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Abstract

Several studies have shown that working in the low wage sector significantly increases the risk of
staying low paid employed in the future. However, past literature has usually only considered
changes in labour market status at the annual level and has not accounted for within-year changes
of an individual’s labour market position. Using a population-wide administrative dataset with
monthly earnings information, this study shows that state dependence in low pay employment is
highly heterogeneous: workers with a strong attachment to the low pay sector have a significantly
higher probability staying low-paid employed compared to their low paid colleagues with a weak
low pay attachment. Moreover, evidence is presented that the conventional identification strategy
using annual data both under- and overestimates the persistence in low pay substantially.
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1. Introduction

Public (and academic) debate regarding rising levels of inequality has surged in recent years,
often fuelled by an increasing or stagnating share of low pay employment. The average low
pay incidence in the OECD in 2015 was approximately 16 percent, though with remarkable
gender and country differences.? Related to this, the number of studies analysing the labour
market prospects of low paid employed has increased noticeably, often asking to what extent
low-paid employment may operate in the capacity of a ‘stepping-stone’ towards improved la-
bour market outcomes versus lead into a ‘no-pay — low-pay’ cycle. Though the findings on this
debate are rather mixed (for a discussion see Plum 2015), most studies present evidence in
favour of state dependence in low pay. This means, employment in the low wage sector itself
increases the risk of being employed on a low wage in the future compared to other labour
market positions.

The aim of this study is to utilise monthly administrative data on wages and salary to investigate
state dependence in low pay, and compare our findings with the prevailing identification strat-
egy in relevant literature — namely, the reliance on survey data, and estimates based on earnings
information for just one month within each year. This study shows that not accounting for
monthly variation in wages across the year has a severe impact on the estimated size of low
pay persistence. Furthermore, controlling for differences in the intensity of low pay attachment
also has a considerable impact on the estimated probabilities of staying low paid employed.
These findings point to a heterogeneous effect of past periods of low pay employment.

From a theoretical perspective, one major argument for state dependence in low pay employ-
ment is that low paid jobs might send a negative signal: the employer does not know the true
productivity of a worker and thus might look at the labour market history of the employee as a
proxy. Thus, working on low pay might be considered as working in a ‘bad job’ (e.g. Acemoglu
2001). Layard et al. [1991: 249] popularized this concern by the famous remark: “While un-
employment is a bad signal, being in a low-quality job may well be a worse one.”

To analyse the above labour market dynamics empirically, information on individual earnings
and characteristics are required. Surveys (like the British Household Panel Survey (BHPS), the
German Socio-Economic Panel (SOEP), and/or the Household Income and Labour Dynamics
in Australia Survey (HILDA)) are often employed for these empirical exercises, as they provide
a rich set of individual and labour market related information. However, one limitation of sur-
vey data is that earnings information are collected with respect to one time point in a year.
Though not discussed in the low pay literature, it is implicitly assumed that earnings variation
within a year does not have a major effect on estimation results. This assumption is only justi-
fied if individuals” wage variation during a year is minimal.

However, if wages are not constant within a year, the intensity with which an individual is
employed in the low wage sector might also not be constant. For example, an individual might
be identified as low-paid employed at the interviewed month in a survey as their wage was
below the low-pay threshold. But if their wage dynamics meant that was one of only a few

! Data retrieved on 19 April 2018 from the OECD: http://stats.oecd.org/
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months on low pay, and that the majority of the year they were earning above the threshold,
then accounting for monthly variation in wages illustrates the weak attachment this individual
has to the low pay sector. Likewise it is possible for someone to be classified as higher-paid
employed in the interviewed month, even if that individual has spent most of the remaining
months of the year in the low wage sector, and thus has a strong low-pay attachment.

This study assesses the plausibility of assuming relatively constant wages, as well as the impact
when this assumption is not realised on estimates of low pay persistence. For this purpose we
employ population-wide monthly administrative data on individual wages and salaries. This
unit record information is sourced for the time period of 2007 to 2013 from the Integrated Data
Infrastructure (IDI) in New Zealand (NZ). The IDI contains micro data from a range of gov-
ernment agencies and enables the researcher to join these on the individual level. For the pur-
poses of this study, tax data from Inland Revenue are used, which covers the entirety of the NZ
working population. The main advantage of these data is that accurate information are provided
on a monthly basis and that survey related issues like panel attrition (e.g. Cappellari & Jenkins
2008) and measurement error associated with self-reporting do not need to be addressed. Fur-
thermore, the high number of observations in combination with a long time period aids in
providing a detailed picture of labour market movements.

In a similar vein to past literature, we focus on prime aged male workers. We initially determine
the intensity of low pay attachment for each worker by calculating the number of low pay
months experienced within each year relative to the total number of employed months. Based
on these constructed ratios, three groups are formed: those without any low pay experience (no
low pay attachment); those spending less than half of their employed months in the low pay
sector (weak low pay attachment); and the final group spending at least fifty percent of their
employed time in low pay (strong low pay attachment). We find a noticeable variation in low-
pay attachment across the working population, with some workers on low pay for just a few
months in a year, whereas others spend most of their employment in the low wage sector.
Moreover, the correlation of low pay sector attachment over time appears rather stable and is
substantially higher after accounting for monthly variation in earnings, compared to the tradi-
tional method of comparing wages of a single month (via survey data) across consecutive years.

