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 A B S T R A C T

Coral reef monitoring often relies on indicator species to reflect ecological conditions across habitats, yet 
existing identification methods such as IndVal and TWINSPAN vary widely in the number and identity of the 
taxa they select. Here, we compare these two traditional approaches with an interpretable machine learning 
method, Predomics, to identify parsimonious sets of indicator species using Baited Remote Underwater Video 
Stations (BRUVS) in a tropical lagoon of New Caledonia. TWINSPAN and Predomics consistently identified 
far fewer indicator species than IndVal, yet all methods achieved equivalent predictive accuracy in habitat 
classification. Notably, all approaches converged on the same core taxa for distinguishing inshore from offshore 
habitats, lending strong cross-method support to the ecological relevance of these species. Results were robust 
across both abundance and presence/absence data, and cross-validation confirmed the generalizability of 
the selected indicators to unseen samples. The identified indicator species, primarily wrasses, goatfishes, 
and threadfin breams, align with established habitat preferences. These results show that parsimonious, 
interpretable machine learning methods can match or complement classical approaches while delivering 
simpler, more actionable indicator sets for efficient and scalable reef health assessments and conservation 
planning.
1. Introduction

As human activities and global changes continue to intensify pres-
sure on marine ecosystems (Halpern et al., 2019), improving the man-
agement and conservation of underwater wildlife has never been more 
crucial (Halliday et al., 2022). Regular and consistent monitoring of 
these ecosystems is essential for tracking changes over time, assess-
ing their health and functionality (Emslie et al., 2020), and guiding 
effective conservation strategies (Danovaro et al., 2020). Traditional 
monitoring methods of marine biodiversity rely on direct visual obser-
vation techniques such as underwater visual censuses (UVC) operated 
by scuba divers (Caldwell et al., 2024) or baited remote underwater 
video stations (BRUVS) (Simpfendorfer et al., 2023). Regardless of the 
technique, marine biodiversity monitoring data include a list of species 
with associated abundance and size.

When assessing entire communities, a wide range of species can be 
identified and monitored, offering valuable insights into biodiversity 
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patterns. However, for conservation purposes, it can be more useful 
and cost-effective to focus on a few key species whose abundances 
vary significantly between specific habitats, such as inside or out-
side marine protected areas (MPAs) or between impacted and control 
sites. Indicator species are deemed indicative of such habitats and 
sensitive to ecological shifts, making this concept popular in ecology 
for identifying species that are important to monitor environmental 
change (Siddig et al., 2016). Indicator species are usually chosen in 
the impact assessment depending on the target change, such as heavy 
metals in invertebrates for water pollution (Han and Han, 2024). On 
a broader ecological assessment spectrum, indicator species represent 
proxies of the environmental conditions (i.e. the habitat) by observ-
ing their general behaviour like presence/absence, abundance, size 
or other biological traits (Siddig et al., 2016). Fish can be a good 
general indicator species of habitat as they are visually identifiable and 
more easily observed or detected with adequate methods like cameras
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(Langlois et al., 2020; Wee et al., 2023). For example, the juvenile 
species of Lutjanus argentimaculatus is associated with mangrove nurs-
eries habitat, which is a sensitive habitat (Russell and McDougall, 
2005). 

In ecology, one of the methods that allows to identify indicator 
species is the Indicator Value (IndVal) method (Dufrene and Legen-
dre, 1997). IndVal is a statistical approach developed to assess the 
indicative value of a given species based on its association with a 
specific set of environmental characteristics. It combines species abun-
dance and frequency data to calculate an association index between 
each species and habitat or environmental characteristics. Another 
classical method is Two-Way Indicator SPecies ANalysis (TWINSPAN) 
(Roleček et al., 2009), which is a hierarchical classification method 
that iteratively divides a dataset into two groups based on species 
composition to identify indicator species characteristic of each group. 
However, although very useful, these techniques identify important 
species based on their association with specific habitats, but they do 
not evaluate the generalizability of these associations to other datasets. 
In this context, Machine learning (ML) can be particularly useful to 
uncover patterns and relationships within complex datasets, while 
allowing to evaluate their generalizability in other datasets. ML is in-
creasingly applied in ecology to extract meaningful ecological insights 
from complex datasets (Pichler and Hartig, 2023). For instance, Kumar 
et al. (2023) used ML techniques to monitor land-use and land-cover 
changes in the Roorkee region of India, providing robust tools for 
landscape-level management. Similarly, Morales and Villalobos (2023) 
demonstrated how ML can be applied in agriculture to improve crop 
yield predictions and soil management strategies. Other studies have 
shown how ML-based models can support monitoring of environmental 
changes and biodiversity across scales (e.g., Panigrahi et al. (2023)). 
Together, these studies illustrate the growing utility of ML in eco-
logical and environmental sciences and emphasize the importance of 
adapting interpretable ML approaches to biodiversity monitoring in 
marine ecosystems. In particular, ML can identify indicator species 
by analysing feature rankings derived from predictive models using 
metrics such as Gini importance, SHAP values, or mean decrease accu-
racy, which quantify the contribution of individual features to model 
predictions (Nembrini et al., 2018; Lundberg et al., 2020).

By appropriately splitting census datasets into training and testing 
subsets, ML methods enable for robust evaluation of model perfor-
mance on unseen data. Specifically, the cross-validation setting is a 
common way of evaluating the level of over-fitting of the modelling 
approach. Advanced ML algorithms, such as random forests (RF) and 
support vector machines (SVM), are often referred to as ‘‘black boxes’’ 
due to their complexity, making them challenging to interpret in eco-
logical contexts. Interpretability is a crucial requirement for practical 
applications like ecological monitoring, forecasting, and even clini-
cal practice (Camacho et al., 2018). In this context, the Predomics 
approach (Prifti et al., 2020) was proposed to create simplified ML pre-
diction models grounded in ecological relationships between microbial 
species. Predomics implements algorithms capable of identifying indi-
cator species in a community by evaluating their feature importance 
on binary classification tasks, which refers to the indicative value of 
each species. This approach is shown to achieve predictive performance 
comparable to complex state-of-the-art (SOTA) ML methods while uti-
lizing a significantly smaller set of species, which makes it less prone 
to over-fitting. Besides practical benefits, a small number of indicator 
species also offers economic benefits while allowing for larger-scale 
applications.

