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Abstract
This study presents high-resolution (0.005) gridded labor market data, generated by downscaling district-level census data for Ghana using random forest algorithms and remote sensing. It addresses the lack of spatially disaggregated labor market data by mapping 17 employment categories – including age, gender, skills, status, sectors, unemployment, and NEET. Auxiliary data (64 variables) such as land cover, nighttime lights, infrastructure, and points of interest are integrated to capture demographic, economic, and participation factors. The model achieves high accuracy (R2 > 90% for most categories) and reveals significant spatial heterogeneity, with employment rates ranging from 10% to 98% across pixels. Results highlight urban-rural and North-South divides, as well as sectoral concentrations. Variable importance analysis underscores the role of built-up areas, nighttime light, road density, and vegetation health in predicting employment patterns, with specificity across different employment categories. The methodology advances beyond traditional GDP or population gridding by incorporating labor market complexity. Findings demonstrate the potential of machine learning and geospatial data to enhance socio-economic mapping in data-scarce contexts.
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Introduction
Gridded population and GDP data are essential tools for effective government policy planning and international aid allocation. Gridded population data are crucial for health monitoring and urban development, enabling precise and targeted interventions (Stevens et al., 2015; Tatem, 2017; Leyk et al., 2019; Chen et al., 2019; Lebakula et al., 2025). Meanwhile, gridded GDP data allow policymakers to monitor economic development at sub-national levels, facilitating more informed and localized decision-making (Kummu et al., 2018; Chen et al., 2022; Jin et al., 2023; Wu et al., 2024).
Downscaling population statistics or socio-economic attributes differ significantly. Socio-economic attributes require associating a measure of economic activity with a population, reflecting the accumulation of physical and human capital, agglomeration effects, and the development and quality of political and economic institutions.
Gridded-socio-economic data requires to go beyond GDP, given its well-known limitations and the necessity to measure individual well-being through labour market indicators, human development indices, or poverty measures. However, there are few attempts to produce high-resolution poverty measures (Jean et al., 2016; Huber and Mayoral, 2024) or gender development indicators (Bosco et al., 2017) and there are no existing gridded data of the labour market.
In this paper, we propose the first set of high-resolution maps of labor market data, based on disaggregating district-level statistics from the 2021 housing and population census of Ghana at a 0.005-degree resolution. The rationale behind downscaling labour market statistics is the large heterogeneity at lower administrative levels. While the employment rate is 48% at the country level, the standard deviation is 11.2 percentage points at the district level, with a minimum of 16.5% in the district of Nabdam in the Upper East region and a maximum of 64.7% in the district of Ashaiman in the Greater Accra region (see section 2.1 and Figure 1).
One difficulty with high-resolution maps of the labor market is that no single indicator best describes it. While employment quantity, i.e., total employment, is the most discussed variable, labor market challenges are often related to specific subgroups (youth, older workers, females), underemployment (unemployment, NEET1), employment quality (skills, employment status), or sectors (agriculture, manufacturing, services). Employment is also often represented in rates necessitating estimates of working age population.2
The second difficulty is that the employment relationship depends on multiple factors that are challenging to capture via GIS and remote sensing data. Labor supply, i.e., the quantity of persons working or available to work, is directly related to population growth. However, additional factors must be considered. The level of economic activity is an important determinant of the labor market as it sets the level of labor demand. In particular, the challenge with high-resolution maps of GDP is producing a sectoral decomposition of GDP (Jin et al., 2023; Wu et al., 2024). Thus, downscaling labor market data requires combining approaches associated with population and GDP disaggregation.
A third element central to the labor market is the decision to participate based on individual decisions. Individual decisions to participate in the labor market are driven by various characteristics such as education level, gender, family structure, years of experience, poverty, or sector of activity (see Aaronson et al. (2020); Klasen et al. (2021) on female labour market participation and Baah-Boateng (2013); Amankwah et al. (2022) on specific factors influencing labour market participation in Ghana).
The set of gridded-employment data is made of 17 employment related categories: total employment and its decomposition by age (youth, prime age, old), by gender (male, female), by skills (high skills, low skills), by status (self-employed, salaried), by sectors (agriculture, mining, manufacturing, industries and services), unemployment and NEET. The auxiliary data collected comprises 64 categories aimed at capturing demographic factors, the level of economic activity, and the decision to participate in the labor market. These data include GIS data, remote sensing data, and points of interest. The labor market statistics come from the employment module of the Ghana 2021 Housing and Population Census and follow the 2019 International Conference of Labour Statisticians' definitions. The model is trained using a random forest algorithm based on district-level labor statistics and auxiliary data. Pixel disaggregation is performed at a resolution of 0.005 degrees.
Methods for producing gridded population data have evolved rapidly, moving from simple areal weighting methods – which assume a uniform distribution within the target zone – to dasymetric approaches that leverage a wealth of GIS and remote sensing techniques to estimate population at the grid level (Dobson et al., 2000; Bhaduri et al., 2007). Dasymetric methods, in turn, employ a wide range of techniques, from statistical models (Briggs et al., 2007; Chen et al., 2019) to machine learning (Azar et al., 2010; Stevens et al., 2015; Wang et al., 2020). Global datasets, such as LandScan (Lebakula et al., 2025) and WorldPop (Tatem, 2017),3 illustrate these advances. Beyond downscaling methodologies, bottom-up approaches based on micro-censuses can also contribute to the production of country-wide gridded population data (Wardrop et al., 2018; Leyk et al., 2019).
Attempts to go beyond demographics to include socioeconomic indicators often focus on GDP and poverty. Global gridded GDP data for multiple years rely on statistical techniques and auxiliary data that measure population and urbanization. Murakami et al. (2021); Murakami and Yamagata (2019) propose a global downscaling of GDP at a 10-year frequency, covering the period 1850{2100 (at 0.5° and 1/12° resolutions), using weights estimated with gradient boosting techniques. Wang and Sun (2022) project national and regional GDP data to the pixel level using a combination of nighttime light and population per pixel for 185 countries, also at a 10-year frequency starting in 2005.
GDP data for a single country or year often include a large set of auxiliary data and rely on machine learning. In a production function approach, GDP depends on demographics as well as the stock of capital and technological progress. This requires auxiliary data that measure economic activity, such as nighttime light and auxiliary data that measure economies of scale/agglomeration effects-captured through distance to infrastructure/ institutions. Chen et al. (2022) develop a deep learning framework to map China's GDP at high spatial resolution by integrating multiple geospatial big datasets, including nighttime lights, land use, road networks, and points of interest. A primary objective is to model sectoral GDP (agriculture, manufacturing, and services) to reflect the different sets of auxiliary data driving sectoral economic activities. The sectoral approach is motivated by the limitation of nighttime light to adequately capture agricultural GDP, as increases in agricultural production is mainly indirectly reflected in higher light intensity. Wu et al. (2024) propose a multiscale fusion residual network model that combines a wide range of remote sensing and point-of-interest (POI) data for the UMARYR region of China. Similarly, Jin et al. (2023) propose high-resolution maps of sectoral GDP in Thailand based on remote sensing and POIs, which measure natural characteristics, demographics, economic activity, and sectoral dimensions. The model is estimated using random forest area-to-area regression kriging.
Alongside GDP, modelling socio-economic attributes includes gridded poverty data. Jean et al. (2016) train a convolutional neural network model to estimate expenditure data by combining night-light data with daytime satellite images that can proxy poverty indicators, such as roofing material.
Similarly, Huber and Mayoral (2024) estimate a random forest model between the DHS asset index4 and auxiliary data for 11 African countries. They then project consumption per capita at the grid level for 42 African countries. Bosco et al. (2017) produce gender-disaggregated development indicators such as female literacy, child stunting, and contraceptive use. They rely on georeferenced DHS surveys and model the relationship between these development indicators and auxiliary data using Bayesian geostatistical and machine learning models for Nigeria, Kenya, Tanzania, and Bangladesh.
Section 2 presents the materials and methods. Section 3 presents the model results, model evaluation, high-resolution maps and importance analysis. Section 4 presents an application of the gridded labour market data, looking at employment rates and urban employment. Section 5 discusses the data, methods and results. Section 6 concludes.

