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O Banco de Abrolhos é uma extensao da plataforma continental do leste brasileiro
localizadano sul do estadadaBahia,Brasil, formandamsmaiores emaisricosrecifes de
coral doAtlantico Sul. O objetivo deste estudo consistiu em modelar a influéncia de
parametrosmbientaisiaabundancianicrobianadosrecifesdecoralde Abrolhosusando
Random Forest e Boost Regression Tree. Nossos resultados mostraram que carbono
organico disslvido, nitrogénio total e silicato sdo os fatores mamportantes que
regulamaabundéancianicrobianaA hidrodinamicae atemperaturgambéminfluenciam.
Os arcosinternos de Abrolhos, principalmentePedrade Leste,apresentaraniaixa
hidrodindmica, maior tempo de residéncia da dgua, maior concentracdo de nutrientes,
maior proliferacdo de micrébios e possivelmente mais doencas de coral. JA 0s arcos
externos de Abrolhos, principalmente Arquipélago, apresentaram alta hidrodirdmica
favorecendoa "lavagem" dos recifes, menor temperatura,menor concentracéode
nutrientes e menor proliferacdo de microbios. Esses achados podem fornecer subsidios

importantegparauma melhor gestdo ambienti Banco deAbrolhos.
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The Abrolhos Bank is an extension of the eastern Brazdartinental shelf
located in the south of Bahia State, Brazil, comprising the largest and richest coral reefs
of the SouthAtlantic. Theaim of this study wado modeltheinfluenceof environmental
parametersnthemarinemicrobialabundancef the AbrolhoscoralreefsusingRandom
Forest and Boost Regression Tree. Our findings showed that dissolved organic carbon,
total nitrogen and silicate are the most important factors regulating the microbial
abundanceThehydrodynamicandtemperaturalsohaveinfluence.Theinternalarcsof
Abrolhos,speciallyPedrade Leste,presentedow hydrodynamicslongerresidenceaime
of the water, higher concentration of nutrients, greater proliferation of microbes and
possibly more coral disease. While the exa¢arcs of Abrolhos, specially Arquipélago,
presented high hydrodynamiegavoring the "washing" of the reefs, lower temperature,
lower concentratiorof nutrients,andminor proliferationof microbes.Thesefindingscan

provideimportantinsightsfor a betterenvironmentamanagemeraf the AbrolhosBank.
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1. Introduction

Coralreefsarethreateneavorldwide,with bothglobalchangesndlocal impactsplaying
important roles in accelerated reef degradation (Bruce et al., 2012). The Abrolhos Bank
ontheeastermBraziliancontinentakhelfis recognizedsthelargestandrichestcoralreef
system in the South Atlantic (FranciRilho et al., 2013). Coral diseased massive
declines in coral cover have recently occurred in the Abrolhos Bank (Frafiitioiet

al., 2008). The Abrolhos Bank is an extension of the eastern Brazilian continental shelf
(approximately 46,000 km2) located in the south of Bahia StatejlBfde Abrolhos
Bankcompriseghelargestandrichestreefsof the SouthAtlantic, with atleast20 species

of coral, including 6 that are endemic to Brazil (Le&o et al., 2003). The coral reefs in
Abrolhosaredistributedinto two arcsalmostparallelto the mainlandshore TheInternal

Arc is located from about 10 to 20 km off the cost, and is formed by a complex of bank
reefsandisolatedcoralpinnaclef varieddimensionsThe OuterArc, whichborderghe
eastsideof theAbrolhoslslandsjs formedby isolatedgiantcoralpinnacles|ocatedcirca

70 km from thecoast (Leéo et al., 2003).

Microbial abundance is potentially important as food for fifesrding fauna. There is
evidencehatphysicechemicalvariablesnfluencetheabundancef microbial (Goulder,
1980;Milner & Goulder,1986;Morikawa, 1984).In responseo differentenvironments,
microbes reflect differently in population size, distribution, and physiological state and
cultivability. The use of statiical learning methods is necessary to analyze the new data
collected from Abrolhos environment with physicilemical parameters that modulate
the abundance of microbial in the water of Abrolhos coral reefs. Harmful effects of
eutrophication andishing are interconnected and cause serious damage to reef biomes
(Bell 2008). The absorption of organic matter by microbial is a major route of carbon
flux, andits variability canchangethe overall patternsof carbonflow (Azam1998).The
dissolved orgnic carbon (DOC) released by algae beside other nutrients may promote
the microbial growth that promote the death of the coral (Setiti, 2006). Therefore,

it is necessary to develop a lighter prediction model, such as an empirical approach, for

predicting microbial abundances jparticular.

