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Accelerated demand for interpersonal  
skills in the Australian post-pandemic  
labour market

David Evans    1 , Claire Mason2, Haohui Chen    3 & Andrew Reeson4

The COVID-19 pandemic has led to a widespread shift to remote work, 
reducing the level of face-to-face interaction between workers and 
changing their modes and patterns of communication. This study tests 
whether this transformation in production processes has been associated 
with disruptions in the longstanding labour market trend of increasing 
demand for interpersonal skills. To address this question, we integrate a 
skills taxonomy with the text of over 12 million Australian job postings to 
measure skills demand trends at the aggregate and occupational levels. 
We find that since the start of the pandemic, there has been an acceleration 
in the aggregate demand for interpersonal skills. We also find a strong 
positive association between an occupation’s propensity for remote work 
and the acceleration in interpersonal skills demand for the occupation. Our 
findings suggest that interpersonal skills continue to grow in importance for 
employment in the post-pandemic, remote work friendly labour market.

Greater alignment between workers’ skills and employers’ skill require-
ments has several benefits, including increased job satisfaction for 
workers1,2, reduced labour turnover1 and higher employment and out-
put3. Over time, shifts in firms’ production processes alter the tasks 
involved in production, leading to changes in the skills that employers 
demand of workers4,5. This process can cause misalignment between 
the skills that workers possess and the skills that employers require 
for production.

In recent decades, shifts in production processes have substan-
tially increased employers’ demand for interpersonal skills6–10. This 
increase in demand is reflected in the growing employment shares 
of occupations with high interpersonal skill requirements (the 
between-occupation effect)6–8, along with increases in interpersonal 
skill requirements within occupations (the within-occupation effect)9,10. 
The between-occupation effect is largely due to the continued growth 
of services sector employment. The within-occupation effect can be 
attributed to the complementarity between interpersonal skills and 
new technologies11,12 and the growing importance of team production 
in many occupations13. The increasing importance of interpersonal 
skills for production has led to suggestions that education systems 

should have a greater focus on developing these skills to improve the 
alignment between workers’ skills and firms’ skill requirements14–18.

The COVID-19 pandemic required many firms to shift to remote 
modes of production, and with the threat of the pandemic reduced, 
many firms have maintained remote work arrangements19–21. It is 
unclear whether this widespread shift to remote work has disrupted 
the longstanding labour market trend of increasing demand for inter-
personal skills. On the one hand, there is evidence that the shift to 
remote work substantially reduces the level of interaction between 
co-workers22 and causes workers to work in a more isolated manner23. 
There is also evidence that shifting to remote work causes workers to 
substitute synchronous communication for asynchronous commu-
nication and leads to sparser and more static collaboration networks 
within firms21. These findings suggest that perhaps interpersonal skills 
have become less important for production in the post-pandemic 
labour market. On the other hand, there is evidence that team cohesion 
and information brokers play important roles in preventing the nega-
tive effects of remote work on team performance24, suggesting that 
skills in working and communicating with others have become more 
valuable since the pandemic. In line with this suggestion, econometric 
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2015 and 2022. Third, we fit time-series models to these skills demand 
data in the pre-pandemic period and use the models to predict skills 
demand in the post-pandemic period. Fourth, we compare the actual 
demand trajectory for each skill class in the post-pandemic period to 
its predicted trajectory to measure the level of acceleration or decel-
eration in demand for the skill class. We perform this analysis at the 
occupational and aggregate levels.

We make several findings that support the hypothesis that inter-
personal skills continue to grow in importance for employment in the 
post-pandemic, remote work friendly labour market. At the aggregate 
level, we find that the longstanding trend of increasing demand for 
interpersonal skills has accelerated in the post-pandemic period. We 
also find that this acceleration has primarily been driven by accel-
erated demand for communication and collaboration skills. At the 
occupational level, we find a strong positive association between an 
occupation’s propensity for remote work and the level of accelera-
tion in interpersonal skills demand for the occupation, suggesting 
that these skills are increasingly important for remote workers. Our 
occupation-level analysis also reveals the individual occupations where 
the demand for interpersonal skills has accelerated or decelerated.

We also provide insights into the post-pandemic demand for other 
skill classes. In line with the notion that digital skills are increasingly 
important under remote modes of production, we find that the demand 
for these skills accelerated dramatically at the start of the pandemic 
and has since remained above its predicted trajectory. In terms of 
the other major skill classes, we find that the demand for analytical 
skills has largely continued along its pre-pandemic growth trajectory 
(albeit with a high degree of heterogeneity across occupations), and 
that the demand for manual skills has sharply decelerated in several 
occupations (albeit this deceleration is potentially due to coincident 
macroeconomic conditions).

Results
Aggregate skills demand
The observed growth in demand for the interpersonal, digital, ana-
lytical and manual skill classes between March 2015 and December 
2022 is visualized in Fig. 1. This figure shows the population-weighted 
proportion of job postings in each month t that mention the jth skill 
class p̃jt (black line). This quantity is simply the raw proportion of post-
ings mentioning the jth skill class reweighted to account for the num-
ber of workers in each occupation (see Methods for details). The figure 
shows that all skills classes have experienced increased demand over 
time, with interpersonal and analytical skills mentioned in a higher 
proportion of job postings than manual and digital skills.

Figure 1 compares p̃jt  for each skill class (black line) in the 
post-pandemic period to the corresponding predicted values (blue 
line) and prediction intervals (blue shading) based on a time-series 
model fitted to the pre-pandemic p̃jt  (see Table 2 for the parameter 
estimates). The figure shows that the pre-existing growth trend for 
interpersonal skills accelerated at the start of the pandemic, with p̃jt  
exceeding the predicted trajectory for most of the post-pandemic 
period. The value of p̃jt  exceeded the upper bound of the 80% predic-
tion interval for most of 2022 and fluctuated around the upper bound 
of the 95% prediction interval in the second half of 2022. To test whether 
this acceleration in demand is statistically significant, we compare the 
population-weighted proportion of postings that mention each skill 
class p̄j in the last six months of the time series ( July–December 2022) 
to the corresponding predicted value and 95% prediction interval (see 
Methods for details). We find that the p̄j for interpersonal skills (37.7%) 
exceeds the upper bound of the 95% prediction interval (31.7–37.4%), 
indicating a statistically significant acceleration in demand.

Demand for digital skills also accelerated with the onset of the 
pandemic and has since remained above the predicted level (although 
it has not grown materially throughout the post-pandemic period). As 
with interpersonal skills, the p̄j  for digital skills (2.8%) exceeds the 

analysis has shown that firms in regions of the United States that had 
longer stay-at-home orders during the COVID-19 pandemic increased 
their demand for communication skills by more than firms in regions 
that had shorter stay-at-home orders25. Similarly, anecdotal evidence 
from employers suggests that the demand for interpersonal skills has 
remained high since the pandemic26–28.

