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Executive Summary 

Ukraine's transition away from coal is a key component of its commitment to the Ukraine-EU Green 

Deal, with the goal to close most coal mines by 2030. The government initiated a pilot project in 2021 

to shut down loss-making state-owned coal mines, and a broader phase-out of coal-fired power 

generation is projected by 2035. However, Russia's invasion of Ukraine disrupted and accelerated 

these plans, with around 90 per cent of coal-fired thermal power plants destroyed. This crisis 

underscores the urgent need to rebuild Ukraine’s energy infrastructure with a decentralised, 

renewable energy-based system. 

A major challenge in this transition is ensuring a skilled workforce for the rapid deployment of 

renewable energy sources. The shift from coal mining and thermal power plant jobs to employment in 

the renewable sector presents both obstacles and opportunities. The re-employment of displaced 

workers requires targeted reskilling programmes that align their existing competencies with the 

demands of the renewable energy sector. 

As part of the GIZ project ‘Supporting Structural Change in Ukrainian Coal Regions,’ this research 

assesses the skill gaps between coal industry workers and renewable energy occupations. The 

proposed skill-based approach is new in policy consulting and offers several advantages. First, by 

identifying specific skill gaps, it allows for the design of tailored re-qualification programs that ensure 

displaced workers receive targeted training. Second, it facilitates a more efficient allocation of 

resources and funds, maximizing the impact of investments in workforce transition strategies. Finally, 

the methodology is highly adaptable and can be applied to the analysis of workforce transitions in 

other countries, regions, and industries. 

The study leads to three key conclusions. First, retraining coal miners and coal-fired TPP workers for 

renewable energy jobs is economically viable, as their skills are closely aligned with RES occupations. 

Second, most RES jobs are middle- or low-skilled and do not require high-level qualifications or the 

creation of new university curricula. Third, retraining can be completed quickly, as existing 

competencies mean the process will take weeks or months, not years. 

These findings dispel common concerns about the coal phase-out. Despite fears of mass 

unemployment, findings indicate that renewable energy expansion will create new job opportunities, 

with displaced coal workers being well positioned for re-employment. Additionally, concerns over 

lower wages in renewable energy jobs are mitigated by evidence showing that state-owned coal mines 

in western Ukraine pay below the national average, whereas renewable roles offer competitive wages 

and improved working conditions. 

Overall, this study demonstrates that transitioning coal industry workers to the renewable energy 

sector is not only feasible but also economically advantageous, creating stable, well-paying jobs while 

advancing Ukraine’s energy transition goals.   
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1. Introduction 

In 2021, the Ukrainian government launched a pilot project to close coal mines in two Ukrainian 

regions. This project is part of a comprehensive plan to close most of the country's coal mines by 2030 

as part of the Ukraine-EU Green Deal (E&MJ, 2021). The closure of loss-making state-owned coal mines 

is the first step in this process and is included in the implementation plan for the updated NDC (Ministry 

of Economy of Ukraine, 2024). In addition, the draft of the National Energy and Climate Plan suggested 

a possible phase-out of coal-fired power generation by 2035 (Ministry of Economy of Ukraine, 2024). 

These developments were interrupted, but in some ways also accelerated, by the Russian invasion of 

Ukraine. As energy infrastructure has been one of the main targets of shelling since the beginning of 

the war, around 90% of coal-fired thermal power plants have been destroyed, posing extreme 

challenges to Ukraine's power system (Evstigneeva, 2024). Replacing the lost generation capacity with 

distributed renewable generation, rather than rebuilding large thermal power plants (TPPs), will 

ensure a resilient and sustainable reconstruction of the power system. Renewable energy sources 

(RES) will therefore play a key role in the Ukrainian power sector in the coming years. 

The rapid expansion of renewable energy needed to rebuild Ukraine's electricity system in a more 

decentralised way will require large numbers of workers with the appropriate skills. This is a challenge 

in a tight labour market, but also an opportunity to re-employ workers released by the closure of coal-

fired power plants and coal mines. However, reemployment can only take place if the skills and 

qualifications of the laid-off workers are sufficiently adapted to the tasks involved in installing and 

operating RES. 

Policymakers need to be able to assess how workers with a given set of skills can adapt to the 

emergence of new tasks and the disappearance of old ones (Bechichi et al., 2018). From a supply-side 

perspective, policymakers need to assess where displaced workers from high-emission sectors can be 

reemployed, given their skill sets, and what retraining they need to do so. From the demand side, they 

need to determine how easily the workers needed for more sustainable production processes can be 

sourced. Figure 1-1 summarises the main labour market dynamics in the transition to a greener 

economy. While some workers from brown jobs will exit the labour force and some green jobs will be 

filled by new graduates, the medium-term demand for green jobs will, in part, be met by workers 

transitioning from brown and other sectors, highlighting the crucial role of reskilling. 
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Figure 1-1: Labour Market Dynamics in the Transition to Green Jobs 

 
Notes: The figure is for illustrative purposes only and does not represent actual magnitudes. 

Source: DIW Econ. 

Against this background, this study, part of the GIZ project ‘Supporting Structural Change in Ukrainian 

Coal Regions’, assesses the skill gap between workers in coal mining and coal-fired power plants (TPP) 

and the jobs needed in the installation and operation of RES in Ukraine. This approach is new in policy 

consulting and offers several advantages. First, by identifying specific skill gaps, it allows for the design 

of tailored re-qualification programs that ensure displaced workers receive targeted training. Second, 

it facilitates a more efficient allocation of resources and funds, maximizing the impact of investments 

in workforce transition strategies. Finally, the methodology is highly adaptable and can be applied to 

the analysis of workforce transitions in other countries, regions, and industries. 

The study leads to three key conclusions. First, retraining coal miners and coal-fired TPP workers for 

renewable energy jobs is economically viable, as their skills are closely aligned with RES occupations. 

Second, most RES jobs are middle- or low-skilled and do not require high-level qualifications or the 

creation of new university curricula. Third, retraining can be completed quickly, as existing 

competencies mean the process will take weeks or months, not years. 

Overall, the findings indicate that transitioning coal miners and TPP workers to the renewable energy 

sector is not only feasible but also economically sound, offering stable, well-paid jobs while advancing 

Ukraine’s energy transition goals. By providing this evidence, the study contributes to addressing 

common concerns related to coal phase-out. The first concern is that closing coal mines will lead to 

high unemployment and economic decline. However, the findings suggest this is unlikely in Ukraine, 

as the transition to RES is expected to create new job opportunities, and coal miners already possess 

many of the necessary skills. Another concern is that RES jobs may offer lower wages. In fact, state-

owned coal mines in western Ukraine pay below the national average (DIW Econ, 2024), while RES jobs 
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have the potential to offer better pay and working conditions (American Clean Power Association, 

2021; Farrell & Lawhorn, 2022). 

The remainder of the report is structured as follows. Section 2 provides a definition of the skill gap and 

describes the methodological approach used to measure it. Section 3 details the characteristics of coal-

related jobs in Ukraine, compares them to target RES jobs, and presents the assessment of the skill 

gap. Section 4 concludes. 

2. Assessing the Skill Gap 

 Defining the Skill Gap 

The term 'skill gap' is often used as an umbrella term to describe various types of skill mismatches that 

create frictions in the labour market. However, in the labour economics literature, it has a more specific 

meaning, referring to just one of the sub-categories of skill mismatches that can occur. 

Following the International Labour Organization, a skill mismatch is a “discrepancy between the skills 

that are sought by employers and the skills that are possessed by individuals” (ILO, 2020, p. 1). This 

discrepancy can manifest in various forms, which may also co-exist (Brunello & Wruuck, 2021). These 

include: vertical mismatches, horizontal mismatches, skill gaps, and skill shortages (ILO, 2014; 

McGuinness et al., 2018). Vertical mismatches occur when there is a gap between a worker’s level of 

formal education and the job’s requirements (over- or under-skilling). Horizontal mismatches refer to 

the dissonance between a worker’s field of specialization and the job’s requirements, often related to 

skill obsolescence, e.g., due to the introduction of new technologies. While vertical and horizontal 

mismatches typically reflect the perspective of the worker, the focus of firms is on skill gaps and skill 

shortages. Skill gaps occur when employers believe workers lack the competencies needed for their 

current roles. Finally, skill shortages arise when employers cannot fill key vacancies due to a lack of 

qualified candidates. 

Measuring skill mismatches is challenging. Due to a lack of data, many studies focus on vertical skill 

mismatches, rely on subjective measures from surveys, or develop measures based on skill 

requirements in the U.S. labour market (Guvenen et al., 2020; McGuinness et al., 2018; Neffke et al., 

2024). The present study uses an approach combining employment data and a rich European 

dictionary of occupations, ESCO, to measure horizontal skill mismatches in Europe. Given a set of target 

occupations, the approach allows to assess the gap between the current or projected skill set of 
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workers in a specific entity, such as a region or industry, and the target skill sets. Furthermore, it can 

identify which skills are scarce and which are more readily available.  

Note that the more accurate term for the skill mismatch measured in this study is arguably ‘horizontal 

skill mismatch’, from the worker’s perspective, or ‘skill shortage’, from the employer’s side. However, 

the term ‘skill gap’ is used in the rest of the report because it is more widely recognised by the general 

public and is commonly used as a synonym for skill mismatch outside this specific literature. 

 Mapping Skills Through the Task-Content of Occupations 

Empirical studies typically use the term 'skill' in two main ways: either as a measure of formal education 

level or as the specific set of abilities required to perform different tasks. In the first sense, a 'high-

skilled' individual is generally defined as someone with a university degree, a 'medium-skilled' person 

has a vocational or secondary school qualification, and those with lower educational attainment are 

considered 'low-skilled'. Measuring skills in the second sense, as a set of abilities needed to perform 

certain tasks, is more complicated. One way of doing this is through special surveys. However, this 

approach is often not feasible because there are few surveys that cover workers' skills or measure 

them in a sufficiently comprehensive way. Even where such surveys exist, there are often problems 

such as: (i) small samples; (ii) inability to measure changes over time if the survey is not repeated; (iii) 

lack of granular spatial data or samples that are too small to draw meaningful conclusions. These 

problems can be avoided by using an approach based on the task content of occupations. 

In the ‘task-based framework’, defined in Autor et al. (2003) and Acemoglu and Autor (2011), a task is 

a unit of work activity that produces output (goods and services). A skill, in turn, is a worker’s 

endowment of capabilities for performing various tasks. The distinction between skills and tasks 

becomes particularly relevant when workers with a given skill set can perform a variety of tasks and 

change the set of tasks that they perform in response to changes in labour market conditions and 

technology (Acemoglu & Autor, 2011). Since an occupation is defined as a ‘set of jobs whose main tasks 

and duties are characterised by a high degree of similarity’ (ILO, 2024) workers employed in a given 

occupation can be expected to have a rather homogeneous set of skills.1  

 

1 Note that, although the two terms are often used interchangeably in the common language, occupation and 

job are not synonyms in labour economics. ILO defines a job as ‘a set of tasks and duties performed, or meant 
to be performed, by one person, including for an employer or in self-employment’ (ILO, 2024). Hence, a person 
may be associated with an occupation through the main job currently held, a second job, a future job, or a job 
previously held. 
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Approaches relying on the task-content of occupations usually merge two types of databases. The first 

is a ‘dictionary of occupations’, i.e. a database containing a detailed description of all tasks (and the 

corresponding skills) required in each occupation. The second is a database containing the number of 

workers in each occupation in a given area or sector (e.g. the European Labour Force survey, national 

surveys, or administrative data). These two databases are then merged via the occupation codes, 

thereby providing a comprehensive picture of the skill composition in a given country, region, or 

industry. The more detailed the occupation classification is, i.e. the more ‘digits’ it has, the more 

precisely the skills can be identified. As the tasks associated with various occupations evolve over time 

and may differ across space, it is important that the dictionary is regularly updated and tailored to the 

specific country or region under analysis. 

Yet, detailed dictionaries of occupations are not very common, as the cost of producing them is 

considerable. Overall, the most widely used dictionary of occupations is O*NET, which is specific to the 

U.S. labour market. Therefore, when using O*NET for European microdata, researchers implicitly 

assume that the task composition of each occupation is the same in the U.S. and in Europe, an 

assumption that is far from trivial. In recent years, the European Commission's Directorate-General for 

Employment, Social Affairs and Inclusion (DG EMPL), together with the European Centre for the 

Development of Vocational Training (Cedefop), has developed a European dictionary of occupations 

and skills: the Classification of European Skills, Competences and Occupations (ESCO). As it is tailored 

to the European labour market, the study relies on this dictionary. 

