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Abstract 22 

New mineral resources are critical to both sustaining human population growth and technological 23 

improvements that will enable global decarbonization. New and innovative exploration technologies 24 

that enable detection of deeply buried mineralization and host rocks are required to meet these 25 

demands. Here we show that DNA amplicon sequencing of soil microbial communities resolves 26 

anomalies in microbial community composition and structure that reflect the surface expression of 27 

kimberlite ore bodies buried under 10s of meters of overburden. Indicator species derived from 28 

laboratory amendment experiments were employed in an exploration survey in which the species 29 

distributions effectively delineated the surface expression of buried kimberlites. Additional 30 

indicator species derived from field observations improved the blind discovery of kimberlites buried 31 

beneath similar overburden types. Application of DNA sequence-based analyses of soil microbial 32 

communities to mineral deposit exploration provides a powerful illustration of how the sensing 33 

capabilities of environmental microbial communities can be leveraged in the discovery of critical 34 

new resources.  35 

 36 
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 40 

 41 

 42 

 43 
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Introduction 45 

Microorganisms operate together with geological processes to drive biogeochemical cycles that shape 46 

Earth’s surface chemistry and climate through time [1]. They interact with minerals at the nano- to micro-47 

scales [2], and these interactions give rise to emergent properties across the multiple-scales that 48 

characterize the biosphere [3]. Through billions of years of evolution, microorganisms have honed their 49 

ability to sense and interact with their surrounding environments and, in particular, to respond to the 50 

availability of mineral nutrients and substrates. Microbial community compositions and structures are thus 51 

sensitive reflections of their habitats [4-6] and analyses of microbial communities can provide a wealth of 52 

information on their surrounding environments.  53 

High-throughput sequencing technologies now allow us to analyse microbial communities and 54 

leverage microbial sensing to interrogate the environment with unprecedented sensitivity and resolution 55 

[7-9]. Sequence based microbial community analyses, for example, have been used to sense organic and 56 

inorganic contaminants in groundwater at the watershed-scale [7]. More broadly, microbial communities 57 

are known to respond to a wide-range of  physical-chemical properties including pH [10], salinity [11], 58 

temperature [12, 13], wind, light intensities [14] and mineral micronutrients [15]. To date, however, we 59 

have mostly overlooked the potential power of microbial sensors to enable discovery in the natural 60 

environment and are only just beginning to harness the capacity of environmental microbial communities 61 

to help meet human needs. As the human population grows and modernizes, for example, its demand for 62 

mineral resources is rapidly increasing, but at the same time, existing mineral deposits are becoming 63 

exhausted and the frequency of new deposit discovery is declining [16-18]. New demand for mineral 64 

resources must, therefore, be increasingly met through discovery and development of deeply concealed 65 

deposits [19-21] and this is where microbial sensors could play an important role.  66 



Innovation and the development of new tools and techniques are needed to improve our ability to 67 

find mineral resources. It has been known for more than half a century that vegetation responds to 68 

subsurface geologic features, presumably through the subtle influence of bedrock geology on the physical 69 

and chemical properties of surface soils [22, 23]. The link between vegetation patterns and bedrock 70 

geology prompted early use of biological surveys in mineral deposit exploration [24-26]. Vegetation 71 

patterns, however, are confounded by many variables [27, 28], and thus rarely offer clear indications of 72 

buried mineral deposits. Use of biological surveys in exploration has been extended to soil microbial 73 

communities [29-33], but the complexity of these communities is intractable through the approaches of 74 

classical microbiology, while early generation molecular approaches lacked throughput [34-36].  Now, 75 

however, even the most complex microbial communities, like those found in soils, can be resolved through 76 

semi-quantitative to quantitative sequence-based analyses [10, 37, 38].  Given that every gram of soil 77 

contains thousands of microbial taxa [39, 40], each housing hundreds to thousands of genes sensing and 78 

interacting with the surrounding soil environment [41, 42], the power of this approach to identify 79 

anomalies in soils is unprecedented.  We show that rock units and mineral deposits buried under 10s of 80 

meters of soil and unconsolidated surficial materials can be located at the surface through microbial 81 

community profiling using high-throughput DNA amplicon sequencing.  82 

 83 

Results and Discussion 84 

Microbial community responses to ore materials 85 

Incubation experiments reveal that microbial community compositions and structures respond directly to 86 

amendments with ground rock from diamondiferous kimberlites. We amended tundra-derived soils with 87 

pulverized (80% passing 10 mesh (2 mm)) kimberlite (5 % w/w) and analysed the response of soil 88 

microbial communities through amplicon sequencing of the small subunit (16S) ribosomal rRNA gene. 89 



