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28 Environmental genomics is a promising field for monitoring biodiversity in a timely fashion. Efforts 

29 have increasingly been dedicated to the use of bacteria DNA derived data to develop biotic indices for 

30 benthic monitoring. However, a substantial debate exists about whether bacteria-derived data using 

31 DNA metabarcoding should follow, for example, a taxonomy-based or a taxonomy-free approach to 

32 marine bioassessments. Here, we show case the value of DNA-based monitoring using the impact of 

33 fish farming as an example of anthropogenic disturbances in coastal areas and compare the 

34 performance of taxonomy-based and taxonomy-free approaches in detecting environmental 

35 alterations. We analyzed samples collected near to the farm cages and along distance gradients from 

36 two aquaculture installations, and at control sites, to evaluate the effect of this activity on bacterial 

37 assemblages. Using the putative response of bacterial taxa to stress we calculated the taxonomy-based 

38 biotic index microgAMBI. Then, the distribution of individual Amplicon Sequence Variants (ASVs), 

39 as a function of a gradient in sediment acid volatile sulfides was used to derive a taxonomy-free 

40 bacterial biotic index, specific for this dataset, using a de novo approach based on quantile regression 

41 splines. Our results show that microgAMBI revealed a organically enriched environment along the 

42 gradient. However, the de novo biotic index outperformed microgAMBI by providing a higher 

43 discriminatory power in detecting changes in abiotic factors directly related to fish production, whilst 

44 allowing the identification of new ASVs bioindicators. The de novo strategy applied here represents a 

45 robust method to define new bioindicators in regions or habitats where no previous information about 

46 the response of bacteria to environmental stressors exists. 

47

48

49 Introduction

50 Regular evaluations of marine ecosystem health through monitoring programs is critical to aid 

51 mitigation of the negative effects of anthropogenic activities that are exerting chronic pressure in the 

52 marine environment. A tangible example is the global increase of the aquaculture sector (FAO, 2020) 

53 and the associated alterations of the surrounding environments, such as organic enrichment (Carroll et 

54 al., 2003). These alterations have been traditionally monitored by the identification of macrobenthic 

55 organisms based on morphological characteristics comparing patterns in space and time 

56 (Papageorgiou et al., 2009; Keeley et al., 2013; Aguado-Giménez et al., 2015) and using indicators A
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57 derived from the macrofaunal data (Pearson and Rosenberg, 1978; Birk et al., 2012). This approach is, 

58 however, limited by the identification of visually distinguishable organisms and hinders the 

59 acquisition of data over large spatial and temporal scales due to the requirement for multiple 

60 taxonomists to assess the overall assemblage structure, and the long processing times (Dafforn et al., 

61 2014; Lejzerowicz et al., 2015). Therefore, the development, validation, and application of alternative 

62 techniques that facilitate a fast, accurate and cost-effective evaluation of the ecological status of 

63 marine ecosystems is necessary to ensure the sustainability of this sector (Beumer & Martens, 2013). 

64 These advances should be accompanied by a straightforward communication with stakeholders to 

65 support “blue growth” and slow down what has been advocated as the 6th mass extinction in the 

66 Anthropocene (Barnosky et al., 2011).

67 DNA-based technologies are emerging as possible methodologies for timely and cost-effective marine 

68 monitoring (Deiner et al., 2017). Molecular methods to detect species or communities significantly 

69 increase the speed of bioassessments whilst decreasing monitoring costs (Blasiak et al., 2020). In 

70 particular, DNA metabarcoding, coupled with high-throughput sequencing (HTS) allows for the 

71 simultaneous screening of a wide range of biological communities by analyzing the genetic material 

72 (intracellular or extra-organismal DNA) obtained from environmental samples (e.g., water, sediment, 

73 bulk samples of multiple organisms) (Valentini et al., 2016; Huerlimann et al., 2020). Moreover, 

74 DNA metabarcoding enables the rapid characterization of micro-organisms, previously overlooked in 

75 environmental bioassessments. Due to the fast generation times and high sensitivity of microbial 

76 organisms to natural and anthropogenic stressors, the adoption of molecular tools to include microbial 

77 communities in environmental bioassessments has been advocated to detect environmental changes in 

78 a timely fashion (Kawahara et al., 2009; Fuhrman et al., 2015; Dang et al., 2019) and to promote early 

79 detections of environmental impacts (Glasl et al., 2017; Hermans et al., 2017).

80

81 Several studies have shown that DNA metabarcoding offers the potential for prokaryotes and other 

82 microorganisms to be used as indicator of environmental disturbances resulting from anthropogenic 

83 impacts in the marine environment. These studies range from the taxonomic characterization of 

84 microbial assemblages from disturbed and non-disturbed areas of fish farming activities (Dowle et al., 

85 2015; Laroche et al., 2016; Stoeck et al., 2018a; Stoeck et al., 2018b; Rubio-Portillo et al., 2019), oil-A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

86 drilling operations (Lanzen et al., 2016; Laroche et al., 2018; Cordier et al., 2019) or sewage outflows 

87 (Pearman et al., 2018) to the screening of microbial indicators to infer the ecological condition of a 

88 certain area (Chariton et al., 2015; Aylagas et al., 2017; Keeley et al., 2018; Cordier, 2019; Lanzen et 

89 al., 2020). These studies have paved the way to a new monitoring era (see MPI, 2018; Pochon et al., 

90 2019), where traditional monitoring to detect changes in biological communities as a response to 

91 environmental disturbances can be complemented or, in some cases replaced, by molecular 

92 approaches. Yet, significant gaps still exist before the use of microbial communities is implemented in 

93 routine bioassessments. Of relevance is the need to develop robust and standardized protocols (i.e. 

