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The Strategic Innovation Promotion Program (SIP) was launched by the Council for
Science, Technology, and Innovation (CSTI), which oversees projects that target
scientific and technological innovation in line with Japanese government directions as
stated in the Comprehensive Strategy on Science Technology and Innovation and the
Japan Revitalization Strategy. This interdisciplinary program among government
agencies, academic institutes and private sectors addresses eleven issues. One of these

issues is Next-Generation Technology for Ocean Resources Exploration.

Zipangu in the Ocean Program and Protocols for
Environmental Survey Technologies

Zipangu in the Ocean Program is a technical study of the development of submarine mineral deposits
that takes into consideration the wise use of these resources.

One research area is the ecological survey of organisms and their long-term monitoring. However, an
ecosystem consists of various interrelated factors; thus, in addition to a comprehensive understanding
of the system, observation and analysis of each component to its most elemental level are unavoidable.
Recently, increased environmental awareness and the necessity of forming a consensus have become
key issues in conducting development activities. Growing concern for the environment by the public and
the diversification of the use of maritime areas have complicated the interests of stakeholders. To
facilitate the formation of a consensus under these conditions, it is important for standardized methods
to be implemented. This will ensure that research processes are transparent and that the collection of
survey data is objective.

This protocol series aims to introduce more accurate, user-friendly, objective and effective underlying
technologies required to understand the environmental impact of submarine mineral resource
development. We believe that creating such a technology tool-kit will allow us to develop these
resources in a sustainable manner.
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One of the targets for commercial mining is the Seafloor Massive Sulfides (SMSs) deposits
formed around hydrothermal vents, which is a highly attractive source of copper, zinc, lead,
gold and silver ores (Hoagland 2010, Herzig 1999, Binns and Scott 1993, Halbach et al. 1989).
Hydrothermal vents host chemosynthetic communities as well as metal rich ores. The
chemosynthetic communities consist of many endemic invertebrate species specifically
adapted to the vent environment via microbial chemoautotrophic primary production (Van
Dover 2010). These species have provided new scientific insights into the mechanisms by
which organisms adopt to the extreme environment (Jannasch and Wirsen 1979). Furthermore,
as reviewed by Le et al. (2016), ecological function and services of these communities range
from providing habitat and refuge for other species including non-endemic species (Levin et al.
2016, Govenar 2010), playing a key role in global carbon, sulfur and heavy metals cycling
(Jeanthon, 2000, D'Arcy and Amend 2013) and offering new biomolecules that could contribute
to industrial development (Terpe et al. 2013, Mahon et al. 2015).

Mining of seafloor massive sulfide deposits potentially changes the physico-chemical
environment of a vent community through the loss of sulfide habitat, degradation of sulfide
habitat quality, modification of fluid flux regimes and exposure of surrounding seafloor
habitats (including non-sulfide habitats) to sedimentation and heavy metal deposition
(International Seabed Authority 2007, Van Dover 2014). This will directly affect the ecological
community by removing and reclaiming organisms, reducing the amount of habitable substrate
and changing resource supply. Physico-chemical models and organism distribution data have
been integrated to estimate the potential area of sedimentation (Coffey Natural Systems
2008b). However, after the instantaneous effects of a disturbance, the ecological community
will reach a new equilibrium state within the disturbed environment (lves and Carpenter 2007).
Hence, potential impacts of artificial disturbances, including how they may cause extinction
and modify community structure at different spatial scales (local, regional and global), and
decrease diversity at different biological levels (genetic, species and phylogenetic), will be
understood by considering both direct impacts of mining activities and subsequent ecological
responses. Environmental impact assessments (EIAs) that lack this point of view might
severely underestimate the potential risks of anthropological activities.

Vent ecosystems are typically dominated by benthic invertebrate taxa (e.g., Bathymodiolus
mussels, Shinkaia squat lobsters and Alviniconcha gastropods in Northweastern Pacific
[Watanabe et al. 2010, Desbruyeéres et al. 2006. Podowski et al. 2010]) that host symbiotic,
chemoautotrophic microorganisms. Deep-sea vents are known as ephemeral habitat islands
from the moment of their discovery (Macdonald et al., 1980, Van Dover 2014), i.e, sustaining
regional metacommunities nested within several biogeographic provinces linked by pelagic
larval dispersal (Lutz et al. 1984). The frequency of disruptive natural disturbances to vent
communities can range from several decades to several hundred years depending on the
geological background of vent fields. Faunal adaptations for colonizing new vent fields are
important aspects of the sustainability of these communities, especially since neighboring vent
fields are often separated by 10s or 100s of kilometers. Vent-restricted taxa are often
characterized by rapid growth rates, early maturation, large reproductive output, and well
developed dispersal capabilities (Grassle, 1986). These characteristics are shared by
opportunistic marine invertebrate species that persist despite frequent local extinctions and
are divergent from those of deep-sea species in low-disturbance regimes (Grassle and




Sanders,1973, Van Dover 2014).

