
Richert et al., Appendix S1 Page 1 of 9 

 

Ecosphere 

Summer comes to the Southern Ocean: how phytoplankton shape 

bacterioplankton communities far into the deep dark sea 

Inga Richert,, Patricia L. Yager, Julie Dinasquet, Ramiro Logares, Lasse Riemann, Annelie 

Wendeberg, Stefan Bertilsson and Douglas G. Scofield 

 

Appendix S1: Supplemental Methods 

  



Richert et al., Appendix S1 Page 2 of 9 

 

Estimation of phytoplankton biomass via chlorophyll-a concentration 

We measured phytoplankton biomass, as a proxy for phytoplankton primary productivity, 

using concentrations of chlorophyll-a (chl-a) measured during sampling events with the CTD 

instrument rosette. We utilized two measures: chl-a max, and integrated chl-a. Here we expand 

further upon the estimation of integrated chl-a in particular and the relationship between these two 

measures.  

As briefly described in the main manuscript, one of the sampling depths at each station, 

referred to as chl-a max, was chosen based on chl-a concentration. During a sampling event on the 

ASPIRE cruise, as the rosette sampler descended to final depth, continual measurement of chl-a 

concentration was displayed to researchers and the depth of maximum chl-a concentration was 

noted. There are thus two components to chl-a max: the depth at which a chl-a maximum was 

measured, and the chl-a concentration at this depth. In the literature, these joint observations are 

also referred to as deep chlorophyll-a maxima (DCM). This is a commonly-used reference point in 

oceanic and limnological analysis and varies with numerous environmental conditions (Cullen 

1982, Huisman et al. 2005, Cullen 2015, Sauzède et al. 2015). Note that chl-a max is defined 

based on chl-a concentration alone, so stations lacking an identifiable surface water mass (AASW) 

within which chl-a max is typically found still have a defined chl-a max. 

To calculate integrated chl-a, we integrated probe-measured chl-a concentration through 

the depth profile (Appendix S1: Fig. S1). After removing strong outlier measurements due to 

sensor fluctuations, we numerically integrated chl-a concentration beginning at the surface and 

continued to the depth at which the integrated value stabilized by changing no more than 0.01 

integral units/m across each of the overlying 10 m. Sensor readings did not necessarily asymptote 

to 0 when chl-a concentration dropped below detectable levels, thus we noted the mean value of 



Richert et al., Appendix S1 Page 3 of 9 

chl-a concentration at which integration stabilized according to the above rule, set this as our 0-

point, and reintegrated to calculate our final estimate for integrated chl-a; we have made the R 

script which performed these integrations available at Github 

(https://github.com/douglasgscofield/pubs/tree/master/Richert-et-al-1). We explored other cutoffs 

and tolerances during integration and all produced results that were highly correlated; since our 

hypotheses depend upon relative rather than absolute magnitudes of estimates, our results 

involving integrated chl-a are robust to the computational details of the integration procedure. 

Examination of the instrument traces (Appendix S1: Fig. S1) shows that, to a very large 

extent, the chl-a concentration measured during probe descent (green trace) was matched by the 

chl-a concentration measured during sampling (green and red diamonds). The correlation between 

chl-a max and integrated chl-a was strong (Pearson’s ρ = 0.802, P < 0.001; Appendix S1: Fig. S2). 

At station 5.04 the chl-a trace revealed considerable noise, perhaps resulting from sensor clogging 

during data collection. This noise interfered with integration stabilization so we excluded station 

5.04 from productivity-related analyses when productivity was calculated via integration. Analyses 

that included various approaches for accommodating integrated productivity at station 5.04 were 

very similar qualitatively and quantitatively to our final analyses (results not shown), supporting 

the robustness of our results to the specific dispensation of this station. When station 5.04 is 

included in the correlations between chl-a max and integrated chl-a (Appendix S1: Fig. S2), the 

correlation is of similar strength (Pearson’s ρ = 0.804, P < 0.001). 

