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Supplementary File

Supplementary Methods

Bioinformatics

The software VSEARCH v2.3.4 (steps documented in http://github.com/torognes/vsearch/wiki/VSEARCH-pipeline) was used to generate the abundance table by constructing operational taxonomic units (OTUs), a proxy for species. Prior to using VSEARCH, the paired-end reads were preprocessed according to the recommendations given in author’s previous publications [1, 2] which results in significant reduction of substitution errors. Briefly, the paired-end reads were trimmed and filtered using Sickle v1.200 [3] by using a sliding window approach and trimming the reads where the average base quality drops below 20. Only the reads that were above 10 bp length were kept after trimming. Next, BayesHammer [4] was used from the Spades v2.5.0 assembler, which error-corrected the paired-end reads. Following this, pandaseqv(2.4) [5] was used to assemble the forward and reverse reads into a single sequence spanning the entire V4 region with a minimum overlap of 10 bp. The preprocessed reads (overlapped) from each sample were pooled together while barcodes were added to keep track of which sample the read originated from. The reads were then dereplicated, sorted in order of decreasing abundance and singletons were discarded. Next, the reads were clustered based on 97% similarity followed by a removal of clusters which had chimeric models built from more abundant reads (--uchime_denovo option in vsearch). To remove any chimeras that may have been missed, particularly in the case that they had parents that were absent from the reads or were present in very low abundance, a reference-based chimera filtering step (--uchime_ref option in vsearch) using a gold database (https://www.mothur.org/w/images/f/f1/Silva.gold.bacteria.zip) was applied. Finally, the OTU table was generated by matching the original barcoded reads against clean OTUs (a total of 17,428 OTUs for n=135 samples) at 97% similarity (a proxy for species-level separation). Having obtained the OTUs, we then used DeConseq [6] to identify OTUs that were contaminants, hitting on Salmo salar reference genome. This step identified 13,211 OTUs as contaminants bringing the total OTUs down to 4,217 OTUs. Then, the OTUs were manually checked against NCBI for further contaminants and filtered out some that were still hitting Salmo salar reference genome even after DeConseq and others to mitochondria leading to 3,852 OTUs For ensuing statistical analysis, any sample was dropped with total reads <2000 (6 samples in this dataset) and that resulted in a 129 (samples) X 3,834 (OTUs) abundance table. 

The assign_taxonomy.py script from the Qiime workflow [7] was used to taxonomically classify the representative OTUs against the SILVA SSU Ref NR database release v123 database. After, the OTUs were multisequence aligned using MAFFT v 7.3 [8] and were used in FastTree v2.1.7 [9] to generate the phylogenetic tree in NEWICK format. The biom file for the OTUs was then generated by combining the abundance table with taxonomy information using make_otu_table.py from the Qiime workflow. 

Statistical Analyses 

Statistical analyses were performed in R using the combined data generated from the bioinformatics as well as meta data associated with the study (environmental factors, fish features, and qPCR results). The vegan package [10] was used for alpha and beta diversity analyses. For alpha diversity measures we have used: Shannon entropy – a commonly used index to measure balance within a community, and rarefied richness (exponential of Shannon entropy) – the estimated number of species, and both indices after rarefying the abundance table to minimum library size. Ordination of OTU table in reduced space (beta diversity) was done using Principal Coordinate Analysis (PCoA) plots of OTUs. Three different distance measures were made using Vegan’s cmdscale() function: (1) Bray-Curtis is a distance metric which considers only OTU abundance counts, (2) Unweighted Unifrac is a phylogenetic distance metric which calculates the distance between samples by taking the proportion of the sum of unshared branch lengths in the sum of all the branch lengths of the phylogenetic tree for the OTUs observed in two samples, and without taking into account their abundances and, (3) Weighted Unifrac is a phylogenetic distance metric combining phylogenetic distance with relative abundances. This places emphasis on dominant OTUs or taxa. Unifrac distances were calculated using the phyloseq package [11].

Analysis of variance for explanatory variables (or sources of variation) was performed using Vegan’s adonis() against distance matrices (Bray-Curtis/UnweightedUniFrac/Weighted UniFrac). This function, referred to as PERMANOVA, fit linear models to distance matrices and used a permutation test with pseudo-F ratios.  To give an account of environmental filtering (phylogenetic overdispersion versus clustering), phylogenetic distances within each sample were further characterised by calculating the nearest taxa index (NTI) and net relatedness index (NRI). This analysis helped determine whether the community structure was stochastic (overdispersion and driven by competition among taxa) or deterministic (clustering and driven by strong environmental pressure). The NTI was calculated using mntd() and ses.mntd(), and the mean phylogenetic diversity (MPD) and NRI were calculated using mpd() and ses.mpd() functions from the picante package [12]. NTI and NRI represent the negatives of the output from ses.mntd() and ses.mpd(), respectively. Additionally, they quantify the number of standard deviations that separate the observed values from the mean of the null distribution (999 randomisation using null.model-‘richness’ in the ses.mntd() and ses.mpd() functions and only considering taxa as either present or absent regardless of their relative abundance). Based upon the recommendations given [12], only the top 1000 most abundant OTUs were used for the calculations. 