1 
         NEET stands for not in employment, education, or training.
2 
         Employment rate is defined as total employment over working age population (15+). This work also includes the disaggregation of population categories at the pixel level (see section 4.1).
3 
         https://landscan.ornl.gov/; https://www.worldpop.org/
4 
         Demographic and Health Surveys.


Materials and Methods
1.1 Study area and main labour market statistics
The study area is Ghana, which is composed of 16 regions and 261 districts. In 2021, the population of Ghana is 30.8 million and the working-age population (15+) is 19.9 million. Using the definition of employment set out in the 2019 International Conference of Labour Statisticians, total employment is 9.6 million, implying an employment rate of 48% (employment to working-age population). Employment differs greatly across age groups and gender. The employment rate of young persons (15-24) is 22.9% compared to 64.8% of prime-age workers (25-54) and 39.6% of older workers (>55). The employment gap between men and women is 8 percentage points. The unemployment rate is low due to the absence of unemployment insurance (3.6%). The share of workers with a low education level (basic and less than basic education) is widespread at 63.4%. This is reflected in the share of self-employed workers that account for the bulk of total employment (63.9%). Ghana's sectoral composition is characterized by a transition from agricultural employment (26.5%) to services (57%).
Mining is small in terms of employment (1.1%) but gold mining, in particular, is important to the economy of Ghana. Manufacturing and industries account for nearly 15% of total employment, a relatively high share compared to other sub-Saharan countries. In order to avoid a border effect when performing the downscaling, the auxiliary data described below are gathered for Ghana as well as for the neighboring countries districts.
Figure 1: Selected Labour Market Indicators
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1.2 Data description and processing
The methodology follows in this paper, data collection, data preparation, model estimation and the generation of gridded-labour market data is illustrated in the Figure 2. This study utilizes two types of datasets. The first type consists of census based population and labour market data at the districtlevel, sourced from the Ghana Statistical Services. These data are treated as the dependent variable.
The second type comprises gridded auxiliary data at a resolution of 0.005 degrees, which are considered independent variables. Ghana Statistical Services provides a 10% representative sample of the Housing and Population census for the year 2021, together with the corresponding GIS-delineated administrative boundaries, national, regional and district levels. We compute 17 employment categories at district level using the 2019 International Conference of Labour Statisticians' definitions of employment categories and applying the population weight provided with the census data. These employment categories are total employment and its decomposition by age (youth, prime age, old), by gender (male, female), by skills (high skills, low skills), by status (self-employed, salaried), by sectors (agriculture, mining, manufacturing, industries and services), unemployment and NEET (Not in Education, Employment or Training). The age categories are as follows: total 15 and above, youth 15-24, prime age 24-54, older 55 and above. High skilled is defined as intermediate or advanced educational attainment, and low skilled is defined as less than basic and basic educational attainment.
Self-employment aggregates own-account workers, members of producers' cooperatives, contributing family workers, and the self-employed. Agriculture includes forestry and fishing; industry aggregates electricity, gas, water supply, and construction. Services include public and private services. NEET refers to youth not in employment, education, or training. While downscaling is performed on the employment categories in levels, the labour market situation of a country is best characterized in rates. We therefore compute 7 demographic categories in order to be able to produce high resolution maps of employment rates and related categories5.
The auxiliary data are grouped into 5 categories. The first category primarily measures natural characteristics, closely following methods in the literature for downscaling demographic data, aiming to identify populated areas versus natural areas. ESA-WorldCover provides 9 categories of land cover classification at a 10m resolution, including tree cover, shrubland, grassland, cropland, built-up areas, sparse vegetation, permanent water bodies, herbaceous wetlands, and mangroves6. We generate a gridded set of auxiliary variables by calculating the percentage of different land cover types at a resolution of 0.005 degrees. Digital elevation model measures the slope and ruggedness the terrain. Copernicus digital elevation model has a resolution of 30m, based on which 4 measures are extracted: DEM, slope, ruggedness and proportion of slope ≤ 5 degrees. These data are resampled to a 0.005-degree grid. Vegetation is measured through the median of three index: the Enhanced Vegetation Index (EVI), the Normalized Difference Vegetation Index (NDVI) and the Near-Infrared Reflectance of Vegetation (NIRv). These indexes are made available from MODIS MOD13A1.061 product on a 16 days frequency and at a resolution of 500m. Median Land surface temperature are provided by MODIS MYD11A1.061 product. The frequency is daily and the resolution is 1km by 1km. Another measure of vegetation health and productivity is the Net Primary Production that measures the amount of carbon fixed by photosynthesis. It is one of the MODIS product (MOD17A3HGF.061) available at an annual frequency and at a 0.05 degree resolution. Annual Net Primary Production (NPP) is calculated by summing all the 8-day Net Photosynthesis (PSN) values from the MOD17A2H product for a given year. The PSN value represents the difference between Gross Primary Productivity (GPP) and Maintenance Respiration (MR). Rain fall estimates come from the CHIRPS global data. The resolution is 0.05 degree. The daily observation are summarized annually via minimum, maximum, mean and total precipitations. The Normalized Difference Water Index (NDWI) assesses water content in vegetation and soil. The corresponding MODIS product is MODIS/006/MOD09GA. The daily data are summarized annually with minimum, maximum and median. The resolution is 0.005 degree. Rivers and lakes are identified by the database HydroRIVERS and HydroLakes. The gridded data for the distance to the Longest Upstream Path and Downstream Path were used, based on the HydroRIVERS. Additionally, the river network density was calculated using the river network provided by the database. The nearest distance from the raster center points to the merged lake data was calculated using the lake polygon data. In addition, using OpenStreeMap, a measure of the distance from the pixel center to the nearest water categories (lake, canal, drain, river, stream) complements the HydroSheds data.
Figure 2: Methodology for gridded-labour market estimation

