€Y Routledge

g Taylor &Francis Group

Applied Economics

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/raec20

Human capital formation and changes in low pay
persistence

Kabir Dasgupta & Alexander Plum

To cite this article: Kabir Dasgupta & Alexander Plum (2023): Human capital formation and
changes in low pay persistence, Applied Economics, DOI: 10.1080/00036846.2022.2161989

To link to this article: https://doi.org/10.1080/00036846.2022.2161989

@ Published online: 03 Jan 2023.

\]
CJ/ Submit your article to this journal &

A
& View related articles &'

@ View Crossmark data (&

CrossMark

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalinformation?journalCode=raec20


https://www.tandfonline.com/action/journalInformation?journalCode=raec20
https://www.tandfonline.com/loi/raec20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/00036846.2022.2161989
https://doi.org/10.1080/00036846.2022.2161989
https://www.tandfonline.com/action/authorSubmission?journalCode=raec20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=raec20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/00036846.2022.2161989
https://www.tandfonline.com/doi/mlt/10.1080/00036846.2022.2161989
http://crossmark.crossref.org/dialog/?doi=10.1080/00036846.2022.2161989&domain=pdf&date_stamp=2023-01-03
http://crossmark.crossref.org/dialog/?doi=10.1080/00036846.2022.2161989&domain=pdf&date_stamp=2023-01-03

APPLIED ECONOMICS
https://doi.org/10.1080/00036846.2022.2161989

Routledge

Taylor & Francis Group

39031LN0Y

W) Check for updates

Human capital formation and changes in low pay persistence

Kabir Dasgupta(? and Alexander Plum(»®

aFederal Reserve Board, Washington DC, USA; PAuckland University of Technology, Auckland, New Zealand

ABSTRACT

This study presents new empirical evidence on the role of time trends in low pay persistence. We
utilize population-wide tax records to track monthly labour market trajectories of initially low-paid
workers. By performing age- and qualification-specific regressions, we find that low pay persis-
tence reduces with time. However, the magnitude is highly heterogeneous across workforce
characteristics. For a qualified worker in their early 20s, the risk of staying on low-pay declines
by, on average, 5-10% points after one year. For a worker in their 50s, persistence remains almost
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unchanged regardless of their qualification level. We conclude that policy initiatives need to be
more nuanced than a simple one-size-fits-all approach by accounting for time trends in low-pay

persistence.

1. Introduction

The life-cycle wage growth pattern has been widely
studied in economic literature. The well-
documented hump-shaped wage profile suggests
that an individual’s wage growth rate declines
over their life-cycle (e.g. Low, Meghir, and
Pistaferri 2010; Lagakos et al. 2018). Moreover,
empirical evidence supports a positive correlation
between an individual’s wage growth and their
human capital level. These findings have important
implications for identifying low-paid employment
across a workforce, both at a particular time point
and for changes in low-pay risk over time. First, the
share of low-paid employed is skewed towards
younger workers." Second, the qualification com-
position of those on low pay can be age-dependent,
with a larger fraction of qualified workers belong-
ing to younger age groups. Third, the risk of stay-
ing on low pay declines over time more strongly for
younger workers because they demonstrate rising
productivity levels (Farber and Gibbons 1996) and
improve employer matches (Topel and Ward 1992;
Abowd, Kramarz, and Margolis 1999), which is
likely to accelerate wage growth rates. While the
first two aspects already have been discussed in the
economic literature, we are the first to investigate
changes in low-pay state dependence over time.

Stewart and Swaffield (1999) noted that ‘low pay
has become an increasingly important policy issue’
and that the ‘extent of the persistence in low pay
has important policy implications’ [p. 23]. From
a policymaker’s perspective, understanding the
transience of low-paid employment and identifying
effective mechanisms for entry into higher-paid
employment is crucial for efficiency in the labour
market and improving social welfare. For example,
if the probability of entering higher pay exceeds
low-pay persistence, then ‘any job is better than
none’ and barriers that hinder job creation (e.g.
a high minimum wage) should be lifted.
Conversely, if ‘workers became trapped in low-
paid jobs the implications would be potentially
more serious’ (Sloane and Theodossiou 1996,
657), and labour market policies like skill develop-
ment programmes might be crucial in facilitating
workers’ transition into higher-paid jobs.

The number of research papers estimating
labour market dynamics of low-paid workers has
increased over time (e.g. Plum 2019; Cai,
Mavromaras, and Sloane 2018; Fok, Scutella, and
Wilkins  2015; Mosthaf 2014; Clark and
Kanellopoulos 2013; Stewart 2007; Stewart and
Swaffield 1999). The common approach to quanti-
tfying the intertemporal relationship of low-pay

CONTACT Alexander Plum @ alexander.plum@aut.ac.nz @ Auckland University of Technology (AUT), Wakefield Street 42, Auckland 1010, New Zealand
"For example, Metcalf (1999, p. F49) noted: the ‘incidence of low pay is far higher among 18 to 20 year olds (...) than those aged 21+".
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employment is to estimate ‘dynamic/transition
models that include both a lagged response and
a random intercept’ (Skrondal and Rabe-Hesketh
2014, 211). This type of model has received wide-
spread attention in the applied literature to identify
state dependence in various contexts, for example,
with respect to unemployment (Arulampalam,
Booth, and Taylor 2000), poverty (Ayllén 2015;
Biewen 2009), benefit recipience (Bhuller, Brinch,
and Konigs 2017; Wunder and Riphahn 2014),
health (Haan and Myck 2009), sovereign credit
ratings (Dimitrakopoulos and Kolossiatis 2016),
and financial asset holdings (Alessie, Hochguertel,
and Soest 2004). The underlying concept is that the
lagged dependent variable has a genuine effect on
the outcome variable (Heckman 1981a). Although
several studies acknowledge that state dependence
in low pay may be heterogeneous across the work-
force (for instance, Plum 2019; Fok, Scutella, and
Wilkins 2015), to our knowledge, no study so far
has accounted for changes in low-pay persistence
over time caused by differences in wage growth.
Controlling for a time trend in low-pay state
dependence can substantially impact the findings
and, thus, the conclusion. For instance, when com-
paring two groups with a similar likelihood of
being on low pay but with different underlying
wage growth rates (e.g. young qualified workers
vs. older non-qualified workers), it is important to
note that only the group with the higher wage
progression may manage to exit low pay in the
future. Thus, policy initiatives aiming at improving
the labour market prospects of the low-paid need
to be more nuanced than a simple one-size-fits-all
approach by accounting for time trends in low-pay
persistence.

We use New Zealand’s Integrated Data
Infrastructure (IDI) to identify time trends in low
pay persistence. We track a sample of workers who
were in low-pay employment during the initial
period of our analysis (January to March 2013)
and are continuously employed over a time win-
dow of three years until March 2016. Focusing on
month-to-month transitions into higher-paid (or
low-paid) employment, we determine how state
dependence in low-pay employment evolves over
time. Keeping in mind that most young workers
face higher wage growth rates, we anticipate that
the chances of staying on low pay evolve

heterogeneously over time, depending on age and
human capital level. We differentiate between three
qualification categories (no qualification, low qua-
lification and high qualification) and perform sepa-
rate regressions for each age (in years) cohort
ranging from 20 through 60. The major contribu-
tion of our study is to account for time- trends in
low-pay persistence. This is in contrast to similar
studies existing literature that have assumed that
the probability of staying on low pay is constant
over time. The results indicate that low-pay persis-
tence drops most markedly for young workers aged
20-25 and who have some level of educational
attainment (indicated by either low or high quali-
fication). For example, for workers with the highest
level qualification who are aged 20-25, we see
a decline in the probability of staying on low pay
after a year by 9% points. In comparison, for work-
ers belonging to the same age group with some
level of qualification, the estimated drop in the
likelihood is 5-6% points. However, the estimated
decline hovers around 1-2% points for their fellow
age cohort members who do not have any qualifi-
cation. On the other end of the age spectrum (50+),
we find that low-pay persistence hardly changes
with time, and there are almost no differences
between the three qualification levels.

