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Abstract

Both skill-biased and routine-biased technological changes risk disrupting employment in Australia,
particularly through persistent effects after an economic downturn. Soft skills are considered
valuable for employees to reduce unemployment risk from these technological biases, as these skills
contribute to employment in skilled and non-routine jobs that are difficult to automate. We
investigate how soft skills affected the risk of unemployment from the Global Financial Crisis (GFC)
using the Household, Income and Labour Dynamics in Australia (HILDA) longitudinal dataset to
understand whether these skills could reduce unemployment risk and similar negative employment
outcomes for workers during economic disruptions, including the following years during the
recovery. We find that the soft skill measures of social capital and low task repetitiveness are
associated with lower unemployment, overskilling, and underutilisation risk. The association
between social capital and underemployment also strengthened after the downturn. This did not
begin immediately after the GFC but instead from 2013 onwards, after the end of the mining boom
that had supported Australia during the GFC.
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Introduction

Recessions have grown costlier for Australia and other modern developed economies, in
part due to consistent government deficits years after the initial shock (Quiggin 2014) and
the degradation of human capital when people are structurally unemployed or exit the
labour market (Cardona-Arenas 2024). Further, research in the US suggests these
recessions risk greater structural unemployment of workers due to perpetual changes in
skills which businesses demand (Jaimovich and Siu 2020). The retirement of Baby Boomers
has also commenced in recent years (Agarwal and Bishop 2022), emphasising the
importance of employing the remaining workers to maintain output. These factors
combined suggest the Australian Government could usefully apply skill development
policies to improve productivity and reduce unemployment risks, thus constraining the
cost of future recessions.

A relevant set of skills for this is soft skills. These comprise intrapersonal skills for
improving not only one’s own productivity (Andreas 2018; Marin-Zapata et al 2021;
National Careers Service n.d.; Shakir 2009), as well as interpersonal skills that improve
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working with others in the workplace (Andreas 2018; Balcar 2016; Marin-Zapata et al 2021;
National Careers Service n.d.; Shakir 2009; Ubalde and Alarcón 2020). This set of skills has
been researched from wage (Deming 2017; Stewart et al 2020; Ubalde and Alarcón 2020)
and productivity (Stewart et al 2020) perspectives, with statistically significant benefits for
soft skills overall and some specific component skills, including verbal reasoning and
creativity (Ubalde and Alarcón 2020). Further, these skills are not only difficult to
automate using modern and emerging technologies, including artificial intelligence (AI)
(Robles 2012; Whiting K, 2020), but are also associated with nonrepetitive tasks and jobs
(Deming 2017; Robles 2012; Tamm 2018) that formed a growing share of employment
during recent recessions internationally (Jaimovich and Siu 2020). These factors combined
suggest soft skills can act as a pre-emptive hedge against technological disruption
alongside the wage and productivity benefits. However, previous literature has limited
investigation of whether soft skill endowments have a significant effect on reducing
unemployment risk, in particular for Australian workers. Further, prior studies on the
wage benefits of soft skills have found mixed results depending on the specific skills
(Semtner et al 2024; Ubalde and Alarcón 2020), suggesting the worker benefits of some soft
skills may be apparent in different labour metrics.

We test how these skills are associated with unemployment risk based on whether a
worker changes the nature of their employment during economic downturns using Global
Financial Crisis (GFC) data for Australia. The GFC resulted in one quarter of GDP decline in
Australia (Reserve Bank of Australia n.d.), with future quarters of decline prevented by the
Australian Federal Government’s stimulus packages (McDonald and Morling 2012; Waring
and Lewer 2013), followed by the mining boom expanding trade with China (Foo and Salim
2022; Waring and Lewer 2013); thus, the GFC was not a technical recession for Australia.
However, there was still an increase in unemployment for specific groups (Junankar 2015)
and the labour market overall (Mackey et al 2022), enabling its use as a negative economic
shock for our research. We use the Household, Income and Labour Dynamics in Australia
(HILDA) Survey to measure not only unemployment but also self-reported social capital,
time management, and task repetitiveness before, during, and after the GFC.
Underemployment and overskilling are also included as negative labour outcomes that
businesses may implement instead of layoffs (McGuinness and Wooden 2009; Rones 1981).
These data are applied in random effects logit regressions to determine the likelihood of a
worker entering one of these negative states based on soft skill endowments, overall skill
endowments, and further relevant characteristics.

The remainder of this article is organised as follows. The literature review begins by
discussing the operation of overall skills in the business cycle and relevant theories for
persistent effects after negative shocks, followed by further details on soft skills and the
conceptual model utilised. The data and variables used are discussed in the data section,
followed by the method section explaining our econometric model. The results use the
method and data to test the conceptual model. This article concludes with a summary and
policy recommendations.

Literature review

Skills and the business cycle
We consider two elements for how skills affect unemployment risk during the business cycle.
The first is the cyclical element, where skill demand and usage depend on the current state
of the business cycle. This applies to most skills, while also demonstrating the initial shock
that results in the second element. During downturns, businesses typically lay off staff who
are either underskilled or low performers (Balleer and van Rens 2013; Brunello and Wruuck
2021) or poorly matched workers (Brunello and Wruuck 2021; Liu et al 2016).
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The former case further aligns with prior research that suggests high-skilled workers find
temporary employment at a lower skill level, displacing those workers, resulting in a
bumping down of workers overall (Mavromaras et al 2015) or further increasing aggregate
overskilling or skill underutilisation (McGuinness and Wooden 2009). Similarly, recruitment
typically has increased skill requirements during economic downturns (Hershbein and Kahn
2018). Some businesses avoid layoffs via alternate means, including reducing employment
hours or the wage rate (Rones 1981), potentially muting cyclical unemployment.