The second category gathers auxiliary data identifying population location. The Open Buildings 2.5D Temporal Dataset identify building presence, building height and building proportion at a resolution of 0.5m. The GRID3 Settlement data provides yearly polygon at a resolution of 0.005 degree. The settlement polygons are matched to the area raster and the proportion of settlement is measured for each cell.
Large shocks that are likely to impact the local economy are identified via conflict data and natural disaster data. The Uppsala conflict data program identifies individual incident of lethal violence and provides an estimate of the number of casualties as well as the nature of the conflict. Given the small spatial resolution, the unit is the number of casualties within a 10km radius as well as the distance to the nearest conflict for the corresponding year. Natural disasters are measured via droughts, floods, earthquakes, and landslides. The Geocoded Disasters Dataset (GDIS) provides polygons and point estimates for various natural disasters. Droughts are measured over the period 1999-2018. Past floods are identified by superimposing both the Global Flood Database and Geocoded Disasters (GDIS) Dataset over the period (2009-2018). Based on the Global Flood Database, a second measure of floods is constructed by identifying the pixels following into flooded area for the latest year available. The earthquake data is provided by the USGS Global Earthquake Dataset.7 The landslide data is provided by the Global Landslide Catalog – NASA Goddard (1970-2019), and we extracted landslide records from 2000 to 2019.8 For the above four types of natural disaster data, the distance from the center of each grid cell to the nearest disaster category is constructed on a 0.005-degree grid.
Local economic activity is estimated using annual nighttime light satellite imagery with a spatial resolution of 15-arc seconds. We utilize VIIRS data sourced from Black Marble, specifically focusing on snow-free radiance from all angles. This annual data is adjusted to account for sunlight, glare, moonlight, cloud cover, and aurora-related lighting effects. The data is measured in radiance units, and pixels with a value of 65535, as well as those flagged for low quality, are excluded from the analysis.
Beyond economic activity and employment level, income distribution and employment quality are determinants of some of the employment categories projected in this work. As it is rather complex to measure income distribution through geospatial data, a valid candidate is slums. There are no global slums data. However, Li et al. (2023) estimate slums in four sub-Saharan countries using urban morphology assuming that areas with tightly packed, small buildings often suggest a high occurrence of slums.
The final category includes auxiliary data that help identify sectoral dimensions as well as the density of infrastructures (such as roads and schools), which may capture certain factors driving labor market participation. The data on mines are derived from three sources: i) the Global Mining Footprint (Tang and Werner, 2023), ii) the USGS Mineral Industries and Related Infrastructure of Africa (Padilla et al., 2021), and iii) the Africa Major Mineral Deposits Dataset from the Regional Centre for Mapping of Resources for Development. The first database consists of polygons, while the other two are point data. For each pixel, a measure of the distance to the nearest polygon or the nearest point data is calculated. Transport infrastructure data are extracted from OpenStreetMap for the corresponding year. The roads data are divided into six categories: highway, major, minor, unsuitable for cars, very small, and unknown. For each category, density at the pixel level is constructed. For highways and major roads, a distance to the nearest road segment is produced. A similar measure is calculated for railways. Points of interests (POIs) are extracted from OpenStreetMap. These POIs are classified into 15 main types, including public, education, health, leisure, sports, catering, indoor accommodation, outdoor accommodation, shopping, money, tourism, fuel parking, transport, workplaces, and others. The density of these 15 categories is an important factor in downscaling labour market statistics, as their concentration can reflect both the sectoral composition of employment and capture the significance of specific factors, such as health, education, and religion, which may influence labour market participation decisions. The density is measured via a kernel density estimation with a bandwidth equal to 3000.
Table 1: Data source
	Type
	Dataset
	Description
	Source
	Resolution

	Natural
characteristics
	LULC
DEM

Vegetation LST
NPP
Precipitation Water indices River/Lake River/Lake
	9 classes
elevation/ruggedness slope / slope ≤ 5 degrees
EVI,NDVI, NIRv (median) in Kelvin (median) gC/m²/year
in mm (min, max, mean, total) NDWI (median)
distance to LDU/LUP /density
distance to 5 water categories
	ESA WorldCover
Copernicus

MODIS MOD13A1.061 MODIS MYD11A1.061 MODIS MOD17A3HGF.061 CHIRPS
MODIS MODIS/006/MOD09GA
HydroSHEDS (HydroRIVERS/HydroLAKES) OSM
	10m
30m

0.05 degree
0.01 degree
0.005 degree
0.05 degree
0.005 degree
0.005 degree line/polygons

	Population
	Building height

Settlement
	height (median)
building proportion proportion
	Open Buildings

GRID3
	0.5m

0.005 degree

	Large shocks
	Conflict

Natural disaster
	casualties within 10kn radius
distance to nearest conflict Floods (distance)

Flooded
Droughts (distance) Earthquake (distance) Landslide (distance)
	UCDP

Global Flood Database
Geocoded Disasters (GDIS) Dataset Global Flood Database
GDIS
USGS Global Earthquake Dataset Global Landslide Catalog
	point data

Point data (2009-2018)
Point data (2009-2018)
Point data (2018)
Point data (1999-2018)
Point data (1923-2024)
Point data (1970-2019)

	Economic Activity
Income distribution
	Nighttime lights
Poverty
	NTL, NLVI, NLVS, VCNLI
Slums proportion
	blackmarble
Li et al. (2023)
	0.005 degree
100m

	Sectoral
composition Transport

Specific locations
	Mines


Rails Roads

Points of interest
	distance to nearest mines
distance to nearest mines distance to nearest mineral distance to nearest rail distance to nearest roads density
kernel density
	Global mining footprint Tang and Werner (2023)
USGS Padilla et al. (2021)
Africa Major Mineral Deposits Dataset OSM
OSM (highway, major roads) OSM (6 categories)
OSM (15 categories)
	polygons
point data point data line
line line
point data



This table presents the source of the auxiliary data used for the down-scaling of demographic and employment data.