Low, Meghir, and Pistaferri (2010) explain that
much of wage growth over the life cycle ‘is due to
search leading to improved matches’ [p. 1453].
This is backed by our data, showing that young
low-paid workers move into better-paying firms
within the three-year period. Moreover, when
looking at their earnings level five years later, we
find that of those workers in their early 20s, only
30% are still on low pay — while the respective share
is two times higher for workers in their 50s.
However, the differences between the qualification
levels are stark. In particular, workers with some
educational qualification are much more likely to
transition into higher-paid jobs than those with no
qualification.

Our analysis reveals that modelling low-pay per-
sistence must be undertaken with caution because
changes that occur over time need to be taken into
account, and such changes are heterogeneous
across age and qualification levels. While being in
low-paid employment appears to be a temporary
labour market status for a sizable share of younger



workers who are at the starting point of their pro-
fessional career, we do observe substantial low pay
persistence for individuals without any qualifica-
tion as well as for older workers. As such, our
empirical analysis questions the efficacy of public
policies that are often implemented in a "one-size-
fits-all’ format or, more precisely, without consid-
ering significant demographic heterogeneity in the
population.

The remainder of our paper is structured as
follows: Section II discusses the literature on
human capital formation and low pay, Section III
describes the data used and its descriptive statistics,
Section IV outlines the empirical identification
strategies, Section V presents the results, and
Section VI concludes.

2. Literature review
2.1. Human capital formation and wage growth

It has been well-documented in the empirical lit-
erature that, over the life cycle, wages follow
a concave pattern when plotted against age. This
pattern can be explained by firm-specific wage
growth that occurs during periods of on-the-job
training (Brown 1989) and improved employer-
employee matches (Topel and Ward 1992;
Abowd, Kramarz, and Margolis 1999). The magni-
tude of wage growth also positively depends on the
individuals’ qualifications (Low, Meghir, and
Pistaferri 2010; Lagakos et al. 2018). This has
three important implications when determining
persistence in the context of low pay literature:

(1) The likelihood of being in a low-paid job is
higher for younger workers,

(2) Qualification level among low-paid workers
is heterogeneous across age cohorts, with
a larger proportion of highly qualified low-
paid workers belonging to younger age
groups,

(3) Younger low-paid workers are more likely to
exit the low-pay sector, although this like-
lihood varies by qualification levels.

Another factor that helps in understanding the
differences in earning transitions between cohorts
is described by the theory of labour market
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signalling. McCormick (1990) argues that skilled
workers prefer utilizing on-the-job-search to move
between employment. This is because accepting
interim low-skilled jobs might send out a negative
signal about the true productivity of a worker,
which is mostly unknown to the employer. This
may eventually lead to positive assortative sorting,
where productive workers end up in better-paying
firms (supportive empirical evidence has been
found by, e.g. Mendes, Van Den Berg, and
Lindeboom 2010; Abowd, Kramarz, and Margolis
1999). However, for a young worker, such signal-
ling ability might be obscured by their lack of
labour market experience. Additionally, since find-
ing an appropriate employee-employer match
might be time-consuming, signalling can play
a relatively more prominent role in more experi-
enced workers’ labour market endeavours.

2.2. Low-pay dynamics

Our study investigates how the chances of exiting
low-pay change with time. The effect of low-pay
employment on an individual’s future labour mar-
ket status has gained substantial attention in the
past. Most studies compare the labour market
dynamics of the low-paid with the unemployed to
detect ‘no-pay - low-pay’ patterns or a springboard
effect (e.g. Cai, Mavromaras, and Sloane 2018;
Stewart 2007; Stewart and Swafhield 1999). The
empirical literature has recently adopted
a standard approach to estimating low-pay state
dependence. Represented by a first-order Markov
chain, the basic concept is to include (in most
studies by one-period) lagged labour market posi-
tion on the right-hand side of the equation to
estimate persistence in a labour market status. As
individuals are likely to differ in their unobservable
characteristics (Heckman 1981a), not controlling
for individual-specific time-invariant effects may
lead to overestimating state dependence (Stewart
2007).

A certain degree of permeability is found when
looking at the prospects of moving from low pay to
higher pay. For example, Sloane and Theodossiou
(1996, 665) found that ‘only 44.4% of the low-paid
in 1991 remained in this category 2 years later’,
which leads to the conclusion that ‘low pay is
a temporary phenomenon’. These findings have
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been backed by numerous studies, including Cai,
Mavromaras, and Sloane (2018); Mosthaf (2014);
Clark and Kanellopoulos (2013), who find that the
chances of entering higher pay exceed the prob-
ability of staying on low pay.

Less attention has been paid to a detailed under-
standing of heterogeneity in labour market
dynamics (e.g. low-pay persistence) across age
groups. At best, a few studies have tried to account
for age-specific differences by controlling for age
indicators in their empirical models. For example,
in his study on UK’s low-wage dynamics, Stewart
(2007) uses the British Household Panel Survey
(BHPS) and accounts for the entire working age
by including men and women aged between 18 and
the respective state retirement threshold (which is
65 for men and 60 for women). This approach was
later adopted by Cai, Mavromaras, and Sloane
(2018). Similarly, using the Survey on Households
Income and Wealth from Italy, Cappellari (2007)
analyses a sample that incorporates male workers
aged 18-60 and female workers aged 18-55.
Furthermore, using the first 11 survey waves of
the Household, Income and Labour Dynamics in
Australia (HILDA), Fok, Scutella, and Wilkins
(2015, 877) restrict their sample to individuals
aged 21-54 years ‘because of the potential compli-
cations arising for persons transitioning from study
to employment. Likewise, we also omit persons
aged 55years and older due to the transition
between employment and retirement’. Also using
HILDA data, Buddelmeyer, Lee, and Wooden
(2010) further drop individuals below 21 from the
population of interest. A higher minimum age bar
was set by Mosthaf (2014), who only allows for
individuals older than 29 to be part of the sample.
Evidently, the literature has not found any consen-
sus on the particular age window to focus on while
evaluating labour market dynamics. This is likely
due to spatial differences in the definition of
a state’s working-age population.

Additionally, as already highlighted, the qualifi-
cation of the low-paid worker might be heteroge-
neously distributed across age cohorts. The
literature on low pay has identified qualification
as a vital indicator of human capital that could be
utilized to understand the dynamics into and out of
low pay. For example, Cappellari (2007) finds that
a higher level of human capital reduces the risk of

entering low pay but elevates the chances of exiting
the low pay sector only marginally. Mosthaf (2014)
finds that a higher level of qualification reduces the
risk of entering low pay from higher pay and
improves the chances of transitioning from low
pay into higher pay, although most differences are
not statistically significant different from each
other. Indications on the effect of human capital
provided by Plum (2019) show that a low-paid
worker in a higher-skilled occupation has
a significantly higher chance of entering higher-
paid employment compared to a low-paid worker
in a low-skilled occupation. While these studies
have focused on the interrelation of qualification
and earnings prospects of low-paid workers, the
vast majority of studies have included qualification
merely as a covariate.

