
NVQ level 2, intermediate GNVQ 0 0 52.1 34.7 14.5 0 21.5
NVQ level 3, advanced GNVQ 0 0 0 68.7 18.4 0 17.4
NVQ level4-5, HNC, HND 0 0 0 0 20.1 0 7.4
1-4 O levels, CSE, GCSEs 0 94.6 42.9 49.7 40 0 46.3
5+ O level (passes) 0 0 53.4 52.6 70.7 0 45.3
2+ A levels, VCEs, 4+ AS levels 0 0 0 36.3 50.3 0 24.1
degree (eg: BA, BSc) 0 0 0 0 64.9 0 23.9
apprenticeship 0 0 14 11.4 4.8 0 6.4
professional qualifications 0 0 0 0 51.5 0 19
other vocational or work-related qualifications 0 19 25.5 28.8 23.9 61.7 23.7
Foreign Qualifications (UK equivalents not stated) 0 0 0 0 0 38.2 1.3
foreign qualifications 0 1.1 1.4 1.9 5.8 41.5 4.3

Number obs 79772 166633 219404 163597 389156 36909 1055471
Number individuals 7283 14971 20598 15479 35850 3771 97952

Source: Authors’ calculations using ONS-ASHE-Census (2022). Notes: Workers of all ages. Figures are share of workers in each column with the row
qualification (workers can have more than one qualification so numbers don’t sum to 100 in the columns). NVQ: National Vocational Qualifications,
GNVQ: General NVQ, HNC: Higher National Certificate, HNC: Higher National Diploma, O-level: ordinary level, typically taken at age 16, A-Levels:
Advanced-levels, typically taken at age 18, CSE: Certificate of Secondary Education, GCSE: General CSE, VCE: Vocational Certificate of Education.
For details on the classification of UK qualifications, see https://www.gov.uk/what-different-qualification-levels-mean/list-of-qualification-levels

TABLE A 2. Qualifications, our sample, high school or less, aged 19-39

Qualification level

International definition: High school drop out High school Higher education

UK definition: None Level 1 Level 2 Level 3 Level 4 Other All

Detailed UK definition:
no qualifications 100 0 0 0 0 0 7.1
NVQ level 1, foundation GNVQ 0 20.9 23.2 20.9 0 0 20.2
NVQ level 2, intermediate GNVQ 0 0 56.1 37.7 0 0 32.7
NVQ level 3, advanced GNVQ 0 0 0 63.9 0 0 21.2
NVQ level4-5, HNC, HND 0 0 0 0 0 0 0
1-4 O levels, CSE, GCSEs 0 94.6 46.7 50.8 0 0 56.1
5+ O level (passes) 0 0 55.5 58.4 0 0 39.4
2+ A levels, VCEs, 4+ AS levels 0 0 0 41.6 0 0 13.8
degree (eg: BA, BSc) 0 0 0 0 0 0 0
apprenticeship 0 0 9.9 9.8 0 0 6.8
professional qualifications 0 0 0 0 0 0 0
other vocational or work-related qualifications 0 17.1 22.6 26.1 0 0 20.9
Foreign Qualifications (UK equivalents not stated) 0 0 0 0 0 0 0
foreign qualifications 0 1.1 1.4 1.7 0 0 1.3

Number obs 18462 61494 93675 86381 0 0 260012
Number individuals 3135 9972 14389 11946 0 0 39442

Source: Authors’ calculations using ONS-ASHE-Census (2022). Notes: Workers aged 19-39. See notes to Table A 1.

A.2 ASHE-WERS

In order to investigate how the returns to working in a high social skill occupation
vary with characteristics of the firm we use ASHE (ONS-ASHE 2022) matched to
WERS (ONS-WERS 2013). We are not allowed to match the Census data to WERS due
to concerns about maintaining the confidentiality of workers. WERS is a national sur-
vey of the state of employment relations and working life inside British workplaces.

To measure the typical educational requirements of each occupation we use a map-
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ping of the UK Regulatory Qualifications Framework (RQF)21 to 4-digit occupation
codes that was used by the UK government for immigration purposes until 2020
(when immigration regulation in the UK changed). Appendix J of the immigration
regulation provides a definition of the typical educational requirements for each oc-
cupation (HomeOffice (2020)). We aggregate these to three educational categories -
high school drop out, high school graduate, higher education - that map to the three
categories of qualifications described in Section 2.1.

• None; equivalent of high school drop out; no or low formal educational require-
ments; UK level 1 or 2; occupations in this category include assemblers, clerical,
secretaries, cleaners, security drivers, technicians, sales.

• High school; UK level 3 or vocational, typically requires A-level (the equiv-
alent of high school in the US) or some basic professional qualification; this
includes trades, specialist clericals, associate professionals, medical or IT techni-
cians, some managerial occupations.

• Higher education; UK level 4 typically requires higher education or an ad-
vanced professional qualification; this includes most managerial and executive
occupations, engineers, scientists, R&D manager, bankers, other professions.

Table A 3 compares workers qualifications with the skill requirements of the occupa-
tion they work in. There is a strong correlation between these two measures, though
clearly they differ. Some people with a higher education degree work in low skilled
jobs, and some people without any formal qualifications manage to get jobs in occu-
pations where a degree is typically required.

21This framework is regulated by Ofqual (the regulator of qualifications and exams) that defines the
qualifications shown in Table I.
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TABLE A 3. Comparison of worker’s qualifications and skill requirements of occupa-
tion

Skill requirements of occupation

Qualifications None High Higher All
school education

High school Observations 133306 51169 14574 199049
drop out row % 67% 26% 7% 100%

col % 59% 42% 13% 44%

High school Observations 37603 23099 8268 68970
graduate row % 55% 33% 12% 100%

col % 17% 19% 8% 15%

Higher Observations 53368 46327 87284 186979
education row % 29% 25% 47% 100%

col % 24% 38% 79% 41%

All Observations 224277 120595 110126 454998
row % 49% 27% 24%
col % 100% 100% 100% 100%

Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET
(2016).

A.3 O*NET

We use data from the O*NET database (ONET 2016) to classify the task and skill
content of occupations by the importance of cognitive and social skill requirements.
There is a large literature that uses O*NET to categories the tasks, abilities, and knowl-
edge that are associated with different occupations. Related to our work are Caines et
al. (2017), Deming (2017), Acemoglu and Autor (2011b), Autor et al. (2003), amongst
others.