94 from the field and laboratory protocols to data analysis pipelines) to produce high-quality data and 

95 deliver comparable results (Thomas et al., 2012; Zinger et al., 2019). Also, a novel method can rarely 

96 be incorporated in routine bioassessments until it can be demonstrated that it provides comparable 

97 results to those obtained using previously validated techniques. Thus, benchmarking studies are 

98 crucial to confirm the suitability of new approaches for marine ecosystem monitoring.

99

100 As well as the need of robust protocols, the lack of an agreed approach to produce and interpret 

101 molecular-derived data and subsequently its effective presentation to the environmental management 

102 realm is likely preventing the formal adoption of molecular methods in benthic monitoring. Recent 

103 advances in molecular methods have led to the investigation of different strategies to use molecular-

104 derived bacteria data in environmental quality assessments. Two of these approaches are the 

105 taxonomy-based and the taxonomy-free strategies recently reviewed by Cordier et al. (2020). 

106 Bioassessments following the taxonomy-based strategy focus on those sequences that can be 

107 taxonomically ascribed. This strategy relies upon a reference sequence database and the previous 

108 knowledge on the response of taxa to environmental stressors. Due to difficulties in assigning each 

109 taxon to a specific ecological response or sensitivity group this can sometimes lead to 

110 misclassification (Astudillo-García et al., 2019). The taxonomy free approaches, seek the 

111 identification of new indicators from the ecological signal of single Operational Taxonomic Units 

112 (OTUs) or Amplicon Sequence Variants (ASVs) regardless of the taxonomy (Apothéloz‐Perret‐Gentil 

113 et al., 2017). These classifications can be done using training data, such as Supervised Machine 

114 Learning (SML) or through environmental correlations, so called de novo strategies (Leese et al., A
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115 2018). Whilst taxonomy-free strategies hold great potential for future monitoring, by overcoming the 

116 need of a database or a previous knowledge of bacteria responses to environmental stressors, newly 

117 defined indicators must respond consistently to the same stressor or combination of stressors at 

118 different spatio-temporal scales (Cordier et al., 2020). Taxonomy-based and taxonomy-free strategies 

119 have been independently applied to infer bacteria biotic indices with high discriminatory power to 

120 detect environmental disturbances (Aylagas et al., 2017; Cordier et al., 2018; Keeley et al., 2018). 

121 Recently, in order to bring clarity to the use of taxonomy-free approaches for multi-impact assessment 

122 in estuarine habitats, Lanzen et al. (2020) compared the performance of SML and de novo strategies, 

123 revealing comparable results in the indicator identified between the two approaches. Yet, to our 

124 knowledge, the performance of bacteria biotic indices derived using taxonomy-based and taxonomy-

125 free strategies has not been compared.

126

127 Despite an increasing number of studies focused on DNA metabarcoding of bacterial communities for 

128 monitoring environmental changes, an integrated study investigating the relationship among 

129 physicochemical sediment characteristics, changes of traditional macrofauna indicators and responses 

130 of bacterial communities is to our knowledge lacking. Here, using samples collected immediately 

131 adjacent to the farm cages and along distance gradients from two aquaculture installations in the 

132 Mediterranean Sea, we evaluated the responses of bacterial assemblages to the impacts associated 

133 with fish production. We tested two of the most commonly used approaches to analyse molecular-

134 derived data to date, i.e. the taxonomy-based and de novo strategies. For the taxonomy-based 

135 approach, we used bacterial communities to calculate a previously developed biotic index based on 

136 the putative response of bacteria to environmental stress; microgAMBI (Aylagas et al., 2017). For the 

137 de novo strategy, we used amplicon sequence variants (ASVs) to identify new bioindicators of 

138 environmental stress along a known disturbance gradient, namely acid volatile sulfides. Finally, we 

139 validated the potential use of the de novo approach for aquaculture monitoring programs comparing 

140 the de novo derived biotic index with a traditional study of polychaetes assemblages as biological 

141 indicators of aquaculture impact (Martinez-Garcia et al., 2013).

142

143 MethodsA
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144 Study area and sampling

145 Sediment samples were collected in March 2018 around two fish farms located on the Western coast 

146 of the Mediterranean Sea and fattening European seabass (Dicentrarchus labrax) (Figure 1). At each 

147 farm, three locations were sampled immediately adjacent to the farm cages (hereafter referred to as 0 

148 m). From the edges of the cages, six locations were sampled along an increasing distance gradient at 

149 50 m, 100 m, 250 m, 500 m, 1000 m and 2000 m, downstream of the direction of the predominant 

150 current. Additionally, samples were obtained from six control locations (i.e., three for each farm) 

151 located at >2 Km away from the respective farm. At each location, three sediment replicate samples 

152 were collected between 28 and 31 m depth using a 0.04 m2 van Veen grab (n = 72).

153 From each replicate we collected sub-samples for three different purposes: (i) bacterial community 

154 analysis; (ii) sediment characterization; and (iii) the characterization of polychaete assemblages. A 

155 surface sediment sub-sample (top 1 cm) of 5 g was placed into a 15 mL falcon tube containing 10 mL 

156 of RNAlater solution (ThermoFisher Scientific) for the characterization of bacterial communities. 