The second element considered is the persistent element (Hershbein and Kahn 2018),
where changes in skill demand and usage linger beyond the initial business cycle state.
This forms the primary element of interest for our research due to the slow rebound for
some types of employment seen internationally after recessions (Graetz and Michaels
2017; Hershbein and Kahn 2018; Jaimovich and Siu 2020). Two relevant theories address
how modern technology affects this distribution of employment type: skill-biased
technological change (SBTC) and routine-biased technological change (RBTC). These occur
when technological change affects the skills demanded by businesses and the tasks
workers perform, such as when a recession creates creative destruction that changes the
technologies utilised (Dachs et al 2017; Jaimovich et al 2024; Lin and Huang 2012). SBTC
states that modern technologies benefit higher-skilled workers while substituting for
lower-skilled workers (Balleer and van Rens 2013; Bowlus et al 2023; Mellacher and
Scheuer 2021), thus linking with our research on the increased relevance of skills in
employment. RBTC takes a different approach, where technology replaces highly routine
jobs while encouraging employment in low-routine jobs (Frey and Osborne 2017;
Hershbein and Kahn 2018; Jaimovich and Siu 2020). This theory explains the hollowing out
of routine middle-class jobs while high-skill and low-skill jobs gain increased employment
shares even during downturns (Frey and Osborne 2017; Hershbein and Kahn 2018;
Jaimovich and Siu 2020). Hershbein and Kahn (2018) further note differences in how
routine jobs are removed: white-collar jobs are upskilled while blue-collar jobs are
removed.

Australian occupations were transitioning from routine jobs to nonroutine jobs even
prior to the GFC (Borland and Coelli 2024). However, nonroutine manual jobs were
relatively steady as a proportion of Australian employment for over 10 years prior to the
GFC, before growing in employment share after the GFC (Borland and Coelli 2024). Direct
research into SBTC and RBTC in Australia has found mixed evidence (Coelli and Borland
2016), with much of this research only including data prior to the 21st century (Coelli and
Borland 2016), much less before the GFC. Coelli and Borland (2016) conducted a useful
analysis for 1966–2011, finding SBTC was visible via changes to occupational shares of
employment and RBTC was demonstrated through changes to tasks performed in jobs over
this period. We address the gaps in SBTC and RBTC for modern-day Australia through the
use of soft skills as a common factor. The definition of these skills and their linkage to SBTC
and RBTC are discussed in the next subsection.

Soft skills and the conceptual model
As previously discussed, soft skills have a wide range of definitions in the literature, with
interpersonal and intrapersonal skills as two main types of soft skills. These skills can be
developed through a range of means, including the education system, the workplace, or
general practice in the community (Andreas 2018; National Careers Service n.d.; Shakir
2009), enabling workers to develop or expand these skills to upskill to a new role, or for
governments and businesses to promote soft skill development to address larger shortfalls.
This is relevant when prior research has found these skills useful for outcomes at multiple
levels: Stewart et al (2020) found regions with higher concentrations of high soft skill
occupations were more productive and had higher wages, particularly when alongside
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higher endowments of science, technology, engineering, and maths (STEM) skills. Deming
(2017) found that workers have higher wages when their occupation utilises higher levels
of social (interpersonal) and soft (intrapersonal) capabilities. In contrast, Ubalde and
Alarcón (2020) found mixed evidence for the effect of specific soft skills on worker wages.
They found that while verbal reasoning is associated with higher wages, interactive
abilities have a negative association. The mixed results suggest some skills are penalised or
are primarily used in occupations that do not reward them (Ubalde and Alarcón 2020).
Development of these skills in the wider community further allows people to utilise their
social capital from social networks, while understanding social norms further improves
their soft skills (Andreas 2018; National Careers Service n.d.). Some research also includes
personality traits and emotional capabilities as soft skills, where endowments of particular
traits are associated not only with higher wages (Collischon 2020) but also with increasing
the likelihood of moving from unemployment to employment (Sansale et al 2019). We
exclude these components from our analysis for two reasons. First, they are not
technically skills according to some definitions (Marin-Zapata et al 2021), limiting the
theoretical basis to include them. Second, they are inflexible for individuals as young as 15
to 18 years old (Cobb-Clark and Schurer 2013; Roberts et al 2001), making it difficult for
governments, businesses, or individuals to address shortages in these competencies. By
comparison, the soft skills we analyse can be developed within traditional education
institutions and training courses (National Careers Service n.d.; Shakir 2009).

Growing use of soft skills in modern labour markets can stem from both SBTC and RBTC.
The connection to SBTC is straightforward: soft skills are a subset of overall skill level
measured for SBTC, and investigating the use of specific skills can develop a more detailed
understanding of how SBTC operates. Soft skills connect with RBTC, as these skills are
frequently applied in non-routine jobs (Deming 2017; Robles 2012; Tamm 2018), which
have grown in employment share, particularly during recessions (Jaimovich and Siu 2020).
An additional aspect that aligns with the above theories is the modern demand for these
skills due to the difficulty of automating them (Robles 2012; Whiting K, 2020). Even outside
of recessions, the market share of routine jobs has declined locally (Borland and Coelli
2024) and globally due to general creative destruction processes (Jaimovich et al 2024),
further highlighting the relevance of soft skills.

Our expected outcomes based on these theories are graphically represented in Figure 1,
with two hypotheses. First, we expect soft skills to reduce the risk of unemployment and
similar negative outcomes for the whole period, including prior to the GFC, due to their
inherent value:

Figure 1. Theoretical expectations of soft skill effect on unemployment likelihood. Source: authors.
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H1: Soft skills have a negative effect on unemployment, underemployment, and overskilling risk.

Second, we expect that soft skills will have additional value in the years following the
GFC due to the persistent effect from this crisis, measured by moderating interactions with
year effects as detailed in the next section:

H2: Soft skills have additional and persistent negative effects on unemployment, underemployment,
and overskilling risk during and after economic contractions.

While there may be cyclical effects during the GFC, both soft skills and other skills are
expected to follow the cyclical element discussed above, and thus not form a point of
differentiation between these skill types. Further, the annual nature of these data and the
lack of a technical recession make it difficult to separate these cyclical effects from the
temporary effects after the crisis. However, the annual effects enable us to test H2 by
measuring persistent effects from skills mismatch in the years following the crisis.

Data

This research uses the Household, Income and Labour Dynamics in Australia (HILDA)
Survey data. This longitudinal survey began in 2001 with approximately 7000 households
before expanding to 9600 households since 2011. These data are used to track individuals
within households, beginning prior to the GFC through to after the GFC; further, they
contain metrics for employment, quality of employment, and proxies for skill use to enable
our analysis. We utilise the years 2005 to 2016, as this provides comparisons from prior to
the GFC to after, with sufficient following years to investigate potential persistent effects
from the GFC. In particular, the sample extending to 2016 includes the peak of the mining
boom in 2012 and subsequent slowdown (Foo and Salim 2022). We include labour market
participants, regardless of current employment status, and marginally attached workers
who may re-enter the labour market. One potential issue is the introduction of new
individuals in the sample in 2011: as we are interested in the persistent effects of the GFC
primarily observed after 2011, potential biases in these participants risk conflating a
persistent shift after the GFC with a shift in the sample. We thus run a subset of models on
two unbalanced panel data samples: the full sample of individuals, consisting of 67,243
observations of 14,290 people, and the filtered sample containing only those surveyed at
least once prior to 2011, consisting of 49,584 observations of 8012 people. The remainder of
this section discusses the variables used and estimation details, with the method section
including the selection of the appropriate panel.