The O*NET data describe the mix of knowledge, skills and abilities required in an
occupation and the activities and tasks performed on that occupation. Workers are
surveyed across occupations and asked to grade various characteristics or “dimen-
sions” from 1 (when this dimension is not relevant to the workers’ occupation) to 5
(when this dimension is very relevant to the workers’ occupation). The O*NET data
is based on surveys of workers and experts in the US. Goos et al. (2014) apply these
data to the UK labour market.

Our analysis is performed at the 4-digit SOC 2010 occupation level, which identi-
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fies 361 occupations. A detailed list of these measures at the 4-digit industry level,
along with the underlying data, code and an explanation of how they are calcu-
lated, can be found in an Online Appendix, “How we construct measures of so-
cial skills using O*NET data (data and code)” at https://www.rachelgriffith.
org/soft-skills-and-wage-progression-of.

We aggregate the relevant dimensions of social skills and of cognitive skills into a
single score for each skill measure using factor analysis. We normalize the measure
so as to lie between 0 and 1.

The details of the measurement of social skills are described in main paper. To mea-
sure cognitive skills across occupations, we consider the following dimensions in the
O*NET.

Cognitive skill requirements

1. Category Flexibility: The ability to generate or use different sets of rules for
combining or grouping things in different ways.

2. Deductive Reasoning: The ability to apply general rules to specific problems to
produce answers that make sense.

3. Fluency of Ideas: The ability to come up with a number of ideas about a topic
(the number of ideas is important, not their quality, correctness, or creativity).

4. Inductive Reasoning: The ability to combine pieces of information to form gen-
eral rules or conclusions (includes finding a relationship among seemingly un-
related events).

5. Mathematical Reasoning: The ability to choose the right mathematical methods
or formulas to solve a problem.

6. Information Ordering: The ability to arrange things or actions in a certain order
or pattern according to a specific rule or set of rules (e.g., patterns of numbers,
letters, words, pictures, mathematical operations).

7. Number Facility: The ability to add, subtract, multiply, or divide quickly and
correctly.
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B Empirical results using ASHE-Census

Table B 1 shows with our data that tenure, moving firm and moving occupation have
similar orders of magnitude effects on wages.

Table B 2 presents the full set of parameter estimates that are summarised in Table III
in the paper.

Table B 3 presents the full set of parameter estimates that are summarised in Table IV
in the paper.

Table B 4 shows the dummy variable equivalent of Table IV in the paper.

TABLE B 2. Individual wage growth, aged 19-39

Dependent variable: log(wijk f t)

(1) (2) (3) (4) (5) (6) (7)

λj(it) 0.13101*** 0.07736*** 0.05327*** 0.04551*** 0.00596 0.02530** -0.0095
(high social skills) 0.00263 0.00343 0.00456 0.00435 0.00716 0.01142 0.01492
λj(it) × Ti f 0.00485*** 0.00489*** 0.00467***
(high social skills times tenure in the firm) 0.0014 0.00126 0.00155
λj(it) × T2

i f -0.0001 -0.00015** -0.00016**
(high social skills time tenure squared) 0.00007 0.00006 0.00007
Cj(it) 0.27218*** 0.19125*** 0.21842*** 0.19881*** -0.02106*** 0.23169*** 0.01665
(high cognitive skills) 0.00261 0.00329 0.00482 0.00462 0.00737 0.01169 0.01561
Cj(it) × Ti f -0.00648*** -0.00622*** 0.01035***
(high cognitive skills times tenure) 0.0014 0.00127 0.00156
Cj(it) × T2

i f 0.00021*** 0.00017*** -0.00029***
(high cognitive skills times tenure squared) 0.00007 0.00006 0.00008
wi0 0.03132*** 0.03133***
(initial wage) 0.00072 0.00072
Ti f 0.01637*** 0.01698*** 0.01844*** 0.00573***
(tenure) 0.00047 0.00051 0.00051 0.00083
T2

i f -0.00036*** -0.00040*** -0.00051*** -0.00035***
(tenure squared) 0.00002 0.00003 0.00003 0.00003
S f 0 0.00368*** 0.00366*** 0.00365*** 0.00363***
(initial firm size) 0.00032 0.00032 0.00029 0.00029
Mi 0.09652*** 0.09661*** 0.07979*** 0.07996***
(male) 0.00177 0.00177 0.00169 0.00169
FTi f t 0.11647*** 0.11627*** 0.11072*** -0.05256*** 0.11056*** -0.05340***
(full-time) 0.00216 0.00217 0.00196 0.00317 0.00196 0.00316
Pf 0.03064*** 0.03051*** 0.03665*** 0.05877*** 0.03662*** 0.05919***
(public sector) 0.00253 0.00253 0.00208 0.00726 0.00207 0.0073
Ait 0.03752*** 0.03755*** 0.03670*** 0.00503* 0.03685*** 0.00591**
(experience) 0.00058 0.00058 0.00058 0.00286 0.00057 0.00283
A2

it -0.00096*** -0.00096*** -0.00105*** -0.00081*** -0.00105*** -0.00083***
(experience squared) 0.00002 0.00002 0.00002 0.00003 0.00002 0.00003
1-4 O levels, CSE, GCSEs 0.00869*** 0.00871*** 0.01157*** 0.01157***

0.00149 0.00149 0.00144 0.00144
NVQ level 1, foundation GNVQ -0.02324*** -0.02320*** -0.01688*** -0.01689***

0.00162 0.00162 0.00154 0.00153
5+ O level (passes) 0.06969*** 0.06969*** 0.06193*** 0.06192***

0.00168 0.00168 0.00159 0.00159
NVQ level 2, intermediate GNVQ -0.02348*** -0.02340*** -0.01833*** -0.01830***

0.0014 0.00139 0.00133 0.00133
Apprenticeship 0.06618*** 0.06608*** 0.06223*** 0.06222***

0.00296 0.00296 0.00292 0.00292
2+ A levels, VCEs, 4+ AS levels 0.05189*** 0.05181*** 0.04468*** 0.04473***

0.00216 0.00215 0.00191 0.00192
NVQ level 3, advanced GNVQ 0.01779*** 0.01780*** 0.02274*** 0.02277***

0.00149 0.00149 0.00139 0.00139
Other vocational 0.03100*** 0.03102*** 0.02810*** 0.02806***

0.00156 0.00157 0.0015 0.0015
no qualifications -0.08864*** -0.08856*** -0.07322*** -0.07308***

0.00265 0.00265 0.00257 0.00257
Continued on next page
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(1) (2) (3) (4) (5) (6) (7)
Foreign Qualifications -0.02748*** -0.02743*** -0.06619*** -0.06650***

