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Agenda

• Talk is separated into 3 parts 

• Part 1: Justification for microsimulation analysis in energy modelling

• Part 2: Validation of a microsimulation model using COVID-19 

pandemic as an experiment

• Part 3: Results from the Just Transition Consortium for Research on 

Employment and Work (JT CREW) project



Introduction
• CGE models are large, data-intensive simulations of an entire 

economy (national, regional, or global). 

• Their core purpose is to analyze how a policy change ripples 

through interconnected markets, affecting not just one sector 

but the whole economic system.

• Particularly good at capturing indirect, second-round effects (a 

tax on agriculture doesn't just affect farmers. It raises food 

prices, which might lead workers to demand higher wages, 

which increases costs for manufacturers, and so on)

• However, to track how policy changes affect households 

(income and consumption patterns) CGE use the concept of 

representative households



Why link CGE with microsimulation?



Why link CGE with microsimulation?
• Standard CGE models group households into a few representative categories (e.g., "urban skilled," "rural 

poor“ etc)

• Analysis of inequality in these models focuses only on changes in inequality between these groups, 

ignoring within group inequality which is often important in developing countries (Leibbrandt et al, 2012)

• It also requires arbitrary within-group distribution assumption for inequality analysis.

• Therefore, representative household assumption, while useful for economy-wide analysis, is limited for 

micro-level policy analysis focused on gainers, losers, and inequality (Bourguignon et al, 2005)

• This is important for analysis of just energy transition, particularly in developing context, if we don’t have 

a detailed information on who is affected, how do we compare competing policy actions to make 

“just” decisions? 



Why link CGE with microsimulation?
• Broader international literature is largely optimistic about the impacts of decarbonisation and 

the energy transition on employment (Wei et al., 2010) 

• Gielen et al. (2019) estimate that the global energy transition could create 19 million jobs by 

2050, while leading to roughly 7.4 million job losses in the fossil fuel intensive sectors (net 

positive)

• Much of this optimism appears to come from the employment potential in the renewable 

energy sector

• Job creation in the renewable energy sector is estimated to be  2.5 to 3 times more for every $1 

million invested, than that for oil and gas (Pollin et al., 2009; see also Mayfield et al., 2023)

• However, there may be spatial element to such distributional effects, for example 

Mpumalanga, might be adversely affected (see Bhorat et al., 2024) in the SA context



• In the absence of mitigating strategies, the transition may redistribute investment and employment from 

poorer, coal-rich regions to other regions that have already started to embrace the transition (see Malik 

and Bertram, 2022)

• Cockburn et al. (2018) found that, in Jordan and Egypt, energy subsidy reforms reduced fiscal deficits, 

increased economic growth and boosted investment. However, these positive outcomes were not 

distributionally neutral and would adversely impact vulnerable households and increase income poverty

• The value of CGE-microsimulation linkages for policy analysis can be summarized as follows:

• Identification of plausible Winners and Losers through Distributional Analysis Beyond Averages

• Analysis of Within-Group Heterogeneity (Bourguignon et al. demonstrate, policies often change inequality within 

groups more than between groups)

• Policy Targeting

• Trade-off Analysis i.e. Efficiency versus Equity (for different transition scenarios)

Why link CGE with microsimulation?



What is microsimulation analysis?



• By microsimulation we mean an exercise that projects the CGE results on actual households 

in survey data

• Specifically, the changes predicted by the CGE are imposed on survey data (as shocks) to 

simulate the implication of the policy change on actual households/individuals.

• Since survey data comes with detailed demographic and socioeconomic information, this 

opens up additional insights into the implication of the policy

• This idea is not new, and has been used for policy analysis relating to

• Impact of trade liberalization on income distribution in the South African context (Herault, 2010)

• Tax reform in Germany (Peichl, 2009)

• Impact of tourism investment in Haiti (Banerjee et al, 2015) etc

What is microsimulation analysis?



• A handful of examples using this approach in modeling energy policies

• Modelling the effect of energy subsidy reforms in Egypt and Jordan (Cockburn et al, 2018) 

• Modelling the effect of energy price reform in Mali (Boccanfuso et al, 2009)

• Perhaps the example that is most comparable to the analysis we present here is Mardones (2024) for 

Chile, 

• Standard CGE show that a carbon tax is effective at reducing emissions

• Microsimulation component revealed that the tax alone is regressive, hitting the poorest households hardest

• Subsidies for renewable energy can counteract this regressive effect, protecting the most vulnerable

• This provides policymakers with a toolkit to design policy packages that are both effective and 

equitable

What is microsimulation analysis?