Regressionanalysisis a statistical techniquefor estimatingthe relationshipamong
variables which have reason and result relation. Main focus of univariate regression is

analyzethe relationshipetweera dependenvariable andneindependenvariableand



formulates the linear relation equation between dependent and independent variable.
Regressiomnodelswith onedependentariableandmorethanoneindependentariables

arecalled multilinear regression Uy a n &kler2013y

The Boost Regression Tree (BRT) and Random Forest (RF) models are two relatively
new treebased models that have been developed to optimize predictive performance by
combiningalargenumberof simpletreesinto apowerfulmodelratherthanusingasingle

tree model based on traditional regression trees (Breiman, 2001; Skurichina and Duin,
2002; Friedman, 2001, 2002). In the BRT model, the fitted model is a simple linear
combination of many trees that are fitted iteratively and boosted to reweight poorly
modeledobservationgElith etal., 2008). TheRF modelis constructedn arandonmvector

of the data feature space sampled independently (Breiman, 2001). Beingiaiaig
methods, the BRT and RF models have several common advantages, including a limited
number of usedefined parameters and the ability to model -hioear relationships,
manage qualitative and quantitative variables, remain robust despite missirandata
outliers,reduceoverfitting, andevaluatesummarizeandinterpretfinal models(Breiman,

2001; Friedman and Meulman, 2003). Owing to these merits, BRT and RF models have
been widely applied in various scientific fields, including ecological mod¢hegerset

al., 2008; T. Froeschkend F. Froeschke, 2011).

1.10Objective

Theaim of this studywasto modeltheinfluenceof environmentaparametersn marine
microbialabundanceisingtheBRT andRFregressioimodels,n Abrolhosbank,Brazil.

Six sites were selected for this study. The three outer reefs (External Arc) within-the no
takeareaof the NationalMarine Parkof Abrolhos(NMPA) includedin this study(Parcel

dos Abrolhos, Mato Verde and Arquipelago, hereafter, PAB, MV, and AR, respgctive
areprotectedThethreeinnerreefs(InternalArc) (TimbebasPedradeleste andSebastidao
Gomes, hereafter, TIM, PL and SG, respectively) are unprotected (Frdltiniand de
Moura 2008). Spatial management through implementations of the NbéPvbe
considered large scaleecologicalexperimentthat can provide importantinsightsnto

ecosystenfunctioning andmanagemerguccess (Knowltoand Jacksor2008).

We evaluated the performance of and differences between the BRT and RF models in
mappng the variability of environmental parameters on marine microbial abundance of

the Abrolhos BankThe specifimbjectives of this research were

10



Apply DataExploratory Analysis téhe dataset.
Develop BRT and RF models predict the microbial abundance content based
on 544 samplesand environmentalvariables (Biochemical and Biophysical
parameters).

1 Quantify the effects of various environmental variables on the microbial
abundanceariation.
Comparehe predictivequalitiesof theBRT and RFmodels.
Compare the difference of biophysical (Temperatureand Hydrodynamic
velocity), biochemical parametersand microbial abundancein Internal and

Externalarcof Abrolhos.

We evaluatedthis hypothesis foiinfluence of environmental parameters on marine
microbialabundancef the AbrolhosBank:lesshydrodynamicsn thereefsof theinternal

arc of Abrolhos (TIM, PL and SG) has a longer residence time of the water, a higher
concentration of nutrients, greatproliferation of microbes and possibly more coral
diseaseOntheothersideexternalarcof Abrolhos(MV, PAB andAR) favors"washing"

of the reefs by the greater hydrodynamics, lower temperature, a lower concentration of

nutrients,and minorproliferation ofmicrobes.

2.Materials and M ethods
2.1.Study Area

Six sites between 13 and 90 km off the coast were selected for this study (Fig. 1). The
seawatesamplesvereobtainedn theinnerreefsof SG( 1 7 A5 4 SI¥PRA 74NJWNE . 9 4 nj
PL (39Urp0H®0M00S) and TIM (17A27'57.1"S
reefs, PAB (18°00'52.4"S38°40'00.6"W),MV (18°01'59.8"S38°39'60.0"W)and AR
(17°57'50.5"S 38°42'03.7"W). PAB, MV and AR are completely within NMPA, and
enforcement is performed by the Biten Environmental Agency (ICMBio). The water
sample collection were performed in years 2@016 (Except 2015). PAB also has
uniguecoralreefstructureknownasC h a p e imush®anike structures)Thethree

inner reefs (TIM, PL and SG) atmprotected and heavily fished. Sampling in six years

and in different locations allowed us to determine the temporal and spatial variations in

waterquality andmicrobial diversity. The seawatesamplesverecollectedclose(<1 m)

11
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to thereefstructuresatadepthof betweerl0and15matthe SG,PL andTIM, andat20
m at PAB, MV, and AR Reefs.