This study explores post-pandemic shifts in skills demand within 
occupations and at the aggregate level. Our primary analysis focuses 
on whether the shift to remote work has been associated with disrup-
tions to the longstanding labour market trend of increasing demand 
for interpersonal skills. Our secondary analysis focuses on whether the 
shift to remote modes of production has been associated with changes 
in pre-existing demand trends for other major skill classes. Specifi-
cally, we explore whether the shift to delivering goods and services 
remotely has been associated with increasing demand for digital skills 
(such as the ability to create digital content and to communicate and 
collaborate using digital channels) and whether the demand for two 
other major skill classes (analytical and manual skills) has shifted in 
the post-pandemic period.

Our empirical strategy involves comparing the actual level of 
demand for each skill class in the post-pandemic period to the cor-
responding predicted level on the basis of pre-pandemic demand 
trends. Implementing this strategy involves several steps. First, we 
use the ESCO skills taxonomy to define our four high-level skill classes: 
interpersonal, analytical, digital and manual skills (see Table 1 for 
our mapping of ESCO skills to skill classes)29. Second, we integrate 
this taxonomy with the text of over 12 million Australian job postings 
to identify the skill classes mentioned in each new posting between 

Table 1 | Level 2 ESCO skill groups represented within each 
skill class

Skill class ESCO skill groups

Interpersonal Counselling; providing information and support to the public 
and clients; advising and consulting; liaising and networking; 
negotiating; obtaining information verbally; presenting 
information; promoting, selling and purchasing; teaching and 
training; working with others; building and developing teams; 
leading and motivating; supervising people

Analytical Analysing and evaluating information and data; calculating 
and estimating; conducting studies, investigations and 
examinations; documenting and recording information; 
managing information; information skills; monitoring 
developments in area of expertise; monitoring, inspecting 
and testing; measuring physical properties; processing 
information; developing objectives and strategies; 
performing administrative duties; making decisions

Digital Accessing and analysing digital data; programming 
computer systems; setting up and protecting computer 
systems; using digital tools for collaboration, content 
creation and problem solving; using digital tools to control 
machinery; working with computers

Manual Building and repairing structures; constructing; finishing 
interior or exterior of structures; installing interior or exterior 
infrastructure; assembling and fabricating products; 
cleaning; handling and disposing of waste and hazardous 
materials; handling and moving; handling animals; making 
moulds, casts, models and patterns; moving and lifting; 
positioning materials, tools or equipment; sorting and 
packaging goods and materials; tending plants and crops; 
transforming and blending materials; using hand tools; 
washing and maintaining textiles and clothing; driving 
vehicles; installing, maintaining and repairing electrical, 
electronic and precision equipment; installing, maintaining 
and repairing mechanical equipment; operating aircraft; 
operating machinery for the extraction and processing of 
raw materials; operating machinery for the manufacture of 
products; operating mobile plant; operating watercraft; using 
precision instrumentation and equipment; working with 
machinery and specialized equipment
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upper bound of its 95% prediction interval (2.4–2.6%), indicating a 
statistically significant acceleration of demand. In contrast, the 
demand for manual skills has been below the predicted level for most 
of the post-pandemic period and the demand for analytical skills has 
closely followed the predicted trajectory for most of the post-pandemic 
period (with some evidence of an acceleration in demand in mid-2022). 
The p̄j  for manual (10.4%) and analytical (29.1%) skills fall well within 
their respective 95% prediction intervals (7.7–15.0% and 23.0–31.4%).

The results shown in Fig. 1 are robust to potential seasonality in 
skills demand. The predicted values and prediction intervals in Fig. 1 
are based on time-series models fitted to the pre-pandemic data that 
maximize out-of-sample predictive accuracy (see Methods for details). 
These models do not contain seasonal components. To demonstrate 
the robustness of our results to potential seasonality, we fit time-series 
models with monthly seasonal components to the pre-pandemic data 
and use these models to generate predicted values and prediction 
intervals for the post-pandemic period. Figure 2 shows that these 
models lead to the same conclusions as the models without seasonal 
components.

Changes in macroeconomic conditions have probably driven 
some of the changes in skills demand shown in Fig. 1. Previous studies  
have shown that employers raise their skill requirements for new 
hires during periods of high unemployment (cyclical upskilling) and 
reduce these skill requirements as unemployment decreases (cyclical 
downskilling)30–32, suggesting that firms use slack labour markets as 
an opportunity to hire more skilled workers30. Changes in Austral-
ia’s unemployment rate over time (Fig. 3) enable the identification 
of periods in which cyclical upskilling and downskilling are likely to 
have occurred. Figure 3 shows a period of heightened unemployment 
in Australia from April 2020 to early 2021 following the onset of the 
pandemic33. Figure 1 shows that, as expected on the basis of previ-
ous studies, cyclical upskilling appears to have occurred during this 
period, with spikes in the demand for interpersonal and analytical 
(and to a lesser extent, manual) skills between late 2020 and early 2021. 
Figure 3 also shows a period of substantial labour market tightening 
between early 2021 and the end of 2022, with the unemployment rate 
decreasing to the historically low level of 3.5%. On the basis of previous 
studies, we expect cyclical downskilling to dampen the growth in skills 
demand during this period. Figure 1 shows that despite this expecta-
tion, the demand for interpersonal and digital skills has remained above 
expected levels. That is, the accelerated demand for these skills in the 
post-pandemic period has been robust to the expected dampening 
effect of cyclical downskilling.

Each of our skill classes comprises several detailed level 2 ESCO 
skills (see Table 1 for the full mapping). To identify the specific skills 
that have driven the shifts in aggregate demand for the skill classes, we 
compare the population-weighted proportion of postings that mention 
each level 2 ESCO skill k in July–December 2022 p̄k to its predicted value 
̂pk  based on the pre-pandemic demand trajectory (see Methods  

for details). We then identify all skills where p̄k  differs materially  
from ̂pk . We define this difference as material if (1) it exceeds 0.1  
percentage point and (2) p̄k  falls outside its 80% prediction interval, 
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Fig. 1 | Skills demand in Australia: actual and predicted. The black line 
indicates the actual values for each skill between March 2015 and December 
2022. Blue indicates the predicted values of p̃jt  in the post-pandemic period 
(April 2020 onwards): the central line is the mean predicted value, the inner 
dotted lines (bounding the dark blue region) indicate the 80% prediction interval 
and the outer dotted lines (bounding the dark and light blue regions) indicate the 
95% prediction interval. The vertical dashed line indicates the first month of the 

post-pandemic period in Australia (April 2020). The coloured vertical bars 
indicate pandemic lockdown periods: grey shows the initial national lockdown 
(23 March 2020 to 31 May 2020), yellow shows the lockdown of Australia’s second 
most populous state of Victoria (8 July 2020 to 27 October 2020) and light blue 
shows the lockdown of Australia’s most populous state of New South Wales (26 
June 2021 to 11 October 2021)54.

Table 2 | Estimated parameters of the state space models for 
the p̃jt for each skill class j

Interpersonal Analytical Digital Manual

α 0.234 0.368 <0.001 0.482

β <0.001 <0.001 <0.001 –

l0 0.174 0.118 0.0165 0.081

b0 0.002 0.002 <0.001 –

σ 0.010 0.010 0.001 0.064

RMSE (percentage 
point)

1.00 0.98 0.12 0.57
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suggesting that the difference is unlikely to be due to random variation 
in the time series.