Kimberlites are variably serpentinized, high-Mg ultramafic rocks that are host ores of natural gem and 90 

industrial quality diamonds and are increasingly considered as source materials for atmospheric carbon 91 

capture and storage technologies [43, 44]. At 5%, amendment with kimberlite had a nominal effect on 92 

overall soil chemical composition (Table S5). Baseline soils had microbial community compositions 93 

comprised predominantly of 6 phyla—Proteobacteria, Actinobacteria, Bacteroidetes, Acidobacteria, 94 

Chloroflexi and the WPS-2 candidate phylum (Fig. 1a, b). The soils also contained appreciable, but lesser, 95 

proportions of Verrucomicrobia, Planctomycetes and Gemmatimonadetes (Fig. 1a). Such community 96 

compositions are typical of both tundra soils [45-47] and a broad suite of soils, more generally [38].  We 97 

found that over a period of 85 days, the microbial community composition and structure in amended soils 98 

diverged from the baseline with pronounced changes observed at the phylum level, including increases in 99 

the abundances of Proteobacteria and Bacteroidetes from 46% to 68% and 6% to 16%, respectively, in 100 

response to amendment (Fig. 1a, b). Four phyla (Chloroflexi, Acidobacteria, Actinobacteria and WSP-2), 101 

on the other hand, decreased (from 6%, 5%, 19%, 7% in the baseline to 1%, 2%, 8%, 1%, following 102 

amendment, respectively) (Fig. 1a, b). Experimental results thus reveal that the addition of kimberlite to 103 

tundra-derived soils causes strong shifts in microbial community composition that are easily resolved 104 

through amplicon sequencing of the 16S rRNA gene.    105 

 106 

Amendment with kimberlite material was sufficient to cause appreciable changes to microbial 107 

community structure and a decline in diversity at the species level (97% sequence identity in the 16S 108 

rRNA gene), relative to the baseline.  Diversity indices like Chao1, for example, show a decrease in 109 

species richness from 1610 ± 70 in the baseline soils to 830 ± 60 following amendment (Table S1).  This 110 

decline in species richness is also supported by a decline in the number of observed OTUs, which decrease 111 

by 48% (on average 990 ± 10 in control samples, and 520 ± 10 in kimberlite amended soils) (Fig. 1c, 112 



Table S1). Reduction in species richness in response to amendment is likely due both to selective growth 113 

of some taxa and the death and decay of others. This is consistent with limited overall community growth 114 

during the incubations based on qPCR assays of 16S rRNA gene abundance (S-Fig. 1). Differences in 115 

microbial community composition and structure between baseline and amended soils were evaluated 116 

through hierarchical-clustering analysis (Fig. 1e). All baseline soils clustered tightly, exhibiting both 117 

similar bacterial diversities and microbial community compositions, whereas amended soils grouped 118 

separately. This confirms that kimberlite amendment induced clear and reproducible shifts in microbial 119 

community compositions, demonstrating that major features of soil microbial community compositions 120 

and structure are sensitive to the presence of kimberlite materials on timescales of several weeks.     121 

 122 

Beyond high-level changes in the taxonomic composition and structure, many individual species 123 

responded to ore amendment. An indicator species analysis (Table S4 a,b) revealed a total of 375 species 124 

that responded significantly (Linear Discriminant analysis (LDA) threshold score >2) to kimberlite 125 

amendment, and thus qualify as indicators for kimberlite material. Of these, 65 species (17%) increased 126 

in abundance over the 85-day incubation period, whereas 310 species (83%) decreased in relative 127 

abundance, with respect to the baseline (Table S4 a, b, Fig. 1d).  Notable examples of species that increased 128 

in abundance include Sphingomonas sp., Janthinobacterium sp., and Pedobacter sp., whereas species that 129 

decreased include Nevskia sp., Mucilaginibacter and Conexibacter sp., (Table S4 a, b, Fig. 1d). 130 

Collectively, the 65 species that increased in abundance following amendment made up 60% of the total 131 

community following incubation, relative to 0.6% in the baseline. Following incubation, these 65 species 132 

exhibited a mean of 1% and median of 0.2% in amended soils, versus 0.01 and 0 % in the baseline, 133 

respectively. Similarly, the 310 species that decreased in abundance following amendment made up 8% 134 

and 74% of the total community in amended and baseline soils, respectively. These species exhibited a 135 



mean of 0.027% and median of 0.007%, versus 0.24% and 0.065% in amended versus baseline soils, 136 

respectively, following incubation. These results thus demonstrate that amendment with kimberlite 137 

induces a fundamental reorganization of generally low abundance microbial community members with 138 

the overall effect of entirely changing the microbial community composition in a matter of a few weeks. 139 