Distance from the coast
TIM 19 km
PL 13km
SG 22km
AR 56 km
PAB 89 km
MV 90 km

Keyboard shortcuts | Map data ©2021 Google imagery ©2021 TerraMetri 20km L

Fig. 1 Studyarea.SG,PL andTIM arelocatedin internalarcof Abrolhos.PAB, MV and ARarelocated
in external arc of Abrolhos. Thdistances from the coast are presented in the in the upper right frame,
blank onthe map(https://maps.cd/

2.2.Sampling and Data Collection

The variables studied in this work was presented in Fig. 2. 544 wateples were
assessed for levels of biophysical and biochemical parameters by using oceanographic
methodgreviouslydescribedy Grasshofital. (2009).Therearethreegenericvariables

year, site, and season with 18 biological variabBissolved Organic Carbon (DOC),
Orthophosphatd,otal Phosphat€TP), NH3, Silicate,Nitrit, Nitrate, Total Nitrogen(TN)

are independent variables and abundance of Chlorophylta)(€heophytin, Bacterial,
High nucleotide (HNA), Low nucleotide (LNA), Prochlorococcus,Synerochocos,
Picoeukaryote,Nanoeukaryoteand Virus are dependentvariables (Fig. 2). The
temperature data during years 2011 to 2016 and hydrodynamic velocity data @oliGor
amongInternal and External arcs are available.We measuredhe water temperature
(Temp) using a CTD device. Hydrodynamic data was determined with magnitude of
depthaveragedrelocity (m/s).Concentrationsf Total Phosphoru$T P) weredetermined

by acid digestionto phosphate,and concentrationsof Total Nitrogen (TN) were
determined by digestion with potassium per sulfate following nitrate determination.

Biological parametersvere also measuredor eachsample.Microbial abundancevas

12
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measuredisingflow cytometry(Flux) asdescribedy Cabraletal. (2017).Chlorophylt

aanalysesvere performeds describetly Coutinhoet al, 2019.

(O Year (num)

0 Site (ch)

O Date (num)

(O Season (chr)

(O DOC (puan) (Disotved Organsc Casbon, mg 1)
O Orthophosphate (num) (M)

O TP (oum) (Total phosphate, 4\

O NH3 (oum) (Ammogiac, M)

(O Scate (sum) (uN)

(O Nitrit (smm) (M)
(O Nitrate (num) (M)
Root O) X(tbble [$44x 22) O
OTN (oum) (Total Nitrogen, M)
O Clea (onm) (Chioophyia ) Biological
Vanables
O Pheophytin (mm) (M)

O Bacterial abundance (pum) (Fiex)

(O HNA (pum) (High nucleotide abundance, Fhax)
(O HNA (o) (Low mcleotide abundance, Fhey)
O Prochlor (num) (Prochlorococeus, Fhex)

(O Synech (oum) (Synerochocos, Fh)

(O Pico (pum) (Picoeukaryote, Fhex)

(O Nanoeuk (mam) (Nanoeukaryote, Fhax)

O Virus (oum) (Fhar)

Fig. 2 Thevariablesstudied inthiswork.

2.3.Data Exploratory Analysis

Thenumberof samplegperyearandsiteis presentedn Tablel, andTable2 presentshe

numberof observations peyearand site.

Tablel. Thenumberof sampleger yearand site.

MV |[PAB |AR | PL TIM [SG [ Total
2011 | 21 | o | o | o | | o1
2012 | 34 51 | 10 27 23 | 145
2013 | e | oee- 60 | 96 9% | - 250
2014 | 19 33 | 3 9 17 |81
2016 | - 12 13 |11 |- 11 |47
Total | 74 96 73 | 120 [130 |51




Table2. Thenumberof observationperyearsand site.