Figure 4 shows the 11 skills where p̄k  differs materially from ̂pk. 
The start of the arrow indicates the predicted value ̂pk  and the end of 
the arrow indicates the actual value p̄k, so rightward arrows indicate 
accelerated demand and leftward arrows indicate decelerated demand. 
The skills are ordered by the level of acceleration p̄k − ̂pk. The figure 
shows that the greatest accelerations in demand have occurred for four 
interpersonal skills related to communication and collaboration. The 
figure also shows that accelerated demand for skills in accessing and 
analysing digital data is the main driver of the accelerated demand for 

digital skills. Finally, the figure shows substantial deceleration  
in demand for four manual skills, potentially due to the cyclical down-
skilling described earlier.

Remote work propensity and sustained effects on skills 
demand
If remote work arrangements increase the demand for interpersonal 
skills, then we expect occupation groups with higher propensities for 
remote work to have undergone greater acceleration in interpersonal 
skills demand than other occupation groups. To test whether this has 
occurred, we define the ith occupation group’s propensity for remote 
work ρi using three metrics: the proportion of workers in the occupation 
group that worked remotely in August 2021 according to Australian 
Census data (the census metric)34; the proportion of job postings for 
the occupation group in 2022 that offered remote work arrangements 
(the job postings metric); and the proportion of detailed lower-level 
occupations within the occupation group that are amenable to telework 
based on their task content35 (the job tasks metric). We also define the 
post-pandemic acceleration in demand for the jth skill class in the ith 
occupation group as

aij = p̄ij − ̂pij (1)

where p̄ij is the proportion of postings for the ith occupation that men-
tioned the jth skill class in July–December 2022 and ̂pij  is the corre-
sponding predicted value based on the pre-pandemic trend (see 
Methods for details on how this quantity is estimated).

We then fit a simple linear regression model of the form

aij = β0 + β1ρi + ϵij (2)

to estimate the relationship between ρi and aij for each skill class j, where 
β0 and β1 are regression weights to be estimated and εij is a zero-mean 
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Fig. 2 | Skills demand in Australia: actual and predicted including seasonal 
factors. The black line indicates the actual values for each skill between March 
2015 and December 2022. Blue indicates the predicted values of p̃jt  in the 
post-pandemic period (April 2020 onwards), based on models with seasonal 
components: the central line is the mean predicted value, the inner dotted lines 
(bounding the dark blue region) indicate the 80% prediction interval and the 
outer dotted lines (bounding the dark and light blue regions) indicate the 95% 

prediction interval. The vertical dashed line indicates the first month of the 
post-pandemic period in Australia (April 2020). The coloured vertical bars 
indicate pandemic lockdown periods: grey shows the initial national lockdown 
(23 March 2020 to 31 May 2020), yellow shows the lockdown of Australia’s second 
most populous state of Victoria (8 July 2020 to 27 October 2020) and light blue 
shows the lockdown of Australia’s most populous state of New South Wales (26 
June 2021 to 11 October 2021)54.
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Fig. 3 | Australia’s seasonally adjusted unemployment rate across the period 
of our analysis (March 2015 to December 2022)33. The vertical dashed line 
indicates the first month of the post-pandemic period in Australia (April 2020). 
The coloured vertical bars indicate pandemic lockdown periods: grey shows 
the initial national lockdown (23 March 2020 to 31 May 2020), yellow shows the 
lockdown of Australia’s second most populous state of Victoria (8 July 2020 to 27 
October 2020) and light blue shows the lockdown of Australia’s most populous 
state of New South Wales (26 June 2021 to 11 October 2021)54.

http://www.nature.com/nathumbehav


Nature Human Behaviour | Volume 8 | January 2024 | 32–42 36

Article https://doi.org/10.1038/s41562-023-01788-2

Gaussian error term. In fitting these models, we apply a robust weight-
ing scheme (M-estimation with bisquare weighting) to limit the effect of 
outliers on the model and provide reliable estimates of the underlying 
relationship between ρi and aij.

Our fitted models for interpersonal skills show positive and statis-
tically significant associations between ρi and aij for our three  
metrics of ρi. The estimates are β̂1 = 0.14 (95% confidence interval (CI): 
0.08, 0.20) under the census metric, β̂1 = 0.19  (95% CI: 0.06, 0.32) 
under the job postings metric and β̂1 = 0.07  (95% CI: 0.03, 0.11)  
under the job tasks metric. The top panels of Fig. 5 show these  
modelled values against the observed ρi and aij for each occupation, 
illustrating the positive associations between ρi and aij. These  
results show that there has been greater acceleration in demand  
for interpersonal skills in occupations with higher propensities for 
remote work.

Our fitted models for analytical and digital skills also show positive 
and statistically significant associations between ρi and aij. For analyti-
cal skills, the estimates are β̂1 = 0.16  (95% CI: 0.05, 0.27) under the 
census metric, β̂1 = 0.21 (95% CI: 0.00, 0.42) under the job postings 
metric and β̂1 = 0.08 (95% CI: 0.02, 0.14) under the job tasks metric. 
The corresponding estimates for digital skills are β̂1 = 0.02 (95% CI: 
0.01, 0.03), β̂1 = 0.05 (95% CI: 0.03, 0.07) and β̂1 = 0.01 (95% CI: 0.00, 
0.01) for the census, job postings and job tasks metrics, respectively. 
The second and third rows of Fig. 5 illustrate these positive associations. 
These results suggest that, post-pandemic, the acceleration in the 
demand for interpersonal, analytical and digital skills tended to  
be greatest in occupations with high propensity for remote work. In 
comparison, occupations that are not amenable to remote work 
arrangements tended to follow growth trends that were in line with 
pre-pandemic demand trends.

The complementarity between skills and remote work
To further explore the complementarity between each skill class and 
remote work, we took a random sample of job postings posted in 2022 
and tagged each posting with an indicator of whether it offered remote 
work (see Methods for details). We then tested whether the offer of 
remote work was positively associated with the mention of each skill 
class, controlling for occupation fixed effects. Specifically, we fitted 
a logistic regression model of the form

log (
πij

1 − πij
) = β0 + β1ri +

43
∑
k=1

γkdik + ϵij (3)

to the sample of job postings, where πij is the probability that the ith 
posting mentions the jth skill class, ri takes the value 1 if the ith posting 
offers remote work and 0 otherwise and dik takes the value 1 if the ith 
posting is for occupation group k and 0 otherwise.

The fitted models suggest a high degree of complementarity 
between remote work and interpersonal and digital skills after control-
ling for occupation fixed effects. We estimate that job postings offering 
remote work are 1.20 times more likely (95% CI: 1.02–1.41) to mention 
interpersonal skills than postings not offering remote work. Similarly, 
we estimate that job postings offering remote work are 1.27 times more 
likely (95% CI: 1.05–1.53) to mention digital skills than postings not 
offering remote work. We find no statistically significant associations 
between the offer of remote work and mentions of the analytical or 
manual skill classes.

