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38 Summary

39  Soil photoautotrophic prokaryotes and micro-eukaryotes– known as soil algae– are, together 

40 with heterotrophic microorganisms, a constitutive part of the microbiome in surface soils. 

41 Similar to plants, they fix atmospheric carbon (C) through photosynthesis for their own 

42 growth, yet their contribution to global and regional biogeochemical C cycling still remains 

43 quantitatively elusive. 

44  Here, we compiled an extensive dataset on soil algae to generate a better understanding of 

45 their distribution across biomes and predict their productivity at a global scale by means of 

46 machine learning modelling. 

47  We found that on average 5.5 ± 3.4 × 106 algae inhabit each gram of surface soil. Soil algal 

48 abundance especially peaked in acidic, moist and vegetated soils. We estimate that globally, 

49 soil algae take up around 3.6 Pg C per year, which corresponds to approximately 6% of the 

50 net primary production of terrestrial vegetation. 

51  We demonstrate that the C fixed by soil algae is crucial to the global C cycle and should be 

52 integrated into land-based efforts to mitigate C emissions.

53

54 Keywords: biogeography; microbial photosynthesis; net primary productivity; photoautotrophs; 

55 soil C cycle; soil microbiome
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56 Introduction

57 Soils are a critical component of the global C cycle and are paramount in mitigating climate change 

58 (Amelung et al., 2020). They are the largest repository of organic matter on land, storing ~1,500 Gt 

59 C which largely exceeds the amount of C stored in the aboveground vegetation (i.e. ~560 Gt C) 

60 (Crowther et al., 2019). The magnitude of the soil organic C pool strongly depends upon 

61 microorganisms as microbial growth and activity balance the accumulation and release of organic C 

62 through the decomposition of plant litter (Liang et al., 2017a). To date, research on soil 

63 microorganisms has mostly focused on heterotrophic microbes and their role in C release with less 

64 attention paid to the role of microbial photosynthesis in soil C inputs. Yet, many soil microorganisms 

65 are capable of CO2 fixation (Šantrůčková et al., 2018; Crowther et al., 2019; Oliverio et al., 2020; 

66 Akinyede et al., 2020; Bay et al., 2021) and might therefore contribute to soil C fluxes. In particular, 

67 while microbial photosynthesis in aquatic systems can quantitatively rival that of terrestrial plants 

68 (Field et al., 1998), microbial C fixation in soils has so far never been evaluated at a global scale (but 

69 see Elbert et al. (2012) for partial estimations based on cryptogam ground cover).

70 Recent global studies characterizing soil biodiversity have shown that microorganisms capable 

71 of CO2 fixation are omnipresent in soil (Cano-Díaz et al., 2020; Oliverio et al., 2020; Bay et al., 

72 2021). Soil photoautotrophic microbes that fix atmospheric CO2 through photosynthesis are often 

73 referred as soil algae, while others perform CO2 fixation using chemoautotrophy or heterotrophy via 

74 several metabolic pathways and reactions (Miltner et al., 2004). The role of non-phototrophic CO2 

75 fixation in soil C balance has been increasingly studied in the past few years (Miltner et al., 2004, 

76 2005; Šantrůčková et al., 2018; Spohn et al., 2019; Akinyede et al., 2020). However, soil algae often 

77 constitute a small proportion of the soil microbiome biomass (Mitchell et al., 2003; Jassey et al., 

78 2013), and, for this reason, are often seen insignificant for soil C uptake (but see Yuan et al., 2012; 

79 Wu et al., 2015; Ge et al., 2016). Yet, soil algae occur in a range of surface soils, such as forest, 

80 grassland, and desert soils (Cano-Díaz et al., 2020; Oliverio et al., 2020), and encompass myriads of 

81 prokaryotes and micro-eukaryotes, with Cyanobacteria and Chlorophyta being the most commonly 

82 reported phyla in soil diversity surveys (Cano-Díaz et al., 2020; Oliverio et al., 2020). 

83 Soil algae have been extensively studied in drylands, where phototrophic biocrusts often 

84 constitute the main source of C for the soil system (Maier et al., 2018). However, very few studies 

85 have considered the importance of soil C inputs by microscopic algae in other ecosystems (Wyatt et 

86 al., 2011; Yuan et al., 2012; Schmidt et al., 2016; Halvorson et al., 2019; Hamard et al., 2021a). 

87 Despite their apparent global distribution, our understanding of the ecological preferences of soil 

88 algae across broad spatial scales remains limited. While some previous work has suggested that soil 

89 moisture availability is a key driver of soil algal net primary productivity (NPP) (Brostoff et al., 2005; 

90 Yoshitake et al., 2010; Hamard et al., 2021b,a), other studies have highlighted the importance of 
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91 temperature (Shimmel & Darley, 1985; Dettweiler-Robinson et al., 2018) or plant community 

92 composition (Hamard et al., 2021a), and it remains unclear how predictable soil algal NPP is at larger 

93 spatial scales. As a result, quantitative information on soil algal C fixation remain mostly restricted 

94 to drylands (Rodriguez-Caballero et al., 2018) and is not readily available at the global scale. 

95 Generating quantitative, spatially explicit information about the distribution and productivity of soil 

96 algae at a global scale is thus critical for understanding microbial control over soil C dynamics, from 

97 contributions to soil C uptake to soil C stabilization and sequestration (Liang et al., 2017a). 

98 In this study, we address a set of fundamental questions to advance our understanding of the 

99 importance of soil algae in the soil C cycle: 1) What are the habitat preferences of soil algae? 2) How 

100 predictable is the CO2 fixation rate of soil algae across large spatial scales and environmental 

101 gradients? 3) What is the contribution of soil algae to ecosystem C uptake? To address these 

102 questions, we collated data on soil algal abundance and net primary productivity (NPP) from 203 

103 georeferenced locations in all major terrestrial biomes (Fig. 1a; Table S1 and S2). We first conducted 

104 a biome-level analysis to reveal the main patterns of soil algal abundance and NPP. Second, we 

105 identified the main drivers of the abundance and NPP of soil algae across biomes by using a stack of 

106 55 global layers of climate, soil and vegetation characteristics (Table S3). Finally, we used geospatial 

107 machine learning to generate a global, one kilometer-resolution map of soil algal net C fixation across 

108 the globe, and estimate their global contribution to terrestrial net primary productivity.