In this study, we evaluate and compare the ability of IndVal, 
TWINSPAN and Predomics methods to identify indicator species in the 
field of Ecology. We rely on a marine case study consisting of a diverse 
set of tropical fish inhabiting three distinct coastal habitats. This study 
uses data from Baited Remote Underwater Video Stations (BRUVS) 
collected by our team between April and May 2016 in Nouméa, New 
Caledonia (Baletaud et al., 2022), a marine biodiversity hotspot in 
2 
the South Pacific. The specific objectives of this research are (1) to 
use the Predomics machine learning algorithm to identify the most 
important fish species on binary classification tasks across the three 
habitats and also between zones (group of habitats); (2) to compare 
indicator species discovered by Predomics to those discovered using 
the traditional methods (IndVal and TWINSPAN); (3) and to evaluate 
the generalization and usefulness of key species identified by these 
methods, using sample subsets that were excluded during the indicator 
species selection process. By comparing all three approaches, our 
ultimate goal is to provide a baseline for ML algorithms to be used 
to identify indicator species in the field of ecology and conservation.

2. Materials and methods

2.1. Baited Remote Underwater Video Stations (BRUVS) dataset

We used the dataset collected by Baletaud et al. (2022), which 
involves the deployment of 60 Baited Remote Underwater Video Sta-
tions (BRUVS) in the Lagoon of Nouméa, New Caledonia, to evaluate 
differences in fish communities across different marine habitats (Fig. 
1-A). The original study was designed to assess how fish species com-
position changes along an environmental gradient, from Inshore Bays 
to Offshore Barrier reefs. More specifically, the surveys covered three 
main marine habitats, namely a Bay, a Lagoon, and a Barrier reef, 
which are characterized by distinct sedimentary belts and benthic 
communities from coast to Offshore, respectively. Each habitat was sur-
veyed at two replicate sites (transects, respectively Aboré and Mbéré). 
At each site, 10 BRUVS with GoPro Hero 2 cameras were deployed 
for one hour across three sites, following Juhel et al. (2018). In to-
tal, the 60 videos captured 148 distinct fish species. The abundance 
of each fish species was estimated manually using the MaxN met-
ric, which provides the maximum number of individuals for each 
species observed simultaneously in a given video (Langlois et al., 2020).
Fig.  1-A shows the distribution map of all 60 videos samples in the 
tropical Lagoon of New Caledonia. Fig.  1-B illustrates the distribution 
of species abundance (grouped by their prevalence across samples) 
and Fig.  1-C the species richness across each study site (number of 
observed fish species). This distribution shows that 77% of species in 
the community are rare or present in a limited number of samples, 
whereas 23% show at least 10% prevalence across different sites. Fig. 
1-D, represents the overall difference between transects (replicates) 
and sites based on fish community composition, which shows a clear 
grouping of coastal habitats (Bay and Lagoon) that clearly separates 
from more distant Barrier habitats, justifying the pooling of Bay and
Lagoon habitats in a inshore category in the original study, that was 
compared with the offshore, Barrier habitat, using the IndVal method 
to identify key species.

In Fig.  2, we summarized the analytical approach followed in the 
study. We utilized two types of input data derived from this dataset—
fish MaxN abundance and presence/absence. We also analysed the 
differences in the indicator species obtained using the entire commu-
nity (as in the original study) and using a subset of fish species presents 
in at least 10% of the sites in order to evaluate whether rare species 
may constitute a bias for the methods rather than refine results. These 
data abundance tables were analysed using IndVal, TWINSPAN and 
Predomics methods to identify indicator species. Fig.  2-A illustrates the 
approach focused on feature discovery with both the filtered and the 
complete datasets, while Fig.  2-B illustrates the generalization model 
evaluation procedure (the data is randomly split into training and 
testing subsets). Fig.  2-C shows a similar analysis as B, but instead 
of randomly splitting the data into train and test, training and testing 
datasets are defined by transects (train on Aboré and test on Mbéré, 
train on Mbéré and test on Aboré). We conducted these analyses for 
four binary classification tasks: inshore (Bay and Lagoon) vs. offshore 
(Barrier), and the three pairwise comparisons among sites (Bay, Lagoon, 
and Barrier). In the next sections, we provide further details on the 
experimental approach.
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Fig. 1.  A. A sampling map of 60 BRUVS data from the Inshore (Bay and Lagoon) and Offshore (Barrier) separated in 10 samples (videos) for each transect per 
site and collected by Baletaud et al. (2022) between April and May 2016 in New Caledonia. B. Heatmap of fish species’ (y-axis) abundance (MaxN) grouped by
prev_rate < 10% (with 114 species) and prev_rate ≥ 10% (with 34 species), based on the square root of species abundance on each sample across different 
sites (x-axis). C. Barplot of species’ richness across samples in the Bay, Lagoon, and Barrier zones. D. Non-metric multidimensional distance scaling (NMDS) of 
the 60 videos samples between 3 sites: Bays, Lagoons and Barriers replicated in both transects. Ellipses group samples from the same transect of each site.

Fig. 2. Experimental approach pipeline. A. Indicator species identification using IndVal, TWINSPAN, Predomics terinter and bininter on abundance and 
presence/absence data tables using all the features (fish species) and those present at a minimum 10% prevalence. B. Diagram of generalization evaluation 
between Predomics’ terinter and bininter best models and Random Forest models trained on indicator species identified by IndVal, TWINSPAN and Family of 
Best Models (FBM) of Predomics terinter and bininter. C. Diagram of generalization analysis with data split by transect (replicates) between FBM of Predomics’ 
terinter and bininter models, Random Forest models (trained on indicator species identified by IndVal, TWINSPAN and FBM of Predomics terinter and bininter 
models).
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2.2. Indicator species analysis

The IndVal method introduced by Dufrene and Legendre (1997) is a 
statistical method commonly used to identify indicator species that can 
be used in ecology and environmental monitoring as indicators of an 
ecosystem’s quality, health, or changes. It calculates an indicator value 
based on species specificity (fidelity to a site) and relative abundance 
within that site. The significance of the indicator value is tested using 
permutations to ensure the association between species and site groups 
is not random. The indicator value is scaled from 0 to 100, with a 
high score indicating the species is both highly abundant and uniquely 
associated with a particular habitat. The method was originally tested 
on forest ecosystem data in Belgium (1997) and has been used across 
diverse ecosystems worldwide (Ricotta et al., 2015). Here, we used the 
IndVal method to identify key indicator species of either Inshore or 
Offshore zones of the tropical Lagoon of New Caledonia, as well as 
pairwise comparisons between Bay, Lagoon and Barrier sites. For each 
comparison, we run the IndVal method on complete species and species 
filtered at 10% of prevalence in abundance and presence/absence. The 
analysis was performed using the indval implementation from the R 
package labdsv version ’2.1.0’.