0.0055 0.00551 0.00523 0.00524
Continued on next page
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(1) (2) (3) (4) (5) (6) (7)
λj(it) × Ti f = 1 0.03465*** 0.02361*
(high social skills times tenure is one year) 0.01272 0.01414
λj(it) × Ti f = 2 0.03420*** 0.01991

0.01252 0.01429
λj(it) × Ti f = 3 0.03397** 0.02787*

0.01346 0.01451
λj(it) × Ti f = 4 0.02527* 0.02766*

0.01311 0.01473
λj(it) × Ti f = 5 0.02995** 0.03370**

0.01351 0.01509
λj(it) × Ti f = 6 0.03966*** 0.03826**

0.01362 0.01537
λj(it) × Ti f = 7 0.04368*** 0.04381***

0.01453 0.01537
λj(it) × Ti f = 8 0.04154*** 0.04447***

0.01433 0.01566
λj(it) × Ti f = 9 0.05836*** 0.04680***

0.01574 0.01594
λj(it) × Ti f = 10 0.05210*** 0.04604***

0.01551 0.01625
λj(it) × Ti f = 11 0.06520*** 0.04377***

0.01672 0.01676
λj(it) × Ti f = 12 0.06826*** 0.06011***

0.01722 0.01719
λj(it) × Ti f = 13 0.06044*** 0.04639***

0.01721 0.01724
λj(it) × Ti f = 14 0.07031*** 0.04636***

0.01959 0.01738
λj(it) × Ti f = 15 0.06643*** 0.03829**

0.01866 0.01806
λj(it) × Ti f = 16 0.05731*** 0.04443***

0.01404 0.01694
Continued on next page
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(1) (2) (3) (4) (5) (6) (7)
Cj(it) × Ti f =1 -0.04175*** -0.03547**
(high cognitive skills times tenure is one year) 0.01273 0.01468
Cj(it) × Ti f =2 -0.05593*** -0.02622*

0.01277 0.01487
Cj(it) × Ti f =3 -0.06160*** -0.01597

0.01291 0.01513
Cj(it) × Ti f =4 -0.05415*** -0.0016

0.0138 0.01535
Cj(it) × Ti f =5 -0.04733*** 0.01353

0.01415 0.01575
Cj(it) × Ti f =6 -0.05463*** 0.02088

0.01422 0.01598
Cj(it) × Ti f =7 -0.06340*** 0.02279

0.01445 0.016
Cj(it) × Ti f =8 -0.05107*** 0.03771**

0.01465 0.01629
Cj(it) × Ti f =9 -0.08183*** 0.03300**

0.01573 0.01657
Cj(it) × Ti f =10 -0.07954*** 0.03996**

0.01589 0.01691
Cj(it) × Ti f =11 -0.08557*** 0.04065**

0.01688 0.01733
Cj(it) × Ti f =12 -0.07952*** 0.04094**

0.01722 0.01764
Cj(it) × Ti f =13 -0.08554*** 0.04263**

0.01823 0.01782
Cj(it) × Ti f =14 -0.08775*** 0.05421***

0.01912 0.01794
Cj(it) × Ti f =15 -0.09242*** 0.05322***

0.01892 0.01865
Cj(it) × Ti f =16 -0.09762*** 0.04383**

0.01449 0.01759
Continued on next page
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(1) (2) (3) (4) (5) (6) (7)
Ti f =1 0.02817*** 0.01767***
(tenure is one year) 0.00386 0.00391
Ti f =2 0.05383*** 0.02936***

0.00399 0.00407
Ti f =3 0.07004*** 0.03433***

0.00421 0.00428
Ti f =4 0.08789*** 0.04145***

0.00412 0.00459
Ti f =5 0.09865*** 0.04425***

0.00426 0.00494
Ti f =6 0.11028*** 0.04405***

0.00447 0.00529
Ti f =7 0.12105*** 0.04337***

0.00486 0.00566
Ti f =8 0.12447*** 0.03810***

0.00492 0.00605
Ti f =9 0.13512*** 0.03574***

0.00559 0.00657
Ti f =10 0.14573*** 0.03175***

0.00528 0.00693
Ti f =11 0.15062*** 0.03301***

0.00561 0.00734
Ti f =12 0.15004*** 0.02264***

0.00607 0.00777
Ti f =13 0.16554*** 0.02381***

0.00617 0.00825
Ti f =14 0.16440*** 0.01530*

0.00649 0.00859
Ti f =15 0.16931*** 0.01603*

0.00718 0.00924
Ti f =16 0.18384*** 0.01512

0.00499 0.00954
Continued on next page
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(1) (2) (3) (4) (5) (6) (7)
Constant 2.12544*** 1.60030*** 1.59929*** 1.43803*** 1.90973*** 1.42228*** 1.89185***

0.00081 0.00478 0.00476 0.00598 0.01548 0.00659 0.0156

Area-year effects X X X X
Firm-Worker effects X X
Year effects X X
R2 0.195 0.354 0.355 0.421 0.35 0.421 0.351
Observations 260012 260012 260012 260012 260012 260012 260012

Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET (2016).

Notes: Samples includes workers aged 19-39 with highest qualification high school or less. Numbers are estimated coefficients

with robust standard errors in parentheses. Stars indicate * p<0.1, ** p<0.05, *** p<0.01.

TABLE B 4. Dummies of tenure specification, aged 19-39

Dependent variable: log(wijk f t)

(1) (2) (3) (4) (5) (6)
Male Female Private Public First job First job

started in 20s
λj(it) 0.02351 0.03517** 0.01879 0.05135** -0.00987 -0.005
(high social skills) 0.01498 0.01714 0.01318 0.02432 0.0258 0.02939
λj(it) × Ti f = 1 0.02496 0.04406** 0.03219** 0.03496 0.04095 0.02384
(high social skills times tenure is one year) 0.01668 0.01899 0.01465 0.02615 0.02804 0.03097
λj(it) × Ti f =2 0.02379 0.03966** 0.03181** 0.0329 0.05703** 0.03786

0.01682 0.01888 0.01445 0.02651 0.02754 0.03141
λj(it) × Ti f =3 0.02943 0.03168 0.02666* 0.04932* 0.05475* 0.03621

0.01795 0.01934 0.01545 0.02669 0.02805 0.03144
λj(it) × Ti f =4 0.01926 0.02246 0.0202 0.0313 0.04877* 0.03742

0.01709 0.01947 0.01522 0.02657 0.02725 0.03189
λj(it) × Ti f =5 0.03104* 0.01786 0.02451 0.04027 0.04785* 0.03654

0.01816 0.01999 0.01606 0.02719 0.02766 0.03203
λj(it) × Ti f =6 0.02656 0.04699** 0.03599** 0.04182 0.06161** 0.04361