To derive the impact of labour market position on future labour market outcomes, we follow a
common approach in the low-pay literature and apply dynamic random-effects multinomial
logit estimators. The estimation results indicate that there is substantial heterogeneity in the
risk of facing low pay depending on past strength of attachment to the low pay sector. More
specifically, we find that an individual has a significantly higher risk of strong low pay attach-
ment, if they experienced strong low pay attachment in the past, compared to their counterparts
who experienced weak or no low pay attachment. Furthermore, when comparing our findings
to the prevailing identification strategy in the literature we find that low pay persistence is
overestimated for workers with a weak low-pay attachment and underestimated for individuals
with a strong low-pay attachment.

The remainder of this paper is structured as follows: Section 2 provides an overview of the
current literature on low pay dynamics; Section 3 describes the NZ labour market context;
Section 4 presents a conceptual framework for highlighting the effect of not accounting for



monthly variation in wages; Section 5 encompasses an overview of the administrative data and
key descriptives; Section 6 presents the econometric model; in Section 7 results are provided,
and the final section concludes.

2. Literature Review

The number of studies on low pay has increased substantially in recent years. The aim of this
section is to provide a brief overview of country specific empirical findings on low pay dy-
namics and prior estimates of the magnitude of low pay persistence (Table 1).

For the case of the United Kingdom, Stewart & Swaffield (1999) use the first five waves (1991-
95) of the British Household Panel Survey (BHPS). Three different indicators are used to iden-
tify low-paid employed (half the median, half the mean, and two-thirds the median of gross
hourly wages). Using a bivariate probit model, the authors find ‘considerable persistence in
low pay’ [p. 40]. Stewart (2007), also uses BHPS data (for the period 1991-96), and focusses
on the interrelationship between low pay? and unemployment. After application of various ran-
dom and fixed effects specifications, he finds that ‘low-wage jobs act as the main conduit for
repeat unemployment’ [p. 511]. In another study stemming from the use of BHPS data, Cap-
pellari & Jenkins (2008) use an endogenous switching model, to uncover substantial persis-
tence in low pay employment. Most recently, using data from both the BHPS and Understand-
ing Society, Cai et al. (2017) apply dynamic multinomial logit models to estimate the extent of
state dependence in low pay. In a similar fashion to the studies above, the authors conclude that
‘those employees who are on low pay are more likely to be found on low pay in the future,
compared with those who are (...) unemployed or on higher pay’ [p. 27].

With respect to the Italian labour market, Cappellari (2007) uses data from the Survey on
Households Income and Wealth (SHIW) for the waves 1993 to 2002 (noting that this is a bi-
annual survey). Low paid employed are defined as the poorest fifth of the wage distribution.
Multivariate probit models that control for endogeneity of initial conditions, earnings attrition
and educational attainment are estimated. The author concludes that there is ‘considerable state
dependence: the experience of low pay raises the probability of subsequent low pay epi-
sodes’ [p. 465].

Low pay persistence has also been examined in the German context. Uhlendorff (2006) uses
data from the SOEP for the years 1998 to 2003 and applies two different measures to identify
low-paid employed: gross wages below two thirds of the median hourly wages and the first
quintile of the wage distribution. Applying a dynamic multinomial logit model, the author pre-
sents evidence for ‘strong true state dependence in low pay’ [p. 18] and “a strong link between
low pay and no pay’ [p 18]. Mosthaf (2014) uses for the years 2000-06 data from the German
Integrated Employment Biographies Sample (IEBS), which is an administrative data set with
rich information on employment on a daily basis. Due to the lack of the exact working time, an
individual is identified as low-paid if he earns less than two thirds of the median gross wage of
all full-time employed individuals. Applying dynamic multinomial logit models with random
effects the author detects noticeable state dependence in low pay.

2 Low paid employed is defined as receiving a gross hourly wage of below £3.50, in 1997 terms.
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Using data from the European Community Household Panel (ECHP), Clark & Kanellopoulos
(2013) analyse the persistence of low pay employment for twelve European countries over the
period 1994 — 2001. Two different measures are used for defining low-pay employment: i) the
OECD threshold of two-thirds of the mean hourly wages and ii) if the individual is in the lowest
three deciles of the pay distribution.® Using random effects probit estimators, the authors find
evidence for ‘positive, statistically significant state dependence in every single coun-
try’ [p. 122].

Table 1: Low pay persistence of related studies

Study P(Lp¢|Hps-1)  P(Lp¢|Lpe-1)  P(Lp¢lue,_y)
Uhlendorff (2006) 0.024-0.038  0.049-0.077  0.048 -0.083
Mosthaf (2014) 0.033-0.007  0.091-0.168 0.023-0.076
Clark & Kanellopoulos (2013)* UK: 0.071
Germany: 0.064
Italy: 0.045
Cai et al. (2017) ** 0.160 0.272 0.202

. _________________________________________________________________________________________________________________]
Note: The studies of Stewart & Swaffield (1999), Cappellari (2007) and Cappellari & Jenkins (2008) are
restricting the analysis to employed. Stewart (2007) does not provide any number on low pay persistence.
* 2/3 of median as provided in Table 5 [p. 127]. ** Refers to estimation results for males using the Under-
standing Society data.

To analyse the effect low pay employment on the future labour market position on the Austral-
ian labour market, Buddelmeyer et al. (2010) use data from Household, Income and Labour
Dynamics in Australia (HILDA). In their study, a person is defined as low paid if their wage is
bellow two-thirds of the median gross hourly wage. Dynamic random effects probit models are
applied and the author show that being low-paid employed increases the risk of future unem-
ployment; however, these findings are only significant among women. Fok et al. (2014) also
use data from HILDA to estimate transitions between unemployment, low-pay and higher pay
employment. To identify low paid employed, a person must have an hourly rate of pay below
120% of the hourly minimum wage and a weekly wage below 120% of the weekly minimum
wage. The authors use dynamic multinomial logit model with random effects to estimate state
dependence in low pay. One finding is that there is sizeable state dependence in low pay.

