
Page 1/19

Modelling climatically and ecologically suitable
environment for benthic foraminiferal species
Amao Abduljamiu  (  amao@kfupm.edu.sa )

King Fahd University of Petroleum and Minerals
Pamela Hallock 

University of South Florida
Michael A. Kaminski 

King Fahd University of Petroleum and Minerals
Ignatius Argadestya 

King Fahd University of Petroleum and Minerals
Fabrizio Frontalini 

Università degli Studi di Urbino “Carlo Bo”

Article

Keywords:

Posted Date: June 17th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1755000/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1755000/v1
mailto:amao@kfupm.edu.sa
https://doi.org/10.21203/rs.3.rs-1755000/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/19

Abstract
Benthic foraminifera are unicellular eukaryotic organisms that play signi�cant roles in marine food webs.
Monitoring changes in their distributions and abundances are crucial to understand their roles and
functions and to predict the effects of environmental impacts and climatic changes. Numerous biotic and
abiotic factors in�uence foraminiferal distribution and abundance, but the ecology of individual taxa (i.e.,
autoecology) is di�cult to de�ne and this commonly results in a generalization of functions in their
environment. In this study, we explore methods for inferring foraminiferal species ecology and niche
requirements using Species Distribution Models (SDM). We modelled the distributions of four benthic
species (i.e., Peneroplis planatus, P. pertusus, P. arietinus and Coscinospira hemprichii) that host algal
endosymbionts against a large collection of predictors (ecologically meaningful environmental variables,
EMEV) variables in the Arabian Gulf. To identify combinations of effective predictor variables, we
compiled several models and then selected three with different variable set combinations to compare
their predictive performance. Mean iron concentration, diffusion attenuation, and dissolved oxygen were
identi�ed as the most important variables determining the distribution of these species. Our model
successfully predicts their current habitat suitability in the Arabian Gulf (AUROC = 92%). The model also
identi�ed areas along the western coastline of the Gulf as highly suitable habitats for the four species
(Habitat Suitability Index > 0.8). Then, the model was spatially extended over the world’s oceans and
marginal seas, reliably identifying areas with known distributions of the four species (AUROC = 89%).
Here we demonstrate how a SDM model can be a useful tool in capturing complex habitat features for
benthic organisms. Such models, when correctly applied using several remotely sensed environmental
and geological variables, can be a very useful ecological tool for spatial and temporal predictions even in
the current context of global climate change.

Introduction
Benthic foraminifera, unicellular eukaryotic organisms, can play signi�cant roles in the marine food webs
by rapidly processing fresh organic carbon within sediments1. These protists have been widely used in
environmental studies and as paleoceanographic proxies2. The strength of using foraminifera as proxies
lies in their correlatable distributions to de�nable environmental gradients by documentable changes in
their assemblage composition, species distribution and diversity3. They are also preferred to other
microbenthic organisms due to their high diversities, relative ease to collect in statistically representative
numbers, relatively short life cycles and preservation potential of their shells (i.e., test)4.

In modern marine environments, the distribution (i.e., presence/absence) and abundance of benthic
foraminifera are controlled by a large set environmental parameters (i.e., trophic resources, grain-size,
chemical parameters). The uneven distribution and the interdependence (synergic vs. antagonistic
effects) of environmental variables further hamper the interpretation of foraminiferal ecology5. The
ecological requirements of individual species are, in fact, di�cult to constrain in the �eld and this
commonly results in an overall generalization in the interpretation of their functioning in the environment.
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Over the years, these di�culties have been approached by monitoring larger sets of environmental
variables and improving sampling strategies (e.g., protocol6) in the �eld aimed at ensuring the reliability
and representativeness of environmental interpretations. Another strategy has been to implementing
laboratory-based experiments (e.g., mesocosm7) to constrain the response of foraminiferal species to
individual ecological drivers. These challenges can be further addressed using novel machine learning
and modelling5.