109

110 Materials and Methods

111 Literature survey. We collected data on soil algae from previously published studies and 

112 unpublished data collections using a systematic review approach. We searched for studies that 

113 quantified the density and/or chlorophyll biomass and/or primary productivity of soil algae in surface 

114 soils. Peer-reviewed publications were collected by searching Web of Science (WoS; 1 January 1970 

115 to 10 November 2019), Google Scholar (1 January 1970 to 10 November 2019) and ResearchGate to 

116 construct our data sets for a period of 7 months (January-June 2019, with updates in November 2019). 

117 We used the keywords 'soil algae' OR 'photoautotroph' AND 'biomass' OR 'abundance' AND 

118 'photosynthesis' OR 'primary productivity' to build our data base on soil algal abundance, chlorophyll 

119 biomass and primary productivity in different type of ecosystems. We standardized our efforts by 

120 focusing on studies in which samples were taken from uppermost centimeters soil, including litter, as 

121 soil algae further down in the soil column are expected to have only very small photosynthetic rates. 

122 For experimental studies, only the controls were considered.

123
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124 Data collection. After initial screening, PDFs of all papers were manually screened to collect data. 

125 In order to be suitable for our analyses, the chosen papers had to present (or make reference to) the 

126 following information and data: 

127 - Sampled soil algal communities using standard methodologies, which would adequately 

128 capture quantitative information of the abundance per gram of dry soil, such as cytometry 

129 information, or the C-analyzer used to quantify primary productivity. At a minimum, total 

130 abundance or chlorophyll biomass or primary productivity of algae at each site had to be 

131 measured. Ideally, there was information on the microbial domain (prokaryotes and/or 

132 eukaryotes), with the abundance data (cell counts) of each domain,

133 - Information on the habitat cover and/or type of ecosystem,

134 - Available geographic coordinates for all sampled sites, or maps that could be georeferenced. 

135 When spatial coordinates were absent, but the type of ecosystem present, we included these 

136 data in Fig. 1 but not in further calculations from Fig. 2, 3 and 4.  

137

138 Data were extracted from tables, figures, the main text and/or supplementary materials; data 

139 extraction from figures was performed using Web Plot Digitizer software 

140 (https://automeris.io/WebPlotDigitizer/). When multiple values were available in each study, we used 

141 the mean in our data analyses. Similarly, when only minimum and maximum values were reported, 

142 we used the mean between these two values. Information including publication year, site location, 

143 number of plots and ecosystem types were extracted from a total of 166 publications. This resulted 

144 in a final subset of 203 georeferenced sites and 19 non-georeferenced sites that were used for further 

145 analyses. These sites include a wide range of ecosystem types (forests, grasslands, croplands and 

146 wetlands) and climatic regions (arid, temperate, tropical, continental and polar ecosystems), which 

147 we classified into seven biomes: grasslands (6.4% of the data), drylands (19.7%), broadleaf and mixed 

148 forests (14.3%), alpine and polar lands (20.7%), wetlands (15.3%), croplands (11.8%), and broadleaf 

149 evergreen forests (11.8%; see Table S1 and S2 for details).

150

151 Data collation. The data taken from one publication, including supplementary material, or from our 

152 own unpublished measurements were considered as a 'dataset'. For each dataset, the following site-

153 level community metrics were calculated where possible: total (prokaryotes + micro-eukaryotes) 

154 abundance of soil algae per gram of dry soil at the site and soil algal net C uptake in gC m-2 yr-1 at 

155 the site level. Issues often arose when compiling data from different studies as the estimate may 

156 depend on the methods used. Therefore, we referenced the methodologies used for quantifying soil 

157 algal abundance and/or NPP for each dataset.
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158 Three methods for quantifying the abundance of soil algae in surface soils were reported in our 

159 database: culture-dependent through counting colony-forming units (CFU; 34% of the data; only 

160 prokaryotes), flow cytometry (12%), and direct microscopy (54%). These three techniques measure 

161 living and active cells only, but their respective limitations (see details in Maron et al., 2006; 

162 Kallmeyer et al., 2008; Beal et al., 2020) may have influenced the final estimate of soil algal 

163 abundance. Although these techniques give similar trends (Beal et al., 2020), CFU may overestimate 

164 cyanobacterial counts as it selects for rapid-growing specimens, whilst flow cytometric and 

165 microscopic cell counting may underestimate densities as they require detachment and mechanical or 

166 optical separation of cells from interfering soil inorganic particles (Maron et al., 2006). To test the 

167 potential bias in our data, we performed a linear mixed effects model with the method used as a fixed 

168 effect and microbial domain nested into ecosystem type and latitude as random effect on the intercept. 

169 The model did not evidence any influence of the methodology used on abundance data (P = 0.73; 

170 Fig. S1a).

171 Further, five different methods to estimate soil algal CO2 fixation were reported in our database: 

172 biomass growth quantification (4% of the data), biological oxygen demand (BOD; 4% of the data), 

173 chlorophyll fluorescence (4%), infrared CO2 gas analyzer (82%), and isotopic labelling (14C, 6%). 

174 All these methods strictly focused on microbial photosynthetic activity (i.e., CO2 fixation in the 

175 presence of light) and minimized or avoided possible non-phototrophic CO2 fixation by subtracting 

176 dark CO2 fixation rates from light CO2 fixation rates. While these techniques differ, they usually are 

177 in agreement and give similar trends (Peterson, 1980; Richardson et al., 1984; Hamard et al., 2021a). 

178 However, depending of the technique, net photosynthesis of algae can be overestimated (e.g. BOD 

179 and chlorophyll fluorescence which provide maximal photosynthetic rates) or underestimated (e.g. 

