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Abstract 10 

Soil degradation aƯects 60–70% of soils in Europe, highlighting the need for large-scale 11 

monitoring. Existing programmes, such as the LUCAS Soil Module, provide harmonised 12 

datasets but have limited land-use coverage, while integrating national monitoring is 13 

constrained by diƯerences in indicators and methods. Citizen science (CS) could extend 14 

monitoring coverage, but its data quality and comparability require evaluation. Here, we 15 

assessed CS measurements by comparing them with laboratory measurements and 16 

LUCAS Soil 2018 data for soil pH, soil organic carbon (SOC) and texture. CS pH 17 

measurements captured broad spatial patterns, whereas SOC and texture were more 18 

suitable as qualitative indicators. When integrated with LUCAS Soil, CS pH data improved 19 

digital soil mapping by reducing prediction error and improving prediction uncertainty. CS 20 

data also increased coverage of underrepresented environments, particularly urban soils. 21 

Together, our results show that citizen science can complement European soil monitoring 22 

when integrated appropriately. 23 

 24 
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 27 

Introduction 28 

The degradation of soil has emerged as a major environmental challenge in Europe. 29 

According to the EU Soil Observatory Dashboard, 60-70% of soils in the European Union 30 

are considered as degraded highlighting the urgent need for consistent monitoring to 31 

prevent soil from further degradation1. The Soil Monitoring and Resilience Directive2 32 

establishes a framework at the EU scale to assess, monitor, and improve soil health. Soil 33 



monitoring is essential for assessing soil health as it enables the tracking of various soil 34 

physical, chemical and biological properties over time revealing changes in soil 35 

properties and functions. It also provides valuable data to guide policy development, 36 

inform decision-making for soil health preservation, and to support soil conservation 37 

eƯorts from local to global scale3. The European Commission started the Land Use/Land 38 

Cover Area Frame survey (LUCAS) Soil in 2009, a soil monitoring programme dedicated to 39 

the collection and analyses of topsoil samples across European Union member states, 40 

resulting in a harmonised dataset at European scale, with agricultural soils mainly 41 

represented. Many EU member states operate national soil monitoring that could, in 42 

principle, complement LUCAS Soil and increase monitoring density. However, several 43 

studies have underlined the challenges of comparing soil data across countries4–6 44 

highlighting the need for better harmonisation (i.e. uniƱed use of indicators) and 45 

standardisation of sampling and analysis between countries. The comparison between 46 

soil national monitoring data from European countries and LUCAS Soil remains also 47 

diƯicult with substantial diƯerences in measuring key soil properties (e.g. pH, soil organic 48 

carbon - SOC) when analysed at national level due to diƯerent sampling strategies (e.g. 49 

land use/cover distribution) and analytical methods7. To achieve harmonisation of data 50 

and enable direct comparison, the LUCAS 2022 survey implemented an intercomparison 51 

between LUCAS approach and 13 member states laboratories procedures with the aim to 52 

develop pedotransfer functions1. To support the standardization of methods in soil health 53 

assessment over time at European scale, laboratory methods remain the reference 54 

standard as they are accurate and reproducible, but they are also resource-intensive, 55 

require important laboratory infrastructure and trained professionals to carry such 56 

analysis at this broad scale. Beyond harmonisation, LUCAS Soil was principally designed 57 

to deliver representative areal statistics at EU and regional scale8, rather than Ʊne-58 

resolution spatial information on soil properties. This constrains its direct use for 59 

applications such as digital soil mapping, which typically beneƱts from integrating 60 

complementary data sources such as Earth Observation data alongside legacy and 61 

survey data to improve spatial and temporal coverage (refs). 62 

Citizen science (CS) has emerged as one of such complementary approach to address 63 

these limitations and to broaden monitoring coverage. Soil health knowledge derives 64 

mainly from agricultural context and urban areas aera often underrepresented9. Thus, 65 

engaging citizens in standardised Ʊeld sampling could reach private gardens, urban green 66 

areas and other sites that national monitoring programmes often miss. Mason et al. 67 

(2024)10 reviewed 24 European CS projects on agricultural soils and found that over 66% 68 

provided soil biodiversity data, while 54% and 42% provided data on vegetation cover and 69 

SOC, respectively, demonstrating that soil CS projects represent a potential resource for 70 

European soil health assessment and monitoring. In addition, Charvat et al. (2025)11 71 

demonstrated that CS can serve as a valuable approach to enhance spatial and temporal 72 



scale of soil monitoring. Nevertheless, they highlighted that challenges remain in CS 73 

projects with variation in data validation rigour and stakeholder engagement that led to 74 

inconsistent datasets or diƯiculties in comparing CS-generated datasets. Overall, the 75 

integration of CS-generated soil data to scientiƱc soil monitoring programmes raises 76 

important questions about the data quality. The comparison of CS measurements against 77 

reference datasets is therefore a crucial step before such data can be implemented into 78 

soil monitoring programmes or soil mapping.   79 

Using CS data collected through the project ECHO12, we assessed the potential of CS 80 

measurements to complement the existing LUCAS survey for soil monitoring at the 81 

European scale focusing on pH, SOC and texture data. SpeciƱcally, we: (i) evaluated the 82 

quality of CS data collected within the framework of ECHO against reference data 83 

measured by standard protocols; (ii) quantiƱed the agreement, deviation and bias 84 

between CS measurements and LUCAS 2018 dataset; and (iii) tested whether integrating 85 

CS measurements with the LUCAS 2018 improves digital soil mapping. 86 

 87 

Results 88 

Citizen science methods versus laboratory-based methods 89 

Soil pH  90 

The soil pH assessed by citizen scientists in the Ʊeld ranged from 4 to 9 while the soil pH 91 

measured by laboratory method ranged from 4.7 to 8.4, with median values of 7 and 7.7, 92 

respectively (Fig. 1A). The scatter plot showed that citizen scientists pH measurements, 93 

clustered along distinct horizontal bands, due to the 0.5 pH unit resolution of the citizen 94 

scientists’ method. The comparison between CS and laboratory-based pH 95 

measurements showed an overall moderate agreement (adjR² = 0.46), explaining 46% of 96 

the variance in the pH laboratory values. The RMSE of 1 pH unit (rRMSE = 13.6%) shows a 97 

moderate deviation from CS measurements compared to laboratory-based method, 98 

supporting the overall suitability of the method. However, an underestimation of pH 99 

values by citizen scientists was observed, with pH values on average 0.6 lower (rMBE = -100 

7.8%) compared to the laboratory-based pH measurements.  101 

 102 

Soil organic carbon content  103 

The soil organic carbon (SOC) content assessed by citizen scientists in the Ʊeld ranged 104 

from 1.5 to 5 % while the SOC content measured using laboratory-based methods ranged 105 

from 0.3 to 18.8 %, with median values of 2 and 2.2 %, respectively (Fig. 1B). The 106 

comparison between CS and laboratory-based measurement showed poor agreement 107 



(adjR² = 0.13), with an RMSE of 3.92% SOC (rRMSE = 106%), indicating substantial 108 

deviation of CS assessment compared to the laboratory-based measurement. At SOC 109 

content above 5%, a systematic underestimation was observed, as showed by the overall 110 

MBE of -1.44% SOC (rMBE = -39%), with a plateau between 2-3.5% SOC estimated by 111 

citizen scientists, regardless of the laboratory-based SOC content. When restricting the 112 

comparison to SOC content below 5% (Fig. S1), the reliability remained poor (adjR² < 0,1), 113 

although the magnitude of the deviation was reduced (RMSE = 0.99% and rRMSE = 47.4%) 114 

and no systematic underestimation was detected (MBE = 0.03% SOC and rMBE = 1.34%). 115 

Accordingly, these results indicated that the colour-chart-based Ʊeld method used to 116 

estimate SOC content was not a reliable approach, particularly for SOC content above 117 

5%. 118 

Soil texture  119 

The confusion matrix showed a poor overall accuracy of 22% and near-zero weighted 120 