Occupation-level skills demand
We also sought to shed light on occupation-level shifts in demand for 
skills classes in the post-pandemic labour market. To provide this 
insight, we compare each p̄ij to its predicted value ̂pij and prediction 
interval. If p̄ij exceeds the upper bound of the 80% prediction interval, 
we conclude that the demand for the jth skill in the ith occupation has 
accelerated in the post-pandemic period (and vice versa). If p̄ij  falls 
within the 80% prediction interval, there is a reasonably high chance 
that any observed acceleration/deceleration is due to random variation 
in the time series, so we conclude that the demand for the jth skill in 
the ith occupation has continued along its pre-pandemic trajectory. 
Using the metric p̄ij  allows us to visualize patterns of acceleration/
deceleration in skills demand across occupations without having to 
inspect all 172 time series (4 skill classes by 43 occupation groups), 
which would make it difficult to interpret overall patterns.

Figure 6 shows the level of acceleration/deceleration in the 
demand for each skill class in each occupation group aij = p̄ij − ̂pij . 
Cells are shaded in grey if p̄ij  falls within its 80% prediction interval, 
indicating that any observed changes in skills trends can be attributed 
to random variation. Greater acceleration of demand for a skill class is 
denoted by more blue shading and greater deceleration of demand is 
denoted by more orange shading. The figure shows that the demand 
for interpersonal skills has accelerated in 13 occupations, continued 
along its pre-pandemic trajectory in 26 occupations and decelerated 
in only 4 occupations. The figure also shows that the acceleration in 
demand for interpersonal skills has been concentrated in managerial, 
professional and clerical and administrative occupations. This  
acceleration has been greatest for health professionals, where 
post-pandemic demand for several (level 2 ESCO) interpersonal skills 
(working with others, leading and motivating, presenting information 
and teaching and training) has exceeded expected levels based on 
pre-pandemic trends, suggesting that post-pandemic employment in 
the health sector requires increased levels of a range of interpersonal 
skills. The figure shows similar patterns in the acceleration/decelera-
tion of demand for analytical and digital skills, although analytical skills 
have decelerated in a greater number of occupations (7) and the levels 
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Fig. 4 | Level 2 ESCO skills where actual demand in July–December 2022 p̄k  differed materially from predicted demand ̂pk  based on pre-pandemic trends.  
The start of the arrow indicates ̂pk  and the end of the arrow indicates p̄k.
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of acceleration in demand for digital skills tend to be relatively small 
across the occupations. Finally, the figure shows that the demand for 
manual skills has sharply decelerated for several classes of machinery 
operators and drivers, potentially due to cyclical downskilling.

Discussion
This study reveals sustained disruptions to skills demand trends asso-
ciated with the COVID-19 pandemic. Since the start of the pandemic, 
there has been an acceleration of the pre-existing trend of increasing 
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Fig. 5 | The values of ρi and aij for each level 2 ANZSCO occupation group i, 
skill class j and metric for ρi (census, job postings and job tasks metrics). Each 
line indicates the fitted values from a robust linear regression of aij on ρi. There 
are n = 43 occupation groups. Two-sided t-tests of the hypothesis that β1 ≠ 0 
provide the following P values on 41 degrees of freedom: P = 0.00007 (census 
metric), P = 0.003 ( job postings metric) and P = 0.0002 ( job tasks metric) for 

interpersonal skills; P = 0.003 (census and job tasks metrics) and P = 0.028 ( job 
postings metric) for analytical skills; P = 0.00008 (census metric), P = 0.000001 
( job postings metric) and P = 0.005 ( job tasks metric) for digital skills; and 
P = 0.192 (census metric), P = 0.779 ( job postings metric) and P = 0.503 ( job tasks 
metric) for manual skills.
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demand for interpersonal skills. This acceleration has been driven  
by accelerated demand for communication and collaboration skills  
(for example, presenting information, advising and consulting).  
Furthermore, the accelerated demand for interpersonal skills is  
strongest in occupations that are amenable to remote working, sug-
gesting that the increased reliance on digital channels for production 
has only served to reinforce the importance of interpersonal skills. 
These skills are perhaps required to overcome some of the negative 
effects of remote work, such as the thinning out and ossification of 
collaboration networks in firms21.

Post-pandemic disruptions to the demand for the other skill classes 
are mixed. Demand for digital skills has undergone a substantial accel-
eration at the aggregate level and within many occupations. Demand 
for analytical skills has continued along its pre-existing trajectory at 
the aggregate level, with several occupations undergoing acceleration 
and other occupations undergoing deceleration. Demand for manual  
skills has decelerated at the aggregate level, with sharp deceleration 
observed in several occupations, potentially due to cyclical downskilling.

The accelerated demand for interpersonal skills since the arrival 
of the pandemic has occurred despite an extended period of labour 
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Clerical and administrative workers
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Interpersonal Analytical Digital Manual
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Hospitality, retail and service managers
Specialist managers

Arts and media professionals
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Design, engineering, science and transport professionals
Education professionals

Health professionals
ICT professionals
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Fig. 6 | The level of acceleration/deceleration in the demand for each skill class within each occupation (level 2 ANZSCO) aij in the post-pandemic period. 
Occupations are grouped into eight higher-level occupation classes (level 1 ANZSCO). Cells are shaded in grey if p̄ij  falls within its 80% prediction interval.
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market tightening. Previous research has shown that tighter labour 
markets cause employers to reduce their skill demands of workers32. 
As such, we expect the tightening of the Australian labour market 
between March 2020 and December 2022, where the unemployment 
rate decreased from 5.3% to 3.5%33, to dampen the growth in demand for 
interpersonal (and other) skills. Despite this expectation, we observe an 
acceleration of demand for interpersonal skills at the aggregate level 
and within several occupations, and deceleration within very few occu-
pations. Such a finding is not without precedent, with similar structural 
increases in skills demand observed during a period of labour market 
tightening in the years following the Great Recession36.

Our analysis complements previous findings on the increasing 
demand for interpersonal skills before the pandemic6–10. We show 
that this trend has accelerated at the aggregate level and has persisted 
or accelerated in almost all occupation groups. As such, our analysis 
supports the ongoing relevance of previous policy recommendations 
that education systems should have a greater focus on developing  
the interpersonal skills of students and workers14–18.

A limitation of this research is that it relies on the skills described  
in job postings to determine what skills are becoming more sought  
after in the labour market. Job postings do not provide a comprehensive 
list of all the skills needed to perform a given role37. However, since  
job postings serve as a means through which employers communicate 
the skills they value in the role, they are commonly used to under-
stand changing skills trends31,38–40. They also provide more up-to-date  
and localized information about skills trends than occupational surveys 
such as O*NET41.

We provide three potential extensions of this research. First, our 
method could be extended to monitor the demand for detailed skill 
classes within detailed occupation classes (as opposed to the broad 
skill and occupation classes we have used in this study). This informa-
tion could help labour market participants identify emerging skills and 
skills in decline in different segments of the labour market. Monitor-
ing skills demand at these detailed levels would require use of natural 
language processing algorithms (rather than exact match) to improve 
the detection of skills so that enough skills data can be captured at the 
more detailed occupation level for reliable monitoring.