2.3. TWINSPAN analysis

TWINSPAN (Two-Way INdicator SPecies ANalysis), introduced by 
Hill (1979), is a hierarchical classification technique widely used in 
ecology to analyse species composition and community structure. It 
proceeds by iteratively dividing a dataset into two groups based on 
species composition, producing a binary dendrogram that captures 
the relationships between samples and species. At each division step, 
the method identifies pseudospecies — transformed abundance classes 
— that best discriminate between the two resulting groups, which 
then serve as indicator species characteristic of each cluster. Originally 
developed for vegetation classification (Shimwell, 1971), TWINSPAN 
has since been applied across a broad range of ecological communities, 
including aquatic ecosystems. Here, we used the modified TWINSPAN 
algorithm proposed by Roleček et al. (2009), which improves upon the 
classical approach by incorporating an analysis of within-cluster het-
erogeneity prior to each division, thereby producing more ecologically 
coherent groupings. We applied this method to the BRUVS dataset to 
identify key fish species associated with each habitat (Bay, Lagoon, 
and Barrier), and compared the resulting indicator species with those 
obtained from the IndVal and Predomics approaches. The analyses 
were performed using the twinspan function from the twinspanR
package version ’0.22’, which is currently restricted to Windows OS.

2.4. Predomics analysis

Predomics is an innovative machine learning approach developed 
by Prifti et al. (2020) and was initially tailored for microbiome datasets. 
Predomics builds predictive models for binary classification and regres-
sion tasks and is inspired by the interactions observed within microbial 
ecosystems. It aims to generate accurate predictive signatures while 
offering high interpretability. For this purpose, predictive accuracy and 
model sparsity are balanced, penalizing the addition of variables/fea-
tures to the models if the improvement in model performance is not 
significant. Here, we used Predomics to perform four binary classifi-
cation tasks on the BRUVS dataset. First, to identify key species of 
either inshore vs. offshore habitats. Second, on pairwise comparisons of 
individual sites (Barrier–Bay, Barrier–Lagoon, and Bay–Lagoon). Models 
were built with both the abundance (MaxN) and presence/absence 
data, for each classification task, using the entire set of fish species 
or with the fish species that were found in at least 10% of the video 
samples.

For each of the four classification tasks, two models were fit-
ted based on Predomics Binary (bininter) and Ternary (terinter) lan-
guages (Prifti et al., 2020). The bininter models select a group of 
4 
features (fish species) where the unweighted cumulative abundance of 
which allows to classify samples in a given class (site or zone), and 
the terinter models search for 2 distinct groups of species where the 
difference in their cumulative abundances allows to classify samples 
in a given class. During the training phase, Predomics was run with 
multiple instances of terbeam learners on Five-fold cross-validation set-
ting. From the results of each model, we define indicator species as the 
species included in the Family of Best Models (FBM), which are defined 
as models whose accuracy is within a given window (non-significant 
difference) of the best model’s accuracy. This window is defined by 
computing a significance threshold, assuming that accuracy follows a 
binomial distribution (p<0.05). No hyperparameter optimization was 
performed. Species included in the FBM were further explored in terms 
of prevalence across models and feature importance, described as the 
mean decrease accuracy (MDA) of the model after feature removal. The 
best Predomics model in each classification task were also compared 
with Random Forest models built on the same sets of indicator species.

In simpler terms, Predomics is a Machine Learning framework that 
can help ecologists identify key species that can reliably classify eco-
logical samples, like different habitats or sites, using presence/absence 
or abundance data. It builds simple, interpretable models that balance 
accuracy and simplicity by including only species that truly improve 
predictions. The bininter model finds a single group of species whose 
combined presence or abundance indicates a particular class (e.g., La-
goon vs. Barrier), while the terinter model identifies two groups and 
uses the difference in their abundances to classify samples. Applied to 
BRUVS data, Predomics can extract small, meaningful sets of species 
that serve as ecological indicators, providing a powerful, rule-based 
approach to analyse complex communities without requiring advanced 
machine learning knowledge. The analyses were performed in R with 
the Predomics package version ’1.1.0’.

2.5. Compositional analysis of fish species communities

We used the PERMANOVA test (from the adonis2 function of the 
vegan R package version ’2.6.4’.) to evaluate statistically the impact of 
either the pairwise comparison (Bay–Lagoon, Bay-Barrier and Barrier–
Lagoon) or the inshore–offshore classification on fish community com-
position defined from different sets of indicator species. The tests were 
performed on the distance metrics (using Bray-Curtis distances for 
abundance data and the Jaccard distance for presence/absence data), of 
the whole dataset (all fish species) as well as on the different subsets of 
key species identified by the IndVal, TWINSPAN and Predomics (FBM) 
models on the different classification tasks.

2.6. Random forest analysis

To evaluate the classification potential of the identified key species 
by Predomics, TWINSPAN and IndVal on different samples (i.e. not 
seen during the key species selection step), we conducted two types 
of analysis. First, the original dataset was randomly split into training 
(80% samples; train dataset) and testing (20% samples; test dataset) 
subsets. Random Forest (RF) models were trained on the indicator 
species identified in the train dataset (derived from IndVal, TWINSPAN, 
Predomics bininter and Predomics terinter), and evaluated on the corre-
sponding test sets. Additionally, each classification task was evaluated 
using the best Predomics model identified on the training data. This 
process was repeated 10 times (different seeds) on the initial dataset. 
The results were compared in terms of accuracy, AUC and f1 score 
metrics (Fig.  2-B). Second, a similar analysis was conducted considering 
the original dataset design into two transects (replicates), using one 
transect for training and the other for testing, and vice versa (Fig.  2-C). 
The randomForest R package (Cutler et al., 2007) version ’4.7-1.1’ was 
used for model training and evaluation.
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2.7. Statistical analyses

To assess the ecological coherence between the traditional methods 
(IndVal and TWINSPAN) and Predomics models (based on feature 
importance), Spearman correlations (Zar, 2005) were employed to com-
pare the importance of indicator species throughout the classification 
tasks. Wilcoxon rank-sum tests (Ford, 2023) were used to compare 
the overall fish prevalence in the samples between those identified as 
indicator species and those that were non-indicator species. This was 
analysed for both abundance and presence/absence. We used pairwise 
Dunn’s test to evaluate the generalization predicting performances of 
Predomics Best Models and the respective models built with Ran-
dom Forest upon the different Indicator Species subsets. The dunn.test 
function from the dunn.test R package (version 1.3.6) was used.