180 14C isotopic labelling; Richardson1984), especially under conditions of low nutrient and/or high light 

181 (Peterson, 1980). Nevertheless, although biomass and isotopic labelling methods tend to overestimate 

182 soil algal NPP (P < 0.05), we found that this trend was biome-driven and was not significant within 

183 biomes (P = 0.06; Fig. S1b).

184  Unless mentioned otherwise, soil algal C flux rates from studies providing estimates on an 

185 annual basis were included without modification in the data base. Soil algal C flux values reported in 

186 µmol, µg, mg, second, minute, hour, or day were converted into g m-2 yr-1. As microbial 

187 photosynthesis does not occur every day of the year neither all day long, we constrained the microbial 

188 photosynthetic activity to about one third of a day (8 hours), for a limited period of time during the 

189 year; i.e. 80 days in arctic areas, 150 days in subarctic areas, 240 days in temperate areas and 300 

190 days in tropical areas. Maximal photosynthetic rates under optimal conditions were limited to about 

191 1/3 of the maximal value to account for limitations of photosynthetic activity and dark respiration 
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192 (Elbert et al., 2012). Reported rates that did not take into account for dark respiration were scaled 

193 with a factor of 2/3, as showed by our specific measurements in the field (Fig. S2). 

194

195 Environmental data collection. In order to identify the main environmental drivers of the abundance 

196 and net primary productivity of soil algae, and create spatial predictive models of primary 

197 productivity, we sampled a stack of 55 environmental variables at each of the data point locations 

198 using the Google Earth Engine Platform (Gorelick et al., 2017) (Table S3). The stack was composed 

199 of nineteen long term climate variables extracted from the WorldClim V1 database. They averaged 

200 monthly data spanning the period 1960-1991. Fourteen long term additional climate variables were 

201 extracted from TerraClimate, and averaged for the period 1958-2019. Several vegetation related 

202 variables were extracted from Terra Moderate Resolution Imaging Spectroradiometer (MODIS) : 

203 vegetation indices as proxies for plant cover (Leaf Area Index) and biomass (Normalized Difference 

204 Vegetation Index, Enhanced Vegetation Index), as well as values of primary productivity (Net 

205 Primary Production, Gross Primary Production). We acknowledge that NDVI, EVI, LAI, NPP and 

206 GPP are derived from remote sensing reflectance and can thus be sensitive to the chlorophyll 

207 fluorescence content of soil algae. However, we assume that under plant coverage, their contribution 

208 in surface reflectance remains minor compared to the plant foliage (Chen et al., 2005). Seven soil 

209 variables were extracted from the OpenLand database for the 0-5 cm soil depth. Five variables on soil 

210 moisture were downloaded from the NASA-USDA Global soil moisture and the NASA-USDA 

211 SMAP Global soil moisture. Elevation data were retrieved from the Global Multi-resolution Terrain 

212 Elevation Data 2010. Human population density was also integrated in the analysis. Latitudes and 

213 longitudes were also integrated in the analyses. All details about environmental variables are given 

214 in Table S3. 

215 Data were acquired using the Google Earth Engine platform (Gorelick et al., 2017). Long term 

216 statistics (mean, median, minimum and maximum values) were calculated for the whole available 

217 period in each database for integration in our numerical analyses. To harmonize the different 

218 environmental layers across the globe, it was necessary to aggregate or disaggregate– when 

219 appropriate– the spatial resolution of the different layers to match a 30 seconds resolution. Following 

220 the spatial harmonization, the global layers were matched with each of the 203 data point locations. 

221

222 Identification of the variables of importance in driving soil algal abundance and NPP. We used 

223 a clustering approach by the ClustOfVar package (Chavent et al., 2012) in R to reduce the 

224 environmental covariates of interest and select the most representative and least collinear variables. 

225 We tested a range of cluster numbers (5, 10, 15 and 20) into the ClustOfVar function to define the 

226 best number of variables to test in machine learning modelling. Fifteen variables of interest were 
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227 identified following ClustOfVar (see details in Fig. S3), and related to climate (bio03, bio04, bio10, 

228 bio11, bio12, bio14, bio15), vegetation cover (lai), soil (moist, soc, bulk, ph, sand), and geographic 

229 (lon) conditions (abbreviations for these variables are given in Table S3 and Fig. 2). We then 

230 identified the main environmental drivers of soil algal abundance and NPP among these 15 variables 

231 using the Boruta algorithm, a wrapper of random forest and one of the most efficient tools for variable 

232 selection (Degenhardt et al., 2019). The Boruta algorithm compares the importance of predictor 

233 variables with those of random so-called shadow variables using statistical testing and several runs 

234 of random forests. The Boruta algorithm was computed for the entire data set using 1000 iterations. 

235

236 Predicting soil algal NPP by means of machine learning modelling. Training machine learning 

237 (ML) models on a relatively small number of observations can lead to over-fitting and produce 

238 inaccurate results. As gathering a bigger dataset to overcome these problems was impossible due to 

239 the limited number of available studies in the literature, we used a series of methods and targeted 

240 sensitive analyses testing the robustness of our predictions. Particular attention was given to the 

241 distribution of data, the number of predictors used, the choice of the model(s) and its (their) hyper-

242 parameters, cross validation strategies, and confidence prediction intervals (Bishop, 2006; 

243 Lesmeister, 2019):

244 1) We inspected the distribution of the soil algal NPP values and searched for outliers as they 

245 can strongly influence the model and its prediction. One extremely high and unrealistic value 

246 has been removed from the data base (see Table S2 for detail). 

247 2) We implemented our ML models with the most relevant predictors for soil algal NPP based 

248 on Boruta analysis (see above). Usually, explicit predictor selection is not the best approach 

249 for machine learning, but when data size is limited, it is an essential step to avoid over-fitting 

250 (Meyer et al., 2018). 