Extensive areas, potentially any marine environment, can be mapped using species distribution models
(SDMs) informed by correlatable environmental conditions suitable for speci�c assemblages and to
predict the spatio-temporal distributional patterns of species in areas with similar marine conditions. The
SDMs are �exible, transparent, and cost-effective correlative distribution models designed to �nd spatial
associations and statistical relationships between the occurrence of a modelled target organism and its
environment8. In some cases, SDMs can be used to make predictions about parts of a study area where
there are no available records, to predict the relative probability of occurrence outside the study area, to
model the future occurrences and track those in the past. SDM was previously used to determine the
biogeographic range expansion of the amphisteginids foraminifera in the Mediterranean Sea and
concluding that global rise in sea temperature will result in a northwest-ward range extension of the
species niche toward higher latitudes9,10. It was also used to project distribution ranges of modern
symbiont-bearing larger foraminifera under various climatic scenarios11 and to delineate the spatial
range of an invasive species responding to the current climatically driven warming trends12. Furthermore,
it was used to locate benthic foraminifera, the regions identi�ed coincided with known marine biodiversity
hotspots13.

In the present study, we utilized an SDM approach built on logistic regression as a tool to (1) infer the
ecologically and climatically suitable habitats of selected symbiont-bearing, nearshore benthic
foraminiferal species, (2) reduce the spatial uncertainties in distributions commonly associated with
most nearshore studies, and (3) demonstrate the practicality of using benthic foraminifera as proxies of
environmental change. We modelled the distribution of four benthic species (i.e., Peneroplis planatus,
Peneroplis pertusus, Peneroplis arietinus and Coscinospira hemprichii) based on known georeferenced
distributions (i.e., presence/absence data) and stacks of ecologically meaningful environmental variables
(EMEVs) to produce habitat suitability maps. The selected species have well-established ecological
requirements and restricted distributions in nearshore environments characterized by shallow depth, high
salinity, and oligotrophic conditions14,3,15,16.

Results
Selected Model

The nested model comparison using inference tests (p < 0.001) of the various EMEVs’ combinations and
RV resulted in three promising models (Table 1; complete list in Supplementary Table 1). The model with
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the least fraction of deviance was retained (EMEV2 + EMEV20 + EMEV17), that is, the least
deviance explained (D2) for each added term. The retained EMEVs in the model includes iron
concentration (EMEV 20), diffuse attenuation (EMEV 2) and dissolved oxygen (EMEV 17). The model
prediction (Fig. 1A) presented as the probability of presence or habitat suitability index (HSI) ranges from
0–1 (i.e., the closer to one, the higher the chance of �nding the species in high abundance in their
preferred habitat). To understand the strength of our model, at �rst, we made predictions about parts of
the study area (i.e., Gulf) for which occurrences were reported (i.e., checking how the range of the input
explanatory data compares to the range of the data used to train the model by overlaying the actual
sampled data collected in the �eld over the modelled predictions (Fig. 1B). Our generated model
e�ciently predicted the current known suitable habitat for the four targeted species (i.e., P. planatus, P.
pertusus, P. arietinus and C. hemprichii) in the Gulf (AUROC = 92%; Fig. 2 - red line).

Furthermore, the model was then applied to pools of presence/absence from independent inventories
observed in the �eld to test its performance (validation dataset). The outcome of the model applied to the
unconsidered (i.e., testing dataset) dataset effectively and accurately results in a reliable prediction of the
foraminiferal distribution (AUROC = 93%; Fig. 2 - blue line). This implies that the model was able to
correctly locate the sites of occurrences that were not included in the training model. In addition, the
contribution of each EMEV to the retained model was evaluated using a Fraction of Total Variation
Accounted for (FTVA). Iron concentration (EMEV 20 FTVA = 0.687) had the dominant explanatory power
in determining the environmental suitability of the foraminifera under consideration by accounting for
over 68% HSI of variability among the three selected EMEVs. Diffusion attenuation (EMEV 2 FTVA = 
0.212): an indicator of water clarity contributed about 21%, while dissolved oxygen (EMEV 17 FTVA = 
0.101) contributed the remaining 10%.