157 Subsequently, a sediment sub-sample of 40 g was placed into a 50 mL falcon tube for the 

158 determination of sediment grain size, acid volatile sulfides, organic matter (OM), total organic carbon 

159 (TOC), and total nitrogen content (TN). The remaining sediment was sieved on site through a 250 µm 

160 mesh size sieve for retaining small polychaete individuals. The retained animals were preserved in 

161 formaldehyde 4% solution for later morphological identification. All samples were transported in a 

162 cooler (4 C) to the laboratory. Samples dedicated to the analysis of bacterial assemblages were stored 

163 at -80 ºC until they were shipped on dry ice to the King Abdullah University of Science and 

164 Technology (KAUST), where molecular analyses were performed. Samples collected for sediment 

165 characterization were preserved at -20 ºC and the analysis of environmental variables was carried out 

166 at the University of Alicante and in the KAUST facilities. The analysis of polychaete assemblages 

167 was performed at the University of Alicante.

168

169 Bacterial community characterization

170 Total DNA was extracted from approximately 2 g of sediment using the DNeasy PowerSoil kit 

171 (Qiagen) following manufacturers’ instructions. The prokaryotic community was analyzed by 

172 amplifying a ~430 bp fragment of the v3 - v4 region of the nuclear 16S rRNA gene by polymerase A
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173 chain reaction (PCR) using the primers 341F (CCTACGGGNGGCWGCAG) and 805R 

174 (GACTACHVGGGTATCTAATCC) following the PCR conditions detailed in (Klindworth et al., 

175 2013). Approximately, 5 ng of DNA were run in triplicate PCRs (25 cycles) using Invitrogen Taq 

176 Polymerase with negative PCR controls being included. The triplicate PCR products were pooled and 

177 20 l of the combined PCR products were cleaned and normalized using SequelPrep Normalization 

178 plates (ThermoFisher Scientific) resulting in a concentration of ~1 ng/l. A second round of PCR 

179 amplification of 8 cycles using KAPA 2x HiFi Hot Start ReadyMix was undertaken to add Illumina 

180 Nextera tags following the manufacturer’s recommendations. A second cleaning up and normalization 

181 step was done using the SequelPrep Normalization plates (ThermoFisher Scientific). An Illumina 

182 MiSeq sequencing platform (v3 chemistry) at the King Abdullah University of Science and 

183 Technology (KAUST) Bioscience Core Laboratory (BCL) was used to determine sequence reads (2 x 

184 300 bp). 

185

186 From the raw sequencing data, primers were removed with cutadapt (Martin, 2011) with a maximum 

187 mismatch of 1 bp and, a total of 3,304,977 sequences were processed using the dada2 pipeline 

188 (Callahan et al., 2016) within R (R Core Team, 2019). Reads with a maxEE (maximum number of 

189 “expected errors”) greater than 2 for forward and 6 for reverse reads were discarded. Using dada2 

190 dereplication of samples is undertaken and sequence variants for the forward and reverse reads are 

191 inferred based on derived error profiles (based on the first 1e8 bp in the dataset) from the samples. 

192 Singletons observed in the inference step are discarded. Subsequently, paired-end reads were merged 

193 with a maximum mismatch of 1 bp and a required minimum overlap of 10 bp. Forward and reverse 

194 reads which did not merge were excluded from further analysis. Forward and reverse reads were 

195 subsequently merged forming amplicon sequence variants (ASVs) and chimeras were removed with 

196 the dada2 function removeBimeraDenovo. Following quality filtering and chimera removal a total of 

197 1,461,091 million reads were retained, averaging 20,292 reads per sample (minimum of 631 reads and 

198 maximum of 47990 reads) (Supplementary table 1). The resulting ASVs were used for taxonomic 

199 classification using the SILVA v128 database (Pruesse et al., 2007) within the dada2 package which 

200 is based on the rdp classifier (Wang, Garrity, Tiedje, & Cole, 2007) with a bootstrap of 50. The results 

201 were parsed into a table using the phyloseq package, and sequences assigned as eukaryotes, archaea, A
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202 mitochondria and chloroplasts were removed. Seven samples contained less than 10,000 reads and 

203 were discarded for downstream analysis. Furthermore, ASVs present in the negative controls were 

204 removed from the whole dataset (i.e., Pluralibacter and Pseudomonas, that accounted for 81.3% and 

205 13.2% of reads of the total negative control reads). 

206

207 Sediment characterization

208 From the 40 g sediment sub-sample, grain size and acid volatile sulfides were determined. Grain size 

209 was analyzed as per the Wentworth (1922) classification and acid volatile sulfides were distilled and 

210 quantified following the methodology proposed by Allen et al. (1993). The remaining sediment from 

211 this subsample was sent to KAUST where TOC and TN content were determined. To do so, 6-8 mg of 

212 ground samples were weighed and placed in silver capsules which were acidified with 15 µl of 3M 

213 HCl. Samples were then dried for 20 min at 65 C in the oven and the acidification step was repeated 

214 another 3 times until no bubbles were seen when adding HCl. Samples were then dried over night at 

215 65 C. Afterwards, the silver capsules were wrapped into tin capsules and folded. Samples were 

216 finally analyzed using an Organic Elemental Analyzer, Model Flash 2000 from Thermo Fisher.

217

218 Polychaeta assemblage characterization

219 In the laboratory, specimens were picked from the sediment under a stereomicroscope and preserved 

220 in 70% ethanol. For this study, polycheates were choosen for assessment as this taxon shows high-

221 level sensitivity of polychaetes to abiotic alterations in soft substrates (Martinez-Garcia et al., 2013). 

222 The Polychaeta assemblage structure from 4 locations (0 m, 50 m, 250 m and 2000 m) was evaluated 

223 at the family level (Figure 1). Ecological Groups (EG) from I to V (I being sensitive to disturbance 

224 and V tolerant to disturbance) were assigned to each family in order to calculate a Polychaeta based 

225 AMBI index, a variation of the AZTI’s Marine Biotic Index (Borja et al., 2000), using the R package 

226 ‘benthos’ (Walvoort, 2018).

