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Dear Dr. Sloyan and Reviewer 2, 

Thank you for giving us the opportunity to respond to the constructive comments on our
manuscript, “A clustering approach to determine biophysical provinces and physical
drivers of productivity dynamics in a complex coastal sea”. We are grateful for the time
and effort that the editor and both reviewers dedicated to providing feedback on our
manuscript and appreciate the insightful comments on and valuable improvements to our
paper. 

We provide a point-by-point response to each of the reviewers’ comments, below. We
indicate planned revisions of the manuscript, with reference to the line numbers of the
original manuscript. Some highlights of the most significant revisions include:

We explain the justification behind using depth-integrated phytoplankton biomass as
our clustered signal (R2.1)
We clarify that our clustering is univariate in nature and amend the text to make this
method more clear (R2.2).

Sincerely, 

Tereza Jarnikova 

____________________________

This manuscript is well written and outlines a clustering technique applied to a coupled
physical-BGC model of the Salish Sea. The results of the clustering analysis are then used
to identify and interpret the emergent properties and drivers behind the BGC dynamics.
The clustering technique will be of high interest to a broad audience who are grappling
with the interpretation of large datasets that more traditional methods will struggle with.
On the other hand, much of the interpretation of the results are of a regional nature (e.g.
applicable to the Salish Sea). Not being particularly familiar with this region, my
comments relate to the methods used, rather than the interpretation of the results.

General Comments:

>>> R2.1 Lines 158 - 164: Noting that many of the clustering signals relate to variables



that influence or are influenced by stratification, why is it that you choose to use depth
integrated phytoplankton biomass? Would it not be better to look at the upper 20m (or
similar e.g. above the Halocline as defined in lines 154-156)? Thus detecting the effect of
stratification on nutrient supply to to the upper ocean.

This suggestion is very logical and this methodology would be ideal if our primary focus
was to comment on patterns of nutrient delivery to the upper ocean - in fact, we had
considered a related idea (clustering on upper-watercolumn nitrate) in the early stages of
planning this work. Other recent work using this model has considered nutrient delivery
(Olson et al., 2020; Moore-Maley and Allen, 2022). However, we focus here not on
nutrients but on resulting biomass patterns and on the phytoplankton functional group
decomposition. Knowing total biomass is relevant for researchers interested in trophic
connections in the system as a whole, and the spatiotemporal differences in functional
groups is a striking ecological response that is interesting in its own right and may have
impacts on higher trophic levels, especially as some zooplankton are known to have
feeding preferences between phytoplankton functional groups, which is currently a focus
of related research (Suchy et al., in prep.). 

From a practical perspective, because the halocline, as defined here, often changes
dramatically from day to day, especially in strongly tidally mixed regions, and because we
don’t necessarily expect the phytoplankton abundance to track it perfectly (because
neutrally buoyant phytoplankton may appear below the halocline during calm periods of
halocline shoaling), basing the phytoplankton abundance on a shifting halocline would
likely introduce some spurious effects that would be tricky to interpret. , Also, if we were
to only consider phytoplankton above a set depth, we would miss one of the most
interesting results of this work: namely that the Juan de Fuca Strait appears to support
more phytoplankton biomass than is commonly thought, based on previous in-situ
estimates, but that this biomass persists deeper into the water column. 

Olson, Elise M., et al. "Assessment of nutrient supply by a tidal jet in the northern Strait of
Georgia based on a biogeochemical model." Journal of Geophysical Research: Oceans
125.8 (2020): e2019JC015766.

Moore-Maley, Ben, and Susan E. Allen. "Wind-driven upwelling and surface nutrient
delivery in a semi-enclosed coastal sea." Ocean Science 18.1 (2022): 143-167.

>>> R2.2 Lines 174-177: This paragraph needs some clarification. Is the clustering done
in uni-variate (e.g. independently for each signal), or in a multi-variate (e.g. for all signals
at once) manner? 

Each signal is clustered independently of all other signals, i.e. this is a set of uni-variate
clusterings done in parallel. We have rephrased this text within the manuscript so that the
methodology is described more clearly. Because the other reviewer (Dr. Jackson) also
found our text unclear, we have also clarified our statement of intent elsewhere in the
manuscript (original manuscript, line 74, response to Reviewer comment 1.8). 

Original text: (original manuscript, line 176)

We perform hierarchical clustering using Ward's method a total of twenty times separately
on four years of each of the five signals described above.

Revised text:

“We perform hierarchical clustering using Ward's method on each of the five signals
independently. For each signal, the clustering is done four times (once for each of the four
years 2013-2016), and the results for the four years are then compared to assess



interannual variability in the patterns found.” 