Discriminant analyses were performed for two cases: longitudinal comparison of gill microbiome, and cross-sectional comparison of microbiome between Gill and Mucus samples. For the first case, Sparse Projection to Latent Structure – Discriminant Analysis (sPLS-DA) was used with the R’s mixOmics package [14] The procedure constructs artificial latent components of the predicted dataset (genera table denoted as collated at genus level) and the response variable (denoted as with categorical information of samples, e.g. T0, T1, T2, T3, T4, T5, and T6 for longitudinal analysis) by factorizing these matrices into scores and loading vectors in a new space such that the covariance between the scores of these two matrices in this space is maximized under two constraints: ; and , where  and are the corresponding loading vectors for  and , and  represents the number of components (akin to PCA analysis). The first constraint ensures the loading vector to have unit magnitude (requirement of the procedure) and the second constraint (also called  penalty) to ensure that for the features that do not vary between the categories, the corresponding loading vector coefficients go to zero. This is done by using the sparsity control parameter  in the above equation, and by adjusting it enforces shrinkage of loading vector coefficients.  According to the recommendations given in mixOmics package (http://www.mixomics.org), before applying the procedure splsda(), we pre-filter 1% of the lowest abundant genera and then perform TSS+CLR (Total Sum Scaling followed by Centralised Log Ratio) normalisation. To predict the number of latent components (associated loading vectors) and the number of discriminants, the perf.plsda() and tune.splsda() functions were used, respectively. In the latter case, we fine tune the model was applied using leave-one-out cross-validation by splitting the data into training and testing sets and then finding the classification error rates employing two metrics, overall error rates and balanced error rates (BER), between the predicted latent variables with the centroid of the class labels (categories considered in this study) using the centroid distance. BER accounts for differences in number of samples between different categories.

For the second case (Gill vs Mucus), the Multivariate Integration (MINT) algorithm [15] was used, which is an extension of the multi-group Projection to Latent Structure (mgPLS), and it attempts to find a common projection space across all studies, defined on a small subset of discriminative variables that consistently discriminate the outcome classes (timepoints T2 to T6).  In MINT, we have combined  datasets denoted ,   for Gill and Mucus, respectively, where both the datasets share the P OTUs whilst the number of samples differ, i.e., , . Both studies have associated dummy indicator outcome ,  in which all the timepoints (T2, T3, T4, T5, and T6 only as T0, and T1 were not available for Mucus samples) are represented. MINT then solves the problem: , with the previous constrains and , where the covariance of scores between the datasets are maximised by finding the global loading vectors  and  common to all studies. The prefiltering and the cross-validation procedure is similar to the previous case (sPLS-DA).  

The “BVSTEP” routine [16] was used to search for the highest correlation, in a Mantel test, between dissimilarities of fixed and multivariate datasets. To run this algorithm, bvStep() (from the sinkr package) [17] was used. It permuted through 2n-1 possible combinations of features in the variable dataset. Rather than testing all possible OTU subsets (for n=3,834) which is intractable, the top 1000 most abundant OTUs [18] were used to best correlate dissimilarities (Bray-Curtis distance) of samples using subsets against dissimilarities of the samples given to all the OTUs. This analysis is complementary to the sPLS-DA and MINT which identified the OTUs causing major shifts in beta diversity but without considering their labelling (i.e., timepoints) with the intention to identify OTUs that change markedly in the sample space.

Subset regression analysis of the microbial community was also performed using the leaps package [19], which performs exhaustive search for the best subsets of the explanatory variables (meta data recorded in this study) for predicting the dependent variable in linear regression using an efficient branch-and-bound algorithm. For cross-validation, CVlm() from R’s DAAG package was used [20]. Other than TSS+CLR normalisation for the abundance table, Log10 normalisation for qPCR data was used, and Arcsinh normalisation for the cell count data as is the general practice. 

In majority of the figures displaying boxplots, pair-wise ANOVA was performed taking two categories at a time, and where significant (p ≤ 0.05), joined them together by a line and plotting significance on top (*: 0.01 ≤ p < 0.05; **: 0.001 ≤ p < 0.01; ***: p < 0.001).