A study worth mentioning is by Fok, Scutella, and
Wilkins (2015), which explicitly allows for heteroge-
neity in the effect of the lagged labour market position.
The authors ‘add interactions between variables for
various demographic characteristics and the lagged
labour force status variables’ [p. 886], including age
and educational attainment. The authors find that the
state dependence in low pay is larger for those in older
age groups. For example, for men, compared with
21-29 year-old’s, low-paid employment increases the
probability of remaining low paid in the next year by
4% points for 30-39 year old’s (11.51-7.51) and by
4.9% points for 40-54 year old’s (12.36-7.51)" (Fok,
Scutella, and Wilkins 2015, 890). Differences are also
found with respect to educational attainment, and the
findings indicate that low-pay persistence is higher for
people with higher educational attainment. However,
Cai (2019) replicates the study of Fok, Scutella, and
Wilkins (2015) and finds that when accounting for
correlation in unobserved heterogeneity, ‘there is no
evidence on heterogeneity in the low-pay no-pay cycle
across the demographic subgroups’ (p. 1493). But
most importantly and in stark contrast to our study,
Fok, Scutella, and Wilkins (2015) do not control for
time trends in low pay persistence.

To summarize the current literature on low pay,
recent studies have acknowledged heterogeneity in
the likelihood of exiting low pay across age and
human capital. However, a shortcoming is that the
empirical specifications assumed that persistence
in low pay is constant over time and, as such, did
not account for time trends.



3. Data and descriptive statistics

We use administrative data from Statistics NZ’s
Integrated Data Infrastructure (IDI) for our
empirical investigation. The IDI contains popula-
tion-wide longitudinal microdata about indivi-
duals, households, and business enterprises. These
data are sourced from various government and
non-government agencies, as well as Statistics NZ
surveys. The data are confidentialised by means of
assigning a unique identifier to each individual.®

To derive our population spine, we start with the
2013 Census conducted in March of the same year.
The Census holds various information on indivi-
dual and household characteristics, including age,
qualification, ethnicity, location, gender, household
size, etc. First, we restrict our sample to men who
were aged between 20 and 60 (including) in
March 2013. Moreover, we trim the sample to
those individuals with a full set of information on
their characteristics that we use as controls in our
regression model. Next, we link these individuals to
their tax records from Inland Revenue (IR). IR
records seven different income sources (wages
and salaries, benefits, paid parental leave, withhold-
ing payment, compensation claims, NZ superan-
nuation, and student allowances) on the monthly
level, and we match income information from
wages and salaries for the period January 2012 to
March 2016.°

To put New Zealand’s economic background
between 2011-16 into perspective, Table 1 shows
the unemployment rate for New Zealand, the
European Union and the United States. During
this  period, New Zealand experienced
a comparably low unemployment rate. And in par-
ticular compared with the European Union, which
was had by a double-dip recession in 2012.

Our focus is on understanding how independent
of the composition effects of the population, the
individuals’ wage position changes, either caused
by productivity increase or by an improved
employer-employee match. However, one potential
pathway to move from low pay into higher pay is

APPLIED ECONOMICS e 5

that the income distribution within the population
changes as the workforce grows or shrinks. For
example, an influx of seasonal workers would
increase the number of workers with a small
wage. To avoid these spillover effects, we construct
a balanced sample by trimming the sample to men
who received income from wages and salaries in
each month of the period January 2013 to
March 2016 (the employment characteristics for
2012 are used as controls in the regression). This
leaves us with a balanced sample of 601686 men
(see Table 2). It is worth noting that restricting the
sample to continuously employed workers causes
a selective sample: the unemployment risk is not
equally distributed across age and is elevated espe-
cially among younger workers. Accounting for
unemployment helps uncover whether low pay
can act for the unemployed as a ‘stepping stone’
towards higher pay or whether it makes more sense
to wait for higher-paid employment. However,
skills may deteriorate during non-employment
spells, affecting low-pay persistence. We chose to
restrict the sample to continuously employed to
avoid this additional layer of complexity.

To approximate the human capital level, we use
the information provided in the 2013 Census on
the highest qualification an individual achieved.*
This information is structured according to the
New Zealand Qualification Framework (NZQF),
which is categorized in the Census in the range 0
(no qualification) to 10 (doctoral degrees). For our
study, we form the following three qualification
groups: no qualification, Level 1 to 4, and Level
5-6 and higher. To put the qualification levels
into better perspective, we follow the European
Commission (2017) and show their position in
terms of the European Qualifications Framework
(EQF). NZQF levels 1 to 4 range from lower-
secondary education to upper-secondary general
school-leaving certificates and refers to the EQF
levels 2—-4. NZQF levels 5-6 are higher professional
qualifications and refer to EQF level 5. We do not
further decompose the higher qualification group
to avoid sample size issues resulting from a small

2For further details please visit https://www.stats.govt.nz/integrated-data/integrated-data-infrastructure/and see the Disclaimer in the Appendix.

3An employer-identifier enables us to determine the month-specific number of employees of an employer. To exclude self-employed, we drop individuals who
received wages and salaries for a minimum of one month from an employer with only one employee on his payroll.

“The relevance of the qualification level is not age-independent. Due to the lack of prolonged labour market experience, the qualification level might be of
higher relevance for young workers and for older workers, the occupation might play a more important role. To have a consistent category across all age

groups, we chose the highest qualification level as a proxy for human capital.
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number of low-paid workers. Figure Bl shows the
monthly pattern of income from wages and salaries
across age for different qualification groups for
March 2013 (see also Table C1 in Appendix). We
can clearly see the hump-shaped distribution,
though the wage progression below age 40 is espe-
cially strong for the workers with higher levels of
qualification. Conversely, though some income
gain can be detected for workers without any qua-
lifications, their income progression flattens after
age 30.

In the next step, we determine our low-pay
threshold. There exist different approaches (a dis-
cussion can be found in Fok, Scutella, and Wilkins
(2015)) and we follow Cappellari (2007), who looks
at the relative position within the earnings distri-
bution. This means that there is a fixed share of
low-paid workers in the population, and temporal
changes (such as macroeconomic influences that
impact the earnings but not the individual’s posi-
tion in the distribution) will not influence our
estimation. As a cut-off point for low pay, we define
anyone with an aggregated” gross monthly earn-
ings belonging to the two lowest deciles as earning
low pay and those with earnings above that

Table 1. Unemployment rate (in %) by selected regions.

New Zealand European Union United States
2011 6.03 10.07 8.95
2012 6.47 11.06 8.07
2013 5.85 11.59 7.38
2014 5.42 11.01 6.17
2015 5.40 10.18 5.29
2016 5.13 9.28 4.87

Source: Data retrieved on 30 September 2022 from The World Bank data-
base, https://data.oecd.org/unemp/unemployment-rate.htm.

Table 2. Population spine.