Clarified statement of intent (original manuscript, line 74): 

Here our main goal is to investigate how physical dynamics in the Salish Sea
objectively define regions of distinct of phytoplankton biomass and functional
group composition. We extract model-available proxies for four separate factors related
to watercolumn stratification: wind energy, freshwater index, watercolumn-averaged
vertical eddy diffusivity, and halocline depth, and one indicator of primary productivity
(depth-integrated phytoplankton biomass separated by functional group). We then 
cluster each factor individually in order to discuss the three major regions of the
Salish Sea in the context of the spatial patterns in the yearly signals of these factors, as
well as to consider their interannual variability. We finally compare spatial patterns in
stratification factors to spatial patterns in phytoplankton biomass and discuss possible
linkages between the two.

>>> R2.3 Section 2.3: How are the signals standardised such that the relative magnitude
doesn’t favour one signal over the other?

Because each signal is assessed separately and the signals don’t ‘mix’, i.e. the clusterings
are univariate (see response to R2.2), standardization is unnecessary.

>>> R2.4 Section 3: Are you able to determine which of the signals are contributing the
greatest information content in dispersing the clusters? E.g. Is it the freshwater influx? Or
halocline? Or do all signal contribute equally? I suppose that Figure 6 goes someway to
answering this question, as the Freshwater Index and VED appear to have the most
pronounced difference between then clusters. 

Because each signal is assessed separately and the variables aren’t ‘working together’ to
determine the clustering, directly comparing the relative differences between regions
across the five clusterings is not necessary for interpreting the clustering algorithm itself
(see also response above). However, Figure 6 gives an overview both of the character of
the physical signals and of their variability, and indeed both the freshwater index and the
VED are the most variable, as may be expected in a freshwater-driven fjord system with
strong and spatially variable tidal mixing. 

>>> R2.5 Section 3: Is there substantial correlation between the signals, what is the
impact of this correlation on the clustering algorithm?

We do not correlate the signals themselves formally, as the clustering is done individually
for each signal and thus there is no potential impact of inter-signal correlation on our
application of the clustering algorithm. The signals clustered here are are known to show
substantial multicollinearity in this region (Mackas et al. 2013, Suchy et al. 2019, Perry et
al. 2021); however, as in the previous response, it wasn't the goal of this study to see
which signals were the strongest, or to analyze the signals together.

 For each signal, we do however assess the spatial persistence of each of the five clusters
over the four studied years (shown in Fig. C2; Essentially, this figure shows, for example
“how much did cluster 3 of the halocline signal from 2013 overlap spatially with cluster 3
of the halocline signal in years 2014, 2015, and 2016?” and so forth for all years, cluster
numbers, and signals/variables). This assessment helps us establish the robustness of
each signal interannually, and indeed we see that the patterns we find in each signal are
quite persistent in all four studied years.

Mackas, David, et al. "Zooplankton time series from the Strait of Georgia: Results from
year-round sampling at deep water locations, 1990–2010." Progress in Oceanography 115



(2013): 129-159.

Suchy, Karyn D., et al. "Influence of environmental drivers on spatio-temporal dynamics
of satellite-derived chlorophyll a in the Strait of Georgia." Progress in Oceanography 176
(2019): 102134.

Perry, R. Ian, et al. "Zooplankton variability in the Strait of Georgia, Canada, and
relationships with the marine survivals of Chinook and Coho salmon." PloS one 16.1
(2021): e0245941.

>>> R2.6 Section 3 and Appendix A: This clustering approach may be a powerful method
to diagnose the source of model error. Are there any indications that the model performs
better/worse against observations in each of the clusters? For example, In the area of
dark blue (Figure 5), how does the BGC model compare with obs in this region? 

We agree that cluster-based model evaluation can be quite a useful application of
clustering techniques as it can diagnose whether the model performs better/worse in a
given dynamical regime and thus point to which processes the model does well (or poorly)
at resolving. We have added a sentence to the manuscript:. 

Added text:

Cluster-based model evaluation may also be a very useful application of clustering
techniques, as it has potential to diagnose how well a given model performs across
different biophysical regimes.

In this case, Fig. A2 and Table A2 show that the model performance is broadly comparable
with respect to resolving nitrate, silica, and chlorophyll in all three main biological cluster
regions (Northern SoG, Central SoG, and Juan de Fuca Strait), though there is a slight
reduction in Willmott Skill Score and an increase in bias when moving from the Strait of
Georgia to the Juan de Fuca Strait. In fact, the evaluation, specifically the bias, suggests
that, at dates and locations where observations are available, the model slightly
underestimates observed biomass in Juan de Fuca Strait (Fig. A2, Table A2). 

 

Powered by TCPDF (www.tcpdf.org)

http://www.tcpdf.org