 A Four-step Approach to Measuring the Skill Gap 

As summarised in Figure 2-1, the assessment of the skill gap between coal workers and workers needed 

in RES is divided in four steps: (i) identifying the workers required in the new energy mix (target); (ii) 

determining the occupational profile of the potentially employable workforce (origin); (iii) identifying 

similar occupations; and (iv) calculating the skill gap between the origin and target workforces. These 

four steps are described in detail in Appendix A, while the key information is summarised below. 

https://esco.ec.europa.eu/en/about-esco/what-esco
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Figure 2-1: A Four-step Approach to Measuring the Skill Gap 

 

Source: DIW Econ. 

Step 1: Target Employment 

Defining the composition of the labour force and skills needed for the RES development requires 

assessing the number of target workers per type of RES and their occupational profile. 

The assessment of the total number of target workers is based on the modelling of the Ukrainian 

energy system using the TIMES-Ukraine model. TIMES-Ukraine is a technology-rich, bottom-up model 

of the Ukrainian energy system, covering all stages of energy production and use across the Ukrainian 

economy, from primary energy supply, through conversion into electricity, heat and fuels, to final 

energy consumption in different sectors. It uses linear programming and detailed information on 

available technologies and their costs to simulate and optimise a least-cost energy system over a given 

time period, subject to a set of user constraints. In other words, it allows the exploration of possible 

energy futures based on different scenarios and policy objectives. 

The study focuses on the Ukrainian power system, which has been repeatedly targeted by drone and 

missile attacks and has lost around 90% of its coal-fired generating capacity since the start of the war 

(Evstigneeva, 2024). Several scenarios for the reconstruction of the Ukrainian power system have been 

modelled in TIMES-Ukraine. This study considers four of these scenarios:  

 Scenario A is an emergency response plan aiming to rapidly install around 15.3 GW of renewable 

energy within seven years. 
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 Scenario B is another emergency scenario which involves deploying approximately 12.4 GW from 

a mix of renewables and fossil fuels over the same period. 

It should be noted that the two emergency scenarios focus on restoring the power system to at 

least its pre-war generation capacity, rather than fully decarbonising it or the rest of the economy. 

This means that from the 2030s at the latest, a much larger expansion of RES and projects in other 

sectors will be needed to decarbonise the Ukrainian economy. This, in turn, implies that the 

demand for labour from renewable energy installations will continue beyond the initial phase 

described in these scenarios. 

 Scenario C envisions a gradual phase-out of coal from electricity and heat generation, with 

approximately 29.6 GW of new capacity installed over the first 15 years. 

 Scenario D extends this transition across all sectors, including buildings, industry, agriculture, and 

transport, with the installation of 32.8 GW over the same period. 

Although Scenarios C and D are based on long-term projections spanning 30 years, the skill-gap 

analysis focuses only on the first 15 years. The rationale is that, beyond this period, new 

generations of workers will be trained directly for the RES sector, while coal workers will gradually 

retire. Therefore, assessing the match between RES skills and those of coal workers does not 

require focusing on long-term scenarios extending decades into the future. 

For each RES or fossil-fuel technology, TIMES-Ukraine provides information on new capacity additions. 

The total number of workers required to install and operate the targeted capacity per technology is 

then calculated relying on employment factors. The employment factors approach is used by the 

International Labour Organization (ILO, 2016) and assumes a clear relationship between an installed 

capacity and jobs. In this study, the employment factors for Eastern Europe from Rutovitz et al. (2015) 

and Ram et al. (2022) are used and a distinction is made between the workers required for the 

construction and installation (C&I) of energy facilities and those required for their subsequent 

operation and maintenance (O&M). The distinction between C&I and O&M is important because the 

two phases require not only different skills, but also different numbers of workers over different time 

horizons. 

For each technology type, the workforce distribution by occupation for C&I and O&M is determined 

through extensive desk research, drawing on both academic and grey literature sources (e.g., 

Jennejohn, 2010; IRENA, 2017a, 2017b, 2023). Each identified job title is then mapped to specific 5-

digit ESCO occupation codes. For example, the job title ‘PV system technician’ was mapped into the 

ESCO occupation ‘7411.1.4 - solar energy technician’. Since the analysis focuses on core workers with 

sector-specific skills, those with more transferable skills applicable across multiple sectors are 
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excluded. Specifically, the analysis does not cover managers, support staff, or administrative workers, 

including legal, accounting, and transport personnel. 

Step 2: Origin Employment Pool 

The second step of the analysis is to identify the pool of workers that could potentially be employed in 

the renewable energy sector. Since understanding the relative size of the skill gap is easier than 

grasping its absolute size, the analysis compares the skill gap for workers from coal mines and coal-

fired TPP with two benchmarks: the overall workforce and workers in declining occupations. This latter 

group consists of workers currently employed in occupations expected to see a reduced demand in 

the near future, for example, due to the transition to green energy or the increasing use of digital 

technologies and automation. These individuals may therefore be realistically seeking new 

employment, possibly within RES. Note that this group includes, but is not limited to, coal miners. 

To determine the skill set possessed by workers from these three groups, it is first necessary to identify 

their specific occupations at the 4-digit level of the International Standard Classification of Occupations 

(ISCO-08). A different strategy must be adopted for each group: 

◼ Coal miners and TPP workers. The total number of workers expected to be displaced by the 

coal phase-out is sourced from the input-output modelling database (DIW Econ, 2024). The 

distribution of these workers across 4-digit ISCO-08 occupations is derived using detailed 

German employment data from administrative records of the Federal Employment Agency 

(Bundesagentur für Arbeit, 2024) for coal miners  and a detailed sector-occupation matrix 

from the U.S. Bureau of Labor Statistics (U.S. Bureau of Labor Statistics, 2024) for coal TPP 

workers. The choice of these two sources is due to data availability constraints. Following the 

same principle adopted in Step 1, the focus has been placed on workers with sector-specific 

skills. Therefore, managers, support staff, or administrative workers have been excluded. 

◼ Overall workforce. The distribution of Ukraine's overall workforce is based on data from the 

2018 Ukrainian Labour Force Survey (Ukrstat, 2021). It should be noted that this distribution 

reflects pre-war conditions and may differ by the end of the conflict due to refugee outflows, 

casualties, and military losses.  

Since this data is available only at the 2-digit level, detailed German administrative data is used 

to estimate the 4-digit occupation distribution within each category. While a more detailed 

classification in the original Ukrainian data would be ideal, the 2-digit level is sufficient to 

capture broad occupational patterns shaping the Ukrainian workforce. The further breakdown 

into 4-digit occupations allows for capturing nuances within these broader categories. For 
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example, within the 2-digit occupation ‘22 - Health professionals’ it is reasonable to expect a 

higher proportion of ‘2211 - Generalist medical practitioners’ than ‘2222 - Midwifery 

professionals’ in both countries, even if the exact shares differ. 

◼ Workers from declining occupations. Declining occupations are identified using Cedefop’s 

employment forecasts, which project employment changes between 2019 and 2035 by 

country (Cedefop, 2024). Cedefop’s employment projections are used to identify as ‘declining’ 

those occupations that between 2019 and 2035 are expected to lose more than 10,000 

workers between 2019 and 2035 and that are projected to decline at a faster rate greater than 

the overall decline in the workforce. Since the projections are not available for Ukraine, the 

ones for Poland have been used. The subset of workers in these occupations is then extracted 

from the broader workforce data described in the previous step. 

Step 3: Similar Occupations 

The third step focuses on matching the skills corresponding to the source and target occupations using 

ESCO (European Commission, 2024). ESCO is built around two pillars: occupations and skills. The 

occupations pillar is based on ISCO-08, but provides additional disaggregation levels. The skills pillar 

consists of four sub-classifications: (i) ‘K - knowledge’; (ii) ‘L - language skills and knowledge’; (iii) ‘S - 

skills’; and (iv) ‘T - transversal skills’. As the goal of this study is to assess the skill gap for rather technical 

occupations, the focus is restricted to two categories: ‘S - skills’ and ‘K - knowledge’.  

For each occupation, ESCO provides skill-occupation and knowledge-occupation matrices, detailing the 

skills and knowledges required to perform its tasks. Grouping these very detailed skills at a slightly 

higher level provides information about the types of skills that are most needed in an occupation. For 

example, the largest shares of skills required in the occupation ‘8111 – Miners and quarriers’ are in the 

categories ‘Operating mining, drilling and mineral processing machinery’ (19.3%), ‘Complying with 

health and safety procedures’ (10.2%) and ‘Installing wooden and metal components’ (9.1%).2 It is 

important to note that the skill share does not directly reflect the importance or weight of each skill 

group within an occupation, as ESCO currently lacks this type of information. However, while not a 

perfect measure, the skill share provides a reasonable approximation of a skill group's relevance in 

each occupation. For this reason, we also refer to the skill share as 'skill relevance' throughout the 

report. 

 

2 See Appendix A for more details and examples on of skill-occupation and knowledge-occupation matrices. 
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Before proceeding with the analysis, some adjustments are made to the skill-occupation and 

knowledge-occupation matrices to correct for generic skills and knowledges acquired through primary 

and lower secondary education, or academic skills and knowledges. The two matrices are then 

combined, with skill shares weighted at 60% and knowledge shares weighted at 40%, so that the skill 

and knowledge shares for each occupation sum to 100%. For simplicity, the term ‘skill’ is used 

throughout the rest of the report to refer to the combined set of ESCO skills and knowledges. 

The skill shares obtained for each occupation are then used to calculate bilateral skill distances 

between occupation pairs. For each pair of occupations, the skill-distance measure captures how much 

the skill composition of one occupation deviates from the skill composition of the other occupation 

(see Appendix A for a formal description of the measure). As exemplified in Figure 2-2, the measure is 

scaled to range from 0 (exact same set of skills) to 100 (completely different set of skills). 

Figure 2-2: Concept behind the Skill-distance Measure 

 

Source: DIW Econ. 

Step 4: Skill Gap Measure 

The last step of the analysis takes the target occupations and the number of workers needed in each 

of them, calculated in Step 1, and fills each of these employment quotas with the closest available 

workers, selected from the pool identified in Step 2, based on the skill-distance measure defined in 

Step 3.  

Personal aspirations play a significant role in employment decision-making. Therefore, it is likely that 

some workers with the necessary skills for RES may choose to pursue retraining for a different 

occupation, migrate, or remain in their current job if it remains a viable option. To account for this, 

each of the three groups is compared using the average across ten random samples, each containing 

the number of workers required for the new energy mix, as determined in Step 1. If full samples were 
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used, the overall workforce would naturally outperform the other groups due to its larger size. 

However, the most skilled workers are likely already employed in stable, well-paying jobs and may be 

less inclined to retrain for roles in the energy sector. Relying on random samples addresses this issue, 

ensuring that the comparison reflects the relative availability of the necessary skills rather than mere 

workforce size. 

The quotas are filled through a so-called greedy algorithm by matching occupations with the lowest 

possible bilateral skill distances (see Appendix A for a numerical example). 

3. Renewables Skill Gap in Ukraine 

 Target Employment 

As explained above, the target employment quotas are defined on the basis of new capacity 

installations. Figure 3-1 shows the development of installed capacity by technology in the four analysed 

scenarios. To compensate for the loss of coal-fired thermal power plants, a substantial increase in 

renewable energy capacity is required, particularly in the early stages of reconstruction. This need is 

especially pronounced in the two emergency scenarios. In Scenario A, early growth is driven mainly by 

wind energy, whereas Scenario B relies on a mix of wind, solar, gas, and coal. In contrast, Scenarios C 

and D see expansion primarily through wind and solar, with nuclear, mainly small power plants, playing 

an increasing role after the first decade. 

This rapid expansion of renewable energy implies significant employment needs. Figure 3-2 shows the 

composition of labour demand in the construction and installation (C&I) and operation and 

maintenance (O&M) phases by technology type. For estimation of the labour demand, we assume that 

the number of full-time equivalent (FTE) job-years is evenly distributed across the construction period 

forecasted by each scenario. For example, if a scenario from TIMES-Ukraine plans for 6 GW of rooftop 

solar PV installation over three years (3 GW in the first year, 2 GW in the second, and 1 GW in the third) 

we instead assume a proportional distribution, with 2 GW installed each year. This approach avoids 

the impracticality of retraining thousands of workers for a single peak year when a smaller, steady 

workforce can be trained and deployed over time. Moreover, since the focus of this exercise is on the 

skill composition of RES workers rather than the exact construction and installation timeline, this 

assumption allows for a more meaningful analysis of skill gaps and re-training needs.  
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Figure 3-1: Timeline of the Installed Capacity by Technology and Scenario 

Scenario A 

 

Scenario B 

 
Scenario C 

 

Scenario D 

 

 

Notes: Scenarios from TIMES-Ukraine. The skill gap analysis is limited to the first 15 years for Scenarios C and D. 
‘Wind On’ refers to ‘Onshore wind’, while ‘Wind Off’ denotes ‘Offshore wind’. ‘Solar RT’ stands for ‘Solar rooftop 
installations,’ and ‘Solar US’ represents ‘Solar utility-scale’. 

Source: DIW Econ. 