Supplementary Figures and Tables
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Supplementary Figure 1: Microbial diversity and community structure for the First step of the Nucleic acid extraction protocol optimisation. (a) and (b) represent alpha diversity and beta diversity indices, respectively. In (b), the ellipses are drawn at 95% confidence interval of standard error with lines going from Wash number 1 to Wash number 7 plotted at mean of the ordination values at each wash. From the left graphic until the right one: Bray-Curtis; UniFrac; Weighted UniFrac. (c) shows bacterial community structure based on relative abundance of the top-25 most abundant OTUs from across each Wash in three gill tissue samples, where ‘others’ refers to all OTUs not included in the ‘top-25’; no significant difference where found in the alpha diversity analyses between washes. This figure was created using Inkscape, version 0.92.4 (https://inkscape.org/).
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Supplementary Figure 2: Rarefaction curves for 3% OTUs. These curves were generated by using rarefy() function from R’s vegan package that gives the expected species richness in random subsamples of OTU table. This figure was created using Inkscape, version 0.92.4 (https://inkscape.org/).
		5

[image: ]Supplementary Figure 3: Rarefaction curves for 3% OTUs. Details are given in legend of Supplementary Figure 2. This figure was created using Inkscape, version 0.92.4 (https://inkscape.org/).
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[image: ][image: ]Supplementary Figure 4: sPLS-DA Gill Longitudinal Data Analysis. The algorithm is a two-step process where (a) seven components were found reducing the classification error rates (using max.dist in the function) in the algorithm, with (b) showing the ordination of samples using all the genera in the first two components (PLS-DA) with ellipses representing 95% confidence interval and percentage variations explained by these components in axes labels. In step two, (c) the number of discriminating genera were found for each component, highlighted as diamonds. (d) is similar to (b) however the ordination was considered using the discriminants from all seven components (sPLS-DA); (e) shows the heatmaps of these discriminant genera, with both rows and columns ordered using hierarchical (average linkage) clustering to identify blocks of genera of interest. Heatmap depicts TSS+CLR normalised abundances: high abundance (red) and low abundance (blue). This figure was created using Inkscape, version 0.92.4 (https://inkscape.org/). A high-resolution file with this figure in is available.



[image: ][image: ]Supplementary Figure 5: MINT study-wise discriminant analysis (Gill vs Mucus). The algorithm is a two-step process where (a) four components were found that reduce the classification error rates (using max.dist in the function) in the algorithm, with (b) showing the ordination of samples using all the genera in the first two components (MINT PLS-DA) with ellipse representing 95% confidence interval and percentage variations explained by these components in axes labels. In step two, (c) the number of discriminating genera were found for each component, highlighted as diamonds. (d) is similar to (b) however the ordination was considered using the discriminants from all four components (MINT sPLS-DA); (e) shows the MINT sPLS loading vectors ,,, and with non-zero weights for component 1, 2, 3, and 4 for both Gill and Mucus together, along with the heatmaps of these discriminant genera, with both rows and columns ordered using hierarchical (average linkage) clustering to identify blocks of genera of interest. Heatmap depicts TSS+CLR normalised abundances: high abundance (red) and low abundance (blue). Loading vectors are coloured by time points with maximal abundance. This figure was created using Inkscape, version 0.92.4 (https://inkscape.org/). A high-resolution file with this figure in is available.


Supplementary Table 1: Most Abundant and Relevant OTUs (Operational Taxonomical Units) Description. This table only show the top 25 most abundant OTUs/Genus (according to Fig. 4 in the main manuscript) and the most relevant taxa that appear to consistently being selected in subsets of species explaining the variability in sample space (beta diversity), as well as their OTU identification numbers. The time when the OTU was more abundant is showed in the “Significance” column. The type of sample where the OTU abundance was higher is showed in the “Type of sample” column.

	OTU ID
	OTU/Genera
	Significance
	Type of sample
	Description

	3352
	Rubritalea
	Present during the whole period, decrease in T4
	Gill & Mucus
	Was found on salmon, seabram and seabass gills, skin and guts [21, 22, 23], even on some salmon affected by epitheliocystis [21]

	4
	Albidiferax
	Abundance increases during the gill disease, but seems like freshwater bath treatments reduce its abundance
	More abundant in Mucus
	This genus appeared very commonly on rainbow trout eggs [24], and associated with biofilms [25]

	11
	Endozoicomonas
	Abundance increases during the gill disease
	More abundant on Gills
	First described as a causative agent for epitheliocystis [26], even on Atlantic salmon gills [27, 28]

	24
	Nitrosomonas
	Abundance increases after the the gill disease, maximum at T3
	Gill & Mucus
	Was found more often in water samples [29]. But this genus was detected on Atlantic salmon gills in a Epitheliocystis outbreak [30]

	9
	C. Branchiomonas cysticola
	Only found during the the gill disease
	Gill & Mucus
	Very common agent of Epitheliocystis on Atlantic salmon gills [31]. This genus was found associated with “Proliferative Gill Inflammation” (PGI) and “Complex Gill Disease” (CGD) [32]