Microsimulation: why validate?



• Why the validation exercise?

• CGE can be combined with microsimulation model using several approaches

• The representative household group approach: RHG 

• The top down‐micro‐accounting approach: TD‐MA 

• The top down with behaviour approach: TD‐WB 

• Top down/bottom up or iterative approach: TD/BU 

• Note that we are restrict our analysis to top-down with behaviour approach

• See: Tiberti, L., Cicowiez, M., and Cockburn, J. (2018)

Microsimulation model description using a validation example



• Giulia, C (2008) show that the linking method itself—not just the underlying data or policy—

influences the distributional conclusions

• Further, Verikios and Zhang (2015) Show that the sensitivity to linking approach may vary by 

policy context and economy (Tax versus Energy)

• On the other hand, Hérault (2010) and Debowicz (2016) found little sensitivity when a non-

parametric (reweighting approach to enforcing shocks) is compared to the TD WB approach.

• Therefore, weather a specific linking approach produces reasonable result is an empirical 

question

• Reasons for this include

• Feedback effects may have varying importance across policy context and economy 

• Accounting for behavior may matter more in some context than others

Microsimulation model description using a validation example



Microsimulation: the validation 
exercise



• Note that impute to a microsimulation model does not have to come from a CGE 

model, any well-defined policy shock can be analyzed

• In this example we present a simple (external) validation based on the COVID-19 

pandemic

• We calibrate Tiberti, Cicowiez, and Cockburn (2017) framework to the 2019 Labor 

Market Dynamics in South Africa (LMDSA) data

• We then calculate COVID-induced shocks in employment and income by comparing 

2019 LMDSA with 2020 LMDSA

• We then compare the counterfactual 2020 labor market (simulated from the 

microsimulation model) to the actual 2020 data as a validation exercise

Microsimulation model description using a validation example



Model description

1. Population

• To simulate population growth between 2019 and 2020 into the future the “static ageing” 

or sampling reweighting approach is used

• We use observed population in 2020 for the analysis

• Weights are calibrate so that marginals defined by province totals are satisfied

• Approach assumes that there is no change in population structure over time, for example, 

population ratios by region or sex do not change over time

2. Matrix of shocks 

• This are shocks to employment and wages by sector and skill obtained from comparing 

2020 to 2019 data.



Shocks 

Sector Unskilled 
(000s)

Skilled 
(000s)

Agriculture 12 47

Mining 14 22

Manufacturi
nbg

-11 -241

Construction -7 -188

Services -94 -566

Other 
Services

16 -367

Unemploym
ent

1176 961



Shocks 



3. Microsimulation model of employment

• The code iterates over skill levels (skilled and unskilled) and estimates a multinomial 

logit model of the form

𝑙𝑜𝑔
𝑃(𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖 = 𝑚)

𝑃(𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖 = 7)
= 𝛼𝑚 + ෍

𝑗=1

𝑚

𝛽𝑚𝑗𝑋𝑖𝑗 + 𝑢𝑖𝑗

• where 𝑋 is a vector of characteristics that include geographic location (rural/urban), 

gender, household head dummy, age, education, number of children and marital status

• The employment category of individual 𝑖 is denoted by 𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖 and 𝑚 = 1 … 6

represent the 6 employment categories 

• note 𝑚 = 7 is the unemployment category, 𝑢𝑖𝑗 are individual residual terms

• The model in used to predict probabilities that determine movement across sectors

Model description



4. Microsimulation model of income

• The microsimulation estimates a Mincer-type wage equation using the Heckman 

two-stage model. 

• Just like the employment model, it is done by skill. 

5. Assumptions

• The model assumes perfect mobility across sectors and 

• Perfect rigidity across skills (i.e. unskilled workers cannot take-up skill work)  

Model description



• The algorithm is in 2 rounds 
• Round 1

• Negative shock
• Identify all workers currently in the contracting sector
• Rank them by their MNL probability for that sector (lowest first)
• Move lowest-probability workers → Unemployment
• Continue until the required % reduction is met
• Logic: those least 'attached' to the sector leave first

• Positive shock
• Identify workers in OTHER sectors with HIGHEST probability for the growing sector
• Rank them by MNL probability for the growing sector (highest first)
• Move highest-probability workers → Growing sector
• Continue until the required % increase is met
• Logic: those most likely to succeed in the sector hired first

• Round 2: 
• Note that the algorithm above can still result in imbalance, the remaining imbalance is 

then filled with unemployed individuals based on their probability.