In addition, the model indicates that highly suitable habitats for the four species are largely located along
the western coastline of the Gulf, while their most preferred unfragmented locations (HSI > 0.8) stretches
from the Saudi Arabian Eastern city of Dammam down to Salwa Bay, encompassing the entire coastline
of Qatar and almost the entire stretch of the United Arab emirate coast. Other suitable patches include
areas in the North of Jubail industrial city just before Kuwait boundary.

Patterns of occurrence

The FOP was used to examine how commonly the target (P –RV) occurs across the range of the EMEVs,
that is, the relationship between the sampled presence and absence of the four species and their
corresponding immediate ecological requirements (EMEVs) (Fig. 3). The FOP plots show the observed
proportion of points in each interval of the EMEV that records the presence of these species. The red line
is a local regression smoother that summarizes the pattern in the empirical FOP values. The grey
distribution in the background approximates the data density across the range of the EMEV. Although, the
relationship between a continuous EMEV and modeled target is expected to be unimodal, if the observed
range of the EMEV is su�ciently large, the pattern in the FOP plot depends not only on the range of the
EMEV, which is affected by the extent of the study area, but also the scaling of the EMEV. Based on this
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FOP plot, the occurrence of the four benthic foraminiferal species is unimodally related to iron mean
concentration (Fig. 3D), diffusion attenuation (Fig. 3A) and dissolved oxygen at mean depth (Fig. 3C).

Table 1
The list of retained models with their respective EMEV combinations. Round: the

round of variable selection, Variables: the names of the EVs included in the model, n:
the number of EVs in the model, D2: the fraction of explained deviance, Chisq; the

Chi-squared statistic for the nested model comparison, df: the degrees of freedom for
the nested model comparison, P: and the p-value for the Chi-squared statistic under

the speci�ed degrees of freedom.
Round Variables n D2 Chisq df p

1 EMEV.20 1 0.457 92.123 1 8.15E-22

2 EMEV.20 + EMEV.2 2 0.598 28.424 1 9.74E-08

3 EMEV.20 + EMEV.2 + EMEV.17 3 0.665 13.598 1 2.26E-04

Figure 2. AUROC for Training (red), Validation (blue), and Global Extrapolation (green). The X axis
indicates assemblage speci�city that is the proportion of true negatives (species that are both predicted
and observed as being absent); while the y-axis denotes the assemblage sensitivity that is the proportion
of true positives (species that are both predicted and observed as present).

Global spatial extrapolation

To further assess the reliability and accuracy of the SDM, assemblage prediction success was tested by
comparing the modeled species assemblages with species pools from independent inventories observed
in the �eld. In this regard, the prediction capability of our model in locating climatically suitable habitat
around the globe for the four foraminiferal species is very good (Fig. 4 and Supplementary Fig. 1) and
matches well with their known distributions (AUROC = 84%; Fig. 2 green line). Patches of climatically
suitable habitat can be found in multiple locations within the Gulf of Mexico basin and along the west
Florida coastline, The Bahamas, Southwest Cuba, and the Cayman Islands (Supplementary Fig. 2).
Foraminiferal assemblages at several of these locations in this region have not yet been reported in
literature including the coastal plains of Aruba, Trinidad, Guatemala, Costa Rica, and French Guiana.
Notably however, neither the ground-truth data nor the modelled distribution indicates any suitable
habitat along the western Paci�c coast/temperate northern Paci�c area (North and Central America).

Within the region encompassing the parts of the Indian Ocean, Mediterranean Sea, Red Sea and the west
African Atlantic coastlines, several hotspots with high HS were identi�ed including an extensive stretch
along the coasts of Guinea Bissau, Sierra Leone, Nigeria to Gabon and the Democratic Republic of the
Congo (Supplementary Fig. 3). Other notable spots include the northern coastlines of Tunisia, Egypt,
Mozambique, and the south-eastern coastlines of the Red Sea. Within the Western Indo-Paci�c realm
there are several projected hotspots of suitable habitat that are substantiated by documentations
(Supplementary Fig. 4). These areas include eastern coasts of Pakistan, India, a spot at the Indian-Sri
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Lankan border, along the Sundarbans delta, southwestern Myanmar, Cambodia, Singapore, Malaysia,
Brunei, western Indonesian islands, northern Australia, and the area including the Great Barrier Reef.