Second, Fig. 6 suggests a potential post-pandemic divergence in 
the skills required for ‘high skill’ and ‘low skill’ occupations. Based on 
Australia’s standard occupation taxonomy42 and the number of skills 
mentioned in job postings, skill requirements are greatest for profes-
sionals and managers, and smallest for labourers, and machinery 
operators and drivers (with the other occupation groups somewhere in 
between). Figure 6 shows that skills demand has generally accelerated 
for professionals and managers, and decelerated for labourers, and 
machinery operators and drivers, suggesting increasing polarization 
of workplace skills across occupations. This type of skills polarization 
constrains the transitions that workers can make between occupa-
tions and can cause low skill workers to become stuck in low skill and 
low wage occupations43. A more detailed analysis of skills polarization 
could reveal changes in the level of polarization over time and inform 
policy responses to the negative effects of polarization.

Finally, data on how the supply of skills is changing over time in 
different parts of the labour force could be combined with our data on 
the changing demand for skills to identify emerging skill mismatches. 
This integrated analysis would further inform skills investments and 
decisions being made by individuals and policymakers.

Methods
Defining skills
We used the ESCO skills hierarchy to define the set of skill classes for 
our analysis29. This hierarchy groups over 13,000 detailed job-related 
skills into a smaller number of broader skill groups44,45. We mapped 
these broader skill groups to our four skill classes of interest, as shown 
in Table 1.

Adzuna Australia job postings data
This research was based on job postings data provided by Adzuna  
Australia. Adzuna Australia is an aggregator of job postings that has 
been operating in Australia since 2013. Adzuna Australia’s database  
contains job postings from a variety of sources: postings that employers 
and recruitment agencies post on Adzuna Australia’s online platform, 
postings listed in one of Australia’s largest newspapers and postings 
that Adzuna Australia scrapes from other websites (for example,  
employers’ websites)46. This database’s coverage of Australian job post-
ings closely matches the coverage of the Lightcast (formerly Burning 
Glass) database, which contains the near-universe of job postings46.

Adzuna Australia’s scraping process increases the database’s cover-
age of the population of job postings but also increases the likeli hood 
of duplicate postings entering the database47. To address this problem, 
Adzuna Australia screens the postings it scrapes from other sources and 
removes suspected duplicates46. We applied an additional filter to remove 
other suspected duplicates (postings with the same job title, same  
location, similar posting dates and near-identical job descriptions)47.

Each job posting in the Adzuna Australia database was tagged with 
the job’s occupation title (as described by the poster) and the date when 
the job was posted (or scraped) to Adzuna Australia’s online platform. 
A natural language processing-based algorithm was used to match each 
posting’s occupation title and role description to an occupation in the 
Australian and New Zealand Standard Classification of Occupations 
(ANZSCO; Australia’s standard occupation taxonomy)42.

The data set used for our analysis contained all 12,471,217 postings 
that entered the Adzuna Australia database between March 2015 and 
December 2022. The monthly count of postings (sample size) varied 
from 44,137 (March 2020) to 339,306 (November 2022). The total 
count of postings mentioning each skill class is 3,467,292 for interper-
sonal skills, 2,384,950 for analytical skills, 292,396 for digital skills and 
905,295 for manual skills.

Using job postings data to measure skills demand
We used an exact match algorithm to identify the detailed ESCO skills 
mentioned in each job posting in the database. This algorithm uses the 
English language preferred and alternative labels for each of the 13,890 
skills listed in the ESCO skills pillar44. When a job posting contained one 
of the preferred or alternative skill labels, it was tagged as requiring 
the relevant skill. The hierarchical structure of the ESCO taxonomy 
was then used to aggregate these skills matches to one of the ESCO 
level 2 skill groups, which we then assigned to one of our four skills 
classes (Table 1). While the use of an exact match algorithm means that 
skill classes will go undetected whenever there is a close-but-inexact 
match, such an approach is commonly used for monitoring changes 
in the demand for different skill classes over time.

We used these data to compute the proportion of new postings 
for each occupation i in each month t that mention each skill class  
j (pijt) and level 2 ESCO skill k (pkjt). These metrics formed the basis of 
the analysis in this study.

To measure the aggregate demand for each skill class, we 
developed a metric that captures both within-occupation and 
between-occupation changes in demand for the skill over time. Here 
we computed the population-weighted proportion of all job postings 
mentioning each skill as

p̃jt = ∑
i
αitpijt (4)

where each pijt was weighted by occupation group i’s (level 2 ANZSCO) 
share of total workers in month t (αit) based on official labour statistics33. 
This weighting method corrects for the overrepresentation of some 
occupations (and underrepresentation of others) in the job postings 
data, which can cause the (unweighted) proportion of postings men-
tioning each skill to be a misleading measure of the aggregate demand 
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for that skill31,48–50. The metric p̃jt  reflects both within-occupation 
changes in skills demand via changes in pijt and between-occupation 
changes in skills demand via changes in αit.

Time-series models
Overview. Our method of measuring the post-pandemic acceleration/
deceleration in demand for the jth skill class (or kth level 2 ESCO skill) 
at both the aggregate and occupational levels involves three steps:

 1. Fitting a state space exponential smoothing model to the 
time-series data on the demand for the skill class in the 
pre-pandemic period.

 2. Using the fitted model to generate predictions and prediction 
intervals of the demand for the skill class in the post-pandemic 
period.

 3. Comparing observed demand to predicted demand in the 
post-pandemic period.

Model selection and estimation. In step 1 of this method, we used the 
ets function in R’s forecast package to select the best model from the 
class of ‘innovations’ (single source of error) state space exponential 
smoothing models51. We used this class of models as the models within 
it are flexible enough to fit a range of economic time-series data and 
provide accurate predictions of future observations relative to alter-
native models52.

The ets function fits models with different combinations of  
additive and multiplicative trend, seasonal and error components, 
and selects the model that minimizes the Akaike information criterion 
(AIC):

AIC = 2k − ln( ̂L). (5)

Here, k is the number of model parameters estimated and ̂L  is the 
maximized value of the model’s likelihood function. That is, the ets 
function selects the model that maximizes the likelihood of the data 
subject to a penalty for the model’s complexity. Imposing this penalty 
reduces the likelihood of selecting models that overfit the training data 
and typically leads to the selection of models with better out-of-sample 
predictive accuracy51.

For the p̃jt for interpersonal, analytical and digital skills, the above 
process led to the selection of models with additive error and trend 
components and no seasonal component. The state space equations 
of this model are given by

p̃jt = lt−1 + bt−1 + ϵt (6)

lt = lt−1 + bt−1 + αϵt (7)

bt = bt−1 + βϵt (8)

where lt is the time-series level at time t, bt is the time-series slope  
at time t, ϵt = yt − lt−1 − bt−1 ∼ NID(0,σ2)  is the error term (where NID 
denotes normally and independently distributed) and α and β  
are constants to be estimated. Note that we have omitted the subscript 
j from l, b and ϵ for ease of expression.