Recoverability, or resilience, refers to persistence of ecosystems in the face of natural or
anthropogenic disturbances (Holling 1973; Box 1). Resilience of vent communities indicates
whether they are vulnerable or robust to natural disturbances, such as volcanic activity, and
anthropogenic disturbances, such as mineral resource mining.

The concept of resilience in ecological systems was first introduced by C.S. Holling to describe
the persistence of natural systems in the face of changes in ecosystem variables due to natural or
anthropogenic causes (Holling 1973). In this document we defined resilience as the time
required for an ecosystem to return to an equilibrium or steady-state following a
perturbation (Fig. B1a). This definition of resilience has been termed engineering resilience
(Holling 1996). It is worth mentioning that there is another definition of resilience (ecological
resilience) accounting for the capacity of a system to absorb disturbance and reorganize while
undergoing change so as to still retain essentially the same function, structure, identity, and
feedbacks (Fig. B1b).

(a)

Figure B1. Illlustrated example of engineering resilience (a) and ecological resilience (b). White
circles indicate the stable states, black circles indicate states after disturbance, black arrows
indicate the direction of change and white arrows indicate distance to a tipping point indicated
by a dashed line.

Recently, Suzuki et al. (2018) introduced a model-based approach to determine the resilience
of vent communities by integrating a meta-population model and the estimated larval dispersal
between hydrothermal vent fields (HVFs). The key idea was to estimate resilience in terms of
connectivity of vent communities through larval dispersal (Fig. 1). By simulating disturbances
to vent fields, Suzuki et al. (2018) mapped recovery time of communities in 131 hydrothermal
vent fields in the western Pacific Ocean. The purpose of this document is to show how this
model can be used to optimize resource mining and provide a step-by-step tutorial for the
readers who want to apply the methodology to their own data set.
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Figure 1. A schematic description of our approach.

A dispersal matrix A = {A;;} for the group of focal HVFs (or other distinct spatial units) must be
prepared before starting the analysis. Here, A;; is the dispersal rate that a larva produced at vent
field j will migrate into i per unit time (e.g., year) and A;; corresponds to self-recruitment. In the
following analysis, we used the estimated larval dispersal between seven HVFs in Okinawa Trough
(Iheya Ridge, Irabu Knoll, Izena Cauldron, Natsushima 84-1 Knoll, North Knoll lheya Ridge,
Dai-Yon Yonaguni Knoll and Hatoma Knoll) obtained from Mitarai et al. (2016). The results of
Mitarai et al. (2016) were based on a unified model that accounts for the temperature dependence
of larval development in marine animals (O’Connor et al. 2007) as well as a physical model
describing deep-ocean circulation. Dispersal distance will depend both on the speed of ocean
currents and expected duration of larvae at a given depth. For example, larvae that use shallower
depths can disperse further because of fast ocean currents, although duration of the pelagic larval
stage would be shortened when water temperature is higher (O’Connor et al. 2007).

In addition to the bio-physical approach, our method is also applicable to the dispersal matrix
estimated from spatial genetic diversity (Beerli and Palczewski 2010, Chen et al. 2015). Using the
dispersal matrix of a galatheid crab, Shinkaia crosnieri, in Okinawa Trough (Watanabe et al.
unpublished data), Suzuki et al. (2018) found some consistency in estimated recovery time both
from the dispersal matrix estimated by the bio-physical model (Mitarai et al. 2016) and the matrix
estimated from genetic diversity.

We used a differential equation for our analysis, which is described as,

dXi _
= = fiCx- (6

Generally, a differential equation describes the time evolution of the variable x; (here, it represents

population size of organisms in HVF i based on some processes implemented as a mathematical
representation in function fi. Specifically, we used the following function,

fi(xi) = (1 - Ii_ll) (rAiiXi +r2 ]¢1A]1K]) ()]