In total, there are 64 auxiliary data. Each raster data has been resampled to a resolution of 0.5km by 0.5km. In addition, each raster is being normalized according to x-minmax-min, with min and max the minimum and maximum of data x. Normalization makes the different scales comparable and can help the machine learning algorithm to converge faster. In addition, the pixel population is restricted to populated pixel. A pixel is considered as populated if either nighttime light, building height, building proportion, settlement or slum is non-zero.
The POIs are transformed into a density layer with a resolution of 0.005 degree, for each category using a Kernel Density Estimation (KDE) following Wang et al. (2020); Jin et al. (2023). The KDE is estimated with the following bandwidths: 500m, 600m, 1000m, 1200m, 1500m, 3000m, 5000m and 8000m. By experimenting with various bandwidths, we noticed that increasing the bandwidth leads to a decrease in the peak value of the kernel density results. Since the trends in the kernel density distributions are consistent, and to prevent the bandwidth from being too large – thereby obscuring local features – it is typically advised to set the bandwidth to 1 to 2 times the raster resolution. This approach balances smoothing with the preservation of detail. Hence, we can select 1000 meters as the bandwidth for further modeling.
The gridding of labour market statistics is done via the downscaling of population density. Given the potential issues related to the changing size of the pixel with latitude changes, population density is measured as population divided by the number of pixels. At 0.005 degree resolution, there is only one pixel. However, the machine learning algorithm trains the data at the district level, an administrative level for which the number of pixel matters. The density formulation of our variables is also relevant for robustness check involving larger resolution such as 0.01 degree.
1.3 Downscaling methodology
We use a Random Forest model to downscale population and labor market data. The process is divided into three steps. The first step is to collect and process the data. As mentioned in the previous section, district-level population and labor market data serve as the dependent variables, while five categories of auxiliary variables are used as independent variables. Here, the district-level auxiliary variables are summarized from the 0.005-degree gridded auxiliary variables. The second step is model construction and training. district-level population, labor market data, and auxiliary variables are used as inputs to train the Random Forest model. The trained model is then applied to predict population and labor market data at the 0.005-degree grid level using the 0.005-degree gridded auxiliary variables as inputs. To achieve high-precision mapping, district calibration factors are introduced to match official census statistics. Finally, district-level population and labor market data are used to evaluate the accuracy of the 0.005-degree grid predicted data.
The specific representation of the random forest algorithm in this study is as follows. First, a random forest model ∫rfd() is established at the district-level based on the equation yd=∫rfdx1d, x2d, …, xkd, where yd denotes the population variables or labor market variables in a district-level, and xkd denotes the auxiliary variables at that location, with k representing the total number of auxiliary variables.
Table 2: Tuning parameters that minimize RMSE
	names
	pop
	wap
	wapy
	wappa
	wapold
	wapw
	wapm
	Et
	Ety
	Etpa
	Etold
	Etw

	mtry
ntree
	16
300
	8
300
	10
800
	9
300
	5
500
	8
50
	7
500
	10
500
	12
50
	10
500
	5
50
	8
500

	names
	Etm
	Ut
	neet
	Eths
	Etls
	Etse
	Etees
	Etag1
	Etmi1
	Etma1
	Etind1
	Etserv1

	mtry
ntree
	13
500
	4
800
	19
100
	10
300
	13
300
	7
800
	9
300
	11
500
	20
100
	18
800
	13
500
	13
500


This table presents the combination of variables and trees that minimizes the RMSE in the tuning exercise for each of the population and employment categories.
Then, the random forest model ∫rfd() at the district-level is used to predict the target variable yg at the 0.005-degree grid resolution, as shown by the equation yg=∫rfdx1g, x2g, …, xkg where xkg denotes the auxiliary variables at the 0.005-degree grid cell. Finally, to match the district-level data, an adjustment factor is applied to correct the predicted target variables at the grid resolution, as shown by the equationypg=yg×yd∑j=1niyi,j       where ypg is the corrected predicted variable, yg is the predicted target variable at the grid resolution, yd is the district-level target variable, i represents the district, j represents the pixel, and ni denotes the number of pixels in district i. By repeating three steps, first building a random forest model at a coarse resolution, second applying the random forest model at a finer resolution, and third performing district-level correction on the predicted results, a target variable map at 0.005 degree resolution can be created.
After establishing the random forest model, we used a repeated k-fold cross-validation scheme to ensure valid predictions and further improve the model's performance through parameter tuning.9 To train the data, the number of folds is k = 10 and the number of repeats is n=3. The database is split randomly into 10 subsets of equal size. For each of the 10 iterations, one fold is used for testing, and the remaining k-1 folds are used for training. This process is repeated 3 times, resulting in a total of 30 evaluations. The parameters to tune the model are defined by the number of trees to grow in the Random Forest. The number of trees takes the values 5, 10, 20, 50, 100, 300, 500, and 800. A second parameter is the number of variables randomly selected at each split, i.e., the process of dividing a node into two or more sub-nodes. This value ranges from 1 to 30. In the tuning process, the accuracy of each combination of parameters is assessed using the root mean square error, mean absolute error, and R-squared. Out of these three metrics, we rely on the root mean square error.
The result of the parameter tuning is presented in Table 2. The mtry parameter determines how many features are randomly selected as candidates for splitting at each node in a decision tree within a Random Forest. Introducing this randomness helps to reduce the correlation between individual trees, which enhances model robustness and lowers the risk of overfitting. The mtry parameter that minimizes the RMSE ranges from 4 (unemployment) to 20 (mining), with an average of 10 features selected across categories. The number of trees that minimizes the RMSE, in combination with the mtry parameter (ntree), ranges from 50 to 800, with an average of 410. The variables selected through the mtry parameter cannot be directly compared with those appearing in the variable importance (see discussion below), as the latter helps to identify which features are most important for making accurate predictions. However, there is an indirect connection: the algorithm tends to favor variables in mtry that produce efficient splits, thereby reducing node impurity.
The optimal number of variables sampled for the population categories is similar, although sometimes slightly smaller, compared to the variables for the corresponding employment categories.10 A difference is the number of trees, which is larger for the population categories than for the employment categories. The optimal number of variables sampled, as well as the number of trees, tends to increase for the remaining employment categories and sectoral employment categories. This is especially true for the latter. One explanation is that these categories measure underemployment and employment quality, while employment levels are closely related to population and demographics in low-income countries. This is particularly apparent for agriculture, which remains a subsistence activity in Ghana and is therefore closely related to population. In contrast, mining, industries, and manufacturing are sectors that require specific skills and competencies. The number of auxiliary variables and trees necessary to fit these categories may increase with the complexity of the category being estimated.
The estimation of the number of trees and variable selection is then incorporated into a Random Forest estimation. This model produces different metrics for assessing the quality of the estimation, including the mean square residual and the percentage of variance explained. Additionally, the model generates variable importance and node purity metrics to discuss the main auxiliary variables behind the different population and employment category projections. The resulting model is then used to predict the pixel values for the different categories. The predictions from all the individual trees are averaged to produce a more accurate and robust prediction.

