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Abstract :   
 
Understanding the interannual effect of various environmental factors on biodiversity distribution is 
fundamental for developing biological monitoring tools. The interannual variability of environmental factors 
on presettlement fish assemblages (PFAs) has been so far under investigated, especially in Madagascar. 
Numerous explanatory variables including local hydro-dynamic conditions recorded during the sampling 
night, characteristics of the benthic substrate and remotely sensed oceanic conditions (RSOC) were used 
to explain the spatio-temporal variability of PFAs in southwestern Madagascar. Gradient forest analyses 
were used to hierarchically classify the effect of these explanatory variables on the PFAs for two sites and 
during two different recruitment seasons. RSOC variables appeared to better explain the PFAs than the 
local variable and the characteristics of the benthic substrate. The PFAs caught in water masses with 
coastal characteristics were better explained than those with open water characteristics. This spatial 
variability is hypothesised to be linked to differences in feeding conditions among water masses. The 
gradient forest analyses also highlighted the complexity of predicting PFAs as the species for which 
abundances were better explained by RSOC variables varied between years. This interannual variability 
was mainly explained by the interannual variation of chlorophyll a (Chl a) concentration, wind and surface 
current, with better prediction obtained during the year with high Chl a values associated with high 
averaged sea surface temperature. These findings suggest the importance of forecasting Chl a 
concentrations, taking into account the impact of tropical storms and climate variability in order to predict 
PFAs in the future. 
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Introduction 47 

Several studies pointed the importance of studying presettlement fish assemblages (aka post-48 

larvae) to better understand and predict how adult biomass varies (Lockwood et al. 1981; 49 

Nichols et al. 1987; Hsieh et al. 2005; Koslow and Davison 2016; Chen et al. 2018) or more 50 

generally to monitor marine fish communities (Koslow and Wright 2016). Indeed, post-larvae 51 

represent survivors of the larval phase, and despite the important mortality that can occur after, 52 

throughout the juvenile stage, they correspond to the individuals that can replenish adult fish 53 

populations (Takahashi and Watanabe 2004). Presettlement fish assemblages (PFAs) also 54 

represent a promising tool for monitoring coastal marine ecosystems as their structures relate 55 

to environmental factors and to different anthropogenic pressures (Smith et al. 2018). 56 

Developing PFAs surveys is thus considered as an urgent need in areas experiencing climate 57 

change and anthropogenic pressure (Koslow and Wright 2016). 58 

Furthermore, in a context of climate change it seems vital to better understand how future 59 

environmental conditions will impact PFAs and thus fish communities. This highlights the 60 

necessity to develop predictive models able to anticipate the PFAs dynamic and to identify the 61 

hierarchical effect of explanatory variables on PFAs structure. In tropical waters, this field of 62 

research has remained largely under investigated. Carassou et al. (2008) conducted one of the 63 

rare studies aiming at hierarchically classifying the explanatory variables recorded at different 64 

temporal and spatial scales structuring the PFAs. These authors demonstrated that abundances 65 

of presettlement fish responded to large scale meteorological measured over a few days before 66 

sampling, or measured the day of sampling, and small-scale water column factors measured 67 

locally, according to threshold values that varied among families. However, they found no 68 

significant difference between past-day and daily measures. Their study neither addressed the 69 

effect of interannual variation of explanatory variables on PFAs nor incorporated the remotely 70 

sensed oceanic conditions. To our knowledge, the eventual importance of remotely sensed 71 

oceanic conditions (RSOC) extracted over few days preceding fish sampling in structuring 72 

PFAs has never been investigated in tropical waters.  73 

In Madagascar, small-scale fishermen and coastal populations highly depend on marine 74 

resources for their subsistence (Cooke et al. 2000). Their increasing numbers (INSTAT and ICF 75 

2016, Le Manach et al. 2012) and the declining quality of coastal habitats (IOTC 2009) may 76 

lead to modifications in the taxonomic composition of fish assemblages (Folke et al. 2004). In 77 

order to better record or even anticipate these modifications, PFAs need to be efficiently 78 

investigated. In SW Madagascar, PFAs surveys started about a decade ago (Mahafina 2011; 79 

Jaonalison et al. 2016) but employed different sampling gears and were based on different 80 

taxonomic resolutions. Recently, standardized protocols for sampling and identifying 81 

presettlement fish at the species level have been developed (Jaonalison et al. in review). Using 82 

these protocols, these authors demonstrated that regression tree models based on remotely 83 

sensed oceanic conditions (RSOC) were able to predict the richness and abundance of tropical 84 

PFAs. As a follow-up, the present study aimed to further expand the approach and test if the 85 

structure of PFAs described at the species level could also be explained by RSOC. More 86 

precisely, the specific objective of this study was to assess the interannual variability of the 87 