227 Multivariate analysis of biological and environmental data

228 To investigate the variation in alpha-diversity metrics of bacterial communities with distance from the 

229 cages, the bacteria-derived ASV table was rarefied at a sequencing depth of 10,000 reads using the 

230 “rarefy_even_depth” function in the phyloseq package (McMurdie & Holmes, 2013). Rarefaction A
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231 curves were calculated for each sample using the vegan package (Oksanen et al., 2015). Differences 

232 in Pielou Index (J’, measure of evenness), Shannon-Weiner Index (H’, measure of diversity) and 

233 Richess (S, number of ASVs) were tested using analysis of variance (ANOVA) followed by a 

234 pairwise comparison using the Tukey’s Honest Significant Difference (HSD). The effect of fish 

235 farming on the bacterial assemblages was investigated through permutational multivariate analysis of 

236 variance (PERMANOVA; Anderson, 2001) based on the Bray-Curtis dissimilarity matrices using the 

237 “adonis” function in the vegan package (Oksanen et al., 2015). The data was analyzed using a 2-way 

238 model, with ‘location’ (two levels: Farm 1, Farm 2) and ‘distance from the cages’ as fixed orthogocal 

239 factors. The factor ‘distance from the cages’ was incorporated in two different ways: ‘discrete 

240 distances’, with 8 levels (0 m, 50 m, 100 m, 250 m, 500 m, 1000 m, 2000 m and Control) and ‘zone’, 

241 with 3 levels (near, 0-50 m; intermediate, 100-1000 m; and far, 2000 m and control). The delimitation 

242 of the 3 zones was based on previous studies performed in the same area (Martinez-Garcia et al., 

243 2018; Rubio-Portillo et al., 2019). Changes in bacterial assemblages in relation with distance to the 

244 cages were visualized using the ampvis2 package (Skytte et al., 2018).

245 For the analysis of changes in bacterial taxonomic structure, samples were pooled at the location level 

246 and data rarefied at 34,000 sequences. One control location from Farm 2 was discarded for further 

247 analyses due to low number of sequences. Composition at family and genus levels (agglomeration of 

248 ASVs belonging to the same family or genus) was analyzed for each distance and zone separately, 

249 and the 20 most abundant (representing >80% of relative contribution within samples) families and 

250 genera were visualized using the ampvis2 package. Differences in the relative contribution of bacterial 

251 families and genera according to the distance and zone were tested with ANOVA using the same 

252 experimental design described above.

253 Finally, we investigated the relationship between various sediment physico-chemical characteristics 

254 and bacterial community structure. Significant correlations between environmental variables were 

255 tested by computing a matrix of Spearman’s rank correlation coefficients using the Hmisc package. 

256 Variables presenting a significant correlation were removed and 5 variables were selected for analysis 

257 (sand coarse (SC), clay, organic matter content (OM), acid volatile sulfides (AVS) and total organic 

258 carbon (TOC)). A canonical correspondence analysis (CCA) model was fitted using 999 permutations 

259 in the vegan package, followed by a step-wise selection process using the ordistep funtion (Borcard et A
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260 al., 2018) to obtain the most parsimonious model. Furthermore, a Mantel test was run to analyze the 

261 correlation between the bacterial community structure (Bray-Curtis distance based on ASV level) and 

262 all environmental variables combined. To further verify the significant environmental variables, the 

263 Mantel test was performed with each selected environmental factor (Euclidean distance). All the 

264 statistical analyses were conducted using the R software (R Core Team, 2019).

265 Similarly, polychaeta responses to increasing distances to the cages as well as to environmental data 

266 was assessed using univariate and multivariate analyses (see 

267 https://github.com/jatalah/Aquaculture_bacterial_indicators/blob/master/polychaetes.md).

268

269 Definition of bacterial indicator taxa following taxonomy-based and de novo strategies

270 The 2,000 most abundant ASV from the rarefied data set (i.e., 10,000 reads) were used for the 

271 identification of indicator bacteria. The taxonomy-based microgAMBI index was calculated based on 

272 the assignation of EG from I to III to bacterial taxa according to the putative response of bacteria to 

273 stress according to bibliographic references (Borja, 2018). Then, a bacteria-based biotic index using 

274 the de novo strategy was calculated following Keeley et al. (2018). This approach examines changes 

275 in bacteria distribution as a function of changes in environmental variables using a method proposed 

276 by Anderson (2008) and adapted by Keeley et al. (2012). The sequence abundances of potential 

277 indicator ASVs are plotted as a function of a stressor and quantile regression spline models are 

278 constructed for the 95th percentile (i.e., the value below which 95% of the reads abundances are 

279 expected to fall; Koenker et al., 1994). Here bacterial indicator ASVs were explored by examining 

280 abundance changes along the acid volatile sulfides gradient, which was identified in this study as the 

281 main fish farm related driver structuring bacterial communities. To do so, quantile regression spline 

282 models were fitted to the 2,000 most abundant bacterial ASVs occurring at both farms. Separate 

283 models were fitted for each ASV and farm combinations (i.e., 4,000 splines) along the acid volatile 

284 sulfides gradient. For each spline the value along the gradient at which maximum read abundance was 

285 predicted (i.e., acid volatile sulfides peak, see vertical lines in Supplementary Figure 1), was used for 

286 the assignation of Eco-Groups. To ensure consistency in abundance response to the gradient, ASVs 

287 were only considered as suitable bioindicators if the acid volatile sulfides peaks for both farms 

288 differed by < 50 µM. Furthermore, in order to avoid ecologically meaningless interpretation, ASVs A
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289 showing multi-modal quantile splines patterns (e.g. double peaks) for either farm were not considered. 