251 3) Because complex machine learning models with many parameters (e.g., neural networks 

252 approaches) are more prone to over-fitting issues (Bishop, 2006; Lesmeister, 2019), we 

253 selected and tested six classes of relatively simple machine-learning algorithms (ML) trained 

254 on the six best environmental variables identified with Boruta algorithm to spatially predict 

255 soil algal NPP across space (see Results). We considered the most common ML models, 

256 including simple linear model (GLM), L1-regularization regression linear model (L1-LM), 

257 Bayesian Generalized Linear Model (bGLM), k-Nearest-Neighbor (kNN), Bagged MARS 

258 (MARS), and Random Forest (RF) as a benchmark. We further combined all ML algorithms 

259 into a stack ensemble model (ENS) as predictions from more than one ML algorithm may 

260 give better predictive performance than could be obtained from any of the basic or essential 

261 learning algorithms alone (Lesmeister, 2019). These ML model types were chosen either 
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262 because they were previously used for spatial predictions, or because the general machine-

263 learning literature suggests that they could perform well for this task (Table S4). Each of the 

264 ML models included model-specific tuning parameters that were left at default values for 

265 initial testing and comparison. To assess predictive performance of the models, we split the 

266 total number of points into a training set and a test set using an 80/20 random split. We used 

267 the training set to train the different models and the test set to test their performance. We 

268 evaluated the model strength using k-fold cross-validation (with k = 10). For each k, we 

269 stored the vector of soil algal NPP predictions, which was then used to generate predictive 

270 statistics, namely the squared Pearson's correlation between observed soil algal NPP values 

271 and those predicted (noted R2) and the root mean squared error (RMSE). We found that all 

272 ML algorithms can successfully predict soil algal NPP, although RF outperformed other ML 

273 algorithms by a significant margin (Fig. S4). The ensemble model did not perform better 

274 than RF (P = 0.98, ANOVA) while giving higher RMSE (Fig. S4). As RF overall performs 

275 better and have been demonstrated to provide robust predictions for small sample sizes 

276 (Ramezan et al., 2021), we selected RF to create a predictive, high-resolution map of soil 

277 algal NPP across the globe as described below. 

278 4) We used a grid-search procedure to iteratively tune the hyperparameters of our RF model in 

279 R using randomForest and caret packages (Kuhn, 2008): the number of trees to grow ('ntree'; 

280 50, 150, 250, 350 or 450) and the number of variables sampled at each split ('mtry'; 2 to 6), 

281 resulting in a total of 25 RF models. The values ntree = 350 and mtry = 4 were defined as 

282 the best hyperparameters. We used the training set to determine the best set of model 

283 hyperparameters, and to train the model. We used the test-set to assess out-of-sample error, 

284 as well as model prediction performance using R2 and RMSE values as explained above. 

285 5) We used four strategies to cross-validate our best RF model and generate statistics of the 

286 model robustness and predictive power (Fig. S5). The first strategy focused on the size of 

287 the data set and corresponded to a common k-fold cross validation where observations were 

288 randomly split into k sets of decreasing size (hereafter, k-fold 'size CV') ignoring any 

289 structure of potential spatial dependence in the data. Model training was then performed 

290 iteratively on k-1 sets. Here, we used k = 6; we iteratively and randomly selected 100%, 90%, 

291 80%, 70%, 60% and 50% of the data set to train our random forests models. We choose to 

292 maintain the integrity of our data set and not remove a subset of data at the beginning as it 

293 would mean the loss of geographic representation. As a test set, we used a data set in which 

294 only unique pairs of coordinates were present (65 pairs in total instead of 102 data points; 

295 hereafter 'paired dataset'). We summarized our initial dataset using the median applied on 

296 similar pairs of coordinates. As local variability could reach 150 gC.m-2.yr-1, this approach 
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297 enabled us to obtain a validation dataset for accuracy assessment. The second strategy, i.e., 

298 the k-fold 'shuffled CV', is inspired by 'null-model' analyses in ecology, and test the 

299 assumption that our predictions are not random and driven by our environmental predictors. 

300 To do so, we randomized the environmental predictors matrix to break any structure of 

301 environmental dependence in the data. We iteratively and randomly shuffled the 

302 environmental matrix 10 times (k = 10) before training our random forests model. The third 

303 strategy, i.e., k-fold 'spatial CV', differs from the size CV in that observations are split into 

304 spatially structured clusters (Ploton et al., 2020). Here, the objective was to group 

305 observations into spatial clusters and take into consideration the variability generated by the 

306 multiple measurements at the same locations, or nearby, in our data set. Spatial clusters were 

307 generated using a hierarchical cluster analysis (Ward's hierarchical agglomerative linkage 

308 method) of the distance matrix of coordinates and a clustering height of H = 50 km.  Here, 

309 we used k = 10; we iteratively and randomly selected data within each spatial cluster to train 

310 our random forests models. The maximum size of the k-datasets was 65, i.e., the maximum 

311 number of unique pairs of coordinates in our paired dataset. Here again, the paired dataset 

312 was used as a test set. The fourth strategy (k-fold 'Predictor Variable Shuffling (PVS) CV') 

313 tests the assumption that our model gets over-fitted by the covariance among environmental 

314 predictors. To refute this assumption, we randomly shuffled the values of 1, 2, 3, 4, and 5 

315 predictors before training the RF model. PVS CV was run on spatially clustered training sets 

316 (same approach as 'spatial CV') with k = 100 to cover all random combinations among 

317 predictors. For each CV strategy, we stored the vector of soil algal NPP predictions, which 

318 was then used to generate CV statistics, namely the squared Pearson's correlation between 

319 observed and predicted NPP values (noted R2) and the root mean squared error (RMSE). 

320 6) To assess any further overfitting and/or highly optimistic evaluations of the predictive power 

321 of our RF model due to the spatial dependence in the raw data and model residuals (Ploton 

322 et al., 2020), we tested for spatial autocorrelation in the raw data and in size and spatial CV 

323 model residuals (Fig. S6). We observed spatial autocorrelation using empirical variograms 

324 and did not evidence any particular spatial autocorrelation. The geostatistical analysis gstat  

325 R package (Pebesma & Heuvelink, 2016) was used for variogram and spatial autocorrelation 

326 testing. 