3. The NZ low pay sector

There is limited empirical analyses regarding the NZ low pay sector. There is one descriptive
study by Cochrane et al. (2018) that use two different definitions to identify low paid employed:
the first one accounting for the relative distance to the median wage (labelled as OECD low
pay) and the second one in relation to the minimum wage (labelled as 120% MW low pay). As
a result of these different measures the low pay incidence varies; in 2015 about 11.1 percent of
the employed were low paid according to the OECD definition and 24.9 according to the min-
imum wage definition.

To derive the comparability of the NZ labour market with others countries from the OECD,
some OECD economic and labour market related indicators for Australia, Germany, New Zea-
land, Great Britain and United States are presented in Table 2. It can be seen that evaluated by

3 For robustness reasons various different thresholds are applied.
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their contribution to GDP the main four sectors are trade, public administration, industry and
real estate activities: their summed percentage contribution to GDP is about 64 percent. This is
on a comparable level with the respective contribution of GBR (64 percent) Australia (64 per-
cent) and the US (67 percent). Due to a substantially greater industry sector, the percentage of
GDP generated by those four sectors is noticeably greater for Germany (71 percent).

Table 2: Economic and labour market related indicators
for five selected OECD countries

AUS DEU NZL GBR USA
Gross value added at basic prices (2014, ISIC rev4)

Agriculture, forestry and fishing 25% 08% 68% 07% 1.3%
Industry, including energy 16.6% 25.9% 15.4% 14.0% 16.9%
Construction 8.6% 45% 6.3% 6.0% 4.0%
Distributive trade, repairs” 16.7% 15.9% 17.7% 18.0% 15.9%
Information and communication 29% 47% 3.0% 6.0% 5.9%
Financial and insurance activities 91% 41% 63% 75% 7.3%
Real estate activities 12.3% 11.0% 14.8% 135% 12.3%
Prof., scientific, techn.; admin., ** 10.6% 10.9% 10.4% 12.1% 11.5%
Public admin.; compulsory s.s.; ™ 17.9% 18.0% 15.8% 18.3% 21.8%
Other service activities 29% 41% 35% 4.0% 3.2%

Low Pay Incidence (men, 2015) 135% 15.7% 12.8% 155% 21.2%

Minimum wage relative to median wages of full- 53.8% 46.7% 60.5% 49.0% 34.9%

time workers (2016)

Strictness of employment protection — individual 1.94 2.84 1.01 1.66 1.17

and collective dismissals (regular contracts, 2013)

Collective bargaining coverage (2010) 58.6% 59.8% 15.6% 30.9% 12.6%

> ok

Source: OECD Statistics (2018). ™ includes transport; accommod., food serv.; ™ includes support serv. Activities; ™ in-
cludes education; human health

Looking at labour market indicators (bottom part of Table 2), it can be seen that New Zealand
has a low pay incidence (13 percent) which is on a comparable level as Australia (14 percent),
UK (16 percent) and Germany (16 percent). The US faces the highest share of low pay inci-
dence (21 percent). One explanation for the slightly smaller size of the low pay sector could be
the relatively high level of the minimum wage: set into ratio with the median wage of full-time
workers, the level is 61 percent for New Zealand, 54 percent for Australia, 49 percent for UK,
47 percent for Germany and 35 percent for the US.

Moreover, the OECD data show that New Zealand has a low level of strictness of employment
protection, which is on a comparable level as the US. Furthermore, the collective bargaining
coverage is little and also comparable with the US level.



4. Conceptual framework

4.1 Basic concept

To fix ideas and to provide an impression of the influence of monthly variation of wages and
salaries, we start with a model that is used for describing earning dynamics (e.g. Baker & Solon
2003, Cappellari & Jenkins 2014):

Yik,, = Uk + Yik,, (1)

with Yy, referring to wages of individual i = 1,...,N in year k =1, ...,K at month m =
1,...,12.% These wages consist of two parts: u, which is unrelated to the individual, and an
individual-specific deviation y;; . The second term itself can be again separated into two parts:

Viky = % T Vi, 2)
The first term refers to a random individual-specific time-invariant component and the second
term is a month specific idiosyncratic shock. For simplification, it is assumed that a; and v,
are orthogonal to each other and vy is serially uncorrelated. The variance takes the following
form:

Var(vae,) = 02 + o ©

An individual is identified as being low paid in month m if the monthly wages are below the
threshold z:

LPy, =1(Yy, <7) 4)

Turning to the annual level a marker that indicates whether an individual has experienced at
least one month of low pay can be written the following (with M;;, € {1, ...,12} referring to the
individual number of employed months):
M,
LP; =1 Z LPy,, >0 (5)
m=1

Thus the annual share of individuals with a positive number of low pay employment months is

LP, = %. If there is no monthly variation in the wages and salaries than this ratio is equal
i=1 Mik

to the ratio of any month m € {1, ..., M;;. }:
N LPij— .
Lp, = Z=1tPikm i 2 _ g
Ng

Furthermore, the individual share of low paid employed months’ can be derived:

_ ZnM,Lf LPikp, . 1
. = =mLtn with P, € {o, /m,. 1} (6)

ik

4 Note that the original models account for variation of the wages on the annual and not on the monthly level.
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This ratio might be understood as a marker on low pay attachment and a more aggregated
version is used later. If there is no monthly variation than this marker is equal to the low pay

intensity of any month (LPjj, = LP;_ifoZ = 0).