290 For each ASV that met these bioindicator suitability requirements, the average acid volatile sulfides 

291 peak value of the splines for each farm was calculated and used for the allocation of Eco-Groups. The 

292 average peak values were related to Eco-Groups from I (sensitive to the presence of acid volatile 

293 sulfides) to V (tolerants to the presence of acid volatile sulfides) based on the quantile of the acid 

294 volatile sulfides gradient they fall in (i.e. Eco-Group I : <43 µM TFS, II : >43 - <110, III : >110 – 

295 <175, IV : >175- <355 and V : >355). This resulted in each ASV meeting the bioindicator criteria 

296 being assigned an Eco-Group. These assignments were then used to calculate the bacteria biotic 

297 index. The weights for the index calculations were based on previous assignments by (Keeley et al., 

298 2018) and are as follows. Bacteria biotic index = ((1.5 × %Eco − Group II) + (3 × % Eco-Group III) + 

299 (5 × %Eco − Group IV) + (12 × %Eco − Group V))/100.

300

301 Results

302 Bacterial communities and polychaetes show compositional changes with increasing distances 

303 from farm cages

304 Bacterial communities showed a pattern of increasing diversity (Shannon index and Richness) with 

305 distance from the cages. The locations under the cages showed the lowest values, with significant 

306 differences found along the gradient for both Shannon index (‘discrete distances’ ANOVA: F=2.36; p 

307 = 0.03; ‘zone’ ANOVA: F = 6.384, p = 0.003) and Richness (‘discrete distances’ ANOVA: F=4.262, 

308 p < 0.001; ‘zones’ ANOVA: F=13.71, p < 0.001 ), whilst Pielou index did not show significant 

309 differences (Supplementary Figure 2). Multivariate analysis showed a clear segregation of bacterial 

310 communities with increasing distances from the cages (Figure 2). The distance gradient was evident 

311 in a zonation of clusters by distance, with significant differences found in the community structure 

312 among distances (PERMANOVA: F= 7.23; p < 0.001) and zones (PERMANOVA: F= 16.89; p < 

313 0.001). The most striking difference was the aggregation of samples collected under the cages, with 

314 bacterial communities from these samples being significantly different from those inhabiting all the 

315 remaining stations. Then, bacterial communities collected at 50 m and 100 m also presented 

316 significant differences with control stations, whereas no significan differences were detected between 

A
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317 control and the stations located at 250 m and beyond.  It is worth noticing that samples were clustered 

318 based on the distance from the cages and not based on the location of the fish farm.

319

320 The analysis of the taxonomic composition showed changes at the family and genus level between 

321 zones (Figure 3) and discrete distances (Supplementary Figure 3). In general, Desulfobacteraceae was 

322 the most predominant family across samples. Representatives of the family Helicobacteraceae 

323 (ANOVA: F=175.05, p < 0.05) and Spirochaetaceae (ANOVA: F=221.78, p < 0.05) were more 

324 abundant at the near zone (< 50 m distance), whereas Synthrophobacteraceae (ANOVA: F=43.6, p < 

325 0.05) and Desulfarculaceae (ANOVA: F=73.45, p < 0.05) had a significantly higher relative 

326 abundance at the locations far from the cages (i.e., 1000, 2000m and control). At the genus level, 

327 representatives of the genera Sulfurovum (ANOVA: F=75.36, p < 0.05) and Desulfobacter (ANOVA: 

328 F=80.28, p < 0.05) showed a significantly greater relative abundance near the cages.

329 Similarly, polychaete assemblages showed differences in community composition with increasing 

330 distances from the cages (ANOVA: F=21.9, p < 0.05), with samples collected under the cages  

331 presenting significant differences with communities from all other stations. Whilst we are not 

332 providing a full description of the responses of macrofauna communities to the impact of aquaculture 

333 activities, the detailed information can be found in 

334 https://github.com/jatalah/Aquaculture_bacterial_indicators/blob/master/polychaetes.md.

335 Briefly, representatives of the family Capitellidae were significantly more abundant in the near zone 

336 compared to the far zone. In contrast, Spionidae showed increasing abundance with increasing 

337 distance to the cages. The polychaeta-derived AMBIranged from 1.5, at 250 m, to 6, at 0 m, where a 

338 mean abundance of 500 indivuals of the family Capitellidae was found. Notably, intermediate AMBI 

339 values (~3.5) were found at 2000 m, where a mean abundance of 80 individuals of the same family 

340 was detected.

341  

342 The increase in acid volatile sulfides drives bacterial community changes along the distance 

343 gradient

344 Changes in environmental variables showed increasing values of total organic carbon (TOC) with 

345 increasing distance from the cages (Supplementary Figure 4). On the contrary, acid volatile sulfides, A
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346 showed higher values at stations immediately adjacent to the farm cages and at 50 m from the cages. 

347 Canonical correspondence analysis was used to determine what environmental variables contributed 

348 to the observerd shifts in community composition (Figure 4). For polychaetes, a total of 27% of the 

349 constrained intertia was expressed by the CCA1 axis, while CCA2 captured a further 9%. These 

350 values were, respectively, 61% and 23% for bacteria. Changes in the physicochemical parameters 

351 were significantly aligned with those in the composition of biological assemblages (Mantel test: r = 

352 0.47, p <0.001 for bacteria; r = 0.52, p <0.001 for polychaetes). To further identify the main drivers of 

353 the bacterial communities and polychaetes distribution, we conducted a Mantel test between each 

354 biological component and each environmental factor (Table 1). Acid volatile sulfides, TOC and CS 

355 had significant (p < 0.05) correlations with both bacterial communities and polychaetes, with acid 

356 volatile sulfides being the environmental variable with the highest correlation structuring bacteria (r = 

357 0.52) and TOC structuring polychaetes (r = 0.34). 