327 7) Like many algorithmic approaches to prediction, RF typically produces point predictions 

328 that are not accompanied by information about how far those predictions may be from true 

329 response values. To cross-validate and quantify this issue, we used prediction intervals that 

330 estimate the interval into which future observations will fall with a given probability 

331 (Meinshausen, 2006). In other words, it calculates the confidence or certainty in the 
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332 prediction. We used 'out-of-the bag' (OOB) prediction intervals as a straightforward 

333 approach for constructing our RF prediction intervals (Zhang et al., 2020). As described for 

334 the 'spatial CV' strategy, we generated ten independent subsets of our entire data set, 

335 stratified by spatial clusters. For each independent subset, we trained our best RF and 

336 calculated OOB prediction intervals at each run. Then, we classified whether data points 

337 from the test data set fell within or outside RF prediction intervals. 

338

339 All comparative and cross-validation analyses were performed in R (R Core Team, 2019) using 

340 caret ensemble packages. 

341

342 Mapping soil algal NPP and evaluating model uncertainties. To create the final map of soil algal 

343 NPP and represent the confidence in our estimates for each pixel, we used an ensemble approach (van 

344 den Hoogen et al., 2019; Ma et al., 2021). We averaged the global predictions from ten RF models 

345 trained on ten independent subsets of our entire data set, stratified by spatial clusters to proportionally 

346 represent the major bioclimatic zones in each of the ten independent subsets ('spatial CV' strategy). 

347 This approach minimizes the influence of any single prediction, thereby stabilizing variation and 

348 minimizing bias that can otherwise arise from extrapolation or in-fit overfitting when using a single 

349 machine learning model (Sagi & Rokach, 2018). The ten independent RF models were run with the 

350 six best environmental variables identified through Boruta algorithm and using the best-performing 

351 set of hyperparameters (Fig. S7). Through this approach, we thus returned ten times the best RF model 

352 using ten different training sets that took into account local variability. We then used the mean 

353 predicted value across the ten RF models as the final prediction of soil algal NPP for each pixel. 

354 Finally, from these ten models, we further calculated per-pixel coefficient-of-variation values 

355 (standard deviation divided by the mean predicted value) as a measure of prediction uncertainty (Ma 

356 et al., 2021). In addition, we assessed the extent of extrapolation in our models, that is, how well our 

357 sampled data spread throughout the full environmental space, following van den Hoogen et al., 

358 (2019). In particular, we examined how many of the Earth's pixels existed outside the range of our 

359 sampled data for each of the six environmental layers used in our RF model. To do so, we extracted 

360 the minimum and maximum values of each environmental layer of the pixels in which our sampling 

361 sites were located. Then, we evaluated for each environmental layer the number of terrestrial pixels 

362 that fell outside the sampled range, and calculated the relative proportion of interpolation, that is the 

363 percentage of environmental bands that fall into the sampled range. Next, we created a per-pixel 

364 representation of the relative proportion of interpolation and extrapolation (Fig. S8). All geospatial 

365 and extrapolation analyses were performed in Google Earth Engine (Gorelick et al., 2017).

366
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367 Cross validation map of soil algal NPP. As an additional validation exercise, we estimated annual 

368 soil algal NPP following the biome-based land cover approach taken by Elbert et al., (2012). Soil 

369 algal NPP was estimated by multiplying the global ground area surface of a particular biome with its 

370 corresponding median of algal C uptake flux (Fig. 1). Biome land covers were recovered from the 

371 global land cover characteristics data base version 2.0 available 

372 (https://www.usgs.gov/centers/eros/science/usgs-eros-archive-land-cover-products-global-land-

373 cover-characterization-glcc) and reclassified according to our biome classes: grasslands, drylands, 

374 broadleaf and mixed forests, alpine and polar lands, wetlands, croplands, and broadleaf evergreen 

375 forests.

376

377 Results and discussion

378 Biome-level patterns of soil algal density and NPP. By compiling a dataset on microscopic 

379 abundance observations (n = 115; Table S1), we found on average 5.5 ± 3.4 × 106 soil algae per gram 

380 of dry topsoil (Fig. 1b). Soil algal density varied within and across biomes, ranging from thousands 

381 to millions of individuals per gram of dry soil (Fig. 1c). Overall, soil algal abundances (103 cells per 

382 gram of dry soil) were highest in wetlands (median = 1036), grasslands (median = 410), broadleaf 

383 evergreen forests (median = 202), and croplands (median = 161), while the lowest densities were 

384 found in drylands (median = 85), broadleaf and mixed forests (median = 59), and alpine and polar 

385 lands (median = 20) (Fig. 1c). These findings show discrepancies with the most recent assessments 

386 of the biogeographic distribution of soil algae based on DNA sequencing approaches (Cano-Díaz et 

387 al., 2020; Oliverio et al., 2020). These previous studies suggest that soil algae are typically abundant 

388 in arid soils, encompassing up to 40% of the total eukaryotic community (Oliverio et al., 2020) and 

389 4% of the total prokaryotic community (Cano-Díaz et al., 2020), respectively. However, even though 

390 data based on amplicon gene sequencing give arguably an accurate picture of microbial diversity, our 

391 findings illustrate that they cannot be used to infer biogeographic patterns of algal density in soils. 

392 Nevertheless, DNA sequencing data could explain the patterns of absolute abundance seen in this 

393 study (Hamard et al., 2021a). The blooming of specific taxa resulting from taxonomic turnover in 

394 response to specific soil conditions could drastically increase total soil algal abundance (Karaoz et 

395 al., 2018). 