PFAs by characterizing: (i) the variability of the RSOC and PFAs among years, and (ii) how 88 
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the interannual changes in RSOC impact PFAs structure. Our hypothesis was that the PFAs 89 

interannual variability was induced by the RSOC interannual variability.  90 

Materials and Methods 91 

Study Sites, Sample Collection and Processing 92 

Presettlement fish were sampled in two sites in the Great Barrier Reef of Toliara (GRT) and in 93 

the reef off Anakao (ANA) on the southwestern coast of Madagascar (Fig.1). A detailed 94 

description of each site is provided in Jaonalison et al. (in review) but rapidly these two sites 95 

mainly differ by the characteristics of their water masses. Indeed, the GRT site is mostly under 96 

the influence of oceanic water masses due to the diurnal tidal inflow that renews up to 80% of 97 

water in Toliara Lagoon (Chevalier et al. 2015). Oppositely, the ANA site, closer to the coast, 98 

is influenced by the Onilahy River flows when the local northerly wind blows (Jaonalison et al. 99 

in review). Larval collection was performed monthly from November 2016 to April 2017 100 

(Campaign #1), and from November 2017 to April 2018 (Campaign #2). The monthly sampling 101 

was conducted during three consecutive nights of the new moon period, three samplings were 102 

collected during one night in each site (9 samples per month and per site). One light trap known 103 

as SLEEP (Collet et al. 2018) was set at each of the three approx. 200 to 300m apart stations of 104 

each site. As the catch of each light trap in each station correspond to a sample, a total 108 105 

samples per campaign for the two sites were intended to be obtained. In the laboratory, all fishes 106 

were sorted alive by morphospecies. One individual per morphospecies was photographed with 107 

a “Nikon D90” camera and a piece of its caudal fin was preserved in ethanol 90° for DNA 108 

barcoding.  109 

Identification Process 110 

The whole process of larval identification from DNA extraction till sequencing is detailed in 111 

Collet et al. (2018). The sequences were uploaded to Barcode Of Life Datasystems (BOLD) for 112 

assigning a Barcode Index Number (BIN) for each specimen sequence. Due to the ambiguity 113 

in the assignment of specie name to each BIN, different labels were used for identifying the 114 

species. First, if the BIN corresponded to only one species in BOLD, and this species was 115 

observed in this BIN only, the specimen was identified as “Genus+species” (e.g. Ostorhinchus 116 

angustatus). Second, if the BIN corresponded to different species from the same genus, or if 117 

the species corresponding to this BIN was also assigned to different BINs in BOLD, the 118 

specimen was identified as “Genus+BIN” (e.g. Ostorhinchus [BOLD:ACV9601]). Third, if the 119 

BIN corresponded to species from different genera, but belonging to the same family, the 120 

specimen was identified as “Family+BIN”. Note that identification such as “Genus+BIN”, or 121 

“Family+BIN”, do correspond to identifications at the species level as each BIN corresponds 122 

to an operational taxonomic unit, and thus to a putative species (Ratnasingham and Hebert 123 

2013). 124 

Environmental Data 125 

Seven local variables were recorded: sea surface temperature (using a thermometer), water 126 

transparency (using a Secchi disk), wind speed and direction (using an anemometer and a 127 

compass). Due to technical problems, sea surface salinity was recorded for the second campaign 128 
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only and was thus not retained for the analyses. The difference between the time of sunset and 129 

light-trap-setting, and between the time of sunrise and light trap retrieving were also considered 130 

as explanatory variables for explaining the eventual effect of high tide which always occurred 131 

around sunset during the sampling periods. The abundance of small pelagic fish species in light-132 

trap was also considered among local variables as their numbers may affect the way light traps 133 

attract and retain assemblages of presettlement fish. 134 

A specific campaign was conducted once a year in order to analyse the characteristics of the 135 

benthic substrate at each sampling station. The approach was based on high precision photo-136 

quadrats following Dumas et al. (2009). Photo-quadrats were taken using a waterproof Olympus 137 

TG 860 camera along three 20 m transects forming of star placed randomly at each sampling 138 

station. In the laboratory, percentage cover of sediment, coral, seagrass, and macroalgae were 139 

measured using Coral Point Count with Excel® extension (CPCe, Kohler and Gill 2006). 140 

The remotely sensed oceanic conditions (RSOC) were extracted for an eight-day period 141 

preceding each sampling over a 50 by 120 km area (Lon.max=43.611403, Lon.min=43.022609, 142 

Lat.max=-22.900648, Lat.min=-24.115845, Fig.1). This spatial and temporal scale was chosen 143 

as it was identified as the best predictor of presettlement fish richness and abundance at the two 144 

studied sites (Jaonalison et al. in review). The RSOC included the Sea Surface Temperature 145 

(SST), the concentration of chlorophyll a (Chla), the cross-shelf wind velocity U (Wind_U) and 146 

the alongshore wind velocity V (Wind_V), and the cross-shelf current velocity U (Current_U) 147 

and the alongshore current velocity V (Current_V), see Table 1 for details.  148 

Data Analysis and Modeling 149 

Multivariate analyses were performed for depicting the spatial and interannual variability of 150 

each of the three types of explanatory variables. The differences between sites in benthic 151 

substrate characteristics and presettlement fish assemblages (PFAs) were visualized with 152 

Mutlidimensional scaling (MDS) and tested with Permutational Multivariate Analysis of 153 