Kappa coeƯicient (0.071) indicating poor agreement between CS and laboratory-based 121 

soil texture measurement. Only 22% of the samples were assess correctly (one clay loam, 122 

two sand and nineteen sandy loam soils) (Table 1). Based on laboratory-based soil texture 123 

measurements, most of the soils fell in the sandy loam texture (80%), whereas citizen 124 

scientists misclassiƱed these soils across the other texture classes. Despite the poor 125 

overall accuracy, the confusion matrix revealed some sensitivity to soil texture. On 126 

average, in 25% of the cases, clay loam and clay classes were laboratory-conƱrmed as 127 

clay-related textures. In contrast, soil citizen scientists classiƱed as sand, sandy-clay or 128 

sandy showed stronger agreement with sandy-related textures (90%). Notably, silt-related 129 

classes showed no correct classiƱcation: soil citizen scientists classiƱed as silty-related 130 

texture were laboratory-conƱrmed as sandy loam in on average 78% of cases. Overall, 131 

these results suggest that citizens showed poor ability to detect texture classes except for 132 

detecting coarse fractions. The absence of laboratory-conƱrmed silty-related texture and 133 

clay texture also limit our ability to conclude on sensitivity to speciƱc texture classes. 134 

 135 

Comparison of ECHOREPO citizen scientists’ data with LUCAS  136 

Land cover type diƯerences between ECHO samples and LUCAS 2018 137 

The distance between the nearest LUCAS points and ECHOREOPO sampling sites ranged 138 

from 87.5 m to 220 km, with a median value of 8 km. The distribution of land cover types 139 

at ECHOREPO sampling sites diƯered from that of the nearest LUCAS points. Urban areas 140 

represented the predominant type of land cover type at ECHOREPO sampling sites 141 

(31.1%) (Fig. 2A), while arable land was the predominant type of the nearest LUCAS points 142 

(37.7%) (Fig. 2B). Forest and heterogeneous agricultural areas were present in both 143 



datasets, with some slight diƯerences in the proportions. Urban areas were mainly 144 

underrepresented in the nearest LUCAS points (4.9%) and land cover types such as 145 

pastures and permanent crops well represented in the nearest LUCAS points were 146 

underrepresented at ECHOREPO sampling sites, with 4.9% and 5.5%, respectively. The 147 

correspondence between land cover types at ECHOREPO sampling sites and those at the 148 

nearest LUCAS point varied across land cover types (Fig. S2). Arable land showed the 149 

highest level of agreement with 62.5% of ECHOREPO arable land associated with arable 150 

land at the nearest LUCAS points, followed by permanent crops (43.3%), pastures (36%), 151 

forests (30%) and shrubs and herbaceous vegetation (23.4%). Urban areas showed the 152 

weakest agreement (9.6%) and no correspondence was found between ECHOREPO and 153 

LUCAS sites for inland wetlands, inland waters, and marine waters, while coastal wetland 154 

were exclusively present at ECHOREPO sampling sites. 155 

 156 

Comparison of citizen scientists data and LUCAS-derived soil pH raster  157 

Figure 3 shows the pH values from ECHOREPO as a function of pH derived from LUCAS 158 

raster for across 22 European countries (n = 6602). The pH values measured by citizen 159 

scientists ranged from 3 to 9, while the soil pH values derived from LUCAS raster data 160 

ranged from 4.2 to 8.3, with medians of 6 and 6.4 pH unit, respectively (Fig. 3). CS pH 161 

measurements showed a moderate deviation from LUCAS-derived raster pH values (adjR² 162 

= 0.28, RMSE = 1.28, rRMSE = 19.86%). CS pH measurements showed a systematic 163 

underestimation of pH values by 0.39 pH units on average (rMBE = - 6.13%), compared to 164 

LUCAS-derived raster pH values. The RMSE for pH at NUTS2 level showed regional 165 

variability, where low RMSE values were mainly found in parts of central and eastern 166 

Europe, including some parts of Germany and Poland, and isolated spots in Spain, while 167 

higher RMSE values were found in some parts of Germany, Italy and Spain (Fig. 4A). At the 168 

NUTS2 level, the median pH measured by CS showed a lower deviation from the LUCAS-169 

derived raster median pH (adj R² = 0.49, RMSE = 0.85 pH unit, rRMSE = 13.3%) compared 170 

to the results obtained at the individual measurement level (Fig. 3). A systematic 171 

underestimation of citizen scientists’ median pH was also observed at NUTS2 level (MBE 172 

= -0.39 pH units, rMBE = -6.14%) (Fig. 4B). Additionally, at the NUTS2 level, RMSE on pH 173 

was not signiƱcantly related to sampling density (Spearman’s rho = 0.09, p-value >0.05; 174 

Fig S3), suggesting that denser sampling did not reliably improve agreement at this 175 

broader-scale. 176 

 177 

Comparison of citizen scientists and LUCAS-derived raster soil texture across Europe 178 



The confusion matrix showed a low overall accuracy of 24.6% and a near-zero weighted 179 

Kappa coeƯicient (< 0.1) (Table 2), indicating poor agreement between soil texture 180 

assessments by the citizen scientists and the LUCAS-derived raster soil texture classes. 181 

Sandy loam was the most represented texture class and was showing the highest 182 

percentage of correct matches (82%). By contrast, silty clay and clayey soil texture 183 

classes showed no correct classiƱcation, with both 0% of correct matches. Sandy-related 184 

texture classes were correctly assigned by citizen scientists in an average of 82% of cases 185 

to sandy-related texture classes, while silty- and clayey-related texture classes were 186 

correctly assigned to their fraction-related texture classes in only 9% and 15% of cases, 187 

respectively. These results suggest that at a broader spatial scale, citizen scientists 188 

reliably detected only the coarser soil fraction. The Kappa coeƯicient was computed at 189 

the NUTS2 level, with predominantly near-zero values, highlighting the poor agreement at 190 

this spatial scale (Fig. 5A). Three regions of Germany and one of Italy showed Kappa 191 

coeƯicient between 0.2 and 0.4 (Fig. 5A), representing fair agreement. Only one region of 192 

Germany and one region of Belgium showed Kappa coeƯicient above 0.4, which represent 193 

moderate agreement. The relationship between Kappa coeƯicient at NUTS2 level and the 194 

sampling density didn’t show any speciƱc trend, the regression line with adjR² <0.1 195 

indicating that the poor agreement is not imputable to the sampling eƯort (Fig. 5B). The 196 

extreme Kappa coeƯicient was systematically associated with low sampling size, as 197 

indicated by low point size. Accordingly, these results showed a poor agreement between 198 

the two datasets and an increasing disagreement in texture classes from coarse to Ʊne 199 

soil fractions. 200 

 201 

Integrating CS measurements with LUCAS through digital soil mapping 202 

The covariates with the highest median importance across the 100 iterations were the 203 

aridity index, mir_PCAb1, the geographic coordinates and red_PCAb2, which were also 204 

selected in each iteration (Fig. 6A). The feature selection procedure seemed relatively 205 

stable, where 17 out of 24 selected covariates were selected in more than half of the 206 

iterations (Fig. 6A).  207 

For the prediction metrics on the hold-out test set, there was a clear distinction between 208 

when the CS data was considered to have equal information content (Eq.), and when 209 

weighting was applied (Fig. 6B). That is, the error, R2 and IS metrics degraded with higher 210 

sample sizes for Eq. (N > 1k), whereas it remained stable up till 3-4k for when weighting 211 

was applied. An exception was the PI-Q50 metric, that showed the same trend as Eq., and 212 

to a lesser degree when PI-Q50 was combined with the IS weighting (Fig. 6B). 213 

Weighing the CS data based on prediction interval metrics led to better overall 214 

performance compared to Equal. However, in general after when N > 2k, notably the R2 215 



metric started to decline (Fig. 6B). Between the diƯerent weighting schemes, were 216 

relatively small diƯerences occurred (Fig. 6B). These diƯerences consisted mainly of: i.) 217 

more informative prediction intervals (low IS and median PICP of 0.90) across sample 218 

sizes, ii.) the degree to which a lower error rate compared to LUCAS was maintained 219 

without a decreasing R2, i.e. maintaining the bias-variance trade-oƯ across larger sample 220 

sizes. Overall, the IS-PIQ50-PIC metric performed the best of all weighting metrics. 221 