For the p̃jt  for manual skills, the above process led to the selection 
of a model with multiplicative errors and no trend or seasonal compo-
nent. The state space equations of this model are given by

p̃jt = lt−1(1 + ϵt) (9)

lt = lt−1(1 + αϵt) (10)

where ϵt ∼ NID(0,σ2) . Again, we have omitted the subscript j from l  
and ϵ.

Table 1 shows the parameter estimates for each of these state space 
models trained on data from the pre-pandemic period (March 2015 to 
March 2020). The table also provides each model’s root mean square 
error (RMSE) on the training data.

Prediction intervals and inference. To generate predictions and 
prediction intervals of the demand for each skill class in the 
post-pandemic period (step 2 of the above method), we used the fitted 
model to simulate sample paths of p̃jt  (for aggregate demand) or pijt 
(for occupation-level demand) from April 2020 to December 2022. 
Then, in each month of the post-pandemic period, we computed the 
mean of these sample paths as the predicted value and the (k/2)th and 
(1 − k/2)th percentiles of these sample paths as the lower and upper 
bounds, respectively, of the k% prediction interval. These prediction 
intervals provided an indication of the range of trajectories each time 
series could have taken if it had continued to follow its pre-pandemic 
stochastic process. Comparing these trajectories to the actual values 
allowed us to infer whether there was an acceleration or deceleration 
in demand.

We used a similar simulation approach to generate prediction 
intervals for p̄ij (the mean proportion of postings in the ith occupation 
that mention the jth skill class in the last six months of 2022) and p̄j (the 
population-weighted mean proportion of postings that mention the 
jth skill class in the last six months of 2022). This simulation approach 
is described in ref. 53.

Robustness of results to the inclusion of seasonal factors. As noted 
above, our model selection process led to the selection of models 
with no seasonal component. To test the robustness of our results 
to seasonal factors, we took the selected models and added additive 
seasonal components. The resulting state space equations of the model 
for interpersonal, analytical and digital skills are given by

p̃jt = lt−1 + bt−1 + st−m + ϵt (11)

lt = lt−1 + bt−1 + αϵt (12)

bt = bt−1 + βϵt (13)

st = st−m + γϵt (14)

where st is the seasonal component at time t, and m is the number of 
seasons per year. We set m = 12 to account for seasonal variation at the 
monthly level.

The resulting state space equations of the model for manual skills 
are given by

p̃jt = (lt−1 + st−m)(1 + ϵt) (15)

lt = lt−1 + α (lt−1 + st−m) ϵt (16)

st = st−m + γ (lt−1 + st−m) ϵt (17)

Figure 2 is a reproduction of Fig. 1 using the above models with  
seasonal components. It shows that these models led to the  
same conclusions as the models without seasonal components, with 
post-pandemic demand for interpersonal and digital skills exceeding 
the predicted levels.

Identifying offers of remote work arrangements in job 
postings
We randomly sampled 6,800 job postings posted in 2022 and created 
an indicator variable for whether each posting offered remote work 
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arrangements. We then used these data to analyse the complemen-
tarity between remote work and each skill class and computed the 
proportion of postings offering remote work arrangements in each 
occupation group.

To identify remote work arrangements in job postings, we utilized 
the capabilities of ChatGPT 3.5 via OpenAI’s API. Each job posting was 
presented to the model to determine whether the content suggested 
a ‘remote work arrangement’. To validate ChatGPT’s classifications, we 
engaged two human annotators to assess a random subset comprising 
36 AI-evaluated job postings.

Out of these 36 postings, consensus with the human annota-
tors was reached for 31, suggesting the task’s feasibility. ChatGPT’s  
categorizations closely mirrored human judgments, with discrep-
ancies arising in only three postings when compared against each  
individual annotator. This considerable congruence indicates  
ChatGPT’s reliability and accuracy in identifying ‘remote work arrange-
ments’ within job postings.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
All relevant necessary data to reproduce the results in the paper 
are publicly available in the Dryad Digital Repository at https://doi.
org/10.5061/dryad.sf7m0cgbx. Source data are provided with this 
paper.

Code availability
The code required to transform the data into the statistics and outputs 
reported in the paper are publicly available at https://github.com/
davide8484/skills-demand.

References
1. Allen, J. & van der Velden, R. Educational mismatches versus skill 

mismatches: effects on wages, job satisfaction, and on‐the‐job 
search. Oxf. Econ. Pap. 53, 434–452 (2001).

2. Vieira, J. A. C. Skill mismatches and job satisfaction. Econ. Lett. 
89, 39–47 (2005).

3. Mortensen, D. T. & Pissarides, C. A. Job creation and job 
destruction in the theory of unemployment. Rev. Econ. Stud. 61, 
397–415 (1994).

4. Autor, D. H., Levy, F. & Murnane, R. J. The skill content of recent 
technological change: an empirical exploration. Q. J. Econ. 118, 
1279–1333 (2003).

5. Autor, D. H., Katz, L. F. & Kearney, M. S. The polarization of the US 
labor market. Am. Econ. Rev. 96, 189–194 (2006).

6. Borghans, L., Ter Weel, B. & Weinberg, B. A. People skills and the 
labor-market outcomes of underrepresented groups. ILR Rev. 67, 
287–334 (2014).

7. Deming, D. J. The growing importance of social skills in the labor 
market. Q. J. Econ. 132, 1593–1640 (2017).

8. Mason, C., Reeson, A. & Sanderson, T. Demand for People Skills Is 
Growing Faster than Demand for STEM Skills (The Conversation, 
2017).

9. Atalay, E., Phongthiengtham, P., Sotelo, S. & Tannenbaum, D. The 
evolution of work in the United States. Am. Econ. J. Appl. Econ. 12, 
1–34 (2020).

10. Cortes, G. M., Jaimovich, N. & Siu, H. E. The growing importance 
of social tasks in high-paying occupations: implications for 
sorting. J. Hum. Resour. https://doi.org/10.3368/jhr.58.5.0121-
11455R1 (2021).

11. Acemoglu, D. & Autor, D. in Handbook of Labor Economics  
Vol. 4 (eds Ashenfelter, O. & Card, D.) 1043–1171 (Elsevier,  
2011).

12. MacCrory, F., Westerman, G., Alhammadi, Y. & Brynjolfsson, E. 
Racing with and against the machine: changes in occupational 
skill composition in an era of rapid technological advance. In 
Proc. 35th International Conference on Information Systems - 
Building a Better World Through Information Systems (eds Myers, 
M. & Straub, D.) (Association for Information Systems, Atlanta, 
2014).

13. Weidmann, B. & Deming, D. J. Team players: how social skills 
improve team performance. Econometrica 89, 2637–2657 (2021).

14. Succi, C. & Canovi, M. Soft skills to enhance graduate 
employability: comparing students and employers’ perceptions. 
Stud. High. Educ. 45, 1834–1847 (2020).

15. Skorton, D. Branches from the same tree: the case for integration 
in higher education. Proc. Natl Acad. Sci. USA 116, 1865–1869 
(2019).