Here, Ki is the carrying capacity (equilibrium population size of vent field i), r is the reproduction




rate defined as the number of larvae that one individual produces per year and Aj; is the dispersal
rate that a larva produced at vent field j will migrate into i per year, where Aii corresponds to
self-recruitment. The dispersal networks were implemented as a dispersal matrix A whose elements
are Aii and Ajj. In equation (1,2),
rAiiXi,
represents the recruitment of larvae from the HVF i and,
r 2 i4iA;iK;,
represents the recruitment of individuals from other vent fields within the same region, assuming
that other vent fields are in equilibrium (xj=Kj). A negative dependency of recruitment on
population size xi is introduced as,
Xj
(1-%)

following the standard formulation of ecological systems limited by a carrying capacity. Here, we
assumed that Ki is determined by the total amount of resource supply in vent field i. Our model
does not include the duration of pelagic larval phase as a parameter because it is included in the
calculation of A (O’Connor et al. 2007, Mitarai et al. 2016). We assumed that x; is the population
size of a species or group of species that share the same niche in vent field i. The species or group of
species is assumed to distribute across all vent fields in the same region (connected by dispersal)
with sufficient abundance. This assumption is realistic because vent communities frequently have a
dominant taxon that constitutes most of the biomass at a regional scale, although the
dominance-diversity relationships may depend on environmental conditions such as fluid-flux
intensity and sediment types (Portail et al. 2015). Amongst different regions however, it would be
reasonable to interpret xi as the abundance of different species or group of species that accounts for
a similar proportion of biomass and having the same growth and dispersal characteristics. We do
not directly consider the effect of disturbances on biological diversity because our model accounts
for only one species. However, we expect that recoverability of these representative species would
be a proxy for the recoverability of other infrequent community members, thus we regarded it as
the recoverability of the community as a whole. For example, this is supported by observations of
recovery after eruptions (Tunnicliffe et al. 1997, Shank et al. 1998, Marcus et al. 2009, Gollner et al.
2015, Gollner et al. 2017) which showed a concurrence of recovery in total organism density and
species richness. While we used the simplest model for our analysis, availability of more detailed
data sets that include, for example, biomass, age structure or trophic interactions, would make
more extensive models like those used for fishery stock assessments (Walters 1997) applicable and
may provide more detailed insights.

Using equation (1,2), we conducted a numerical experiment to calculate the recovery time of HVFs
(Fig. 2). We defined the recovery time of a vent field as the time required for the vent field to
recover 75% of its original abundance (equal to the carrying capacity of the disturbed vent field by
definition) after it was temporarily reduced to zero. We assumed that the carrying capacity is
constant throughout time. Our results may underestimate recovery time if population size is highly
constrained by the amount of suitable habitat that increases slowly along with the re-establishment
of vent fields after disturbances. However, we focused on the resilience of HVFs depending only on
the larval supply as this has the strongest influence on recoverability (Lutz et al. 1984).
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Fig. 2. Schematic distribution of a numerical experiment to estimate recovery time.

2.4. Recovery time for disturbance on multiple HVFs

We evaluated recovery time for disturbance on multiple HVFs as tc, where C={X, Y,...} is a possible
combination of disturbed HVFs in a region. The procedure to calculate recovery time is the same as
previous analyses except population abundance in HVFs included in C were simultaneously
reduced to zero. tc is the largest recovery time of HVFs included in C, i.e., t. = max({Tt;}xec)-

2.5. Optimization

We defined a schedule of resource development, i.e., disturbances, as a vector T={Tx}, where Tx
(X € {A B,C,...}) specifies the timing at which X is disturbed. We used simulated annealing (Box 2;
Kirkpatrick et al. 1983) to find the optimal schedule for resource development that can minimize
the recovery time. Simulated annealing is a probabilistic technique for approximating the global
optimum of a given function. Specifically, it is a metaheuristic approach to approximate global
optimization in a large search space. In the algorithm, p(t) is the time dependent acceptance rate of
a new schedule when it does not improve the fitting result. This acceptance of worse parameters
helps the algorithm find global minima by searching globally at the early stage but locally at the
later stage. We assumed that at least one of the Tx is O which is the starting point of the
disturbances. If Tx >0, X is disturbed after Tx year from the first disturbance. We defined recovery
time as the time interval between the first disturbance to 75% recovery of the HVF that is disturbed
last.

How to map the resilience of hydrothermal vent fields




1. Setiteration step t=0, set the initial T as a vector whose elements are assigned by a
uniform distribution (0,20). Adjust T so that its minimum valueisO (set T as T —
min(T)).

2. Calculate the recovery time tc with T.

Increment t by 1.

4. Generate a new schedule T*=T+A, where A is a vector whose elements are assigned by
a uniform distribution (-1, 1). Adjust T* so that its minimum value is O (set T* as
T* — min(T™)).