—_— X
Q ) @ SSXD
— =21 o | 32
5 |2 |E|lalz/ &8 |B|E|8|2| 2 e|lS|s|5|2|8& g2
o | »n | = FlElZ2| 2|3 |alz|0|le|lT|S|e|l>leol5|s
= | 8 | >
> ) o z @ g | P |a|z

2011 | MV | 21|17]16|19|21|18 |20 |21 |15|21|21|21|21|12 |21 |21 |21 |21
2012 | TIM | 15| 13| 13|18 | 25| 9 |15 | 27 | 23| 25|27 | 27 | 27 | 27 | 27 | 27 | 27 | 27
PAB | 30| 15| 18| 41| 42|16 |26 | 51| 42| 42|36 |36 |36 |30 |36 |36 |36 |36
PL 3143 |8|8]| 3|5 4181819191919 ]9]9]9]°9
MV | 30|13|13| 12|18 | 12|22 |34|31|18 |30 |30|30|30|30|30|30|30
SG |14, 6 | 6 | 6 |16 | 6 |7 23|14 |16 |18 |18 |18 |18 |18 | 18 | 18 | 18
2013 | AR | 24124124124 | 0 | 24|23 |60 | 18|17 |54 |54 |54 |54 |54 |54 |54 |53
PL | 36|32|32|36|27|36|36|96| 23|27 |85|85|85|83|83|83|83]83
TIM | 88| 88| 88| 88| 23 |88|88 |94 |66 |23 |57 |46 |46 |57 |57 | 57 | 57 | 56
2014 | MV | 43|50|23|23|16|23(23|19|22|16|19|19|19|19 |19 |19 |19 |19
PAB | 33|23|23|23| 5 |23|23|33|12| 5 |[33|33|33|30|33|33|33]33
PL 2333|2312 3 |283|23| 3 |22|3 |3 |3 |3 |3 |3 |3 |33
SG | 33|34|23|22|14 54|54 |17 |22 |14 |17 |17 |17 |17 |17 |17 |17 | 17
TIM | 20|56 | 65|33| 9 [44|55| 9 (229 |9 9999|999
2016 | PAB | 10| 10| 10| 10| 23|10(10|12|10|23 |11 |11 |11 |11 |11 |11 |11 |11
PL 11111111 |(23|11|11|11|11|23|10|10|10| 10|10 | 10|10 |10
SG |10|10|10|10|21}10|10| 11|10 |23 |10 |10 | 10|10 |10 |10 |10 |10

Package6 d | o wdrsion 0.4.3, was used for Data Diagnosis, Exploration, and
Transformation (Ryu 2019). Data diagnostics provides information and visualization of
missing values and outliers and are necessary to understagidtthimition and quality of
data.Dataexplorationprovidesinformationandvisualizationof thedescriptivestatisticsof
univariate variables, normality tests and outliers, correlation of variables, and relationship
between target variable and predictor. Data transformation supports binning for
categorizing continuous variables, imputates missing values and outliers, resolving
skewnessAnd it creates automateeéportsthatsupportthese three task®yu 2019. The

dlookr packagevas used becauseesiadly performs data diagnosesutomatically generates

data diagnosiandexploratory data analysiepors, and treatskewed data.

2.3.1. RemovingData Outliers

Cleaning up data outliers is good method to see disaibution of data. The outlier is a
currentproblemfacedby manydatamining researcheutliersarethe patternsvhich are

not in the range of normal behavior. Outliers in the dataset produce more false positive
alarms We haveusedinterquartileRangetechniqueto identify theoutliers(Vinuthaetal.,

2018). In this, the continuous range of input is divided into quartiles and these qaagtiles
analyzedto targetthe rangeof outliers. Thenthe obtainedoutliersare removed(Fig. 3).

In this figure, Median (Q2/50th Percentile) is the middle value of the datasetjiarsie

(Q1/25th Percentile) is the middle number between the smallest number amedlibeof
14



thedatasetThird quartile(Q3/75thPercentile)s the middle valuebetweerthemedian and
the highest value of the dataset. Interquartile range (IQR): 25th to thegy&#téntile.

Whiskers(shown inblue). Outliers(shown agreencircles).

Interquartile Range
(IQR)
Outliers Outliers
"Minimum" "Maximum"
(Q1 - 1.5*IQR) Q1 Median Q3 (Q3 + 1.5*IQR)
(25th Percentile) (75th Percentile)
-4 -3 2 1 0 1 2 3 4

Fig. 3. Interquartilemethod taemoveoutliers.

2.3.2. Missing value Imputation by Principal ComponentAnalysis(PCA)

Missing dataarea commonproblemin mostscientificresearci{Schmittetal., 2015. In

statistics, imputation is the process of replacing missing data with substituted values. When
substituting for a data point, it is known as "unit imputation"; when substituting for a component

of a data point, it is known as "item imputation”. Theretlaree main problems that missing

data causes: missing data can introduce a substantial amount of bias, make the handling and
analysis of the data more arduous, and create reductions in efficiency. Because missing data can
create problems for analyzing damputation is seen as a way to avoid pitfalls that have missing
values.