Due to the limited direct collection of endowed skills, we utilise proxies from prior
research, including associated task usage and skill use in employment, to capture
particular aspects of soft skills and overall skills. As several of the underlying measures are
ordinal Likert variables, inclusion of all levels as categories would result in an excessively
large number of permutations (Jeong and Lee 2016). We thus convert these scales to binary
variables as per Table 1 (Semtner et al 2024) or average components together to estimate a
common underlying measure.

For soft skills, three measures are used. The first measure is time management (Andreas
2018; National Careers Service n.d.; Pang et al 2019), where we use the HILDA measure for
time pressure, ‘How often do you feel rushed or pressed for time?’ The second measure is
low task repetitiveness as a measure of overall soft skills (Deming 2017; Robles 2012; Tamm
2018) using the measure ‘My job requires me to do the same things over and over again.’
The third measure is social capital, where we use six Likert scale variables for social
interaction that enable management and development of soft skills (Andreas 2018; Jackson
2020; Rungo et al 2024): satisfaction with ‘feeling part of your local community’ (HILDA
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variable name: losatlc); satisfaction with ‘the neighbourhood in which you live’ (losatnl);
‘When I need someone to help me out, I can usually find someone’ (lssupsh); ‘I seem to have
a lot of friends’ (lssuplf); ‘I enjoy the time I spend with the people who are important to me’
(lssuppi); and ‘When something’s on my mind, just talking with the people I know can
make me feel better’ (lssuptp). Because soft skills developed and applied outside the
workplace are also applied within the workplace (Andreas 2018; National Careers Service
n.d.; Shakir 2009), these measures external to the workplace are relevant for a person’s
interpersonal capabilities within the workplace. We test if these social capital components
measure the same underlying item using Cronbach’s alpha. The result of 0.69 is close to the
common threshold of 0.7 (Lance et al 2006), and removal of any components negatively
affects the alpha; thus, this collection is considered a relevant measure of underlying social
capital. To combine these in a consistent manner over the two samples, we adjust each
base scale to a standardised 0–100% (0–1) scale and then average these measures together.

We further include three measures of overall skills for both comparative purposes and
completeness of model structure, as soft skills alone are insufficient for production
(Cimatti 2016). The first measure is the level of highest education level (hgage) as a readily
observable measure of skill endowments from traditional education. We use three levels:
school level, vocational level, and university level. The last two variables are overall skill
intensity measures as per Fraser (2008), consisting of the ability to decide what to do in the
job and the ability to decide how to do the job. These measures all capture a broader range
of skills compared to the soft skill measures that capture soft skills specifically.

For unemployment, we use the detailed employment state variable (esdtl). Employed
individuals are full-time or part-time employed, and unemployed individuals are
unemployed or marginally attached. However, this may be insufficient to capture
negative labour market outcomes from the GFC. As a result, we develop two categorical
variables that utilise a third imperfect match state between unemployment and good
quality employment, with unemployment measured as above. The first intermediate
category is underemployment: that is, fewer hours of employment than desired (Rones
1981). We use the question ‘If you could choose the number of hours you work each
week : : :would you prefer to work’ (jbhrcpr), with the answer ‘more hours than you do
now’ treated as underemployment, and answers for fewer or the same hours treated as
well-matched. The second intermediate category measure is whether the person feels
overskilled for or underutilised in their job in alignment with bumping down (McGuinness
and Wooden 2009). We use the Likert scale question ‘I use many of my skills and abilities in
my current job’ (jomus), with a score of 5–7 treated as overskilling and 1–4 considered
well-matched (Mavromaras et al 2015). While there is potential endogeneity between these

Table 1. Likert to binary variable conversions

Variable type Analysis variable Underlying variable

HILDA
variable
name

Good
at skill

Poor
at skill

Soft skills Time management ‘How often do you feel rushed or
pressed for time?’

lsrush 4–5 1–3

Low task
repetitiveness

‘My job requires me to do the same
things over and over again’

jomrpt 1–3 4–7

Other skills Deciding what do
in job

‘I have a lot of choice in deciding what I
do at work’

jomdw 5–7 1–4

Deciding how do
job

‘I have a lot of freedom to decide how I
do my own work’

jomfd 5–7 1–4

The underlying variable uses the HILDA variable description where direct HILDA terms are utilised.

838 Aaron Semtner and Janet Dzator



intermediate categories and employment-dependent skill terms, the underlying measures
for highest education, time management, and social capital components are observed
outside of employment and can be used for comparison. Further, as discussed in the next
section, all skill variables are lagged to reduce endogeneity with all employment outcomes.
We consider prior employment states using an autoregressive measure of the dependent
variable for each model. To further distinguish cyclical or frictional unemployment from
structural unemployment, a subset of specifications includes an independent variable for
structurally unemployed participants who are marginally attached or unemployed for at
least two consecutive years.

Some measures for the independent variables are only collected in the workplace and
thus unmeasured for the unemployed, specifically the underlying measures for both job
intensity variables and the task repetitiveness variable. Where a worker is employed in
either the immediate prior or following year, we use these measured outcomes as proxies
for that year of unemployment to further investigate the skills of workers entering and
exiting employment. All other structurally unemployed workers are considered lacking
these skills due to decay (Becker 1994).

We include two business cycle variables: the regional unemployment rate and year
categorical terms. The latter’s tracking of unemployment progression annually, prior to
and after the crisis, enables investigation of persistent effects on recovery overall. We also
apply interactions between all skill terms and the year categories to measure how the
effect of skills on unemployment changes from prior to the recession through subsequent
years. This enables detailed investigation of both the existence of persistent effects related
to skills, and thus potential SBTC or RBTC and the duration of these effects.