Furthermore, amendment with kimberlite selects for ingrowth of members of the rare biosphere, that were 140 

mostly undetectable prior to incubation, to abundances of several % (e.g. Janthinobacterium sp), whereas 141 

other members dropped from several percent, to obscurely low abundances (e.g. Nevskia sp) (Table S4 142 

a,b, Fig. 1d). This demonstrates that microbial communities are exquisitely sensitive and responsive to 143 

subtle variations in the mineral composition of soils with strong potential to act as sensors of this variation 144 

in the environment.       145 

 146 

Microbial community profiling over buried mineralization 147 

Tundra soils analysed over buried diamondiferous kimberlite mineralization in northern Canada 148 

(Northwest Territories) reveal largely homogenous microbial community compositions, but also 149 

differences in diversity that are spatially related to the surface expression of the underlying kimberlite 150 

(Fig. 2b). The B-horizons of soils that developed on up to 20 m thick glacial tills were sampled in a grid 151 

pattern across the surface expression of a kimberlite body that has been well defined by drilling (kimberlite 152 

DO-18) (S-Fig. 3a). The surface materials are dominated by till in the northern section of the sampled area 153 

and till, glaciolacustrine clay, glaciofluvial silt, sand, gravel, and organic deposits in the south. Most soil 154 

microbial-community members belong to the Proteobacteria, Acidobacteria, Verrucomicrobia, and 155 

Actinobacteria phyla (Fig. 2a), which is comparable to the dominant phyla in the soils used in our 156 

incubation experiments, soils from other tundra environments [45-47], and soils globally [39, 41].  The 157 

number of species observed ranges from 497-2025 with a mean of 1400 +/-300 and estimates of total 158 



species richness (Chao1) range from 737-3306 with a mean of 2300 +/- 580, implying that these soils have 159 

diversity typical of other soils, which can range from 100’s to thousands of observed species per sample 160 

(Table S2,3) [39, 48]. Furthermore, estimates that also consider community evenness (Inverse Simpson) 161 

imply that species abundances are not evenly distributed in these soils (inverse Simpson indexes range 162 

from 16-131, with a mean of 72 +/- 29) (Table S2,3). When these soils are grouped according to their 163 

spatial relationships to the surface expression of the kimberlite body, we find that microbial species 164 

richness in soils directly overlying the kimberlite is, on average, 29% lower than that in the background 165 

soils (average chao1 index of 1840 ± 80 above surface projection of the kimberlite and 2600 ± 100 above 166 

background), which are geographically removed from the underlying kimberlite (Fig. 2b). Whereas 167 

differences in community structure reflect proximity to buried kimberlite, high-level community 168 

compositions do not appear sensitive to buried kimberlite mineralization, and the abundances of the major 169 

microbial phyla are similar across the entire sampling grid (Fig. 2a).  170 

Differences in microbial community compositions of soils situated directly above the surface 171 

expression of kimberlite, and those of background soils can be observed through statistical analyses 172 

conducted at the species level. Hierarchical clustering analyses demonstrate that soils situated above 173 

buried mineralization have microbial communities that are more similar to each other than they are to the 174 

background soil communities.  Several clusters had more than 50% of soils located above the surface 175 

expression of the kimberlite (clusters 1, 4, and 5), whereas some clusters only contained background soils 176 

(clusters 2, 3, 6, and 7) (Fig. 2c). This implies that though high-level differences in phyla, like those 177 

observed in the incubation experiments, may not be expressed in natural settings, there are more subtle 178 

differences in community composition that are resolvable through more nuanced analyses.  179 

Species level fingerprints identified through indicator species analyses successfully resolve soils 180 

that overlie buried kimberlite.  Of the 65 indicator species identified through the incubation experiments, 181 



59 were present in soils surveyed around the DO-18 deposit. 19 of these indicators, furthermore, were 182 

appropriately enriched in soils overlying the buried mineralization, relative to the background, and thus 183 

effectively resolve the surface expression of the kimberlite (Fig. 2e). We also conducted an indicator 184 

species analysis by comparing microbial communities overlying the surface expression of the deposit to 185 

those from background soils and this yielded a further 59 indicator species, 2 of which were the same as 186 

those identified through incubations (Table S4). Albeit small (3%), the overlap in indicator species 187 

between the incubation soils and the soils from DO-18 suggests that collections of indicator species can 188 

be more broadly extensible, at least across similar types of mineralization, and in comparable soil terrains. 189 