We used Principa&lomponenAnalysis (PCA) to fill missing valueBCA was choosdeecause

it simultaneouslyredu@s the dimensionality othe dataset, increas interpretability and
minimizesinformation loss. It does so by creating new uncorrelated variables that successively
maximize variance. Finding such new variables, the principal components, reduces to solving
an eigenvalue/eigenvector problem, and thevaiables are defined by the dataset at hand, not

a priori, hence making PCA an adaptive data analysis technique. It is adaptive in another sense
too, since variants of the technique have been developed that are tailored to various different data
types ad structures (Davo et al., 2016).

Analog Ensemble (AnEn) poegrocessingvasapplied on the PCA output to obtain the

final forecasts (Davet al, 2016).The data points wrescored by how well thefjt into a

principal component (PC) based upomeaasure of variance within the datadetthis
15



way, PCAresultcan be seen as a kind dfisteringanalysigBailey 2018). Finally, PCA
is animputationmethodof interestwhich deservs further consideratiorin practiceand
demonstratetiighercapacityto imputethredypesof missingvalues:missingat random
(MAR), missingcompletelyatrandom(MCAR) andmissingnotatrandom(MNAR) with
lower MeanSquarecError (MSE) than others (MadleyDowd et al, 2019; Hegdest al,
2019; Schmitet al, 2015) (Fig. 4).

MAR (missing at random) MCAR (missing completely at random) MNAR (missing not at random)
Methods
{ Mean
w w w * Mce
0 0 5
+ RandomForest
T Sofimpute
» o] o
- ¥
r— - ¥
.
_ v
Percentage of NA - v Petceniage o NA Percenage ofNA

MSE (mean squared error)

Fig. 4. Mean Squared Error (MSE) of PCA compared to other methods (Mean, Mice, Reorésin
and Softimpute)in three type®f missingvalues.

Absolute frequency histogramsof each variable (Abs. Freq.), Relative frequency
histograms of each variable (Rel. Freq.), Boxplots of each variable and Boxplots of each
variablein sites/peyearsto DataExploratoryanalysisvereperformedGraphicalkbstract

of histogramsandboxplotsof each variablés presented in Figb.

Absoltefrequency histograms s, Freq Data with outler, Data with outlier
Square Root - Square Root,
Relative frequency histograms (Rel. Freq.) i missing Imputed by PCA
= Rawdata
' : Data without outler, Data without outlier,
Boxplots for each variables, sites and per years Sareoot = Spuare oo,
vith missing Imputed by PCA

Fig. 5. GraphicalAbstractof HistogramsandBoxplotspatternof each variables.
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2.4.Modelling

The Regression Tree Algorittsnan be usetb find one model that results in good predictions

for our dataset or, saying in other way, to perform causal inferendge cananalize the
statistics and confusion matrices of the current predi¢tosee if our model is a good fit to

the dataAmong theregression algorithm®oosted Regression TreéBRT) and Random
Forest (RFhave been shown to blee strongesin the literature on Ecologycologists use

BRT and RF stistical models for both explanation and prediction, and need techniques that
are flexible enough to express typical features of their data, such as nonlinearities and
interactions.

The RF algorithm operates by constructing several decision trees during training time and
outputing the mean of the classes as the prediction of all the tndwe theBRT algorithm
combinesthe strengths of two algorithmdecision tree algorithms and boosting methéds.

RF models, BRTrepeatedly fis many decision trees to improve the accuracy of the mbdel

while RF models use the bagging meth@ach occurrence has an equal probability of being
selected in subsequent sampl&RT uses the boosting methqdn which the input data are
weighted in subsequent treasdthe weighs are applied in such a way that data that was
poorly modelled by previous trees has a higher probability of being selected in the new tree
BRT and RF trees incorporate important advantages ebased methods, handling different
types of predictor variables and accommodating missing Hateng multiple trees in BRT

and RF overcomes the biggest drawback of single tree models: their relatively poor predictive

perfamance.

2.4.1. BoostedRegressionT rees(BRT)

The BRT method combines regression trees and a boosting technique to imprgwedicive
performance of multiple single modgelshereBoosting is a forward and stagése procedure in which

a subset of the data is randomly selected to iteratively fit newnoelels to minimize the loss function
(Elith et al, 2008). This processitroduces astochastic gradient boosting procedure that can improve
model performance and redube risk of overfitting (Friedman, 2002).