5. Calculate the recovery time tc* with T*.

6. If t¢ <t¢, 0r ¢ = t¢ and rand < p(t), set T=T* and tc=1c*. Here, rand is a random
value drawn from a uniform distribution (0,1). p(t) is the acceptance rate of a new
parameter vector when it does not improve the fitting result and is p(t) = exp(—(t; —
t.)/at). Here, we set a=0.99.

7. Back to 4 if t<tmax, else terminate the algorithm.

w

A dispersal matrix of HVFs around Japan is shown in Table 1. The dispersal matrix includes seven
HVFs in Okinawa region (lheya Ridge, Irabu Knoll, I1zena Cauldron, Natsushima 84-1 Knoll, North
Knoll Iheya Ridge, Dai-Yon Yonaguni Knoll and Hatoma Knoll).

Table 1. Dispersal matrix of HVFs around Japan. Units are larvae/adults/year.

lheya Irabu Izena Natsushima North Knoll | Dai-Yon Hatoma
Ridge Knoll Cauldron 84-1 Knoll Iheya Ridge Yonaguni Knoll Knoll
Iheya Ridge 0.0023 | 0.0023 | 0.0053 0.0024 0.0014 0.0006 0.0010
Irabu Knoll 0 0.0067 0 0 0 0.0063 0.0086
Izena Cauldron 0.0030 | 0.0015 | 0.0080 0.0038 0.0014 0.0003 0.0008
Natsushima 84-1 | 0.0032 | 0.0020 | 0.0076 0.0040 0.0015 0.0003 0.0005
Knoll
North Knoll Iheya | 0.0037 | 0.0016 | 0.0046 0.0023 0.0018 0.0005 0.0006
Ridge
Dai-Yon Yonaguni | 0 0.0043 | 0O 0 0.0002 0.0050 0.0037
Knoll
Hatoma Knoll 0 0.0061 | 0 0 0.0001 0.0068 0.0086

By using this matrix as the dispersal matrix in equation (1,2), we estimated the recovery time (ti) of
HVFs in Okinawa and lzu-Bonin region as in Figure 2, Table 2 and 3, respectively. ti in Okinawa was
between 3.6 (Natsushima 84-1 Knoll) to 6.1 years (Dai-Yon Yonaguni Knoll).
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Figure 2. Hydrothermal vent fields around Japan. The map was generated from digital information
available at Google Earth Pro v7.3.0.3832 (https://www.google.com/intl/en/earth/; Map data:
Google Earth, Image Landsat/Copernicus, Data SIO, NOAA, U.S. Navy, NGA, GEBCO).

Table 2. Recovery time of HVFs in Okinawa shown with other basic properties. Following Suzuki et al.
(2018), we set r=17.4 to calculate recovery time. Here, “In-degree” is the number of incoming links,
“Self-recruitment” is Aii and “Recruitment from other HVFs” is the sum of Ajj (j#i).

HVFs T 95% Cl of ; In degree Self recruitment Recruitment from other HVFs
(years) (larvae/adults/yea (larvae/adults/year)
2]

Iheya Ridge 4 0.5 6 0.0023 0.0130
28.9

Irabu Knoll 3.9 0.4 2 0.0067 0.0149
18.9

Izena Cauldron 4.1 0.7 6 0.0080 0.0107
18.7

Natsushima 84-1 Knoll 3.5 0.4 6 0.0040 0.0152
19.1

North Knoll Iheya Ridge 43 0.5 6 0.0018 0.0132
324

Dai-Yon Yonaguni Knoll 6.2 0.8 3 0.0050 0.0083
30.1

Hatoma Knoll 4.25 0.5 3 0.0086 0.0130
18.6

3.2. Disturbance to multiple HVFs

On-going development of deep-sea resource mining technologies raises the possibility that natural
and anthropogenic factors will simultaneously disturb multiple HVFs in a region. Thus, it is worth

How to map the resilience of hydrothermal vent fields




evaluating the resilience when multiple HVFs are disturbed.

In figure 3, recovery time of disturbance to a combination of HVFs (tc) is shown as a function of
the number of simultaneously disturbed HVFs. For simplicity, we did not consider variation of K in
this analysis and assumed K=1,000 for all HVFs. The mean recovery time steadily increases with the
number of disturbed HVFs. We found that some combinations substantially delay the recovery as
compared to the others. For example, when more than three HVFs were disturbed in Okinawa, tc was
larger than 20 years if Hatoma Knoll, Dai-Yon Yonaguni Knoll and Irabu Knoll were included in the
disturbance, whereas recovery times of other combinations were less than 10 years. In Figure 4, this
observation is illustrated by the appearance of the first point showing a recovery time greater than 20
years when three HVFs are simultaneously disturbed. The dispersal matrix for this region (Table 1)
shows that if all three HVFs are disturbed, recovery will depend on dispersal from Iheya Ridge to
Hatoma Knoll and Dai-Yon Yonaguni Knoll, and dispersal via these links is more than 10 times
smaller than the mean dispersal between vents in this region. Further investigation on this
observation would benefit by incorporating network analysis, e.g. use of centrality measure (Watson
et al. 2011) to distinguish source and sink HVFs, and would provide relevant insight for the
application of our approach to management strategy planning.