358

359 Bacterial indicator signals

360 The microgAMBI index (Figure 5) did not show significant differences among distances (p = 0.418) 

361 or zones (p = 0.074). The assignation of the ecological status across the different stations ranged from 

362 moderate to poor, without a clear pattern of changes in ecological status towards the control sites. In 

363 general, an even distribution of the proportion of the reads assigned to EG I (“sensitive taxa”) and EG 

364 III (“tolerant taxa”) was observed, with a percentage of reads assigned to EG III systematically higher 

365 than those assigned to EG I.

366  

367 Because acid volatile sulfides appeared to be the main measured environmental variable which 

368 correlated with the structure of bacterial communities, indicator bacterial ASVs of this environmental 

369 factor were investigated. Out of the 2,000 most abundant ASV selected for the definition of bacterial 

370 indicators, 32.8% consistently responded to changes in acid volatile sulfides concentration. From 

371 those ASVs, a total of 47.3.7% ASVs were assigned to Eco-Group I, 8.8% to Eco-Group II, 19.2% to 

372 Eco-Group III, 13.7% to Eco-Group IV and 11.5% to Eco-Group V. An example of splines of the five 

373 Eco-Groups as a response to acid volatile sulfides is shown in Supplementary Figure 1. Using this 

374 information, a bacterial biotic index was calculated, showing the lowest values in the control and A
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375 locations far from the cages, with highest values obtained underneath the cages and at 50 m distance 

376 (Figure 6). A significant relationship was obtained between the bacteria biotic index and the 

377 concentration of acid volatile sulfides (r2 = 0.63, p < 0.05), and with the polychaeta-AMBI (r2 = 0.47, 

378 p < 0.05).

379

380 Discussion

381 The changes in the compositon of bacterial assemblages detected along distance gradients from two 

382 aquaculture installations in the Mediterranean Sea aligned with those previously reported in farms in 

383 New Zealand (Dowle et al., 2015; Keeley et al., 2018) and Norway (Stoeck et al., 2018; Cordier, 

384 2019; Frühe et al., 2020). Our result reinforces the suitability of bacterial communities as robust 

385 indicators of environmental disturbances and suggests that the detection of anthropogenic impacts 

386 could be achieved through the application of bacteria DNA-derived biotic indices.

387

388 Biotic indices derived from bacterial DNA-data present a new avenue for ecological status 

389 assessments and can be envisioned as the solution to the current time-consuming and expensive 

390 biomonitoring (Frühe et al., 2020). However, the different existing approaches to calculate biotic 

391 indices from DNA data (Aylagas et al., 2017; Cordier et al., 2017; Keeley et al., 2018; Lanzen et al., 

392 2020) suggests that a consensus regarding the most reliable approach to analyse these datasets to infer 

393 ecological quality of soft-sediment marine habitats is still missing. Recently, taxonomy-free 

394 strategies, such us SML and de novo approaches, have been advocated as the most promising avenue 

395 to infer ecological quality (Frühe et al., 2020; Lanzen et al., 2020). However, a comprehensive 

396 comparison between the performance of bacteria taxonomy-based and taxonomy-free strategies for 

397 benthic monitoring is lacking. Our study showed that both DNA derived bacteria taxonomy-based and 

398 de novo biotic indices detected environmental alterations in the area under study. The taxonomy-

399 based microgAMBI index showed similar values across the distance gradient resulting in an 

400 assessment of a moderate to poor ecological status. The de novo approach resulted in more 

401 discriminatory power to detect changes in specific stressors than the taxonomy-based index. 

402 Moreover, the de novo strategy showed potential to define new ASV indicators of changes associated 

403 with a fish farm related disturbance gradient defined by the concentration of acid volatile sulfides.A
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404

405 The analysis of environmental variables indicated higher values of TOC in the sediments collected far 

406 from the cages, contrasting with the usual trend for this variable, where the organic material 

407 accumulates under the cages (Dowle et al., 2015). Here, the study area is surrounded by Posidonia 

408 oceanica meadows (e.g., Tabarca Marine Protected Area), a potential source of detritus exported by 

409 hydrodynamic processes, such as waves and currents (Cebrian & Duarte, 2001), which could explain 

410 the low variation in TOC between the non-disturbed and disturbed areas. Therefore, TOC could not 

411 be considered a good indicator of fish farming activity in this study due to the confounding natural 

412 processes. Thus, it is not surprising that representative taxa of sulfate-reducing bacteria (SRB), such 

413 as the families Desulfobacteraceae and Desulfobulbaceae, typically associated with organic loads 

414 (Saravanakumar et al., 2012; Hori et al., 2014) and previously reported in locations nearby fish farms 

415 (Dowle et al., 2015; Cordier, 2019; Rubio-Portillo et al., 2019) were consistently present at all 

416 distances. The high relative contribution of these families, assigned to EG III using the taxonomy-

417 based approach, resulted in high values of microgAMBI index, unmasking the organically enriched 

418 gradient.

419

420 Interestingly, the family Syntrophobacteracae, here detected at higher abundances far from the cages, 

421 has been inconsistently detected in locations near (Stoeck et al., 2018) and far (Keeley et al., 2018) 

422 from aquaculture farms, suggesting that representatives of this family can exhibit different responses 

423 to environmental changes (Astudillo-García et al., 2019). On the other hand, the genera Desulfobacter 

424 and representatives of the family Helicobacteraceae, such as the genus Sulfurovum, were detected at 

425 higher abundances at stations adjacent to the cages, where significantly higher levels of acid volatile 

426 sulfides were recorded. These findings are in accordance with previous studies (Keeley et al., 2018). 