The four scenarios show significant variation in labour demand. Scenario A is the most labour-

intensive, requiring approximately 61,800 FTE, followed by Scenario D with roughly 45,200 FTE, 

Scenario C with about 39,900 FTE, and Scenario B with around 24,700 FTE.3 This substantial variation 

 

3 Employment factors are expressed in job-years/MW for C&I and jobs/MW for O&M. For O&M, determining the 

number of full-time employees is straightforward: we simply multiply the total installed MW by the 
employment factor. A similar approach applies for C&I, but the result must also be divided by the number of 
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in labour demand across scenarios is due not only to variations in the total MW installed, but also to 

differences in the technology mix and the construction time frame.  

Technologies vary significantly in the manpower required, especially in the C&I phase. As a result, the 

choice of one technology over another can lead to considerable differences in workforce demand, 

which can amount to several thousand workers for the same installed MW capacity. Solar PV energy 

is by far the most labour-intensive technology, both for C&I and O&M. For instance, installing 500 MW 

of wind power requires approximately 1,600 job-years, whereas utility-scale solar PV demands 6,500, 

and rooftop solar PV requires as many as 13,000. Indeed, in Figure 3-2 the prevalence of labour 

demand for rooftop solar PV is evident in both the C&I and O&M phases across all four scenarios. 

In addition to the technology mix, the time horizon for the construction phase is a crucial factor 

influencing labour demand. The overall impact on labour demand stems from the fact that 

construction and installation is typically more labour-intensive than operation and maintenance. This 

difference becomes even more pronounced in the case of large-scale installations concentrated within 

a few years. For example, in Scenario A, constructing and installing 15.3 GW requires a workforce 7.2 

times larger than that needed for plant operation and maintenance. The corresponding ratios are 3.2 

for Scenario B, 1.5 for Scenario D, and 1.4 for Scenario C. 

Figure 3-2: Composition of Labour Demand in the C&I and O&M Phases by RES Type 

 

Notes: Scenarios from TIMES-Ukraine. C&I stays for ‘Construction and Installation’, while ‘O&M’ refers to 
‘Operation and Maintenance’. ‘Wind On’ refers to ‘Onshore wind’, while ‘Wind Off’ denotes ‘Offshore wind’. 
‘Solar RT’ stands for ‘Solar rooftop installations,’ and ‘Solar US’ represents ‘Solar utility-scale’. The employment 
required for the production and delivery of biogas and biomass is not included in the employment for the O&M 
phase. 

Source: DIW Econ. 

 

years allocated for the construction period. Meaning that, for example, the same number of MW can be 
installed with half of the FTEs if the construction is done in two years rather than one. 
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From this point forward, the focus will be on Scenario C, as it provides the most relevant context for 

analysing the skill requirements of workers. The results for the other scenarios are qualitatively similar, 

particularly in terms of the key takeaways, and are therefore included in Appendix B for reference. 

Figure 3-3 highlights the top ten occupations by the share of workers in the C&I and O&M phases. In 

both phases, though particularly in C&I, construction workers dominate, representing 63.7% of total 

employment during C&I and 51.7% in O&M. Notably, most of the top ten occupations fall within two 

of the ISCO-08 categories for middle-skilled workers, specifically ‘3 - Technicians and associate 

professionals’ and ‘7 - Craft and related trades workers’. 

Figure 3-3: Top-ten Occupations by Share of Workers in RES for C&I and O&M 

(a) C&I 

 

(b) O&M 

 
Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. 

Source: DIW Econ. 

To better understand the educational profile of workers in RES, Figure 3-4 categorises employment in 

terms of formal educational credentials required. High-skilled workers mostly correspond to the 1-digit 

ISCO-08 category ‘2 - Professionals’, typically holding university degrees. Middle-skilled workers 

include those in the categories of ‘3 - Technicians and associate professionals’, ‘7 - Craft and related 

trades workers’, and ‘8 - Plant and machine operators and assemblers’, generally possessing a high 

school education and/or vocational training. Lastly, low-skilled workers fall under the ‘9 - Elementary 

occupations’ category, which usually requires no formal educational qualifications.4 The figure clearly 

shows that only a small proportion of workers, 10.0% of the total, require a university degree. 

Employment is largely concentrated in middle- and low-skilled occupations. Low-skilled workers, 

 

4 These classifications reflect the typical formal educational credentials required for each category; however, 

exceptions may exist. For example, some positions in ‘2 - Professionals’ may not require a university degree, 
while certain middle- and low-skilled roles might demand additional training or certifications depending on the 
specific job and industry. 
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exclusively represented by construction workers, account for 63.7% of employment in the C&I phase 

and 51.7% in the O&M phase. Meanwhile, middle-skilled workers make up 28.1% of employment in 

the C&I phase and 35.8% in the O&M phase. The significant presence of construction workers in the 

C&I phase is largely driven by the rooftop solar PV and onshore wind sectors, where construction 

workers make up 71.9% and 73.3%, respectively, of the workforce required for construction and 

installation activities. The rooftop solar PV sector also contributes to the relatively high share of 

construction workers in the O&M phase, where they are primarily involved in the installation and 

substitution of mounting structures, modules, and panels. Overall, the distribution of total 

employment is strongly influenced by the C&I phase, with low-skilled workers comprising 58.6% and 

middle-skilled workers 31.4% of the total required workforce. 

Figure 3-4:  Typical Formal Educational Requirement for Workers in RES, by Operation Phase 

 

Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. The 
high-skilled group corresponds to ‘2- Professionals’ (university degree); middle skilled include ‘3 - Technicians 
and associate professionals’, ‘7 - Craft and related trades workers’, and ‘8 - Plant and machine operators and 
assemblers’ (High-school and/or vocational training); low skilled correspond to ‘9-Elementary occupations’ (no 
specific formal educational requirement.  

Source: DIW Econ. 

It is important to underscore at this point that formal educational credentials do not necessarily 

determine job quality. In labour economics, the concept of ‘skill’ is typically understood in two distinct 

ways: (i) the level of formal education attained (a vertical classification), and (ii) the specific set of 

competencies required to perform different tasks (a horizontal classification), such as those in coal 

mining versus wind energy. While these two dimensions are interrelated, they remain conceptually 

distinct. Although occupations with higher formal educational requirements typically involve more 

complex skills and, therefore, longer training periods, this does not mean that roles without such 
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requirements lack specialised expertise. Consequently, categorising an occupation as ‘low-skilled’ 

based solely on formal educational credentials does not equate to inferior job quality or below-average 

wages. Indeed, many middle- and low-skilled positions in the renewable energy sector are expected 

to be in high demand and offer competitive salaries (American Clean Power Association, 2021; Farrell 

& Lawhorn, 2022).  

Having an overview of the general formal educational requirements of RES workers helps to provide a 

rough estimate of the retraining time horizon. While training high-skilled workers with university 

degrees may take years, preparing low- and middle-skilled workers can typically be achieved in weeks 

or months. However, to assess skill gaps and identify potential bottlenecks, it is essential to go beyond 

just formal educational levels (vertical classification) and focus on the specific skills required to perform 

the various tasks within the RES sector (horizontal classification). One way to do this is by examining 

which skills and areas of knowledge are most in demand across all RES workers. Figure 3-5 presents 

the employment-weighted average relevance of specific skills and knowledges across C&I occupations 

(represented by green dots), alongside the percentage of workers in each occupation listing those skills 

and knowledges as relevant (represented by grey squares). Figure 3-6 provides the same data for 

workers in the O&M phase. Examining both metrics helps to differentiate between skills and 

knowledges that are broadly required but have limited relevance to job performance (e.g., the skill 

‘Positioning materials, tools, or equipment’ which is needed by 79.4% of workers in C&I but averages 

3.3% in relevance) and others that, while not common across all occupations, are highly relevant where 

they do appear (e.g., the knowledge ‘Electricity and energy’, which is required for about 37.5% of the 

workers in O&M and has a high relevance of 17.8% on average). Overall, it is important to remember 

that each occupation requires a diverse skill set, and with approximately 296 level-3 skills, the relatively 

low relevance of individual skill groups is unsurprising. In this context, our focus is on observing which 

skill groups appear in the top 10 rather than their precise level of relevance. 

Both in C&I and O&M, the renewable energy sector relies heavily on applied technical skills, 

predominantly found in low- and middle-skilled occupations, with workers focusing on hands-on tasks 

such as assembling, maintaining, and repairing equipment. Key practical skills in the C&I phase include 

‘Installing wooden and metal components’ (90.5% of workers), ‘Interpreting technical documentation 

and diagrams’ (87.2%), and ‘Operating earthmoving equipment’ (74.9%), all of which are essential for 

site preparation and equipment assembly. In terms of knowledges, ‘Building and civil engineering’ 

(85.8% of workers) and ‘Architecture and town planning’ (71.9%) are crucial for designing and 

constructing the infrastructure for renewable energy projects. Additionally, expertise in ‘Electricity and 

energy’ (24.9 %), together with ‘Mechanics and metal trades’ (24.8%), is vital for the installation and 
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maintenance of energy-related equipment, including wind turbine components, solar PV panels, and 

electrical systems. 

Figure 3-5: Skills and Knowledges Endowment among RES Workers - C&I 

(a) Skills 

 
(b) Knowledges 

 
Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. Only 
the top-10 skills and knowledges by the employment-weighted average relevance are shown.  

Source: DIW Econ. 

The skills and knowledges related to energy, electricity, and electronics are more evident in O&M 

(Figure 3-6), although construction-related expertise remains relevant due to the maintenance tasks. 

Key practical skills include ‘Maintaining electrical, electronic, and precision equipment’ (30.4% of 

workers), and ‘Installing and repairing electrical, electronic, and precision equipment’ (30.1%), both of 

which are essential for ensuring the ongoing performance and reliability of renewable energy systems. 

‘Installing wooden and metal components’ (89.3% of workers) and ‘Operating earthmoving 
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equipment’ (52.3%) also remain relevant for site upkeep and maintenance. In terms of knowledges, 

‘Electricity and energy’ (37.5% of workers and 17.8% of weighted average relevance) is critical, 

supporting the management and maintenance of energy systems, followed by ‘Electronics and 

automation’ (29.3%) and ‘Mechanics and metal trades’ (29.8%), which are crucial for maintaining and 

repairing the technical components of energy infrastructure. Construction-related knowledges, such 

as ‘Building and civil engineering’ (79.3%) and ‘Architecture and town planning’ (60.0%) remain 

important, particularly for overseeing the structural integrity and repairs of renewable energy facilities. 

Figure 3-6: Skills and Knowledges Endowment among RES Workers - O&M 

(a) Skills 

 
(b) Knowledges 

 
Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. Only 
the top-10 skills and knowledges by the employment-weighted average relevance are shown. 

Source: DIW Econ. 
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 Employment Pool 

Before the war, renewable energy in Ukraine was developing at an unprecedented rate and would 

have provided a good employment base for further expansion of renewable energy. However, these 

developments were severely disrupted by the war. Given the scale of RES additions required in a 

scenario where the lost thermal power plants are rapidly replaced by distributed renewable capacity, 

it will be necessary to tap additional pools of employment. These can be provided in particular by the 

workers of the destroyed coal-fired power plants and the coal mines that are expected to close in the 

coming years, either because of the coal phase-out plans or because they supplied the now destroyed 

coal-fired power plants, making their continued operation superfluous in a RES-led reconstruction. 

In 2021, total employment in coal mining was around 69,000 people, and total employment in coal-

fired thermal power stations added almost 18,000 people to the potential employment pool. Coal 

mining employment is concentrated in five coal mining regions: Dnipropetrovsk, Donetsk, Luhansk, 

Lviv, and Volyn (Figure 3-7). Employment in coal-fired power plants is more geographically dispersed, 

although some regions with lower coal capacity have switched completely to gas in recent years. 

Figure 3-7: Coal-related Employment by Region 

 
Source: DIW Econ. 

A significant proportion of employees work in administration and support services. In particular, state-

owned coal mines often have departments responsible for transport, sales, security or even health 

resorts, in addition to administration. On average, this non-mining employment accounted for over 

40% of total employment in state-owned coal mining companies in 2020. In addition, about 22% of the 

workforce in state-owned coal mines reached retirement age, although there are significant 

Employment in:

mining

power plants
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differences between regions.5 The proportion of older workers appears to be similar in private coal 

companies, with around 24% of employees in the DTEK group, the largest private energy company in 

Ukraine, being aged 50 or over (DTEK, 2021). 

When assessing re-employment potential and retraining needs, workers at or near retirement age are 

usually not included in the analysis as they are expected to leave the labour force soon. In addition, as 

explained in Section 2.3, the study focuses on workers with sector-specific skills, such as miners or 

electricians. Excluding workers of retirement age and non-mining workers (i.e., management, support, 

and administrative workers), the potential source employment pool is estimated to be around 51,600 

workers, comprising roughly 39,600 coal mining workers and 12,000 TPP workers. 