Finally, we include personal and workplace control variables. These include gender, age,
disability, whether the person has children, whether the person is an immigrant from an
English-speaking background (ESB) or not (NESB), whether the person is of Aboriginal or
Torres Strait Islander (ATSI) heritage, whether the person is in a long-term relationship
including marriage, whether the person lives in an urban geographic region, and first-level
occupation and industry classifications. The occupation and industry classifications
provide further information on specific sectors affected by the crisis and potential
unmeasured worker characteristics. Each set of classifications is applied individually to
minimise loss of parsimony. Structural unemployment is used as a type of classification in
both sets, while frictionally or cyclically unemployed workers use their prior classification.
Summary statistics for key variables for both samples are provided in Table 2 below.

Method

Our unemployment analysis uses panel data with a binary dependent variable. To align
with our conceptual model, we apply a method based on Mavromaras et al (2015): a
generalised linear mixed method (GLMM) model with a logit link and random marginal
effects. To account for potential endogeneity within individuals annually, we apply
Mundlak corrections to all time-variant terms (Bell and Jones 2015; Mavromaras et al
2015). This process begins with a fixed effect model as specified in Equation 1 below:

y�it � β1SSit�1 � β2OSit�1 � β3yit�1 � β4t � β5SSit�1�t � β6OSit�1�t � β7yit�1

� γ1X1it�1 � γ1X2i � α1 � α2i � uit
(1)

where y�it is the continuous latent form of the underlying yit dependent variable for
unemployment, SSi is the vector of soft skill measures, OSi is the vector of other skill
measures, t is the time measured as the year, X1i is the vector of time-variant controls, X2i
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Table 2. Descriptive statistics

Variables Full sample Filtered sample Variables Full sample Filtered sample

Soft skills Controls

Time management 0.146 0.141 Age 39.035
(13.605)

40.7
(13.023)

Low task repetitiveness 0.235 0.252 Under 30 0.294 0.265

Social capital 0.011 0.011 30–39 0.205 0.21

Overall skills 40–49 0.243 0.239

Highest education 50–59 0.196 0.219

School 0.125 0.13 60 and over 0.063 0.067

Vocational 0.267 0.277 ATSI 0.02 0.016

University 0.608 0.593 Children 0.361 0.364

Decide what do in job 0.457 0.477 Disabled 0.167 0.169

Decide how do job 0.558 0.577 Gender 0.502 0.498

Current state Migrant (ESB) 0.103 0.103

Unemployed 0.06 0.05 Migrant (NESB) 0.08 0.074

Underemployed 0.129 0.112 Relationship 0.616 0.641

Well employed 0.811 0.838 Urban 0.893 0.891

Overskilled 0.209 0.199

Well skilled 0.73 0.751

Prior state

Unemployed 0.065 0.048

Underemployed 0.132 0.118

Well employed 0.802 0.834

Overskilled 0.21 0.204

Well skilled 0.725 0.748

Years

2006 0.08 0.109

2007 0.08 0.108

2008 0.078 0.106

2009 0.075 0.102

2010 0.077 0.092

2011 0.081 0.088

2012 0.103 0.085

2013 0.105 0.082

2014 0.106 0.079

2015 0.106 0.075

2016 0.109 0.074 Observations 67243 49584

(Continued)
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is the vector of time-invariant controls, all β and γ terms are the relevant vectors of
estimated coefficients, α1 is the overall constant, α2i is the individual intercept, and uit is
the fixed effects error term. These are measured for individual i, with all time-variant
independent terms lagged. This enables the model to better track how a worker’s
capabilities affect their future performance in the labour market.

This model form has two issues: the time-invariant variables, in particular education,
cannot be separated from the individual intercepts, and the standard fixed-effects model
cannot be applied as-is to a logit link function due to the incidental parameter problem
(Lancaster 2000). We thus use the Mundlak corrections following Equation 2 to minimise
the incidental parameter problem and to account for individual heterogeneity:

α2i � δ1SSit�1 � δ2OSit�1 � δ3X̄1it�1 � εi (2)

and then substitute them into Equation 1, resulting in Equation 3:

y�it � β1SSit�1 � β2OSit�1 � β3jobit�1 � β4t � β5SSit�1�t � β6OSit�1�t � γ1X1it�1

� γ1X2i � α1 � δ1SSit�1 � δ2OSit�1 � δ3X̄1it�1 � εi � uit
(3)

Models with fewer parameters exclude the relevant parameters from Equation 3. This
format removes the need for the individual intercepts for participants, resolving the
concerns of the fixed-effect model. When interpreting the model, the main coefficients
measure changes within individuals over time, while the Mundlak corrections measure
differences between individuals over the whole time period. The Mundlak correction for
age is excluded, as the age categories have minimal change within individuals over the
time period. The Mundlak correction for regional unemployment is also excluded, as it
negatively affects the ability for GLMM to fit the model.

Two adjustments to this method are required for the overskilling and underemploy-
ment analyses. First, the functional format for Equation 3 is adjusted so the link variable
y�it has multiple thresholds to determine whether a worker is well-matched, unemployed,
or in the intermediate category. Second, we use a cumulative link mixed model (CLMM)
instead of GLMM.

We do two stages of filtering on the unemployment method to determine a suitable
sample and set of coefficients to answer our hypotheses. The first is on three sets of
coefficients to determine whether the full or filtered sample works best: controls
excluding skill terms, controls and skill terms, and all variables with year interactions.
Relevant coefficients and statistics are included in Table 3, including significant year
interaction terms. All relevant coefficients share signs, and only two variables have
coefficients of notably different magnitudes between samples: the education levels and low
task repetitiveness. Further, the Mundlak corrections for low task repetitiveness, social
capital, and both skill intensity terms have coefficients aligning with H1, suggesting these
terms are theoretically relevant. The filtered sample has both a lower Akaike Information

Table 2. (Continued )

Variables Full sample Filtered sample Variables Full sample Filtered sample

Regional unemployment 5.133
(1.054)

4.971
(1.07)

Individuals 14290 8012

Select variables are reported due to space limitations. For binary variables, the measure is the proportion of the sample that is true for
the variables. For categorical variables, the measure is the proportion of the sample that is of the particular level. For numerical
variables, the measure takes the form of mean (standard deviation).
Source: HILDA dataset 2005–2016 and authors’ calculations.
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Table 3. Unemployment random effects results – sample selection