Whereas the addition of CS measurements had a modest eƯect compared to LUCAS on 222 

the performance for the test set, larger diƯerences occurred when prediction metrics 223 

were calculated for each NUTS2 region (Fig. 7A). We calculated the metrics for each 224 

NUTS2 region for the IS-PIQ50-PIC implementation, for a sample size (N=2k). Comparing 225 

these to the LUCAS implementation, showed that 73 out of 138 NUTS2 regions were 226 

signiƱcantly diƯerent (WRST statistic, p < 0.05). The majority of these showed a positive 227 

diƯerence (40 out of 73), meaning that the CS implementation performed worse 228 

compared to LUCAS (Fig. 7A). No speciƱc latitudinal- or longitudinal trends were found 229 

for the mean direction of the diƯerences, or the WSRT signiƱcance (Fig. 7B). However, the 230 

frequency in which a CS measurement was selected across the 100 iterations showed 231 

some degree of spatial clustering, particularly the samples that were selected in each 232 

iteration (pink circles, Fig. 7C).  233 

 234 

Discussion 235 

The assessment of data quality in CS remains challenging, as CS-generated data have 236 

been shown to vary depending on citizen scientists experience, task complexity and the 237 

use of standardised protocols (Kosmala et al 2016). Although pH, SOC content are among 238 

the most frequently monitored indicators in CS projects on soil11, the reliability of the 239 

results is context dependent and cannot be assumed to meet the laboratory-based 240 

measurements. In our study, the overall quality and agreement of CS soil assessment was 241 

strongly dependent on the soil property considered. The limitations reƲect inherent 242 

constraints of the methods but suggest also that citizen science-generated data require 243 

carefully evaluation and when appropriate, bias correction procedure or spatial 244 

aggregation of data could be applied for broad-scale soil monitoring.  245 

The poor agreement between CS and laboratory-based SOC measurements (Fig. 1B) 246 

indicates limitations of the soil colorimetric assessment. The CS SOC estimated values 247 

were restricted in a narrow range between 1.5 to 5% generating a plateau between 2 and 248 

3.5%, while laboratory-based method measurements ranged up to 18.8% (Fig 1B). This 249 

limited range resulted in a systematic underestimation of SOC content above 5% and was 250 

unable to reƲect the variability of SOC content across ECHOREPO samples. This 251 

constraint appears to arise from the restricted SOC range in the colour chart rather than 252 



from an inability of citizen scientists to discriminate soil colour. Ferrando Jorge et al. 253 

(2021)13, applying a Munsell-based colour approach with citizen scientists, used 254 

spectrally calibrated soil-colour observations and showed that calibration improved SOC 255 

prediction. However, our results indicate that this SOC value range is insuƯicient to 256 

represent the full variability of SOC content. The colour chart does not encompass the 257 

diversity of SOC contents observed across Europe, where topsoil organic carbon maps 258 

reveal considerable spatial variability, including SOC contents exceeding 5% in several 259 

Northern European countries14. 260 

When the comparison was restricted to the range of SOC content from 1.5 to 5% (Fig. S1), 261 

the magnitude of the deviation decreased but the agreement remained poor between 262 

citizen SOC assessments and laboratory-based SOC measurements. This suggests that 263 

our colour chart method lacks precision and the method is not accurate for quantitative 264 

assessment of SOC. Furthermore, soil colour can be inƲuenced by confounding factors 265 

such as soil moisture, particle size, mineral composition or the presence of iron oxides15–
266 

17 and lighting eƯect itself. 267 

Overall, these results suggest that the current colour-chart-based approach is not 268 

suitable for quantitative assessment of SOC content. The limitations observed for the 269 

colour-chart-based SOC assessment also point to a possible direction for 270 

methodological improvement. Within ECHO, we have developed a prototype algorithm for 271 

the automatic estimation of soil organic matter based on computer vision analysis of soil 272 

sample images18. The approach uses photographs of the collected soil sample, colour 273 

adjustment procedures to reduce the inƲuence of variable lighting conditions and device-274 

speciƱc colour rendering, and the Munsell Soil Colour Charts. The aim is not simply to 275 

reproduce the current visual colour-chart method digitally, but to convert image-derived 276 

colour information into a more standardised and reproducible representation that can be 277 

calibrated against laboratory-based measurements. The prototype is currently in the 278 

testing phase, and further validation against laboratory-based organic carbon 279 

measurements will be required before it can be used as a quantitative tool. Nevertheless, 280 

this development illustrates how CS protocols may be improved by combining simple 281 

Ʊeld observations with colour-standardised image analysis, automated correction 282 

procedures and calibration against reference datasets. 283 

Concerning texture, the poor overall accuracy and the near-zero Kappa coeƯicient 284 

indicated that the texture-by-feel method doesn’t provide reliable texture classiƱcation, 285 

across the simpliƱed range adapted from USDA texture classes. Nevertheless, the 286 

confusion matrix showed not completely random misclassiƱcation by citizen scientists 287 

for sandy-related texture classes (Table 1, Table 2). The accuracy of the texture-by-feel 288 

method is dependent on local knowledge of the pedological and mineralogical context 289 

and is inƲuenced by soil properties such as the soil organic matter, which aƯects the 290 



tactile characteristics of the soil19. Salley et al. (2018)20 found that observer experience 291 

mattered: professional soil scientists (academically-trained) correctly classiƱed 66% of 292 

samples, compared with 27-41% for seasonal Ʊeld technicians (moderately-trained). The 293 

accuracy was increased to 91% and to 71-78%, respectively, when adjacent texture 294 

classes were accepted as correct. The authors therefore argued that improving soil 295 

texture estimation requires training, calibration and decision-support tools rather than 296 

simple dichotomous keys, that could beneƱt citizen scientists.  297 

Generally, the aggregation of results at the NUTS2 level did not show any improvement 298 

(Fig. 5), even if one would expect that increased sampling density would improve the 299 

results21. These results suggested a limitation of the simpliƱed texture-by-feel method 300 

used, rather than insuƯicient data quantity. Overall, our results showed that soil texture is 301 

not suitable for direct implementation in soil monitoring and that he ECHOREPO texture 302 

classiƱcation may be useful for binary analyses that distinguish sandy soils from non-303 

sandy soils, but not when using the current ECHOREPO texture classes as deƱned. 304 

The moderate agreement between citizen scientists’ pH measurements and laboratory-305 

based measurements (Fig. 1A) and LUCAS-derived raster pH values (Fig.3), suggest that 306 

the Ʊeld method combined with the systematic underestimation of 0.4-0.6 pH units 307 

represent the main sources of error, in line with the known lower accuracy (± 0.5 pH units) 308 

inherent to colourimetric pH measurement methods22. The systematic underestimation 309 

was evident for alkaline soils (pH values above 8), suggesting a methodological bias with 310 

high pH values having less distinguishable colour transitions, rather than poor skills of 311 

citizen scientists to perform the Ʊeld protocol. The horizontal banding patterns of CS 312 

measurements reƲect the artefact of the discrete resolution of colorimetric pH strips. 313 

This can have aƯect the RMSE and reduced the adjR² when comparing citizen scientists 314 

pH measurements to LUCAS-derived raster data, reƲecting an inherent constraint of the 315 

Ʊeld method itself rather than a citizen scientist poor execution of the Ʊeld method. 316 

Furthermore, not all of the disagreement between CS pH measurements and LUCAS-317 

derived raster data can be attributed solely to CS error, as the raster dataset itself has an 318 

associated uncertainty23.   319 

The spatial aggregation at the NUTS2 level improved the agreement and reduced part of 320 

the background noise associated with individual CS measurements (Fig. 4B). The 321 

agreement varied across regions, likely reƲecting both the heterogeneity of soils across 322 