3. Results

3.1. Indicator species sets derived from IndVal, TWINSPAN and predomics 
approaches

In the original paper of Baletaud et al. (2022) 44 Indicator Species 
of inshore vs. offshore sites were identified with the IndVal method 
using the MaxN abundance on the full list of observed fish in all video 
samples (60 samples of 148 species). In comparison, the FBM derived 
from bininter and terinter models on the same dataset included 35 and 
7 species respectively (Supplementary Figure S1-A), with few overlaps 
in shared species (2 common species to the four methods, 4 species 
shared between IndVal and bininter FBM; Supplementary Figure S1-B). 
TWINSPAN identified the fewest indicator species with 5 species on 
MaxN, all of which were also identified by the IndVal method (Sup-
plementary Figure S1-A, Supplementary Figure S1-B). Similar analysis 
on binary presence/absence data identified 45 Indicator Species with 
the IndVal method, 44 of which were shared with the results on MaxN 
(Supplementary Figure S1-A, Supplementary Figure S1-E). In contrast, 
only 2 and 6 species were included in the FBM of bininter and terinter 
Predomics models fitted on the same presence/absence data, all of 
which were shared with Indicator Species of the IndVal method (Sup-
plementary Figure S1-A, Supplementary Figure S1-C), and also found 
in the FBM results derived from MaxN data (Supplementary Figure 
S1-D, Supplementary Figure S1-F). TWINSPAN similarly identified 7 
indicator species on presence/absence data, all shared with the IndVal 
method (Supplementary Figure S1-A), where 5 of them were found by 
TWINSPAN in maxN (Supplementary Figure S1-G).

An important aspect of machine learning is how well the retrieved 
models perform on unseen data during the training/testing process, and 
in this context the feature prevalence is a variable that is commonly 
used to pre-filter the data to remove low-prevalence features that could 
decrease the performance of models on unseen data (Walsh et al., 2024; 
Asnicar et al., 2024). This was also observed in this dataset when we 
analysed the distributions of AUC (Area Under the Curve) values across 
the 5 folds of the cross-validation process of Predomics between the 
empirical data (samples used for model training) and the generalization 
data (samples held out during each fold). We observed that the AUC 
is significantly higher on both MaxN and presence/absence when the 
Predomics models were built using only the filtered subset of 34 species 
(23% of all observed fish species) present in at least 10% of the samples 
on both empirical and generalization data (pvalue < 0.05, Wilcoxon 
Rank-Sum test, Supplementary Figure S1-H).

With the 34 fish species present in at least 10% samples, the 
IndVal approach was still the one identifying the highest number 
of Indicator Species (25 and 26 species, respectively on MaxN and 
presence/absence data). Similarly, Predomics terinter identified 24 and 
20 species, respectively on MaxN and presence/absence data (Fig.  3-A). 
In contrast, TWINSPAN identified the fewest indicator species, with 5 
and 7 species on MaxN and presence/absence data respectively (Fig. 
3-A). Most importantly, in comparison to the results with the full set 
5 
of indicator species, a large overlap was observed in Indicator Species 
identified by the different approaches on both MaxN (Fig.  3-B) and 
presence/absence data (Fig.  3-C), even if we still observed 7 indicator 
species based on MaxN and 3 species based on presence/absence that 
were not identified by the IndVal method.

We also observed that the sets of Indicator Species detected on 
presence/absence data were highly overlapping with those from MaxN 
abundance data across the different approaches (Fig.  3-D, E, F, G). 
Furthermore, all the different sets of indicator species defined by the 
different methods and datasets seem to capture the most discriminant 
set of species to distinguish between Inshore and Offshore communities. 
This was supported by PERMANOVA tests, which showed that the vari-
ance explained by these indicator species sets was comparable to that 
obtained using the full species community (Fig.  3-H). Despite the initial 
filtering at 10% prevalence threshold, we still observed that fish species 
retained as Indicator Species by the different approaches showed higher 
prevalence on average than non-indicator species of the community 
(Fig.  3-I). When the feature importance metrics of the different methods 
(Indicator Value from IndVal, chi-square value from TWINSPAN, and 
Mean Decrease Accuracy from Predomics models) were compared pair-
wise, we observed a strong and significant positive correlation between 
these metrics when considering the common set of Indicator Species 
shared between IndVal and Predomics approaches (𝑝-value < 0.05 
on pairwise Spearman correlation in all common species sets except 
for common species between IndVal and Predomics bininter FBM on 
presence/absence data, Fig.  3-J); which contrasts with TWINSPAN vs. 
Predomics where none of the correlations between the metrics for the 
common set were significant (Fig.  3-J). Most importantly, we found 
that this common set of indicator species showed significantly higher 
importance values for the classification of Inshore and Offshore samples 
(Fig.  3-K–N).

When we reproduced the same analyses on all pairwise combina-
tions of individual sites (Bay, Lagoon, Barrier), we observed a similar 
pattern as the results on Inshore vs. Offshore data (Supplementary 
Figure S2). First, IndVal still rendered a higher number of Indicator 
Species than other methods in comparisons of sites close to the coast 
(Bay, Lagoon) vs. the coral reef (Barrier; Supplementary Figure S2-
A). The exception seems to be when Indicator Species are identified 
between the two sites closer to the coast (Bay vs. Lagoon), where all 
four methods yielded less than 10 Indicator Species on both MaxN 
and presence/absence data (Supplementary Figure S2-A). Second, we 
observed that the different subsets of Indicator Species defined signif-
icantly different fish community compositions across compared sites 
with similar variance explained as that of the entire fish community, 
except for the analyses of Bay vs. Lagoon on maxN abundances (pvalue 
<0.05; PERMANOVA test; Supplementary Figure S2-B), with a preva-
lence that tends to be on average higher than other fish species of 
the community, particularly for Indicator Species derived from the 
IndVal method (pvalue <0.05, Wilcoxon Rank-Sum tests; Supplemen-
tary Figure S2-D). And third, we consistently observed a strong and 
significant positive correlation between the feature importance metrics 
(indicator value for IndVal method, chi-square value for TWINSPAN, 
and MDA value for Predomics methods) in common species shared be-
tween IndVal and Predomics approaches with the exception of Bay vs. 
Lagoon comparison (Supplementary Figure S2-C), which also contrasts 
for TWINSPAN vs. Predomics. The common sets of indicator species 
shared between IndVal and Predomics, and between TWINSPAN and 
Predomics approaches were largely the most important ones in terms of 
binary classification of samples across individual sites (Supplementary 
Figure S2-E, F, G, H).