5 
         total population, working age population total and decomposed by age (youth, prime age, old), by gender (male, female).
6 
         11 categories minus "snow and ice", "moss and lichen" categories.
7 
         https://developers.google.com/earth-engine/datasets/catalog/GLOBAL_FLOOD_DB_MODIS_EVENTS_V1
8 
         https://gee-community-catalog.org/projects/landslide/
9 
         We use the R package, specifically the caret and randomForest libraries.
10 
         15+, youth, prime age, old, women, men


Results
2.1 Model evaluation
Our two measures of estimation quality are mean square residual (MSR) and percentage of variance explained.11 Across the different employment categories, the MSR ranges from 0.07 to 0.2. These low values indicate a good accuracy of the model. The model's predictions are closer to the actual observed values, suggesting a better fit of the model to the data. The good performance of the model is confirmed by the percentage of variance explained that exceed 90 percent to the exception of NEET (89%) and some of the sectoral employment (agriculture 68% and mining 67%). Seven of the 17 employment related categories achieve a percentage of variance equal to 94%. The relatively weaker performance of the model regarding agriculture is consistent with existing work attempting to downscale sectoral GDP data (Wu et al., 2024). This might be related to the need to gather additional auxiliary data to measure crops yields with more precision. Wu et al. (2024) measuring sectoral GDP data for the UAMRYR province in China achieve a R2 of 0.63 for agriculture, 0.65 for manufacturing and 0.74 for services using random forest.12 We find as well no striking differences between categories that measure employment levels and categories that measure employment quality. Note that due to space limitations, the metrics regarding the population categories are reproduced in the appendix.
Table 3: Residual sum of square and percentage of variance explained
	
	(1)
	(2)
	
	(3)
	(4)

	names
	MSR
	% of variance
	names
	MSR
	% of variance

	Et
	0.16
	0.94
	Eths
	0.18
	0.94

	Ety
	0.13
	0.92
	Etls
	0.15
	0.92

	Etpa
	0.16
	0.94
	Etse
	0.17
	0.92

	Etold
	0.12
	0.92
	Etees
	0.17
	0.94

	Etw
	0.15
	0.93
	Etag
	0.10
	0.68

	Etm
	0.14
	0.94
	Etmi
	0.07
	0.67

	Ut
	0.10
	0.92
	Etma
	0.16
	0.91

	neet
	0.15
	0.89
	Etind
	0.10
	0.94

	
	
	
	Etserv
	0.20
	0.94


This table presents the mean square residual and the percentage of variance explained for each of the employment related categories.
2.2 Gridded labour market maps
The gridded employment data are mapped in Figure 3 at a resolution of 0.005 degrees. Due to space limitations, we present only a selection of the 17 categories. The remaining categories can be found in the appendix, Figures 8 to 11. The different employment categories are represented in absolute values for the following breaks: (0, 15, 30, 50, 100, 250, 500, 1500, 2500). The data effectively represent the higher population density in the main urban agglomerations of Ghana. Urban areas are mostly located in the southern half of Ghana, between the towns of Accra and Kumasi. The higher population density also translates into higher employment values (Panel A). Employment is also concentrated along the coast of Ghana and along the main transport infrastructures connecting the cities. In the northern half of the country, employment is sparser and is concentrated around four main agglomerations: Tamale, Wa, Bolgatanga, and Bawku. The last two agglomerations are located close to the border with Burkina Faso.
Figure 3: Spatial distribution of (selected) employment categories
	(a) Employment – 0.005°
	(b) Employees – 0.005°

	
	

	(c) Low skilled – 0.005°
	(d) Manufacturing – 0.005°

	
	



Beyond employment quantity, employment quality is a key dimension to depict local labour markets. We illustrate employment quality by plotting salaried employment in Panel (b). The distribution of salaried employment at the pixel level is similar to the distribution of total employment, reflecting population density. However, salaried employment is predominantly found in the largest urban areas. It is less prevalent in secondary cities as well as in the areas connecting these secondary cities. In the northern half of Ghana, salaried employment is present in limited areas.
In addition to employment status, we illustrate employment quality by mapping low-skilled workers (in panel (c)). The distribution of low-skilled employment mirrors that of total employment, confirming that a significant portion of the workforce has low educational attainment. A distinctive feature is that in city centers, low-skilled employment is less prevalent than total employment, reflecting the concentration of high-skilled jobs at the heart of the largest urban areas.
As a final illustration of the downscaling exercise, we present the mapping of manufacturing employment. We have previously shown that Ghana's economy is primarily based on services and agriculture, with industry and manufacturing employment remaining marginal. This is clearly evident in panel (d), where manufacturing employment appears nearly marginal across the country. However, manufacturing is not negligible in certain highly localized urban centers. This indicates that, although manufacturing employment is relatively small overall, there are areas with manufacturing specialization in Ghana.
2.3 Actual vs estimated district statistics
In the absence of finer administrative units in the publicly available census data, it is only possible to compare the actual versus predicted labour market variables at the district level (Fig 4). The predicted variables are presented before the implementation of the district adjustment. The actual district statistics are based on census data, and the predicted values result from the aggregation of individual pixel values for the corresponding district layer.
Despite the large difference in scale between districts and the 0.005-degree pixels, the correlation between actual and predicted values is satisfactory. For the selection of the four categories displayed below, the R2 is equal to 0.81 for employment, 0.84 for employees, 0.85 for high-skilled employment, and 0.88 for industries. The regression coefficients are close to one: 1.01, 0.84, 0.85, and 0.88, respectively.
Figure 4: Actual vs estimated statistics - district level - selected categories
	