Okinawa

Tc (yrars)
= = NN
g o O

o

o

1 2 B8 4 5 8

Number of disturbed HVFs
Figure 4. Result of simultaneous disturbances to multiple vent fields for Okinawa. To calculate tc, we
set r=17.4. Points in figure show tc of a combination of HVFs and lines indicate the mean.

There were combinations of HVFs that significantly delay recovery, for example, Irabu Knoll, Dai-Yon
Yonaguni Knoll and Hatoma Knoll (here we call Irabu, Yonaguni and Hatoma for simplicity) in
Okinawa region. In the previous result, we assumed that these HVFs are simultaneously disturbed.
However, if the causes of disturbances are anthropogenic factors, such as resource mining, it should
be possible to schedule the sequence of mining and interval of disturbances. The recovery time would
be minimized if the sequence and interval of disturbances is optimally scheduled. Here, using the
disturbance to lrabu, Yonaguni and Hatoma as an example, we show a procedure for optimal
scheduling.

Here, the schedule T is,

T= {Tlrabu' TYonaguni' THatoma}'
In this example, the optimal schedule obtained by the simulated annealing (see 2.5) was {1.4, O,
4.5}, and the recovery time (tc, C={lrabu, Hatoma, Yonaguni}) was reduced to 11.3 years, which is
about one half the recovery rate when these vents are simultaneously disturbed (21.6 years) (Figure 5).
Thus, if the set of targets for resource mining is given, (for example, based on the amount of mineral
resources required) the scheduling algorithm could find an optimal schedule to minimize the recovery
time.
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Figure 5. Recovery of population size in the three HVFs with simultaneous disturbances (a) and
scheduled disturbances (b).

Software

The following tutorial is presented with interactive python codes on a Jupyter notebook file. Here, we
explain how to setup the environment for data analysis on a PC.

4.1. Files
Please download the following files to test the codes or modify it for your own analysis:

1) HowToMapResilienceDemo.ipynb (Jupyter notebook file):
https://drive.google.com/open?id=1dnQGNuSUOmMh8jwub0z9-cxeYkkuSLTO4

2) sampledata_okinawa.csv (sample data file):
https://drive.google.com/open?id=1dnr7hvG7SY8zMGP-K5C8xEfo0g3mML6q

and place them in the startup folder of Anaconda (explained later).

4.2. Jupyter notebook

Jupyter notebook is an open-source web application that allows you to run codes and see the output
on your internet browser. Jupyter notebook is automatically set up by installing Anaconda. Please
install Anaconda with Python 3.X. The installer can be downloaded from the following URL.:
https://www.anaconda.com/download/

Please follow the installation guide below:
http://docs.anaconda.com/anaconda/install/

Please see following document for how to launch Jupyter notebook:
http://docs.anaconda.com/anaconda/user-guide/getting-started/

If you succeed in launching Jupyter notebook, you will find a new tab on your default internet browser
showing contents in the startup folder of Anaconda. Please open “HowToMapResilienceDemo.ipynb”
to test the codes or use it for your own analysis. If you cannot find the file, please move it to the
startup folder and refresh the tab.

How to map the resilience of hydrothermal vent fields




Tutorial for the data analysis

5.1. Data import

The first step is to load the python modules (a set of functions) and data file. To run the codes, place
the cursor somewhere in the cell and push "Shift+Enter".

In [3]: #matplotlib inline
import pandas as pd
import numpy as np
inpprt copy
import matplotlib.pyplot as plt
import itertools

data = pd.read_csv (7. /sanpledata_okinawa.csv™,sep="." header=0)
hwfnanes=|ist (np.array (data.T)[0])

nhufs=len(hvfnanes)

dispersalMatrix=np.array (data.as_matrix(3)[:,1:]

Here, "sampledata_okinawa.csv” is a CSV file for the dispersal matrix. The file path must be altered
when applying the following analysis to a different dataset (NOTE: This is only a procedure required
to apply the following analysis to your dataset if you do not need to change other parameters).
Please be sure that each element in the matrix represents recruitment of larvae from a HVF j (row) to i
(column), and the first column and rows must be the name of the HVFs (see 2.1).