Europe and diƯerences in how well the citizen science samples represented this 323 

heterogeneity at the NUTS2 level. Other factors of variation can be the prior knowledge of 324 

citizen scientists, and their training to use the Ʊeld protocol21. Nevertheless, the 325 

aggregation at NUTS2 level provided meaningful information at regional level and might 326 

be relevant where large number of measurements can compensate part of the deviation. 327 

However, in our study the relationship between RMSE on pH and sampling density (Fig. 328 



S3) indicated that aggregating more CS measurements within a region did not consistently 329 

reduce the deviation from median LUCAS-derived pH values. Increasing the sampling 330 

density is not suƯicient to improve data quality, as a systematic negative bias was also 331 

observed at NUTS2 level. Overall, the higher agreement observed at the NUTS2 level than 332 

at the individual measurement level suggests that citizen scientists’ pH measurements 333 

are more suitable for broad-scale monitoring than for point-level observations. Following 334 

appropriate bias correction, these data could complement existing soil monitoring 335 

datasets and support quantitative analyses. 336 

 337 

The marked discrepancy between ECHOREPO sites and their nearest LUCAS points 338 

reƲected diƯerences in land cover distribution (Fig. 2). While ECHOREPO sites were 339 

predominantly located in urban areas (31.1%), the nearest LUCAS points were mainly 340 

situated on arable land (37.7%) highlighting the diƯerences in the sampling design 341 

between the two datasets. LUCAS nearest points, extracted from LUCAS Soil followed a 342 

regular grid that covers the European territory selecting the sampling sites based on a 343 

random sampling design stratiƱed by land use and topography8.  In contrast, ECHOREPO 344 

site selection is driven by the citizen scientists’ location, site accessibility, and personal 345 

or local preferences for sampling speciƱc sites. As a result, the distribution of land cover 346 

types in ECHOREPO does not reproduce the land cover distribution observed in the 347 

LUCAS survey.  348 

The low correspondence between ECHOREPO sites land cover types at the nearest 349 

LUCAS point for urban areas (9.6%) further limits the use of LUCAS-derived raster data as 350 

reference for ECHOREPO measurements (Fig. S2). This might explain partly the deviation 351 

observed between citizen scientists’ measurements and LUCAS-derived raster values. 352 

Soil properties can vary with land use, management, disturbance and local 353 

environmental conditions. Consequently, discrepancies between citizen scientists’ 354 

measurements and LUCAS-derived raster data may arise not only from errors associated 355 

with the citizen science methods (e.g. for pH and soil texture), but also from diƯerences 356 

in the types of sites represented in the ECHOREPO and LUCAS datasets. 357 

The high proportion of urban areas in ECHOREPO reƲects a bias relative to LUCAS Soil, in 358 

which urban areas remain largely underrepresented. Rather than a limitation, however, 359 

this can be seen as a valuable complementary contribution. Indeed, urban soil health 360 

research remains comparatively limited24, despite the recognised role of urban 361 

ecosystems in providing essential ecosystem services, including the provision of clean 362 

water and food, control of air pollution, recreational opportunities and climate 363 

adaptation25. Our Ʊndings indicate that ECHOREPO provides complementary coverage to 364 

existing European professional soil surveys by including many urban sites that are 365 



otherwise underrepresented. This complementary dataset could help Ʊll monitoring gaps 366 

and guide future research on urban soil challenges. 367 

 368 

Lastly, our results on digital soil mapping showed that EU-wide CS measurements could 369 

enhance an existing EU soil survey, although the magnitude of this improvement depends 370 

on sample size. The enhancement of existing surveys by CS measurements has been 371 

shown prominently in the Ʊeld of ecology26,27, and to a lesser extent in soil science for 372 

regional datasets28. Our study extends previous work by quantifying how the contribution 373 

of citizen science (CS) soil measurements to digital soil mapping varies regionally across 374 

the EU. Our results showed that no single CS implementation consistently improved 375 

model performance across all NUTS2 regions, highlighting strong spatial variability in the 376 

value of CS data. These regional diƯerences are likely driven by variation in the spatial 377 

clustering of CS observations29, diƯerences among surveyors30,31, disparities in feature 378 

and geographic coverage relative to the LUCAS survey28 (Fig. 2), and biases in the CS 379 

measurements (Fig. 1A). 380 

 381 

Regarding the latter, the comparison between CS and ISO pH showed a bias particularly 382 

for low pH (Fig. 1A). Consistent with this, NUTS2 regions with signiƱcant WSRT statistics 383 

had higher median pH values (Fig. S4a), suggesting that the lower bias at higher pH may 384 

have contributed to the improved model performance. The PI90 weighting may also have 385 

reduced the inƲuence of biased measurements, as the CS observations selected most 386 

frequently had higher pH values than the full set of CS observations (Fig. S4c–d). Finally, 387 

the qRF model may have further reduced the eƯect of measurement bias through spatial 388 

smoothing, especially given the high density of CS observations relative to the resolution 389 

of the environmental covariates. For example, 36% of raster cells containing CS data 390 

included more than one CS measurement. 391 

By adding CS measurements to the LUCAS data, we identiƱed a sample size- dependent 392 

bias-variance trade-oƯ. This trade-oƯ was reduced by selecting CS measurements using 393 

metrics, supporting our hypothesis that prediction uncertainty of the LUCAS model 394 

provides useful information for selecting CS observations. These results are consistent 395 

with previous studies, which found that prior information can be used to guide the 396 

selection of CS data28,30. However, the eƯect was limited up to a sample size of (N=2k), 397 

after which the positive eƯect of the CS measurements decreased (R2). Notably, the 398 

inclusion of CS data improved the 90th prediction interval statistics (IS, PICP) suggesting 399 

that citizen science measurements contribute not only to prediction accuracy but also to 400 

mote reliable uncertainty quantiƱcation. Lastly, not all weighting metrics for CS data led 401 

to improved model performance. In our study, the lower performance of the PIQ50 402 



weighting metric may be explained by its greater variability across iterations compared to 403 

other metrics (Fig. S5). 404 

 Our results show that the value of citizen science for European soil monitoring depends 405 

on both the soil property and how the data are integrated with existing monitoring 406 

networks. CS pH measurements captured broad spatial patterns, particularly when 407 

aggregated at regional scales or calibrated against reference datasets. In contrast, SOC 408 

estimates were more suitable as qualitative indicators, while soil texture was only 409 

informative when simpliƱed into broader classes, such as sandy versus non-sandy soils, 410 

before integration with European soil monitoring datasets. Despite these limitations, 411 

ECHOREPO Ʊlls an important gap by increasing the spatial density of soil observations 412 

and including sites that are underrepresented in conventional monitoring, particularly 413 

urban areas. This is important because urban soils are highly heterogeneous but remain 414 

poorly represented in systematic soil surveys. 415 

Our digital soil mapping analysis further showed that CS pH measurements can improve 416 

predictions when integrated with the LUCAS Soil survey. The reduction in prediction error 417 

and the improvement in prediction intervals, however, were only observed when CS 418 

observations were selected using weighting metrics derived from the baseline LUCAS 419 

model. Moreover, the eƯect of adding CS data diƯered across the EU and depended on 420 

sample size, reƲecting a bias-variance trade-oƯ that needs to be considered when 421 

integrating citizen science data into digital soil mapping. 422 

Overall, our Ʊndings suggest that ECHOREPO should be considered a complementary 423 

source of soil information rather than a replacement for established monitoring 424 

programmes such as LUCAS Soil. Rather than increasing sampling density 425 

indiscriminately, the greatest beneƱt comes from integrating citizen science observations 426 

where they add new information and complement existing monitoring. This provides a 427 

practical basis for incorporating citizen science into future European soil monitoring while 428 

extending coverage to environments that are currently underrepresented. 429 

 430 

 431 

Materials and Methods 432 

Soil sampling 433 

A discrete soil sampling strategy was applied. Citizen scientists excavated a soil pit of 30 434 