	
	

	
	
	



Regarding employment, employees, and high-skilled employment, the dispersion around the 45-degree line (in red) increases with the population of the districts. For low-population districts, the points are close to the 45-degree line and are distributed both below and above it. As the population increases, the data points are distributed further away from the red line. In addition, the model underestimates district-level employment for districts with mid-sized populations and then overestimates employment for districts with high populations.
For industries, the pattern is slightly different. The dispersion is smaller. However, the model overestimates industry employment in districts without industrial specialization, while it underestimates industry employment in districts with industrial specialization. A similar pattern emerges for agriculture employment. As the absolute size of the district increases, the model under-predicts agriculture employment.
Due to space limitations, only six categories are plotted above. For the remaining categories, sectoral employment performs well in general, with R2 values for manufacturing, and services at 0.6, and 0.85, respectively. The main explanation for these good performances at sectoral level is that the auxiliary data are straightforward and directly related to land use, land cover, and vegetation health index for agriculture, while the other sectors are linked to urban-related auxiliary data such as impervious surfaces and transport networks.
Regarding employment status and skills, self-employment and low-skilled employment display smaller R2 values compared to employees and high-skilled employment (0.65 and 0.70). This is mostly explained by increasing dispersion between actual and predicted values as the size of the district increases.
Lastly, there is a 0.1 percentage point difference between the R2 values of male and female employment, as well as a 0.2 and 0.3 percentage point difference between youth and prime-age employment, and between old workers and prime-age employment, respectively. Interestingly, these categories are the most sensitive to decisions to participate in the labour market. The factors driving labour participation, discussed in the introduction, are often related to family structure and education, which are more difficult to capture with auxiliary data.
2.4 Importance analysis
Importance analysis offers a method for evaluating the contribution of each feature to the model's accuracy. This helps identify the most influential variables in making predictions and supports feature selection and model interpretation. The metric used is “increase in mean square error”, which assesses the contribution of each auxiliary variable to the accuracy of the model.13 
Regarding total employment, three types of auxiliary data stand out (see Figure 5). Built-up related variables capture population density and relate to the labour supply aspect of employment – i.e., there are jobs where there are people. Variables such as nighttime lights and slums capture the demand side of the employment relationship and its composition (i.e., the quality of employment). Lastly, road density appears prominently and captures different dimensions central to the employment relationship. Road density reflects population density, as the road network tends to increase with population. It also reflects a sectoral dimension of employment, as there are more roads in urban areas specialized in services, manufacturing, and industry. Road density may also reflect the density of public infrastructure in general, which can serve as a proxy for employment quality (skills and status). Lastly, in economic geography, economic activity benefits from proximity to roads, as this reduces transport costs. This is particularly relevant for sectors subject to agglomeration effects, such as manufacturing.
In contrast, employment in agriculture is primarily influenced by auxiliary data reflecting vegetation, such as land-use and land-cover inputs, including shrubland and herbaceous cover. Variables indicating vegetation health, such as the Normalized Difference Water Index (NDWI), also appear central to the model. Climate change variables – particularly droughts – emerge as the third most important factor, as the lack of precipitation directly impacts crop yields. Mining employment is driven by variables capturing the distance to mines and the distance to railways, as rail infrastructure is often constructed to transport mining extractions, along with road infrastructure (Jedwab and Moradi, 2016).
Employment in manufacturing, industry, and services is associated with impervious surfaces, road infrastructure, and nighttime lights. This reflects the concentration of these sectors in urban areas.
The service sector, in particular, is influenced by the location of public services in densely populated areas. Manufacturing and industry are also shaped by transportation costs and agglomeration economies, which are effectively captured by these different categories of auxiliary data.
Figure 5: Importance analysis
	
	

	(a) Employment
	(b) Agriculture

	
	

	(c) Mining
	(d) Manufacturing

	
	

	(e) High skilled
	(f) Low skilled



Regarding the quality of employment, high-skilled employment is driven by factors that reflect its concentration in urban areas – namely, built-up related categories, nighttime lights, and road infrastructure – regardless of the measure considered. In contrast, low-skilled employment is prevalent both in subsistence service sectors within urban areas and in subsistence farming in rural areas. This dual presence explains the mix of built-up related variables and vegetation-related variables. For instance, the Normalized Difference Water Index (NDWI) ranks as the third most important factor in terms of mean squared residuals. Land surface temperature and grassland also appear among the top ten variables in terms of importance.
2.5 Coarser resolution and quality of the model
The pixel-level projection of the labour market variables has a resolution of 0.005 degrees, approximately 0.5 km by 0.5 km near the equator. This is a granular resolution that may be considered overly fine, given that local labour markets are often best captured at coarser resolutions, such as 1 km by 1 km or 5 km by 5 km. For this reason, the model is estimated at a coarser resolution of 0.05 degrees (approximately 5 km by 5 km). The quality of the estimation remains high. However, both the mean squared residual (MSR) and the percentage of variance explained deteriorate. On average, the MSR increases by 13 percentage points across all employment sub-categories, with this increase primarily driven by sectoral categories such as manufacturing, industry, and services. The decline in the percentage of variance explained is more limited, averaging around 1 percentage point. One possible explanation is that the auxiliary data used for disaggregation lose explanatory power when averaged at a coarser resolution. For example, road density measured at 0.5 km by 0.5 km resolution is more informative than when aggregated to 5 km by 5 km. Due to space limitation the MSR and % of variance for the different employment sub-categories are displayed in the appendix Table 4.

11 
         MSR=1n∑i=1nyi-y^i2, R2=1-∑i=1nyi-y^i2∑i=1nyi-y^i2
12 
         They achieve higher R2 using Res-FuseNet model instead of random forest.
13 
         A second measure, available upon request is increase node purity. It indicates the contribution of each auxiliary variable to the purity of the nodes. The two measures produce similar results.