The following code shows a dispersal matrix:

In [4]: pd.DataFrane(dispershiMatrix, index=hvfnanes,colunns=hvfnanes)

Out [4]: lheya Irabu lzena Natsushima 84- MNorth Knoll SPOT Dai-Yon SPOT Hatoma
Ridge Knoll  Cauldron 1 Knoll Iheya Ridge Yonaguni Knoll Knoll
Ineya Ridge 0.002281 0.00234  0.005349 0.002376 0.001407 0.000567 0.000994
Irabu Knoll 0 0.006708 0 0 0 0.006281 0.008571
lzena Cauldron 0.003016 0.001548  0.008017 0.003775 0.001365 0.000275 0.000756
Natsushima B4 0003174 0001994  0.007631 0.003973 0.001512 0.000345 0.000507
Roun K“O"FL';S:: 0.003676 0.001555  0.004608 0.002347 0.001805 0.000479 0.000568
SPOT Dai-Yon
Yonagunr Knol 0 0.00433 0 0 0.00021 0.004978 0.003714
SPOT Hatoma Knoll 0 00061 0 0 0.000131 0.006814 0.0086

5.2. Recovery time for a fixed K value

The following codes define a function that numerically integrates the differential equation (1, 2), by
Euler method ("populationDynamics™) and a function that returns recovery time based on the
numerical solution of the equation ("recoverytime™). We set "thr" as 0.75 since we defined recovery as
the time required for $x_{i}$ to recover 75% of its original abundance after it was temporarily
reduced to zero. This value must be changed if readers use another definition for the recovery time.

How to map the resilience of hydrothermal vent fields 11




12

In [13]: thr=0.75
def populationlynanmics(x0,aii,sunkaij,k,r,dt):
wi=xl4 (o i el r bregunkai ) 1] —xl A wdt

return xi

de

=

recoverytime(pid,dispersalMatrix k,r):
t=0
ais=|ist (copy.deepcopy (dispersallatrix[pid]))
aiizais[pid]
del ais[pid]
aij=ais
sunkai j=k#sun (ai] )]
wi=l
#i=lxil
dt=0.1
whi le t<10000 and xi<threk:
t=t+
%i=populat ionDynamics (xi,aii,sunkaij,k,r,dt)
#i.append (xi)
rt=len(¥i)=dt
return rt

The following codes show a table with the recovery time of each HVF under a fixed value of carrying

capacity “k=1000" and reproduction rate “r=17.4". The value of "r"

might be changed if readers

identified species-specific values for reproduction rate, i.e., mean number of larvae that one

individual produces per year.

In [198]: k=1000

r=17.4
yrect ime=[]
for i in range(7):|

rt=recoverytine(i.dispersalMatrix,k,r)
vrect ine.append (rt)

pd.DataFrane (vrect ine, index=hvfnanes,columns=["Recovery time (vears)”])

Out [196]: Recovery time (years)
Iheya Ridge 53

Irabu Knoll 4.6

lzena Cauldron 57

Natsushima 84-1 Knoll 48

North Knoll Iheya Ridge 53

SPOT Dai-Yon Yonaguni Knoll 7.7

SPOT Hatoma Knoll 4.8

5.3. Recovery time for the ensemble of various spatial distribution of K values

Variability of recovery time can be evaluated by assuming variation in K values. The following
function should be used to calculate recovery time for the ensemble of K values generated from a

probability distribution.

How to map the resilience of hydrothermal vent fields




In [129]: def recaverytimeRnd(pid,dispersalMatrix.ks,r.dt):
t=0
ais=copy .deepcopy (| ist (dispersalMatrix[pid]))
aii=ais[pid]
del ais[pid]
aij=ais
kizcopy.deepcopy (ks [pid])
del ks[pid]
kis=ks
sumkjaij=np.dot (aij,kis)
wi=l
#i=[xil
while t<10000 and =i<0.75%ki:
t=t 4]
wizpopulat ionDynamics (xi,aii,sumkjaii ki, r,dt)
#i.append (xi )
rt=len (i )=dt
return rt|

In the following codes, we calculated recovery time of each HVF for 1,000 random distributions of K
values. Here, K values are assigned from a log-normal distribution with mean 1,000 and s.d. 1.

on 38T Icenoreal _pess= 1
lzrmoreal _zd="
=100
=17,

RTi=[]
For i in rangainhefal:

rla=[1
For i in ranesiit):
di=0.
redks"| sk inp. randew, lopnormal inp. azl aznzreal _weand, lagnermal _sd. nkefs]d
ri-rezovery: Iafind (0, dispersal®az roo, redks,rdl )
rls caogandl ok |
B mspand b2 )|