396 To identify the main environmental variables that drive algal density in soils, we related the 

397 density of soil algae with environmental factors. In contrast to soil invertebrates (van den Hoogen et 

398 al., 2019) and total microbial biomass (Xu et al., 2013), our analysis did not reveal notable latitudinal 

399 and/or longitudinal effects on soil algal abundance. Instead, and as shown for the community 

400 composition of micro-eukaryotes (Oliverio et al., 2020; Aslani et al., 2021) and bacteria (Delgado 

401 Baquerizo et al., 2018), we found that climate (i.e., temperature and precipitation) was a main driver 
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402 of the global distribution of total algal density in soils. However, plant cover (i.e., leaf area index) 

403 and soil characteristics (i.e., soil moisture, soil organic carbon content and pH) were as important as 

404 climate (Fig. 2a). In particular, mean annual temperature and precipitation, vegetation cover and soil 

405 moisture had strong positive effects, whereas increasing pH had a negative effect on total soil algal 

406 abundance (Fig. S9). Although the exact mechanisms behind these interactions still need to be 

407 identified, our results indicate that complex interactions among soil properties, climate, and 

408 vegetation determine the growth efficiency of soil algae. Our findings suggest that frequent rainfall 

409 and plant cover facilitate the size distribution and connectedness of aqueous microbial habitats in 

410 soils by increasing water retention in soil pores. This, in turn, promotes microbial cell motility, cell-

411 to-cell interactions (Bickel & Or, 2020), and therefore, algal abundance in top soils. In contrast to the 

412 general assumption that arid environments are the main habitat for soil algae (Oliverio et al., 2020), 

413 we here show that soil algae are widespread and more abundant in absolute numbers in acidic, wet, 

414 and vegetated areas. These results further suggests that the contribution of soil algae to terrestrial 

415 productivity is particularly important in these areas.

416 We tested this assumption by collating a second dataset from the literature on algal NPP in 

417 surface soil, and spanning similar biomes as for the abundance data (n = 102; Fig. 1a; Table S2). On 

418 average, soil algae were responsible for a mean annual NPP of 30 g C m-2 (0.06 - 253.3 g C m-2 yr-1) 

419 across biomes (Fig. 1b). When comparing these data with terrestrial NPP at the same locations, soil 

420 algal NPP accounted for ~10.3% (0.3-80%) of terrestrial NPP (Fig. 1b, c), which is consistent with 

421 the value reported by Hamard et al., (2021a) for peatlands (~9.3%). We found the highest algal NPP 

422 in croplands (median = 157 gC m-2 yr-1), broadleaf and mixed forests (median = 28.2), grasslands 

423 (median = 22.6) and broadleaf evergreen forests (median = 18) (Fig. 1c), supporting our empirical 

424 and independent observations on absolute abundance (Fig. 1c). We further showed that the absolute 

425 abundance and NPP of soil algae were largely driven by the same environmental variables (Fig. 2c), 

426 especially soil moisture, vegetation cover and annual precipitation (Fig. S9). The positive correlation 

427 between soil algal NPP and increasing vegetation cover might be seen as counterintuitive given that 

428 plant canopy reduces the light availability at the soil surface. However, most microscopic algae show 

429 optimal photosynthesis at low light intensity (Ritchie & Larkum, 2012; Hamard et al., 2021a) by 

430 optimizing light harvesting at low light flux (Perrine et al., 2012). Given the positive relationship 

431 between total microbial abundance and metabolic rates in soils (Johnston & Sibly, 2018), our results 

432 further presume a simultaneous increase in soil algal abundance and productivity with increasing 

433 environmental favorability, which corroborates previous findings in aquatic systems (Liang et al., 

434 2017b). 

435
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436 Global biogeography of soil algal NPP. We implemented an ensemble of ten RF models (Fig. S7) 

437 to predict soil algal NPP based on the six best covariate layers (Fig. 2c), i.e., annual precipitation, soil 

438 moisture, vegetation cover, soil organic C content, vapor pressure deficit, and soil sand content (see 

439 Method). Our ensemble RF models predicted the test data reasonably well (averaged R2 = 0.51, root-

440 mean-square error RMSE = 0.84, or 2.4 gC m-2 yr-1; Fig. S10). It showed a fairly linear relationship 

441 with observed soil algal NPP, although predicted NPP tended to be overestimated at low NPP and 

442 underestimated at high NPP— a common bias pattern resulting from the RF algorithm (Xu et al., 

443 2016). Nevertheless, a sensitivity analysis based on RF prediction intervals showed that nearly 93% 

444 of observations from the test dataset fell within the RF prediction intervals (Fig. S11). This indicates 

445 that our RF model provides unbiased results with predictions falling within the full range of observed 

446 data. Further rigorous k-fold cross-validation steps (Fig. S5) revealed that RF predictions did not lead 

447 to over-fitting by the possible covariance among predictors (Fig. S12) and were robust without issues 

448 due to the size of the data set (size-CV: R2 = 0.47 and RMSE = 0.98; Fig. S13 and S14), the spatial 

449 structure of the data (spatial-CV: R2 = 0.39 and RMSE = 1.04; Fig. S13) or possible stochasticity in 

450 the predictions (shuffled-CV: R2 = 0.02 and RMSE = 1.4; Fig. S13). Our cross-validation hence 

451 indicates that soil algal NPP can be reasonably predicted while providing accurate predictions within 

452 confidence interval and avoiding over-fitting. We therefore used our spatially unbiased RF models 

453 ('spatial CV' approach) to upscale observed soil algal NPP across the globe and to map the global 

454 distribution of soil algal NPP (Fig. 3). 

455 The quantitative map of soil algal net C fixation showed fixation rates ranging between 2.3 ± 

456 0.3 and 84 ± 32.4 gC m-2 yr-1 (Fig. 3a). Overall, the predictive uncertainty was relatively low, 

457 although areas of substantial uncertainty still remain in tropical (central Brazil) and subarctic (north 

458 Canada) regions (Fig. 3b). Despite these uncertainties, the map produced through RF modelling 

459 provided more detailed and accurate spatial distribution of soil algal NPP than the low-resolution map 

460 extrapolated from biome land-cover (Fig. S15). The map did not reveal notable latitudinal trends 

461 unlike other soil C processes such as soil respiration (Xu et al., 2013), bacterial and fungal biomass 

462 (He et al., 2020) and microbial residence time (He & Xu, 2021). However, it highlighted four hotspots 

463 of soil algal NPP (> 50 gC m-2 yr-1) in North-Eastern North America, South-Eastern South America, 

464 Central and Western Europe, and Eastern Asia, respectively (Fig. 3a). Further analysis of land cover 

465 showed that these four hotspots are dominated by croplands and forests (Fig. 4a), which is in good 

466 concordance with our empirical observations (Fig. 1c).