0.01822 0.0208 0.01566 0.02715 0.02794 0.03228
λj(it) × Ti f =7 0.03735** 0.03703* 0.04381** 0.04044 0.07369*** 0.06094*

0.0186 0.02189 0.01735 0.02702 0.0284 0.03191
λj(it) × Ti f =8 0.02313 0.05828*** 0.03497** 0.04819* 0.07154** 0.06058*

0.01924 0.02175 0.01727 0.02829 0.02777 0.03152
λj(it) × Ti f =9 0.05607*** 0.05214** 0.05995*** 0.04499 0.08678*** 0.07509**

0.02014 0.0241 0.01895 0.02901 0.02889 0.0322
λj(it) × Ti f =10 0.03801* 0.06210** 0.05748*** 0.03639 0.07283** 0.07016**

0.02021 0.02486 0.01915 0.02971 0.02861 0.03198
λj(it) × Ti f =11 0.04970** 0.07593*** 0.07176*** 0.04296 0.10024*** 0.09619***

0.02186 0.02588 0.02077 0.0303 0.0295 0.03273
λj(it) × Ti f =12 0.05636** 0.07496*** 0.07338*** 0.05993* 0.09196*** 0.08736***

0.02201 0.02736 0.02152 0.03189 0.02925 0.03266
λj(it) × Ti f =13 0.04637** 0.07402*** 0.06864*** 0.04983 0.09147*** 0.08678***

0.02257 0.02738 0.02219 0.03116 0.02911 0.03223
λj(it) × Ti f =14 0.07477*** 0.06290** 0.09606*** 0.02796 0.10019*** 0.09554***

0.02412 0.03177 0.02431 0.03336 0.03099 0.03396
λj(it) × Ti f =15 0.04899** 0.08083*** 0.09686*** 0.00335 0.09211*** 0.08814**

0.02429 0.02883 0.02367 0.03498 0.03055 0.03422
λj(it) × Ti f =16 0.04238** 0.06814*** 0.09118*** -0.00539 0.08075*** 0.07799***
Continued on next page
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(1) (2) (3) (4) (5) (6)
Cj(it) 0.25071*** 0.20545*** 0.24555*** 0.15981*** 0.19098*** 0.12992***
(high cognitive skills) 0.01509 0.01771 0.01346 0.0243 0.02911 0.03267
Cj(it) × Ti f =1 -0.04507*** -0.03582* -0.04648*** -0.0123 -0.04235 0.00173
(high cognitive skills times tenure is one year) 0.01698 0.01881 0.01465 0.02583 0.03035 0.03441
Cj(it) × Ti f =2 -0.05978*** -0.04927** -0.06081*** -0.01928 -0.05564* -0.02579

0.01705 0.0197 0.01465 0.02698 0.03102 0.03489
Cj(it) × Ti f =3 -0.06663*** -0.05597*** -0.06168*** -0.04163 -0.04362 -0.00219

0.01726 0.01996 0.01475 0.02669 0.03098 0.03455
Cj(it) × Ti f =4 -0.06298*** -0.04355** -0.05039*** -0.04236 -0.0305 0.02156

0.01779 0.02073 0.01584 0.02747 0.03037 0.03476
Cj(it) × Ti f =5 -0.05687*** -0.03540* -0.04138** -0.04095 -0.0129 0.03887

0.01877 0.01993 0.01667 0.02822 0.03123 0.03491
Cj(it) × Ti f =6 -0.05095*** -0.06001*** -0.04823*** -0.05021* -0.01794 0.04232

0.01862 0.02218 0.01646 0.02804 0.03093 0.0348
Cj(it) × Ti f =7 -0.05912*** -0.06974*** -0.06436*** -0.03643 -0.0335 0.02424

0.01838 0.0225 0.01714 0.02717 0.03168 0.03514
Cj(it) × Ti f =8 -0.03991** -0.06795*** -0.04591*** -0.03266 -0.02347 0.03989

0.01983 0.02212 0.01731 0.02855 0.03159 0.03539
Cj(it) × Ti f =9 -0.07806*** -0.08788*** -0.07893*** -0.05352* -0.04927 0.01701

0.02031 0.02424 0.01869 0.0292 0.03181 0.0351
Cj(it) × Ti f =10 -0.06257*** -0.10211*** -0.08318*** -0.04056 -0.03952 0.02348

0.02061 0.02492 0.01902 0.03001 0.03187 0.03515
Cj(it) × Ti f =11 -0.07074*** -0.10426*** -0.08259*** -0.05960** -0.06209* 0.00186

0.02139 0.0254 0.02101 0.02983 0.03272 0.03591
Cj(it) × Ti f =12 -0.07382*** -0.08926*** -0.07492*** -0.06488** -0.04122 0.02348

0.02238 0.0266 0.02132 0.03151 0.03255 0.03587
Cj(it) × Ti f =13 -0.08370*** -0.08439*** -0.08807*** -0.05220* -0.0509 0.01376

0.02362 0.02715 0.02278 0.03139 0.03321 0.03694
Cj(it) × Ti f =14 -0.10676*** -0.06476** -0.09161*** -0.05497* -0.05704* 0.00729

0.02391 0.03063 0.02386 0.032 0.03405 0.03698
Cj(it) × Ti f =15 -0.08465*** -0.09742*** -0.10288*** -0.03838 -0.05897* 0.00571

0.02438 0.02914 0.02358 0.03429 0.03359 0.03726
Cj(it) × Ti f =16 -0.08466*** -0.11560*** -0.10869*** -0.04800* -0.05937* 0.0045

0.0182 0.02173 0.01694 0.02821 0.03116 0.03451
Continued on next page
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(1) (2) (3) (4) (5) (6)
Ti f =1 0.03676*** 0.01864*** 0.02731*** 0.02860*** 0.01947*** 0.02654***
(tenure is one year) 0.00543 0.00498 0.00427 0.0088 0.00625 0.00732
Ti f =2 0.06707*** 0.04107*** 0.05192*** 0.05594*** 0.05316*** 0.06085***

0.00579 0.00512 0.00438 0.00903 0.00644 0.00776
Ti f =3 0.08415*** 0.05706*** 0.06824*** 0.07462*** 0.07610*** 0.07899***

0.00575 0.00544 0.00457 0.00934 0.0064 0.00763
Ti f =4 0.10580*** 0.07211*** 0.08471*** 0.09818*** 0.10141*** 0.10162***

0.00581 0.00531 0.0046 0.00928 0.00659 0.00783
Ti f =5 0.11207*** 0.08776*** 0.09484*** 0.10872*** 0.11587*** 0.11397***