Census 2013 On low-pay
March 2013 January to March 2013
N 601686 120342 26487

threshold as higher-paid. To put the threshold
into perspective, note that the minimum wage in
March 2013 stood at NZ$13.50 for an adult, which
results in a monthly wage (taking 20 working days)
when working 40 h/week of NZ$2160. The respec-
tive low-pay threshold is NZ$2936. Furthermore,
our findings are not affected by other commonly
used low-pay thresholds. This results in a sample of
120342 individuals (second column of Table 2).
Regarding the low-pay distribution across age,
approximately half are below 30. However, for
individuals who are observed to be on low pay in
March 2013 (the Census month), there might be
differences in experiences of being in low-paid
employment. For instance, while an individual
may be low-paid only in March, another worker
might has experienced low-pay since well before
March. To ensure that the group of low-pay work-
ers has a certain attachment to the low-pay sector,
we trim the sample further and include only those
individuals who were on low pay for the entirety of
January to March 2013. This leaves us with
a sample of 26487 individuals (third column of
Table 1). Similarly to before, every second low-
pay worker is aged 30 or younger. Figure B2 also
indicates that the low-pay distribution is strongly
skewed towards younger workers. Note that we
cannot observe the number of hours an individual
is working. Thus, changes in earnings might be
caused by a higher wage rate or by extending
hours worked, e.g. moving from part-time to full-
time (this aspect is more relevant for women, so we
have restricted our analysis to men).® This might be
more relevant for younger workers as they might
work besides studying. In one robustness estima-
tion, we limit our population spine to workers
states in the 2013 Census to be full-time employed.
In a second robustness estimation, we link the
individuals with the 2018 Census and restrict the
sample to workers with unchanged qualification

Some individuals either hold multiple jobs per month or transit between two jobs in a month.

SThere are several studies investigating the labour market prospects of low-paid women. However, all of these studies put particular emphasis on accounting
for hours worked. For example, Mosthaf, Schank, and Schnabel (2014) differentiate between high-wage employment with 30 working hours or more, high-
wage employment with less than 30 working hours, low-wage employment with 30 working hours or more, low-wage employment with less than 30 working
hours; Fok, Scutella, and Wilkins (2015) define a person to be low-paid if their hourly rate of pay is less than 120% of the Australian hourly federal minimum
wage (FMW) and their weekly earnings are also less than 120% of the weekly FMW; Knabe and Plum (2013) identify low-paid employment by calculating an
hourly threshold wage; buddelmeyer2010low’s Buddelmeyer's, Lee, and Wooden (2010) low-pay and high-pay indicators are based on a measure of the
hourly wage in the main job. Mosthaf, Schank, and Schnabel (2014) exclude women from the analysis because the search intensity of non-employed women
cannot be observed. Moreover, the author uses administrative data from the German Integrated Employment Biographies Sample (IEBS) and focuses on full-

time jobs because working hours are only crudely measured.
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level. In a third robustness estimation, we shor-
tened the covered period to March 2015. In all
three cases, the findings are hardly affected.

To provide further insights into the characteris-
tics of low-paid workers, Figure 1 shows the dis-
tribution of qualification levels across age. First, the
share of workers with no qualification increases
with age: while only about 11% of the 25-year-old
have no qualification, this share peaks at the age of
49 (35%). Likewise, the share of highly qualified
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workers steadily declines, for example, starting
from 34% at 28 years of age to less than 20% for
those 50 and above.

As we have seen from Figure B1, wage growth is,
on average, especially strong for those who are
young and highly qualified. To better understand
persistence in low pay, we estimate, for each indi-
vidual, the mean monthly wage growth rate for the
period January 2013 to March 2016. For this, we
take the monthly difference of each individual’s log
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Figure 1. Qualification distribution. Note: The graph shows the accumulated qualification distribution for each age (in years) as at
March 2013 for the sample of 26487 men who were on low pay between January and March 2013.
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Figure 2. Mean monthly income growth rate. Note: The graph shows the mean monthly wage growth rate and the respective 95%
confidence interval for the sample of 26487 men who were on low pay between January and March 2013, differentiated according to

qualification level.
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wages, and, using a simple OLS regression model,
we estimate the time trend for each individual.
Figure 2 shows the respective age- and qualifica-
tion-specific mean monthly wage growth rate and
the corresponding 95% confidence interval. As
Figure 2 highlights, there is substantial heterogene-
ity between qualification levels and within each
qualification level across age. For example, the
mean monthly wage growth rate for highly quali-
fied workers below 30 is around 2% and drops to
1% (or lower) for those aged 50 and above.
However, focusing on those without any qualifica-
tion, the heterogeneity in wage growth rate across
age is much smaller. On average, younger workers
do not experience a substantially greater wage
growth rate compared to their older counterparts.

Next, we look at the proportion of workers who
manage to exit low-pay employment. It is impor-
tant to note that as we only consider two labour
market positions (low pay and higher pay), an
individual who exists low pay is necessarily moving
into higher pay. First, we calculate, for each quali-
fication category, the monthly share of workers still
on low pay. In Figure 3, the black line refers to the
mean share of individuals transitioning into
higher-paid jobs for each of the three qualification
categories. Independent of educational back-
ground, we see that over the period of three years
this share is constantly declining. For example, in

March 2016 about 70% of workers with no qualifi-
cation still received low pay. In contrast, the respec-
tive numbers are 64% and 59% for the medium
qualified (Level 1-4) and highly qualified (Level
5-6 or higher). Moreover, we calculate the respec-
tive share for each qualification and age combina-
tion at each time point. The shaded area in Figure 3
represents the range of the values of the estimated
proportions and portrays that the spread widens
over time, especially for the highly qualified. For
example, among the highly qualified in
March 2016, the age-group specific share of low-
pay employment ranges between 36% and 83%.
However, the spread ranges from 55% to 84% for
the group without any qualification. The qualifica-
tion-group-specific correlation coefficient between
age and share of low pay is strongly positive and
increases by qualification level (no qualification:
0.5601; Level 1-4: 0.5999; Level 5-6 and higher:
0.6468).

4. Empirical identification strategy

Our population spine consists of New Zealand
men who were continuously employed from
January 2013 to March 2016 and who were on
low pay from January until March 2013. To
estimate labour market transitions, we follow
the economic literature by utilizing dynamic

No qualification Level 1-4
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Figure 3. Low pay over time. Note: The black line shows for the period March 2013 until March 2016 the qualification-group specific
mean share of low-paid workers; the shaded area gives the minimum, resp. maximum age-group specific share in the respective

month.



non-linear models (e.g. Stewart 2007;
Buddelmeyer, Lee, and Wooden 2010; Clark
and Kanellopoulos 2013). The underlying idea
is that the labour market dynamics follow
a Markov process of first (or higher) order,
which means that the status in the previous
period(s) has a genuine effect on the position
in the subsequent period. Moreover, if indivi-
dual effects are persistent over time, not
accounting for unobserved heterogeneity will
lead to an over-estimation of state dependence
(Heckman 1981a; Stewart 2007). To start with,
we define our variable of interest y such that it
takes the value 1 if the individual is on low-pay
and 0 otherwise. To estimate state dependence
in low pay, the basic dynamic r

educed-form model takes the following form:

60
ayi—1+ »_ 0,(age=r)

o r=21
}’it =1 3
+ 3 vi(qual=s) + 2/ + v; + uy >0
s=2
(1)
where the subscripts i = 1,..., N are individuals
and t=2,...,36 is a time identifier on the

monthly basis, where t = 2 refers to April 2013
and running up to 36 for March 2016. The variable
yir—1 indicates whether the individual was on low
pay in the previous month and thus, « captures the
degree of state-dependence in low-pay.
Furthermore, x/; is a vector of individual- and
labour market-related explanatory variables. We
include the following indicators that are retrieved
from the March 2013 Census: ethnicity (categori-
cal: 1 NZ European, 2 Maori, 3 Pacifica, 4 Asian, 5
MELAA, 6 other), smoking regular (dummy), legal
marital status (categorical: 1 Married or civil union
(not separated), 2 Separated, Divorced or dissolved,
Widowed or surviving civil union member, 3
Never married and never in a civil union), urban/
rural code (categorical: 1 Main Urban Area, 2
Secondary Urban Area, 3 Minor Urban Area 4,
Rural Centre, 5 Other Rural), North-South Island
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indicator (dummy). We also include a month indi-
cator and two variables related to the individual’s
labour market attachment in 2012: one capturing
the number of months receiving income from
wages and salaries (continuous), another the num-
ber of months in low pay (continuous), and an
interaction term including both.” We also account
for age, where §, with r € {21,...,60} refers to the
age-related differences to be on low pay (with age
20 as reference category). Furthermore, we control
for qualification-related differences (y,), where the
qualification variable qual takes the value 1 if the
individual has no qualifications, 2 for Levels 1-4,
and 3 for Levels 5-6 and higher (thus, no qualifica-
tion is the reference category). Note that both vari-
ables refer to what was observed during the Census
in March 2013, hence, age and qualification level
are held constant over the observed period. Finally,
v; is an individual-specific time-invariant shock®
and u; is an idiosyncratic shock. If individual
effects are persistent over time, they are likely to
be correlated with the labour market position in the
initial period. In the economic literature, this
aspect is discussed as the ‘initial conditions pro-
blem’ (Heckman 1981b; Wooldridge 2005).
However, as we have trimmed the sample to initi-
ally low-paid workers, we do not have to further
control for this aspect (though we also include
labour market variables that refer to 2012). Here
it is worth briefly discussing why trimming the data
set to include only the initially low-paid employed
is reasonable. We know from the descriptive statis-
tics that the likelihood of being on low pay is
asymmetrically skewed towards younger workers,
who also face higher wage growth rates. Thus, we
expect that the effect of the lagged labour market
position («) is not independent of the age.
However, §, only captures the age-related differ-
ences of being on low pay at . We would expect
that the likelihood of being on low pay is high for
younger workers but state dependence is small due
to a high wage growth rate. We expect the opposite
for older workers.

’A standard approach in the economic literature is to include time-varying covariates and to add their time-means (Mundlak 1978; Chamberlain 1984). This is
not possible in our study as we only include variables that refer to the 2013 Census and labour market performance in 2012. However, we expect that some of
the unobserved heterogeneity is captured by running age- and qualification-specific regressions.

8A limitation of the model is the auxiliary distribution assumption on the distribution of the random-effects error term. Stewart (2007) has tested the robustness
of his findings by applying a dynamic linear probability (DLP) model by using a Arellano and Bond (1991) GMM estimator. One conclusion is that the average
partial effects of the lagged labour market positions (in his study: low pay and unemployment) are higher than in the case of the random-effects models. Own

simulation also pointed at the same direction.
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A limitation of this model is that it only accounts
for the labour market status in the previous month
t — 1, although the worker might have been on low
pay for a single or multiple month(s). An option to
circumvent this issue is to add more lags. However,
as we interact the lagged dependent variables, the
number of permutations based on past labour mar-
ket positions increases strongly with the number of
lags. We included three lags, which leaves us with
eight labour market combinations (see Table 3). To
simplify notation, y;_3 refers to the categorical
variable that holds all combinations of the lagged
labour market positions from ¢ — 1 until ¢ — 3. The
adjusted reduced-form model takes the following
form:

8 60
> (i3 = j) + _ O,(age=r)
yit -1 j=2 \ r=21

+ > y,(qual=s) + %/, + v; + uy; >0
s=2
(2)

Reference category is j = 1 which refers to not
being on low pay in any of the three previous
months. Note that by sample design, all individuals
are on low pay from January to March 2013 and
thus start with j = 8. In the current specification, it
is assumed that the effect of the lagged labour
market positions (y;;—3) is independent of time .
However, as shown in Figure 3, there is descriptive
evidence that with the elapsed time the share of
low-paid workers declines on average. We extend
Equation 2 accordingly by adding a time trend A;:

8

60
> (yie-3 = j) + A + 3 Or(age=r)
y't -1 =2 r=21

! 3

+ > y(qual=s) + x/i + vi + u;y >0
s=2
(3)

So far, Equation 3 assumes that the effect of the
time trend A, is independent of past labour market
status. However, the chances of exiting low pay
may decline with time spent in the low-pay sector,
so we extend the model by adding an interaction
term between the time trend and the lagged labour
market position. Our model takes the following
form:

8 8
oz =) + A+ 20 6z = j)As
= =

yie =1 60 3
+ > &r(age=r) + 3 y,(qual=s)

r=21 s=2

—|—x/,-[3 + v+ Uit>0
(4)

Because being continuously on higher pay (j = 1)
is the reference category, 6; represents the evolu-
tionary effect of lagged labour market positions
over time. Thus, the probability of staying on low
pay at time point ¢ is the combined effect of an
underlying effect a; and its time deviation A; 4 6;A;.
Based on our descriptive findings in Figure 3, we
expect that low pay persistence is heterogeneous
across the workforce and should decline more
intensely for young and qualified workers. This
means, we expect that «; and |6;| increase with
age and being less qualified. To account for age-
and qualification-related differences in low pay
state-dependence, one option is to include respec-
tive interaction terms. However, one downside of
this approach is that this implicitly assumes that
the effect of the covariates and the individual-
specific effect v; are independent of age and quali-
fication level. A less restrictive approach is to run
age-qualification-specific models. The final specifi-
cation takes the following form:

8 8

aq _ 4 iy =) + A+ 20 6i(yie—s = j)
Yiir = 1| =2 =2

A+ x4+ vi+uip>0
(5)

with /7 representing the low-paid indicator of an
individual i at month ¢ for a unique combination of
age a and qualification g. Our sample consists of
a large number of individuals but only a small
number of time-points, therefore asymptotics are

Table 3. Combinations of lagged labour market position.
on low pay in
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on N*4, the number of age-qualification specific
observations, alone. We assume that both error
terms follow a normal distribution, e.g.
v;i~N(0,0%) and u;~N(0,0%) and that wu; is iid.
As the outcome variable y;? is dichotomous,
a normalization of u; is required. We chose
u;~N(0, 1) and the age-qualification specific out-
come probability is:

_ . .
> (i3 =j) + A&
j=2

PX(y*) = @ 2y — 1 8

it ( ) ( yt ) +Zej<yit73:j)/\t
=2
+x1;3 + o,v* i

(6)

Note that @[] refers to the cumulative standard
normal distribution. The age-qualification specific
likelihood function is the product of all time-point
specific probabilities across all individuals of the
same age and qualification. Namely,

N1 36
J HJ { Pft’q(v*)}dF(v*) (7)
vt =2

i=1

where F is the distribution function of v* = vo,.
Equation (7) does not have a closed-form expres-
sion, and therefore v has to be integrated out. As we
assume that v is normally distributed, the integral
can be evaluated using Gaussian-Hermite quadra-
ture (Butler and Moffitt 1982).

In total, we estimate 123 regressions as we have
41 age bins and 3 qualification groups. To make the
findings comparable, we estimate the partial effect
of staying on low pay for each combination. We
look at how the risk of staying on low pay changes
after 12 months given that the individual was on
low pay in each of the three previous months:

PEY = @ [(ocg + Aig + Oghig + x/ﬁ) (\/E)]
oo+ ) (V)
(8)
with A =

(6:11) (Arulampalam 1999).
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5. Results

This study analyzes how changes in low-pay per-
sistence vary with age and qualification. To make
the heterogeneous effects across different age bins
and qualification levels visible, we calculate for
each combination partial effects of how the risk of
staying on low pay changes with elapsed time.
Descriptive evidence points to a higher mobility
for younger and qualified workers than those with-
out qualification.

