
SUPPLEMENTARY TEXT 
 
Text S1. Equations for dissimilarity indices. 
The Jaccard index, originally proposed as an incidence-based similarity measure [1], was calculated 
as a dissimilarity index using Eq. S1. 
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  (Eq. S1) 

 
The Bray-Curtis index, originally proposed as a similarity measure [2], was calculated as a 
dissimilarity index using to Eq. S2  
𝐵𝑟𝑎𝑦𝐶𝑢𝑟𝑡𝑖𝑠 = 1 − ∑ min 𝑝 , , 𝑝 ,    (Eq. S2) 
S is the total number of species in the two samples, pi,1 and pi,2 are the relative abundances of the ith 
species in samples 1 and 2, respectively. 
 
Eq. S3a-b show how Hill numbers are calculated and Eq. S4a-b show how the Hill numbers for a pair 
of samples is partitioned into alpha, beta, and gamma components  

𝐷 = ∑ 𝑝
/( )

      (Eq. S3a, if q≠1) 

𝐷 = 𝑒𝑥𝑝 − ∑ 𝑝 ∙ 𝑙𝑛(𝑝 )     (Eq. S3b, if q=1) 
D is the diversity number, q is the diversity order, S is the total number of species, and pi is the 
relative abundance of the ith species in the sample. 
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   (Eq. S4b, if q=1) 

qDβ is the beta diversity; qDγ is gamma diversity, i.e. the Hill number for the two pooled samples; qDα 
is a mean of the alpha diversity in the two samples; and pi,1 and pi,2 refer to the relative abundances of 
the ith species in sample 1 and 2, respectively. 
 
Beta diversity (qDβ) can be converted into a dissimilarity index constrained between 0 and 1 in two 
ways. Eq. S5a-b are for local dissimilarity and Eq. S6a-b for regional dissimilarity [3]. Local means 
that the dissimilarity value represents the effective average proportion of OTUs/ASVs in one sample 
not shared with the other sample. Regional means that the dissimilarity value represents the effective 
proportion of all OTUs/ASVs that are not present in both samples. In our study, we only use the local 
dissimilarity indices when we refer to Hill-based dissimilarity indices. 
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    (Eq. S6b, if q=1) 

qd is the dissimilarity index, constrained between 0 and 1. This value is one minus the species overlap 
between two communities defined in Chao et al. [3]. 
 



It should be noted that diversity and dissimilarity indices based on Hill numbers also can take 
phylogenetic- or functional distances between individual species into account [3] using either a 
phylogenetic tree [4] or a distance matrix as input [5].  
 
Text S2. Null models. 
With most dissimilarity indices, it is difficult to distinguish between dissimilarity caused by 
compositional turnover and dissimilarity caused by differences in alpha diversity between two 
samples [6]. Null models provide a solution to this problem. By random assembly of two samples 
with pre-defined numbers of species from a regional species pool, a null expectation for the 
dissimilarity value between the two samples can be generated. If the random assembly process is 
repeated many times, a distribution for the null expectation is obtained. In this study, we build on the 
null model by Raup and Crick [7], who used incidence-based data tables. Expressed as a dissimilarity 
index, their method can be described using Eq. S7. 
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   (Eq. S7) 

RC is the Raup-Crick dissimilarity index, NSSexp>SSobs is the number of randomizations in which the 
shared species between randomly assembled samples are greater than between observed samples, 
NSSexp=SSobs is the number of randomizations in which the shared species are equal to the observed 
samples, and NTOT is the total number of randomizations. 
 
Chase et al. [6] modified the index by normalizing it to a value between -1 and 1 and Stegen et al. [8] 
extended it to Bray-Curtis dissimilarities. Here, we extend it even further, to all possible Hill-based 
dissimilarity indices (Eq. S8).  
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qRC is the Raup-Crick index for any Hill-based dissimilarity of order q, N[qdexp<qdobs] is the number of 
randomizations in which the dissimilarity between the randomly assembled samples is less than 
between the observed samples, N[qdexp=qdobs] is the number of randomizations in which the 
dissimilarities are equal.  
 
With Eq. S8, the index is constrained between 0 and 1, where 0 means a lower observed dissimilarity 
than the null expectation and 1 means a higher observed dissimilarity. Using a significance level (α) 
of 0.05 [e.g. as in 8], a qRC value > 0.975 would indicate that the microbial community composition 
of two samples are statistically more dissimilar to each other than expected by chance and a qRC < 
0.025 would indicate the two samples are more similar to each other than expected by chance.  
 
The definition of the regional species pool and the type of randomization scheme used will affect the 
outcome of a null model analysis [9, 10]. The regional pool could consist of all OTUs/ASVs detected 
in all samples of an experiment or we could define specific subsets. In the AGS experiment, we 
defined all samples from the inoculum, R1, and R2 as the regional pool. In the MFC experiment, we 
were interested in the dissimilarity between the bioanode and other biofilm samples within the same 
MFC. Thus, we defined all samples collected from one specific MFCs as one regional pool.  
 