	10
	Psychrobacter
	Appeared before the gill disease, and abundance increases during the gill disease
	Gill & Mucus
	This genus was found on affected and non-affected AGD Atlantic salmon gills [27], gut [33], skin [34], and even kidney [35]

	7011
	Tenacibaculum maritimum
	Mainly present during the gill disease 
	Gill & Mucus
	Is the causative agent of tenacibaculisis, especially at low water temperatures [32]. Was found on skin, gill and salmon fins [36], even in freshwater [34]. Another species from the same genus was associated with AGD in a laboratory trial [72]

	29
	Vibrio
	Mostly present during the gill disease
	Gill & Mucus
	Vibrio sp. was found to appear on Atlantic salmon epidermal mucus [37] and gastrointestinal microbiome [38]. Also closely associated with N. perurans in in vitro cultures [71]

	20
	Piscirickettsia salmonis
	Mainly present during the gill disease
	Gill & Mucus
	It causes Piscirickettsiosis in Atlantic salmon [39], common to find on gills [40]

	15
	Flavobacterium
	Only appeared during the gill disease, and abundance increases in T4 and T5
	Gill & Mucus
	This genus appeared before on Atlantic salmon gills [27], gut [22], and skin [34]

	22
	Pseudomonas
	Present during the whole period
	Gill & Mucus
	Was present in Atlantic salmon gut [22], gills [27], and even in freshwater salmon skin [34]

	17
	C. Fritschea
	Present during the whole period in low abundance, but abundance increases at T2
	Gill & Mucus
	Was found to be very close to other gill pathogens in Atlantic salmon [41], such as Candidatus Syngnamydia venezia and Candidatus Syngnamydia salmonis [42, 43], associated with Paramoeba perurans

	23
	Olleya
	Abundance increases at T2 in one of the cages
	Gill & Mucus
	Typically present in seawater [44], was not related with any Atlantic salmon microbiome before

	111
	Staphylococcus
	Present during the whole period in low abundance, but abundance increases at T2
	Gill & Mucus
	This genus was found on Atlantic salmon skin [34] and AGD affected gills [27]

	12
	Alcanivorax
	Present during the whole period in low abundance, but abundance increases at T4
	More abundant on Gills
	Was found in gut microbiome of Epinephelus coioides before and after a probiotic treatment with Psychrobacter [45]. Was detected in marine sediments [46]

	477
	Winogradskyella
	In low abundance during the gill disease, maximum at T6
	Gill & Mucus
	This genus was suggested to enhance the severity of the AGD [47], but a further study discarded the idea of that connection [48]

	105
	Shewanella
	Present during the whole period in low abundance, but abundance increases at T2 and T6
	Gill & Mucus
	This genus was found in Atlantic cod intestine [49], and in other fish skin and gill microbiome studies [50, 51]

	1011
	Delftia
	Present in low abundance during the gill disease, maximum at T6
	Gill & Mucus
	Was found in the Atlantic salmon intestine, and skin microbiome [52]

	35
	Pelomonas
	Present in low abundance during the gill disease, maximum at T6
	Gill & Mucus
	This genus is part of the proposed core microbiome in intestine of fish [53, 54], being present in the Gambusia affinis skin microbiome [55]

	1970
	Pedobacter
	Present in low abundance during the gill disease, maximum at T2
	Gill & Mucus
	This genus appears in the gut microbiome of some tropical fish [54] with Bacillus and Vibrio species too

	72
	Synechococcus
	Present in low abundance in the gill disease, maximum at T6
	Gill & Mucus
	This genus was found in Atlantic mackerel gills [50], and in Chinook salmon gut microbiome [56]

	54
	Marinobacter
	Present during the whole period
	Gill & Mucus
	This genus was detected in AGD affected and non-affected Atlantic salmon gills [27]. In another study [57], was associated with Paramoeba perurans cultures

	268
	Lactobacillus
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Is a genus very commonly present with high abundance in skin [53] and gut [58] microbiome of different fish

	145
	Turicibacter
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Was found in the intestine of different fish [59, 60]

	62
	Stenotrophomonas
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Can be found in Atlantic salmon skin [34] and intestine [61] microbiome

	136
	Bifidobacterium
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	This bacteria was not related with fish microbiome before, but is commonly used as a potential probiotic for fish [62]

	347
	Allobaculum
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Was detected in sediment and water samples in China [63], but could not be found in any fin-fish microbiome study

	248
	Propionibacterium
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Was found before on AGD affected and non-affected Atlantic salmon gills [27]. This genus was detected widely across mucus and tissue samples of Atlantic salmon, seabass, and seabream gut [23, 61]

	188
	Gardnerella
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Could not be found in any fish microbiome study

	3156
	Illumatobacter
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	This uncultured actinobacteria was found in coastal and oceanic sediments [64], and in a wide range of marine organisms [65]

	305
	Altererythrobacter
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	This genus was found in Atlantic salmon gut microbiome after a fermented soybean meal diet [66]

	1802
	Dyadobacter
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	This genus was found on the surface of Lake Sturgeon eggs after an iodine disinfection treatment [67]

	1344
	Rhodobacter
	Significant of being 
in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Are abundant in fresh and seawater samples and in intestine, skin, and gills from Atlantic salmon [22, 27, 34]

	3149
	Psychroserpens
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Was mainly found in AGD affected Atlantic salmon gills [27], and it was proposed to be an opportunistic pathogen associated with AGD. 