We start with calculating the probability of being
on low pay when an individual has worked in the
low-pay sector continuously for the last three
months (see Figure B4). We calculate the probabil-
ities for April 2013 (t = 2) and twelve months later
for April 2014 (t = 14). We see that, on average,
the probability of staying on low pay ranges
between 70 and >90%, with higher probabilities
for older workers and for less qualified workers.
Moreover, we can see that the probability of staying
on low pay is lower 12 months later, though this
difference varies across the different age and quali-
fication combinations. For example, the gap is
clearly visible for young and (highly) qualified low-
paid workers, but for older workers without any
qualification, the probabilities for the two time
points are almost identical.

Next, we calculate the difference between the
two different time points. Figure 4 shows for the
three qualification groups how, on average, the risk
of staying on low pay changes after twelve months
for an individual who was working in the low-pay
sector in the previous three months (see also Table
C2). The mean values indicate large degrees of
heterogeneity, both at the age level as well as
between qualifications. For example, for an indivi-
dual in his early twenties and holding a Level 5-6
or higher qualification, the risk of staying on low
pay declines, on average, by eight to ten percentage
points. This number drops to, on average, one to
two percentage points for men above 50. When we
move down the qualification ladder, we can see that
the difference across the different age bins is sub-
stantially lower than for those without any qualifi-
cations. Going back to the two specific age groups,
the respective numbers for the group in their early
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Figure 4. Average partial effect. Note: The graph shows for each age (in years as at March 2013) and differentiated by qualification
group, the mean change between April 2014 and April 2013 in the probability staying on low pay when working on low pay in the
three previous months (j = 8). For example, the probability staying on low pay declines by, on average, ten percentage points
between April 2014 and April 2013 for someone who was low-paid employed in the three previous months and is 21 years old with

a high qualification (Level 5-6 or higher as at March 2013).

twenties are between two and three percentage
points, and for those over 50 are around one per-
centage point.

We also calculated the slope of the average par-
tial effects across age and qualification group. We
apply a simple OLS model where our dependent
variable is the age and qualification-specific average

-.04 -.02 0
I I 1

Trend in p€6rtial effect after 12 months (in pp)
) |

partial effect. As explanatory variables, we include
age as a continuous variable, the qualification level
as a categorical variable, and an interaction of both
terms (see Model (1) in Table C3). To visualize the
relationship, we predict the qualification-specific
slopes across age. Figure 5 shows a positive slope
for all qualification levels, which means that the
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Figure 5. Trend in average partial effects. Note: The graph shows the trend in the average partial effects between April 2014 and
April 2013 for workers staying on low pay after working three months on low pay. For example, for a 20 year old (as at March 2013)
highly qualified worker, the probability of staying on low pay when they have worked for three months on low pay declines, on

average, by 8% points after one year.



decline in low-pay persistence within 12 months is
stronger for younger workers than older workers.
However, the slope is much steeper for those with
high qualification levels, with a magnitude up to
four times higher (-0.02pp for a 20-year-old
worker with no qualification vs. —0.08pp for a 20-
year-old worker holding a Level 5-6 or higher
qualification).

To highlight the effect of age-qualification spe-
cific effects, we re-run our estimation in a pooled
sample where we account for age and qualification
level as covariates. Figure B3 shows the corre-
sponding predicted slopes across the average par-
tial effects. We find that these slopes are also
positive; however, the effect is much weaker com-
pared to the case we run age-qualification-specific
regressions. Furthermore, we can see small changes
across different qualification levels, however the
magnitude of these is very small as well. We do
not observe a single horizontal line as we have not
interacted age and qualification with the lagged
labour market position and the time trend. It
needs to be kept in mind that older and less quali-
fied workers have a higher likelihood of staying on
low pay and thus the marginal effect of the time
trend decreases.”

We have presented empirical evidence that, with
time, the risk of staying on low pay drops more
sharply for younger and higher qualified workers.
This finding is consistent with the observation of the
wage pattern over the life-cycle, which shows that
wage growth is, on average, especially strong for
younger and higher qualified workers. The economic
literature points at, among other factors, two determi-
nants for wage growth: on-the-job training and
improved employer-employee matches. In the follow-
ing, we want to test whether we find indications for
improved employer-employee matches. As a proxy,
we take advantage of the tax records, which also hold
an employer identifier. For each low-paid worker, we
calculate the mean wage the respective employer has
paid to all of his staff. If a low-paid worker holds
multiple jobs, we only account for the job with the
highest wage. For confidentiality reasons, we only
include employers with a minimum of five employees.
Next, we calculate the mean wage of the employer for
each age-qualification combination.

APPLIED ECONOMICS 13

In Figure B5, the distribution of the log mean
wages are shown for March 2013, the start of the
observation period, and March 2016, the last
month of our observation period (numbers are in
nominal terms as we are not interested in quantify-
ing the changes). When looking at the mean wage
distribution for March 2013, we do not observe any
specific trend across age and qualification levels.
However, when moving to the March 2016 distri-
bution, we can see that independent of the qualifi-
cation level, there is a negative association by age,
indicating that younger workers tend to work at
higher-paying firms. Moreover, the slope is more
pronounced for higher qualification levels.

We also run an OLS regression for both time
points, where the mean wage of the employer for
each age-qualification combination is the depen-
dent variable, and age and qualification level (and
their interaction) as independent variables. The
first column of Table C4 shows the respective coef-
ficients for March 2013. Though we can see
a negative slope across age, the magnitude is small
(a drop of 0.16pp in 10 years) and not significantly
different from zero. Furthermore, the regression
model indicates that those with a higher qualifica-
tion level work for an employer who pays
a somewhat lower mean wage, but again the mag-
nitude is small (—0.4pp for a Level 1-4 qualification
and -2.5pp for a Level 5-6 and higher qualifica-
tion) and statistically insignificant. The only signif-
icant effect (despite the constant) is a qualification-
specific age effect, indicating that the mean wage of
the employer increases for the highest qualification
group over time (an additional 2.3pp in 10 years).

The model provides substantially different
results when looking at March 2016, both in mag-
nitude and direction. First, we still find a negative
association with age, though the magnitude is
much stronger (-3pp in 10 years) and significantly
different from zero. Furthermore, we see that
workers who are highly qualified work in firms
with a substantially higher mean wage (+10.9pp
for Levels 1-4, and +25.3pp for Levels 5-6 or
higher). Lastly, the slope is steeper for highly qua-
lified groups, showing that young and highly qua-
lified workers move into higher-paying firms more
so than other groups.

°For example, O(x; + a) — O(x;) <O(x, + a) — O(xy) if x; >x,>0 and a>0.
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To complement the picture on the low-pay tran-
sition, we also looked at the share of workers still
working in the low-pay sector five years later in the
Census 2018. We calculate the wage distribution
for 20 to 60-year-old male workers in March 2018
and define the two lowest deciles as low-pay work-
ers. Next, for each age-qualification combination,
we calculate the share of workers still working in
the low-pay sector five years later (excluding those
without any income from wages and salaries in
2018). Like before, to analyse the relationship, we
apply a simple OLS model where the share on low
pay is the dependent variable, and age and qualifi-
cation level (and their interaction) are the covari-
ates. To ensure consistency, we only account for
the age range of 20 to 55 years (inclusive). The third
column of Table C3 presents the respective coefhi-
cients. We find that with each year of life, the share
of initially low-paid workers still working in the
low-pay sector increases by 0.9pp. Moreover, we
find that qualified workers are noticeably less likely
to remain on low pay (-21pp for Levels 1-4 and
—38.8pp for Levels 5-6 and higher). Finally, we also
find that the age effect is more pronounced for
higher qualification levels. For example, for those
with Level a 5-6 or higher qualification, each
additional year of age increases the low-pay share
by additional 0.6pp.