Full sample,
controls

Full sample,
skill terms

Full sample,
year

interactions

Filtered
sample,
controls

Filtered
sample,

skill terms

Filtered
sample, year
interactions

Intercept − 7.502***
(0.001)

− 2.293***
(0.297)

− 1.854***
(0.501)

− 5.378***
(0.314)

− 2.244***
(0.345)

− 1.926***
(0.503)

Soft skills

Time management − 0.128
(0.077)

− 0.233
(0.241)

− 0.011
(0.091)

− 0.286
(0.235)

Time management
(Mundlak)

0.935***
(0.134)

0.936***
(0.139)

0.89***
(0.166)

1.095***
(0.174)

Low task
repetitiveness

− 0.063
(0.079)

− 0.122
(0.231)

− 0.129
(0.09)

0.001
(0.221)

Low task
repetitiveness
(Mundlak)

− 0.627***
(0.146)

− 0.587***
(0.15)

− 0.347*
(0.168)

− 0.434*
(0.174)

Social capital 0.039
(0.255)

− 0.889
(0.616)

− 0.363
(0.299)

− 0.673
(0.6)

Social capital
(Mundlak)

− 2.428***
(0.371)

− 2.074***
(0.381)

− 2.244***
(0.446)

− 2.155***
(0.461)

Overall skills

Highest education

School − 0.434***
(0.116)

− 0.847*
(0.387)

− 0.245
(0.127)

− 0.778*
(0.376)

Vocational − 0.436***
(0.078)

− 0.26
(0.22)

− 0.282**
(0.088)

− 0.197
(0.212)

Decide what do in
job

− 0.106
(0.073)

− 0.27
(0.23)

− 0.097
(0.084)

− 0.29
(0.228)

Decide what do in
job (Mundlak)

− 0.626***
(0.147)

− 0.695***
(0.152)

− 0.556**
(0.183)

− 0.63***
(0.191)

Decide how do job − 0.079
(0.068)

0.009
(0.212)

− 0.121
(0.079)

− 0.076
(0.209)

Decide how do job
(Mundlak)

− 0.846***
(0.138)

− 0.994***
(0.143)

− 0.881***
(0.174)

− 0.876***
(0.182)

Prior state

Unemployed 0.631***
(0.071)

1.317***
(0.072)

1.159***
(0.08)

1.549***
(0.1)

1.56***
(0.084)

1.531***
(0.087)

Year effects (base)

2007 − 0.017***
(0.001)

− 0.128
(0.113)

− 0.869
(0.592)

− 0.017
(0.114)

0.047
(0.111)

− 0.681
(0.564)

2008 − 0.286*
(0.113)

− 0.303*
(0.118)

− 0.313
(0.604)

− 0.19
(0.12)

− 0.15
(0.117)

− 0.168
(0.577)

2009 0.211*
(0.105)

0.191
(0.113)

− 0.609
(0.583)

0.278*
(0.116)

0.333**
(0.112)

− 0.396
(0.558)

2010 0.063
(0.105)

0.066
(0.11)

− 1.17*
(0.583)

− 0.007
(0.119)

0.014
(0.115)

− 0.818
(0.592)

2011 0.081
(0.103)

− 0.135
(0.111)

0.083
(0.577)

− 0.209
(0.125)

− 0.159
(0.121)

− 0.39
(0.629)

(Continued)
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Criterion (AIC) across all models and more year interactions of significance, with the
former suggesting an improved model fit and the latter suggesting this sample provides
results closer aligned with H2 in particular. As such, the filtered sample is most relevant
for our analysis.

The second stage uses the filtered sample with year effects to determine which of three
sets of employment controls works best to include with all other controls and skill terms:
occupation classifications, industry classifications, or structural unemployment, with
relevant coefficients and statistics included in Table 4. All AICs are smaller than the base
model, with industry being the lowest, closely followed by structural unemployment. This
suggests structural unemployment is a key component for the model, while industry
classifications have further explanatory value. Meanwhile, the occupation model has a
larger AIC than the structural model, while year interactions with school-level education
are positive and significant for six of the eight years after the GFC, suggesting
potential SBTC.

From both stages of testing, two sets of models are interpreted for these hypotheses and
tested on all three dependent variables: a fully specified model with year interactions and
industry classifications, and a parsimonious model with skill terms and structural
unemployment without year interactions. The former model is of primary relevance as it

Table 3. (Continued )

Full sample,
controls

Full sample,
skill terms

Full sample,
year

interactions

Filtered
sample,
controls

Filtered
sample,

skill terms

Filtered
sample, year
interactions

2012 0.027
(0.098)

0.001
(0.104)

− 0.955
(0.547)

− 0.113
(0.125)

− 0.092
(0.122)

− 0.885
(0.62)

2013 0.229*
(0.094)

0.197
(0.102)

− 0.371
(0.529)

0.006
(0.124)

0.155
(0.118)

− 0.618
(0.608)

2014 0.207*
(0.095)

0.048
(0.106)

− 0.526
(0.532)

− 0.057
(0.129)

− 0.092
(0.126)

− 0.024
(0.606)

2015 0.166
(0.096)

0.006
(0.112)

0.206
(0.529)

− 0.02
(0.136)

− 0.133
(0.134)

0.946
(0.613)

2016 0.107
(0.098)

− 0.066
(0.109)

0.088
(0.533)

− 0.028
(0.135)

− 0.04
(0.131)

0.779
(0.617)

Regional
unemployment

0.024***
(0.001)

0.06
(0.031)

0.041
(0.032)

0.127***
(0.038)

0.125***
(0.036)

0.069
(0.037)

Significant year
interactions

2010* Social capital 1.722*
(0.795)

2016* School
education

0.987*
(0.473)

2011* What do in
job

0.691*
(0.343)

2011* How do job − 0.716*
(0.327)

Log likelihood − 11714.947 − 11494.417 − 11454.943 − 7561.667 − 7362.151 − 7318.5

AIC 23489.895 23072.834 23133.887 15183.334 14808.302 14861

Significant year interactions and select coefficients are reported due to space limitations. *, **, *** Significant at 5%, 1%, and 0.1%
levels, respectively.
Source: HILDA dataset 2005–2016 and authors’ calculations.
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Table 4. Unemployment random effects results – employment classification selection

Filtered sample, structural
unemployment Filtered sample, industries

Filtered sample,
occupations

Intercept −1.787***
(0.479)