Figure 3-8 presents the top ten occupations by share of workers in the coal mining and TPP, 

respectively. In both sectors, employment is concentrated within a relatively small set of occupations. 

This is especially pronounced in coal mining, where 69.1% of workers are classified as ‘Miners and 

quarriers.’ Adding the next four occupations by employment share brings the total to more than 90% 

of the sector’s workforce. These occupations include ‘Mining supervisors’ (8.7%), ‘Electrical mechanics 

and fitters’ (6.1%), ‘Agricultural and industrial machinery mechanics and repairers’ (4.2%), and 

‘Mechanical engineering technicians’ (2.7%). In TPP, employment is less concentrated, with the top 

five occupations comprising approximately 65% of total employment. The largest group, ‘Power 

production plant operators’, accounts for 31.3%, followed by ‘Electrical mechanics and fitters’ (13.2%), 

‘Electrical line installers and repairers’ (12.3%), ‘Electrical engineers’ (7.5%), and ‘Agricultural and 

industrial machinery mechanics and repairers’ (5.3%). 

Figure 3-8: Top-ten Occupations by Share of Workers in Coal Mining and TPP 

(a) Coal mining 

 

(b) TPP 

 
Source: DIW Econ. 

 

5 The calculations are based on an internal JTU project overview of state-owned coal mining companies and their 

individual mines. 
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Figure 3-9 provides a comprehensive overview of the skills and knowledges profile of workers in coal 

mining and TPP. It shows both the employment-weighted average relevance of specific skills across 

the occupations (green dots) and the percentage of workers in each occupation listing those skills (grey 

squares). The skillset of core workers in coal mining and TPP is predominantly technical and 

mechanical, centred around machinery operation, component installation, and equipment 

maintenance. While some of these skills are highly sector-specific, for example, ‘Operating mining, 

drilling, and mineral processing machinery’, others, such as ‘Repairing and installing mechanical 

equipment’ and ‘Installing and repairing electrical, electronic, and precision equipment’, are well-

aligned with those needed in the renewable energy sector. This overlap can provide a strong 

foundation for transitioning workers and can significantly streamline the re-training process. 

Figure 3-10 reports the same metrics for the knowledges. The knowledge of ‘Electricity and Energy’ is 

highly relevant and in high demand among both coal miners (97.7% of workers) and TPP workers 

(96.0% of workers). This knowledge area is particularly relevant also in the RES. Understanding energy 

systems, electricity generation, and distribution is essential in renewable energy, whether in wind, 

solar, hydro, or other sources. However, transitioning workers may need additional knowledges 

specific to renewable technologies, such as grid integration for intermittent sources (e.g., solar and 

wind) and battery storage. Technical and safety knowledges such as ‘Mechanics and metal trades’ 

(90.9% of coal miners and 84.0% of TPP workers) and ‘Occupational health and safety’ (97.6% of coal 

miners) are also widely represented. Mechanical skills are valuable in RES for roles involving installation 

and maintenance of equipment like wind turbines, solar panels, and hydropower plants. Therefore, 

knowledge of mechanics could transfer well, although RES may also require familiarity with lighter, 

more modular, and high-tech materials. Similarly, while safety knowledge is critical across both sectors, 

RES may have specific safety protocols related to high-voltage systems, rooftop solar installations, or 

the handling of batteries and other energy storage systems.  
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Figure 3-9: Skills’ Endowment among Coal Mining and TPP Workers 

(a) Coal mining 

 

(b) Coal TPP 

 
 

Notes: Only the top-10 skills by the employment-weighted average relevance are shown. 
Source: DIW Econ. 
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Figure 3-10: Knowledges’ Endowment among Coal Mining and TPP Workers 

(a) Coal mining 

 

(b) Coal TPP 

 
Notes: Only top-10 knowledges by the employment-weighted average relevance are shown. 

Source: DIW Econ. 

 Similar Occupations 

Looking at the full set of the 4-digit ISCO-08 occupations, the distribution of the bilateral skill-distance 

measure across all pairs of occupations 4-digit ISCO-08 occupations is rather skewed to the right, 

meaning that most occupations are quite different from each other in terms of their skill content 

(Figure 3-11). This is, to some extent, a direct and ‘mechanical’ result of the classification's design, 

which is specifically intended to catalogue different occupations, grouping jobs with a consistent 

overlap in tasks, and therefore skills, under the same category.  
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Figure 3-11: Distribution of the Skill-distance Measure across all Pairs of 4-digit ISCO-08 Occupations 

 

Notes: Distance between each pair of 4-digit ISCO-08 occupation (426 occupations). Unweighted. The distance 
from occupation 𝑖 to occupation 𝑗 is the same as the distance from occupation 𝑗 to occupation 𝑖. 

Source: DIW Econ. 

It is important to consider this characteristic when interpreting the analysis results. For instance, two 

occupations with what might seem like a significant distance, such as 40 or 50, are actually quite 

similar. Table 3-1 illustrates this by listing the ten closest occupations to ‘Miners and Quarriers’. 

Despite an occupational distance of 44.2 and 51.7, which might initially appear large, the top two 

occupations, ‘Mining and quarrying labourers’ and ‘Well drillers and borers and related workers’, are 

actually very similar to ‘Miners and Quarriers’. 

Table 3-1: Ten Closest Occupations to ‘Miners and quarriers’ 

Occupation Distance 

Mining and quarrying labourers 47.2 

Well drillers and borers and related workers 54.3 

Shotfirers and blasters 62.5 

Petroleum and natural gas refining plant operators 65.1 

Mining and metallurgical technicians 65.2 

Plumbers and pipe fitters 66.2 

Earthmoving and related plant operators 66.5 

Cement, stone and other mineral products machine operators 66.7 

Mining engineers, metallurgists and related professionals 66.8 

Motor vehicle mechanics and repairers 68.7 

Source: DIW Econ. 

Despite these considerations, determining what a skill distance of 50 or 80 represents in terms of 

months (or cost) of retraining remains challenging. The adopted solution involves assigning an 

‘economic meaning’ to these distances by drawing on existing literature that estimates retraining 

durations across pairs of occupations. For instance, the RES-Skill project provides insights into the 

months required to transition workers from various mining occupations to RES-related roles (RES-
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SKILL, 2021). Table 3-2 was developed by relating the skill-distance values between occupational pairs 

analysed in the RES-Skill project with their retraining requirements of 1, 3, or 6 months. The findings 

indicate that occupational pairs with a skill distance of less than 55 are quite similar, requiring minimal 

retraining of approximately one month. As the skill distance increases, so does the retraining duration, 

rising to 1–3 months for distances between 55 and 65, and 3–6 months for those between 65 and 75. 

For skill distances in the range of 75–85, retraining becomes more demanding, requiring 6–12 months. 

Finally, skill distances exceeding 85 represent occupational pairs with a challenging transition path, 

necessitating more than 12 months of retraining. 

While this framework offers a practical way to estimate retraining times, these figures should be 

viewed as rather indicative. Real-world conditions, such as industry-specific requirements, specific 

occupational nuances, individual learning speeds, and technological advancements may lead to 

significant variations. In particular, the formal educational requirements of the target occupation can 

influence retraining duration. Arguably, transitions between occupational pairs where the target role 

has higher formal education requirements may take longer to complete than those with similar skill 

distances but lower educational demands. 

Table 3-2: Indicative Months of Retraining Corresponding to Each Distance Bracket 

Skill distance Estimated months to re-train 

< 55 ~ 1 month 

55-65 1-3 months 

65-75 3-6 months 

75-85 6-12 months 

> 85  > 12 months 

Source: DIW Econ. 

 The Skill Gap 

Figure 3-12 (left panel) shows the distribution of pairwise distances between the 110 target RES 

occupations and each occupation in coal mining and TPP, compared to distances between the RES and 

the whole workforce. To put this in perspective, the right panel of Figure 3-12 provides a similar 

comparison for declining occupations versus the whole workforce. Each distance is weighted by the 

employment size in the origin occupation, providing a clearer picture of the availability of RES-

compatible roles in coal mining and TPP versus the overall workforce and the declining occupations. 

The grey bars, representing the overall workforce, are concentrated at the higher end of the skill 

distance range (around 90–100), indicating that most occupations in the general workforce have a 
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substantial skill gap relative to the target occupations. Occupations in declining sectors show a similar 

distribution, with large skill distances from the target roles, aligning closely with the overall workforce. 

In contrast, the green bars representing coal mining and TPP occupations are more evenly spread 

across the lower to mid-range of the skill distance spectrum, with a significant portion of workers 

positioned at shorter distances (around 80). This indicates that, on average, workers in coal mining and 

TPP occupations have a smaller skill gap with the target occupations than those in the overall 

workforce. The average skill distance for this group is 80.7, compared to 89.7 for the overall workforce 

and 90.5 for other declining occupations. 

Figure 3-12: Pairwise Distances between RES Occupations and the Occupations of Origin Workers 

(a) Overall workforce vs Coal mining and TPP 

 

(b) Overall workforce vs declining Occupations 

 

Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. 
Weighted by origin employment. 

Source: DIW Econ. 

The distributions in the figure above do not take into account the employment quota for each of the 

target occupations, i.e. the number of workers needed in each of them. To have a clear picture of how 

hard it would be to fill all the target quotas with workers from coal mining and TPP as opposed to other 

groups, it is necessary to rely on the skill gap measure defined in Section 2.3 (Step 4). 

Table 3-3 shows the estimated skill gap, i.e. the weighted average skill distance obtained by filling all 

target employment quotas with the best matching-workers from a random sample of coal mining and 

TPP workers. Coal workers have a relatively low weighted average skill distance of 72.7, which, based 

on the retraining estimates in Section 3.3, translates into an average retraining period of 3–6 months. 

To aid interpretation, the skill gap measure is also derived for workers from declining occupations and 

for the overall workforce. Overall, coal workers exhibit a smaller weighted average skill distance 

compared to the other groups. Specifically, their skill distance is 10.8% smaller than that of the entire 

workforce (a difference of 8.8 points in absolute terms) and 14.3% smaller than that of workers in 

declining occupations (a 12.1-point absolute difference). This trend holds for both C&I and O&M roles, 
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with the advantage being more pronounced in the latter. In O&M roles, the skill distance for coal 

mining and TPP workers is 14.5% lower than for the entire workforce and 18.8% lower than for workers 

in declining occupations. In C&I roles, the differences are 8.1% and 11.0%, respectively.  

It shall be remarked that the choice of using random samples of workers follows the reasoning that it 

will most likely not be possible to fill each quota with the best-matching workers from each origin 

sample. In fact, workers are likely to have personal aspirations that might lead them to make other 

choices. Furthermore, while workers from coal mining and TPP will be displaced, and therefore in need 

of a new occupations, the best-matching workers from the other two groups are likely to be already 

employed and not willing to change their job. Therefore, it makes little economic sense to consider 

them as potential candidates to be employed in the RES.  

Table 3-3: Weighted Average Skill Distance – Overall and by C&I vs O&M 

Group 
Target 

number of 
workers 

Weighted 
average skill 

distance 

C&I O&M 
Target 

number of 
workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining and 
TPP 

39,901 

72.7 

23,209 

75.2 

16,692 

69.2 

Whole workforce 81.5 81.9 81.0 
Declining 
occupations 84.8 84.5 85.2 
Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. The 
skill-distance measure goes from 0 (no skill gap) to 100 (largest skill gap). For each of the three groups, the 
estimation is based on a random sample of workers. 

Source: DIW Econ. 

Appendix B presents the results for the other three scenarios. These results are qualitatively similar to 

those of Scenario C, with coal workers consistently outperforming other groups. The magnitude of this 

advantage is also comparable. If anything, coal workers perform slightly worse in C&I and slightly 

better in O&M under the two emergency scenarios compared to Scenarios C and D. This greater 

disparity between C&I and O&M may stem from the significantly higher workforce demand for C&I, 

which widens the skill gap as the pool of available workers shrinks. 

As discussed in Section 3.1, the majority of employment is concentrated in the C&I phase, which is 

largely dominated by low-skilled labour. Consequently, the overall weighted average skill distance 

shown in Table 3-3 is heavily influenced by the skill distance for this group. To have an idea of the 

difficulty of filling the target quotas in the different professional groups, Table 3-4 presents the 

weighted average skill distance based on the formal education level of the target occupation, 

categorised as ‘high-skilled’, ‘middle-skilled’, and ‘low-skilled’. For all three groups, occupations 

belonging to the low-skilled category have the highest skill gaps. Arguably, this is at least partly due to 
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the very high number of workers needed, roughly 23,400. As the number of target workers increases 

relative to the available pool of origin workers, the skill gap tends to widen. This is largely a 

‘mechanical’ consequence of having fewer origin workers to select from when filling each target 

employment quota. 