Applications
3.1 Employment rates, sectoral percentages
The downscaling exercise undertaken in this work concerns labour market categories in levels. However, in order to better describe employment at the local level, measuring employment rates is important as it gives a sense of employment in proportion to the working-age population (defined as 15+). To build these categories, this work also disaggregates population categories at the pixel level.14 These categories are population total, working age population total, youth, prime age, old, male and female. The quality of the estimation for the population categories are as good as the quality of the estimation for the employment categories see Table 5 in the appendix. The heterogeneity of employment rates increases with the granularity of the data. Employment rate is 48% countrywide. The standard deviation is 11.2 percentage points at the district level with a minimum of 16.5% and a maximum of 64.7%. While relatively low at the aggregate level, some districts in Ghana display employment rates that are as high as in high-income countries. At the pixel level, the standard deviation increases to 15 percentage points, and employment rates fluctuate between 0.1 and 0.98 (Figure 6 Panel A).
Figure 6: Spatial distribution of (selected) employment rates and percentages
	(a) Employment rate
	(b) Histogram of Employment rate
	(c) Youth employment rate

	
	
	

	(d) Man&Ind %
	(e) Old workers employment rate
	(f) High skilled employment %

	
	
	



Regarding the geographic distribution of employment rates, while employment in levels reflects the prevalence of urban areas, employment rates describe a North-South divide. Employment rates are high in Southern Ghana, whether in rural or urban areas. In the Northern part of the country, employment rates are much lower except in the main 4 urban centers mentioned previously. Employment rates are particularly low in the North-East (Figure 6 Panel A). At pixel level, employment rates follow a binomial distribution centered around 0.2 and 0.49 (Panel B).
Across age categories, the distribution of employment rates displays different patterns for young workers and older workers (Panels C and D). Youth employment rates are low in urban areas, reflecting the lack of employment opportunities for young workers in urban areas. However, youth employment rates exhibit high values in the central area of Ghana, and in particular in the Central-Eastern area. High employment rates for youth are also located in very granular areas in the West. The employment rates of older workers are lower in the southern urban centers compared to the northern urban centers. In terms of geographic pattern, older workers have high employment rates in the Western part of Ghana; the higher the rates, the closer to the border with Ivory Coast.
The last two illustrations map high-skilled employment and the sum of manufacturing and industrial employment as percentages of total employment (Panels E and F). Regarding high-skilled employment shares, while high-skilled employment is concentrated solely in urban areas in absolute terms, the share of high-skilled workers appears to be relatively significant in secondary cities, along the coast, and between urban centers. Similarly, manufacturing and industrial employment is less concentrated in a handful of urban centers when measured as a percentage of total employment rather than in absolute values. In urban areas, manufacturing and industrial employment can account for a substantial percentage of total employment. While on aggregate the share remains small, at local level high percentages signal the existence of specialization centers.
3.2 Labour market at city level
Gridded employment data enables us to produce a detailed panorama of local labour markets for any village, town, or city. In this section, we provide an illustration at the agglomeration level. Figure 7 zooms in on the cities of Accra, Kumasi, and Tamale. The model distinguishes between city centers, which concentrate employment, and city peripheries, which contain fewer jobs. Accra exhibits a high density of employment, along with a heterogeneous distribution within the agglomeration. In Kumasi and Tamale, the model identifies a core area where employment is concentrated, with jobs in the peripheries clustering around road infrastructures.


















Figure 7: Employment distribution for Accra, Kumasi and Tamale
	(a) Accra – 0.005°
	(b) Kumasi – 0.005°
	(c) Tamale – 0.005°



	
	
	



In order to measure the distribution of employment between urban and rural areas, we overlay our gridded labour market statistics with the agglomeration layer produced by Africapolis.15 Africapolis defines urban agglomerations as a continuum of built-up areas with less than 200 meters between buildings and constructions and a total population of more than 10,000 inhabitants. Their definition is based on a spatial approach, in contrast to existing definitions of urban areas that rely on administrative criteria. Using the agglomeration layer from Africapolis, we identify 129 agglomerations with populations exceeding 10,000 inhabitants. For these cities, we aggregate the gridded population data to generate labour market statistics. Focusing on the five largest agglomerations — Accra, Kumasi, Tamale, Takoradi, and Koforidua —we find that they account for 32% of the total population but 38% of total employment, 53% of high-skilled jobs, 50% of high-skilled employees, 42% of manufacturing employment, 53% of service employment, and 41% of the unemployed. This shows a bias towards urban areas that concentrates most of the employment categories. Taken as a whole, the 129 cities with a population greater than 10 000 habitants concentrates 49% of the population but 68% of high skilled employment and 58% of manufacturing employment.

14 
         These categories are population total, working age population total, youth, prime age, old, male and female. The quality of the estimation for the population categories are as good as the quality of the estimation for the employment categories. For each categories we list the MSR and R2 in brackets: pop (0.16; 0.92), wap (0.15; 0.93), wapy (0.15; 0.92), wappa (0.14; 0.94), wapold (0.14; 0.92), wapw (0.14; 0.93), wapm (0.13; 0.94). In addition, the percentage of pixels with aberrant values, i.e., rates greater than 1, is not di_erent from zero for all categories except for female employment rate (4%), which may reect either an overestimation of female employment or an underestimation of female working-age population.
15 
         https://africapolis.org