Variance (Anderson 2017). The most discriminative characteristic of the benthic substrate, or 154 

species within assemblages, was then identified with a Similarity of Percentage analysis (Clarke 155 

et al. 1994). The spatial and interannual variability of local variables and the remotely sensed 156 

oceanic conditions were analysed with Principal Component Analysis (PCA) for visualising the 157 

parameter discriminating both sites and campaigns. The analysis for RSOC was run 158 

independently from local variables as they concern merely the interannual variability. The 159 

differences in mean variation of remotely sensed oceanic conditions between campaigns were 160 

tested with analyses of variance (ANOVA). 161 

A total of 19 explanatory variables were used for explaining the PFAs. Among the different 162 

methods developed for identifying response of plant or animal assemblages faced to 163 

environmental gradients, Gradient Forest (GF) appears to be the most robust and well suited 164 

among the exploratory machine learning techniques. Indeed, GF can deal with non-linear 165 

relationships (Ellis et al. 2012), and can analyse large databases with numerous species and 166 

explanatory variables (Roubeix et al. 2017). GF, which is an extension of Random Forest 167 

method, deal with the prediction of multi-species simultaneously (Ellis et al. 2012) by applying 168 

the approach called “assemble-predict-together” defined by Ferrier and Guisan, (2006). This 169 
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approach consists in analysing simultaneously the response of several species to the explanatory 170 

variables within a common modeling framework. 171 

Given the strong expected differences in water masses characteristics between the two sites, the 172 

PFAs were analysed separately. For each site, three datasets were thus created: one for the two 173 

campaigns considered together, one for campaign#1 and one for campaign#2. The datasets for 174 

campaign#1 and campaign#2 allowed to compare among years the explained presettlement fish 175 

assemblages (PFAs), and the importance of explanatory variables. As GF analyses are sensitive 176 

to the presence of rare species, only species exceeding 3% of occurrence were retained. For 177 

each dataset, the GF analyses were performed following two steps. During a first step, three 178 

models were trained using either local variable, characteristics of the benthic substrate, or 179 

remotely sensed oceanic conditions separately. During a second step, GF analyses were 180 

performed using all the explanatory variables (Table. 1). This two steps approach allowed to 181 

compare the goodness of fit of each model for the explained PFAs, based on the average of R2 182 

value (R2
aver.) of the species for which the abundances were better described as applied by 183 

Roubeix et al. (2017). R2
aver. is the key diagnostic for Gradient Forest: the higher value of R2

aver. 184 

is the more predictable variability of the PFAs. 185 

GF analyses generate four types of graphs that are of central importance for understanding the 186 

results: the overall variable importance plots, the species performance plot, the split density 187 

plots and the specific cumulative importance curves. The overall variable importance plot 188 

corresponds to barplots presenting the explanatory variable in decreasing R2 weighted 189 

importance. Higher R2 weighted importance values indicate important explanatory variables for 190 

explaining the PFAs variability. The species performance plot which is also a barplot presents 191 

the goodness of fit performance measures (R2) for the species for which the variations in 192 

abundance are better described by the GF model. The split density plots allow identifying the 193 

thresholds value for each explanatory variable structuring the explained PFAs. Finally, the 194 

specific cumulative importance curves are used for identifying the thresholds of the explanatory 195 

variables for each species. Concerning the split density plot, the thresholds of the important 196 

explanatory variables structuring the explained PFAs were obtained through the analysis of the 197 

ratio between density of splits and density of data. The effect of an explanatory variable on the 198 

explained PFAs is important when this ratio is greater than one. This indicates that the range of 199 

values associated to ratios greater than 1 are associated to obvious change in the structure of 200 

PFAs. Regarding the specific cumulative importance curve, the significant thresholds 201 

influencing each of the species for which the abundances were better described were identified 202 

based on the three criteria for threshold selection applied by Roubeix et al. (2017). According 203 

to these authors, the threshold of a given explanatory variables is ecologically significant if (1) 204 

the explanatory variable is important, based on R2 weighted importance, for explaining the 205 

abundances; (2) the threshold of this explanatory variable (indicated by the potential peak)  is 206 

clearly defined based on the specific cumulative importance curves; and (3) the threshold is 207 

clearly highlighted for several species, based on the specific cumulative importance curves.  208 

Data analyses were performed with R programming software R.5.1 (R Core Team 2018), using 209 

“vegan” package (Version 2.5.4, Oksanen et al., 2019) for statistical analysis, the 210 
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“gradientForest” (Version 0.1-17, Ellis et al., 2012) and “extendedForest” (Version 1.6.1, Ellis 211 

et al., 2012) packages for modeling the PFAs. 212 

Results 213 

Spatio-Temporal Change of Local and RSOC Variables  214 

PCA analysis indicated that the local variables varied between sites and campaigns. 215 