In summary, TWINSPAN and Predomics models consistently iden-
tified a reduced number of potential indicator species across different 
datasets than the IndVal approach, with significant overlap between 
approaches (IndVal, TWINSPAN and Predomics). We also observed that 
subcommunities defined by these indicator species explained a similar 
fraction of compositional variation across pairwise habitats as the entire 
fish community, except for the Bay vs. Lagoon comparison, where a low 
number of Indicator Species were retrieved.
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Fig. 3. Indicator species selected from species filtered at 10% prevalence threshold by IndVal, TWINSPAN, Predomics bininter and terinter models on inshore–
offshore comparison. A. Number of indicator species found per method with abundance (MaxN) and presence/absence (pres/abs) data. B–C. Venn diagrams 
representing overlaps in indicator species shared by the four approaches in abundance and presence/absence data respectively. D–G. Venn diagrams representing 
overlaps in indicator species shared between MaxN and presence/absence data, respectively from Predomics bininter, IndVal, Predomics terinter and TWINSPAN 
methods. H. Variance explained in fish community composition between inshore–offshore communities derived from indicator species from the four approaches 
and based on the whole fish communities (all species; n = 34 species) based on PERMANOVA analyses on beta diversity matrices (Bray-Curtis for MaxN; Jaccard 
distances for presence/absence data). Barplots are coloured by the number of fish species in each community. * = pvalue < 0.05 on PERMANOVA tests. I.
Prevalence distribution of fish species retained as indicator species (IsIdnSp = Yes) vs. non-indicator species of the community (IsIndSp = No) across the four 
approaches (x-axis) on MaxN and presence/absence data. * = pvalue < 0.05, ns = pvalue>0.05, Wilcoxon Rank-Sum test. J. Dotplots representing Spearman rho 
values from pairwise correlation of feature importance metrics between traditional methods (Indicator Value from IndVal, chi-square value from TWINSPAN) and 
Predomics methods (Mean Decrease Accuracy) for common and method-specific Indicator Species (x-axis) on MaxN and presence/absence data (y-axis). Dots are 
coloured by Spearman Rho with size proportional to the number of fish species in each comparison. * = pvalue < 0.05 on Spearman correlation. K-L. Boxplots 
of Predomics feature importance values (Mean Decrease Accuracy) on Indicator Species shared with IndVal method (common) vs. specific of Predomics bininter 
(K) and terinter (L) models on maxN and presence/absence data. M-N. Same as (K-L), but between TWINSPAN and Predomics models. ns: 𝑝 > 0.05, *: p <= 0.05, 
**: p <= 0.01, ***: p <= 0.001, ****: p <= 0.0001, Wilcoxon Rank-Sum tests.
3.2. Overview of the most relevant fish species on pairwise classification of 
sampling sites

A detailed analysis of the Indicator Species retained by the Pre-
domics approaches shows that bininter models, which search for groups 
of species whose cumulative sum classifies a sample as Inshore or 
Offshore, predominantly retain species strongly associated with the 
Offshore site. Notably, species like Halichoeres trimaculatus, Parupeneus 
barberinoides and Lethrinus variegatus, stand out, appearing in 70% of 
models in FBM and showing the highest MDA values in terms of feature 
importance. These species are present in 76.66% of Offshore samples 
compared to only 0.83% of Inshore samples, and they are retained 
using both MaxN abundance and presence/absence data (Fig.  4-A, 
B). In comparison, with Predomics terinter models, which search for 
groups of species where the difference in their cumulative abundance 
classifies a sample as Inshore or Offshore, highlight fish species strongly 
associated with Inshore sites. Notably, species like Nemipterus peronii,
Lethrinus genivittatus and Atule mate emerge as significant indicators 
(Fig.  4-A, B).

These species also emerge as Indicator Species in the pairwise 
analyses between individual habitats (Supplementary Figure S3). For 
Barrier–Bay and Barrier–Lagoon comparisons, the species Nemipterus 
peronii exhibits the highest feature importance and prevalence scores 
(Supplementary Figure S3,A–D, Feature importance, prevalence) asso-
ciated with Bay and Lagoon, attesting to its strongly association with 
Inshore zone (Fig.  4). Similarly, the species Lethrinus rubrioperculatus,
Lethrinus variegatus and Halichoeres trimaculatus are strongly associated 
with Barrier site (Offshore). Most importantly, Predomics methods also 
allow us to identify key Indicator Species in the comparison of the two 
coastal habitats, like the Bay–Lagoon comparison, where we observed 
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that Leiognathus fasciatus is strongly associated with the Bay site, while
Pentapodus nagasakiensis, Pseudalutarius nasicornis, Arothron stellatus, 
and Upeneus moluccensis are linked to the Lagoon site (Supplementary 
Figure S3,E–F).