− 2.198***
(0.491)

−2.116***
(0.472)

Soft skills

Time management −0.492*
(0.24)

−0.259
(0.23)

−0.25
(0.226)

Time management (Mundlak) 0.813***
(0.16)

0.866***
(0.16)

0.691***
(0.152)

Low task repetitiveness 0.092
(0.213)

0.12
(0.214)

0.265
(0.208)

Low task repetitiveness (Mundlak) −0.439**
(0.159)

−0.311
(0.16)

−0.379*
(0.153)

Social capital −0.52
(0.597)

−0.76
(0.586)

−0.679
(0.587)

Social capital (Mundlak) −1.874***
(0.432)

−1.712***
(0.433)

−1.526***
(0.414)

Overall skills

Highest education

School −0.753*
(0.364)

−0.655
(0.383)

−0.91*
(0.413)

Vocational −0.249
(0.205)

−0.121
(0.208)

−0.325
(0.215)

Decide what do in job −0.157
(0.217)

−0.298
(0.221)

−0.178
(0.218)

Decide what do in job (Mundlak) −0.627***
(0.173)

−0.685***
(0.174)

−0.552***
(0.166)

Decide how do job 0.315
(0.202)

0.321
(0.202)

0.322
(0.201)

Decide how do job (Mundlak) −0.853***
(0.165)

−0.811***
(0.165)

−0.83***
(0.157)

Prior state

Unemployed 0.123
(0.131)

0.091
(0.131)

0.349**
(0.125)

Structural unemployment 3.204***
(0.158)

3.406***
(0.192)

3.407***
(0.173)

Year effects (base)

2007 −0.602
(0.563)

−0.788
(0.556)

−0.703
(0.552)

2008 −0.268
(0.575)

−0.283
(0.565)

−0.024
(0.56)

2009 −0.392
(0.555)

−0.66
(0.55)

−0.522
(0.546)

2010 −0.71
(0.588)

−0.8
(0.578)

−1.011
(0.58)

(Continued)
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Table 4. (Continued )

Filtered sample, structural
unemployment Filtered sample, industries

Filtered sample,
occupations

2011 −0.565
(0.63)

−0.461
(0.623)

−0.777
(0.624)

2012 −0.871
(0.62)

−0.983
(0.612)

−0.938
(0.608)

2013 −0.552
(0.615)

−0.848
(0.611)

−0.616
(0.599)

2014 −0.406
(0.618)

−0.137
(0.603)

−0.007
(0.598)

2015 0.82
(0.624)

1.122
(0.607)

0.733
(0.605)

2016 0.498
(0.629)

0.421
(0.621)

0.556
(0.616)

Regional unemployment 0.039
(0.035)

0.037
(0.035)

0.044
(0.033)

Significant year interactions

2013* Time management 0.64*
(0.317)

2016* Time management 0.748*
(0.341)

2009* School education 1.127*
(0.483)

2010* School education 0.996*
(0.504)

2011* School education 1.116*
(0.519)

2013* School education 1.058*
(0.493)

2014* School education 1.092*
(0.491)

2016* School education 0.915*
(0.466)

1.039*
(0.477)

1.547**
(0.496)

2011* What do in job 0.709*
(0.335)

2014* What do in job 0.7*
(0.33)

2015* What do in job 0.778*
(0.341)

2016* What do in job 0.777*
(0.343)

0.785*
(0.338)

2011* How do job −0.753*
(0.317)

−0.774*
(0.319)

−0.693*
(0.314)

Log likelihood −7096.349 −7043.288 −7091.108

AIC 14418.698 14348.576 14422.216

Significant year interactions and select coefficients are reported due to space limitations. Structural unemployment in the industry and
occupation models is treated as an industry or occupation classification, respectively. *, **, *** Significant at 5%, 1%, and 0.1% levels,
respectively.
Source: HILDA dataset 2005–2016 and authors’ calculations.
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answers both H1 and H2, while the latter provides further details for H1. All models use the
filtered sample.

Results

Relevant coefficients for all models are included in Table 5. Of the base skill variables, only
the time-invariant education variables have significant coefficients in any of the models,
while all the time-variant base skill variables have insignificant coefficients. Meanwhile,
the Mundlak correction coefficients are significant at the 0.1% level for all skills excluding
low task repetitiveness in unemployment specifications. These two results demonstrate
that changes in skill levels do not affect an individual’s likelihood of changing employment
state; instead, it is different endowments between workers, such as from training, that
affect their risk of unemployment. The social capital Mundlak coefficient has the largest
magnitude of all the skill terms while sharing the same 0–1 range, with the negative
coefficient suggesting this component is associated with a lower risk of negative
employment outcomes. As social capital and low task repetitiveness have significant and
negative coefficients, it suggests soft skills overall are positively associated with improved
employment outcomes, as expected from prior international research on other
employment outcomes, including wages (Deming 2017; Stewart et al 2020). However,
time management has a significant and positive coefficient, suggesting these skills are not
evenly rewarded and may even be penalised (Ubalde and Alarcón 2020). The low task
repetitiveness Mundlak coefficients align with prior findings that soft skills are associated
with nonrepetitive jobs (Deming 2017; Tamm 2018), although the significance of the
coefficients varies from the 1% to 5% level for the unemployment models. This is low
compared to the 0.1% significance level of the other soft skill coefficients, particularly
when considering the high and growing proportion of nonroutine jobs in the Australian
labour market (Borland and Coelli 2024). While low task repetitiveness has highly
significant coefficients in the underemployment and overskilling specifications, and these
coefficients have a consistently larger magnitude in the overskilling models, this may be
due to endogeneity with the employment type. Time management and social capital form
useful comparisons, as they are measured independent of the workplace. Time
management Mundlak corrections have consistently smaller magnitudes compared to
the unemployment models, suggesting both models minimise the negative effects of this
term. Further, the overskilling model has consistently larger magnitudes and smaller
errors for the social capital Mundlak corrections; thus, all soft skill measures are aligned,
and endogeneity is unlikely. However, the social capital Mundlak corrections have smaller
coefficients in the underemployment model, limiting this explanation. For overall skills
beyond soft skills, results are again somewhat mixed: the task intensity measures are
significant and negative across all models, aligning with prior literature on alternate skill
categories, including cognitive and STEM skills (Deming 2017; Stewart et al 2020). However,
the highest education level measures have negative coefficients: as university-level
education is the base level, this means lower levels of education are associated with lower
unemployment risk, forming a mixed result. As the skill intensity variables measure the
requirements of the job itself, compared to the education terms not measuring actual skill
usage, these results in net favour overall skills being appropriately rewarded in the
workplace. Overall, this forms moderate evidence in favour of H1, aligning with prior
international research on the value of soft skills for other employment outcomes (Deming
2017; Stewart et al 2020; Ubalde and Alarcón 2020). However, the significant and positive
coefficient for time management across all models does reinforce the mixed value of soft
skills from some prior research (Semtner et al 2024; Ubalde and Alarcón 2020).
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Table 5. Unemployment, underemployment, and overskilling are binary and ordered random effects results