Combining the field-based indicator species with those from the incubation experiments yields a collected 190 

set of 78 indicators and generation of anomaly maps with this combined indicator set very effectively 191 

resolves the underlying kimberlite (Fig. 2f). For comparison we have also employed commonly used 192 

geochemical kimberlite pathfinder elements including Cr, Ni, Mg, and Nb (Fig. 2g).  These pathfinders 193 

display an anomaly pattern that indicates glacial transport of kimberlite material away from the bedrock 194 

source and yields responses that are geographically less precise and quantitatively less pronounced (Fig. 195 

2d) than the microbial indicators. Comparing the response ratios for geochemical and microbiological 196 

indicators it becomes immediately evident that DNA sequence based microbial community profiling much 197 

more effectively resolves the location of buried kimberlite mineralization than the geochemical data and 198 

suggests that amplicon-based microbial community profiling provides a robust and surgical mineral 199 

exploration tool.  200 

 201 

Application of microbial community profiling to blind discovery of buried mineralization  202 

As a proof of-concept, we used microbial indicators derived from our incubation experiments and analyses 203 

of DO-18 soils to resolve kimberlite mineralization at another location (Kelvin) in the Northwest 204 



Territories (S-Fig. 2). The Kelvin kimberlite is overlain approximately 4 m of glacial till, and up to 150 m 205 

of bedrock cover the underlying kimberlite deposit (S-Fig. 3 b, c).  Soils here are composed of poorly 206 

sorted clay, silt, sand, gravel, as well as dispersed boulder fractions (diamicton). As with DO-18, phylum 207 

level distributions were relatively homogenous across the sampling grid, but variability was observed at 208 

the species level and this variability could be geographically linked to the surface expression of the buried 209 

kimberlite (Fig. 3 a, b, c, e, f).  210 

 The application of our combined suite of 78 indicator species developed through both incubation 211 

experiments and statistical analyses at DO-18 led to anomaly delineation that precisely resolved the 212 

geographic location of the underlying kimberlite mineralization at Kelvin (Fig. 3e). Again, for 213 

comparison, we also analysed a suite of geochemical indicators (Nb, Cr, Ni, Mg), which yielded erratic 214 

anomalies that are discordant with the surface expression of the underlying kimberlite (Fig. 3 d, g).  215 

Therefore, like at DO-18, DNA sequence-based microbial community profiling at Kelvin more effectively 216 

resolves buried mineralization than geochemical analyses. Application to Kelvin, furthermore, 217 

demonstrates that microbial community indicators developed at one deposit can be applied to the 218 

discovery of other deposits, at least in the same soil terrains or ecoregions.  It further implies that the 219 

development of databases of indicator species can improve the use of microbial community profiling as 220 

an exploration tool.  To illustrate this point, we conducted an indicator species analysis for Kelvin, as we 221 

did for DO-18 above, and this yields and additional 8 indicator species, of these one is common to DO-18 222 

(Fig. 3f). Our analyses at Kelvin thus demonstrate capacity for blind discovery of kimberlite 223 

mineralization buried under 10s of meters of overburden using DNA sequencing based microbial 224 

community analyses. These analyses can be used as a means for effectively defining drill targets in deposit 225 

to regional-scale phases of mineral exploration.     226 

 227 



 Our demonstration that DNA sequences from soil microbial communities effectively resolve 228 

buried mineralization illustrates how modern sequencing technology can be leveraged to access microbial 229 

sensors in the environment. This finding, foremost, shows that DNA sequencing of soil microbial 230 

communities can be used in the discovery of new mineral deposits, which, by analogy to the development 231 

and widespread application of geochemical tools to mineral exploration in the 1970’s, may catalyze new 232 

deposit discovery in the decades to come. This has potential to promote the discovery of new kimberlite 233 

bodies, which could be utilized as source rocks for atmospheric carbon sequestration as well as for their 234 

stores of gem and industrial grade diamonds. DNA sequencing of soil microbial communities also has 235 

potential application across a broad array of metallic deposits, like porphyry-type copper deposits, for 236 

which the greatest mineral potential exists in terrains with thick cover such as northern Chile and British 237 

Columbia, Canada. This should be tested through further research. More broadly, that microbial 238 

community compositions can provide better resolved indicators of subsurface geology than geochemical 239 

analyses underscore the idea that microorganisms are acutely sensitive to their surroundings and respond 240 

to parameters that may themselves be only poorly resolved through use of even our most sophisticated 241 

existing analytical tools. Use of DNA sequences from microbial communities as vectors towards buried 242 

ore mineralization represents a powerful example of how such microbial information may become 243 

essential for sustaining human populations and resulting resource demand.  244 

 245 

Data availability 246 

Sequences were deposited into the Sequence read archive (SRA) under accession number PRJNA698256.  247 
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Material and methods 275 