6. Conclusion

Our study is the first to estimate how low-pay
persistence changes over time by controlling for
time trends in state dependence. To account for
differences between cohorts and human capital
levels, we perform age- and qualification-specific
regressions. In contrast to previous studies which
looked at annual labour market transitions, we
employ administrative tax records to track monthly
earnings. Our findings show that persistence in low
pay drops the most for young qualified workers. In
contrast, low-pay persistence is almost constant
over time for older workers, regardless of their
qualification levels. This finding is in line with the
literature on human capital formation, which
explains why wages, on average, have a hump-
shaped pattern over the life cycle. Further, we find
evidence that young and qualified workers, manage
to switch to higher-paying firms more frequently

than less qualified or older workers do. We inter-
pret this finding as an indication of improved
employer-employee matches.

To put our findings into the context of the pre-
vious literature, our results for older worker are in
line with the conclusion of Stewart (2007, 529) ‘that
not all jobs are good jobs, in the sense of improving
future prospects, and that low-wage jobs typically
do not lead on to better things’. For young and
more educated workers, our findings match with
those of Fok, Scutella, and Wilkins (2015, 892).
Additionally, consistent with Fok, Scutella, and
Wilkins (2015)’s study, our results indicate that
having a qualification does not always help exiting
low-paid jobs, especially for the older worker.
While Cai (2019) does not find heterogeneity in
the low-pay no-pay cycle across various sub-
populations, we find substantial differences con-
cerning time-trends in low-pay persistence
depending on cohort and qualification level.

These findings highlight that the extent of state
dependence in low pay is not necessarily constant
over time. Moreover, the time trends in low-pay
persistence are heterogeneous across the work-
force, and the magnitude depends on the indivi-
dual’s qualification and age. Thus, caution needs to
be exercised when making policy recommenda-
tions. Being young does not prevent an individual
from being stuck in the low-pay sector, as shown
for those young workers with no qualification. At
the same time, having a high qualification does not
necessarily protect workers against being trapped
in low-paid jobs, as shown for the group of workers
above 50. However, being on low pay does not
mean being deemed to stay on the wage level for
the subsequent periods. Thus, there cannot be
a ‘one-size-fits-all’ policy; instead, policy initiatives
must be more nuanced. For example, the 2015
introduction of the universal statutory minimum
wage in Germany aimed to contain the low-pay
sector (Bundesministerium fiir Arbeit, 2014;
Caliendo et al. 2018), without taking into account
that for many young workers a low-pay employ-
ment might be an interim position. A more differ-
entiated approach has been adopted by New
Zealand with a lower minimum wage for younger
workers aged between 16 and 19 (Starting-out
minimum wage) and adults on a training
(Training minimum wage).



A limitation of this study is that it only considers
transitions between low and higher pay. A large
body of literature compares the prospects of those
on low pay with those who are unemployed. The
underlying question is whether low-pay employ-
ment acts as a springboard into higher-pay
employment and offers a greater opportunity to
climb up the earnings ladder than remaining
unemployed. Like low-pay employment, it can
also be argued that employment and earning pro-
spects of the unemployed differ across age and
qualification level(s). Another useful extension
might be to decompose the higher-paid group
further. So far, we lump all individuals above the
low-pay threshold together. However, due to the
differences in wage growth, young and more qua-
lified workers might be more likely to enter higher
parts of the earnings distribution, and older work-
ers might be stuck just above the cut-off point.
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Appendix

A Disclaimer

The results in this paper are not official statistics, they have been created for research purposes from the Integrated Data
Infrastructure (IDI), managed by Statistics New Zealand. The opinions, findings, recommendations, and conclusions expressed in
this paper are those of the authors, not Statistics NZ.

The results are based in part on tax data supplied by Inland Revenue to Statistics NZ under the Tax Administration Act 1994.
This tax data must be used only for statistical purposes, and no individual information may be published or disclosed in any other
form, or provided to Inland Revenue for administrative or regulatory purposes. Any person who has had access to the unit record
data has certified that they have been shown, have read, and have understood section 81 of the Tax Administration Act 1994,
which relates to secrecy. Any discussion of data limitations or weaknesses is in the context of using the IDI for statistical purposes,
and is not related to the data’s ability to support Inland Revenue’s core operational requirements.

Access to the anonymized data used in this study was provided by Statistics NZ in accordance with security and confidentiality
provisions of the Statistics Act 1975. Only people authorized by the Statistics Act 1975 are allowed to see data about a particular
person, household, business, or organization, and the results in this paper have been confidentialised to protect these groups from
identification. Careful consideration has been given to the privacy, security, and confidentiality issues associated with using
administrative and survey data in the IDI.

Further detail can be found in the Privacy impact assessment for the Integrated Data Infrastructure available from www.stats.
govt.nz.
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Figure B1. Income distribution. Notes: The graph shows for March 2013 the distribution of log-income from wages & salaries of
601686 men aged 20 to 60 who received income in each month of the period January 2013 to March 2016.
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Figure B2. Age distribution of low-pay worker. Note: The black line shows the accumulated age distribution for the sample of 26487
men who were on low pay between January and March 2013. The dashed line indicates equal distribution across age.

0
1

-.02
1

Trend in partial effect after 12 months (in pp)
-.06 -.04
1 1

0]
=
v T T T T T
20 30 40 50 60
Age
No qualification ——-—-—: Level 1-4  =-=reeeee Level 5-6 or higher

Figure B3. Trend in average partial effects (pooled sample). Note: The graph shows the trend in the average partial effects between
April 2014 and April 2013 for staying on low pay after working three months on low pay when the regression is based on a pooled
sample. For example, for a 20 year (as at March 2013) old highly qualified worker the probability to stay on low pay when having
worked for three months on low pay declines, on average, by 4.2% points after one year.
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Figure B4. Probability of staying on low pay. Note: The graph shows the mean probability for each age (in years as at March 2013),
differentiated by qualification group for April 2013 (red circles) and April 2014 (black triangles).
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C Tables

Table C1. Distribution of income from wages and salaries.