427 For instance, Desulfobacter, a known sulphate-reducing bacteria (SRB) taxa occurring in strictly 

428 anoxic conditions (Balows et al., 2013) was recently proposed as a good quality indicator of anoxic 

429 conditions (Keeley et al., 2018). This finding could also confirm that organic material is often a 

430 limiting factor in sulfate reduction and, both increase in sulfur and organic matter is required for 

431 strictly anoxic sulphate-reducing bacteria to increase in abundance (Schwarz et al., 2007). Similarly, 

432 sulphur-oxidizing bacteria (SOB), such as Sulfurovum, are critical in ecosystem functioning due to A
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433 their role in the sulphur cycle, and have been previously reported in sediments collected adjacent to 

434 fish farm cages (Rubio-Portillo et al., 2019). This study confirms, therefore, the potential of 

435 Sulfurovum as good indicator of the presence of sulfur in the environment. 

436

437 Regarding polychaeta assemblages, representatives of the family Capitellideae (Polychaeta), a known 

438 indicator of organic enrichment (Carvalho et al., 2006; Martinez-Garcia et al., 2013), were found at 

439 significantly higher abundance in locations adjacent to the cages (mean of 500 individuals per grab). 

440 This resulted in higher AMBI values near the cages with a decrease pattern along the environmental 

441 grandient. However, the positive correlation found between TOC and increasing distance from the 

442 gradient could suggest high abundances of capitellids at stations far from the cages, resulting in high 

443 values of AMBI. Yet, the opposite pattern was found in this study. It is worth mentioning that 

444 macrofauna assemblages are indicators of long-term environmental conditions that have persisted in 

445 the area for a certain period of time, from days to years (Teixeira et al., 2010; Dowle et al., 2015) and 

446 that short term or periodic environmental alterations might not be detected using macrofauna 

447 assemblages as indicators. Therefore, the results found in this study could suggest a recent 

448 accumulation of organic matter far from the cages, to which macrofauna assemblages had not 

449 responded at the time of the sampling. On the contrary, the fast turnoves (from hours to days) of 

450 bacteria assemblages, can reveal a very recent change in environmental condition (Fuhrman et al., 

451 2015). The different response of organsisms to environmental alterations has been addressed by the 

452 development of multi-trophic indices, including eukaryotes and prokaryotes, in order to provide an 

453 integrated method for monitoring benthic organic enrichment (Keeley et al., 2018). Amongst the 

454 different taxonomic groups, however, DNA indicators based on bacteria have demostrated a better 

455 resolution to detect environmental changes and to infer accurate ecological quality assessments 

456 (Keeley et al., 2018; Stoeck et al., 2018; Frühe et al., 2020), which was further verified in the present 

457 study.

458

459 Here, microgAMBI detected the organically enriched environment across the whole of the 

460 investigated gradient. However, it was not able to discriminate between changes in other 

461 environmental variables. In order to provide a more detailed interpretation of variations in abiotic A
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462 factors, we apply a taxonomy-free approach (Keeley et al., 2018; Lanzen et al., 2020). Here we used 

463 the de novo approach based on quantile regression splines to define ASV bacterial indicators using 

464 environmental gradients. The use of environmental background information for the development of 

465 bacteria biotic indices was used by Keeley et al. (2018) through the development of an enrichment 

466 stage index that consideres multiple conventional indicators. Similarly, Lanzen et al. (2020) 

467 developed multi anthropogenic pressure indices as background information to construct predictive 

468 models using DNA data. Here, we used the variation in acid volatile sulfides to develop the biotic 

469 index. Acid volatile sulfides play an important role in biogeochemical processes and have been used 

470 as indicator of benthic condition at aquaculture farms (Cranford et al., 2017). Among the potential 

471 environmental drivers tested in this study, acid volatile sulfides showed the highest correlation with 

472 bacteria assemblages. Thus, using the defined indicators based on the de novo strategy, we calculated 

473 an index, specific for this dataset, that consistently responded to the variation in acid volatile sulfides 

474 along the gradient. Although the taxonomy-free strategy allowed a deeper exploration on the response 

475 of bacterial ASVs to particular stressors it is worth mentioning that this approach prevents ecological 

476 interpretation, including functional inference, that is derived from taxonomic information. Therefore, 

477 we favor the exploration of taxonomic and functional characterization of the bacterial assemblages 

478 along with taxonomy-free strategies for the calculation of biotic indices. This exploration will provide 

479 a more comprehensive interpretation of the response of bacteria to the different stressors. 

480

481 A variety of taxonomy-free strategies have being recently applied to develop and validate indices 

482 based on DNA datasets. For example, Cordier et al. (2017, 2018) developed a strategy based on 

483 Supervised Machine Learning (SML) to detect impacts of salmon farms, whilst Keeley et al. (2018) 

484 applied quantile regressions splines (QRS) for the same purpose. Frühe et al. (2020) went a step 

485 forward and showed that SML outperformed a method similar to QRS that uses indicator value 

486 inference from the same source of impact. Lanzen et al. (2020) found consistent indicator taxa 

487 between SML and a combination of Threshold Indicator Taxa Analysis and QRS, with both methods 

488 performing well at defining ecological status levels. Yet, despite the many approaches proposed to 

489 develop indices based on DNA datasets for benthic monitoring the complex interactions between 

490 abiotic parameters and the response of bacteria remains unclear. This is likely hampering the A
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491 development of a standardized methodology for monitoring the impact of anthropogenic activies. 