Discussions
The diversity of foraminiferal assemblages is largely in�uenced by their immediate macroenvironment
(e.g., latitude, depth in which they are found17) and their spatial and temporal distributions re�ect their
primary ecological characteristics and habitat requirements3,18 (i.e., within a speci�c habitat such as tidal
plains, marshes, bays, shelf, slope, etc.). Therefore, at the onset of most studies, a large number of
samples are taken from the locality of interest, and conclusions based on the average diversity of all the
foraminifera documented because large-scale spatial distributions identify differences among biofacies
or communities19,17. This approach has largely been the basis of our current understanding of
foraminifera forms and functions in their various environments. The ecological requirements of
individual species and assemblages are however di�cult to constrain using locality-style sampling effort
due to possibilities of overall generalization and interpretation of their functions in their immediate
environments. The result in this study demonstrates the reliability and effectiveness of using SDM to �ll
in the gap in our understanding of both spatial changes among benthic foraminiferal communities.

Speci�cally, our models selected, among a series of climatic and topographic datasets used as input
exploratory variables, three independent variables (i.e., iron concentration, diffuse attenuation, and
dissolved oxygen) that were most relevant in predicting the distribution of the four benthic foraminiferal
species. These ecologically meaningful environmental variables are plausible and quite intuitive
considering that P. planatus, P. pertusus, P. arietinus and C. hemprichii are all large benthic foraminifera
with photosynthetic symbiotic algae20, with requirements for clear oligotrophic waters. Other
environmental and geological variables such as the bathymetry and salinity are also important but
codependent on the few selected variables since the four species are normally found in shallow,
nearshore environments21,15. For example, larger symbiont-bearing foraminifera are indicative of warm
tropical and subtropical waters, and their latitudinal distributions are strongly regulated by water
temperature22,23. Our results corroborates the latitudinal range expansion for large benthic
foraminifera11. However the four species, in this study, appear to be governed by different isotherms i.e.
10°C winter and to 30°C.

Conclusions
Species distribution models (SDMs) are becoming indispensable ecological tools as they help us to gain
ecological insights and to predict distributions of organisms across wide areas, sometimes requiring
extrapolation in space and time. They also help us to correlate known species occurrences with
environmental variables and forecast species potential ranges. They can also provide an understanding
of macroclimatic conditions and habitat requirements of an organisms at a global scale and are widely
used across freshwater, marine and terrestrial realms. Typically, simpler models produced by subset
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selection of independent environmental variables are more ecologically meaningful and interpretable.
These models offer several bene�ts when projected to unsurveyed areas or time periods. They can help
overcome gaps in data on species’ distribution or gain insights to areas that are otherwise inaccessible.
In this study, we demonstrated how a SDM model can be a used to capture complex habitat features for
four benthic foraminifera species. We achieved plausible and spatially detailed predictions for four target
species corresponding to their known distribution patterns around the globe. Our model selected three
independent variables (i.e., iron concentration, diffuse attenuation, and dissolved oxygen) among a series
of climatic and topographic datasets that were used as input exploratory variables as the most relevant
and with the highest explanatory power that can be use in explaining the distribution of the four benthic
foraminiferal species. The model when applied correctly using several remotely sensed environmental
and geological variables can be very useful ecological tool in the presence of few ground truth data. In
addition, with improvements in quality of remotely sensed environmental data, advances in the
performance of algorithms to compute these models SDM will in the future be an e�ciently and cost
effective tool for spatially enumerating the distribution patterns and habitat suitability under current or
future conditions of a changing climate conditions, to ensure effective sampling collecting campaigns,
species monitoring and general understanding of distributional patterns of benthic foraminifera.