16. Börner, K. et al. Skill discrepancies between research, education, 
and jobs reveal the critical need to supply soft skills for the data 
economy. Proc. Natl Acad. Sci. USA 115, 12630–12637 (2018).

17. Reeson, A., Mason, C., Sanderson, T., Bratanova, A. & Hajkowicz, S.  
The VET ERA: Equipping Australia’s Workforce for the Future Digital 
Economy Report for TAFE Queensland (CSIRO, 2016).

18. Balcar, J. Is it better to invest in hard or soft skills? Econ. Labour 
Relat. Rev. 27, 453–470 (2016).

19. Aksoy, C. G. et al. Working from Home Around the World (National 
Bureau of Economic Research, 2022).

20. Evans D. & Reeson A. Staying Connected: Working, and Socialising, 
from Home During the COVID-19 Pandemic (CSIRO and NBN, 
2021).

21. Yang, L. et al. The effects of remote work on collaboration among 
information workers. Nat. Hum. Behav. 6, 43–54 (2022).

22. Gibbs, M., Mengel, F. & Siemroth, C. Work from Home & 
Productivity: Evidence from Personnel & Analytics Data on IT 
Professionals (Univ. of Chicago, Becker Friedman Institute for 
Economics, 2021).

23. Van Zoonen, W. & Sivunen, A. E. The impact of remote work 
and mediated communication frequency on isolation and 
psychological distress. Eur. J. Work Organ. Psychol. 31, 610–621 
(2022).

24. Maurer, M., Bach, N. & Oertel, S. Forced to go virtual. Working- 
from-home arrangements and their effect on team communic-
ation during COVID-19 lockdown. Ger. J. Hum. Resour. Manage. 
36, 238–269 (2022).

25. Gu, R. & Zhong, L. Effects of stay-at-home orders on skill 
requirements in vacancy postings. Labour Econ. 82, 102342 
(2023).

26. Billing, F., De Smet, A., Reich, A. & Schaninger, B. Building 
Workforce Skills at Scale to Thrive During—and After—the 
COVID-19 Crisis (McKinsey and Company, 2021).

27. Castrillon, C. Why soft skills are more in demand than ever.  
Forbes (18 September 2022).

28. Bourliousfas, N. Post-pandemic era needs soft skills with 
technical capability. Australian Financial Review (23 February 
2022).

29. ESCO: European Skills, Competences, Qualifications and 
Occupations (European Commission, 2019); https://ec.europa.eu/
esco/portal/

30. Modestino, A. S., Shoag, D. & Ballance, J. Downskilling: changes in 
employer skill requirements over the business cycle. Labour Econ. 
41, 333–347 (2016).

31. Hershbein, B. & Kahn, L. B. Do recessions accelerate routine- 
biased technological change? Evidence from vacancy postings. 
Am. Econ. Rev. 108, 1737–1772 (2018).

32. Modestino, A. S., Shoag, D. & Ballance, J. Upskilling: do employers 
demand greater skill when workers are plentiful? Rev. Econ. Stat. 
102, 793–805 (2020).

http://www.nature.com/nathumbehav
https://doi.org/10.5061/dryad.sf7m0cgbx
https://doi.org/10.5061/dryad.sf7m0cgbx
https://github.com/davide8484/skills-demand
https://github.com/davide8484/skills-demand
https://doi.org/10.3368/jhr.58.5.0121-11455R1
https://doi.org/10.3368/jhr.58.5.0121-11455R1
https://ec.europa.eu/esco/portal/
https://ec.europa.eu/esco/portal/


Nature Human Behaviour | Volume 8 | January 2024 | 32–42 42

Article https://doi.org/10.1038/s41562-023-01788-2

33. Labour Force, Australia, Detailed, February 2023 (Australian 
Bureau of Statistics, 2023).

34. Method of Travel to Work, Census TableBuilder (Australian Bureau 
of Statistics, 2023).

35. Dingel, J. I. & Neiman, B. How many jobs can be done at home?  
J. Public Econ. 189, 104235 (2020).

36. Blair, P. Q. & Deming, D. J. Structural increases in demand for skill 
after the great recession. AEA Pap. Proc. 110, 362–365 (2020).

37. Online Job Vacancies and Skills Analysis: A Cedefop Pan-European 
Approach (European Centre for the Development of Vocational 
Training, 2019).

38. Cammeraat, E. & Squicciarini, M. Burning Glass Technologies’ Data 
Use in Policy-Relevant Analysis: An Occupation-Level Assessment 
(OECD Science, Technology and Industry Working Papers, 2021).

39. Forsythe, E., Kahn, L. B., Lange, F. & Wiczer, D. Labor demand in 
the time of COVID-19: evidence from vacancy postings and UI 
claims. J. Public Econ. 189, 104238 (2020).

40. Krumel, T. P. Jr, Goodrich, C. & Fiala, N. Labour demand in the time 
of post-COVID-19. Appl. Econ. Lett. 30, 343–348 (2023).

41. O*NET® Career Exploration Tools (O*NET Resource Center, 2023); 
https://www.onetcenter.org/tools.html

42. ANZSCO – Australian and New Zealand Standard Classification of 
Occupations (Australian Bureau of Statistics, 2022).

43. Alabdulkareem, A. et al. Unpacking the polarization of workplace 
skills. Sci. Adv. 4, eaao6030 (2018).

44. ESCO Handbook (European Commission, 2019).
45. Pater, R., Cherniaiev, H. & Kozak, M. A dream job? Skill demand 

and skill mismatch in ICT. J. Educ. Work 35, 641–665 (2022).
46. Evans D. et al. An Evaluation of Adzuna Australia Job Postings as a 

Measure of Labour Demand (CSIRO, 2022).
47. Zhao, Y., Chen, H. & Mason, C. M. A framework for duplicate 

detection from online job postings. In Proc. 20th IEEE/WIC/ACM 
International Conference on Web Intelligence and Intelligent Agent 
Technology (eds He, J. et al.) 249–256 (Association for Computing 
Machinery, New York, 2021).

48. Beręsewicz, M. et al. Enhancing the demand for labour survey 
by including skills from online job advertisements using 
model-assisted calibration. Surv. Res. Methods 15, 147–167 (2021).

49. Evans, D., Mason, C., Chen, H. & Reeson, A. An algorithm for 
predicting job vacancies using online job postings in Australia. 
Humanit. Soc. Sci. Commun. 10, 102 (2023).

50. Turrell, A., Speigner, B. J., Djumalieva, J., Copple, D. & Thurgood, J.  
Transforming Naturally Occurring Text Data into Economic 
Statistics: The Case of Online Job Vacancy Postings (National 
Bureau of Economic Research, 2019).

51. Hyndman, R. J. & Khandakar, Y. Automatic time series forecasting: 
the forecast package for R. J. Stat. Softw. 27, 1–22 (2008).

52. Hyndman, R., Koehler, A. B., Ord, J. K. & Snyder, R. D. Forecasting 
with Exponential Smoothing: The State Space Approach (Springer 
Science & Business Media, 2008).