492 Here, we present a robust and straightforward method based on QRS for the interpretation of specific 

493 environmental stressors resulting from aquaculture activities. The development of stressor-specific 

494 indicators is especially relevant since, as shown here, impacts from anthropogenic activities might be 

495 site-specific and a one-size-fits-all strategy to interpret the response of bacteria to a particular activity 

496 might lead to inconsistent results. The collection of environmental background information was 

497 crucial to interpret that indicator bacteria ASVs defined here responded to the increase in acid volatile 

498 sulfides at stations immediately adjacent to the farm cages and at 50 m from the cages. If only 

499 distance was measured, one could erroneoulsy interpret that the set of indicator ASVs identified 

500 responded to a high TOC content under the cages, as this is the patter that usually results from 

501 aquaculture activities. Therefore, understanding the correlation between environmental variables and 

502 bacteria ASV allowed the confident calculation of the de novo based index. However, in order to 

503 further apply this index, several validation exercises should be done to test the performance of the 

504 indicator ASVs defined here under different scenarios (for example, same fish farm but different 

505 season). Therefore, because natural processes also influence the environmental conditions of the areas 

506 under study in-depth knowledge on the delimitation of particular indicators of specific stressors 

507 should be defined before DNA-based indices can be applied universally. These validation steps are 

508 critical especially during the period of proof of molecular tools for environmental monitoring, which, 

509 despite presenting high potential are still under consideration. 

510

511 In conclusion, although taxonomy-free methods, and in particular SML strategies, have been 

512 proposed as the most promising approaches to classify ecological quality based on DNA 

513 metabarcoding (Frühe et al., 2020), their inclusion in routine monitoring has not been accomplished 

514 yet. The main advantage of SML is that it enables the inclusion of natural variability for the 

515 development of the training algorithms, which as we showed here can lead to striking differences in 

516 the response of indicator bacteria. Currently, efforts are being undertaken towards the development 

517 and standardization of robust algorithms based on SML training for future routine use (Cordier et al., 

518 2017; Cordier et al., 2020). This training requires large number of samples to train the datasets and 

519 will likely require a few years to continuously improve the algorithm for a specific region or purpose. A
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520 Once the SML algorithm is ‘ready-to-use’ it will become a powerful tool transferable to a variety of 

521 monitoring goals. Thus, whilst a consensus to develop SML-based biotic indices for a future 

522 environmental monitoring is agreed, de novo strategies based on QRS are presented as a valid and 

523 robust method to calculate biotic indices for the interpretation of environmental alterations. The data 

524 presented here allowed us to compute a standardized biotic index using the environmental data 

525 specific for this study. Yet, the standardized de novo analysis proposed in this study can be easly 

526 transferred to other activities, where an understanding of the relationship between bacteria and 

527 specific stressors is lacking. However, in order to harmonize results between laboratories, regions and 

528 countries (Jeunen et al., 2019) necessary next efforts must go towards examining the response of the 

529 individual ASVs indicators defined here across regions (Hering et al., 2018).

530
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781 Figure captions

782 Figure 1. Location of the study area (A) and diagram of the sampling design (B). The 12 locations 

783 sampled for this study are depicted by colored circles. Stations where both polychaeta and bacteria 

784 assemblages, or only bacterial communities were characterized are depicted. Stations are colored by 

785 zone (near, 0-50 m; intermediate, 100-1000 m; and far, 2000 m and control). The position of the 

786 colored circles are a representation of the designed and do not show the relative position of locations.A
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787 Figure 2. Principal component analysis of bacterial communities from the 12 stations sampled at each 

788 of the two fish farms. The sample points are shaped by Farm and colored by distance.

789 Figure 3. Box plot showing the distribution of the 20 most abundant bacterial family-level (A) and 

790 genus-level (V) taxa by mean read relative abundance between zones (i.e. near, intermediate, far). 

791 Taxa showing significant differences in relative abundance between zones are depicted with asterisk. 

792

793 Figure 4. Canonical correspondence analysis (CCA) of Polychaeta and bacteria assemblages 

794 associated with abiotic factors. TOC = Total organic carbon; AVS = Acid volatile sulfides; CS = 

795 Coarse Sand; OM = Organic matter.

796

797 Figure 5. Taxonomy-based microgAMBI index values for Farm 1 and Farm 2 along the 

798 environmental gradient. Class boundaries for ecological quality classes are: 0 < High ≤ 1.2; 1.3 Good 

799 ≤ 2.4; 2.5 Moderate ≤3.6; 3.7 Poor ≤4.8; 4.9 Bad ≤6 (Aylagas et al., 2017)

800 Figure 6. Relationship between the de novo bacteria biotic index and (A) variation in acid volatile 

801 sulfides (M) along the distance gradient and (B) traditional Polychaeta-based AMBI index. Points 

802 represent the different stations of each of the Farms, colored according to their location along the 

803 distance gradient. 
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804 Table 1. Mantel correlations between the bacteria and Polychaeta assemblages and each 

805 environmental variable. The statistical significance of comparisons is based on Pearson’s product 

806 moment correlation using 9999 permutations. Significant (p < 0.01) correlation are labeled in bold. 

807 AVS: Acid volatile sulfides, TOC: Total organic carbon, SC: Sand Coarse, OM: Organic matter 

808 content

809

Factor Parameters

Value

Bacteria Polychaeta

All 

variables

r 0.47 0.52

p 0.001** 0.001**

AVS r 0.52 0.28

p 0.001** 0.004*

TOC r 0.3 0.34

p 0.01* 0.001**

SC r 0.43 0.32

p 0.001** 0.011*

Clay r -0.02 0.06

p 0.7 0.19

OM r 0.05 0.05

p 0.13 0.276
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