0.00619 0.00569 0.00468 0.00979 0.00691 0.00808
Ti f =6 0.12422*** 0.10018*** 0.10392*** 0.13123*** 0.13617*** 0.12795***

0.00639 0.00587 0.00496 0.00974 0.00696 0.00831
Ti f =7 0.13197*** 0.11412*** 0.11525*** 0.13824*** 0.15031*** 0.13930***

0.00683 0.00648 0.00534 0.00989 0.00727 0.00845
Ti f =8 0.13277*** 0.12060*** 0.11575*** 0.15124*** 0.16265*** 0.14762***

0.00691 0.00653 0.00551 0.01038 0.0075 0.00882
Ti f =9 0.13784*** 0.13602*** 0.12214*** 0.17065*** 0.17605*** 0.15964***

0.00751 0.00743 0.00615 0.01125 0.00767 0.00873
Ti f =10 0.14628*** 0.14738*** 0.13692*** 0.16905*** 0.19475*** 0.17520***

0.00729 0.00709 0.00595 0.01109 0.00788 0.00903
Ti f =11 0.14903*** 0.15455*** 0.13748*** 0.18608*** 0.20449*** 0.18434***

0.00776 0.00797 0.00637 0.01111 0.00803 0.00917
Ti f ==12 0.15477*** 0.14684*** 0.13692*** 0.18341*** 0.20555*** 0.18430***

0.00812 0.00837 0.007 0.01151 0.00817 0.00928
Ti f =13 0.16437*** 0.16835*** 0.15412*** 0.19561*** 0.21849*** 0.19705***

0.00845 0.00884 0.00727 0.01175 0.00856 0.00962
Ti f =14 0.16589*** 0.16517*** 0.15043*** 0.20279*** 0.21772*** 0.19605***

0.00886 0.0091 0.0078 0.01199 0.00856 0.00977
Ti f =15 0.16681*** 0.17563*** 0.15195*** 0.22190*** 0.22275*** 0.20121***

0.00951 0.0102 0.00843 0.01234 0.00918 0.00986
Ti f =16 0.17027*** 0.20292*** 0.16682*** 0.23494*** 0.22715*** 0.20409***

0.00667 0.00683 0.00574 0.0098 0.00713 0.00845
Continued on next page
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(1) (2) (3) (4) (5) (6)
wi0 0.03162*** 0.02920*** 0.03208*** 0.02517*** 0.03992*** 0.03787***
(initial wage) 0.00079 0.00099 0.00078 0.00091 0.00082 0.00091
S f 0 0.00656*** 0.00026 0.00404*** 0.00486*** 0.00423*** 0.00466***
(initial firm size) 0.00036 0.00036 0.0003 0.00068 0.00033 0.00036
Mi 0.08408*** 0.06792*** 0.07949*** 0.07473***
(male) 0.0019 0.00256 0.00211 0.00229
FTi f t 0.09682*** 0.10892*** 0.11312*** 0.09392*** 0.10271*** 0.09843***
(full-time) 0.00385 0.00209 0.00228 0.00303 0.00251 0.00287
Pf 0.01477*** 0.06117*** 0.03257*** 0.03767***
(public sector) 0.00261 0.00249 0.00252 0.00278
Ait 0.04104*** 0.03261*** 0.03697*** 0.02746*** 0.03190*** 0.03325***
(experience) 0.00072 0.0008 0.00062 0.00105 0.00069 0.00077
A2

it -0.00110*** -0.00102*** -0.00101*** -0.00089*** -0.00091*** -0.00091***
(experience squared) 0.00003 0.00003 0.00003 0.00004 0.00003 0.00003
1-4 O levels, CSE, GCSEs 0.01419*** 0.01007*** 0.01167*** 0.01181*** 0.01268*** 0.01172***

0.00207 0.00202 0.00171 0.00266 0.00198 0.0021
NVQ level 1, foundation GNVQ -0.01576*** -0.01800*** -0.01896*** -0.00927*** -0.01249*** -0.00865***

0.00212 0.00223 0.00176 0.0029 0.00209 0.00233
5+ O level (passes) 0.06684*** 0.05751*** 0.06655*** 0.04856*** 0.06266*** 0.06476***

0.00237 0.00218 0.00188 0.00285 0.00225 0.00241
NVQ level 2, intermediate GNVQ -0.01312*** -0.02482*** -0.01526*** -0.03037*** -0.01342*** -0.01239***

0.00193 0.00186 0.00161 0.00241 0.00175 0.00188
Apprenticeship 0.06204*** 0.02909*** 0.06212*** 0.04511*** 0.05069*** 0.05542***

0.00336 0.00623 0.00319 0.00627 0.0036 0.00383
2+ A levels, VCEs, 4+ AS levels 0.03657*** 0.04925*** 0.04818*** 0.03503*** 0.03506*** 0.03209***

0.00269 0.00266 0.00238 0.00319 0.00261 0.00278
NVQ level 3, advanced GNVQ 0.03488*** 0.00631*** 0.02376*** 0.01588*** 0.02965*** 0.03059***

0.00211 0.00215 0.00173 0.00239 0.00188 0.0021
Other vocational 0.03256*** 0.02010*** 0.02988*** 0.02456*** 0.02935*** 0.03098***

0.00205 0.0021 0.00191 0.00244 0.00195 0.00218
no qualifications -0.06903*** -0.07696*** -0.07363*** -0.06163*** -0.06348*** -0.06564***

0.00339 0.00378 0.00285 0.00619 0.00331 0.00384
Foreign Qualifications -0.08624*** -0.03922*** -0.06979*** -0.03492*** -0.06064*** -0.05344***

0.00649 0.00785 0.00578 0.01093 0.00654 0.00792
Constant 1.43512*** 1.51967*** 1.40055*** 1.59992*** 1.32400*** 1.34378***

0.00831 0.00968 0.00706 0.01329 0.00846 0.0097

Area-year effects X X X X X X

R2 0.436 0.337 0.433 0.357 0.491 0.485
Observations 141370 118642 199490 60522 141673 116920

Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET (2016).