Workers from coal mining and TPP outperform the benchmark groups across all categories. Compared 

to the general workforce, they show a smaller skill gap for both middle-skilled (7.0%) and low-skilled 

quotas (12.6%), while maintaining an advantage also in high-skilled roles (5.0%). Their advantage is 

even greater compared to workers from declining occupations, with significantly lower gaps across all 

skill levels: 25.3% lower gap for high-skilled, 20.3% for middle-skilled, and 10.3% for low-skilled roles. 

Table 3-4: Weighted Average Skill Distance by Formal Educational Requirement of the Target Occupation 

Group 
High-skilled Middle-skilled Low-skilled 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining 

and TPP 

3,992 

53.8 

12,509 

57.5 

23,400 

84.1 

Whole 
workforce 56.7 61.8 96.2 

Declining 
occupations 72.1 72.1 93.8 

Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. 
High-skilled workers correspond to the 1-digit ISCO-08 group ‘2- Professionals’ (university degree); middle-skilled 
workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades workers’, and ‘8 - Plant 
and machine operators and assemblers’ (High-school and/or vocational training); low-skilled workers correspond 
to ‘9 - Elementary occupations’ (no specific educational requirement). 

Source: DIW Econ. 

Appendix B presents the results for the other three scenarios, which are qualitatively and 

quantitatively similar to those of Scenario C. In the emergency scenarios, coal workers fill high-skilled 

quotas at a slightly higher cost than the overall workforce, likely due to the greater demand for high-

skilled workers relative to their availability within the coal worker pool. However, this difference 

remains small, with gaps of 4.5% in Scenario A and 0.7% in Scenario B. 

The matching algorithm assigns workers to target quotas based on the smallest occupational skill 

distance, regardless of their educational level. For instance, a quota for solar energy engineers might 

be partially filled with solar energy technicians, and vice versa. However, a significant upgrade or 

downgrade in skills is likely to present challenges in real-world scenarios. Substantial upgrade would 

require longer retraining periods, while significant downgrade could face resistance from workers. 
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Therefore, it is essential to account for the proportion of upgrade and downgrade when evaluating the 

workers’ ease of transition.  

Table 3-5 presents the shares of upgrading and downgrading across different groups. The most 

concerning cases involve strong upgrading or strong downgrading. Strong upgrading occurs when a 

low-skilled worker is assigned to a high-skilled target occupation, while strong downgrading refers to 

the opposite scenario. Reassuringly, the algorithm produces virtually no instances of strong upgrading: 

the share of low-skilled workers assigned to high-skilled occupations is zero for both coal workers and 

the overall workforce, and only 0.2% for workers from declining occupations. Strong downgrading is 

equally problematic, yet neither coal workers nor workers from declining occupations experience it. In 

contrast, 12.3% of the overall workforce is strongly downgraded. 

Moderate upgrading occurs when a middle-skilled worker is placed in a high-skilled target occupation, 

while moderate downgrading refers to the reverse case. Although these transitions are less 

problematic than strong mismatches, they still warrant attention. All three groups exhibit some degree 

of moderate upgrading or downgrading, though the shares remain modest. The highest incidence is 

observed among coal workers, with 7.0% of middle-skilled coal workers being assigned to high-skilled 

occupations.  

Table 3-5. Share of Upgrading and Downgrading 

Group 

Strong Moderate Mild 

% low-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

low-sk. 

% middle-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

middle-sk. 

% low-sk. 

assigned to 

middle-sk. 

% middle-sk. 

assigned to 

low-sk. 

Coal mining 

and TPP 
0.0 0.0 7.0 0.9 1.3 58.0 

Overall 

workforce 
0.0 12.3 3.7 3.2 0.7 8.5 

Declining 

occupations 
0.2 0.0 1.9 0.0 6.9 3.9 

Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. 
High-skilled workers correspond to the 1-digit ISCO-08 group ‘2- Professionals’ (university degree); middle-skilled 
workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades workers’, and ‘8 - Plant 
and machine operators and assemblers’ (High-school and/or vocational training); low-skilled workers correspond 
to ‘9 - Elementary occupations’ (no specific educational requirement). 

Source: DIW Econ. 
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The least concerning cases are mild upgrading and mild downgrading, where low-skilled workers 

transition into middle-skilled occupations and vice versa. Coal workers experience the highest share of 

mild downgrading, with 58.0% of middle-skilled workers being assigned to low-skilled occupations. 

Two key factors help contextualise this outcome. First, this is, to some extent, a mechanical result, as 

a large share of target occupations are classified as low-skilled, while the great majority of coal workers 

fall in the middle-skilled group. Second, as discussed in Section 3.1, the designation of ‘low-skilled’ 

based on formal education does not necessarily imply poor job quality. Many middle- and low-skilled 

roles in the renewable energy sector are expected to be in high demand and offer competitive salaries 

(American Clean Power Association, 2021; Farrell & Lawhorn, 2022). Therefore, while the shift may 

appear as a downgrade on paper, it does not necessarily translate into worse employment outcomes 

for transitioning coal workers. Appendix B presents the results for the other three scenarios. These 

results are qualitatively and quantitatively similar to those of Scenario C. 

Figure 3-13 and Figure 3-14 offer a more detailed look at occupations that may be difficult to fill, 

highlighting potential bottlenecks among coal workers (Figure 3-13) and among the two benchmark 

groups (Figure 3-14). This information is essential for identifying skill shortages and guiding the 

retraining efforts. The figure categorises occupations into three groups: ‘Low-concern’ occupations, 

which either require fewer than 100 workers, reflecting limited workforce demand, or have a skill 

distance below 70, indicating relatively short retraining periods; ‘Watchlist’ occupations (labelled in 

black), which require at least 100 workers and have a skill distance between 70 and 80; and ‘Bottleneck’ 

occupations (labelled in red), which also require at least 100 workers but have a skill distance 

exceeding 80, indicating relatively long retraining periods of around a year or longer.  

Construction workers are identified as a bottleneck across all three groups. As previously discussed, 

this is partly due to the very large workforce required, about 23,400 workers, which almost 

automatically leads to a higher weighted average skill distance. The number of bottleneck occupations 

is notably lower for coal miners and TPP workers compared to the benchmark groups. Aside from 

construction workers, only two other occupations, ‘Health & safety inspectors’ and ‘Construction 

quality inspectors’, are classified as bottlenecks. All three watchlist occupations, namely ‘Nuclear 

Engineer’, ‘Electronics Engineer’, and ‘Surveying Technician’, are even harder to source from the two 

benchmark groups. The results for other scenarios are qualitatively similar and are reported in 

Appendix B. 
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Figure 3-13: Bottleneck Occupations – Coal workers 

 

Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. 
High-skilled workers correspond to the 1-digit ISCO-08 group ‘2- Professionals’ (university degree); middle-skilled 
workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades workers’, and ‘8 - Plant 
and machine operators and assemblers’ (High-school and/or vocational training); low-skilled workers correspond 
to ‘9 - Elementary occupations’ (no specific educational requirement). ‘Low-concern’ occupations, unlabelled, 
either require fewer than 100 workers or have a skill distance below 70. ‘Watchlist’ occupations, labelled in black, 
require at least 100 target workers and have a weighted average skill distance of 70-80, while ‘Bottleneck’ 
occupations, labelled in red, also require at least 100 workers but have a weighted average skill distance 
exceeding 80. 

Source: DIW Econ. 



 Renewable Energies in Ukraine 

Green Re-employment Pathways 

  

32 

Figure 3-14: Bottleneck Occupations – Benchmarks 

(a) Overall workforce 

 

(b) Declining occupations 

 

Notes: Based on Scenario C (TIMES-Ukraine). The results for the other scenarios are reported in Appendix B. 
High-skilled workers correspond to the 1-digit ISCO-08 group ‘2- Professionals’ (university degree); middle-skilled 
workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades workers’, and ‘8 - Plant 
and machine operators and assemblers’ (High-school and/or vocational training); low-skilled workers correspond 
to ‘9 - Elementary occupations’ (no specific educational requirement). ‘Low-concern’ occupations, unlabelled, 
either require fewer than 100 workers or have a skill distance below 70. ‘Watchlist’ occupations, labelled in black, 
require at least 100 target workers and have a weighted average skill distance of 70-80, while ‘Bottleneck’ 
occupations, labelled in red, also require at least 100 workers but have a weighted average skill distance 
exceeding 80. 

Source: DIW Econ. 
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 Limitations 

The approach has several limitations that must be considered. First, there is a lack of information on 

the age structure of displaced workers, which could significantly impact their ability to transition to 

new roles. Older workers may rather exit the labour force or face additional challenges, such as longer 

retraining periods or greater resistance to career shifts, while younger workers might have more 

flexibility to adapt to new skills and roles. This aspect could be investigated in a follow-up study with 

more time and resources dedicated to collect information on the age structure of displaced workers.  

Second, the approach provides limited insight into workers' personal aspirations and career goals. A 

significant share of workers might decide to re-train for non-RES positions, exit the labour force, or 

migrate out of the country. This issue could be addressed with dedicated policies. For instance, 

enhancing the visibility and appeal of RES job opportunities, providing targeted training programs, and 

offering transition support could help retain a larger portion of the workforce within the country’s 

labour market. 

Third, a potential geographic mismatch exists between the locations of displaced workers and the 

availability of RES jobs. Many RES opportunities may be concentrated in specific regions, whereas 

displaced workers, particularly in coal mining, may reside in areas with fewer renewable energy job 

openings. This geographic mismatch could pose a barrier to effective worker transitions and may 

require additional strategies to address relocation.  

Finally, while the approach identifies transferable skills, it does not account for the variability in the 

exact skill content of occupations, which can differ across specific applications within the RES sector. 

For example, tasks of an electrician in wind energy may require slightly different technical 

competencies than those of an electrician in solar energy. 

4. Conclusion 

This study evaluates the potential of coal mining and coal-fired thermal power plant workers in Ukraine 

to transition into jobs in the renewable energy sector. Using a skill-based approach, it measures skill 

gaps by leveraging a detailed dictionary of occupations and skills, ESCO, in combination with sectoral-

occupational employment data. Through a matching algorithm based on a matrix of bilateral skill 

distances, this methodology assesses the alignment between coal workers’ skills and those required in 

different energy transition scenarios based on RES. 
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This approach is new in policy consulting and offers several advantages. First, by identifying specific 

skill gaps, it allows for the design of tailored re-qualification programs that ensure displaced workers 

receive targeted training. Second, it facilitates a more efficient allocation of resources and funds, 

ensuring that investments in workforce transition strategies yield the greatest impact. Finally, the 

methodology is highly adaptable and can be applied to the analysis of workforce transitions in other 

countries, regions, and industries. 

The findings of this study lead to three main conclusions. First, the skill profiles of coal workers are 

more closely aligned with RES occupations than those of the average potentially available worker, 

making them strong candidates for transition programs. Second, the notion that green jobs are 

exclusively high-skilled or require advanced degrees is misleading. Most RES jobs fall into the middle- 

or low-skilled categories and do not necessitate high-level qualifications or the development of entirely 

new university curricula. Third, the re-skilling process for coal miners and TPP workers can be 

completed relatively quickly. Given their existing competencies, the necessary training is likely to take 

weeks or months rather than years. 

Overall, the findings suggest that the transition of coal miners and TPP workers into the renewable 

energy sector is not only feasible but also makes economic sense. By capitalising on existing skill sets 

and implementing well-designed re-training programs, the shift to RES can provide displaced workers 

with stable, well-paying jobs while supporting Ukraine’s broader energy transition goals. In this, the 

study also contributes to addressing common concerns surrounding the coal phase-out. A key worry is 

that the closure of coal mines will lead to high unemployment and regional economic decline. 

However, the findings indicate that this concern is largely unfounded in the Ukrainian case, as the 

transition to RES is expected to generate new employment opportunities, and coal miners already 

possess many of the skills required for these jobs. Another frequent concern is that RES jobs will offer 

lower wages and poorer working conditions than those in the coal industry. In reality, state-owned 

coal mines in western Ukraine provide wages that are, on average, below the national average (DIW 

Econ, 2024), whereas RES jobs will be in high demand and are likely to offer better wages and working 

conditions. 
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Appendix A. Four-step Approach to Assessing the Skill 
gap 

A1. Identifying the Workers Required in the New Energy Mix (Target)  

The first building block of the analysis revolves around defining the composition of the labour force 

needed with the new energy mix. This requires retrieving both the number of target workers per type 

of renewable energy source and their occupational profile. 