Model description



• 6/7 sectors fall 
within the 95% CI

• Unemployment is 
simulated at 42% 
just above the 
upper bound of  
41%.

Results



• 7/7 sectors fall 
within the 95% CI

Results



• Simulated skilled 
wages of R19930, 
falls within the 
actual 95% CI of 
[R15866 –
R22534]

• Simulated 
unskilled wages 
of R7951 lies just 
above the actual 
95% CI upper 
bound of R7950 

Results



• Simulated and actual 
wage distributions 
share nearly identical 
shape, spread and tail 

• The only visible 
divergence is at the 
peak, the actual 2020 
is slightly sharper

• More analysis to be 
conducted on this

Results



• The difference 
more pronounced 
here, but more 
analysis is 
needed.

• This might be 
related to the fact 
that we did not 
explicitly model 
the informal 
sector

Results



Summary of Results from 
Just Transition Consortium for Research 

on Employment and Work (JT CREW)



Project background

• JTCREW is a consortium of researchers from SCIS, SEF, RHODES and 

REAL

• The project has 3 parts 

• Strengthening Skills for a Just Transition:  A Strategic Framework to Support 

Collaboration

• Towards a Comprehensive Social Protection System for a Just Transition in South 

Africa

• Understanding the future labour market: A microsimulation and distributive 

analysis 



Scenarios to be simulated
• Scenarios have been derived from a national combined energy and economic model 

(South African Times Model – General Equilibrium) curated by the ENERGY SYSTEM 

GROUP (UCT)
Scenario/ Net zero year TFP growth Global

context
CTL CHG limit CO2 Tax Energy

efficiency
8GT emissions cap- 2050 Net
Zero- medium

1.5%

(Medium)

A SS 8 Gt Current 
levels (CPAM)

EE

9GT emissions cap- 2050 Net
Zero-medium

1.5%

(Medium)

A SS 9 Gt Current 
levels (CPAM)

EE

9GT emissions cap- 2050 Net
Zero-high

3%

(High)

A SS 9 Gt Current 
levels (CPAM)

EE

10GT emissions cap- 2050
Net Zero-medium

1.5%

(Medium)

A SS 10 Gt Current 
levels (CPAM)

EE

10GT emissions cap- 2050
Net Zero-high

3%

(High)

A SS 10 Gt Current 
levels (CPAM)

EE

Notes:  CTL = (Sasol - SS - phase down from 2030; SF - phase down from 2045; SE - Sasol endogenous retirement from 2035).

 Energy efficiency = (EE = with energy eff, NE = without).  



Model description
• Unlike the validation model, this analysis simulates the labour market from 2025 into 2050 

• Population

• To simulate population growth into the future the “static ageing” or sampling reweighting approach is 

used

• We follow SATIMGE by using the median estimate of the United Nations’ world population prospect 

probabilistic projections

• Grow the population by the growth rate estimate and calibrate the weights so that marginals defined by 

province totals are satisfied

• Approach assumes that there is no change in population structure over time, for example, population 

ratios by region or sex do not change over time

• Matrix of shocks 

• This are shocks to employment and wages by sector and skill obtained from the CGE model.



Model description

time Agric Mining
Manufact

uring Services

1 -0.25 -0.08 -0.06 -0.06

2 -0.29 -0.02 -0.06 -0.07

3 0.02 0.01 -0.01 -0.05

4 0.04 0.02 -0.03 -0.02

5 0.10 0.04 -0.01 0.00

6 0.06 0.06 0.01 0.03

7 0.07 0.10 0.06 0.05

8 0.08 0.12 0.08 0.08

9 0.09 0.14 0.11 0.11

10 0.09 0.16 0.14 0.14

11 0.12 0.20 0.15 0.17

Skilled employment % changes

time Agric Mining
Manufac

turing Services

1 -0.27 -0.08 -0.07 -0.04

2 -0.30 0.02 -0.06 -0.03

3 0.00 0.04 0.02 -0.01

4 0.03 0.07 -0.01 0.03

5 0.08 0.09 0.01 0.06

6 0.06 0.12 0.04 0.08

7 0.09 0.18 0.11 0.09

8 0.09 0.21 0.13 0.12

9 0.10 0.23 0.15 0.15

10 0.10 0.26 0.18 0.19

11 0.12 0.31 0.21 0.23

Unskilled employment % changes

time

Skilled 
(grade 12 & 

above)