The following codes show the summary statistics of the recovery time of HVFs for the ensemble of K
values:

In [133]: pds=pd.DataFrame(np.array (RTS).T,colunns=hvfnames)
pds.describe

Out [133]: Iheya Ridge _Irabu Knoll Cau::\?gﬁ NatsushimaKa'nat:;rI North Knoll rla Irgsg SPOT Dai-Yon Yon?(g]nu;: sPOT HatK%rgﬂ
count 1000.000000 1000.00000 1000.000000 1000.00000 1000.000000 1000.000000 1000.000000

mean 6554600  6.75640  7.014500 6.49160 6371000 6.488000 6.651100

std 7284511 803996  7.608164 6.77281 7.041048 7.474427 7.277033

min 0200000 020000 0200000 0.20000 0.200000 0.200000 0.200000

25% 1900000  2.00000 2200000 2.00000 1.900000 1.900000 2.000000

50% 4100000 420000  4.400000 430000 4100000 3.900000 4100000

75% 8500000  8.40000  8.900000 8.50000 8100000 2.100000 8.600000

max 52900000 6470000  58.100000 57.70000 56.900000 £6.100000 £1.100000

The final task is to calculate the recovery time when multiple HVFs are disturbed. Here, we defined
the combination of disturbed HVFs as C and recovery time is the largest recovery time of HVFs
included in C. In this example, C consists of indices from O to 6 and each index corresponds to lheya
Ridge, Irabu Knoll, Izena Cauldron, Natsushima 84-1 Knoll, North Knoll Iheya Ridge, Dai-Yon
Yonaguni Knoll and Hatoma Knoll, respectively. Thus, "[0,2,4]" stands for "[lheya Ridge, Izena
Cauldron, North Knoll Iheya Ridge]". For simplicity, we did not consider variation of K in this
analysis and assumed a constant carrying capacity “k=1000" for all HVFs, i.e., we focused on the
effect of disturbances on the mean recovery time.

The following function provides the numerical solution of the population dynamics in all HVFs
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simultaneously by solving a differential equation whose variable is a vector:

In [83]: def populationDynamicsMulti(xs,dispersalMatrix,ks,r,dt):
wizxst(renp.dot (dispersalMatrix,xs))e(1-xus ks )=dt
return xi|

The following function returns largest recovery time of HVFs included in C:

In 137 def cecoverelimcBulllG.d spzrsallabris.rie
ks=-m.ar-ae (0002 for i im ranes(nwf=dll
s5=z0py -dezprcpy ksl
ber i in Gt

=lil=1

fi=leil]

ohai Do 170000 aad no.mie(y fb=3<0 .96
1zL#l
wl=po laliooDyan icall It (e odisperaa Balris ke 2]
A1 apesnd 2l )

ri=an 81 ]adt

redurn ri|

The following codes generate all possible combinations of disturbance (C) and calculates recovery
time. The number of combinations that include the same number of HVFs are [7, 21, 35, 35, 21, 7].

In [134]: r=17.4
hvf indices=range (0,nhvfs)
rtss=[]
for J in range(l,nhvfs):
delcombi=list (itertools.combinations(hyfindices, j))
rts=[]
for listx in delcombi:
rt=recoverytimeMulti{listyx,dispersalMatrix,r)
rts.append(rt)
rtss.append(rts]|

The following codes show the recovery time (points), mean recovery time (line) and the 95%CI
(colored area) as a function of the number of HVFs included in C:

In [£24]:  rimean=list [noe(lambda &} re.pean(ul, rtszll
riaup=| izl el lambda 2 rr--r-tll.'uu'.i|u|:=..3-"-_:.|. laall
riqde=z| ict [wallambda v reapercant | lele, 7,50, riss])

&=l ik (rong=0"rhefuld)

al=ll
au|.-.=|;
sply-[]

ter = in riss:

wlo= i+
for ¥i im ¥
oo .areend (5 )
mo v append(pi )

Ipioe
plz.label [Sorker of disturbed word fiolds®, Fontcize=IC)
plLowlabel ['Recivery Lime (vearsl’, Tunluize=18]
pl=.plat (s, riresn]

ple.till_pebe=eria, rinup, rkgde, =lpha=.2h)
pl.seatberlsel=.cele)

Elegead [pe=" fogar righi’ | Jonleriza=ri)

Cavlzzals e lotlibeeal Topt ioos FathCo lTeet o a1 O=lesf 738360
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5.5. Optimal scheduling
The final task is to find the optimal schedule T when multiple HVFs are disturbed.