467 Globally integrated, soil algal NPP amounted to ~3.6 Pg C yr-1 (2.6-4.8 Pg C yr-1; Fig. 4b), 

468 which is slightly higher than the value reported for soil cryptogams and that includes bryophytes and 

469 lichens (0.34-3.3 Pg C yr-1; Elbert et al., 2012; Porada et al., 2013). Few factors may be responsible 

470 for this counterintuitive difference. First, our estimation did not focused on cryptogams ground cover 
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471 only (Elbert et al., 2012) but to the whole ground surface. Second, our data compilation on soil algal 

472 NPP much exceeds previous efforts and not only included drylands but also many wetter area such 

473 as croplands, rainforests and wetlands. These regions evidenced algal NPP values two-to-eight times 

474 higher than in drylands (Fig. 1c), on which previous estimations are mostly based (Elbert et al., 2012; 

475 Rodriguez-Caballero et al., 2018). Third, previous estimates mostly included cyanobacterial NPP 

476 (Elbert et al., 2012). Many cyanobacteria are facultative heterotrophs and often downregulate their 

477 own photosynthesis to nearly 10% of their maximum rate when cooccurring with plants as they get 

478 carbon from them (Adams & Duggan, 2008). 

479

480 General implications. With nearly 3.6 Pg C taken up annually, soil algae contribute to ~6.4% of the 

481 global terrestrial NPP (~56 Pg C yr-1; Zhao et al., 2005)– again supporting our independent empirical 

482 observations across biomes (Fig. 1b). Such contribution to terrestrial NPP might seem relatively high 

483 considering the low C biomass of soil algae compared to terrestrial plant biomass (Bar-On et al., 

484 2018). Yet, the photosynthetic capacity of soil algae is comparable to plants when considering their 

485 chlorophyll content per unit area (Fig. S16, Table S5). Furthermore, the small fraction of C found in 

486 live standing biomass of soil algae does not reflect the amount of C cycled through this pathway as 

487 microbial growth rates and turnover are much higher than plants. Accordingly, one might argue that 

488 most of the C fixed by soil algae is then rapidly released through respiration and decomposition as 

489 soil algae die, minimizing their impact on soil C sequestration. However, recent findings showed that 

490 C in soil algal biomass (Yuan et al., 2012) and microbial necromass (Liang et al., 2019) can 

491 significantly contribute to soil organic carbon (SOC), thus suggesting that soil algae play a role in 

492 soil C sequestration in the long-term. Nevertheless, this contribution to soil C sequestration most 

493 probably depends on multifactorial environmental factors (Liang et al., 2019), as well as on the 

494 formation and mean residence time of soil algal-derived organic products (Hu et al., 2020). 

495 Furthermore, soil algal activity may also initiate hot spots and hot moments of heterotrophic activity 

496 in soils by providing resource subsidies to heterotrophic (micro)organisms, either as food for 

497 consumers, such as heterotrophic micro-eukaryotes (Seppey et al., 2017), earthworms and springtails 

498 (Schmidt et al., 2016) or through the release of labile C that could prime heterotrophic activity (Wyatt 

499 & Turetsky, 2015), and hence stimulate decomposition processes in soils (Wyatt & Turetsky, 2015; 

500 Halvorson et al., 2019). Although the influence of soil algae in terms of C sequestration and release 

501 still remain virtually unknown, our findings indicate that they are important players in global soil 

502 carbon uptake, and hence should be taken into account in terrestrial C models. 

503 Despite the confidence in our estimates, we caution that some bias might affect the exact 

504 numbers of predicted annual soil algal NPP. First, most algal productivity data rely on snapshot 

505 measurements, as continuous, high-resolution measurements of algal NPP in soils are scarce. We thus 
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506 used some assumptions to estimate annual soil algal NPP (see Table S2 and Method) and 

507 acknowledge that seasonal variation in algal photosynthetic activity due to differences in climatic 

508 conditions, light and nutrient availability may influence our estimations. Second, while our model 

509 predictions well reflects the observed variation in soil algal NPP across large spatial gradients (e.g., 

510 biomes), we acknowledge there are still some limits regarding our ability to accurately predict at 

511 smaller spatial scales. Soil algal diversity and community composition (Hamard et al., 2021b,a), 

512 predation strength (Schmidt et al., 2016) and/or soil nutrient availability (Gilbert et al., 1998) can 

513 influence soil algal activity at small spatial scales. Therefore, some of the unexplained variation in 

514 our RF model is probably due to missing plot-level information where soil algal NPP were quantified, 

515 explaining the lower range in our RF predictions compared to observations. We minimized this issue 

516 by including data from close locations as much as possible. In addition, our spatial-CV taking into 

517 account local variability did not show a sharp decline in model R2, suggesting that local variation 

518 does not substantially affect the numbers obtained. Finally, we further note that the size of our data 

519 set is limited, as in all other global studies on soil biodiversity (Delgado Baquerizo et al., 2018; van 

520 den Hoogen et al., 2019; Cano-Díaz et al., 2020; Oliverio et al., 2020), with some regions being 

521 underrepresented. Although our data compilation exceeds previous efforts, and even if we attempted 

522 to minimize all issues regarding over-fitting and the size of our data set, the risk that our estimations 

523 deviate from the true mean remains, particularly in areas with low sampling density (Fig. 3b). 