53. Hyndman, R. Forecasting intervals for aggregates. Hyndsight  
Blog https://robjhyndman.com/hyndsight/forecast-intervals-for- 
aggregates/ (2016).

54. Impact of Lockdowns on Household Consumption – Insights from 
Alternative Data Sources (Australian Bureau of Statistics, 2021).

Acknowledgements
The authors received no specific funding for this work.

Author contributions
All authors jointly conceived and designed the study. D.E. led the 
statistical modelling, analysis and drafting of the paper, with input 
and revisions from C.M., A.R. and H.C. H.C. and C.M. acquired the job 
postings data and led the development of algorithms to identify each 
posting’s occupation and skills, with input from A.R. and D.E.

Funding
Open access funding provided by CSIRO Library Services

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information The online version  
contains supplementary material available at  
https://doi.org/10.1038/s41562-023-01788-2.

Correspondence and requests for materials should be addressed to 
David Evans.

Peer review information Nature Human Behaviour thanks  
Ewa Gałecka-Burdziak, Lukasz Arendt and the other, anonymous, 
reviewer(s) for their contribution to the peer review of this work.

Reprints and permissions information is available at  
www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard  
to jurisdictional claims in published maps and institutional  
affiliations.

Open Access This article is licensed under a Creative Commons 
Attribution 4.0 International License, which permits use, sharing, 
adaptation, distribution and reproduction in any medium or format, 
as long as you give appropriate credit to the original author(s) and the 
source, provide a link to the Creative Commons license, and indicate 
if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless 
indicated otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons license and your intended 
use is not permitted by statutory regulation or exceeds the permitted 
use, you will need to obtain permission directly from the copyright 
holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© Crown 2024

http://www.nature.com/nathumbehav
https://www.onetcenter.org/tools.html
https://robjhyndman.com/hyndsight/forecast-intervals-for-aggregates/
https://robjhyndman.com/hyndsight/forecast-intervals-for-aggregates/
https://doi.org/10.1038/s41562-023-01788-2
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/


1

nature portfolio  |  reporting sum
m

ary
April 2023

Corresponding author(s): David Evans

Last updated by author(s): 6/11/2023

Reporting Summary
Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency 
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

Statistics
For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

n/a Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided 
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested

A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection We use the open source software R (version 4.2.0) to generate the data sets used for this study. The R packages used to generate these data 
sets are tidyverse and lubridate. 

Data analysis We use the open source software R (version 4.2.0) to perform all of the modelling and analysis in this study. The R packages used for the 
analysis are: tidyverse; scales; lubridate; forecast; MASS. A program that transforms the data above into the statistics and outputs in the 
manuscript is publicly available at https://github.com/davide8484/skills-demand. 

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

Adzuna Australia provided access to its proprietary job postings data for this study. We have integrated these data with the publicly available ANZSCO occupational 



2

nature portfolio  |  reporting sum
m

ary
April 2023

taxonomy and the ESCO skills taxonomy, enabling the measurement of skills demand in different occupations over time. While we are not permitted to share 
Adzuna Australia’s raw job postings data publicly, we are able to share all the derived data used in our analysis (e.g., the monthly count of job postings, the 
proportion of job postings mentioning each skill class in each occupation etc.). These data sets are available at https://doi.org/doi:10.5061/dryad.sf7m0cgbx 
 
All relevant necessary data to reproduce the results in the paper are publicly available in the Dryad Digital Repository: https://doi.org/doi:10.5061/dryad.sf7m0cgbx

Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Our analysis uses job postings data, which are not broken down by sex or gender. Therefore, our results do not provide 
outputs by sex or gender. 

Reporting on race, ethnicity, or 
other socially relevant 
groupings

Our analysis uses job postings data. We categorize these postings by occupation using Australia's standard occupation 
taxonomy. We use the ESCO skills taxonomy to identify the skills mentioned in each posting.  
 
Our data contain no indications of race, ethnicity, or other socially relevant groupings, so our do not provide breakdowns by 
these variables. 

Population characteristics See above (our study is not based on human research participants). 

Recruitment Our analysis uses job postings data, so no study participants were recruited. 

Ethics oversight Commonwealth Scientific and Industrial Research Organisation

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description This study quantitatively analyses job postings data to measure trends in skills demand between 2015 and 2022 and identify shifts in 
skills demand that have occurred since the onset of the COVID-19 pandemic. 

Research sample Our sample contains the 12,471,217 job postings collected by the aggregator Adzuna Australia between March 2015 and December 
2022. This database contains job postings from a variety of sources: postings that employers and recruitment agencies post on 
Adzuna Australia’s online platform; postings listed in one of Australia’s largest newspapers; and postings that Adzuna Australia 
scrapes from other websites. This database provides a large and representative sample of Australian job postings, closely matching 
the coverage of the Lightcast (formerly Burning Glass) database, which contains the near-universe of job postings.  
 
Our rationale for choosing this study sample is to measure skills demand trends in the pre-pandemic period (2015-2020) and post-
pandemic period (2020-2022) to detect changes in demand. The text of job postings indicates the skills employers demand, so 
analysing a large sample of Australian postings over time allows us to measure how the demand for different skills is changing over 
time in Australia.  
 
Researchers were not blinded to the study hypothesis. 

Sampling strategy We analyse the entire population of job postings. No further sampling of postings was performed. 

Data collection We use job postings collected by the aggregator Adzuna Australia. 

Timing The job postings data set contains monthly data covering the period March 2015 to December 2022. 

Data exclusions No data were excluded from the analysis. 

Non-participation The data are job postings, so there were no individual participants. 

Randomization The data are job postings, so no randomization of participants etc. was required. 



3

nature portfolio  |  reporting sum
m

ary
April 2023

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 

Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging


	Accelerated demand for interpersonal skills in the Australian post-pandemic labour market
	Results
	Aggregate skills demand
	Remote work propensity and sustained effects on skills demand
	The complementarity between skills and remote work
	Occupation-level skills demand

	Discussion
	Methods
	Defining skills
	Adzuna Australia job postings data
	Using job postings data to measure skills demand
	Time-series models
	Overview
	Model selection and estimation
	Prediction intervals and inference
	Robustness of results to the inclusion of seasonal factors

	Identifying offers of remote work arrangements in job postings
	Reporting summary

	Acknowledgements
	Fig. 1 Skills demand in Australia: actual and predicted.
	Fig. 2 Skills demand in Australia: actual and predicted including seasonal factors.
	Fig. 3 Australia’s seasonally adjusted unemployment rate across the period of our analysis (March 2015 to December 2022)33.
	Fig. 4 Level 2 ESCO skills where actual demand in July–December 2022 differed materially from predicted demand based on pre-pandemic trends.
	Fig. 5 The values of ρi and aij for each level 2 ANZSCO occupation group i, skill class j and metric for ρi (census, job postings and job tasks metrics).
	Fig. 6 The level of acceleration/deceleration in the demand for each skill class within each occupation (level 2 ANZSCO) aij in the post-pandemic period.
	Table 1 Level 2 ESCO skill groups represented within each skill class.
	Table 2 Estimated parameters of the state space models for the for each skill class j.