	522
	Salinimonas
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	Was previously found in marine sediments [68], but could not be found in any fish microbiome study

	754
	Burkholderia
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	This genus was found in healthy gut [22, 61], skin [34], and on gills during a “Proliferative gill inflammation” [28] from Atlantic salmon 

	807
	Dyella
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	This bacteria was found in the digestive cavity of the jellyfish Cotylorhiza tuberculata [69], but could not be found in any fin-fish microbiome study

	73
	Piscichlamydia
	Significant due to being selected in subsets of species explaining the variability in beta diversity
	Gill & Mucus
	This genus was found to have a positive association with the “Proliferative Gill Inflammation” [28] on Atlantic salmon gills. Was also related with Epitheliocystis [70]
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Supplementary Table 2: Subset analysis of the Microbiome data. Subsets obtained from “BVSTEP” routine. PERMANOVA of these subsets were also performed against sources of variations including Time, Sample Type (where applicable), and qPCR of N. perurans. For comparative purposes, PERMANOVA, using the full OTU table, data is also provided to highlight loss in variability with the subsets. Two cases were considered: Gill Longitudinal Analysis (white background) and Gill vs Mucus Cross-sectional Analysis (grey background). For each case, the abundance tables of the resulting subset of OTUs were obtained, normalised (log-relative normalisation), and then correlated (Kendall Correlation) with extrinsic parameters. The resulting p-values were then adjusted for multiple comparisons (Bonferroni-Hochberg procedure) for the OTUs found for the two cases and if significant, the correlation values (R) along with adjusted P-values are provided. The positive and negative correlations of these OTUs are then highlighted in different colours. For Gill vs Mucus Cross-sectional analysis, the correlations were performed separately for Gill and Mucus and together by collating the samples (as Gill + Mucus). 

	Gill Longitudinal Analysis

	Subset of top 1000 most abundant OTUs

	Correlation with full OTUs table
	PERMANOVA full OTU table

	
	
	Time and Sample Type
	Log10(qPCR of N. perurans)

	
	
		Time: R2 = 0.22 (p = 0.001 ***)

	Type: R2 = 0.04 (p = 0.001 ***)



	R2 = 0.05 (p = 0.001 ***)

	
	
	PERMANOVA subsets

	S1

		OTU_268 + OTU_145 + OTU_62 + OTU_154 +OTU_136 + OTU_347 + OTU_353 + OTU_335 + OTU_363



	0.922
		R2 = 0.208 (p = 0.001 ***)



	R2 = 0.037 (p = 0.006 **)

	S2
		OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_136 + OTU_148 + OTU_347 + OTU_353 + OTU_335 + OTU_363



	0.922
		R2 = 0.231 (p = 0.001 ***)

	



	R2 = 0.028 (p = 0.015 *)

	S3

		OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_136 + OTU_353 + OTU_188 + OTU_335 + OTU_3156 + OTU_1011



	0.922
		R2 = 0.224 (p = 0.001 ***)

	



	R2 = 0.046 (p = 0.004 **)

	S4

	OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_136 + OTU_347 + OTU_353
	0.915
		R2 = 0.224 (p = 0.001 ***)

	



	R2 = 0.046 (p = 0.009 **)

	S5
	OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_347 + OTU_353
	0.909
		R2 = 0.231 (p = 0.001 ***)

	



	R2 = 0.047 (p = 0.005 **)

	S6
	OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_353 
	0.900
		R2 = 0.231 (p = 0.001 ***)

	



	R2 = 0.047 (p = 0.006 **)

	S7
	OTU_268 + OTU_145 + OTU_62 + OTU_154
	0.889
		R2 = 0.231 (p = 0.001 ***)

	



	R2 = 0.048 (p = 0.008 **)

	S8
	OTU_268 + OTU_62 + OTU_154
	0.873
		R2 = 0.238 (p = 0.001 ***)

	



	R2 = 0.051 (p = 0.004 **)

	S9
	OTU_268 + OTU_154
	0.832
		R2 = 0.427 (p = 0.93)

	



	R2 = 0.061 (p = 0.937)