The following function returns recovery time for a give set of HVFs C and schedule T:

In [260]: def recaverytimeMultiSch(C,dispersalllatrix,r,T):
ks=np.array ([10000 for | in range(nhvfs)])
¥s=copy .deepcopy (ke )
lenc=len(C)
dt=0.1
1=0
count =l
for | in range(lenc):

if abs(T[i]/dt - t) < 0.99:
xs[CLi1] = 0
count =count +]
xi=xs
Ri=lui]
while (+<10000 and np.nin(xi/ks)<0.75) or count !'= lenc:
t=t 4
for i in ranze(lenc):
if abs(T[I]/dt - t) < 0.08:
xi[G[i1]l =10
count=count+|
wizpopulat fonlynamicshulti(xi,dispersallat rix,ks,rodt)
A vappend (xi)
rt=len (i)t
return rt|

The following code shows that recovery time of simultaneous disturbance to Irabu Knoll (1), Hatoma
Knoll (5) and Dai-Yon Yonaguni Knoll (6) is 21.4 years:

In [267]: r=17.4
recaweryt imelult iSch([1,5.6]1,dispersalMatrix,r,[0,0,01]]

Out [2671: 21.400000000000002

The following codes define functions for optimal scheduling using a simulated annealing:

In [2871: gmp = moloee
algha = 0,58

def prcklel, o2, 10}
if al > af:
reburn
alan:
reburn s FE] (e -p2 100

del Lareeralurail):
returm alonarst

det onliwalbcheculeil,d zpe-saldelrin,rit
la=laiE)
T=lisl frandint [CL100, |=)= 11
T=letT-win(Ti)
11=1000
1=0
whii lalz <1000
L=l
T = [x + = far (e, v im=iplT, Liss Craedins 01000, l2al 1) 0]
nl =list inlwininl1
arl=racovared liallu 111 Seh (Do) sparsalmat ey, reT)
il erlrl e rarml) € orckiel, arl. Lomssralure (U102
riznrt
T=nT
relurm rt, T

The following code shows that the recovery time can be reduced to 11.1 years if T is optimally
scheduled:

In [293]: r=17.4
optinalSchedule([1,5,6],dispersalMatrix,r]|

oot [283]: (11.100000000000001, [4.800000000000008, 0.0, 0.300000000000002431)
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Our analysis can be applied to different regions if the dispersal matrix between HVFs is obtained. Addition
of newly found HVFs can be done by simply adding new rows and columns to the previous matrix. In
future studies, researchers should attempt to reveal dispersal networks in a broader region of the world
ocean, with a wider range of taxonomic and habitat types, which will extend the coverage of this analysis.
This will allow us to map the resilience of different species, allowing comparative studies on the
relationship between resilience and species traits. However, presented results were obtained by omitting
various biological details. Information about biological traits (e.g., larval development, ontogenetic vertical
migration, and settling behaviors) is essential to accurately predict larval dispersal distance and
species-specific resilience. Furthermore, we did not consider the activity and configuration of individual
vents in each HVF. HVFs may include both active and inactive vent systems. In this study, we focused on
the recoverability of communities in active vent systems. Our results can be applied to chemosynthetic
communities in inactive vent systems, if they are included in or located close to the HVFs included in the
analysis. However, because of the limited resource supply, recoverability of inactive vent systems could be
lower than active vent systems (Gollner et al. 2017). It is important to integrate information regarding the
detailed spatial structure and the predictions obtained by fine scale physical modelling, such as the local
fluid-flux and amount of sedimentation caused by resource mining, to accurately predict the relationship
between disturbances and recovery time at more detailed spatial scales.

It also should be mentioned that there is still a relative lack of empirical data from
disturbance-recovery studies that can support our results. All previous studies have been carried out on
either the Juan De Fuca Ridge (Tunnicliffe et al. 1997, Marcus et al. 2009) or the East Pacific Rise (Shank
et al. 1998, Gollner et al. 2015). Because both are in a fast spreading ridge where biological communities
are frequently disturbed (e.g., ~ 15 years [Tolstoy et al. 2006]), it would be controversial whether these
results represent recovery of HVFs in slow spreading ridges or arc-backarc basins where disturbance to
communities are relatively infrequent (Gollner et al. 2017). However, our results still suggest substantial
differences in recovery time among HVFs, which can span two orders of magnitude, highlighting the
importance of understanding connectivity among HVFs to assess their recoverability (Suzuki et al. 2018).
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