Notes: Samples includes workers aged 19-39 with highest qualification high school or less. Numbers are estimated coefficients

with robust standard errors in parentheses. Stars indicate * p<0.1, ** p<0.05, *** p<0.01.
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TABLE B 1. Individual wage growth from tenure, moving firm, moving occupation

Highest qualification High school dropout High school graduate Higher education
(1) (2) (3) (4) (5) (6)

Years in this firm 0.02239*** 0.00904*** 0.02353*** 0.00753*** 0.03409*** 0.00965***
0.00054 0.00047 0.00087 0.00073 0.0007 0.00053

Years in this firm squared -0.00060*** -0.00041*** -0.00068*** -0.00037*** -0.00137*** -0.00071***
0.00003 0.00003 0.00005 0.00004 0.00004 0.00003

Change firm 0.03233*** 0.00523* 0.03184*** 0.00524 0.10865*** 0.01638***
0.00403 0.00281 0.00602 0.00423 0.00429 0.00268

Change occupation (same firm) 0.03642*** 0.01290*** 0.03848*** 0.01769*** 0.03294*** 0.01379***
0.00273 0.00188 0.00396 0.00274 0.00321 0.00197

Change firm and occupation 0.00482 -0.01396*** -0.00069 -0.01505*** -0.06440*** -0.02219***
0.00442 0.00308 0.00655 0.00459 0.00484 0.00302

Experience 0.03329*** 0.01075*** 0.04601*** 0.01822*** 0.06597*** 0.03454***
0.00061 0.00127 0.00092 0.00173 0.00092 0.00165

Experience squared -0.00098*** -0.00104*** -0.00132*** -0.00148*** -0.00183*** -0.00196***
0.00002 0.00002 0.00004 0.00003 0.00004 0.00002

Full time job 0.16697*** 0.00206 0.18540*** 0.03471*** 0.17884*** 0.01969***
0.00191 0.00187 0.0029 0.00268 0.00246 0.00198

Male 0.07531*** 0.12095*** 0.07116***
0.00169 0.00248 0.00191

Public sector job 0.06917*** 0.06402*** 0.02795*** 0.08404*** 0.07996*** 0.07163***
0.00192 0.00282 0.00258 0.0036 0.00189 0.00262

Log wage in first year observed 0.31253*** 0.27467*** 0.38178***
0.00193 0.00277 0.00182

Constant 1.14319*** 1.82041*** 1.19316*** 1.76403*** 1.00395*** 1.95707***
0.0047 0.00767 0.00681 0.0086 0.00623 0.01126

worker fixed effects: X X X
year effects X X X X X X

R-squared 0.311 0.282 0.335 0.368 0.352 0.432
N 173633 173633 86381 86381 204112 204112
Source: Authors’ calculations using ONS-ASHE-Census (2022).

Notes: Samples includes workers aged 19-39. Numbers are estimated coefficients with robust standard errors in parentheses. Stars
indicate * p<0.1, ** p<0.05, *** p<0.01.
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TABLE B 3. Wage growth in high λ occupations, different samples, quadratic specifi-
cation, aged 19-39

Dependent variable: log(wijk f t)

(1) (2) (3) (4) (5) (6)
Male Female Private Public First job First job

started in 20s

λj(it) 0.03566*** 0.06049*** 0.03597*** 0.07376*** 0.01694** 0.00043
(high social skills) 0.00577 0.00688 0.00523 0.00834 0.00702 0.00831
λj(it) × Ti f 0.00531*** 0.00362* 0.00410** 0.00655*** 0.00892*** 0.01081***
(high social skills times tenure in the firm) 0.00164 0.00195 0.00161 0.00233 0.00176 0.00192
λj(it) × T2

i f -0.00021** -0.00006 -0.00001 -0.00044*** -0.00032*** -0.00037***
(high social skills time tenure squared) 0.00009 0.0001 0.00008 0.00013 0.00008 0.00009
Cj(it)s 0.21421*** 0.17875*** 0.20758*** 0.15407*** 0.16088*** 0.13511***
(high cognitive skills) 0.00601 0.00689 0.00524 0.00886 0.00724 0.00846
Cj(it) × Ti f -0.00610*** -0.00673*** -0.00427*** -0.00872*** -0.00125 0.00272
(high cognitive skills times tenure) 0.0016 0.00193 0.00155 0.00235 0.00177 0.00195
Cj(it) × T2

i f 0.00022*** 0.00011 0.00005 0.00038*** -0.00001 -0.00013
(high cognitive skills times tenure squared) 0.00009 0.0001 0.00008 0.00013 0.00008 0.00009
wi0 0.03160*** 0.02920*** 0.03207*** 0.02512*** 0.03991*** 0.03787***
(initial wage) 0.00079 0.00099 0.00078 0.00091 0.00082 0.00091
Ti f 0.01934*** 0.01811*** 0.01748*** 0.02154*** 0.02681*** 0.02254***
(tenure) 0.00072 0.00067 0.00057 0.00094 0.00075 0.00086
T2

i f -0.00063*** -0.00041*** -0.00051*** -0.00051*** -0.00078*** -0.00065***
(tenure squared) 0.00004 0.00004 0.00003 0.00005 0.00003 0.00004
S f 0 0.00660*** 0.00027 0.00408*** 0.00479*** 0.00426*** 0.00472***
(initial firm size) 0.00036 0.00036 0.0003 0.00068 0.00033 0.00036
Mi 0.08392*** 0.06771*** 0.07924*** 0.07446***
(male) 0.00191 0.00256 0.00212 0.0023
FTi f t 0.09742*** 0.10892*** 0.11327*** 0.09416*** 0.10293*** 0.09867***
(full-time) 0.00385 0.00209 0.00228 0.00303 0.00251 0.00287
Pf 0.01469*** 0.06116*** 0.03227*** 0.03718***
(public sector) 0.00262 0.00249 0.00252 0.00278
Ait 0.04066*** 0.03263*** 0.03671*** 0.02761*** 0.03172*** 0.03327***
(experience) 0.00073 0.0008 0.00063 0.00105 0.00071 0.0008
A2

it -0.00108*** -0.00102*** -0.00100*** -0.00089*** -0.00091*** -0.00092***
(experience squared) 0.00003 0.00003 0.00003 0.00004 0.00003 0.00003
1-4 O levels, CSE, GCSEs 0.01421*** 0.01004*** 0.01167*** 0.01183*** 0.01270*** 0.01176***

0.00207 0.00201 0.00171 0.00266 0.00199 0.0021
NVQ level 1, foundation GNVQ -0.01574*** -0.01806*** -0.01897*** -0.00939*** -0.01257*** -0.00881***

0.00212 0.00223 0.00177 0.00291 0.00209 0.00234
5+ O level (passes) 0.06684*** 0.05749*** 0.06658*** 0.04844*** 0.06258*** 0.06469***

0.00238 0.00218 0.00188 0.00285 0.00226 0.00241
NVQ level 2, intermediate GNVQ -0.01316*** -0.02482*** -0.01533*** -0.03012*** -0.01350*** -0.01251***

0.00194 0.00187 0.00161 0.00241 0.00175 0.00189
Apprenticeship 0.06221*** 0.02896*** 0.06209*** 0.04539*** 0.05119*** 0.05601***