Discussion
While the downscaling of demographic variables or GDP is typically restricted to a handful of variables—such as total population, age subcategories, or sectoral GDP—one contribution of this work is to perform downscaling across 17 employment categories. The main motivation is that employment is a complex phenomenon, combining aspects of quantity, under-utilization (unemployment or NEET), quality (skills and status), and sectoral distribution. This complexity is especially evident in a middle-income country, where employment challenges go well beyond the overall employment level. Variables such as population (built-up areas), aggregate demand (nighttime lights), and access to infrastructure emerge as important determinants of the various employment categories.
We have observed that, beyond the good performance of the model and the accuracy of its projections, categories sensitive to labour market participation decisions could be further improved. In the literature, family structure, education level, and the decision to work or study are important factors influencing the employment of youth, older workers, and women. Our choice of auxiliary data could be further refined to better capture these dimensions. In this respect, points of interest (POIs) do not appear highly ranked in terms of variable importance. This might be due to the heterogeneous coverage of POIs in Ghana between major cities and rural areas.
Another point of discussion is the difference in scale between the existing employment data at the district level and the granularity of the projection at a resolution of 0.005. Section 3.3 discussed the strong performance of the projection model in predicting district-level statistics. However, starting from a more granular administrative level, such as councils, could improve the model’s accuracy.
Model improvement could also rely on alternative estimation methods. In this paper, the method relies on random forests. Alternative estimation techniques—such as XGBoost, multiple linear regression, support vector regression, or Res-FuseNet—could help improve the performance of the pixel-level projections. One source of model improvement lies in its ability to better predict high-population areas. This paper has discussed the increasing dispersion between actual and estimated values as the size of the area increases. This is a common result in high-spatial-resolution population and GDP data. Jin et al. (2023) show that area-to-area kriging models tend to better estimate large population units. Similar challenges have been noted in other high-resolution downscaling studies. For example, U.S. state-level occupational employment data have been downscaled to Census tracts, producing tract level estimates for over 800 occupations (Wang et al., 2024). Deep-learning methods using satellite imagery have also been applied to map fine-scale socioeconomic variables, including population and employment size, in developmentally uneven areas (Ahn et al., 2023). These examples demonstrate both the possibilities and limitations of fine-grained spatial disaggregation, reinforcing the potential for methodological improvements in pixel-level projections.
Our analysis focused on residential areas when selecting built-up areas, leaving questions of commuting and job location for future research. Overall, these results show that high-resolution employment data can provide valuable information for local labour policy and planning. Despite some limitations in fine-scale predictions, the model delivers reliable estimates across most employment categories and spatial units



Conclusion
This study introduces a pioneering approach to generating high-resolution (0.005 ) gridded labor market data for Ghana, addressing a critical gap in spatially disaggregated socio-economic datasets. By leveraging random forest algorithms, remote sensing, and 64 auxiliary variables—including land cover, nighttime lights, infrastructure, and points of interest—we successfully downscaled district-level census data into 17 employment categories, capturing age, gender, skills, status, sectors, unemployment, and NEET.
The model achieves high accuracy (R2 > 90% for most categories) and uncovers substantial spatial heterogeneity in Ghana’s labor market. Pixel-level disaggregation provides a novel, granular perspective, revealing distinct patterns in employment distribution. Employment is highly concentrated in the main urban agglomerations, particularly in the southern half of Ghana, between Accra and Kumasi, as well as along the coast and major transport infrastructures. In contrast, the northern half of the country exhibits sparser employment, focused around four key agglomerations. Salaried employment is predominantly linked to urban areas, where either public administration or manufacturing and industrial activities are located. Similarly, low-skilled employment is less prevalent in city centers compared to total employment, reflecting the concentration of high-skilled jobs in the core of major urban areas. While manufacturing employment remains marginal at the national level, it is not negligible in certain localized urban centers, indicating the presence of specialized manufacturing hubs in Ghana. An analysis of employment rates reveals wide variation, ranging from 10% to 98% across pixels, and highlights a pronounced North-South divide. The gridded data also underscore the prominence of urban employment.
Variable importance analysis underscores the role of built-up areas, nighttime lights, road density, and vegetation health in predicting employment patterns, with sector-specific nuances—such as the influence of vegetation indices on agricultural employment and infrastructure on manufacturing. While the model performs robustly, challenges remain in capturing labor market participation decisions, particularly for youth, women, and older workers, where family structure and education play pivotal roles but are less reflected in geospatial data.
The methodology advances beyond traditional GDP or population gridding by incorporating the complexity of labor markets, offering a scalable framework for data-scarce contexts. Future work could refine auxiliary data selection, explore alternative machine learning techniques (e.g., stepwise random forest, random forest area-to-area regression kriging, XGBoost or Res-FuseNet), and integrate finer administrative units or additional auxiliary data to further improve precision.
While censuses include an employment module, labor markets are more effectively captured through specialized surveys, such as labor force surveys or household income and expenditure surveys. These surveys offer detailed labor market indicators—such as informal employment or wage/income categories—and their higher frequency enables the potential generation of gridded labor market data on an annual or bi-annual basis. However, their smaller sample sizes often limit representativeness at the district level. One solution is to leverage the geographic coordinates (latitude and longitude) of surveyed households, where publicly available, to produce high-resolution gridded labor market data.
The gridded labor market maps offer policymakers a valuable resource to design targeted interventions that address local employment challenges and promote more inclusive economic development in Ghana and similar contexts
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A Appendix
Table 4: Model evaluation coarser resolution - 0.05°
	
	(1)
	(1)

	names
	MSR
	% of variance

	Et
	0.21
	0.92

	Ety
	0.23
	0.89

	Etpa
	0.21
	0.92

	Etold
	0.24
	0.91

	Etw
	0.21
	0.92

	Etm
	0.20
	0.92

	Ut
	0.29
	0.91

	neet
	0.21
	0.87

	Eths
	0.27
	0.93

	Etls
	0.20
	0.91

	Etse
	0.22
	0.90

	Etees
	0.29
	0.92

	Etag
	0.19
	0.71

	Etmi
	0.76
	0.75

	Etma
	0.36
	0.89

	Etind
	0.29
	0.92

	Etserv
	0.28
	0.93


This table presents the mean square residual and the percentage of variance explained for each employment categories for a resolution of 0.05.
Table 5: Model evaluation population categories
	
	(1)
	(1)

	names
	MSR
	% of variance

	pop
	0.16
	0.92

	wap
	0.15
	0.93

	wap y
	0.15
	0.92

	wap pa
	0.14
	0.94

	wap old
	0.14
	0.92

	wap w
	0.14
	0.93

	wap m
	0.13
	0.94


This table presents the mean square residual and the percentage of variance explained for each population related categories.

Figure 8: Spatial distribution of (selected) employment categories
	(a) Youth – 0.005°
	(b) Prime age – 0.005°

	
	

	(c) Old-workers – 0.005°
	(d) Women – 0.005°

	
	



Figure 9: Spatial distribution of (selected) employment categories
	(a) Men – 0.005°
	(b) Self-employment – 0.005°

	
	

	(c) High-skilled – 0.005°
	(d) Agriculture – 0.005°

	
	



Figure 10: Spatial distribution of (selected) employment categories
	(a) Mining – 0.005°
	(b) Services – 0.005°

	
	

	(c) Industry – 0.005°
	(d) Unemployment – 0.005°

	
	



Figure 11: Spatial distribution of additional employment categories
	(a)NEET – 0.005° 
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