Unemployment, indus-
try-year interactions

Unemployment, struc-
tural unemployment

Underemployment, indus-
try-year interactions

Underemployment, struc-
tural unemployment

Overskilled, industry-
year interactions

Overskilling, structural
unemployment

Intercepts and
thresholds

Intercept − 2.198***
(0.491)

− 2.147***
(0.326)

Well employed |
underemployed

1.261***
(0.297)

1.088***
(0.194)

Underemployed |
unemployed

3.132***
(0.298)

2.954***
(0.195)

Well skilled |
overskilled

− 0.074
(0.261)

− 1.043***
(0.175)

Overskilled |
unemployed

2.525***
(0.261)

1.544***
(0.175)

Soft skills

Time management − 0.259
(0.23)

− 0.167
(0.094)

− 0.155
(0.127)

− 0.083
(0.053)

− 0.192
(0.11)

− 0.102*
(0.047)

Time management
(Mundlak)

0.866***
(0.16)

1.004***
(0.159)

0.696***
(0.096)

0.695***
(0.096)

0.58***
(0.086)

0.603***
(0.086)

Low task
repetitiveness

0.12
(0.214)

0.011
(0.088)

0.256*
(0.113)

0.023
(0.048)

− 0.14
(0.101)

− 0.097*
(0.041)

Low task
repetitiveness
(Mundlak)

− 0.311
(0.16)

− 0.329*
(0.159)

− 0.381***
(0.092)

− 0.42***
(0.091)

− 0.694***
(0.081)

− 0.808***
(0.081)

Social capital − 0.76
(0.586)

− 0.388
(0.305)

0.393
(0.346)

0.142
(0.177)

0.294
(0.298)

− 0.05
(0.152)

Social capital
(Mundlak)

− 1.712***
(0.433)

− 1.782***
(0.434)

− 1.55***
(0.257)

− 1.542***
(0.256)

− 2.258***
(0.226)

− 2.386***
(0.227)

Overall skills

Highest education

School − 0.655
(0.383)

− 0.269*
(0.119)

− 0.848***
(0.197)

− 0.541***
(0.071)

− 0.348*
(0.152)

− 0.573***
(0.062)
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Table 5. (Continued )

Unemployment, indus-
try-year interactions

Unemployment, struc-
tural unemployment

Underemployment, indus-
try-year interactions

Underemployment, struc-
tural unemployment

Overskilled, industry-
year interactions

Overskilling, structural
unemployment

Vocational − 0.121
(0.208)

− 0.256**
(0.083)

− 0.398***
(0.116)

− 0.443***
(0.048)

− 0.241*
(0.096)

− 0.346***
(0.042)

Decide what do in
job

− 0.298
(0.221)

0.085
(0.083)

− 0.052
(0.116)

0.009
(0.045)

− 0.183
(0.098)

− 0.003
(0.038)

Decide what do in
job (Mundlak)

− 0.685***
(0.174)

− 0.757***
(0.174)

− 0.619***
(0.1)

− 0.591***
(0.099)

− 1.058***
(0.088)

− 1.021***
(0.088)

Decide how do job 0.321
(0.202)

0.04
(0.08)

0.036
(0.111)

− 0.017
(0.043)

0.227*
(0.094)

0.073*
(0.037)

Decide how do job
(Mundlak)

− 0.811***
(0.165)

− 0.695***
(0.165)

− 0.451***
(0.097)

− 0.479***
(0.096)

− 0.538***
(0.085)

− 0.507***
(0.085)

Prior state

Unemployed 0.091
(0.131)

0.213
(0.127)

0.874***
(0.075)

0.905***
(0.075)

0.484***
(0.075)

0.525***
(0.074)

Underemployed 1.227***
(0.042)

1.24***
(0.042)

Overskilled 0.838***
(0.035)

0.895***
(0.035)

Structural
unemployment

3.406***
(0.192)

2.962***
(0.155)

2.672***
(0.126)

2.652***
(0.11)

3.543***
(0.125)

2.909***
(0.111)

Year effects (base)

2007 − 0.788
(0.556)

− 0.044
(0.11)

0.186
(0.329)

− 0.013
(0.062)

− 0.307
(0.284)

− 0.135*
(0.052)

2008 − 0.283
(0.565)

− 0.206
(0.115)

0.442
(0.332)

− 0.058
(0.063)

0.03
(0.289)

− 0.197***
(0.054)

2009 − 0.66
(0.55)

0.176
(0.111)

0.097
(0.335)

0.143*
(0.064)

− 0.102
(0.291)

0.027
(0.054)

2010 − 0.8
(0.578)

− 0.04
(0.115)

0.065
(0.348)

0.001
(0.065)

− 0.147
(0.299)

− 0.095
(0.055)

2011 − 0.461
(0.623)

− 0.253*
(0.122)

− 0.06
(0.356)

− 0.023
(0.066)

0.365
(0.308)

− 0.246***
(0.056)

(Continued)

848
A
aron

Sem
tner

and
Janet

D
zator



Table 5. (Continued )

Unemployment, indus-
try-year interactions

Unemployment, struc-
tural unemployment

Underemployment, indus-
try-year interactions

Underemployment, struc-
tural unemployment

Overskilled, industry-
year interactions

Overskilling, structural
unemployment

2012 − 0.983
(0.612)

− 0.116
(0.121)

− 0.044
(0.364)

− 0.111
(0.068)

− 0.118
(0.31)

− 0.194***
(0.057)

2013 − 0.848
(0.611)

0.067
(0.119)

0.274
(0.362)

0.03
(0.068)