Materials And Methods
Study Area

The initial modelled study area covered the Arabian/Persian Gulf basin (subsequently referred to as the
Gulf), an extension of the Indian Ocean, with restricted water in�ow, marked by environmental gradients
and well delineated marine habitats15,24,25. The basin is also characterized by an inclined sea�oor
towards the shelf break, with an average depth of 35 m and maximum depth of 100 m at the Strait of
Hormuz. Due to the shallow nature of the Gulf, most parts are within the photic zone, with a few
exceptions along the Iranian coast3. The extrapolation area upon which the initial model is projected
includes the entire world’s oceans and seas (global extent) and suitable environments were predicted
based on the lateral extent and resolution of several remotely sensed environmental variables.

Species data

The occurrence data of the selected four species (i.e., P. planatus, P. pertusus, P. arietinus and C.
hemprichii) were collected from three major sources: (1) distributional data from benthic foraminiferal
studies compiled from various records of their occurrences in the Gulf24–28(Fig. 5), (2) 171 global
occurrence data for these species from13, and (3) 247 distributional records from29 including published
and unpublished records around the globe (Supplementary Table 2). The Gulf dataset consists of 355
sampled locations (Supplementary Table 3), which were divided into training and validation datasets in
an 90/10 split. Speci�cally, the sparse data from the eastern part of the Gulf, along the Iranian coast30

was deliberately included in the test-split dataset to evaluate the robustness and predictive power of the
model built. The data from sources 2 and 3 were merged and checked for duplicates; these data were
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then applied as a ground truth-dataset for testing the performance of spatial-model extrapolations on a
global scale.

Predictor variables

Ecologically meaningful environmental variables (EMEVs) are hosted by BIO-ORACLE31,32 and
MARSPEC33 and made available through the ‘sdmpredictors’ package within the R-software environment.
The package has several functions that facilitate listing, extraction, and management of global EMEVs. It
also facilitates the integration of EMEVs with other bioclimatic modelling pipelines34,35. For the initial
model, the EMEVs were cropped at the regional level (i.e., the Gulf basin); for subsequent projections, data
were evaluated at the global scale. Some of the relevant EMEVs are summarized in Fig. 6 (Supplementary
Table 4), including their corresponding units and spatial resolution. The EMEVs are relevant at the
macroecological level and are speci�cally designed for assessing marine biodiversity associated with sea
surface, bathyal and epibenthic habitats for predicting impacts of climate change on marine systems
(Supplementary Table 4). These variables include water temperature, salinity, nutrients, chlorophyll,
current velocity, phytoplankton, primary productivity, iron, and light reaching the bottom, with a uniform
spatial resolution of 5 arcmin globally (9.2 km at the equator). The present-day environmental conditions
were based on monthly averages spanning the years 2000–2014, and we used the Bio-ORACLE version 2
datasets that improved the reliability of marine data layers based on in situ quality-controlled data36,34.

Developing the model

The species-level habitat suitability inferences produced in this study are based on a maximum-likelihood
interpretation of a maximum entropy model by using an in�nitely weighted logistic regression for model
�tting37,38. These are all implemented in the ‘MIAmaxent’ R package that allows for user-controlled
transformation of a selection of EMEVs by nested model comparison, �exible model evaluation and
projection37,39. The SDM is a type of gradient analysis aimed at establishing the relationship between a
modelled target and its environment. The entire SDM procedure is summarized in the �owchart (Fig. 7).

The modelling task is essentially composed of two parts. (1) Initial modelling of the actual known
distributions of species in a well-de�ned basin and subsequent validation. This entails data input, pre-
processing, and eventual predictions over a range of explanatory data. This step captures the
relationships between response and predictor variables and helps to understand strengths and
weaknesses in the model. (2) Spatial extrapolation over a global extent. This is the applied part of the
model, where relative probability of occurrence is projected over a large geographical extent beyond the
modelled area and compared to ground-truth data. Brie�y, we extracted values of a set of pre-screened
EMEVs at the location of the species using a buffer. This involves running several modelled scenarios
with many EMEVs (224) to create a shortlist. This process addresses issues of multicollinearity,
statistical errors, and the information criteria in each EMEV using a generalized linear model and
eliminate selection bias based on prior knowledge of the ecological requirements of the selected species.