× 30 × 30 cm using a metal hand trowel. The excavated soil was subsequently 435 

homogenised thoroughly prior to the determination of soil pH, organic carbon content, 436 

and soil texture. The samples were collected by citizen scientists between 25/05/2025 437 

and 22/06/2026.  438 



A set of 100 samples was collected in Italy by citizens scientists at the same sampling 439 

points and at the same time as the main soil samples. The same sampling protocol was 440 

applied. Approximately 0.5 kg of homogenised soil was collected from each sampling 441 

point and sent to the laboratory for subsequent analysis of pH, organic carbon content 442 

and soil texture using laboratory-based methods. 443 

Citizen science methods  444 

Soil pH. Citizen scientist measured soil pH using pH test strip (MQuant®, Merck, 445 

Germany), and a standard soil-to-water ratio of approximately 1:2.5 (w:v).  Approximately 446 

a spoonful of homogenised soil (approx. 4 g) was added to a centrifuge tube containing 447 

10 mL of distilled water, until the mixture reached 14 mL. The tube was shaken for 30 448 

seconds, then placed upright to allow the mixture to settle for 5 minutes. The coloured 449 

end of the pH paper strip was dipped into the solution for 30 s, then the colour of the strip 450 

was compared to the pH colour chart (Fig. S6).  451 

Soil organic carbon content. Soil organic carbon content was estimated by citizen 452 

scientist using a soil colour comparison chart, assigning values ranging from 1.5 to 5% 453 

(Fig S7). Values exceeding 5% were recorded as “Other”, corresponding to organically rich 454 

soils characterised by high organic matter content and very dark colour. 455 

Soil texture. Soil texture assessment was assessed by conducting the “texture-by-feel” 456 

method, adapted from USDA soil quality guideline32 simplifying the texture classes up to 457 

seven (i.e. Sandy, silty, clayey, sandy loam, sandy clay, and silty clay; Fig S8). For organic 458 

rich soils, texture was recorded as “Other” when it could not be reliably classiƱed due to 459 

limited presence of clay, sand and/or silt particles. 460 

 461 

Laboratory-based methods 462 

Soil pH. Soil pH was determined using a portable pH meter (pH 7 Vio, Metrocal, Italy) after 463 

extraction using a soil-to-solution ratio of 1:2.5. BrieƲy, 10 g of oven-dried, sieved soil (<2 464 

mm) were mixed with 25 mL of deionised water, the suspension was shaken for 60 min 465 

and then centrifuged at 2000 g for 3 min.  pH-H2O was subsequently determined directly 466 

in the supernatant. 467 

Soil organic carbon. Oven-dried soil was ball-milled for 6 min at 30 Hz (Mixer Mill MM 400, 468 

Retsch, Italy), and approximately 0.2 g of homogenised material was weighed into silver 469 

capsules. Samples were acidiƱed with 1 mol L⁻¹ HCl and heated to remove carbonates 470 

before combustion in an elemental analyser (EA Flash 1112, Thermo ScientiƱc, Germany) 471 

for TOC determination. The oxidation and reduction furnaces operated at 1020 °C and 900 472 

°C, respectively, and H₂O was removed with a Mg(ClO₄)₂ trap. 473 



Soil texture. Soil texture was determined using a combined sieve–hydrometer method 474 

after dispersion with sodium pyrophosphate (Na₄P₂O₇). BrieƲy, 100 g of oven-dried, sieved 475 

soil were placed in a 1 L graduated cylinder with 100 mL of distilled water and 25 mL of 0.1 476 

mol L⁻¹ Na₄P₂O₇, shaken thoroughly, and brought to volume. After a second shake, 477 

hydrometer readings were taken at 30 s (sand and silt fractions) and 2 h (clay fraction), 478 

together with suspension temperature. The proportions of sand, silt and clay were then 479 

calculated using standard particle-size equations and then the texture was assigned 480 

using the USDA triangle. 481 

 482 

Data processing and analysis 483 

ECHOREPO. ECHOREPO33 was developed as the digital infrastructure supporting the 484 

collection, curation, access and reuse of citizen science soil observations generated 485 

within the project. The platform is an open-source and reusable codebase grounded in 486 

established web, database, authentication and data-publication technologies. 487 

ECHOREPO is continuously updated as new samples are registered when citizen 488 

scientists complete the sampling and data collection. The ECHOREPO dataset 489 

comprises soil data collected in the Ʊeld by citizen scientists, at the sampling location of 490 

their choice. The dataset includes information on soil pH, soil organic carbon, soil texture, 491 

soil structure, soil biodiversity (expressed as earthworms), soil contamination (expressed 492 

as number of metal and plastic debris), GPS coordinates of the sampling site and 493 

photographs of the soil sample, landscape and vegetation cover at the sampling site. 494 

Additional information through comments can be found in the dataset and were added by 495 

the citizen scientists when collecting their samples. The dataset was accessed on 496 

22/06/2026 and contained 6954 unique entries. Data were screened before analysis, and 497 

entries were discarded when (i) the GPS coordinates contained errors, (ii) the sample 498 

collection was incomplete, (iii) the samples corresponded to pot experiments rather than 499 

Ʊeld soil samples. Overall, 225 data were excluded, resulting in 6729 entries for further 500 

analysis. The ECHOREPO soil sampling locations, number of samples per country and 501 

number of samples per major land covers are shown in Fig S9, Tables S1 and S2. 502 

Comparison of ECHOREPO citizen science measurements with laboratory-based 503 

measurements. The deviation between citizen scientist measured soil parameters (pH 504 

and organic carbon content) and the laboratory-based measurements was determined by 505 

calculating the regression slope and coeƯicient as well as the root mean square error 506 

(RMSE), the relative RMSE, the mean bias error (MBE) and the relative MBE. The agreement 507 

between soil texture classes assessed by citizen scientist and laboratory-based method 508 

was assessed by using the Weighted Kappa coeƯicient. Kappa coeƯicient can range from 509 

-1 to 1, with values < 0 showing poor agreement, values between 0 and 0.2 indicate slight 510 



agreement, values between 0.2 and 0.4 indicate fair agreement, values between 0.4 and 511 

0.6 indicate moderate agreement, values between 0.6 and 0.8 indicate substantial 512 

agreement and values between 0.8 and 1 indicate almost perfect agreement34. 513 

Comparison of ECHOREPO citizen science measurements with LUCAS 2018 data. The 514 

LUCAS 2018 dataset used in this study consists of records from the 2018 sampling 515 

campaign, based on a random sampling design stratiƱed by land use and topography. Soil 516 

samples were taken to be representative of 0–20 cm depth and an areal extent of 16 m², 517 

see Orgiazzi et al. (2018)8 for further details. The bulked soil samples were air-dried and 518 

sieved to their < 2 mm fractions. Soil analytical data for clay, organic carbon and pH in 519 

H2O was then determined following ISO protocols. 520 

For each ECHOREPO and nearest LUCAS sampling point, the land cover types were 521 

extracted from CORINE (Coordination of Information on the Environment) Land Cover 522 

201835 to assess the composition in land cover from the two datasets. The second level of 523 

CLC was used. The classes 11,12,13 and 14 were grouped all together in unique classes 524 

renamed “Urban areas” as in the ECHOREPO dataset, class 11 (Urban fabric class in CLC) 525 

represented 25% of land cover and 12, 13 and 14 represented 3, 0.4 and 2% respectively. 526 

The next steps of our assessment consisted of comparing the ECHOREPO data with the 527 

LUCAS 2018 data. We implemented this in three distinct steps. First, for each ECHOREPO 528 

sampling point, the nearest LUCAS sampling point was identiƱed. Among the available 529 

LUCAS 2018 soil properties, only pH measured in water, pH-H₂O, was retained for further 530 

analysis. Secondly, to map the agreement on pH-H2O and soil texture between 531 

ECHOREPO and LUCAS datasets, we used the derived-raster data from LUCAS 532 

dataset23,36. For each ECHOREPO sampling point, raster pH values and soil texture 533 

classes were extracted using a buƯer of 1000 m radius. Since ECHOREPO use a simpliƱed 534 

seven soil texture classiƱcation, LUCAS-derived raster texture data were harmonised 535 

accordingly before comparison (Table S3) and the “Other” class from ECHOREPO was 536 

considered as non-available data.  537 

For the spatial distribution of pH RMSE and Kappa coeƯicient for soil texture, we used the 538 