4.2 Correlation over time

To derive how this affects the correlation over time between year k — 1 and k, some assump-
tions are made for simplification. First, it is assumed that all individuals work the same amount
of months in the two consecutive periods, thus M;,_, = M, = M V i. Furthermore, it is as-
sumed that the number of observations N is sufficiently large for asymptotics. To identify the
low-paid employed, a relative threshold, e.g. the lowest tenth percentile, is used that is constant
overtime, thus ty_y, = - = Tg_y,, = =+ = Ty,, = 7. Therefore, }; LP;j = Y;LP;y_ = N Xt
with month m € {1, ..., M} and this finding is independent of a2

Note that if 02 = 0 than ¥;(LP3)% =Y (LPk 1LP5<) = N x 1 as LP5, € {0,1}; if 62 > o
than Y;(LP;,)% = X;(LP;,_,LP;;) = N X 7% as LP; —>r However, ZlLPlk_ =N X Tin-

dependent of o2 but 3;(LPig—1, LPiy.,. ) = Xi(LP3)? |f o2 =0and Y;(LPy—y, LPy_) = N X
72 as o - oo . The correlation coefficient takes the following form for the marker that ac-
counts for monthly variation of wages

N LPj_1LP;j) — (X LPj_1) (X LPj.)
VINE(LP;_1)? — (B LPj_ 2N Xi(LP3)? — (X LP)?]
and for the marker that compares the labour market position of month m of two consecutive

years
corr[LPl- k=170 LP; km]

corr [LPj, LPjjq] =

N(Zl LPlk l—LPlkm) (Zl LPlk 1m)(21 LPlkm)

- 2

J [N Ei(LPik1y)” = (ZiLPie-1) | [N Bi(LPit)” = (BiLPit) ]
The correlation coefficient of both markers are restricted between 1 (62 = 0) and 0 (g2 - o)
and thus correlation over times declines if monthly variation of wages increases (a2 > 0).

3(Zi LPik—lmLPikm)
dol

9(X; LPjj,_,LPj
However, due to N — oo we know that | G e

v

<

. Moreover, as

8(corr[LPLPjs1])
9o 2

>0 we can conclude that

2 aYi(LP
Zi(LPik—lm) lO'E and |%

a( COrr[LPik—lﬁ’LP ikm])

2
doy

4.3 Simulation

To emphasize the findings a simulation is run based on 5,000 individuals of whom all were
employed for 12 months. It is assumed that ¥, = 2,000 + 200a; + 200v;;,  with k € {1,2},
a; = (0,1) and a; = (0,x) with x € {0,.1, ...,1}. An individual is identified as being low pay
if the log wages belong to the lowest 25" percentile within the respective month. 500 replica-
tions are chosen for each level of a,,. Afterwards, the share of individuals who have experienced



at least one month of low pay employment and the correlation of the low pay intensity, which
is the share of low pay employment months divided by the total number of months, are calcu-
lated.

Figure 1: Simulation results (averages over 500 draws)
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Source: own simulation (see numbers in text). The left panel shows the share of individuals affected by low pay when accounting for
monthly variation (‘Monthly marker’) and when only considering the labour market position at one month of a year (‘ Annual marker’).
The right panel shows the correlation between two time points of the two marker.

To highlight the difference between the prevailing identification strategy when using survey
data which only provide information for one month in a year and the case when considering all
time points, two different marker are generated. The first marker uses all monthly information
provided to calculate the share of individuals affected by low pay and is labelled *‘Monthly
marker’. The second marker only uses the information of the first month of the year and is
called ‘Annual marker’. As depicted in Figure 1, both marker only derive identical results when
there is no monthly variation of the wages. However, with an increase of the variation of the
monthly wages the difference between the calculated shares of individuals who experienced
low pay in the year is increasing (left panel). Furthermore, the correlation of the low-pay posi-
tion between two time points is underestimated when using information that refer only to one
month of a year (right panel).

5. Data and Descriptive Statistics

To analyse state dependence in low pay employment, data from Statistics New Zealand’s Inte-
grated Data Infrastructure (IDI) are used.® The IDI links longitudinal microdata about individ-
uals, households, businesses and organisations from various sources; e.g. Ministry of Business,
Innovation and Employment on migration, Ministry of Education on secondary and tertiary
education or the Ministry of Social Development on benefit. The backbone of the IDI is the
Central Linking Concordance (CLC), which contains a list of all individuals including an as-
signed unique identifier for an individual along with their basic demographic information on
sex, date of birth and ethnicity indicators. The identifier enables the researcher to link all the
different datasets.

> Please note the disclaimer in the Appendix



Figure 2: The data sources

Central Linking Concordance
(unique identifier, basic demographic
information)

TN

IR tax data Census 2013

(information on monthly wages & salaries) (information on individual and househald
characteristics)

Source: own representation.

The IDI also consolidates information on person tax data from Inland Revenue. The IR tax data
are provided from 1 April 1999 onwards and the geographic coverage refers to all New Zea-
land. Data are collected and supplied monthly to the IDI. To identify gross wages paid to the
employee, two variables are used:

e First one provides information on total wages before tax for each employer.

e Second gives a code representing the source of income: i) wages & salary, ii) withhold-
ing payment, iii) benefits, iv) student allowance, v) paid parental leave, vi) pensions
(superannuation) and vii) claimants compensations.