3.3. Evaluation of generalization performances of models

Next, we explored the predictive power of indicator species defined 
by the different approaches (IndVal, TWINSPAN, Predomics bininter 
and terinter methods) in binary habitat classification tasks on samples 
excluded from the indicator species definition step. For this purpose, we 
repeated the identification of Indicator Species 10 times with random 
splits of the data, selecting 80% of the samples to define the Indicator 
Species (training samples) and 20% of the samples (holdout samples) 
to evaluate their predictive power on habitat classification with a 
Random Forest approach. We also included the best Predomics models 
on each classification task in the comparison (Fig.  2-B). On the Random 
Forest framework, models fitted with the different sets of indicator 
species showed mean AUC values across the 10 experiments ranging 
from 0.87 to 1, indicating a good assignment of samples to the cor-
responding habitat not only on Inshore vs. Offshore classification but 
also on all pairwise habitat combinations and data sources (maxN and 
presence/absence data; Fig.  5-A). We only observed a slight decrease 
in performance on models trained with IndVal and terinter indicator 
species on Bay vs. Lagoon classification, with a more pronounced 
decrease for models trained with TWINSPAN indicator species, which 
causes a statistically significant difference with other methods (pvalue 
<0.05; Pairwise Dunn tests Supplementary Figure S5). The performance 
of the best Predomics models on each classification task was slightly 
lower in terms of mean AUC, ranging from 0.81 to 0.99, with lower 
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Fig. 4. Summary of retained fish species with Predomics approach on Inshore–Offshore classification task. A. and B. show indicator species identified by the FBM 
of Predomics models (72 and 5 models out of 434 for bininter; 80 and 90 out of 400 for terinter, in terms of abundance and presence/absence, respectively).
First plot: Presence of fish species (y-axis) across the FBM from Predomics bininter and terinter models (indicator species). Second plot. Feature importance of key 
species identified by the models in Inshore (blue) and Offshore (red). Third plot. Cliff’s delta effect sizes of changes in MaxN abundances of key species between 
Inshore and Offshore zones. Fourth plot. Prevalence of species in inshore (blue) and offshore (red).
values obtained with the terinter models and particularly on the Bay 
vs. Lagoon classification (Fig.  5-A). However, these Predomics models 
were significantly smaller in terms of included fish species, ranging on 
average between 3 and 5 fish species vs. 3.5 and 24 species for random 
forest models (Fig.  5-B). When we visualize the maxN abundance 
profiles of the Indicator Species across train and test samples of the dif-
ferent experiments, we observed that fish species commonly retrieved 
by the different approaches captured species strongly associated with 
a given habitat on train and test samples, which explains the high 
performance of predictive models observed above. This is illustrated 
in Fig.  5-C for the set of 7 fish species commonly retained by IndVal, 
TWINSPAN and the FBM of Predomics bininter and terinter approaches 
on the Inshore vs. Offshore classification, which corresponds mainly to 
species present in the Offshore sites (coral reef) and nearly absent in 
Inshore sites (Fig.  5-C). Similar results are observed in the three ad-
ditional habitats comparison (Supplementary Figure S4). In summary, 
these different approaches allow to identify species strongly associated 
with different habitats, which supports their usage as signatures of fish 
habitat associations useful for ecological monitoring approaches.

We also performed a similar analysis, defining the indicator species 
and prediction models in one of the transects and applying the models 
to the other. This approach aimed to assess the predictive performance 
of the different sets of indicator species on ecological replicates of the 
same sampling sites. In addition, we trained Random Forest models 
using the indicator species identified by the Best Models of Predomics 
bininter and terinter in order to evaluate the effect of the numerical 
thresholds defined on Predomics model balances (values above/below 
which a sample is assigned to a given class) on the accuracy of classi-
fication. We observed an overall better performance in terms of AUC 
when indicator species were defined on the Mberé transect (AUC values 
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ranging from 0.795 to 1) vs. when indicator species were defined on 
the Aboré transect (AUC values from 0.27 to 1; Fig.  6-A). Notably, 
when training on Aboré and testing on Mbéré, we observed a major 
drop in AUC performance of the best Predomics terinter models that 
was not explained by the threshold used by the models for classi-
fication (Random Forest models trained on the same fish species as 
Predomics terinter models showed equivalent drops in AUC, Fig.  6-
A). This drop was particularly pronounced for the Barrier–Bay and 
Barrier–Lagoon comparisons using both abundance and presence/ab-
sence data, and for the Inshore–Offshore comparison using abundance 
data, where AUC values ranged from 0.27 to 0.72 (Fig.  6-A). When 
focusing on indicator species identification, we observed similar pat-
terns of key species as for analysis done with the different approaches 
in Fig.  2-A with filtered features. For Inshore vs. Offshore comparison, 
species like Nemipterus peronii, Lethrinus genivittatus and Atule mate
were associated with Inshore while Halichoeres trimaculatus, Parupeneus 
barberinoides and Lethrinus variegatus were linked to Offshore. Similarly, 
for Barrier–Bay and Barrier–Lagoon comparisons, we also found Lethri-
nus rubrioperculatus, Lethrinus variegatus and Halichoeres trimaculatus
strongly associated with Barrier site; then Nemipterus peronii and Atule 
mate to Bays and Lagoons. Notably, species such as Dascyllus aruanus
and Chromis viridis were strongly associated with the Aboré transect 
of the Barrier site. Here, we also discriminated Bay from Lagoon with 
indicator species such as Leiognathus fasciatus associated with Bay; and
Pentapodus nagasakiensis, Pseudalutarius nasicornis, Arothron stellatus and
Upeneus moluccensis to Lagoon (Fig.  4, Supplementary Figure S3, Fig.  6, 
B–E).

4. Discussion

In the present study, we evaluated the performance of the machine 
learning approach Predomics to identify Indicator Species in three 
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Fig. 5. Performance of Indicator Species on binary sample classification across pairwise habitats. A. Radar plot of average AUC values for Random Forest models 
and the best Predomics models across four classification tasks, each corresponding to a pairwise comparison of habitats: BAR (coral reef habitat), Bay (Bay 
habitat), LAG (Lagoon habitat); and Inshore (Bay + Lagoon habitats) - Offshore (Barrier habitat). Models were evaluated on MaxN and presence/absence data. 
For each comparison and data source, Indicator Species were selected using four approaches—the IndVal method, TWINSPAN, and Predomics bininter and terinter 
models—on 80% of randomly selected samples. These selected species were then used to train Random Forest models, which were evaluated on the remaining 
20% of the samples for the same classification task. Additionally, the best Predomics models (binary and ternary) identified during training were also tested on 
the remaining 20% of the samples. This procedure was repeated 10 times. B. Same as A. but comparing the number of fish species (features) included in each 
model. C. Heatmap of square root-transformed MaxN abundances of indicator species shared between the IndVal, TWINSPAN, Predomics bininter and terinter 
approaches (y-axis) across samples (x-axis) over 10 experimental replicates (horizontal facets) for Inshore vs. Offshore comparison. Results for the other 3 pairwise 
habitat comparisons are included in Supplementary Figure S4.
different habitats in New Caledonia and we compared its results with 
IndVal and TWINSPAN approaches commonly used in ecology (Bale-
taud et al., 2022; Roleček et al., 2009). Predomics models were initially 
developed to work with microbial abundance profiles derived from 
metagenomics dataset, with the aim of providing more accurate classi-
fication and regression models than other machine learning methods, 
while using a smaller number of variables (Prifti et al., 2020). This 
approach has been primarily applied in clinical contexts such as the 
classification of healthy individuals vs. individuals with type II dia-
betes (Dash et al., 2023), or patients living with HIV (Belda et al., 
2024).