Campaign#1 was characterized by a higher water transparency at GRT, while cross-shelf wind 216 

and SST were more important at ANA (Fig.2b and c). For campaign#2, no clear spatial 217 

variation was observed. 218 

Concerning the remotely sensed oceanic conditions (RSOC), their pattern differed significantly 219 

among campaigns (Fig.2f and Fig.3). The difference among campaigns were mostly associated 220 

to Chla and the SST (Fig.2e and Fig.2f) which were significantly higher (ANOVA, p <0.01) 221 

during campaign#1 (average±SD of 0.24 ± 0.06 mg m- 3 and 28.06 ± 1.03 °C, respectively) than 222 

during campaign#2 (average of 0.18 ± 0.04 mg m-3 and 27.20 ± 1.01 °C, respectively). In terms 223 

of Chla concentrations, campaign#2 was characterized by a high number of observations 224 

exceeding 0.5 mg m-3 in February, while only one observation exceeded this value during 225 

campaign#1 for the same month (Fig.3). Differences between campaigns were also observed 226 

for the onshore winds speed (Wind_U, Fig.2e and Fig.2f) that was significantly lower 227 

(ANOVA, p <0.01) in campaign#1 (average: 1.04 ± 0.27 m s-1) than in campaign#2 (1.29 ± 228 

0.27 m s-1). The alongshore wind (Wind_V) consisted mostly of northerly wind that blew at an 229 

average of 1.06 ± 0.50 m s-1) during campaign#1 and 0.79 ± 0.50 m s-1 only during campaign#2. 230 

During campaign#1, up to 60% of currents flew offshore (with an average speed of 0.04 ± 231 

0.02 m s-1) and 40% were onshore (average: 0.02 ± 0.004 m s-1). During campaign#2, currents 232 

flew entirely onshore (average: 0.03 ± 0.03 m s-1). During campaign#1, over 80% of alongshore 233 

currents were southward (with an average speed of 0.12 ± 0.06 m s-1), while this percentage 234 

dropped to around 67% for campaign#2 (average: 0.09 ± 0.06 m s-1). Only 20% of currents 235 

were northward for campaign#1 (with a steady speed of 0.30 m s-1) and about 33% only for 236 

campaign 2 (average: 0.07 ± 0.02 m s-1).  237 

Spatial Characteristics of the Benthic Substrate 238 

The characteristics of the benthic substrate at GRT and ANA were different (PERMANOVA 239 

test, R2 = 0.30, p < 0.01, Fig.4a). SIMPER analysis revealed that this dissimilarity was mainly 240 

due to macroalgae (Table. 2). Indeed, macroalgae represented 52% of the benthic substrate in 241 

ANA but ~5% only at GRT (Fig.4b). The higher coverage by live coral (~18%) and sand 242 

(~42%) at GRT against ~11% and ~19% at ANA, respectively, also contributed to the 243 

dissimilarity in the characteristics of the benthic substrate between the two sites (Fig.4b and 244 

Table. 2).  245 

Spatio-Temporal Variability in Presettlement Fish Assemblages 246 

A total of 165 species belonging to 42 families were collected during the two sampling 247 

campaigns, with 99 species caught at GRT and 96 at ANA (Online resource 1). About 60 248 

species from 20 families had an occurrence greater than 3%, with 46 species for GRT and 51 249 

species for ANA. At GRT, the most frequent species were Ostorhinchus [BOLD:AAC2084], 250 

Dascyllus trimaculatus, and Apogonichthys perdix during campaign#1 (Fig.5a), A. perdix, 251 
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Pomacentrus trilineatus, and Petroscirtes [BOLD:AAE6131] during campaign#2 (Fig.5c). At 252 

ANA, the most frequent species were Chaetodon auriga, D. trimaculatus, and Lutjanus 253 

fulviflamma during campaign#1 (Fig.5b), C. auriga, A. perdix, and Chromis viridis during 254 

campaign#2 (Fig.5d). At GRT, the most abundant species were Ostorhinchus 255 

[BOLD:AAC2084], A. perdix and Nectamia [BOLD:AAL9262] during campaign#1 (Fig.5e), 256 

Lethrinus mahsena, Ostorhinchus [BOLD:AAC2084], and A. perdix during campaign#2 257 

(Fig.5g). At ANA, the most abundant species were Siganus sutor, Lethrinus 258 

[BOLD:AAB0511], and L. fulviflamma during campaign#1 (Fig.5f), Lethrinus mahsena, C. 259 

viridis, and C. auriga during campaign#2 (Fig.5h). The difference in terms of the most frequent 260 

and abundant species reflects the dissimilarity of presettlement fish assemblages between sites 261 

and campaigns, a difference that was confirmed by the MDS analyses (Fig.6). The results of 262 

PERMANOVA tests show that these differences were significant at p <0.01.  263 

Relative Contribution of the Three Types of Explanatory Variables on PFAs 264 

When the two campaigns were considered together, the result of Gradient Forest analyses 265 

indicates that the variations of presettlement fish assemblages (PFAs) were not explained by 266 

the characteristic of the benthic substrates. Indeed, the R2 value corresponding to habitat 267 

variables was only 0.06 for ANA (Table.3) and explained the variations of S. sutor only. For 268 

GRT, the R2 value was more important, reaching 0.35, but it explained the variation of 269 