Another dataset we are using is the Census 2013. The Census was conducted on Tuesday, 5
March 2013 and contains a range of individual and household related information on all indi-
viduals living on the respective day in New Zealand. For the analysis, all three data sets are
combined (see Figure 2).

For our analysis we use the gross wages before tax that come from wages and salaries. As an
employee might be holding multiple jobs or changes jobs within a month, there could be more
than one line item entry per month per individual. As we are considering monthly wage
changes, we aggregate all monthly wages. To control for individual characteristics we use in-
formation provided by the Census 2013 and we only consider the years 2007 to 2013 for our
analysis to ensure that no substantial changes on the individual level occurred. Furthermore,
we restrict our sample to male employee of age 25 to 45 in 2007. We do this for several reasons:

e We do not have any information on the actual individual working hours. However, ac-
cording to data from the OECD, in the respective time frame about 95 percent of those
employed prime aged men are working fulltime. Moreover, also those months are ex-
cluded in which the individual was earning per month below 30 hours times the respec-
tive minimum wage times 4.2 weeks.

e The age restrictions helps to mitigate the influence of schooling or early retirement
schemes.

To ensure a sufficient labour market attachment, we restrict our sample to those individuals
who were employed at least for five months per year and have tax entries for the whole covered
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time period. This provides us with a balanced sample. To identify those worker who are low
paid employed age related® low pay thresholds are calculated. We use as a threshold two thirds
of the median monthly wages of the respective age group (OECD 1997).”

After identifying the intensity an individual is attached by low wages, the following three
groups are generated (this identifier is called Monthly marker):

e No low-pay months: individuals without any low pay months within a year or individ-
uals who were employed each month of a year and were observed working in the low
wage sector for only one month

e Low-pay month: < 50 percent: individuals who have worked in the low wage sector
but less than half of their annual employment duration.

e Low-pay month: > 50 percent: individuals who have worked at least half of their total
annual employment period in the low wage sector.

Afterwards, we draw a random subsample that consists of 77 250 observations. To get an im-
pression of the labour market attachment, the relative group size of the respective groups is
listed in Table 3 (last column). According to this definition, about every fifth worker has some
kind of attachment to the low pay sector. Furthermore, the two groups that should reflect the
intensity of being attached to the low pay sector are of comparable size, with a slightly bigger
share with a weak low-pay attachment.

Table 3: Comparing the identification of the low pay employed

Annual Marker
Higher pay: Low pay: Share;

. No low-pay months; 97.46 2.54 82.4
£ Low-pay month:< 70.92 29.08  9.72
£ 50%

é‘ Low-pay month:> 26.86 73.14  7.88
S 50%:

= Share 89.32 10.68

Source: IDI data (2018), own calculations. N=77 250.

To demonstrate the difference to the prevailing identification strategy a second marker is con-
structed — called Annual Marker — which refers to the labour market position in the first ob-
served month of a year.® Here, individuals are differentiated between higher-paid employed
(Hp) and low-paid employed (Lp). The cross tabulation in Table 3 indicates, that about 70 per-
cent of those individuals who were identified as having a weak level of low pay attachment are
identified as higher paid employed — and three quarter of those who were considered as having
a high level of low pay attachment are grouped into the low pay category. Moreover, when
applying the Annual Marker the size of individuals with low-pay attachment half’s to about ten
percent.

To derive a more complete picture of the intertemporal correlation, the correlation structure for
the period 2008 to 2013 is presented in Figure 3. The figure is very comparable to what was

% Following age groups are considered: <30, 30-35, 35-40 and 40+.

7 Findings hold for the case when using as indicator if the earnings of the employed belongs to the bottom 25t
percentile.

8 Very similar results are derived when using a randomly assigned month.
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derived in the simulation, indicating that not accounting for the monthly variation of wages
might underestimate the correlation of the attachment of low pay. For example, the Annual
Marker gives a correlation coefficient of about 0.31 for the labour market position between
2008 and 2013 — in the case of the Monthly Marker this is nearly two times greater and ranges
above 0.53.

Figure 3: Intertemporal correlation of the Monthly and Annual Marker

Correlation index

o~

T T T T T T
2008 2009 2010 2011 2012 2013
year

Monthly marker —————- Annual marker

Source: IDI data, own calculations. N=77 250.

Another possibility to derive descriptively the correlation is by generating transition matrix of
the labour market position. This matrix provides the probability of being in one labour market
position at time point t conditional on the labour market position at t — 1. As can be seen from
Table A1, those individuals without any low pay experience within a year have a very high
conditional probability of about 95 percent to experience no low pay month in the preceding
year. Referring to those individuals with a weak low pay attachment the conditional probabil-
ities of having no or only a limited low pay experience in the next year take comparable sizes
of above 40 percent. Furthermore, those individuals with a strong attachment to the low pay
sector have a conditional probability of about 74 percent to experience a high number of low
pay months. Finally, transitions from one to the other extreme are found to be rare: for example,
the share of individuals moving from no low pay attachment to a strong on is below one per-
cent, the opposite direction about six percent. Looking at the transition matrix when applying
the Annual Marker, one obvious difference is the share of individuals who move from low pay
to higher pay, which is about 48 percent, and another aspect is the low share of individuals who
stay low paid, about 51 percent (Table A2).

To sum up the findings, the descriptive statistics indicate that the intensity a worker is attached
to the low pay sector is rather heterogeneous among the workforce. Moreover, the intensity an
individual is attached to the low pay sector is found to be rather stable over time.