 The total number of target workers is a function of the desired installed capacity defined by the 

national energy model (TIMES-Ukraine). The model considers several energy sources: solar (utility 

scale and rooftop), wind (on shore and off shore), bio fuels (biomass and biogas), hydropower, 

geothermal, nuclear, gas, and coal. For each technology, the model yields the targeted installed 

capacity in megawatts (MW). The total number of workers required by targeted installed MW per 

technology is then computed using the employment factors for Eastern Europe from Rutovitz et 

al. (2015) and Ram et al. (2022).6 A distinction is made between the workers required for the 

‘Construction and Installation’ phase (C&I) and those needed for their subsequent ‘Operation and 

Maintenance’ (O&M). The distinction between C&I and O&M is important because they require 

different skills but also a different number of workers. For instance, the C&I tends to be 

substantially more labour intensive. Furthermore, C&I and O&M have a different time horizon. The 

C&I phase typically requires a larger workforce with labour highly concentrated during the 

construction months, whereas the O&M phase demands a more sustained, long-term workforce 

for ongoing operations and maintenance. 

 For each technology type, the workforce distribution by occupation is determined through 

extensive desk research, drawing on both academic and grey literature sources (e.g., Jennejohn, 

2010; IRENA, 2017a, 2017b, 2023). Each identified job title is then mapped to specific 4-digit or 5-

digit ESCO occupation codes. For example, the job title ‘PV system technician’ was mapped into 

the ESCO occupation ‘7411.1.4 - solar energy technician’. Since the analysis focuses on core 

workers with sector-specific skills, those with more transferable skills applicable across multiple 

sectors are excluded. Specifically, the analysis does not cover managers, support staff, or 

administrative workers, including legal, accounting, and transport personnel. 

 

6 The employment factors are expressed in job-years/MW for ‘Construction and Installation’ and in jobs/MW for 

‘Operations and Maintenance’. 
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A2. Determining the Occupational Profile of the Potentially Employable 

Workforce (Origin)  

The second step of the analysis focuses on determining the occupational profile of workers who could 

potentially be employed with the new energy mix. Since understanding the relative size of the skill gap 

is easier than grasping its absolute size, the analysis compares the skill gap for workers from coal mines 

and coal-fired TPP with two benchmarks: the overall workforce and workers in declining occupations. 

The latter group includes individuals currently employed in roles expected to experience reduced 

demand in the near future, such as those affected by the transition to green energy or the growing use 

of digital technologies and automation. These individuals may, therefore, be realistically seeking new 

employment, possibly within the energy sector. It is important to note that this group encompasses, 

but is not limited to, coal miners. 

To determine the skill sets possessed by workers from these three groups, it is first necessary to 

identify their specific occupations at the 4-digit level of ISCO-08.7 Due to data limitations, a different 

strategy has to be adopted for each group: 

 Coal miners and workers from coal-fired TPP. The total number of workers expected to be 

displaced by the coal phase-out, including those in coal mines and coal-fired TPP, is sourced from 

the IO modelling database. The distribution of these workers across 4-digit ISCO-08 occupations is 

then derived using two sources: 

◼ The occupational distribution among coal miners is derived from detailed German 

employment data from administrative records of the Federal Employment Agency 

(Bundesagentur für Arbeit, 2024). The choice to use German data is due to its high level of 

detail in sectoral and occupational disaggregation. Although comparable data is not available 

for Ukraine, data from the European Labour Force Survey (LFS) for a similar country, such as 

Poland, could be considered. However, German administrative data was preferred for two 

reasons.  

Firstly, as administrative data, it provides a larger sample than survey data, which is essential 

for accurately estimating occupational distribution in specific sector-occupation pairs. This is 

especially important for the mining sector, which typically has limited coverage in the LFS due 

 

7 The ISCO-08 classification, developed by the International Labour Organization, is structured across four levels: 

10 major occupational groups (1-digit), 43 sub-major groups (2-digit), 130 minor groups (3-digit), and 436 unit 
occupations (4-digit). 
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to its small share of total employment. To ensure a representative sample, German 

employment data from the early 2000s is used, a period when Germany had a relatively large 

number of workers in hard coal mining.  

Secondly, LFS data would, at best, allow observation of occupational distribution at the 1-digit 

NACE and 3-digit ISCO-08 levels. Our rationale is that the approximation of the occupational 

distribution of Ukrainian coal miners will be more accurate by focusing on the same specific 

sector in Germany rather than on a broader 1-digit sector in another, possibly more similar, 

country. Using German administrative data allows a targeted look at the 4-digit ISCO-08 

occupations within the 3-digit NACE sector '051 – Hard coal mining'. This approach is expected 

to better reflect the occupations of Ukrainian miners, who typically work in underground hard 

coal mines, as opposed to lignite mining, which would be included if looking at the broader 2-

digit '05 – Mining of coal and lignite' sector or, even less accurately, the 1-digit 'B - Mining and 

quarrying' sector, which includes diverse activities such as oil and natural gas extraction and 

iron ore mining.  

◼ The occupational distribution of workers employed at coal-fired TPPs is based on the Industry-

occupation matrix data provided by the U.S. Bureau of Labor Statistics for the detailed industry 

‘Fossil Fuel Electric Power Generation’ (U.S. Bureau of Labor Statistics, 2024). The decision to 

use U.S. data is justified by the unavailability of detailed German administrative data at this 

level of granularity, as the 4-digit NACE sector ‘3511 - Production of Electricity’ does not 

distinguish between different forms of energy production.  

The results of the disaggregation into 4-digit occupations were validated by comparing them with 

the grey literature  (e.g., Data USA, 2024; Louie & Pearce, 2016; RES-SKILL, 2021). Following the 

same principle adopted in Step 1, the focus has been placed on workers with sector-specific skills, 

such as those from miners or electricians. Therefore, managers, support staff, or administrative 

workers have been excluded.  

 Overall workforce. To the best of our knowledge, publicly available data on the distribution of 

Ukrainian workers at the 4-digit ISCO-08 level do not exist. Therefore, we rely on data from the 

2018 wave of the Ukrainian Labour Force Survey, which is available roughly at the 2-digit ISCO-08 

level (Ukrstat, 2021). We then employ detailed administrative data from Germany to break down 

each 2-digit occupation into the specific 4-digit occupations nested within them.  

While a more granular classification in the Ukrainian data would be ideal, the 2-digit level is 

sufficient to capture the major structural differences between Germany and Ukraine, as it reflects 

broad occupational patterns and sectoral compositions that shape workforce characteristics in 
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both countries. The further breakdown into 4-digit occupations allows for capturing nuances 

within these broader categories, providing a more precise understanding of skill distributions and 

occupational transitions. For example, within the 2-digit occupation ‘22 - Health professionals,’ it 

is reasonable to expect a higher proportion of ‘2211 - Generalist medical practitioners’ than ‘2222 

- Midwifery professionals’ in both countries, even if the exact shares differ.  

It shall be remarked that the occupational distribution we measure pertains to the pre-war period. 

Given the outflow of refugees, civilian casualties, and military losses, it is likely that the 

occupational distribution of the remaining workforce will be different by the war’s end.  

 Declining occupations. The identification of the declining occupations is based on the Cedefop Skill 

Forecast, which provides estimates of employment variation until 2035 by country and 2-digit 

ISCO-08 occupations. The forecasts are based on a series of macroeconomic assumptions 

concerning: (i) population projections; (ii) both short and long-term GDP projections; (iii) the EU 

Green Deal; (iv) automation and digitalisation trends (Cedefop, 2024).8  Cedefop’s employment 

projections are used to identify as ‘declining’ those occupations that are expected to lose more 

than 10,000 workers between 2019 and 2035 and that are projected to decline at a faster rate 

than the overall decline in the workforce. Since Ukraine is not included in Cedefop's forecasts, the 

selection of declining occupations is based on forecasts for Poland. The subset of workers 

employed in 4-digit ISCO-08 occupations within these declining 2-digit ISCO-08 categories is then 

extracted from the overall workforce distribution file described in the previous point. 

A3. Identifying Similar Occupations 

The third step focuses on determining a measure of skill distance between each pair of occupations. 

This is crucial because the final skill gap between the origin and the target workforce is then assessed 

by comparing the skill distance between each target job and the worker from the origin pool assigned 

to it. 

The analysis relies on the European dictionary of occupations and skills, ESCO (European Commission, 

2024), which offers several advantages. First, it is specifically designed for European labour markets. 

Second, it is frequently updated, with around ten revisions since its launch in July 2017. This study uses 

version 1.1.1, deployed in mid-2022. Third, its occupation classification is based on ISCO-08, making it 

 

8 For more details, see Cedefop’s technical and methodological reports (Cedefop, 2023a, 2023b). 
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easy to integrate with employment data from Eurostat, national statistical offices, and employment 

agencies. Finally, it is freely available for download in 28 languages, including Ukrainian.  

ESCO is built around two pillars: occupations and skills. The occupations pillar is based on ISCO-08.  At 

its most detailed level, the 4-digit level, the ISCO-08 classification encompasses 436 distinct 

occupations. ESCO adds an additional disaggregation with 3008 occupations. Of these, 1,760 are at the 

5-digit level. The others are nested detailed occupations, going up to the 8-digit level. It should be 

noted that not all 4-digit occupations have sublevels that are nested up to the 8-digit level. In fact, a 

considerable number of these do not extend beyond the 5-digit level. 

The skills pillar covers 13,890 concepts, structured in the following four sub-classifications: (i) ‘K - 

knowledge’; (ii) ‘L - language skills and knowledge’; (iii) ‘S - skills’; and (iv) ‘T - transversal skills’. As the 

goal of this study is to assess the skill gap for rather technical occupations, the focus is restricted to the 

concepts belonging to ‘S - skills’ and ‘K - knowledge’. These skill concepts are organised into two 

separate hierarchies. Roughly 10,000 level-4 skills are organised into 296 level-3 skills, 74 level-2 skills, 

and 8 level-1 skills. Similarly, approximately 3,000 level-4 knowledges are nested into 86 level-3 

knowledges, 29 level-2 knowledges, and 11 level-1 knowledges. 

Skill-Occupation and Knowledges-Occupation Matrices 

For each occupation, ESCO produces a series of skill-occupation and knowledge-occupation matrices. 

Each of these matrices reports which share of the level-4 concepts falls into each higher-level group. 

For example, Figure A-1 illustrates the content of the skill-occupation and the knowledge-occupation 

level-3 matrices for the occupation ‘8111 – Miners and quarriers’. The largest share of level-4 skills 

required in the occupation belong to the level-3 skill ‘Operating mining, drilling and mineral processing 

machinery’ (19.3%), while the largest share of level-4 knowledges needed belong to the level-3 

knowledge ‘Mining and extraction’ (25%). Some examples of the level-4 skills belonging to the level-3 

‘Operating mining, drilling and mineral processing machinery’ are: ‘Operate core drilling equipment’, 

‘Tend stone splitting machine’, and ‘Monitor tunnel boring machine supplies’. The exact approach 

taken by ESCO in building the matrices is described in detail in ESCO (2021). 

The analysis relies on two of these matrices: the matrix for 4-digit occupations and level-3 skills, and 

the matrix for 4-digit occupations and level-3 knowledges. A few adjustments are imposed to improve 

the quality of the final skill-distance measure: 

 The skill shares of occupations that can also be performed in academia (e.g. chemist) tend to be 

heavily skewed towards purely academic skills, such as ‘academic writing’ or ‘apply to research 

funding’. This leads to similar skills shares for occupations that are quite different outside 
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academia, such as ‘biochemist’ and ‘political scientist’. This issue is mitigated by removing all skill 

shares from ‘S2.1.1 conducting academic or market research’ and ‘S1.13.3 technical or academic 

writing’. For similar reasons, also a few rather generic skill groups are removed, namely ‘S1.2.1 

communicating with colleagues and clients’, ‘S1.2.3 developing professional relationships or 

networks’, ‘S1.4.1 - presenting general information’, ‘S1.2.5 - collaborating and liaising’, ‘S1.9.1 

developing solutions’, ‘S1.8.1 working in teams’, ‘S3.3.1 - complying with health and safety 

procedures’, and ‘S3.3.3 - complying with operational procedures’. The remaining skill groups are 

rescaled so that they again sum up to 100. 

Figure A-1: Example of Top Entries in ESCO Knowledges and Skills Matrices for a 4-digit Occupation  

 
Notes: the left side of the picture reports occupations at the 4-digit ESCO (ISCO-08) level. The occupation-skill 
(occupation-knowledge) matrices on the right show the share of level-4 skills (knowledges) nested within each 
level-3 skill (knowledge). 

Source: DIW Econ on ESCO data. 

 Following a similar logic, all level-3 knowledge areas nested within the level-1 category ‘00 - generic 

programmes and qualifications’ are removed from the knowledge-occupation matrix, as these 

represent broad, transversal knowledges typically acquired through primary and lower secondary 

education programs. The remaining skill groups are rescaled so that they again sum up to 100. 
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 Finally, the two matrices are appended, weighting skill shares by 0.6 and knowledge shares by 0.4, 

ensuring that the sum of skill and knowledge shares for each occupation equals 100 again.9  

For simplicity, the term ‘skill’ is used throughout the rest of the report to refer to the combined set of 

ESCO skills and knowledges. 