Fistularia commersonii abundances only. Therefore, the characteristics of the benthic substrate 270 

were excluded from subsequent analyses. 271 

The variables measured locally during sampling (i.e. local variables) were also not relevant in 272 

explaining the PFAs at GRT (R2
max.=0.11, R2

aver. =0.05), and at ANA (R2
max.=0.21, R2

aver. = 273 

0.09, Table.3).  274 

When the sites were considered separately, the PFAs appeared more predictable based on R2
aver. 275 

values (Table.4). Compared to the characteristics of the benthic substrate and the local 276 

variables, the remotely sensed oceanic conditions (RSOC) explained better the structuration of 277 

the PFAs with R2
aver. = 0.22 for GRT and 0.34 for ANA during campaign#1 and R2

aver. = 0.18 278 

for GRT and 0.32 for ANA during campaign#2 (Table.4). Interestingly, based on these “R2
aver.” 279 

RSOC appeared to explain only a low part of the variations of the explained PFAs for GRT, 280 

while about a moderate part for ANA.  281 

Spatio-Temporal Variability of RSOC Contribution  282 

The species for which the abundances were better explained by RSOC differed between 283 

campaigns and between sites for a given campaign (Fig.7). The number of these species was 284 

higher during campaign#2 (Fig.7f and h) than during campaign#1 (Fig.7b and d). Moreover, 285 

the number of these species were also more important in ANA with nine species during 286 

campaign#1 (Fig.7d) and 13 species during campaign#2 (Fig.7h) than in GRT with four and 287 

seven species respectively (Fig.7b and Fig.7f). At GRT, Chromis viridis and C. auriga were 288 

the species for which the abundances were better described in campaign#1 (Fig.7b) while it 289 

was L. mahsena and C. petersii in campaign#2 (Fig.7f). At ANA, the species for which the 290 

abundances were better described were different among campaigns, expect for L. fulviflamma 291 

which was always among these species (Fig.7d and Fig.7h).  292 
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The rank and importance of the explanatory variables (based on R2 weighted importance) varied 293 

between years and sites. During campaign#1, Chla and the northerly Wind_V were the most 294 

important explanatory variables of presettlement fish assemblages (PFAs) at GRT and ANA 295 

sites (Fig.7a and c), Current_V also being among the most important explanatory variables at 296 

ANA (Fig.7c). For campaign#2, five explanatory variables appeared to be the most important, 297 

but the rank of these explanatory variables differed at each site (Fig.7e and g). 298 

RSOC Threshold for Presettlement Fish Assemblages  299 

During campaign#1, three important RSOC variables presented thresholds for the PFAs at 300 

ANA, and up to five variables at GRT. Important shifts in the PFAs structure occurred at 0.24 301 

mg m-3 and 0.27 mg m-3 for Chla, and at 0.8 and 1.4 m s-1 for the northerly wind for the both 302 

sites, and at 0 and 0.1 m s-1 for southward Current_V, and at 0.05 m s-1 for northward Current_V 303 

at ANA only (Fig.8). During campaign#2, important shifts in the PFAs structure observed at 304 

GRT at 0.5 m s-1 and 1.2 m s-1 for northerly Wind_V, at 0 and 0.065 m s-1 for northward 305 

Current_V, at 0.03 m s-1 for onshore Current_U, at 1.1 and 1.5 m s-1 for westerly Wind_U, and 306 

at 26.5°C , 27.75 and 28.25°C for SST (Fig.8). At ANA, important turnover in the PFAs 307 

structure were detected at 26.5°C and 28.25°C for SST, at 1.5 m s-1 for westerly Wind_U, at 308 

1.2 m s-1 for northerly Wind_V, at 0.035 m s-1 for onshore Current_U, at 0.1 m s-1 for southward 309 

Current_V, and at 0 and 0.05 m s-1 for northward Current_V (Fig.8). 310 

RSOC Thresholds for Species 311 

During campaign#1, the northerly wind speed at 1.2 m s-1 induced the important shifts in the 312 

abundances of all the species for which the abundances were better described (Fig.9a and b), 313 

the Chla concentrations at 0.29 mg m-3 played a role in the abundances of C. viridis at GRT 314 

(Fig.9a), and S. sutor, Pomacentrus trilineatus, and L. fulviflamma at ANA (Fig.9b). A 315 

common threshold of northward currents speed at 0.12 m s-1 was detected during campaign#1 316 

for the five species at ANA (Fig.9b).  317 

During campaign#2, no clear common threshold was observed for the two species at GRT 318 

(Fig.9c) or for the five species at ANA (Fig.9d). GF models detected thresholds for some 319 

species only. For ex., the onshore wind at 1.65 m.s-1  generated a shift in the abundances of L. 320 

mahsena at GRT, and in the abundances of Sphyraena barracuda and L. fulviflamma at ANA. 321 

At ANA, onshore currents at 0.06 m s-1 also induced shifts in the abundance of L. notatus.  322 