6. Econometric Model

In general, when a dynamic model is applied, it must address several aspects, such as unob-
served heterogeneity (Heckman 1981a) and its correlation with the initial conditions (Heckman
1981b). As Skrondal and Rabe-Hesketh (2014) have pointed out, not accounting for these as-
pects might cause biased results.
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In this study, we apply a dynamic random effects multinomial logit model which was also used
in various other low pay studies (e.g. Uhlendorff 2006, Mosthaf 2014, Fok et al. 2015, Cai et
al. 2017). In this study we consider three labour market positions and j is equal to 1 if the
individual has no low pay months, 2 if having low pay months of below 50 percent and 3 if
having low pay months of at least 50 percent. Thus, the probability of individual i € {1, ..., N}
to be in the labour market state y;; at time point t € {1, ..., T} can be written as:

exp(X;B; + yie_1v; + a;j)
Yy _iexp(X{ By + Vie_1vi + aij)
Note that X; refers to a vector of explanatory variables® and y;,_, is a vector of dummy varia-
bles with respect to the lagged labour market position. Moreover, a time-invariant error terms
aj; is included to capture individual-specific effects like motivation or ability. To identify the

model we chose that the category with having no low pay month as reference category and
therefore the coefficient vectors S,, y; and a;; are set equal to zero.

P(yie = j1Yie-1, Xi, i) = (7)

However, the labour market position in the initial period might not be randomly distributed,
due to a correlation between the time-invariant error term and the initial conditions.® To take
care of the “initial conditions problem”, we follow the suggestion of Wooldridge (2005) by
applying a conditional random-intercept model:**

aji = Yiok + Kji (8)
It is assumed that the random effects are normally distributed x;;~N (O, a,?}.) and are correlated

by p,. After substituting equation (8) into (7) the likelihood function for individual i takes the
following form:

[ T 3 1 1 ’ dij
L= f 1—[ 1—[{ exp(X{Bj + Vir_1¥; + Viod + Kj;) } g FOod ©)
= L 1] 1+ 33, exp(X{B; + yir_1¥j + Viod + Kji)

Note that d;, equals 1 if individual i is in state j at time point ¢ and zero otherwise. To integrate
out the random effects, we use maximum simulated likelihood. Using random numbers based
on prime numbers (also called Halton draws, see Train 2009), two times R standard uniform
distributed draws are derived and transformed by the inverse cumulative standard normal dis-
tribution. For each draw, the likelihood is derived for each observation, multiplied over all
individuals and time-points and finally averaged over all draws (using 50 draws):

N 1 R T;
mst=| [ D3] [Pet (10)
i=1 r=1\t=1

% Note that as we use data from the Census 2013 and age group specific estimations are conducted no information
on the individual or household level are time-varying.

10 As a robustness estimation we also restricted the sample to those individuals who were on low-pay in 2007.
However, this not affect the results.

1 In Wooldridge (2005) it is suggested to include the time means of the explanatory variables, however as we
only consider time constant explanatory variables this aspect is dropped.
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7. Results

7.1 Estimation results

Aim of this study is to analyse persistence in low pay employment. The existing literature is
extended by controlling for the individuals’ low pay attachment intensity. To capture the degree
of low pay attachment, the individuals are differentiated into three groups. With respect to the
econometric model we follow the standard approach in the economic literature and apply a
dynamic multinomial random effects logit model.

Table 4: Regression results on low pay persistence

Low-pay month:
< 50 percent;

Low-pay month:
= 50 percent;
Low-pay attachment at t-1

No low-pay monthst.,

ref. category

Low-pay month:< 50 percent.1 1.358 2.416
(0.051) (0.096)
Low-pay month:> 50 percent;.; 2.910 5.643
(0.088) (0.123)
Low-pay attachment at t=0
No low-pay monthsi=o ref. category
Low-pay month:< 50 percenti=o 1.956 2.548
(0.073) (0.130)
Low-pay month:> 50 percenti=o 2.578 4.335
(0.109) (0.201)
exogenous variables’ v v
o, 2.135
(0.118)
or, 4.390
(0.366)
o 0.875
(0.019)
Log Likelihood -24 663.309
N 77 250

Note: IDI (2018) and own calculations. Numbers in parenthesis refer to standard errors. T The following ex-
planatory variables are included: disability, only English speaking household, ethnicity (European, Maori,
Pacific, Asian), post-school qualification (4 categories), year, having non-employment months in the previ-
ous year (dummy).

Estimation results are presented in Table 4, with being employed without any low pay month
as the reference category. Displayed are the coefficients of the lagged labour market positions
and the size and correlation of the random effects coefficients. With respect to the unobserved
heterogeneity, the variances of the random effect error terms are of noticeable size and highly
significant. Moreover, evidence for a positive correlation of the random effects is presented,
indicating that an individual who is more likely of becoming low paid employed for less than
half of the employment months is also more likely to become low paid employed for most of
the time in a year instead of experiencing no low pay months.

Referring to the coefficients that are capturing the effect of the initial labour market position,
we find indications that those with a weak low pay attachment in 2007 are either more likely
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to stay in this labour market position or become strongly attached to the low pay sector com-
pared to someone without any low pay experience in 2007. The same pattern can be found for
those individuals who were strongly attached to the low-pay sector in 2007, though on a much
more pronounced level.

Furthermore, those coefficients related to the lagged labour market position provide evidence
for persistence in the low-pay intensity: compared to individuals without any low-pay attach-
ment at t — 1, being on low-pay on a low (B, spew:<sos,_, = 1.358) or high intensity
(BLp spetr:=s0%,, = 2.910) increases significantly the chances of being weakly attached to the
low pay sector in the subsequent period. Moreover, both coefficients are significantly different
from each other at the 1 percent level. Referring to the risk of being low paid employed for the
majority of the employed months, the same pattern can be found, though the coefficients are
of much greater size (B sper:<so9,_, = 2416, Brp speir:=50%,_, = 5-643).