The BRT algorithm is an iterative processvimich treebased models were fitted iteratively using
recursive binansplits to identifypoorly modeled observations in existing trees until a minimum model
deviance waseachedThefinal fitted modelis alinearfunction of the sumof all treesmultiplied by the
learningrate(LR) basedon all data(Elith etal., 2008).

In BRT modeling,four parameterare user defined: the learning rate (LR), tree complexity (TC), number

of trees (NT) andbagfraction (BF). LR representshe contributionof eachtreeto thefinal fitted model,
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andTC controls the size dfees and whether intactions between variables shoulddoasideredWhen

TC =1, eachtreecontainsasingledecisionstumpandmodelstheeffecof one variable; and when TC > 1,
each tree fits a model that predicts the interactionmnébles. NT $ determined from the combination

of LR and TC.

In practice, the BRTmodel needs to be regularized by setting up the parameters prior to making a
prediction(Elith etal., 2008).To performthisregularizationafew combination®f parametevalues(R,

TC and BF) were tested.The optimal parametercombinationwas that which providedhe minimum
predictive deviance. The final optimal values of LR, TC and BF wergos®0025 9, and 0.75,
respectively This combinationcangeneratean optimalNT of atleast1000trees using a Xfldcross
validation method. Elitket al. (2008) recommended thise of no fewer than 1000 trees when fitting such
models. The relative importance wdriablescanbemeasuredvasedon thenumberof timesavariableis
selectedor modelingand weighted by the square improvement to each split and averaged across all trees
(Friedman2001).

2.4.2. RandomForest(RF)

TheRFalgorithmgeneratesultipletreeswithout pruning.In thetrainingproceduregach

tree isbuilt based on a random subset of the original data (with replacement). In addition,
arandomlyselectedubsebf predictords choserfor eachbuilt tree(Breiman,2001).

Theuse of bootstrap sampling in RF modelalgpws the remaining unsed subset (i.e.,
the outof-bag datd OOB)) to be usedfor the estimationof generakerrors.RF predictions
aretheaverageautputof all aggregations.
RFmodelingrequireshreeuserdefinedparameters: the number of variables used to grow
each tree (mtry), the number of treethan forest (ntree) and the minimum number of
terminal nodes (node size). The mpgrameter determines the strength of each individual
tree and correlations betweeadsand increasing mtry also increases the strength of each
individual tree and correlatiometween trees (Petesal, 2008). However, the predictive
performance of the RF modelimproved by increasing the tree strength and decreasing
the correlatbns among treg&ieRRetal., 2012).

To fit anRFmodel,defaultvaluesof mtry (onethird of thetotal numbebf predictorsjand
nodesize(5) wereused.Thedefaultvalueof ntree(500)hasbeenproverto be insufficient

to yield stable results (Grimet al, 2008). Thus, we applied the Rkodel with ntree =
1000. The relative importance of variables can be estimated fromdhadecreasen

predictiveaccuracywhenthevariableis permutedPrasacetal., 2006).
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2.4.3. Statistical Analysesand Model Validation

ThePearson correlation was used to relate the dependent variable of mianiridance

to independent quantitative variables. Statistical analysis and modeting studywere
performed usinghe R software (R Development Core Team, 2009). The BRATRF
modelswere developedusinga BRT script provided by Elith et al. (2008) andthe R
Random ForegpackaggLiaw andWiener,2002).

The performanceof the BRT andRF modelswas evaluatedusing a 10fold cross
validation procedureghat involved comparisonbetweenthe predictedand observed
microbial abundancevalues. Three validation measurementsvere calculated: mean
absolute prediction error (MAE), root mean square error (RMSE) and coefficient of
determination (R (Lin, 1989). MAE measures the average prediction bias, and RMSE
represents the overall qualiof the prediction. Predictions become increasingly optimal
asMAE and RMSE approactero.

3.Results

In this Section we present the ritswof the Data Exploratory Analysjghe results of the
apdication of RF and BRT to perform causal inference over thesdgthe difference of
biophysical and biochemical parameters and microbial abundandteeimternal and
externalarcs of Abrolhos, and, finally, a comprehensive discussioer the achieved

results.