	Correlations with environmental factors and fish features

	OTU_268: Lactobacillaceae;Lactobacillus
OTU_145: Erysipelotrichaceae;Turicibacter
OTU_62: Xanthomonadaceae;Stenotrophomonas
OTU_154: Lactobacillaceae;Lactobacillus
OTU_136: Bifidobacterium;Bifidobacterium sp. AGR2158
OTU_347: Erysipelotrichaceae;Allobaculum
OTU_353: Clostridiaceae1;Clostridiumsensustricto 1                            
OTU_335: Lactobacillaceae;Lactobacillus
OTU_363: Xanthomonadales;Xanthomonadaceae;Stenotrophomonas
OTU_148: Propionibacteriaceae;Propionibacterium
	







OTU_363: Clarity (previous month): R = -0.292 (Adj.p = 0.013  *) [Gill]

	Gill vs Mucus Cross-sectional Analysis

	Subset of top 1000 most abundant OTUs

	Correlation with full OTUs table
	PERMANOVA full OTU table

	
	
	Time and Sample Type
	Log10 (qPCR of N. perurans)

	
	
		Time: R2 = 0.22 (p = 0.001 ***)

	Type: R2 = 0.04 (p = 0.001 ***)



	R2 = 0.05 (p = 0.001 ***)

	
	
	PERMANOVA Subsets

	S1

		OTU_268 + OTU_145 + OTU_62 + OTU_154 +

	OTU_136 + OTU_148 + OTU_353 + OTU_796 + 

	OTU_188 + OTU_335 + OTU_3156 + OTU_1011



	0.914
		Time: R2 = 0.14 (p = 0.001 ***)

	Type: R2 = 0.08 (p = 0.001 ***)



	R2 = 0.024 (p = 0.023 *)

	S2
		OTU_268 + OTU_145 + OTU_62 + OTU_154 + 

	OTU_136 + OTU_353 + OTU_796 + OTU_188 + 

	OTU_335 + OTU_3156 + OTU_1011



	0.912
		Time: R2 = 0.14 (p = 0.001 ***)

	Type: R2 = 0.09 (p = 0.001 ***)



	R2 = 0.029 (p = 0.014 *)

	S3

		OTU_268 + OTU_145 + OTU_62 + OTU_154 +

	OTU_136 + OTU_353 + OTU_188 + OTU_335 + 

	OTU_3156 + OTU_1011



	0.912
		Time: R2 = 0.15 (p = 0.001 ***)

	Type: R2 = 0.09 (p = 0.001 ***)



	R2 = 0.030 (p = 0.014 *)

	S4

	OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_136 + OTU_353 + OTU_188 + OTU_335 + OTU_1011
	0.903
		Time: R2 = 0.15 (p = 0.001 ***)

	Type: R2 = 0.09 (p = 0.001 ***)



	R2 = 0.30 (p = 0.007 **)

	S5
	OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_136 + OTU_353 + OTU_188 + OTU_335
	0.896
		Time: R2 = 0.095 (p = 0.002 **)

	Type: R2 = 0.089 (p = 0.001 ***)



	R2 = 0.032 (p = 0.011 *)

	S6
	OTU_268 + OTU_145 + OTU_62 + OTU_154 + OTU_136 + OTU_353 + OTU_188
	0.883
		Time: R2 = 0.094 (p = 0.001 ***)

	Type: R2 = 0.089 (p = 0.001 ***)



	R2 = 0.032 (p = 0.014 *)

	S7
	OTU_268 + OTU_62 + OTU_154 + OTU_136 + OTU_353 + OTU_188
	0.865
		Time: R2 = 0.097 (p = 0.001 ***)

	Type: R2 = 0.089 (p = 0.001 ***)



	R2 = 0.033 (p = 0.011 *)

	S8
	OTU_268 + OTU_62 + OTU_136 + OTU_353 + OTU_188
	0.848
		Time: R2 = 0.100 (p = 0.001 ***)

	Type: R2 = 0.090 (p = 0.001 ***)



	R2 = 0.35 (p = 0.006 **)

	S9
	OTU_268 + OTU_62 + OTU_136 + OTU_188
	0.825
		Time: R2 = 0.100 (p = 0.001 ***)

	Type: R2 = 0.090 (p = 0.001 ***)



	R2 = 0.035 (p = 0.012 *)

	S10

	OTU_268 + OTU_136 + OTU_188
	0.770
		Time: R2 = 0.134 (p = 0.076)

	Type: R2 = 0.048 (p = 0.064)



	R2 = 0.050 (p = 0.072)

	S11
	OTU_268 + OTU_62 + OTU_188
	0.763
		Time: R2 = 0.106 (p = 0.001 ***)

	Type: R2 = 0.090 (p = 0.001 ***)