Discussion 323 

To our knowledge, this study is one of the first describing the structure of tropical presettlement 324 

fish assemblages (PFAs) based on accurate species identification obtained through DNA 325 

barcoding, and using a) Gradient Forest (GF), one the most robust exploratory machine learning 326 

technique, and b) remotely sensed oceanic conditions (RSOC) observed before sampling (i.e. 327 

past-day RSOC). The results of GF analyses highlighted the importance of past-day RSOC in 328 

explaining the PFAs compared to information recorded during sampling or the characteristics 329 

of the benthic substrate.  330 

RSOC: More Useful for Explaining the PFAs 331 



10 
 

In the present study, the PFAs differed significantly among sites. Such differences in PFAs 332 

between GRT and ANA sites had already been observed by Jaonalison et al. (2016). These 333 

authors hypothesized that the spatial differences of PFAs might be explained by the 334 

characteristics of the benthic substrate as such link had been clearly defined for post-settlement 335 

stage by Levin et al. (1997). Although the characteristics of the benthic substrate were different 336 

between the two sites, GF analyses demonstrated that they were of low importance for 337 

explaining the PFAs structure. This weak relationship between the characteristics of the benthic 338 

substrate and PFAs structure may suggest the water masses characteristics play an important 339 

role for PFAs. Using Canonical Correspondence Analysis (CCA), Chen et al. (2018) found that 340 

the larval fish assemblages collected with plankton nets in northern South China Sea can be 341 

defined by water mass characteristics, mainly SST and sea surface salinity. In the current study, 342 

the water masses characteristics differed among sites. In ANA, the water masses corresponded 343 

to a more coastal environment under the influence of the nearby Onilahy River with salinities 344 

varying from 31.5 to 35.7 (Jaonalison et al. in review). Oppositely, at GRT the water masses 345 

were less variable and more similar to oceanic water conditions due to the important tidal inflow 346 

that regularly renews lagoonal water masses (Chevalier et al. 2015). Although water masses 347 

characteristics have been found to explain the spatial differences in abundances (N) of 348 

presettlement fish (Jaonalison et al. in review), they appeared to be less important for explaining 349 

PFAs structure in the current study. Indeed, GF models obtained using locally recorded 350 

variables had the goodness of fit varying between 5 and 9% only. 351 

The remotely sensed oceanic conditions (RSOC) appeared to be the most important variables 352 

explaining the observed presettlement fish assemblages (PFAs) - reflecting the importance of 353 

coastal oceanic conditions in nearshore area for shaping PFAs. Out of the 60 species for which 354 

presettlement stage occurrence was more than 3%, the abundances of 23 species only were 355 

explained by gradient forest based on RSOC. Among these 23 species, 15 were among the most 356 

frequent species observed in the both sites but the eight others (Abudefduf vaingiensis, 357 

Canthigaster petersii, Dascyllus abudafar, Fowleria [BOLD:AAD8726], Lutjanus notatus, 358 

Paramonacanthus pusillus, Pomacentrus agassizi, and Sphyraena barracuda) were not among 359 

the most frequent species. Thus, the occurrence of a species does not appear to be the main 360 

parameter making its abundances better described by gradient forest. Moreover, the abundances 361 

of species belonging to Blenniidae, Caesionidae, Fistularidae, Holocentridae, Ostracidae, 362 

Plesiopidae, Pomacanthidae, Scorpaenidae, and Syngnathidae were not described by GF 363 

models although some of them such as Caesio caerulaurea, Fistularia commersonii were 364 

among the most frequent species in the samples. These species may be sensitive to 365 

environmental factors that have not been considered in this study such as sea surface salinity, 366 

and SST anomaly. 367 

Spatial and Interannual Variabilities of GF Model Goodness of Fit Based on RSOC 368 

The goodness of fit of the GF models based on RSOC, and the species for which the abundances 369 

were better described by the GF models differed between sites and years. The spatial variability 370 

could be linked to the difference in PFAs structure among sites as species may respond 371 

differently to environmental conditions. Surprisingly, the number of these species and the 372 

goodness of fit of models based on RSOC were always higher at ANA although this site 373 
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appeared to be a more variable environment due to the influence of the nearby Onilahy River 374 

(Jaonalison et al. in review). This result suggests that other characteristics of coastal water 375 

masses not recorded in this present study may play an important role. Some previous studies 376 

have suggested the hypothesis that coastal waters could present better feeding conditions for 377 

presettlement fish than open waters (Nagelkerken et al. 2001; Cocheret de la Morinière et al. 378 

2002). In New Caledonia, the biomass of zooplankton has been observed to be strongly 379 

influenced by terrigenous inputs from rivers due to their high concentrations of particulate 380 

organic matter (Le Borgne et al. 1989). These findings led Carassou et al. (2010) to suggest that 381 

terrigenous inputs may provide best feeding conditions to presettlement fish in areas influenced 382 

by nearby rivers. The highest number of species at ANA could be thus linked to the best feeding 383 

conditions of presettlement fish in ANA (i.e. in coastal water masses) than at GRT (i.e. in open 384 

water mass). Concerning the interannual variability of the PFAs and of the species, both 385 

appeared to be associated to the importance rank of Chla. Indeed, Chla was the highest 386 

explanatory variables for PFAs during campaign#1 when it presented an average concentration 387 

of 0.24 ± 0.06 mg m-3, and the lowest explanatory variables during campaign#2 with an average 388 

concentration of 0.18 ± 0.04 mg m-3. In New Caledonia, the Chla concentration measured at the 389 

moment of sampling was found to be the main factor determining the spatial structure of PFAs 390 