Geologic Setting 276 

The DO-18 kimberlite is a Group I kimberlite that is part of the Tli Kwi Cho kimberlite complex in the 277 

Lac de Gras kimberlite field of the Archaean Slave Craton in northern Canada (S-Fig. 1). It is a classic 278 

carrot-shaped kimberlite primarily composed of pyroclastic kimberlite (PK), with less dominant phases 279 

of re-sedimented volcaniclastic kimberlite (RVK), that intruded into undifferentiated Archaean granitoids 280 

[49-51]. Sedimentary mudstones and terrestrial palynomorphs that infill the kimberlite constrain the age 281 

emplacement to between 75 Ma and 45 Ma (Late Cretaceous to Eocene) at the northernmost stand of the 282 

Western Interior Seaway [51]. DO-18 is concealed by 5-20 m of glacial till that was deposited during the 283 

most recent late Wisconsinan glaciation by westward flow (290°- 295°) [52, 53]. The DO-18 kimberlite 284 

has an expression of 4 ha at the till-bedrock interface [51]. 285 

 286 

The Kelvin kimberlite is also hosted within the Slave Craton of northern Canada (Fig. S1), as one of four 287 

gently dipping, irregular L-shaped pipes that make up the Kelvin-Faraday Corridor (KFC) cluster [54, 55]. 288 

It is composed of eight separate kimberlite phases of early Cambrian age, that are dominantly Kimberley-289 

type pyroclastic kimberlite (KPK) with lesser hypabyssal kimberlite (HK), hosted within metaturbidites 290 

of the Yellowknife supergroup [54, 56].  The Kelvin body is concealed under 150 m of bedrock at its 291 

northernmost extent, with the only ‘outcropping’ rock located beneath Kelvin Lake (0.08 ha) [54, 55]. The 292 

Kelvin kimberlite is further buried beneath a relatively thin (4 m) till blanket that was glacially deposited 293 

in the late Wisconsinan, with the most recent direction of glacial flow at 268° [57]. 294 

 295 



Geochemical Profiles 296 

Traditional surface-based geochemical techniques for kimberlite exploration have historically been 297 

employed by identifying geochemical signatures down-ice from kimberlites through various near-total 298 

acid soil digestions.  However, geochemical gradients of pathfinder elements when exploring for 299 

kimberlites can be too subtle for reliable detection. A suite of indicator and pathfinder elements from these 300 

analyses are typically utilized to find buried targets including Ni, Cr, Ba, Co, Sr, Rb, Nb, Mg, Ta, Ca, Fe, 301 

K, Ti, and rare-earth elements (REEs), but their application depends on understanding the wide range of 302 

kimberlite host rock compositions. At DO-18 and Kelvin, anomalous concentrations of Cr, Ni, Nb and 303 

Mg were found to be best spatially associated with the down-ice distribution of kimberlite materials in till 304 

(S-Fig. 2 and S-Fig. 3). A sum of Cr, Ni, Nb, Mg concentrations (S-Fig. 2 and S-Fig. 3) to a non-parametric 305 

normalized scale enhances the signal giving increased confidence in the likelihood of a subsurface 306 

kimberlite. The primary elements at DO-18 and Kelvin are controlled by the weathering of dominant 307 

minerals during clastic dispersion including olivine ((Mg,Fe)2SiO4), chromite (FeCr2O4), pyrope 308 

(Mg3Al2Si3O12) and picroilmenite (FeTiO3) for Cr; olivine; picroilmenite and pyrope for Mg; 309 

picroilmenite for Nb; and olivine, picroilmenite and chromite for Ni. At both Kelvin and DO-18, 310 

geochemical anomalies in Cr, Ni, Nb, Mg in till generated by mechanical glacial dispersion are 311 

concentrated in the down-ice direction (S-Fig. 2 and S-Fig. 3) and to lesser extent above the kimberlite. 312 

This technique allows for vectoring towards a potential kimberlite via mineral and element trains in till 313 

but does not typically delineate the target directly. 314 

 315 

Field Sampling and QA/QC 316 

Soils for microbial-community analysis at DO-18 and Kelvin were sampled with sanitized equipment 317 

without field screening, to preserve the microbial community as much as possible. Descriptions were 318 



documented for in situ physicochemical variables at each sample site for every observed soil horizon in 319 

the profile. Soils at the field sites are derived from the breakdown of till by surface-weathering processes 320 

in situ, so the soils are considered residual weathering products of the till blanket. The B-horizon soils 321 

were targeted for microbial soil samples, although multiple horizons (including O, Ah, Ae, and C) were 322 

taken, where possible, for future analyses. Microbial soil samples were frozen at –20° C upon return to 323 

the laboratory at The University of British Columbia (UBC) after 1-2 weeks in field storage and transit, 324 

prior to DNA extraction. Soil samples were also collected for geochemical analysis. Field measurements 325 

consisted of slurry tests for pH and oxidation-reduction potential (ORP) after field sieving to below 326 