Skill Distance Measure 

The final skills-matrix is used to create a matrix of bilateral skill-distance measures across all pairs of 

occupations. Specifically, for each pair of occupations 𝑖 and 𝑗, each possessing a set of skills 𝐾, the 

bilateral skill distance is measured as: 

𝑆𝑘𝑖𝑙𝑙 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒𝑖,𝑗 = ∑|𝑠𝑖,𝑘 − 𝑠𝑗,𝑘|

𝐾

𝑘=1

 

where 𝑠𝑖,𝑘  and 𝑠𝑗,𝑘  are the skill-shares of level-3 skill 𝑘 for occupation 𝑖 and 𝑗 respectively. It shall be 

remarked that 𝑠𝑖,𝑘  is not properly a measure of each skill-group’s importance within an occupation as, 

unfortunately, ESCO does not contain this sort of information at the moment. Instead, 𝑠𝑖,𝑘  is the share 

of all level-4 skills nested within level-3 skill k. However, while not perfect, 𝑠𝑖,𝑘  is arguably a reasonably 

good approximation of the skill-group’s relevance within each occupation. 

The skill distance is then re-scaled to range from 0 (exact same set of skills) to 100 (completely different 

set of skills). Figure A-2 illustrates the concept behind the skill-distance measure.  

Figure A-2: Concept Behind the Skill-Distance Measure 

 
Source: DIW Econ. 

 

9 The final results are very similar when weighting both components by 0.5. Slightly more importance was given 

to the skills as they have more variation and are more likely to be shared between different occupations. 
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Computing skill-based distance measures for pairs of occupations is not a novel exercise, as similar 

methodologies have been employed in various academic studies (Bechichi et al., 2018; Bowen et al., 

2018; Consoli et al., 2016; Grundke et al., 2017; Neffke et al., 2024). The approach adopted in this 

report, however, offers distinct advantages: (i) the use of European data instead of the U.S.-based 

O*NET; (ii) the computation of measures based on a comprehensive set of roughly 300 skill groups, 

rather than the heavily aggregated skill measures, such as cognitive or numeracy skills from the PIAAC 

(Programme for the International Assessment of Adult Competencies); and (iii) the use of updated 

skills compared to commonly used sources, such as the BIBB (Bundesinstitut für Berufsbildung) survey.  

A4. Calculating the Skill Gap between Origin and Target Workforces 

The first step of the analysis defined a set of occupation quotas, i.e. a list of target occupations and the 

number of workers needed in each one of them (e.g. 31 ‘Civil Engineers’; 91 ‘Surveying technicians’; 

113 ‘Electricians’ and so on). The fourth step deals with filling each of these quotas with the closest 

available workers, selected from each of the three employment pools defined in the second step, 

namely coal miners and TPP workers, overall workforce, and workers from declining occupations. The 

proximity between the origin and the target workers was determined based on the distance measure 

defined in the third step. 

Table A-1 reports an example of the algorithm applied. The first three occupation quotas are filled 

without issues as the number of available workers in the region is larger than the quota. For the 

occupation ‘Mechanical machinery assemblers’ things are more complicated as 91 workers are needed 

while the region only has 48. The closest occupation with available workers is ‘Mechanical engineering 

technicians’, with a skill-distance of 38.6. However, while the region has 50 workers in this occupation, 

only 18 workers are still available, as 32 were already assigned to fill the quota for ‘Mechanical 

engineering technicians’. Hence, following the allocation of these remaining 18 workers, the final 25 

workers required are sourced from the category of ‘Structural-metal preparers and erectors’, with a 

distance of 42.5. The final weighted skill gap (WSG) index is computed by taking a weighted average of 

the distance between the assigned workers and the target ones, in which the weights are given by the 

number of workers in each group. For example, the WSG for Table A-1 would amount to:  

𝑊𝑆𝐺 𝐼𝑛𝑑𝑒𝑥 =
(91 ∙ 0) + 2 ∙ (32 ∙ 0) + (48 ∙ 0) + (18 ∙ 38.6) + (25 ∙ 42.5)

91 + 32 + 32 + 48 + 18 + 25
= 7.1 

The algorithm belongs to the family of greedy algorithms, which iteratively search for the best local 

optimum without considering the global solution. While there are algorithms that are best suited to 

find the global optimum, these are much more computationally demanding, especially in a setting with 
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a very large matrix of target and origin occupations. Moreover, the greedy algorithm has been found 

to perform reasonably well in simulations (Güneri et al., 2019).  

Personal aspirations play a significant role in employment decision-making. Therefore, it is likely that 

some workers with the necessary skills for the new energy mix may choose to pursue retraining for a 

different occupation, migrate, or remain in their current job if it remains a viable option. To account 

for this, each of the three employment pools is compared using the average across ten random 

samples, each containing the number of workers required for the new energy mix, as determined in 

Step 1. If full samples were used, the overall workforce would naturally outperform the other groups 

due to its larger size.10 However, the most skilled workers are likely already employed in stable, well-

paying jobs and may be less inclined to retrain for roles in the energy sector. Relying on random 

samples addresses this issue, ensuring that the comparison reflects the relative availability of the 

necessary skills rather than just workforce size. 

In some scenarios, the demand for target workers exceeds the number of available coal workers. For 

example, in the emergency Scenario A, about 61,800 workers are needed, while only 51,600 displaced 

coal miners and TPP workers are available. In such cases, the shortfall is filled by randomly selecting 

workers from declining occupations. However, this can introduce bias in skill-distance scores for coal 

workers, as these additional workers often have larger skill gaps. Therefore, to accurately assess the 

match between RES skills and those available among coal workers, it is preferable to focus on scenarios 

where the demand does not significantly exceed the available workforce. 

Table A-1: Example of a Greedy Matching Algorithm 

Target Occupation 
Target 

workers  
Available Occupation in 
the region 

Available 
workers 

Assigned 
workers 

Skill. 
Distance 

Building construction 
labourers 

91 
Building construction 
labourers 

196 91 0 

Electrical and electronic 
equipment assemblers 

32 
Electrical and electronic 
equipment assemblers 

36 32 0 

Mechanical engineering 
technicians 

32 
Mechanical engineering 
technicians 

50 32 0 

Mechanical machinery 
assemblers 
 

91 

Mechanical machinery 
assemblers 

48 48 0 

Mechanical engineering 
technicians 

18 18 38.6 

Structural-metal 
preparers and erectors 

136 25 42.5 

Source: DIW Econ.  

 

10 The full origin samples include approximately 16.4 million workers from the overall workforce, 5.1 million from 

declining occupations, and 51,600 coal miners and TPP workers. 
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Appendix B. Results for Scenario A and Scenario B 

B.1 Target Employment 

Figure B-1: Top-ten Occupations by Share of Workers in RES for C&I and O&M 

(a) Scenario A: C&I 

 

(b) Scenario A: O&M 

 
(c) Scenario B: C&I 

 

(d) Scenario B: O&M 

 
(e) Scenario D: C&I 

 

(f) Scenario D: O&M 

 
  

Notes: Scenarios from TIMES-Ukraine. 
Source: DIW Econ.  
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Figure B-2:  Typical Formal Educational Requirement for Workers in RES, by Operation Phase 

Scenario A 

 

Scenario B 

 
Scenario D 

 
Notes: Scenarios from TIMES-Ukraine. High-skilled workers correspond to ‘2- Professionals’ (university degree); 
middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades workers’, 
and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-skilled 
workers correspond to ‘9 - Elementary occupations’ (no educational requirement). 

Source: DIW Econ. 
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Figure B-3: Skills and Knowledges Endowment among RES Workers - Scenario A - C&I 

(a) Skills 

 
(b) Knowledges 

 
Note: Based on Scenario A (TIMES-Ukraine). Only top-10 skills and knowledges by the employment-weighted 
average relevance are shown. 

Source: DIW Econ. 
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Figure B-4: Skills and Knowledges Endowment among RES Workers - Scenario B - C&I 

(a) Skills 

 
(b) Knowledges 

 
Notes: Based on Scenario B (TIMES-Ukraine). Only the top-10 skills and knowledges by the employment-weighted 
average relevance are shown. 

Source: DIW Econ.  
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Figure B-5: Skills and Knowledges Endowment among RES Workers - Scenario D - C&I 

(a) Skills 

 
(b) Knowledges 

 
Notes: Based on Scenario D (TIMES-Ukraine). Only the top-10 skills and knowledges by the employment-
weighted average relevance are shown. 

Source: DIW Econ  
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Figure B-6: Skills and Knowledges Endowment among RES Workers - Scenario A - O&M 

(a) Skills 

 
(b) Knowledges 

 
Notes: Based on Scenario A (TIMES-Ukraine). Only the top-10 skills and knowledges by the employment-weighted 
average relevance are shown. 

Source: DIW Econ.  
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Figure B-7: Skills and Knowledges Endowment among RES Workers - Scenario B - O&M 

(a) Skills 

 
(b) Knowledges 

 
Notes: Based on Scenario B (TIMES-Ukraine). Only the top-10 skills and knowledges by the employment-weighted 
average relevance are shown. 

Source: DIW Econ. 
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Figure B-8: Skills and Knowledges Endowment among RES Workers - Scenario D - O&M 

(a) Skills 

 
(b) Knowledges 

 
Notes: Based on Scenario D (TIMES-Ukraine). Only the top-10 skills and knowledges by the employment-
weighted average relevance are shown. 

Source: DIW Econ.  
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B.2 Skill Gap 

Figure B-9: Pairwise Distances between RES Occupations and the Occupations of Origin Workers 

Scenario A: Overall workforce vs Coal mining and TPP 

 

Scenario A:  Overall workforce vs declining Occupations 

 

Scenario B: Overall workforce vs. Coal mining and TPP 

 

Scenario B: Overall workforce vs declining Occupations 

 

Scenario D: Overall workforce vs. Coal mining and TPP 

 

Scenario D: Overall workforce vs declining Occupations 

 

Notes: Based on Scenarios from TIMES-Ukraine. Weighted by origin employment. 
Source: DIW Econ.  
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Table B-1 shows the weighted average skill distance for TIMES’ Scenario A. Overall, workers from coal 

mining and TPP exhibit a smaller weighted average skill distance compared to the other groups. 

Specifically, their skill distance is 7.7% smaller than that of the entire workforce (a difference of 6.4 

points in absolute terms) and 10.8% smaller than that of workers in declining occupations (an absolute 

difference of 9.2 points). This trend holds for both C&I and O&M roles, with the advantage being more 

pronounced in the latter. In O&M roles, the skill distance for coal mining and TPP workers is 16.1% 

lower than for the entire workforce and 23.1% lower than for workers in declining occupations. In C&I 

roles, the differences are 6.7% and 9.2%, respectively. 

Table B-1: Weighted Average Skill Distance – Overall and by C&I vs O&M – Scenario A 

Group 
Target 

number of 
workers 

Weighted 
average skill 

distance 

C&I O&M 
Target 

number of 
workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining and 
TPP 

61,831 

76.0 

54,255 

77.7 

7,576 

64.1 

Whole workforce 82.4 83.2 76.3 

Declining 
occupations 85.3 85.5 83.3 

Notes: Based on Scenario A (TIMES-Ukraine). The skill-distance measure goes from 0 (no skill gap) to 100 (largest 
skill gap). For each of the three groups, the estimation is based on a random sample of workers. 

Source: DIW Econ. 
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Table B-2 shows the weighted average skill distance for TIMES’ Scenario B. Overall, workers from coal 

mining and TPP exhibit a smaller weighted average skill distance compared to the other groups. 

Specifically, their skill distance is 10.0% smaller than that of the entire workforce (a difference of 8.2 

points in absolute terms) and 13.5% smaller than that of workers in declining occupations (an absolute 

difference of 11.5 points). This trend holds for both C&I and O&M roles, with the advantage being 

more pronounced in the latter. In O&M roles, the skill distance for coal mining and TPP workers is 

16.7% lower than for the entire workforce and 22.7% lower than for workers in declining occupations. 

In C&I roles, the differences are 8.1% and 10.6%, respectively. 

Table B-2: Weighted Average Skill Distance – Overall and by C&I vs O&M – Scenario B 

Group 
Target 

number of 
workers 

Weighted 
average skill 

distance 

C&I O&M 
Target 

number of 
workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining and 
TPP 

24,683 

73.7 

18,736 

76.2 

5,947 

65.6 

Whole workforce 81.9 82.9 78.7 

Declining 
occupations 85.2 85.3 84.9 

Notes: Based on Scenario B (TIMES-Ukraine). The skill-distance measure goes from 0 (no skill gap) to 100 (largest 
skill gap). For each of the three groups, the estimation is based on a random sample of workers.  

Source: DIW Econ.  
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Table B-3 shows the weighted average skill distance for TIMES’ Scenario D. Overall, workers from coal 

mining and TPP exhibit a smaller weighted average skill distance compared to the other groups. 