The randomization scheme could, e.g. be based on the frequency of samples in which a certain 
OTU/ASV is found, or the total abundance of reads associated with the OTU/ASV in all samples in 
the regional pool. In this study, we use the frequency approach, which is the same as in Stegen et al. 
[8]. Briefly, the number of OTUs/ASVs and reads in a sample are recorded. The null version of the 
sample is generated by randomly picking the same number of OTUs/ASVs from the regional pool. 
The likelihood of being picked corresponds to the frequency of samples in which the OTU/ASV is 
found. The picked OTUs/ASVs are then populated with reads so that the total number of reads in the 



randomly assembled sample equals that of the real sample. The likelihood for a read of being picked 
is related to the total number of reads associated with the OTUs/ASVs in the regional pool. 
 
Text S3. Description of bioinformatics pipeline settings.  
In the DADA2 pipeline, the filterAndTrim command was run with truncation lengths (truncLen) of 
220 (forward reads) and 150 (reverse reads) for the AGS samples, and 220 and 100 for the MFC 
samples. The maximum allowed errors (maxEE) in a read was 2 and 5 for the AGS samples and 2 and 
2 for the MFC samples. The maximum number of Ns (maxN) was set to 0 for both data sets. The dada 
function was run with the OMEGA_A parameter set to either 1e-40 to generate fewer SVs or 1e-10 to 
generate more ASVs. The samples were either processed one-by-one or in pooled mode by setting the 
pool parameter to either FALSE or TRUE). Chimeras were removed using the removeBimeraDenovo 
command with method=”consensus”. 
 
In the Deblur pipeline, the sequences were first truncated to 250 bp and merged using vsearch join-
pairs in Qiime2. The AGS samples were merged with default settings. For the MFC samples, the 
maximum number of differences in the sequence alignment (maxdiffs) parameter was changed from 
10 (default value) to 50. The sequences from the MFC run had lower quality and changing the 
maxdiffs parameter allowed more reads to be merged. The deblur algorithm was run with trim-length 
set to 250 bp. 
 
In the USEARCH pipelines, the fastq_mergepairs command was run with 200 and 270 as the 
minimum and maximum merge lengths, respectively. The fastq_maxdiffs and fastq_pctid parameters 
were set to 10 and 90 for the AGS samples and 50 and 80 for the MFC samples. Quality filtering was 
done using a maxee threshold of 0.2 under stringent settings and 1 under more relaxed settings. ASVs 
were inferred with the unoise command using a minsize parameter of 8 (stringent settings) and 4 
(relaxed settings). Using UPARSE and the cluster_otus command, a minsize of 2 was used. Merged 
reads were mapped to the OTUs/ASVs using the otutab command with an id setting of 0.99 for ASVs 
and 0.97 for OTUs. 
 
In Mothur, we followed the MiSeq SOP (https://www.mothur.org/wiki/MiSeq_SOP, accessed 2019-
04-23). 
 
Further information about the scripts used can be found at 
https://github.com/omvatten/amplicon_sequencing_pipelines. 
 
Text S4. Algorithm for inferring consensus table from two or more frequency tables. 
Step 1. Identify sequence variants (ASVs) that are found in all count tables.  
The length of sequences may vary depending on the bioinformatics pipeline used. With Deblur, all 
sequences must be truncated to a common length [11]. Thus, an ASV identified with Deblur may 
actually be identical to a longer ASV identified with e.g. DADA2. For this reason, one can decide if 
the algorithm should consider two ASVs to be identical if the sequence of one is found within the 
other. For example, in the case below, Seq 1 can be considered to be identical to Seq 2 even though 
Seq 2 is longer. 
Seq 1: ‘AATTCGACCGGT’ 
Seq 2: ‘AATTCGACCGGTATG’ 
The algorithm keeps the longer sequence (Seq 2) as representative for the ASV in the consensus table. 
It is also possible to run the algorithm without this option. Then, ASVs of different length are treated 
as different ASVs, even if one is found within the other. 
Step 2. Decide which count table to use as basis for the consensus table. 
In step 1, the ASVs common to all count tables were determined. Here, the fractions of reads 
associated with these ASVs are calculated in each frequency table. The frequency table with the 



highest fraction belonging to the common ASVs is chosen. It is also possible for the user to specify 
which count table to keep. 
Step 3. Construct consensus table by subsetting the chosen count table to the common ASVs.   
 
Text S5. PCR protocol. 
Duplicate PCR reactions were conducted in a 20 μL volumes using 17 μLof AccuPrime Pfx SuperMix 
(Life Technologies), 1 μLof genomic DNA (20 ng template), and 1 μL each of the forward and 
reverse primers (10 μM). The PCR reactions were carried out in a BioRad T100 thermocycler using 
the following protocol: 5 min initial denaturation at 95°C; 30 cycles of denaturation (95°C, 20 s), 
annealing (50°C, 15 s) and elongation (68°C, 60 s); and finally 10 min elongation at 68°C. 
Purification of PCR products was done with the MagJET NGS Cleanup and Size Selection Kit 
(Thermo Scientific). The DNA concentrations were measured using a Qubit 3.0 (Invitrogen) and the 
dsDNA HS assay kit (Invitrogen). The PCR products were pooled and sequencing was carried out on 
an Illumina MiSeq using reagent kit v3. 
  