Relationships between diversity measures and read counts 

Many sources of bias can affect Next-Generation Sequencing (NGS) metagenomic studies, 

including DNA extraction, PCR amplification, sequencing artifacts, read depth, and clustering 
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techniques (Brooks et al. 2015, Sharpton 2014). For the present paper, a number of potential 

sources of bias were of minimal importance, as we were not comparing among studies performed 

using differing techniques, nor were we concerned with the presence/absence of specific taxa, nor 

did we attempt community functional characterizations via e.g., presence/absence of specific genes 

or enzymatic pathways. By relying primarily upon relative differences between summary diversity 

measures produced using consistent field and analysis techniques, we avoided many potential 

problems and increased the generality of our results. We also sought to avoid biases that could 

have been introduced by 454 sequencing technology by applying typical filtering methods 

including quality-based read trimming, permissive clustering thresholds (≥ 97% identity), and 

exclusion of singleton OTUs supported by a single read (Kunin et al. 2010). 

One concern that remained, however, was whether our diversity measures were biased by 

variation in read counts among samples, which may arise from a number of sources (Amend et al. 

2010, Brooks et al. 2015) and is conceptually similar to variation in sampling effort, long 

recognized as a confounding factor in biodiversity measurement (e.g., Gaston 1996 and references 

therein). Read counts among samples varied considerably with range 751 to 5600 reads, averaging 

2481 ± 966 (s.d.) reads per sample. To example the dependence of OTU richness estimates on read 

count, we estimated OTU richness together with 95% confidence intervals with 

estimated_observation_richness.py from QIIME 1.9.1 (Caporaso et al. 2010; Colwell et 

al. 2012) using sample sizes from N = 1 to N = 5581, and plotted rarefaction curves for all samples 

(Appendix S2: Fig. S1).  

In the main text, OTU richness values shown in Figure 2A and 2B were calculated using 

N = 750 (one less than the minimum number of reads for any sample). As inspection of the 

rarefaction curves makes clear (Appendix S2: Fig. S1), larger rarefaction sample sizes increase 

OTU richness estimates for each sample, but the relative magnitudes of OTU richness change little 
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with rarefaction sample sizes among stations and throughout the depth profile at any given station. 

For the Shannon and Simpson diversity statistics employed in our regression analyses, we found 

no benefit to using resampled versions as these were very highly correlated with our classically-

computed summary statistics based on direct read counts. For example, the per-sample classical 

alpha diversity as measured by Shannon's H and QIIME’s resampled Shannon H´ differed in 

absolute magnitude, but their correlation was very high (Pearson’s  = 0.999467). This was 

similarly true for Pielou’s community evenness (Pearson’s  = 0.99157), which is derived in part 

from Shannon diversity and is not otherwise used in this study. Classical bias correction for alpha 

diversity as measured by Simpson's D (Simpson 1949) also had very little effect (Pearson’s  = 

0.99999). 

Considering these results together, we expect our results to be robust to features of data 

collection and assembly and to the computational specifics of biodiversity measures. 
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Appendix S1: Fig. S1. Profiles for studied stations, from 0 to 200 m depth. Shown are: traces of 

chl-a concentration (green lines) and photosynthetically active radiation (PAR, orange 

lines) as measured during descent of the CTD probe; depth and measured chl-a 

concentration (green diamonds) including chl-a max (red diamonds) during sample 

collection; station type; integrated chl-a value; and sampling depths coded by water 

mass (S: surface, AASW; W: winter, WW). Other samples taken at each station were 

below 200 m. Because of inconsistencies in the measurement of chl-a concentration at 

station 5.04, this station was not included in phytoplankton biomass analyses (see 

text). 
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Appendix S1: Fig. S2. Correlation between chl-a max and integrated chl-a phytoplankton 

biomass estimates at each station, as measured by Pearson’s product-moment 

correlation coefficient ρ. The red circle indicate estimates for station 5.04, for which 

chl-a traces were unstable; these are excluded from the correlation estimates shown. 

See text for details on collection and calculation of estimates. 

 

 