Nomenclature of Territorial Units for Statistics (NUTS) which is a system developed by 539 

Eurostat to divide the European Union’s territory into diƯerent regions for the purpose of 540 

statistics. The system has three levels NUTS1 (large regions with population of 3-7 million 541 

inhabitants), NUTS2 (group of counties and unitary authorities with a population of 0.8-3 542 

million inhabitants), and NUTS3 regions (counties of 150-800 thousand inhabitants)37. The 543 

NUTS2 regions were used for spatial representation of data (i) to ensure adequate sample 544 

density per region for robust statistical estimation and (ii) to be consistent with precedent 545 

digital soil mapping using LUCAS Soil data38. We assessed the relationship between pH 546 

RMSE with sampling density at NUTS2 regions level. Sampling density was calculated as 547 



the number of samples per NUTS2 region divided by the region’s area, expressed per 100 548 

km². For the spatial distribution of pH RMSE and Kappa coeƯicient for soil texture at NUTS 549 

2 level, no sample size threshold was applied. The NUTS2 regions with fewer than 5 paired 550 

samples represented 26.7 % of the entries for RMSE computed for pH and 26.4 % for 551 

Kappa coeƯicient computed for soil texture. 552 

Digital soil mapping to integrate ECHOREPO citizen science measurements with LUCAS. 553 

We then investigated to what extent the ECHOREPO data could be integrated with the 554 

LUCAS survey when creating a digital soil map of pH. For this purpose, we combined the 555 

ECHOREPO citizen-science (CS) pH measurements with the LUCAS 2018 dataset to Ʊt a 556 

quantile random-forest (qRF) model.  557 

As a case-study area, we used the NUTS2 regions that contained CS measurements (see 558 

Suppl. Material) and the associated LUCAS 2018 data. For both datasets we extracted the 559 

same covariate layers that were used in Ballabio et al. (2019) to map pH across the 560 

European Union (Table S4) with one additional covariate: the aridity index (potential 561 

evapotranspiration / precipitation). We calculated the mean aridity index over the 01-01-562 

2001—01-01-2021 period, as in Breure et al. (2025)39, using the TerraClim dataset 563 

available in Google Earth Engine40. Given that the covariate layers were at 500-meter 564 

resolution, we averaged the CS locations that fell within the same raster cell, giving us the 565 

Ʊnal CS dataset (n = 4933).  566 

The detailed steps were as follows: Ʊrst, the LUCAS data were split by taking a random 567 

sample of 75% for training, where the remaining 25% was the hold-out test set. Second, 568 

given the large number of covariates, we applied recursive feature elimination with 10-fold 569 

repeated cross-validation to select the optimal covariates that minimized the RMSE. 570 

Thirdly, we used the Ʊtted qRF to map the 5th, 50th and 95th quantiles (q5, q50, q95) of 571 

pH and extracted these predictions for the CS sites (Fig. 10).  572 

We hypothesized that CS measurements at locations where the LUCAS map was 573 

uncertain would contain more useful information. To test this hypothesis, we calculated 574 

a range of uncertainty metrics based on the 90th prediction interval (q95-q5) of the CS pH 575 

data. These were: prediction-interval scaled by the median (q50), the interval score (IS) 576 

(Gneiting and Raftery, 2007), and whether the CS measurement was covered within the 577 

prediction interval (see Suppl. Material for further details). These metrics were combined 578 

in a full-factorial manner to generate case-weighting schemes for the CS measurements 579 

(Fig. S10).  580 

The CS measurements, which had not been used so far, were then re-arranged in 581 

decreasing order based on the weighting scheme. We then tested the eƯect of selecting 582 

by weighting schemes, by selecting a sample size ܰ ∈ {1000, 2000, 3000, 4000,583 4933} from the CS measurements. We also tested for an unweighted (equal) scenario, 584 



where we obtained a random sample of size ܰ, so we could assess the eƯect of applying 585 

the weighting. The selected samples were added to the LUCAS training data, and we 586 

reƱtted the qRF model, using the same covariates as the original model. The entire 587 

procedure described above was repeated 100 times, to minimize diƯerences between 588 

models due to a speciƱc feature- and/or geographic distribution in training/testing data. 589 

Once all the results were obtained, we assessed the predictions on the hold-out test set 590 

from the various model conƱgurations and iterations. We assessed these using the 591 

following mean predictions metrics: the total error (RMSE + |Bias|), coeƯicient of 592 

determination (R2) and the ratio of performance to inter-quartile range (RPIQ)41, and the IS 593 

and the prediction interval coverage probability (PICP)42. We calculated these metrics 594 

both for the entire test set, and also by NUTS2 region to quantify the local eƯect of adding 595 

CS measurements. The NUTS2 region comparison was only done for the best performing 596 

weight- and sample size combination, compared to the LUCAS data alone. We performed 597 

pair-wise testing (Wilcoxon Signed Rank Test, WSRT) on the diƯerences in total error 598 

distributions across 100 iterations between the CS and LUCAS implementation. We did 599 

this where: i.) the number of test samples in the NUTS2 exceeded two, and ii.) the 600 

frequency with which a NUTS2 region appeared in the test set exceeded two, as required 601 

by the WSRT (see Suppl. Material for further details). 602 

All statistical analysis were performed using R software43. In addition to base R functions 603 

the following packages were used: ranger44, terra45, sf46, irr47, geosphere48, eurostat49, and 604 

tidyverse50. 605 

 606 

Data availability 607 

The ECHOREPO is available in the Zenodo repository at 608 

https://doi.org/10.5281/zenodo.21105834.  609 
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Figure 1: Comparison of citizen scientist measurements with laboratory-based 1 

measurements. pH values (A) and soil organic carbon content (B) measured using citizen 2 

science methods as a function of the same parameters measured using laboratory-based 3 

methods. For each data point, the colour represents the number of samples (n), with the 4 

darker colour the fewer samples for each single value. The blue line, the thin solid line and 5 

the dashed lines represent the regression line with 95% conƱdence interval (grey shaded 6 

area), the 1:1 line and the ± 0.5 pH unit or organic C (%), respectively. The adjusted 7 

coeƯicient of the regression (adj R²), the root mean square error (RMSE), the relative root 8 

mean square error (rRMSE), the mean bias error (MBE), and the relative mean bias error 9 

(rMBE) are calculated. 10 
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 21 

Figure 2: Proportion of land cover types in ECHOREPO dataset (A) and LUCAS 2018 22 

dataset (B). Each colour represents a diƯerent land cover type extracted from CORINE 23 

Land Cover 2018 raster (100 m resolution). 24 
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 29 

Figure 3: pH values measured by ECHO citizen science method as a function of LUCAS-30 

derived raster pH values. For each data point, the colour represents the number of 31 

samples (n), with the darker colour the fewer samples for each single value. The black 32 

dashed line and the blue thin line represent the 1:1 line and the regression line, 33 

respectively.  34 

  35 



 36 

 37 

Figure 4: Aggregation of pH measurements and root mean square error (RMSE) at NUTS2 38 

level. Spatial distribution (A) of the calculated RMSE between citizen scientists soil pH 39 

measurements and LUCAS-derived-raster pH data at NUTS2 level across Europe and 40 

scatter plot of median pH values measured by citizens scientists as a function of LUCAS-41 

derived raster median pH values (B). On the map, the darker the colour, the lower the 42 

RMSE. Grey zone corresponds to areas where no ECHO samples were collected when the 43 

data were extracted from ECHOREPO. For the scatter plot, each point represents a NUTS2 44 

region (n = 146), with point size representing the sampling density (number of samples per 45 

100 km²) of a region. The black thin line represents the regression line with 95% 46 

conƱdence interval (grey shaded area).  47 
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Figure 5: Aggregation of Kappa coeƯicient at NUTS2 level. Spatial distribution (A) of the 57 

calculated Kappa coeƯicient between citizen scientists soil texture assessment and 58 