180μm. Geochemical samples (~1 kg) were sent to ALS Minerals Laboratories Ltd. (North Vancouver, 327 

BC) for multi-acid digestion and subsequent analysis via ICP-MS. Field duplicates, CRMs (certified 328 

reference materials), and blanks were inserted into the analytical stream every 15 samples. 329 

 330 

Kimberlite Amendment Soil Incubation Experiments 331 

A bulk soil sample from the Kelvin area with background-level metal concentrations was collected from 332 

the upper B-horizon under aseptic conditions. The soil was packed into a sealed Poly Ore sample bag and 333 

stored at ambient temperature in the field. The soil was digested using a multi-acid near total digestion 334 

and the digestate analysed by inductively coupled plasma–mass spectrometry (ICP-MS) to determine that 335 

the soil contained 15 ppm Cr, 0.24 % Mg, 7 ppm Ni, and 2 ppm Nb. The bulk soil was not dried prior to 336 

the start of the experiment. We amended tundra-derived soils with pulverized kimberlite (80% passing 10 337 

mesh (2 mm)). Soil was dispensed aseptically into sterile containers for each treatment with amendment 338 

concentrations chosen to represent concentrations of pathfinder elements that are routinely detected in 339 

geochemical surveys over buried mineral deposits (5% dilution). Soil was sampled at T = 0, T = 1 (15 340 

days), T = 2 (55 days), and T=3 (85 days). 341 



 342 

DNA Extraction and QA/QC 343 

DNA was extracted using a DNeasy PowerSoil Kit (Qiagen). Resulting DNA was stored at -20 C. DNA 344 

was quantified using the PicoGreen® Assay (Invitrogen) for dsDNA and measured on a TECAN™ M200 345 

(excitation at 480 nm and emission at 520 nm). The purity and quality of the extracted DNA was assessed 346 

based on the ratio of absorbance at 260 nm to absorbance at 280 nm, which were measured using a 347 

NanoDrop® ND-1000 spectrophotometer (Thermo Scientific). 348 

 349 

SSU rRNA gene Amplification and DNA Amplicon Sequencing 350 

Bacterial and archaeal SSU rRNA gene fragments (V4 region) were amplified from the extracted genomic 351 

DNA using primers 515F and 806R. Sample preparation for amplicon sequencing was performed as 352 

described in [37] and [58]. In brief, the aforementioned SSU rRNA gene-targeting primers, complete with 353 

Illumina adapter, an 8-nt index sequence, a 10-nt pad sequence, a 2-nt linker and the gene specific primer 354 

were used in equimolar concentrations of 0.2μm together with dNTPs, PCR buffer, MgCl2, 2U/ul 355 

ThermoFisher Phusion Hot Start II DNA polymerase, and PCR-certified water to a final volume of 25 L. 356 

PCR amplification was performed with an initial denaturing step of 95 C for 2 min, followed by 30 cycles 357 

of denaturation (95 C for 30 s), annealing (55 C for 30 s), and elongation (72 C for 1 min), with a final 358 

elongation step at 72 C for 10 min. Equimolar concentrations of prepared amplicon bearing solutions were 359 

pooled into a single library by using the Invitrogen SequalPrep kit. The amplicon library was analysed on 360 

an Agilent Bioanalyser using the High Sensitivity dsDNA assay to determine approximate library 361 

fragment size, and to verify library integrity. Pooled library DNA concentration was determined using the 362 

KAPA Library Quantification Kit for Illumina. Library pools were diluted to 4 nM DNA, which was 363 

denatured into single strands using fresh 0.2 N NaOH, as recommended by Illumina. The final library was 364 



loaded at a concentration of 8 pM DNA, with an additional PhiX spike-in of 5 – 20%. Sequencing was 365 

conducted with MiSeq at the UBC sequencing centre. 366 

 367 

Bioinformatics 368 

DNA sequences were processed using the Mothur amplicon sequence analysis pipeline [59]. Sequences 369 

were removed from the analysis if they contained ambiguous characters, had homopolymers longer than 370 