0.687*
(0.311)

− 0.142*
(0.058)

2014 − 0.137
(0.603)

− 0.053
(0.125)

0.256
(0.362)

0.017
(0.07)

0.456
(0.314)

− 0.191**
(0.06)

2015 1.122
(0.607)

− 0.056
(0.132)

0.834*
(0.379)

− 0.142
(0.076)

0.423
(0.329)

− 0.208**
(0.065)

2016 0.421
(0.621)

− 0.035
(0.13)

0.374
(0.379)

− 0.077
(0.074)

0.493
(0.325)

− 0.155*
(0.063)

Regional
unemployment

0.037
(0.035)

0.054
(0.035)

0.057**
(0.02)

0.066***
(0.02)

0.006
(0.017)

0.011
(0.017)

Significant year
interactions

2009* Low task
repeat

− 0.358*
(0.159)

2011* Social capital − 0.826*
(0.417)

2013* Social capital − 1.289**
(0.423)

2014* Social capital − 0.924*
(0.425)

2015* Social capital − 1.248*
(0.518)

2016* Social capital − 0.987*
(0.443)

2009* School
education

0.583*
(0.253)

2014* School
education

0.599*
(0.255)
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Table 5. (Continued )

Unemployment, indus-
try-year interactions

Unemployment, struc-
tural unemployment

Underemployment, indus-
try-year interactions

Underemployment, struc-
tural unemployment

Overskilled, industry-
year interactions

Overskilling, structural
unemployment

2016* School
education

1.039*
(0.477)

0.678*
(0.263)

2008* Vocational
education

− 0.364*
(0.169)

2015* Vocational
education

0.307*
(0.141)

2010* What do in
job

0.291*
(0.139)

2011* What do in
job

0.709*
(0.335)

2014* What do in
job

0.7*
(0.33)

2015* What do in
job

0.778*
(0.341)

2016* What do in
job

0.777*
(0.343)

2011* How do job − 0.774*
(0.319)

− 0.282*
(0.14)

2015* How do job − 0.453**
(0.149)

Log likelihood − 7043.288 − 7125.586 − 21135.202 − 21236.06 − 26914.077

Significant year interactions and select coefficients are reported due to space limitations. Thresholds refers to the threshold to exceed to transition from the former state to the latter, taking a similar role to the intercept.
Structural unemployment in the industry models is treated as an industry classification. *, **, *** Significant at 5%, 1%, and 0.1% levels, respectively.
Source: HILDA dataset 2005–2016 and authors’ calculations.
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Year interactions have mixed effects through the models. The unemployment model
has four significant interactions with deciding what to do in the job: three of these are
after the peak of the mining boom, and all coefficients are positive, demonstrating a bias
against skills after the mining boom. The underemployment model lacks a significant
trend for any variable, suggesting SBTC and RBTC have limited relevance. However, the
overskilling model has four significant-year interactions with social capital, all of which
are negative, and three of which follow the mining boom. This further suggests the mining
slowdown affected the usage of skills in the workplace, this time demonstrating SBTC and
RBTC for reducing overskilling and unemployment risk. Overall, this demonstrates some
evidence for H2, aligning in direction with prior research locally (Coelli and Borland 2016)
and internationally (Hershbein and Kahn 2018; Jaimovich and Siu 2020). In particular,
while the positive effect of this soft skill does align with RBTC, the lack of a similar trend
for the low task repetitiveness measure itself suggests SBTC is the primary effect
occurring.

Conclusion

The progress of technology has continued to affect skill demand and usage, particularly
through skill and routine biases. These technologies further affect unemployment during
and after economic downturns, slowing the labour recovery and increasing structural
unemployment. One way Australian workers can prepare for these shocks is via soft skill
development, as these skills are demanded by a broad range of employers and are difficult
to automate. We test three soft skill measures of social capital, time management, and low
task repetitiveness using the HILDA dataset on the years before, during, and after the GFC
to determine if this shock resulted in a persistent change in the association between soft
skills and reduced unemployment, underemployment, and overskilling risk.

The results show that specific soft skills reduce the risk of unemployment and other
negative outcomes, supporting H1. This primarily comes from higher social capital via
networks outside of the workplace, while low task repetitiveness has lower significance,
and time management is associated with increased unemployment risk. The benefit of
social capital is magnified when incorporating overskilling as an intermediate
employment state, suggesting soft skills can also reduce the risk of being bumped
down in employment match quality. Further, RBTC and in particular SBTC can be seen in
the overskilling model for social capital after the GFC, forming some evidence for H2. An
unexpected element of this was the trend starting after the 2012 mining boom’s peak,
suggesting it was the slowdown in recovery that sparked this SBTC instead of the GFC
itself.

This research makes multiple theoretical contributions. First, it confirms that soft skills
and overall skills are not just rewarded in wages for those employed but also extend to
achieving and maintaining good-quality employment. Second, there is evidence for SBTC
and RBTC in the Australian economy; however, rather than occurring during or shortly
after the GFC itself as initially theorised, these instead occur after the mining boom’s peak.
This suggests the Australian Government’s stimulus measures and international trade with
China supported the economy through the initial shock while delaying the SBTC and RBTC.
Such a delayed effect risks dragging on the economy even multiple years into the recovery
if businesses and workers are unprepared. Third, this research demonstrates the value of
specific human capital. Beyond social capital’s larger magnitude, this value is particularly
seen with the positive association that time management and university education have
with unemployment risk. As data for the COVID pandemic emerge, further analysis on
these aspects can shed additional light on soft skills in a different cyclical and
technological context.
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There are also practical contributions from this research. In particular, it demonstrates
the importance of social networks beyond work and home for maintaining quality
employment that can be developed through government support for specific education
policies. To enable workers to maintain their social capital, seemingly unrelated policies
may be considered, including physical ‘third places’ to promote in-person interactions
beyond the immediate household and workplace (Pettersen et al 2024) and employers
supporting work-life balance, such as through enabling work from home. Further, while
there was no apparent SBTC nor RBTC directly due to the GFC, the perpetual effects after
the mining slowdown emphasise the importance of governments supporting businesses
and workers through the transition out of recession in case of slowdowns in key economic
drivers. This forms a potential lesson for the COVID pandemic recovery as well:
governments need to retain consistent economic growth or otherwise risk increasing
structural unemployment even after the main economic shock has passed.
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