524 Nevertheless, we tested the extent of extrapolation of our RF model by examining how many of the 

525 Earth's pixels existed outside the sampled range of our environmental covariates used in the RF model 

526 (see Method). We found that our samples covered the vast majority of environmental conditions on 

527 Earth, with 88% of Earth's pixels having at least >80% of the predictor bands falling within the 

528 sampled range of environmental conditions (Fig. S8), thus providing confidence in our estimations.

529  In conclusion, our synthesis presents the most comprehensive assessment of the distribution 

530 of soil algae and the global importance of microbial photosynthesis in soil C uptake. Our findings 

531 alter some of our most basic assumptions about the role of microorganisms in soil ecological functions 

532 by showing that microbial photosynthesis is not only a major component in aquatic ecosystems but 

533 also in most terrestrial biomes. We cautiously conclude that soil algae add a so far not considered 

534 additional 3.6 Pg C yr-1 to net terrestrial C uptake, that is equivalent to roughly 31% of the global 

535 anthropogenic C emissions (~11.5 ± 0.9 Pg C; Friedlingstein et al., 2019). Although our estimate of 

536 total soil algal NPP will undoubtedly be refined with future data collection, our findings indicate that 

537 soil algae are, together with non-phototrophic microbial CO2 fixation (Spohn et al., 2019; Akinyede 

538 et al., 2020), major players in the global soil C balance. Preserving the unseen soil (algal) biodiversity 

539 locally and across biomes has never been more important as the urgency to harness all available 

540 opportunities to reduce atmospheric CO2 grows. 
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792 Figure captions
793
794 Fig. 1. Sample locations and abundance, annual net primary productivity (NPP) and 

795 contribution of soil algae to total NPP. (a), A total of 203 georeferenced data points were collected 

796 from the literature and unpublished data, and grouped into biome categories. (b), Averaged soil algal 

797 abundance (n = 101), NPP (n = 102), and contribution to total NPP (n = 100), overall, (c), and per 

798 biome categories. Open circles represent the mean and filled circles the median. Coloured bars 

799 indicate the range between the minimum and maximum values. Little squares indicate clipped 

800 extreme values; 1 clipped value in b) and 3 clipped values in c). These extremely high values have 

801 been removed to increase the readability of means and medians.

802
803
804 Fig. 2. Environmental factors controlling the abundance and net primary productivity (NPP) 

805 of soil algae. (a, b), Results from Boruta algorithm evaluating the relevance of different 

806 environmental predictors for the abundance and NPP of soil algae. Arrow lengths represent the mean 

807 relevance of each predictor variable, whereas shaded areas represent the maximum importance of 

808 each variable. The matrix of environmental predictors was reduced beforehand to select the most 

809 representative and least collinear variables (Fig. S3, see Materials and Methods section).

810
811
812 Fig. 3: Global map of soil algal net primary productivity at the 30 arcsec pixel scale 

813 (approximately 1 km2). (a) Net primary productivity (NPP) of soil algae in surface soil (gC per 

814 square meter per year). Pixel values were binned into fifteen quantiles to create the color palette. Grey 

815 color indicates non-investigated area. (b) Coefficient of variation (standard deviation as a fraction of 

816 the mean predicted value) as a measure of soil algal primary productivity prediction accuracy. 

817 Overall, our prediction error is the low at the exception of low soil algal C flux rate in tropical forests 

818 and boreal zones. Pixel values were binned into fifteen quantiles to create the color palette.

819

820 Fig. 4: Dominant land uses in soil algal NPP hotspots and total soil algal NPP. (a) The mean and 

821 standard error (n = 10) of the land uses identified in the four hotspots of soil algal NPP (>50 g.m-

822 2.yr-1) from the 10 prediction maps (Fig. S7) used to build the final map presented in Fig. 3a. (b) The 

823 median and interquantile range (n = 10) of the total soil algal productivity per year from the 10 

824 ensemble random forest models used in the prediction maps presented in Fig. 3a.
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Sample locations and abundance, annual net primary productivity (NPP) and contribution of soil algae to 
total NPP. (a), A total of 203 georeferenced data points were collected from the literature and unpublished 

data, and grouped into biome categories. (b), Averaged soil algal abundance (n = 101), NPP (n = 102), and 
contribution to total NPP (n = 100), overall, (c), and per biome categories. Open circles represent the mean 
and filled circles the median. Coloured bars indicate the range between the minimum and maximum values. 

Little squares indicate clipped extreme values; 1 clipped value in b) and 3 clipped values in c). These 
extremely high values have been removed to increase the readability of means and medians. 
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Environmental factors controlling the abundance and net primary productivity (NPP) of soil algae. (a, b), 
Results from Boruta algorithm evaluating the relevance of different environmental predictors for the 

abundance and NPP of soil algae. Arrow lengths represent the mean relevance of each predictor variable, 
whereas shaded areas represent the maximum importance of each variable. The matrix of environmental 
predictors was reduced beforehand to select the most representative and least collinear variables (Fig. S3, 

see Method). 
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Global map of soil algal net primary productivity at the 30 arcsec pixel scale (approximately 1 km2). (a) Net 
primary productivity (NPP) of soil algae in surface soil (gC per square meter per year). Pixel values were 
binned into fifteen quantiles to create the color palette. Grey color indicates non-investigated area. (b) 

Coefficient of variation (standard deviation as a fraction of the mean predicted value) as a measure of soil 
algal primary productivity prediction accuracy. Overall, our prediction error is the low at the exception of low 

soil algal C flux rate in tropical forests and boreal zones. Pixel values were binned into fifteen quantiles to 
create the color palette. 
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Dominant land uses in soil algal NPP hotspots and total soil algal NPP. (a) The mean and standard error (n = 
10) of the land uses identified in the four hotspots of soil algal NPP (>50 g.m-2.yr-1) from the 10 prediction 
maps (Fig. S7) used to build the final map presented in Fig. 3a. (b) The median and interquantile range (n = 

10) of the total soil algal productivity per year from the 10 ensemble random forest models used in the 
prediction maps presented in Fig. 3a. 
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