Page 9/19

In each scenario, we built a training model and compare it to the actual distribution pattern while
documenting the performance of each with the Area Under the Receiver Operating Characteristics
(AUROC) value. The AUROC is a graph that shows the performance of a classi�cation model at all
classi�cation thresholds. The AUROC analysis provides tools to select possibly optimal models and to
discard suboptimal ones independently from (and prior to specifying) the cost context or the class
distribution. That is, the higher the AUROC, the better the performance of the model at distinguishing
between environment and response variable (presence/absence) that are correlated and those that are
not40. At the end, a set of EMEVs were shortlisted. Subsequently, the obtained data were rescaled and
transformed before applying multivariate data-reduction techniques to relevant ecological EMEVs to the
occurrence data. The presence-absence-response variable (PA-RV) was selected through series of spline-
type transformations (forward hinge, reverse hinge, threshold) and Chi-squared inferential tests aimed at
retaining the EMEVs that e�ciently explain most variation in the PA-RV. Finally, the model is trained by
establishing a relationship between the PA-RV and EMEV’s through the estimation of a target probability
distribution of maximum entropy based on the most uniform distribution.

Model Performance Evaluation

There are several metrics for assessing the quality of a model such as the Frequency of Observed
Presence (FOP) plots for the subset of EMEV’s. FOP plots for a given explanatory variable help to capture
the relationship between the occurrence data and the ecologically relevant variables. The rate of
occurrence of the response variable across intervals or levels of the explanatory-variable density is low
when the response curve deviates strongly from the pattern in the FOP. A local regression ("loess") of the
FOP values is added to the plot as a line. The data density is plotted in the background (grey) to help in
visualization where FOP values are certain. Similarly, AUROC is applied to the initial 10% occurrence
validation data split to obtain an unbiased measure of model performance because the validation
dataset must be independent from the training one. AUROC discriminating abilities are > 0.9 describes a
‘‘very good’’, 0.8–0.9 ‘‘good’’ and 0.7–0.8 ‘‘useful’’ models respectively9. This is also the preferred threshold
used by most researchers compared to reusing the training data (90%). It indicates whether the model
can generalize better on patterns of the modelled target or is simply producing patterns that are speci�c
to the training data.

Modelling Environment and Tools

Analyses were conducted using the R Statistical language41 (version 4.1.1; on Windows 10 x64 (build
21390)), using the packages ggplot242 (version 3.3.5), stringr43 (version 1.4.0), tidyr44 (version 1.1.4),
readxl45 (version 1.3.1), readr46 (version 2.0.2), dplyr47 (version 1.0.7), ggthemes48 (version 4.2.4),
rsample49 (version 0.1.0), MIAmaxent50,51 (version 1.2.0), tibble52 (version 3.1.5), report53 (version 0.4.0),
sf54 (version 1.0.3), sp55 (version 1.4.5), raster56 (version 3.5.2), rgdal57 (version 1.5.27), sdmpredictors35

(version 0.2.10), magrittr58 (version 2.0.1) and tidyverse59 (version 1.3.1).
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Figure 1

Model predictions over a range of explanatory data, indicating the effectiveness of the relationships that
the model has captured. (A) The modeled outcome. (B) the model projection and an overlay of
documented locations where the foraminifera were either identi�ed (blue dot) or absent (red dot) in
sediment samples.

Figure 2

AUROC for Training (red), Validation (blue), and Global Extrapolation (green). The X axis indicates
assemblage speci�city that is the proportion of true negatives (species that are both predicted and
observed as being absent); while the y-axis denotes the assemblage sensitivity that is the proportion of
true positives (species that are both predicted and observed as present).



Page 15/19

Figure 3

 The rate of occurrence of the response variables (empirical occurrences) across intervals or levels of the
explanatory variable. It summarizes the empirical occurrences against depth of the sea�oor, minimum
sea water salinity at the bottom at mean bottom depth, and dissolved oxygen.
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Figure 4

Spatial extrapolation of over a global extent.
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Figure 5

Locations of occurrence (presence vs. absence) of the selected species used in the Gulf model. 
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Figure 6

Plot of selected Ecologically Relevant Environmental Variables (EMEVs) in the Gulf.
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Figure 7

Species distribution model chart �ow.
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