3.1. Data Exploratory Analysis
The percent of missing for eachFiogr@®.Moteh bl e wa:

missing valuesin dataset verified as 37% (Fig. 6a) and then this missing value was
imputedby PCA(Fig. 6b). Thefrequencyof dataperstudysitesandseasorare presenteih

Fig. 7aandb respectively The seasorparametehashigh variety betweenSummern(523
samplespndWinter (21 samplespandhasbeenneglectechere(Fig. 7b). We verified the
amountof missingdatatotally, peryear,andsite (Table3), andwe alsoanalyed thedata

per yearsite and year/site separately. The missing number of observatigaarsisites
that were filled by PCAs presented in Table 2 part of data set in Excéhat shows the

format of missing number of observations in years/sites, which wereb§lle€A is
showedn Fig. 8.Finally, thePearsororrelationplot of imputeddataby PCAwasshowed

in Fig. 9. Correlationamongariables with R >0.75 were showenh Table4.
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Table3. Themissingnumberof observationé years/sites.
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Variable 1 | Variable 2 | Correlation
DOC Nanoeuk 0.75
TP 0.93
Ortoph. TN 0.81
Feof 0.76
HNA 0.84
TN 0.92
Feof 0.86
TP Bacterial 0.82
HNA 0.93
Nitrate Synech 0.78
Bacterial 0.87
TN HNA 0.94

Feof 0.9

Bacterial 0.83
Feof HNA 0.89
HNA 0.95
Bacterial Nanoeuk 0.76
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3.2.Histograms and Box-Plots of Numerical Variables

For eachvariable we producel graphs to helghe datavisualization Collecting and
summarizing data (numerically and graphically) help us undeiisignthat is going on in
thesample. The goal is to understand what is happening in the population frartidé.

If therearemanydatapointsandwe would like to seethe distributionof the dataye can
represent the data by a frequency histogram or a relative freqoistagram.

Looking at the histograms diagram, we can quickly understand the 4 factors: Pick (most
frequency), Gap (no information), Concentration (Two or three bars of similar size) and
Outlier. The only difference between a frequency histogram and aeefatquency
histogramis thatthe verticalaxisuseselativeor proportionalfrequencyinsteadof simple
frequency(countsof datain percentagéorm).

In the presenstudy, thedatarangeand formvary a lot. For example, the range ftmacteria

is between Oand 1.651018 and for theDOC is between Jnd 6.31Q In a normal
distribution lke Bacterial, Virus, LNA and TN points on one side of the average are as
likely tooccurasontheothersideoftheaverageln a rightskeweddistribution(also called

a positively skewed distributigna largenumber of data values occur on the left side with
a fewer number of data values on tight side. A right-skeweddistribution occurs in
Nanoeuk, Picoeuk Synech HNA, Prochlor Silicate Ortop, Nitrite, NH3, Nitrate TP,

Feof Cl-a and DOC

To betterunderstand the behaviof the data we used the histograms and boxplot graphs.
The AbsoluteHistogrampresentghe numberof timesthe eventoccurredin the dataset,
while theRelative FrequencyHistogramshows the fraction or proportion of times that a
value occurs. The Box plot is a convenient way of graphically depicting groups of
numericaldata through their fiveumber summaries: the smallest observation, lower
guartile (Q1)median(Q2),upperquartile(Q3),andthelargesbbservationA boxplotmay
alsoindicate whichobservationsif any, mightbe consideredutliers.

Five data sets were designedperformthe Exploratory DataAnalysis of each outcome
variable:1. Rawdata(Original data),2. Datawith outlier, normalizedoy squarerootand

with missingvalues, 3Data with outlier, normalized by square root and without missing
values(Imputed by PCA), 4. Data without outlier, normalized by square root and with
missingvalues, 5Data without outlier, normalized by square root and without missing
values(iImputed by PCA).

Outliers can be important in biological data and they can indscateethingscientifically

interestingandincreasehe variability in data.On the otherhandywe can see in data with
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outliers the clear normality shape both in AbsolutédRee frequency histograms of
variables. We followed the pattern of Histograms and Boxphatisis presented in Fig. 5.
Absolute/Relative frequency histograms and Boxplots of @adable were presented in

Figs. 1627. Data set with outliers, normalizbgl square rocandimputed byPCA (with
clearnormality) wasusedfor the resof analysis.