7.2 Persistence in low pay

In a next step, the probability of being in one of the three labour market positions in dependence
of the previous labour market position is calculated (see Table 5, first column). As shown, the
mean probability of an individual to not experience a low pay month who were not on low pay
at t — 1 is about 93 percent; this number declines to 81 percent if the individual had a weak
low-pay attachment in t — 1 and to 51 percent in the case of a strong low-pay attachment.
Beside of a decline of the probability an increase of the standard deviation can be found, indi-
cating a heterogeneous effect of the past low pay attachment.

Table 5: Predicted probabilities of low pay persistence

Total No Ip monthsi=s ~ Lp month: Lp month:
< 50%t=0 > 50%t=0
P(No Ip months,| No [pmonths,_,) 0.933 0.978 0.838 0.709
(0.098) (0.010) (0.065) (0.093)
P(Lpmonths: < 50%,|No [p months,_,) 0.060 0.021 0.152 0.238
(0.082) (0.010) (0.061) (0.075)
P(Lpmonths: = 50%,|No [p months,_,) 0.008 0.001 0.010 0.054
(0.018) (0.000) (0.005) (0.021)
P(No Ip months,|Lp months: < 50%;_,) 0.812 0.917 0.558 0.335
(0.209) (0.035) (0.110) (0.099)
P(Lpmonths: < 50%,|Lpmonths: < 50%,_,)  0.145 0.075 0.370 0.406
(0.139) (0.031) (0.091) (0.059)
P(Lpmonths: = 50%,|Lpmonths: < 50%,_,)  0.042 0.008 0.073 0.259
(0.080) (0.004) (0.025) (0.061)
P(No Ip months,|Lp months: = 50%;_,) 0.514 0.636 0.147 0.041
(0.245) (0.102) (0.059) (0.020)
P(Lpmonths: < 50%,|Lpmonths: = 50%,_,)  0.253 0.231 0.421 0.222
(0.084) (0.059) (0.046) (0.038)
P(Lpmonths: = 50%,|Lpmonths: = 50%,_,)  0.233 0.133 0.432 0.736
(0.205) (0.048) (0.066) (0.050)

Note: IDI (2018) and own calculations. Numbers in parentheses refers to the standard deviation.

Referring to the risk of becoming low-paid employed, those without any low-pay attachment
have a very little risk (on average <1 percent) of becoming strongly attached to the low-pay
sector in the subsequent period. A small risk can also be found for those who were weakly
attached to the low-pay sector (on average <5 percent for strong low pay attachment). Unsur-
prisingly, the highest risk is to be found when being strongly attached to the low-pay sector:
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the mean probability being also strongly attached to the low pay sector in the subsequent period
is about 23 percent.

Table 6: Distribution of the initial labour market condition

No low-pay months; Low-pay month: Low-pay month: Sharei

< 50%; > 50%:
No low-pay monthsi=o 87.5 8.86 3.64 82.4
Low-pay month:< 50%:=o 43.48 32.55 23.96 9.72
Low-pay month:> 50%;=o 13.18 20.49 66.33 7.88
Share; 77.37 12.08 10.56

Source: IDI data (2018), own calculations. N=77 250.

As we have seen in Table 4, the coefficients referring to the initial labour market position have
a strong impact. Moreover, in the data a strong correlation of the initial labour market position
with its subsequent ones can be observed (see Table 6). For example, two third of those indi-
viduals who were initially low-paid employed for at least 50 percent of the employed months
are in this labour market position later on. Thus, the degree of low pay persistence is differen-
tiated according to the initial labour market positions (Table 2, columns 2-4). The following
findings can be listed:

1. A rather small effect can be found for those without any low pay experience in the
previous period. Though experiencing a strong low pay attachment in the initial period
leads to a decline in the probability of experiencing no low pay month, the risk of be-
coming strongly attached to the low pay sector only increases gradually (from <1 per-
cent to about 5 percent).

2. Moreover, those individuals who were weakly attached to the low pay sector in the
previous period also experience a decline in the probability of exiting the low pay sector
in dependence of the degree of low-pay attachment in the initial period. But the increase
of the risk being strongly attached to the low pay sector is still moderate (from <1 per-
cent to about 26 percent) and this risk is exceeded by the chances of exiting the low pay
sector (34 percent).

3. Referring to those with a strong low pay attachment in the previous period, differences
are noticeable. On the one side, the chances exiting the low pay sector declines sub-
stantially (from 64 percent to 4 percent). Likewise, the risk being strongly attached to
the low pay sector increases, e.g. those who were initially strongly attached to the low
pay sector and were also strongly attached in the previous period have in average a
probability of about 74 percent keeping that attachment level.

7.3 Low pay persistence according to prevailing identification strategy

In the following, the identification strategy of the annual marker which should reflect the pre-
vailing identification strategy is used to re-estimate the low pay labour dynamics. In contrast
to the previous regression model, the individuals are only differentiated into low-paid and
higher-paid employed according to their labour market position in the first month they have
been employed for each year. As there are no only two different labour market position that
are considered, a random effects logit model is applied (see Table A3). In line with the previous
findings, the regression results indicate that being on low pay in the previous period increases
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significantly the chances on being on low pay in the subsequent period compared to when being
higher paid. Moreover, being low-paid employed in the initial period increases the risk of ex-
periencing low pay employment in the future.