LUCAS-derived-raster texture data at NUTS2 level across Europe and scatter plot of 59 

Kappa coeƯicient at NUTS2 level as a function of the sampling density (number of 60 

samples per 100 km²) (B). On the map, the darker the colour, the lower the Kappa 61 

coeƯicient. Grey zone corresponds to areas where no ECHO samples were collected 62 

when the data were extracted from ECHOREPO. For the scatter plot, each point 63 

represents a NUTS2 region (n = 148), with point size representing the sampling density 64 

(number of samples per 100 km²) of a region. The red thin line represents the regression 65 

line with 95% conƱdence interval (grey shaded area). 66 
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 77 

Figure 6. A. The distribution of variable importance for the covariates selected for the quantile 78 

regression forest models. The distributions represent the variation across all 100 iterations, the 79 

brown dots represent the frequency with which a covariate was selected. B. the distribution of 80 

prediction metrics on the test set across all 100 iterations, for varying sample sizes (N). LUCAS 81 

represents the model without any citizen science (CS) data, Eq. is with CS data added through 82 

a random sample, the remaining categories are diƯerent weighting schemes used in the 83 

selection of CS data (see Methods). 84 
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 86 

 87 

Figure 7. A. the Wilcoxon signed-rank test (WSRT) results at NUTS2 level. Symbols represent 88 

the direction of the eƯect (positive- or negative) and colors whether the test was signiƱcant at 89 

an α = 0.05 level. Lines correspond to the 95% conƱdence intervals. B. spatial representation of 90 

the WSRT results at NUTS2 level, where symbols and colors are follow the same structure as 91 

panel a. C. the frequency in which a citizen-science measurement has been selected across the 92 

100 iterations. The citizen-science data in all panels is represented by the IS-PIQ50-PIC 93 

weighting implementation, considering a sample size (N=2000). 94 

 95 



Table 1: Confusion matrix for soil texture assessed by citizen scientists and soil texture 1 

based on laboratory method. Rows correspond to soil texture classes from citizen 2 

scientists’ observations and columns correspond to soil texture classes from laboratory 3 

measurements. Diagonal values correspond to correct match of texture classes and oƯ-4 

diagonal values indicate disagreement among texture classes. Values indicate the 5 

number of samples assigned to each texture class combination. Laboratory-based 6 

texture classes were harmonized to Ʊt the ECHO seven texture classes. 7 
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Clay loam Clay Sand Sandy clay Sandy loam Silty Silty clay Other 

Clay loam 1 
   

5 
   

Clay 3 0 
  

6 
   

Sand 
  

2 
 

7 
   

Sandy clay 3 
  

0 10 
   

Sandy 

loam 
1 

   
19 

   

Silty 2 
 

1 1 15 0 
  

Silty clay 5 
   

17 
 

0 
 

Other 
  

1 
 

1 
  

0 



Table 2: Confusion matrix for soil texture assessed by citizen scientists and LUCAS-16 

derived raster texture. Rows correspond to soil texture classes from citizen scientists’ 17 

observations and columns correspond to LUCAS-derived raster texture. Diagonal values 18 

correspond to correct match of texture classes and oƯ-diagonal values indicate 19 

disagreement among texture classes. Values indicate the number of samples assigned to 20 

each texture class combination. LUCAS-derived raster texture class were harmonized to 21 

Ʊt the ECHO 7 texture classes. 22 
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Clay 

loam 
Clay Sand Sandy 

clay 
Sandy 

loam 
Silty Silty clay 

Clay loam 123 1 4 3 674 63 1 

Clay 123 0 23 1 585 29 1 

Sand 106 
 

62 
 

570 21 
 

Sandy clay 171 
 

28 3 764 43 
 

Sandy loam 172 1 43 4 1348 80 
 

Silty 133 
 

12 1 383 45 
 

Silty clay 198 1 2 1 503 81 0 
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 16 

Figure S1: Soil organic carbon content (%) measured using citizen science method as a 17 

function of the same parameter measured using laboratory-based method. For each data 18 

point, the colour represents the number of samples (n), with the darker colour the fewer 19 

samples for each single value. The blue line, the thin solid line and the dashed lines 20 

represent the regression line with 95% conƱdence interval (grey shaded area), the 1:1 line 21 

and the ± 0.5 organic C %, respectively. The adjusted coeƯicient of the regression (adj R²), 22 

the root mean square error (RMSE), the relative root mean square error (rRMSE), the mean 23 

bias error (MBE), and the relative mean bias error (rMBE) are calculated24 



Figure S2: Proportion of LUCAS land cover types within each ECHO land cover types. Land cover types were derived from the CORINE 
Land Cover 2018 raster (100 m resolution). White cells indicate land cover combinations absent from the dataset.



 

Figure S3: Root mean square error (RMSE) on pH measurements as a function of 
sampling density represented at NUT2 level. Each point represents a NUTS2 level. 

 

 



 

Figure S4: a. Median pH in NUTS2 region for a signiƱcant- or non-signiƱcant Wilcoxon 
signed-rank test (WSRT) statistic, b. Median pH in NUTS2 region for a negative- or positive 
mean diƯerence between the CS and LUCAS implementation, c. The frequency in which 
a sample was selected across 100 iterations, where ECHOREPO pH values have been 
binned by a 0.5 interval. d. histogram of pH for the entire ECHOREPO dataset (n = 6477). 
All Ʊgures refer to where the CS implementation is for a sample size of (N = 2000) based 
on the IS-PIQ50-PIC weighting metric, except panel d. 

 

 

 



 

 

Figure S5: Kernel density distribution of the 90th prediction interval (95th quantile – 5th quantile) metrics that were used for weighting 
the ECHOREPO data to be included in the training dataset. IS is the interval score (Gneiting and Raftery, 2007). Pcov is a binary 
variable, whether the CS measurement fell within the PI or not. PI-Q50 is the prediction interval dived by the median ((q950q5)/q50).  



Figure S6: ECHO colour chart used int eh ECHOsoil mobile application by citizen 
scientists to estimate soil pH, with pH values increasing from left to right, ranging from pH 
3 (strongly acidic soil) up to pH 9 (strongly alkaline soil). Citizen scientists can then 
choose pH values, inside this pH range, separated by 0.5 pH unit path if the colour is not 
completely readable on the pH paper strip. 

 

Figure S7: ECHO colour chart used by citizen scientists to estimate soil organic matter 
content from soil colour, with darkest shades indicating higher organic matter content 
(from 5% to 1.5%, from left to right). 



 

Figure S8: ECHO decision-making Ʋowchart used by citizen scientists to determine soil 
texture, assessed by the “texture-by-feel” method (adapted from USDA soil quality guide). 

 



Figure S9: Map of ECHOREPO sampling locations 

 



 

Table S1: Sampled countries and related number of ECHOREPO samples 

 

Table S2: Major land cover types and related number of ECHOREPO samples  

 

 

 

 

 

Coutry Number of ECHOREPO samples

Austria 110

Belgium 7

Bulgaria 9

Cyprus 2

Estonia 30

Finland 589

France 139

Germany 550

Greece 501

Ireland 1

Italy 968

Latvia 9

Lithuania 14

Luxembourg 2

Netherlands 3

Poland 668

Portugal 820

Romania 1059

Slovakia 2

Slovenia 28

Spain 878

Sweden 3

Switzerland 29

United Kingdom 308



Table S3: Correspondence between LUCAS original soil texture classes and the 
harmonized classes used for comparison with the ECHOREPO dataset. 

LUCAS original soil texture class Harmonized class 

Sand, Loamy sand Sand 

Sandy loam, Loam Sandy loam 

Sandy clay, Sandy clay-loam Sandy clay 

Silt, Silt loam, Silt clay-loam Silt 

Clay loam Clay loam 

Silty clay Silty clay 

Clay Clay 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Digital soil mapping methodology to integrate ECHOREPO with LUCAS 

Covariates used in the integraƟon of ECHOREPO with LUCAS data  

Table S4 Covariates used for the digital soil mapping workŇow to integrate ECHOREPO with LUCAS. 
This table corresponds to Table 1 in Ballabio et al. 2019, with the addiƟon of the aridity index. All 
covariates were considered 500 meter resoluƟon, see Ballabio et al. 2019 for further details. 