Unskilled 
(below 

grade 12)

1 -0.08 -0.06

2 0.03 0.05

3 0.02 0.05

4 0.04 0.06

5 0.05 0.07

6 0.07 0.08

7 0.09 0.09

8 0.12 0.13

9 0.16 0.17

10 0.20 0.21

% change in Income by skill

Note that unemployment is a sector



1. Microsimulation model of employment

• The code iterates over skill levels (skilled and unskilled) and estimates a multinomial 

logit model of the form

𝑙𝑜𝑔
𝑃(𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖 = 𝑚)

𝑃(𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖 = 5)
= 𝛼𝑚 + ෍

𝑗=1

𝑚

𝛽𝑚𝑗𝑋𝑖𝑗 + 𝑢𝑖𝑗

• where 𝑋 is a vector of characteristics that include geographic location (rural/urban), 

gender, household head dummy, age, education, number of children and marital status

• The employment category of individual 𝑖 is denoted by 𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖  and 𝑚 = 1 … 5 

represent the 5 employment categories (Agric, Mining, Manufacturing and Services) 

• note 𝑚 = 5 is the unemployment category, 𝑢𝑖𝑗  are individual residual terms

• The model in used to predict probabilities that determine movement across sectors

Model description



2. Microsimulation model of income

• The microsimulation estimates a Mincer-type wage equation using the Heckman two-

stage model. 

• Just like the employment model, it is done by skill. 

3. Assumptions

• The model assumes perfect mobility across sectors and 

• Perfect rigidity across skills (i.e. unskilled workers cannot take-up skill work)  

4. The queueing algorithm

•  To account for behaviour, movement across sectors for individuals is based on 

probabilities estimated from the MNL model.

Model description



• Raw predictions from 
the SATIMGE model 
across emission caps

• No significant variation 
between different 
energy caps

• However employment 
increased from 
17million to 24 million 
over the period

 

Results
Total employment estimates from the SATIMGE model, 2025-2050 

(8, 9 and 10GT)



• Raw predictions from the 
SATIMGE model across 
emission caps and GDP

• Variation across GDP 
growth rate but no 
variation across energy 
caps.

• Increase in employment 
is influenced by GDP 
growth rate

Results
Total employment estimates from the SATIMGE model, 2025-2050 

(medium and high growth)



• Result show decrease in 
Inequality over time

• 3% (year-on-year) results in a 
more than doubling of the total 
number employed between 
2025 and 2050

• Such a large increase in 
employment nearly eliminates 
unemployment by 2050

• microsimulation model is 
unable to match the 
unemployed with the jobs 
projected by the CGE model

• Retaining rigidity across sectors 
the microsimulation is only able 
to run for 21 periods (until 2041)

• there are not enough 
unemployed workers in South 
Africa to fill the requirements for 
skilled employment 

Results
Gini coefficients of income with and without the “skills restriction” in the 

microsimulation model (high growth scenarios)



• Impact on inequality 
is lower under 
medium growth

• The energy cap does 
not seem to impact 
the result in a 
meaningful way

Results
Gini coefficients of income with and without the “skills restriction” in the 

microsimulation model (medium growth scenarios)



Results
Relative earning density estimates 2025-2050 (9GT scenario- medium 

growth)



Results
Total number of transitions from employment to unemployment 2025-2050 

(9GT scenario)
during the period 
where there is some 
predicted “churn” 
into unemployment, 
black Africans, 
women, the youth 
and agricultural 
workers



Future work

• Extend the period for the validation exercise (e.g use 2019 and 2023 data, 

positive shocks)

• Replace the micro-models (the MNL and Heckman models) with Machine 

Learning Models.

• Use quarterly data instead of yearly data

• Additional analysis using IRP5 just released in collaboration with UP 

team.



Conclusion
• Compelling evidence that skills interventions will be required under all 

‘high growth’ scenarios- in other words, there is a large skills mismatch 
between the current stock of skills and the projected demands of the 
energy transition

• We argue that the methodology is likely to yield more insights when 
used to simulate scenarios that contain a greater diversity of 
employment outcomes.

• The real value of the microsimulation methodology could be realised 
when evaluating the potential trade-offs between energy transition 
scenarios that project large differences in employment outcomes 
across sub-sectors of the economy.
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