By prioritizing sparsity, Predomics models allow the extraction of 
the most relevant features (e.g., microbial species in a metagenomics 
dataset; fish species in a BRUVS dataset) for a given classification 
task. As such, species included in Predomics FBM are conceptually 
equivalent to the notion of indicator species, defined as species that 
bear meaningful ecological information, such as the community or 
habitat types they tend to live in, or the environmental conditions they 
tend to be associated with De Cáceres et al. (2010). We observed that 
the number of potential indicator species obtained from the FBM of 
Predomics is smaller than that obtained by the IndVal method, while 
remaining comparable to those from TWINSPAN; retaining the same 
power to discriminate between ecological habitats in the PERMANOVA 
test as the whole fish community. Most importantly, we observed that 
these sets of Indicator Species remain the same whether dealing with 
species abundance (MaxN) or species presence/absence. Accurate quan-
titative profiling of natural communities from different data sources is 
a well known issue in ecology, particularly in microbial ecology, where 
different approaches have been proposed to address problems like the 
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compositional nature of relative abundance profiles (Gloor and Reid, 
2016) or the normalization strategies to account for confusion factors 
before association studies (Lin and Peddada, 2020). Here, even if the 
context is different, our results show that Indicator Species derived from 
abundance and presence/absence data are largely overlapping for the 
four approaches, which reinforces their ecological significance across 
different data types and analytical methods.

Having common sets of indicator species with both abundance 
and presence/absence data is particularly valuable, as it enhances 
the reliability of ecological assessments and allows for more consis-
tent comparisons across studies, ecosystems, and methodologies. It 
also facilitates integrative analyses, where data from diverse sampling 
techniques and ecological contexts can be combined to improve our un-
derstanding of biodiversity patterns and environmental changes. Such 
consistency is critical for informing conservation strategies, monitoring 
ecosystem health, and guiding policy decisions based on ecological 
indicators that remain stable across different measurement approaches. 
We cannot discard though that in other ecological contexts each data 
source could be informative about different aspects of species com-
munities, like large-scale biogeographical patterns that could be more 
evident with presence/absence data vs. local population dynamics that 
could be more evident from abundance data.

We also observed that we can further reduce the set of indicator 
species by looking at the intersection of species sets retrieved by 
the different approaches, which contain the ones with the highest 
predictive value. This is consistently observed not only for the ini-
tial classification of Inshore vs. Offshore sampling sites but for all 
other pairwise comparisons of Barrier, Bay, and Lagoon sites. The 
variability of outcomes across different computational methods for a 
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Fig. 6.  Performance of Indicator Species on binary classification across pairwise habitats, split by replicas. A. AUC values for Random Forest models and the 
best Predomics models (x-axis) across four classification tasks, each corresponding to a pairwise comparison of habitats: BAR (coral reef habitat), BAY (Bay 
habitat), LAG (Lagoon habitat); Inshore (Bay + Lagoon habitats) and Offshore (Barrier habitat). Models were evaluated on MaxN and presence/absence data. For 
each comparison and data source, Indicator Species were selected using four approaches—IndVal method, TWINSPAN method, Predomics bininter and terinter 
models—on one of the two replicas (Aboré, Mbéré). These selected species were then used to train Random Forest models, which were evaluated on the unseen 
samples of the other replicas for the same classification task. Moreover, the best Predomics models (binary and ternary) identified during training were also 
tested on the samples of the other replicas. B–E Heatmap of square root-transformed MaxN abundances of the full set of key (indicator) fish species included 
in prediction models shown in panel A for each classification task (y-axis) across samples (x-axis) over two replicates (train Aboré/test on Mbéré, and train on 
Mbéré/test on Aboré) (vertical facets) respectively for Inshore vs. Offshore, BAR vs. BAY, BAR vs. LAG and BAY vs. LAG comparison.
given task is something common in biology that could be perceived 
as overwhelming. In microbial ecology, the fact that by combining 
different abundance profile methods and mathematical approaches for 
differential abundance analyses (equivalent somehow to the concept of 
indicator species) it is possible to have at least one significant associa-
tion for all variables in a community dataset (Yang and Chen, 2022) has 
led some authors to propose ensemble approaches like omnibus testing 
to combine the results of different differential abundance methods into 
a single assessment of the association of a given species to a given con-
dition (Nearing et al., 2022). Here, the intersection of different methods 
for Indicator Species definition (IndVal, TWINSPAN, Predomics bininter 
and terinter methods) allows us to define the most relevant species 
sets in terms of association with respect to different habitats, again 
a strategy that could be applied if a more reduced set of indicator 
species is needed for environmental monitoring of natural ecosystems. 
The role of the identified species as relevant markers of fish habitats is 
reflected in the high performance of machine learning models learned 
on Indicator Species defined on random splits of the full dataset (80% 
of the samples for identifying indicator species and train classification 
models that are evaluated on the remaining 20% of samples) as well as 
with models trained on indicator species defined on the Aboré transect 
and applied to Mberé transect and vice-versa. In this context, a proper 
split between training and test data is crucial to prevent overfitting, a 
common pitfall in machine learning where models memorize patterns 
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specific to the training data rather than learning generalizable relation-
ships (Asnicar et al., 2024; Walsh et al., 2024). Overfitting can lead 
to misleadingly high accuracy during training while failing to make 
reliable predictions on unseen data. By rigorously maintaining separate 
training and test sets, we can better assess the true predictive power 
of the identified species, ensuring that the models capture meaningful 
ecological associations rather than noise or dataset-specific artefacts. 
This careful approach strengthens the robustness and applicability of 
machine learning in ecological monitoring, reinforcing the reliability 
of indicator species as diagnostic tools for habitat assessment.