Specifically, their skill distance is 10.4% smaller than that of the entire workforce (a difference of 8.4 

points in absolute terms) and 14.3% smaller than that of workers in declining occupations (an absolute 

difference of 11.8 points). This trend holds for both C&I and O&M roles, with the advantage being 

more pronounced in the latter. In O&M roles, the skill distance for coal mining and TPP workers is 

14.4% lower than for the entire workforce and 18.6% lower than for workers in declining occupations. 

In C&I roles, the differences are 7.6% and 10.9%, respectively. 

Table B-3: Weighted Average Skill Distance – Overall and by C&I vs O&M – Scenario D 

Group 
Target 

number of 
workers 

Weighted 
average skill 

distance 

C&I O&M 
Target 

number of 
workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining and 
TPP 

45,173 

72.4 

27,037 

74.4 

18,136 

69.5 

Whole workforce 80.8 80.5 81.2 

Declining 
occupations 84.3 83.5 85.3 

Notes: Based on Scenario D (TIMES-Ukraine). The skill-distance measure goes from 0 (no skill gap) to 100 (largest 
skill gap). For each of the three groups, the estimation is based on a random sample of workers. 

Source: DIW Econ.   
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Table B-4: Weighted Average Skill Distance by Formal Educational Requirement of the Target Occupation – 
Scenario A 

Group 
High-skilled Middle-skilled Low-skilled 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining 
and TPP 

5,513 

57.2 

16,694 

57.9 

39,624 

86.3 

Whole 
workforce 54.8 59.1 96.1 

Declining 
occupations 69.6 68.5 94.5 

Notes: Based on Scenario A (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). 

Source: DIW Econ. 

Table B-5: Weighted Average Skill Distance by Formal Educational Requirement of the Target Occupation – 
Scenario B 

Group 
High-skilled Middle-skilled Low-skilled 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining 
and TPP 

2,387 

55.1 

7,194 

57.5 

15,102 

84.3 

Whole 
workforce 54.8 60.9 96.2 

Declining 
occupations 71.7 70.4 94.4 

Notes: Based on Scenario B (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). 

Source: DIW Econ.   
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Table B-6: Weighted Average Skill Distance by Formal Educational Requirement of the Target Occupation – 
Scenario D 

Group 
High-skilled Middle-skilled Low-skilled 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 

Target 
number of 

workers 

Weighted 
average skill 

distance 
Coal mining 
and TPP 

4,818 

53.9 

15,114 

58.6 

25,241 

84.2 

Whole 
workforce 57.5 62.6 96.1 

Declining 
occupations 72.7 71.9 93.9 

Notes: Based on Scenario D (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). 

Source: DIW Econ.  
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Table B-7. Share of Upgrading and Downgrading – Scenario A 

Group 

Strong Moderate Mild 

% low-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

low-sk. 

% middle-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

middle-sk. 

% low-sk. 

assigned to 

middle-sk. 

% middle-sk. 

assigned to 

low-sk. 

Coal mining 

and TPP 
0.1 0.1 4.6 0.5 2.0 53.5 

Overall 

workforce 
0.0 13.0 2.1 2.0 0.6 11.7 

Declining 

occupations 
0.2 0.0 1.9 0.0 4.4 3.0 

Notes: Based on Scenario A (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). 

Source: DIW Econ. 

Table B-8. Share of Upgrading and Downgrading – Scenario B 

Group 

Strong Moderate Mild 

% low-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

low-sk. 

% middle-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

middle-sk. 

% low-sk. 

assigned to 

middle-sk. 

% middle-sk. 

assigned to 

low-sk. 

Coal mining 

and TPP 
0.0 0.0 6.4 0.6 0.9 60.2 

Overall 

workforce 
0.0 12.8 2.3 1.8 0.8 9.7 

Declining 

occupations 
0.1 0.0 1.7 0.0 5.1 2.5 

Notes: Based on Scenario B (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). 

Source: DIW Econ.  
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Table B-9. Share of Upgrading and Downgrading – Scenario D 

Group 

Strong Moderate Mild 

% low-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

low-sk. 

% middle-sk. 

assigned to 

high-sk. 

% high-sk. 

assigned to 

middle-sk. 

% low-sk. 

assigned to 

middle-sk. 

% middle-sk. 

assigned to 

low-sk. 

Coal mining 

and TPP 
0.0 0.0 7.6 0.9 1.6 55.6 

Overall 

workforce 
0.0 11.7 3.8 3.3 1.0 8.4 

Declining 

occupations 
0.2 0.0 1.8 0.0 9.0 3.4 

Notes: Based on Scenario D (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). 

Source: DIW Econ.   
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Table B-10: Bottleneck Occupations – Scenario A 

Occupation Formal education 
Weighted skill 

distance 
Target workers 

(Hundreds) 
Bottlenecks 

Coal mining and TPP     
Construction quality inspector Middle 86.9 10.6 Yes 
Construction worker Low 86.3 396.2 Yes 
Environmental technician High 80.2 3.7 Yes 
Health and safety inspector Middle 79.5 11.6  

Construction safety manager Middle 78.8 2.2  

Pipeline maintenance worker Middle 77.8 2.4  

Concrete finisher Middle 77.3 1.2  

Surveying technician Middle 76.2 4.5  

Fitter and turner Middle 71.7 2.4  

Geothermal engineer High 70.9 2.7  

Commissioning technician Middle 70.7 2.4  

Overall workforce     
Construction worker Low 96.1 396.2 Yes 
Geothermal power plant operator Middle 87.3 1.3 Yes 
Surveying technician Middle 83.2 4.5 Yes 
Geothermal engineer High 83.0 2.7 Yes 
Heating technician Middle 82.0 6.2 Yes 
Hydroelectric plant operator Middle 82.0 3.0 Yes 
Onshore wind farm technician Middle 79.0 13.9  

Commissioning technician Middle 76.0 2.4  

Construction quality inspector Middle 75.6 10.6  

Solar energy engineer High 74.9 3.6  

Construction safety manager Middle 73.8 2.2  

Pipeline maintenance worker Middle 71.9 2.4  

Environmental engineer High 70.8 3.8  

Gas processing plant supervisor Middle 70.3 2.4  

Declining occupations     
Construction worker Low 94.5 396.2 Yes 
Electrical mechanic Middle 94.4 3.2 Yes 
Geothermal engineer High 91.1 2.7 Yes 
Pneumatic engineering technician Middle 89.8 2.4 Yes 
Geothermal power plant operator Middle 88.8 1.3 Yes 
Heating technician Middle 87.3 6.2 Yes 
Onshore wind farm technician Middle 87.2 13.9 Yes 
Surveying technician Middle 85.5 4.5 Yes 
Hydroelectric plant operator Middle 83.7 3.0 Yes 
Solar energy engineer High 79.7 3.6  

Roofer Middle 79.4 6.2  

Concrete finisher Middle 78.6 1.2  

Onshore wind energy engineer High 77.9 4.6  

Pipeline maintenance worker Middle 77.7 2.4  

Construction safety manager Middle 77.6 2.2  

Drafter Middle 77.3 2.2  

Commissioning technician Middle 77.2 2.4  

Tower crane operator Middle 74.8 8.2  

Construction quality inspector Middle 74.3 10.6  

Environmental engineer High 73.6 3.8  

Environmental technician High 70.9 3.7  

Notes: Based on Scenario A (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). ‘Low-concern’ 
occupations, unlabelled, either require fewer than 100 workers or have a skill distance below 70. ‘Watchlist’ 
occupations, labelled in black, require at least 100 target workers and have a weighted average skill distance of 
70-80, while ‘Bottleneck’ occupations, labelled in red, also require at least 100 workers but have a weighted 
average skill distance exceeding 80. 

Source: DIW Econ.   
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Table B-11: Bottleneck Occupations – Scenario B 

Occupation 
Formal 

education 

Weighted 
skill 

distance 

Target 
workers 

(Hundreds) 
Bottlenecks 

Coal mining and TPP     
Construction engineer High 96.6 1.5 Yes 
Construction quality inspector Middle 87.0 4.8 Yes 
Concrete finisher Middle 85.1 2.7 Yes 
Construction worker Low 84.3 151.0 Yes 
Health and safety inspector Middle 81.3 4.9 Yes 
Surveying technician Middle 73.8 2.2  

Overall workforce     
Construction worker Low 96.2 151.0 Yes 
Fossil-fuel power plant operator Middle 88.9 1.5 Yes 
Heating technician Middle 82.5 4.0 Yes 
Surveying technician Middle 82.2 2.2 Yes 
Construction quality inspector Middle 76.0 4.8  
Solar energy engineer High 75.0 3.1  
Onshore wind farm technician Middle 73.5 4.9  
Concrete finisher Middle 72.8 2.7  

Declining Occupations     
Electrical mechanic Middle 94.5 2.0 Yes 
Construction worker Low 94.4 151.0 Yes 
Bulldozer operator Middle 90.1 1.8 Yes 
Construction engineer High 90.1 1.5 Yes 
Heating technician Middle 88.9 4.0 Yes 
Fossil-fuel power plant operator Middle 88.6 1.5 Yes 
Onshore wind farm technician Middle 87.5 4.9 Yes 
Surveying technician Middle 84.5 2.2 Yes 
Solar energy engineer High 81.2 3.1 Yes 
Roofer Middle 80.1 3.7 Yes 
Concrete finisher Middle 79.0 2.7  
Energy engineer High 74.7 4.0  
Construction quality inspector Middle 74.4 4.8  
Electrical engineer High 70.3 2.0  

Notes: Based on Scenario B (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). ‘Low-concern’ 
occupations, unlabelled, either require fewer than 100 workers or have a skill distance below 70. ‘Watchlist’ 
occupations, labelled in black, require at least 100 target workers and have a weighted average skill distance of 
70-80, while ‘Bottleneck’ occupations, labelled in red, also require at least 100 workers but have a weighted 
average skill distance exceeding 80. 

Source: DIW Econ.   
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Table B-12: Bottleneck Occupations – Scenario D 

Occupation 
Formal 

education 

Weighted 
skill 

distance 

Target 
workers 

(Hundreds) 
Bottlenecks 

Coal mining and TPP     

Construction quality inspector Middle 86.7 7.1 Yes 
Construction worker Low 84.2 252.4 Yes 
Health and safety inspector Middle 81.2 15.5 Yes 
Nuclear engineer High 74.1 1.5  
Electronics engineer High 74.0 2.8  
Surveying technician Middle 73.7 4.4  

Overall workforce     
Construction worker Low 96.1 252.4 Yes 
Heating technician Middle 88.7 8.8 Yes 
Onshore wind farm technician Middle 85.2 16.1 Yes 
Solar power plant operator Middle 84.6 3.2 Yes 
Surveying technician Middle 83.5 4.4 Yes 
Dredge operator Middle 81.0 3.9 Yes 
Nuclear engineer High 80.7 1.5 Yes 
Onshore wind energy engineer High 77.5 2.8  
Solar energy engineer High 77.2 8.5  
Construction quality inspector Middle 75.3 7.1  
Offshore wind engineer High 74.9 3.1  
Electronics engineer High 73.1 2.8  
Tower crane operator Middle 70.6 17.3  

Declining Occupations     
Electrical mechanic Middle 94.3 1.2 Yes 
Construction worker Low 93.9 252.4 Yes 
Onshore wind farm technician Middle 90.1 16.1 Yes 
Heating technician Middle 89.4 8.8 Yes 
Solar power plant operator Middle 86.2 3.2 Yes 
Electronics engineer High 84.9 2.8 Yes 
Surveying technician Middle 84.4 4.4 Yes 
Offshore wind engineer High 84.1 3.1 Yes 
Nuclear engineer High 83.8 1.5 Yes 
Solar energy engineer High 82.7 8.5 Yes 
Excavator operator Middle 80.1 2.0 Yes 
Roofer Middle 79.7 7.7  
Electrical engineer High 78.8 5.5  
Dredge operator Middle 78.3 3.9  
Construction quality inspector Middle 77.4 7.1  
Tower crane operator Middle 74.9 17.3  
Environmental engineer High 74.9 1.2  

Notes: Based on Scenario D (TIMES-Ukraine). High-skilled workers correspond to ‘2- Professionals’ (university 
degree); middle-skilled workers include ‘3 - Technicians and associate professionals’, ‘7 - Craft and related trades 
workers’, and ‘8 - Plant and machine operators and assemblers’ (High-school and/or vocational training); low-
skilled workers correspond to ‘9 - Elementary occupations’ (no educational requirement). ‘Low-concern’ 
occupations, unlabelled, either require fewer than 100 workers or have a skill distance below 70. ‘Watchlist’ 
occupations, labelled in black, require at least 100 target workers and have a weighted average skill distance of 
70-80, while ‘Bottleneck’ occupations, labelled in red, also require at least 100 workers but have a weighted 
average skill distance exceeding 80. 

Source: DIW Econ. 