0.00337 0.00623 0.00319 0.00628 0.00361 0.00383
2+ A levels, VCEs, 4+ AS levels 0.03653*** 0.04931*** 0.04812*** 0.03513*** 0.03481*** 0.03187***

0.00268 0.00266 0.00238 0.00318 0.00261 0.00277
NVQ level 3, advanced GNVQ 0.03476*** 0.00637*** 0.02368*** 0.01601*** 0.02965*** 0.03058***

0.00211 0.00215 0.00173 0.00239 0.00188 0.00209
Other vocational 0.03257*** 0.02017*** 0.02990*** 0.02466*** 0.02937*** 0.03101***

0.00205 0.00211 0.00191 0.00244 0.00195 0.00217
no qualifications -0.06922*** -0.07703*** -0.07384*** -0.06151*** -0.06356*** -0.06577***

0.00339 0.00378 0.00285 0.00617 0.00331 0.00384
Foreign Qualifications -0.08586*** -0.03903*** -0.06954*** -0.03448*** -0.06058*** -0.05360***

0.00648 0.00784 0.00577 0.0109 0.00653 0.0079
Constant 1.46162*** 1.52399*** 1.41684*** 1.61290*** 1.32554*** 1.35786***

0.00739 0.00858 0.00642 0.01077 0.00672 0.0076

Area-year effects X X X X X X
R2 0.436 0.337 0.433 0.357 0.49 0.484
Observations 141370 118642 199490 60522 141673 116920
Source: Authors’ calculations using ONS-ASHE-Census (2022) matched with ONET (2016).

Notes: Samples includes workers aged 19-39 with highest qualification high school or less. Numbers are estimated coefficients with robust standard errors in parentheses. Stars
indicate * p<0.1, ** p<0.05, *** p<0.01.
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FIGURE B 1. Estimated tenure profiles from estimates in Table B 4

(a) Male (b) Female

(c) Private (d) Public

(e) First job (f) First job in 20s

Note: Figure plots the estimated coefficients and confidence interval for the coefficient in
Table B 4 on the dummy variables in tenure (green dots) and the dummy variables in
tenure plus the interaction between high social skills and tenure (red dots).
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TABLE B 5. Tests of joint significance of variables in Table B 4

(1) (2) (3) (4) (5) (6)

F-test and P-values of joint significance:
High cognitive skills (Cj(it)), × tenure dummies, 2.89 3.46 4.33 1.31 2.20 2.48
F(15, 1203) 0.0002 0.0000 0.0000 0.1887 0.0052 0.0014
High social skills (λj(it)) × tenure dummies 1.55 1.68 3.61 1.40 2.72 3.36
F(16, 1203) 0.0760 0.0440 0.0000 0.1340 0.0003 0.0000
Tenure dummies 95.01 122.76 114.92 116.48 175.86 82.07
F(16, 1203) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
Controls 632.45 466.90 1032.73 297.43 632.62 504.49
F(16, 1203) 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

Notes: See notes to Table B 4.
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C Empirical results using ASHE and ASHE-WERS

C.1 Results using ASHE-WERS

TABLE C 1. Results using ASHE-WERS, ages 19-39

Dependent variable: log(wijk f t)

(1) (2) (3) (4)
λj(it) 0.00533 -0.01924*** -0.01279*** -0.00006
(high social skills) 0.0038 0.0053 0.0047 0.00776
λj(it) × Ti f 0.01349*** 0.01043*** 0.00953***
(high social skills times tenure in the firm) 0.00131 0.0018 0.00156
λj(it) × T2

i f -0.00042*** -0.00004 -0.00013
(high social skills times tenure squared) 0.00007 0.0001 0.00008
λj(it) × Ti f t ×Q f t 0.00753*** 0.00359*
(high social skills times tenure times high skills share firm) 0.00238 0.002
λj(it) × T2

i f t ×Q f t -0.00067*** -0.00045***
(high social skills times tenure squared times high skills share firm) 0.00012 0.0001
λj(it) ×Q f t 0.05438*** 0.04596*** 0.00071
(high social skills times high skills share firm) 0.0092 0.00844 0.017
Q f t × Ti f t 0.00511*** 0.00404***
(tenure squared times high skills share firm) 0.00065 0.00054
Q f t 0.00988** 0.01130*** 0.03780***
(high skills share firm) 0.00437 0.00359 0.00833
Cj(it) 0.05720*** 0.07691*** 0.05450*** 0.02782***
(high cognitive skills) 0.00384 0.00479 0.00377 0.00232
Cj(it) × Ti f -0.00448*** -0.00726*** -0.00365***
(high cognitive skills times tenure) 0.00106 0.00124 0.00105
Cj(it) × T2

i f 0.00005 0.0001 0
(high cognitive skills times tenure squared) 0.00006 0.00007 0.00006
wi0 0.03993*** 0.03957*** 0.04028***
(initial wage) 0.0014 0.00141 0.00144
Ti f 0.02349*** 0.02094*** 0.02200***
(tenure) 0.00077 0.00099 0.00085
T2

i f -0.00071*** -0.00053*** -0.00068***
(tenure squared) 0.00004 0.00005 0.00004
λj(it) × Ti f =1 0.01499*
(high social skills times tenure is one year) 0.00895
λj(it) × Ti f =2 0.01199

0.00944
λj(it) × Ti f =3 0.02415**

0.00997
λj(it) × Ti f =4 0.03480***

0.01137
λj(it) × Ti f =5 0.04528***

0.01292
λj(it) × Ti f =6 0.04489***

0.01325
λj(it) × Ti f =7 0.06274***

0.01504
λj(it) × Ti f =8 0.07421***

0.01605
λj(it) × Ti f =9 0.08126***

0.01708
λj(it) × Ti f =10 0.09506***

0.02003
λj(it) × Ti f =11 0.12208***

0.01811
λj(it) × Ti f =12 0.11155***

0.02115
λj(it) × Ti f =13 0.07988***

0.01814
λj(it) × Ti f =14 0.07938***

0.02143
λj(it) × Ti f =15 0.10757***
Continued on next page
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(1) (2) (3) (4)
0.02066

λj(it) × Ti f =16 0.10511***
0.01366

Continued on next page
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(1) (2) (3) (4)
Q f t × Ti f =1 0.01437
(high skills share firm times tenure is one year) 0.00899
Q f t × Ti f =2 0.00758