A closer look at the most prevalent indicator fish species derived 
from Predomics methods indicates a strong association with habi-
tats. This is the case for Halichoeres trimaculatus (threespot wrasse),
Parupeneus barberinoides (bicolour goatfish), Lethrinus rubrioperculatus
(spotcheek emperor), and Parupeneus multifasciatus (manybar goatfish) 
that are often found in Offshore Barrier reefs (Fig.  4). These species 
are known for living in coral reefs, usually near sandy areas, rocky 
zones, or places with a mix of sand and coral. They are found in both 
shallow waters and deeper areas up to 100 m. These fish mainly eat 
small sea creatures like crabs, snails, worms, and tiny fish. Bicolour 
goatfish use special feelers (called barbels) to find food in the sand, 
while wrasses, like Halichoeres trimaculatus, follow other fish that stir 
up the sand to catch escaping prey. Because they need coral reefs and 
sandy areas for food and shelter, these fish are closely connected to 
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Offshore Barrier reefs (Froese and Pauly, 2024). In contrast, Nemipterus 
peronii (notchedfin threadfin bream) is a species of demersal fish that 
typically inhabits marine and brackish waters, living at depths between 
17 and 100 m on sandy and muddy substrates. This species is often 
associated with coastal environments, such as Bays and Lagoons, which 
provide suitable habitats rich in food resources. Its diet mainly consists 
of benthic organisms, particularly crustaceans (about 70% of its diet), 
along with polychaete worms and small fishes. These Inshore habitats 
offer abundant benthic prey, supporting Nemipterus peronii’s nutritional 
needs, which explains its strong link to these environments (Froese and 
Pauly, 2024).

We observed that Nemipterus peronii was associated with the Inshore 
zone (Bay and Lagoon) but cannot be used as a discriminative species 
between Bay and Lagoon sites. In contrast, the species Leiognathus 
fasciatus, Pentapodus nagasakiensis, Pseudalutarius nasicornis, Arothron 
stellatus, and Upeneus moluccensis could be used for this purpose (Sup-
plementary Figure S3-E,F). In this context, Leiognathus fasciatus (striped 
ponyfish) is known for inhabiting shallow coastal waters and estuarine 
environments, where it feeds on benthic invertebrates and zooplankton. 
Its body structure is adapted for navigating sandy or muddy substrates, 
and its diet includes small crustaceans and fish larvae, abundant in 
these habitats. Also, the species Pentapodus nagasakiensis, Pseudalutarius 
nasicornis, Arothron stellatus, and Upeneus moluccensis are ecologically 
linked to Lagoon habitats, which provide essential food resources, 
shelter, and breeding grounds. Pentapodus nagasakiensis prefers sandy 
or rubble substrates near reefs, feeding on benthic invertebrates. Pseu-
dalutarius nasicornis inhabits seagrass beds and sandy areas, consuming 
small invertebrates and algae. Arothron stellatus thrives in Lagoons with 
coral and seagrass, feeding on corals, sponges, and crustaceans. Upeneus 
moluccensis forages in sandy or muddy substrates, preying on benthic 
invertebrates (Froese and Pauly, 2024).

Overall, our study demonstrates that machine learning models, 
particularly those implemented through the Predomics framework, can 
effectively identify indicator fish species that are ecologically infor-
mative and strongly associated with specific habitat types, highlight-
ing the potential of data-driven approaches to enhance our under-
standing of habitat–species relationships in complex marine ecosystems 
and support the development of targeted conservation and monitoring 
strategies using functionally relevant indicator taxa.

Our approach is not limited to the New Caledonian lagoon context. 
Because Predomics identifies stable, interpretable, and parsimonious 
indicators, it can be readily adapted to other reef systems by retraining 
the model with local assemblage data. The same workflow could be 
applied to coral reefs in the Caribbean or Indian Ocean, where similar 
habitat gradients and fish functional guilds occur (Pichler and Hartig, 
2023; Stuart-Smith et al., 2013). Such adaptability supports the use 
of interpretable ML frameworks for global coral reef monitoring and 
for developing standardized, transferable sets of ecological indicators 
across regions.

Implications and Perspectives
The broader significance of our findings is that reef fish assem-

blages can be effectively characterized using a small subset of taxa, 
thereby reducing both sampling and computational demands without 
compromising ecological insight. This efficiency is particularly valuable 
for biodiversity monitoring in resource-limited contexts, a common 
challenge in tropical reef management.

Looking ahead, three key directions emerge from this study: (i) 
extend the framework to additional reef and marine systems to evaluate 
its cross-ecosystem applicability; (ii) explore temporal dynamics to 
track the stability of indicator species under environmental change; and 
(iii) integrate these minimal indicator sets into strategic conservation 
planning, adaptive management, and policy frameworks, particularly 
for marine protected area monitoring and evaluation.
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5. Conclusion

This study demonstrates that an interpretable machine learning 
framework (Predomics) can reliably identify indicator species in reef 
fish assemblages, performing comparably to IndVal and TWINSPAN 
while selecting fewer, more parsimonious species sets. The approach 
achieves high predictive performance using only a small, ecologically 
meaningful subset of species — a parsimony shared by TWINSPAN, 
which identified the fewest indicators across all methods. This effi-
ciency reduces sampling and computational effort while preserving 
interpretability and ecological relevance. Notably, the convergence 
of all four approaches on a common core of indicator species for 
Inshore–Offshore classification reinforces the robustness of these indi-
cators across fundamentally different analytical frameworks. The main 
contribution of this work is methodological: it bridges classical ecolog-
ical methods (IndVal and TWINSPAN) and modern interpretable ma-
chine learning, showing that data-driven models can yield biologically 
grounded and actionable insights. It also highlights that distinguishing 
closely related coastal habitats (e.g., Bay vs. Lagoon) remains challeng-
ing across all approaches. More broadly, the study underlines the value 
of parsimony for biodiversity monitoring under limited resources and 
demonstrates the practical applicability of interpretable machine learn-
ing for reef management. Future work should assess the transferability 
of these indicator sets across reef systems, explore their temporal sta-
bility under environmental change, and integrate them into automated, 
real-time monitoring frameworks for conservation planning.
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Data availability

All processed BRUVS data used for this article are archived in 
the public repository Zenodo here. The New Caledonian legislation 
regarding sensitive environmental data does not permit unrestricted 
public access. Accordingly, access to the data will require a Data 
Use Agreement (DUA), which will be systematically granted for re-
producibility purposes. All the R scripts for IndVal, TWINSPAN and 
Predomics analyses and the evaluation notebooks are accessible on a 
public GitHub repository here.
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