SUPPLEMENTARY TABLES 
 
Table S1. Hypothetical count table for demonstrating behavior of dissimilarity indices. The values represent 
percentage relative abundances. 

 Samples 
OTU/ASV S0 S1 S2 S3 S4 S5 S6 S7 

#1 28 28 0 28 8 50 0 0 
#2 28 0 0 0 8 50 0 0 
#3 9 9 9 9 8 0 50 0 
#4 9 9 9 9 8 0 50 0 
#5 9 0 0 9 8 0 0 0 
#6 9 0 0 9 8 0 0 0 
#7 1 1 1 1 8 0 0 50 
#8 1 1 1 0 8 0 0 50 
#9 1 1 1 0 8 0 0 0 

#10 1 1 1 0 8 0 0 0 
#11 1 0 0 0 5 0 0 0 
#12 1 0 0 0 5 0 0 0 
#13 1 0 0 0 5 0 0 0 
#14 1 0 0 0 5 0 0 0 
#15 0 28 28 28 0 0 0 0 
#16 0 9 28 1 0 0 0 0 
#17 0 9 9 1 0 0 0 0 
#18 0 1 9 1 0 0 0 0 
#19 0 1 1 1 0 0 0 0 
#20 0 1 1 1 0 0 0 0 
#21 0 1 1 1 0 0 0 0 
#22 0 0 1 1 0 0 0 0 

         
Total OTU/ASV count 14 14 14 14 14 2 2 2 

 
 
 
  



SUPPLEMENTARY FIGURES 

 

Fig. S1. Number of reads per sample and the total number of OTUs/ASVs in the rarefied count tables. 

  



 

Fig S2. Rarefaction curves for the count tables generated with the AGS data set. 



 

Fig S3. Rarefaction curves for the count tables generated with the MFC data set. 



 

Fig. S4. Dissimilarity between community replicates for the AGS data set. 

  



 

Fig. S5. Dissimilarity between community replicates and technical replicates for one of the “Bioanode glucose” 
DNA extracts from the MFC data set. 



 

Fig. S6. PCoA based on 0d for count table 1 from the AGS data set. The three sample groups are clearly 
separated. 



 

Fig. S7. F-statistics calculated from dissimilarity matrices generated with different indices and pipielines. The 
statistic is the ratio of between-group variability and within-group variability. Here it is based on the three 
groups inoculum, reactor 1, and reactor 2 in the AGS data set. The scale bar on the x-axis is relative to the 
highest values in each panel. 

 

 



 

 

Fig. S8. Hill-based dissimilarity between the inoculum and R1, and between the inoculum and R2 for count 
tables generated by different pipelines (indicated with the numbers) from the AGS data set. The asterisks 
indicate statistically significant difference between the dissimilarities (p<0.05, Welch’s anova). Shaded regions 
show standard deviations of all pairwise comparisons (n=36). 



 

 

Fig. S9. Jaccard and Bray-Curtis dissimilarity between the inoculum and R1, and between the inoculum and R2 
for count tables generated by different pipelines (indicated with the numbers) from the AGS data set. The 
asterisks indicate statistically significant difference between the dissimilarities (p<0.05, Welch’s anova). Error 
bars show standard deviations of all pairwise comparisons (n=36). 

 

  



 

Fig. S10. Hill-based dissimilarity between the bioanode and biofilm samples in the acetate-fed MFC and in the 
glucose-fed MFC based on frequency tables generated by different pipelines (indicated with the numbers). The 
asterisks indicate statistically significant difference between the dissimilarities (p<0.05, Welch’s anova). Shaded 
regions show standard deviations of all pairwise comparisons (n=36). 



 

 

 

 

Fig. S11. Jaccard and Bray-Curtis between the bioanode and biofilm samples in the acetate-fed MFC and in the 
glucose-fed MFC based on frequency tables generated by different pipelines (indicated with the numbers). The 
asterisks indicate statistically significant difference between the dissimilarities (p<0.05, Welch’s anova). Error 
bars show standard deviations of all pairwise comparisons (n=36). 

  



 
Figure S12. Schematic of the aerobic granular sludge (AGS) experiment. The sludge in a sequencing batch 
reactor was used to inoculate two parallel reactors (R1 and R2), which were operated under identical conditions. 
Six samples were collected from the inoculum and from R1 and R2 after 150 days. 

 
 
 

 
Figure S13. Schematic of the microbial fuel cell (MFC) setup. Samples were collected from the bioanode and 
the biofilm covering the porous separator near the gas-diffusion cathode. Samples were collected from both an 
MFC fed with acetate and one fed with glucose. 
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