(Carassou et al. 2008). High Chla concentrations are known to provide the main food source 391 

for zooplankton (Chassot et al. 2010). Thus, food availability for fish larvae, induced by high 392 

Chla, could be the main factor determining both the spatial and interannual variability of PFAs 393 

in tropical areas. This seems logical as a higher food availability increases the survival of pre-394 

settlement fish (Olivar et al. 2010) and allow them to efficiently resist predation (Owen et al. 395 

1989). These findings also give some insight to the tolerance of fish larvae to food availability, 396 

or to the dependency of their preys to primary production. In this present study, S. sutor was 397 

among the species during campaign#1 when Chla concentrations were high. The abundances 398 

of Siganidae larvae were also linked to high Chla concentration in New Caledonia coastal 399 

waters (Carassou et al. 2008). Oppositely, during campaign#2 Chla concentrations were 400 

generally low, except in February, but the abundances of Sphyraenidae (Sphyraena barracuda), 401 

Lutjanidae (L. fulviflamma and L. notatus) and Apogonidae (A. perdix) were highly explained. 402 

This suggests these species consume prey that are not directly linked to primary production. 403 

Based on criteria applied by Roubeix et al. (2017) for significant threshold selection, three 404 

significant thresholds were clearly defined during campaign#1 only: 0.29 mg m-3 for Chla, 1.2 405 

m s-1 for northerly alongshore wind speed, and 0.12 m s-1 for northward alongshore current in 406 

(Fig.9). In contrast, no clear thresholds were detected during campaign#2 characterized by an 407 

important number of observations with Chla concentration exceeding 0.5 mg m-3 in February 408 

(Fig.3). This highly skewed distribution of the values of Chla during campaign#2 may explain 409 

the absence of correlation between this parameter and the PFAs. The fact that high 410 

concentrations of Chla occurred in February during campaign#2 suggests they were induced by 411 

tropical storms that were more frequent than during campaign#1 according to Météo-France 412 

(2017). Indeed, tropical storms are known to increase the Chla concentrations (Lin et al. 2003). 413 

Moreover, a significant reduction of the average SST was also observed during campaign#2 414 

compared to campaign#1. Strong winds associated to tropical storm have been demonstrated to 415 

decrease SST (Price et al. 2008) from a minimum of 1° (Cione et al. 2000) to a maximum of 9° 416 
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(Lin et al. 2003). The cold surface water related to such storms can extend to hundreds of 417 

kilometres (Emanuel 2001), and the return to initial conditions can take between 5 and 30 days 418 

(Dare and McBride 2011). While inducing lower SST, tropical storms may weaken (Morsink 419 

2018), or delay (Reynalte-Tataje et al. 2012), the reproductive activity of some fish species. 420 

Moreover, tropical storms may also induce eggs and larvae drifting away as no fish larvae can 421 

swim against the maximum water current ~1 m s-1 (Fisher 2005), i.e. observed during a tropical 422 

storm.  423 

Research Improvements and Perspectives 424 

In conclusion, this work highlighted the complexity of predicting PFAs in the future as their 425 

structure appeared to depend mainly on Chla concentrations and hydrodynamic conditions that 426 

can dramatically change from year to year. Moreover, the eventual influence of tropical storms 427 

on Chla concentrations and hydrodynamic conditions reinforces this complexity and explains 428 

the non-consistency of gradient forest results. Two years of survey does not seem sufficient for 429 

obtaining a consistent output and not useful for getting insights about interannual variability. 430 

According to Brodeur et al. (2008), at least ten years of data are needed to detect a significant 431 

change in PFAs. This period of time could be sufficient for addressing interannual variability 432 

in PFAs structure (Koslow and Wright 2016) and to document the effects of El Nino and La 433 

Nina events as well as those of tropical storms.  434 

In parallel with the acquisition of longer time series of presettlement fish, forecasting Chla 435 

concentrations appears to be among the important steps to avoid the difficulty in predicting 436 

PFAs. Forecasting the Chla seems, however, a challenging step in a complex marine system as 437 

its concentration linked to the hydrodynamic conditions. The Wavelet-transform and Artificial 438 

Neural Network (WANN) appeared to be a promising method for forecasting the Chla 439 

concentration 1 month ahead in South San Francisco Bay (Rajaee and Boroumand 2015) using 440 

time series data from 1994 to 2013. The performance of this approach to predict the target 441 

variable with high accuracy was confirmed by Alizadeh et al. (2017). However, the forecast 442 

should be initially conditioned by silica, dissolved iron, nitrate, and forcing data including zonal 443 

and meridional wind stress, SST and shortwave radiation (Rousseaux and Gregg 2017). Most 444 

of this information remain to be acquired in Western Indian Ocean region. 445 
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Figures 611 

 612 

Fig.1 Sampling sites with blue dot: Great Barrier Reef of Toliara (GRT) and pink dot: Anakao 613 