No qualification Level 1-4 Level 5-6 or higher No qualification Level 1-4 Level 5-6 or higher
20 7.92 7.72 7.63 41 8.35 8.63 9.02
(7.35) (7.23) (7.19) (7.94) (8.32) (8.97)
21 7.93 7.84 7.74 42 835 8.63 9.02
(7.19) (7.34) (7.3) (7.77) (8.37) (8.87)
22 8.02 7.97 7.92 43 8.4 8.65 9.05
(7.31) (7.37) (7.38) (8.31) (8.44) 9)
23 8.06 8.08 8.04 44 8.38 8.68 9.05
(7.29) (7.46) (7.42) (7.85) (8.48) (8.91)
24 8.09 8.15 8.16 45 8.38 8.67 9.07
(7.34) (7.5) (7.61) (7.95) (8.47) 9.1
25 8.14 8.23 8.25 46 8.37 8.67 9.09
(7.43) (7.53) (7.59) (7.81) (8.44) (9.07)
26 8.15 8.26 8.35 47 8.38 8.66 9.1
(7.41) (7.54) (7.89) (7.7) (8.42) (9.14)
27 8.19 8.31 8.41 48 8.39 8.66 9.1
(7.48) (7.59) (7.86) (7.74) (8.4) (9.21)
28 8.21 8.33 8.46 49 8.41 8.68 9.11
(7.47) (7.65) (7.85) (7.86) (8.6) (9.19)
29 8.24 8.38 851 50 8.38 8.68 9.07
(7.63) (7.68) (8.13) (7.89) (8.57) (9.07)
30 8.25 8.4 8.57 51 8.4 8.67 9.06
(7.72) (7.8) (8.03) (8.2) (8.45) (8.98)
31 8.24 843 8.63 52 84 8.65 9.07
(7.48) (7.86) (8.35) (8.11) (8.47) (9.09)
32 8.28 8.44 8.68 53 8.39 8.64 9.09
(7.73) (7.84) (8.21) (7.96) (8.45) (9.24)
33 83 8.48 873 54 841 8.66 9.05
(7.58) (8.03) (8.51) (7.98) (8.67) (9.07)
34 8.27 8.5 8.78 55 8.39 8.66 9.07
(7.55) (8.09) (8.48) (7.94) (8.65) (9.14)
35 832 8.53 8.79 56 8.38 8.63 9.02
(7.78) (8.02) (8.34) (7.84) (8.46) (9.23)
36 8.29 8.54 8.87 57 8.38 8.59 9.01
(7.55) (8.07) (8.67) (8.35) (8.41) (8.97)
37 8.29 8.54 8.90 58 8.37 8.6 8.98
(7.65) (8.01) (8.68) (7.8) (8.55) (8.89)
38 8.34 8.58 8.94 59 8.36 8.6 8.99
(7.78) (8.23) (8.88) (7.88) (8.51) (8.99)
39 833 8.59 8.96 60 835 8.56 8.97
(7.63) (8.2) (8.83) (7.99) (8.37) (8.91)
40 832 8.62 9.03
(7.64) (8.41) (10.01)
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Table C2. Average partial effect of staying low pay.

No qualification Level 1-4 Level 5-6 or higher No qualification Level 1-4 Level 5-6 or higher
20 —0.026 —0.056 —-0.071 41 —-0.015 —-0.031 —-0.035
(0.008) (0.003) (0.011) (0.007) (0.006) (0.012)
21 —0.025 —0.056 —0.101 42 —0.002 —-0.013 —0.023
(0.008) (0.003) (0.01) (0.007) (0.006) (0.01)
22 —0.028 —0.052 —0.096 43 0.001 —-0.02 —-0.015
(0.01) (0.004) (0.009) (0.005) (0.006) (0.007)
23 —-0.016 —0.052 —0.095 44 —-0.01 —-0.012 —0.028
(0.008) (0.005) (0.009) (0.006) (0.007) (0.011)
24 0.000 —0.061 —-0.092 45 —0.009 —-0.015 —-0.02
(0.011) (0.006) (0.009) (0.005) (0.006) (0.01)
25 —-0.014 —0.041 —0.093 46 —-0.01 —0.024 —-0.02
(0.01) (0.005) (0.011) (0.006) (0.007) (0.01)
26 —-0.019 —0.047 —0.082 47 —0.005 —0.005 —-0.013
(0.009) (0.007) (0.011) (0.006) (0.005) (0.008)
27 —0.006 —0.039 —0.061 48 —-0.013 —-0.017 —0.022
(0.01) (0.007) (0.01) (0.005) (0.006) (0.009)
28 —0.004 —0.044 —0.068 49 —-0.012 —-0.019 —-0.021
(0.009) (0.008) (0.011) (0.006) (0.006) (0.01)
29 —-0.015 —0.032 —0.028 50 —0.002 —-0.019 —-0.025
(0.009) (0.008) (0.01) (0.007) (0.006) (0.009)
30 —-0.028 —0.045 —0.052 51 —0.005 —-0.02 —-0.014
(0.01) (0.008) (0.011) (0.006) (0.006) (0.008)
31 —-0.01 —0.027 —0.066 52 —-0.013 —0.006 —0.008
(0.008) (0.007) (0.013) (0.006) (0.005) (0.005)
32 —0.021 —0.032 —0.038 53 —0.006 —0.006 —0.009
(0.008) (0.008) (0.011) (0.005) (0.004) (0.005)
33 —-0.018 —0.028 —0.051 54 0.001 —0.006 —-0.015
(0.008) (0.006) (0.014) (0.007) (0.005) (0.009)
34 -0.01 —0.038 —0.049 55 —0.006 —-0.012 —-0.01
(0.008) (0.008) (0.013) (0.004) (0.004) (0.01)
35 —-0.015 —0.024 —0.041 56 —-0.01 —0.003 —0.04
(0.008) (0.007) (0.012) (0.007) (0.004) (0.015)
36 -0.02 —-0.026 —0.041 57 —0.006 —0.001 —0.004
(0.01) (0.007) (0.012) (0.004) (0.005) (0.008)
37 —-0.011 —0.026 —-0.015 58 —0.007 —0.003 —0.021
(0.008) (0.007) (0.01) (0.004) (0.004) (0.009)
38 —-0.019 —-0.015 —-0.029 59 —0.003 —-0.01 —0.006
(0.009) (0.006) (0.01) (0.006) (0.004) (0.007)
39 —-0.012 —-0.01 —0.011 60 —0.008 —0.006 —-0.017
(0.006) (0.006) (0.007) (0.006) (0.005) (0.007)
40 —0.032 —-0.021 —-0.014
(0.011) (0.007) (0.01)

The table provides for each age (in years as at March 2013), differentiated by qualification group, the mean change between April 2014 and
April 2013 in the probability staying on low pay when working on low pay in the three previous months (j = 8). For example, the probability
staying on low pay declines by, on average, 10.1% points between April 2014 and April 2013 for someone who was low-paid employed in the
three previous months and is 21 years old with a high qualification (Level 5-6 or higher as at March 2013).

Table C3. Slope of changes in low-pay persistence.
1 @) ®3)

age 0.00038*** 0.00055*** 0.00886***
(0.00013) (0.00002) (0.00058)

qualification (reference: no qualification)

Level 1-4 —0.04840*** —0.00204 —0.20993***
(0.00819) (0.00137) (0.03240)

Level 5-6 or higher —0.09169*** —0.00527*** —0.38763***
(0.00823) (0.00137) (0.03240)

qualification x age

Level 1-4 x age 0.00089*** —0.00002 0.00300%**
(0.00019) (0.00003) (0.00083)

Level 5-6 or higher x age 0.00165*** —0.00004 0.00614***
(0.00019) (0.00003) (0.00083)

N 122 122 108

Columns (1) and (2) provide the respective coefficients of an OLS model using the age- and qualifica-
tion differentiated average partial effects between April 2014 and April 2013. Model (3) refers to low-
pay ratio in March 2018, age range is 20-55.
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Table C4. Slope of mean wage of employer.

March 2013 March 2016
age —0.00016 —0.00304***
(0.00057) (0.00061)
qualification (reference: no qualification)
Level 1-4 —0.00443 0.10949***
(0.03368) (0.03646)
Level 5-6 or higher —0.02468 0.25353***
(0.03368) (0.03646)
qualification x age
Level 1-4 x age 0.00039 —-.00177*
(0.00080) (0.00087)
Level 5-6 or higher x age 0.00231*** —0.00277***
(0.00080) (0.00087)
constant 7.96337%** 8.3778"*
(0.02381) (0.02578)
N 122 122

The table provides the coefficients of a simple OLS model of the mean wage of
employer, differentiated according to the age and qualification-level of the
low-paid worker.
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