	R2 = 0.038 (p = 0.004 **)

	S12
	OTU_268 + OTU_62
	0.702
		Time: R2 = 0.090 (p = 0.003 **)



	Type: R2 = 0.114 (p = 0.001 ***)



	R2 = 0.041 (p = 0.008 **)

	

Correlations with environmental factors and fish features

	OTU_268: Lactobacillaceae;Lactobacillus
OTU_145: Erysipelotrichaceae;Turicibacter
OTU_62: Xanthomonadaceae;Stenotrophomonas
OTU_154: Lactobacillaceae;Lactobacillus
OTU_136: Bifidobacterium;Bifidobacterium sp. AGR2158           
OTU_148: Propionibacteriaceae;Propionibacterium
OTU_353: Clostridiaceae1;Clostridiumsensustricto 1                                        
OTU_796: Lactobacillaceae;Lactobacillus
OTU_188: Bifidobacteriaceae;Gardnerella
OTU_335: Lactobacillaceae;Lactobacillus
OTU_3156: Acidimicrobiaceae;Illumatobacter
OTU_1011: Comamonadaceae;Delftia
	OTU_148: Temperature (previous month): R = 0.288 (Adj.p = 0.004  **) [Gill]
OTU_188: Temperature (previous month): R = 0.50 (Adj.p<0.001  ***) [Gill]
OTU_188: Salinity (previous month): R = -0.459 (Adj.p<0.001  ***) [Gill]
OTU_188: Temperature (previous month): R = 0.50 (Adj.p<0.001  ***) [Gill+Mucus]
OTU_188: Salinity (previous month): R = -0.459 (Adj.p<0.001  ***) [Gill+Mucus]
OTU_188: Temperature (same day): R = 0.484 (Adj.p<0.001  ***) [Gill]
OTU_188: Clarity (same day): R = -0.319 (Adj.p = 0.033  *) [Gill]
OTU_188: Temperature (same day): R = 0.379 (Adj.p<0.001  ***) [Gill+Mucus]
OTU_188: Clarity (same day): R = -0.295 (Adj.p = 0.016  *) [Gill+Mucus]
OTU_188: AGD score of the fish: R = 0.297(Adj.p = 0.037  *) [Gill]
OTU_188: Weight of the fish: R = -0.240 (Adj.p = 0.018  *) [Gill+Mucus]
OTU_188: AGD score of the fish: R = 0.268 (Adj.p = 0.015  *) [Gill+Mucus]
OTU_3156: Oxygen Levels (previous month): R = -0.295 (Adj.p = 0.019  *) [Gill]
OTU_3156: Oxygen Levels (previous month): R = -0.242 (Adj.p = 0.032  *) [Gill+Mucus]
OTU_3156: Temperature (same day): R = -0.227 (Adj.p = 0.036  *) [Gill+Mucus]
OTU_3156: Oxygen Levels (same day): R = -0.267 (Adj.p = 0.025  *) [Gill+Mucus]
OTU_3156: Temperature (same day): R = -0.270 (Adj.p = 0.027  *) [Gill]
OTU_1011: Temperature (previous month): R = 0.626 (Adj.p<0.001  ***) [Gill]
OTU_1011: Salinity (previous month): R = -0.396 (Adj.p<0.001  ***) [Gill]
OTU_1011: Oxygen Levels (previous month): R = 0.255 (Adj.p = 0.019  *) [Gill]
OTU_1011: Temperature (previous month): R = 0.395 (Adj.p<0.001  ***) [Gill+Mucus]
OTU_1011: Salinity (previous month): R = -0.310 (Adj.p<0.001  ***) [Gill+Mucus]
OTU_1011: Oxygen Levels (previous month): R = 0.257 (Adj.p = 0.006  **) [Gill+Mucus]
OTU_1011: Temperature (same day): R = 0.419 (Adj.p<0.001  ***) [Gill+Mucus]
OTU_1011: Temperature (same day): R = 0.568 (Adj.p<0.001  ***) [Gill]