Reef (ANA). The dotted rectangle corresponds to the extraction area for the remotely sensed 614 

oceanic conditions 615 
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 616 

Fig.2 PCA of local variables (in left) with a: percentage of variance for each dimension, b: 617 

factor variables, c: PC1-PC2 plane with black dots for campaign#1 and yellow for 618 

campaign#2. Each point corresponds to the environmental record per site (in blue for GRT 619 

and pink for ANA) and per month. PCA of remotely sensed oceanic conditions (in right). 620 

With d: percentage of variance for each dimension, e: factor variables, f: PC1-PC2 plane with 621 

black dots for campaign#1 and yellow dots for campaign#2 622 
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 623 

Fig.3 Interannual variability of the remotely sensed oceanic conditions for each month of 624 

sampling, with a: campaign#1 (2016-2017) and b: campaign#2 (2017-2018). The lower and 625 

upper boundaries of the boxes correspond to the 25th and 75th percentile, respectively. The 626 

horizontal lines within the box correspond to the median values and the vertical lines show the 627 

range of values that fall within 1.5 times the interquartile range individual points correspond to 628 

values outside three times of the interquartile range 629 
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 630 

Fig.4 Distribution of the characteristics of benthic substrate of coral reef habitat in GRT (blue 631 

bars and dots) and ANA (pink bars and dots), with a: barplot of the percentage cover of the 632 

characteristics of benthic substrate and b: ordination of the characteristics of benthic substrate 633 

with multidimensional scaling (MDS) ordination 634 
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 635 

Fig.5 Occurrence of the first 20 most-occurring fish species observed at GRT during 636 

campaign#1 (a) and campaign#2 (c) and ANA during campaign#1 (b) and campaign#2 (d) in 637 

the top panel; and log-transformed abundances of the 20 most-abundant fish species observed 638 

at GRT for campaign#1 (e) and campaign#2 (g) and ANA for campaign#1 (f) and campaign#2 639 

(h) in the down panel 640 
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 641 

Fig.6 Multidimensional scaling (MDS) enlightening the spatial variability of the presettlement 642 

fish assemblages (left panel), a: for both campaigns together, b: for campaign#1, and c: for 643 

campaign#2 with blue points for GRT and pink points for ANA, and the interannual variability 644 

of the presettlement fish assemblages (right panel), d: for GRT, e: for ANA with yellow 645 

triangles corresponding to campaign#1 (C1) and black circles to campaign#2 (C2). Boxplots 646 

indicate the spatial (left panel) and interannual (right panel) variability of presettlement fish 647 
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assemblages along each axis based on the distance between each observation and its 648 

corresponding centroid 649 

 650 

 651 

Fig.7 Gradient forest results for GRT (a, b, e, and f) and ANA (c, d, g, and h) with the overall 652 

RSOC variables importance plot (a and c for campaign#1 and e and g for campaign#2), and the 653 

species performance plot showing the goodness of fit R2 for overall species (b and d for 654 

campaign#1 and f and h for campaign#2). Species with R2≤0 are not represented 655 

 656 
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 657 

Fig.8 Split density plot for campaign#1 (a, b) and campaign#2 (c, d) showing the thresholds 658 

(outlined by the red arrows) for the explained presettlement fish assemblages corresponding to 659 

the range of value of the ratio of densities (blue full line) superior to the ratio=1 (blue dashed 660 

line), the black and pink full line denote the density of splits and the density of data, 661 

respectively. With a and c for GRT, and b and d for ANA 662 

 663 
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 664 

Fig.9 Interannual and spatial variability of accuracy importance (based on R2 value) of the most 665 

important explanatory variables (in decreasing importance) for each of the top species for which 666 

the abundances were better described (in decreasing order) with a and b for GRT and ANA 667 

during campaign#1 and c and d for GRT and ANA during campaign#2. The thresholds (thres.) 668 

values were obtained and synthetized from the specific cumulative importance curves in Online 669 

Resource3 for campaign#1, and Online Resource4 for campaign#2. Dash (-) denotes the 670 

absence of thresholds and the arrows relate to the direction of wind and currents vectors  671 



26 
 

Supplementary materials 672 

Online resource1: https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-673 

01068-6/MediaObjects/12526_2020_1068_MOESM1_ESM.pdf  674 

Online resource2: https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-675 

01068-6/MediaObjects/12526_2020_1068_MOESM2_ESM.pdf  676 

Online resource3: https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-677 

01068-6/MediaObjects/12526_2020_1068_MOESM3_ESM.pdf  678 

 Online resource4: https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-679 

01068-6/MediaObjects/12526_2020_1068_MOESM4_ESM.pdf  680 

https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM1_ESM.pdf
https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM1_ESM.pdf
https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM2_ESM.pdf
https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM2_ESM.pdf
https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM3_ESM.pdf
https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM3_ESM.pdf
https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM4_ESM.pdf
https://static-content.springer.com/esm/art%3A10.1007%2Fs12526-020-01068-6/MediaObjects/12526_2020_1068_MOESM4_ESM.pdf