0.00915
Q f t × Ti f =3 0.01416

0.01032
Q f t × Ti f =4 0.01622

0.01136
Q f t × Ti f =5 0.02337**

0.01068
Q f t × Ti f =6 0.03743***

0.01175
Q f t × Ti f =7 0.03085**

0.01224
Q f t × Ti f =8 0.04214***

0.01317
Q f t × Ti f =9 0.03256**

0.01554
Q f t × Ti f =10 0.04670***

0.01614
Q f t × Ti f =11 0.05342***

0.01566
Q f t × Ti f =12 0.05945***

0.01893
Q f t × Ti f =13 0.04411**

0.02094
Q f t × Ti f =14 0.02701

0.0224
Q f t × Ti f =15 0.04409**

0.02212
Q f t × Ti f =16 0.05249***

0.01274
λj(it) ×Q f t × Ti f =1 0.02987
(high social skills times high skills share firm times tenure is one year) 0.01869
λj(it) ×Q f t × Ti f =2 0.05848***

0.01864
λj(it) ×Q f t × Ti f =3 0.06852***

0.01938
λj(it) ×Q f t × Ti f =4 0.07322***

0.02209
λj(it) ×Q f t × Ti f =5 0.05292**

0.02141
λj(it) ×Q f t × Ti f =6 0.05158**

0.02315
λj(it) ×Q f t × Ti f =7 0.05257**

0.0243
λj(it) ×Q f t × Ti f =8 0.02727

0.02649
λj(it) ×Q f t × Ti f =9 0.05166*

0.02683
λj(it) ×Q f t × Ti f =10 0.01408

0.03009
λj(it) ×Q f t × Ti f =11 -0.01903

0.02721
λj(it) ×Q f t × Ti f =12 -0.01675

0.03227
λj(it) ×Q f t × Ti f =13 0.00207

0.03385
λj(it) ×Q f t × Ti f =14 -0.01134

0.03587
λj(it) ×Q f t × Ti f =15 -0.02278

0.03558
λj(it) ×Q f t × Ti f =16 -0.02003
(tenure is one year) 0.02353
Continued on next page
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(1) (2) (3) (4)
Ti f =1 0.03138***
(tenure is one year) 0.00402
Ti f =2 0.06556***

0.00452
Ti f =3 0.08309***

0.0047
Ti f =4 0.09777*** *

0.00504
Ti f =5 0.11236***

0.00523
Ti f =6 0.12481***

0.0061
Ti f =7 0.13201***

0.00674
Ti f =8 0.13980***

0.00711
Ti f =9 0.13851***

0.0074
Ti f =10 0.15064***

0.00803
Ti f =11 0.15554***

0.00856
Ti f =12 0.15008***

0.00986
Ti f =13 0.17406***

0.00993
Ti f =14 0.19681***

0.00991
Ti f =15 0.18323***

0.00964
Ti f =16 0.19047***

0.00686
S f 0 0.00444*** 0.00685*** 0.00648*** 0.00765***
(initial firm size) 0.00082 0.00115 0.00088 0.00085
Mi 0.05487*** 0.08231*** 0.05804*** 0.05299***
(male) 0.00176 0.00208 0.00177 0.00186
FTi f t 0.09176*** 0.10829*** 0.09149*** 0.09219***
(full-time) 0.00205 0.00232 0.00201 0.00201
Pf 0.08543*** 0.08727*** 0.06872***
(public sector) 0.00356 0.00514 0.00358
Ait 0.02135*** 0.02205*** 0.02146*** 0.02262***
(experience) 0.00052 0.00064 0.00052 0.00052
A2

it -0.00076*** -0.00073*** -0.00077*** -0.00079***
(experience squared) 0.00002 0.00003 0.00002 0.00002
Constant 1.46766*** 1.68788*** 1.44955*** 1.42528***

0.00858 0.00917 0.0088 0.00946
R2 0.381 0.254 0.386 0.38
Observations 114530 114530 114530 114530

Area-year effects X X X X

Source: Authors’ calculations using ONS-ASHE (2022) matched with ONET (2016) and ONS-WERS (2013).

Notes: Sample is all workers aged 19-39 in occupations with low formal qualification requirements. Numbers are coefficients

with robust standard errors in parentheses. Stars indicate * p<0.1, ** p<0.05, *** p<0.01.
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D Theoretical Appendix

D.1 Equilibrium conditions

Here we show that the type of equilibrium in which there exists a cutoff value λ̄ above
which a revealed low κ worker will be laid off exists for suitable parameter values. To
that end, we shall derive sufficient conditions for there to be a threshold λ̄ such that
on λ > λ̄ jobs a firm will choose to layoff κ workers whereas on λ ≺ λ̄ jobs the firm
will keep both types of workers (conditional on Q).

Suppose first that such a cut-off λ̄ exist, and consider a λ > λ̄ job. If a worker on that
job is revealed to be of low type, then the firm’s surplus if the firm keeps the worker,
is equal to:

SF,κ = λQκ + µQ− w(λ, n)− (1−ω)(λQκ̂ + µQ),

where the worker’s wage w(λ, n) must be at least equal to the worker’s outside option:

w(λ, n) = E [λQ]Λ(n, ε).

The firm will lay off the worker if SF,κ < 0 or equivalently if

λQκ + µQ + w(λ, n)− (1−ω)(λQκ̂ + µQ) < 0,

which boils down to:

λ >
µω + Λ(n, ε)E[λQ]/Q

(1−ω)κ̂ − κ︸ ︷︷ ︸
≡λ̄

In order for this threshold to be well defined, we need that (1−ω)κ̂ to be larger than
κ which in turn holds if:

κ

κ
> 1 +

ω

p(1−ω)
(11)

Now assume that no cut-off λ̄ exists: then, either all workers are retained by the
firm no matter the firm’s signal about their κ’s or none of them are retained by the
firm. In either case, the market cannot infer any information about a worker’s κ from
observing the worker’s tenure n. This in turn implies that a worker’s outside option
wage is equal to:

w = E[λQ]κ̂

For an equilibrium with no cut-off λ̄ to exist, it must be the case that the firm’s surplus
from a worker which is signaled to be κ on any λ job, namely

SF,κ =
1
2

λQ (κ − (1−ω)κ̂)︸ ︷︷ ︸
<0

+ωµQ + E[λQ]κ̂

 ,

be positive for all λ, or negative for all λ. Since SF,κis a decreasing function of λ. This
in turn will not be the case if one simple is that SF,κ is strictly positive for λ = 0 (which
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it is clearly) and strictly negative for λ = 1 which requires:

ωµQ + E[λQ]κ̂ > (1−ω)κ̂ − κ (12)

The fact that conditions (11) and (12) together define a non-empty set of parameter
values, establishes our claim.
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