Supplementary Table 3. Subset regression to link N. perurans to explanatory data. The linear regression was fitted to the form, Yi = β 0 + β1 X1i + β2 X2i + β3 X3i + εi, where Yi is the Log10 (qPCR of N. perurans). Using leaps package in the regression model, the subsets of explanatory variables Xi were permuted, and report the top 20 subsets ranked by adjusted R2. Furthermore, cross-validation for linear regression was performed using CVlm() from R’s DAAG package. Ten folds in the function were used whereby data are randomly assigned to the number of folds, each fold is removed, and in turn, the remaining data issued to re-fit the regression model and to predict at the deleted observations. Mean Squared Error (MSE) between cross-validated prediction and the predicted values using all observations is thus reported in the table. Predictors with positive β-coefficients (that are significant) and are causing N. perurans to increase are shaded as red, and those with negative β-coefficients (that are significant) and are causing N. perurans to decrease are shaded as blue. If the explanatory variable is not selected in the subset regression, the cell is empty. A consistent red or blue pattern (in column) for a predictor frequently selected in a regression model can serve as a clue for its importance. Note that of all the explanatory variables considered, Type (Gill and Mucus) and Time (point1, point2, point3, point4, point5, point6) are categorical variables were internally supplied to the regression model in R as factors. Also, in R when a categorical variable is considered, it is expanded to the number of factors (presence/absence) in that variable each with the iron β-coefficients. If Type:Mucus comes out to be significant and has a positive β-coefficient then it is read as more likely the sample comes from Mucus, more likely it increases N. perurans. In subset regression analysis, Type:Gill, Time:point1,Time:point5, and Time:point6 were not selected in any of the models and therefore are dropped from the list below.
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Supplementary Table 4. Mean and standard deviation (in brackets) values of the weight (g), length (cm), condition factor and gill scores of the 5 salmon from each of the cages in each timepoint. Each timepoint includes the date and the events in each of the important dates of the sampling campaign.

	Date
	Timepoint
	Event
	Cage ID
	Weight (g)
	Length (cm)
	Condition Factor
	Gill scores

	05 May 2017

	T0
	Pre-smolted salmon sampling
	44
	82.2 (7.5)
	20.2 (0.6)
	0.99
(0.04)
	0 
(0)

	
	
	
	58
	79.4 (6.6)
	19.7 (0.7)
	1.03
(0.06)
	0 
(0)

	
	
	
	75
	67.0 (11.0)
	18.5 (0.7)
	1.02
(0.06)
	0 
(0)

	26 May 2017

	T1
	Post-smolted salmon sampling
	1
	144.5 (42.9)
	22.8 (1.8)
	1.18
(0.1)
	0 
(0)

	
	
	
	4
	80.4 (6.0)
	19.5 (0.3)
	1.08
(0.05)
	0 
(0)

	
	
	
	6
	75.8 (11.9) 
	19.4 (0.7)
	1.02
(0.12)
	0 
(0)

	22 June 2017
	T2
	Post-smolted salmon sampling
	1
	260.2 (68.8)
	28.3 (3.2)
	1.14
(0.25)
	0 
(0)

	
	
	
	4
	137.3 (25.8)
	24.1 (1.4)
	0.96
(0.02)
	0 
(0)

	
	
	
	6
	135.4 (41.7)
	23.9 (2.4)
	0.95
(0.08)
	0 
(0)

	11 July 2017
	T3
	AGD-affected Post-smolted salmon sampling
	1
	267.7
(66.8)
	29.6
(1.6)
	1.01
(0.1)
	1.6
(0.5)

	
	
	
	4
	105.9 
(20.9)
	23.0 
(1.1)
	0.85
(0.03)
	1.0
(0.7)

	
	
	
	6
	117.4 
(50.2)
	23.4 (3.4)
	0.86
(0.06)
	1.4
(0.5)

	18 July 2017
	
	First freshwater bath
	1 and 4
	
	
	
	

	19 July 2017
	
	First freshwater bath
	6
	
	
	
	

	10 August 2017
	T4
	AGD-affected Post-smolted salmon sampling
	1
	295.0
(30.0)
	29.8
(1.3)
	1.1
(0.08)
	1.6
(0.5)

	
	
	
	4
	158.4
(29.7)
	26.3
(1.1)
	0.86
(0.05)
	1.8
(0.4)

	
	
	
	6
	158.4 
(29.7) 
	26.3 
(1.1)
	0.85
(0.07)
	1.4
(0.5)

	25 September 2017
	T5
	AGD-affected Post-smolted salmon sampling
	1
	347.7
(122.5)
	33.2
(1.8)
	0.91
(0.14)
	0.4
(0.2)

	
	
	
	4
	181.6 
(58.0)
	26.9 
(2.1)
	0.9
(0.09)
	1.2
(0.8)

	
	
	
	6
	274.8 (199.5) 
	29.8 
(4.6)
	0.91
(0.18)
	1.0
(1.0)

	09 October 2017
	
	Second freshwater bath
	1 and 4
	
	
	
	

	10 October 2017
	
	Second freshwater bath
	6
	
	
	
	

	26 October 2017
	T6
	AGD-affected Post-smolted salmon sampling
	1
	1103.7
(574.4)
	38.1
(3.4)
	1.85
(0.45)
	2.0
(0.2)

	
	
	
	4
	657.1 
(308.1)
	36.3
(2.8)
	1.31
(0.37)
	1.0
(0.0)

	
	
	
	6
	781.1 
(572.0) 
	34.6 
(4.7)
	1.6
(0.57)
	1.2 
(0.4)
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