Covariate code DescripƟon 

mir_PCAbi 
Component i of PCA transformed of MODIS 
mulƟtemporal Mean Infrared band for year 

2009 

nir_PCAbi 
Component i of PCA transformed of MODIS 
mulƟtemporal Near Infrared band for year 

2009 

red_PCAbi Component i of PCA transformed of MODIS 
mulƟtemporal Red band for year 2009 

blue_PCAbi Component i of PCA transformed of MODIS 
mulƟtemporal blue band for year 2009 

phen_MODISi Periodic component i of MODIS NDVI Ɵme 
series Fourier harmonic analysis 

trend_MODISi Trend component i of MODIS NDVI Ɵme 
series Fourier harmonic analysis 

tmaxi_500 
Average max temperature of month i from 

WorldClim 

tmini_500 
Average min temperature of month i from 

WorldClim 

preci_500 
Average precipitaƟon of month i from 

WorldClim 

bioi_500 BioclimaƟc index i from WorldClim 

ycoord LaƟtude 

Xcoord Longitude 

elevaƟon ElevaƟon 

valley height Valley height index 

gen_surface Smoothed ElevaƟon 

Ls 
RUSLE topographic factor (Slope Length and 

Steepness factor) 
Aacn AlƟtude above channel network 

airŇow_height EīecƟve Air Flow Heights (Böhner and 
Antonić, 2009) 

downsl_dist_grad 
Downslope Distance Gradient (Hjerdt et al., 

2004) 
corine Classes 1:i of CORINE land cover 

parent.mat Classes 1:i of ESDB parent material 
aridity Aridity index based on TerraClim 

 

https://www.sciencedirect.com/science/article/pii/S0016706119304768#bb0050
https://www.sciencedirect.com/science/article/pii/S0016706119304768#bb0050
https://www.sciencedirect.com/science/article/pii/S0016706119304768#bb0115
https://www.sciencedirect.com/science/article/pii/S0016706119304768#bb0115


ECHOREPO sample selecƟon for integraƟon with LUCAS data 

Some NUTS2 regions with CS data did not have associated LUCAS data, such as the Balearic 
islands, Switzerland and some small NUTS2, but we decided not to exclude these. However, due 
to lack of complete covariates we excluded: i.) 251 CS measurements, giving a total CS dataset 
of 6477 observaƟons, ii.) 121 LUCAS measurements, giving a total LUCAS dataset of 12360 
observaƟons. For both CS and LUCAS, the locaƟons were spread across various Member States. 

WeighƟng schemes of ciƟzen-science (CS) measurements 

In our study, we tested the eīect of selecƟng CS measurements by weighƟng schemes based 
on the 90th predicƟon interval metrics of the CS pH data from the LUCAS model (i.e. without 
adding the CS data). The weighƟng was implemented as follows:  

Firstly, we calculated the following metrics: predicƟon-interval scaled by the maximum q50 
value (PI-Q50): 

Eq. 1 𝑃𝐼𝑄50௜ = ௜ݑ  − ݈௜̂ݕ௜  

Where ݑ௜  and ݈௜ are the upper- and lower limits of the 90th predicƟon interval (q95 and q5, 
respecƟvely) ̂ݕ௜ the esƟmated median (q50). We also computed the interval score (IS) (GneiƟng 
and RaŌery, 2007): 

Eq. 2 𝐼 ௜ܵ(߬) = ௜ݑ) − ݈௜) +  21 −  ߬ ௜ݕ) − (௜ݑ  ∙ ௜ݕ)ߜ  > (௜ݑ  + 21 −  ߬ (݈௜ − (௜ݕ  ∙ ௜ݕ)ߜ  <  ݈௜) 

Where ߬ is the conĮdence level (90% PI) and ݑ௜  and ݈௜ its upper- and lower limits, ݕ௜ is the CS 
measurement and ߜ is a boolean indicator funcƟon taking 1 if true and 0 if false. Lastly, we 
calculated whether the CS measurement lay within the predicƟon interval: 

Eq. 3 𝑃𝐼ܥ(߬)௜ = ௜݈)ߜ  < ௜ݕ  <  (௜ݑ 

Each of these were then standardized by applying the following equaƟon: 

Eq. 4 ݓ௜  =  1 − ௜ݔ − min (ݔ)max(ݔ) − min (ݔ) 



such that lower values obtained higher weighƟng. The sum of each combinaƟon, to obtain a 
full-factorial comparison, was then also standardized by Eq. 5, without subtracƟon from 1 since 
they had been already inverted in the Įrst step. 

The predicƟon interval coverage probability (PICP), used not for the weighƟng but for the test-
set evaluaƟon, has a slightly diīerent formulaƟon: 

Eq. 5 𝑃𝐼ܥ𝑃(߬) =  1݊ ∑ ௜݈)ߜ < ௜ݕ  < ௜)௡௜ݑ  / ܰ 

Where ݕ௜ is the LUCAS measurement and N the total sample size. 

ImplementaƟon of the Wilcoxon signed rank test 

AŌer we calculated the total error on NUTS2 region level for each CS implementaƟon, we 
compared the best performing CS implementaƟon (IS-PIQ50-PIC). SpeciĮcally, we subtracted 
the error of the IS-PIQ50-PIC results with the error from the LUCAS implementaƟon. Thus, 
negaƟve diīerences meant that the CS implementaƟon performed beƩer and vice versa. 

We then assessed the heteroskedasƟcity of diīerences and equal variance assumpƟons 
required for a regular t-test. Pairwise diīerences were evaluated using the Shapiro-Wilk test 
(Shapiro & Wilk, 1965) for each NUTS2 region. Homogeneity of variance between CS and LUCAS 
total errors was assessed using Levene's test (Levene, 1960), which is robust to departures from 
normality. Given that not all NUTS2 regions fulĮlled these assumpƟons (Shapiro-Wilk p < 0.05 
or Levene's test p < 0.05), we applied the Wilcoxon signed rank test (WSRT) to all NUTS2 regions 
for consistency. WSRT is a non-parametric alternaƟve to the paired t-test (Wilcoxon, 1945). 

Since we used random sampling to create the training/tesƟng dataset, for each iteraƟon: i.) 
diīerent NUTS2 regions occurred in the tesƟng dataset, ii.) a varying number of LUCAS test sites 
occurred in each NUTS2 region. Furthermore, some NUTS2 regions had a low number of LUCAS 
sites in general, which meant that in some cases a low number of sites would be used for 
calculaƟng the predicƟon metrics. Therefore, we disregarded NUTS2 regions that had fewer 
than 2 LUCAS sites (10 out of 148). AddiƟonally, we also regarded a NUTS2 region if it did not 
appear more than twice across the 100 iteraƟons, since WSRT requires a sample size higher 
than two, but this did not occur. 

To compare paired error distribuƟons of CS and LUCAS implementaƟons across NUTS2 regions, 
we applied a paired WSRT using the wilcox.test funcƟon in base R. To account for mulƟple 
comparisons across NUTS2 regions, p-values were adjusted using the Benjamini-Hochberg 
correcƟon (Benjamini & Hochberg, 1995). Diīerences were considered staƟsƟcally signiĮcant 
at α = 0.05 (adjusted p-value). Mean diīerences were calculated for each NUTS2 region, and we 
reported the results with test staƟsƟcs, 95% conĮdence intervals, and the adjusted p-values. 



 

Figure S10: Flow-chart of the digital soil mapping procedure and testo to integrate the ECHOREPO citizen science data with the 
LUCAS dataset. qRF stands for quantile regression forest, PI90 stands for the 90th prediction interval, derived by subtracting the 95th 
quantile with the 5th quantile.
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