8 bp, or did not align to a reference alignment of the sequencing region. Unique sequences and their 371 

frequencies in each sample were identified and then a pre-clustering algorithm was used to further de-372 

noise sequences within each sample [60]. The unique sequences were aligned against the SILVA reference 373 

alignment (available online at https://mothur.org/wiki/silva_reference_files/). Sequences were chimera 374 

checked using vsearch [61, 62] and reads were then clustered into 97% OTUs using OptiClust [63]. OTUs 375 

were classified using SILVA reference taxonomy database (release 132, available online at 376 

https://mothur.org/wiki/silva_reference_files/). OTUs that had less than 2 reads were filtered from 377 

analysis.  For alpha and beta diversity measures, all samples were subsampled to the lowest coverage 378 

depth 16365 and calculated in Mothur [59]. Sequences were deposited into the Sequence read archive 379 

(SRA) under accession number PRJNA698256  380 

 381 

Anomaly Identification and Mapping 382 

Indicator species analyses were performed based on algorithms defined by [64] where indicator species 383 

(OTUs) are considered significant if the LDA score > 2. Sample groups for the kimberlite amendment 384 

incubation experiment are based on unamended “control soils” and amended “kimberlite-bearing soils”. 385 

Sample groups were set for field analyses based on their origin from “background soil” or “soils above 386 

kimberlite”. These groups are defined based on underlying geology whereby “background soils” come 387 



from above the metaturbidite (Kelvin) or granodiorite (DO-18) host rock and “soils above kimberlite” 388 

come from above the surface projection of the kimberlites as defined by drilling.  389 

 390 

Incubation-derived LEfSe indicator species showing an enrichment in the kimberlite amended soil 391 

samples were curated to plot at DO-18. Indicator species with > 1 average reads per sample in the 392 

incubation experiment and positive response ratios at the DO-18 field site were included. Response ratios 393 

for indicator species were calculated as the ratio between the average relative abundance in “soils above 394 

kimberlite” and the average relative abundance of “background soils”. LEfSe indicator species predicted 395 

from the DO-18 and Kelvin field sites were not curated further, thus each indicator species output was 396 

included in the generation of the anomaly maps.   397 

 398 

Map data plots were created using relative abundances of indicator species from 16SrRNA sequencing 399 

and pathfinder element concentrations from 4-acid digest ICP-MS results. Individual indicator species and 400 

pathfinder elements were normalized to the mean prior to summation. Response ratio bar plots of the 401 

normalized sums of indicator species and pathfinder elements are expressed by the following equation: 402 

൭ቆܽ݁݃ܽݎ݁ݒ ቀon deposit
off deposit

ቁቇ − 1൱ ∗ 100. Anomaly identification through probability plots was done in the 403 

Reflex/Imdex ioGas software, and mapping of anomalies and surficial geology was performed in the ESRI 404 

ArcGIS software.   To determine if predictive indicators could be generated by chance, we randomized 405 

the sample group sets for field analyses based on their origin from “background soil” or “soils above 406 

kimberlite”. Response ratios at the Kelvin field site were calculated based on a set of 10 randomly 407 

generated Lefse results from DO-18 (Table S7). Seven of ten of these response ratios were negative 408 

showing no spatial correlation between the bacterial anomaly and the surface projection of the Kelvin 409 



kimberlite. This shows that it is unlikely that our collection of indicator species, which display positive 410 

surface anomalies with respect to subsurface kimberlites, could be randomly generated.   411 

 412 

 413 
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Legends 

 

Figure 1: Soil microbial community composition, diversity, and indicator species for the 

kimberlite amendment experiment.  

Figure 1A. Distribution of 16S rRNA reads per phylum for each sample. The number of reads per 

phylum is calculated as a percentage of the total reads for each sample. The ‘*other’ grouping 

represents summed phyla that individually contributed <5% of the total number of reads per 

sample. 

Figure 1B. Sunburst chart showing the average total relative abundance of bacteria and archaeal 

communities in (i) control samples and (ii) ore amended samples.  Rings are ordered as follows 

from inner to outer: Phyla, Classes, Orders, Families and Generas.   

Figure 1C. Number of OTUs per sample coloured by sample treatment (from data that has been 

rarefied to 16365 sequences per sample). Median values are indicated by the solid line within each 

box, and the box extends to upper and lower quartile values.  

Figure 1D.  Examples of operational taxonomic unit (OTU) ‘species level’ changes across 

treatments, over time. 

Figure 1E. Hierarchical relationships among samples based on Euclidean distance of 16S-OTU 

abundances. The hierarchical relationships between samples were obtained using the unweighted 

pair group method with arithmetic mean (UPGMA) clustering algorithm. Node labels indicate the 

sample/treatment. 