In the following, probabilities in dependence of the previous labour market position are calcu-
lated (see Table A4). In general, the probability being affected by low-pay is rather small,
though increases from about 5 to 12 percent when being low-paid instead of higher-paid em-
ployed. Differentiating the probabilities according to the initial labour market position provides
a more differentiated picture of low-pay persistence. However, those who were on low-pay in
the initial and previous have on average a chance of 58 percent of moving into a higher paid
job. Thus, using the annual marker would indicate much better prospects of exiting the low
wage sector than derived on using monthly employment information.

8. Conclusion

Numerous prior studies have estimated the extent to which individuals who were working in
the low wage sector at time point ¢t — 1 are likely to find themselves again in this labour market
position in the subsequent period t. Based usually on survey data, and a reliance on wage levels
at one time point per year, past evidence has generally concluded that compared to their higher-
paid colleagues, low-paid employed face a significantly higher risk of being low-paid em-
ployed in the future.

Given that wages may not be constant over a year, from an individual perspective, the respec-
tive labour market position at one point of time may not reflect the actual intensity with which
a person is attached to the low pay sector. To overcome this shortcoming associated with survey
information, this study utilises population-wide administrative data with monthly information
on wages. These data permit differentiation of those employed into three groups: those without
any low pay experience (no low pay attachment); those spending less than half of their em-
ployed months in the low pay sector (weak low pay attachment); and the final group spending
at least fifty percent of their employed time in low pay (strong low pay attachment).

To estimate the size of state dependence in low pay, we use a dynamic random-effects multi-
nomial logit model. We find a noticeable persistence in low pay, especially when differentiat-
ing according to the initial intensity of low pay attachment: for example an initially strong
attached worker who was also strongly attached at t — 1 has on average a probability of about
74 percent of maintaining that strong attachment. Additionally, the probability of an individual
in the strong attached group exiting the low-pay sector without any low-pay attachment is es-
timated to be 4 percent. Conversely, we also find that individuals with no low-pay experience
are very unlikely to form a strong attachment to the low wage sector in future time periods.

When using the prevailing identification strategy, the heterogeneity of past low-pay cannot be
detected at that granularity. This has two effects on the estimated size of low pay persistence:
on the one hand, low pay persistence is overestimated for those with a weak past low pay
attachment and underestimated for those with a strong past low pay attachment. These findings
underline the necessity to control for the intensity of low pay attachment.
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Furthermore, based on the prevailing identification method, we would conclude a high level of
state dependence in low pay, and interestingly, an even higher probability of low paid workers
climbing up the wage ladder to higher pay in future time periods. Thus, if policy design were
based on these findings one might conclude that low-paid employment offers a “stepping-stone’
to higher-paid employment. However, we find that after accounting for the level of attachment
to the low wage sector (based on monthly information on wages) those with a strong attachment
have very little chance of exiting this sector. This put strong doubts on whether there is a ‘step-
ping-stone’ effect of low pay and whether *any job is helpful” with respect of climbing up the
wage ladder. This finding aligns with the hypothesis that not every job contributes to the indi-
viduals’ human capital level.
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Appendix

Table Al: Transition matrix of the labour market positions (Monthly marker)

No Ip months; Lp month:< 50%: Lp month:> 50%: Total.1
No Ip months;., 94.98 4.59 0.43 81.45
Lp month: < 50%:¢-1 44.69 41.77 13.54 10.20
Lp month:> 50%:t.1 5.72 20.67 73.61 8.35
Total; 82.4 9.72 7.88

Source: IDI data, own calculations. N=77 250.

Table A2: Transition matrix of the labour market positions (Annual marker)

Higher pay: Low-pay: Total.q

Higher pay:1 94.62 5.38 88.47
Low-payt.1 48.62 51.38 11.53
Total; 89.32 10.68 100

Source: IDI data, own calculations. N=77 250.

Table A3: Regression results on low pay persistence (Annual marker)

Low-pay:
Labour market position at t-1
Higher pay:.1 ref. category
Low pay:1 1.159
(0.044)
Labour market position at t=0
Higher payi=o ref. category
Low payi=o 2.121
(0.063)
exogenous variables’ V4
Oy 1.484
(0.036)
Log Likelihood -18 630.421
N 77 250

]
Note: IDI (2018) and own calculations. Numbers in paren-
thesis refer to standard errors. Model contains same explana-
tory variables as the full model.
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Table A4: Predicted probabilities of low pay persistence (Annual marker)

Total
P(Higherpay,|Higherpay,_,;) 0.951
(0.078)
P(Lowpay,|Higherpay;_;) 0.049
(0.078)
P(Higherpay,|Low pay;_,) 0.880
(0.144)
P(Lowpay,|Low pay._,) 0.120
(0.144)

Higher Payt=o

0.977
(0.017)
0.023
(0.017)
0.932
(0.044)
0.068
(0.044)

Low Payt=o

0.800
(0.111)
0.200
(0.111)
0.582
(0.150)
0.418
(0.150)

Note: IDI (2018) and own calculations. Numbers in parentheses are standard errors.

N=77 250.
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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 opin-
ions, findings, recommendations, and conclusions expressed in this paper are those of the au-
thors, 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 limita-
tions 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 anonymised data used in this study was provided by Statistics NZ in accordance
with security and confidentiality provisions of the Statistics Act 1975. Only people authorised
by the Statistics Act 1975 are allowed to see data about a particular person, household, busi-
ness, or organisation, 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 Infrastruc-
ture available from www.stats.govt.nz.