 

 



Figure 2: Soil microbial community composition, diversity, and indicator species for the DO-

18 kimberlite.  

Figure 2A. Distribution of 16S rRNA reads per phylum for each sample at the DO-18 kimberlite. 

The number of reads per phylum is calculated as a percentage of the total reads for each sample.  

Figure 2B. Number of OTUs per sample coloured by sample origin (from data that has been 

rarefied to 16365 sequences per sample). Median values are indicated by the solid line within each 

box, and the box extends to upper and lower quartile values. 

Figure 2C. Hierarchical relationships among samples based on Euclidean distance of 16S-OTU 

abundances. The hierarchical relationships between samples were obtained using the unweighted 

pair group method with arithmetic mean (UPGMA) clustering algorithm. Node labels indicate the 

sample/treatment.  Pie charts indicate the % of samples that are located on deposit (blue segments) 

and % of sample that located off deposit (beige segments).  

Figure 2D. Response ratios of geochemical pathfinder elements compared to suites of indicator 

species derived from microbial community fingerprinting at DO-18. Response ratios are expressed 

in percent calculated by the average “on deposit” over the average “off deposit” relative to an 

equivalent ratio of 1.  

Figure 2E. Microbial anomaly map showing the normalized sum of incubation predicted indicator 

species’ spatial distribution at DO-18. Indicator species are based on a LEfSe indicator species 

analysis. Individual indicator species are normalized by the mean prior to summation and anomaly 

intervals are based on probability plots. 

Figure 2F.  Microbial anomaly map showing the normalized sum of incubation predicted indicator 

species and DO-18 predicted indicator species’ spatial distribution at DO-18. Indicator species are 



based on a LEfSe indicator species analysis. Individual indicator species are normalized by the 

mean prior to summation and anomaly intervals are based on probability plots. 

Figure 2G. Geochemical anomaly map at DO-18 showing the normalized sum of pathfinder 

elements Cr, Mg, Nb, and Ni. Results are derived from 4-acid digests and ICP-MS of b-horizon 

soils. Each pathfinder element was normalized to the mean prior to summation and anomaly 

intervals are based on probability plots. Data overlies a surficial materials map. In each map (E, F, 

G), data overlies a surficial materials map and the “*” on the probability plots represents samples 

that correspond spatially to “on deposit”.  

 

Figure 3: Soil microbial community composition, diversity, and indicator species for the 

Kelvin kimberlite. 

Figure 3A. Distribution of 16S rRNA reads per phylum for each sample at the Kelvin kimberlite. 

The number of reads per phylum is calculated as a percentage of the total reads for each sample.  

Figure 3B. Number of OTUs per sample coloured by sample origin (from data that has been 

rarefied to 16365 sequences per sample). Median values are indicated by the solid line within each 

box, and the box extends to upper and lower quartile values. 

Figure 3C. Hierarchical relationships among samples based on Euclidean distance of 16S-OTU 

abundances. The hierarchical relationships between samples were obtained using the unweighted 

pair group method with arithmetic mean (UPGMA) clustering algorithm. Node labels indicate the 

sample/treatment.  Pie charts indicate the % of samples that are located on deposit (blue segments) 

and % of sample that located off deposit (beige segments).  

Figure 3D. Response ratios of geochemical pathfinder elements compared to suites of indicator 

species derived from microbial community fingerprinting at Kelvin. Response ratios are expressed 



in percent calculated by the average “on deposit” over the average “off deposit” relative to an 

equivalent ratio of 1. 

Figure 3E. Microbial anomaly map showing the normalized sum of incubation predicted indicator 

species and DO-18 predicted indicator species’ spatial distribution at Kelvin. Indicator species are 

based on a LEfSe indicator species analysis. Individual indicator species are normalized by the 

mean prior to summation and anomaly intervals are based on probability plots. 

Figure 3F. Microbial anomaly map showing the normalized sum of incubation predicted indicator 

species, DO-18 predicted indicator species, and Kelvin predicted indicator species’ spatial 

distribution at Kelvin. Indicator species are based on a LEfSe indicator species analysis. Individual 

indicator species are normalized by the mean prior to summation and anomaly intervals are based 

on probability plots. 

Figure 3G. Geochemical anomaly map at DO-18 showing the normalized sum of pathfinder 

indicator elements Cr, Mg, Nb, and Ni. Results are derived from 4-acid digests and ICP-MS of b-

horizon soils. Each pathfinder element was normalized to the mean prior to summation and 

anomaly intervals are based on probability plots. In each map (E, F, G), data overlies a surficial 

materials map and the “*” on the probability plots represents samples that correspond spatially to 

“on deposit”. 
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