Fig. 10 shows the analysis of bacterial abundak¢e.can see the highest frequency of
bacterial abundance is between the ranges 600 and &b3@ifvations (Fig 10. a and b).
Boxplotof rawdatashowsoutliersattheupperrangeof thedata(abovethebox),themean

value (477712) is above the median (465039), the median line does not evenly divide the
box, and the upper tail of thmxplot is longer than the lower tail, then the distribution of

whichthedata were sampleday beskewedto theright (Fig. 1c).
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Fig. 11 showstheanalysisof Nanoeukabundance. Weanseethe highestfrequencyof
Nanoeukabundance is between the ranges 0 and 257.536 of observations (Fig. 11 a and
b). Boxplot of raw data shows outliers at the upper range of the data (above the box), the

mearnvalue(27.423)is abovethemedian(22.551) themedianine doesnotevenlydivide
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thebox, andtheuppertail of theboxplotis longerthanthelowertail, thenthedistribution

of whichthe dataweresampled mape skewedto theright (Fig.11 c).
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Fig. 11.a) Absolutecount,b) Relativefrequencyhistogramsandc) boxplotof the Nanoeukabundance
with 15%missingdata that ishownfor five data sets.

Fig. 12 showsthe analysi®f Picoeukabundance. We can s highesfrequencyof
Picoeukabundancés betweertheranged and116.050f observationgFig 12.aandb).

Boxplot of raw data shows outliers at the upper range of the data (above the box), the

mean value (46.44) is above the median (42.47), the median line does not evenly divide

thebox,andtheuppertail of theboxplotis longerthanthelowertail, thenthedistribution

of which the dataveresampled maye skewedto theright (Fig.12c).
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Fig. 12. a) Absolutecount,b) Relative frequencyhistogramsand ¢) boxplot of the Picoeukabundancavith
15%missingdata that ishownfor five data sets.

Fig. 13 shows the analysis of Synech abundaiée.can see the highest frequency of
Synechabundance is between the ranges 0 and 514.87 of observations (Fig 13. a and b).
Boxplot of raw data shows outliers at the upper range of the data (above the box), the
mearvalue(214.67)is abovethemedian(209.61) themedianine doesnotevenlydivide

thebox, andtheuppertail of theboxplotis longerthanthelowertail, thenthedistribution

of whichthedata weresamplednay beskewedo theright (Fig. 13 c).
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Fig. 14 shows the analysis of Virus abundana& can see the highest frequency of

Virus abundance is between the ranges 0 and 4015 of observations (Fig 14a and b).
Boxplot of raw data shows outliers at the upper range of the data (above the box), the
mean value (2351) and the median (2420), they are almost equal, the median line does

evenlydivide the box (normal distributions{ig. 14 c).
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Fig. 14. a) Absolutecount,b) Relativefrequencyhistogramsandc) boxplotof the Virus abundance
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Fig. 15 shows the analysis of LNA abundan®®e can see the highest frequency of
LNA abundance is between the ranges 0 and 732.5 of observations (Fig. 15a and b).
Boxplotof rawdatashowsoutliersattheupperrangeof thedata themearnvalue(473.6)

and themedian (481.1), they are almost equal, the median line does evenly divide the

box (normaldistributions) (Fig. 15 c).
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Fig. 15. a) Absolutecount,b) Relativefrequencyhistogramsandc) boxplotof the LNA abundancevith
15%missingdata that ishownfor five data sets.

Fig. 16 showsthe analysisof HNA abundance. Weanseethe highestfrequencyof

HNA abundance is between the ranges 0 and 732bsgfrvations (Fig. 16a and b).
Boxplot of raw data shows outliers at the upper range of the data, the mean value
(473.6) and the median (481.1), they are almost equal, the median line does evenly

divide the box(normal distributions), (Fig. 16 c).
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Fig. 16. a) Absolute count, b) Relative frequency histograms and c¢) boxplot of the HNA abundance with

15%missingdata that ishownfor five data sets.
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Fig. 17 showstheanalysisof ProchlorabundanceWe canseethe highestfrequencyof
Prochlorabundancés betweertherange9 and316.02of observationgFig. 17aandb).
Boxplot of raw data shows outliers at the upper range of the data, the mean value
(123.07) is above the medighl3.57), the median line does not evenly divide the box,
and the upper tail of the boxplot is longer than the lower tail, then the distribution of

which thedata weresamplednay beskewedo theright (Fig. 17 c).
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Fig. 17.a) Absolutecount,b) Relativefrequencyhistogramsandc) boxplotof the Prochlorabundance
with 15%missingdata that ishownfor five data sets.

Fig. 18 shows the analysis of Silicate abundame.can see the highest frequency of
Silicateabundancés betweertherange®.7817and2.7744of observationgFig. 18aand

b). Boxplot of raw data shows outliers at the upper range of the data, the mean value
(1.2745)is abovethemedian(1.2717), thenedianalmostdoesnotline evenlydivide the
box,andthe uppertail of theboxplotis longerthanthelower tail, thenthedistributionof

which thedata weresampledmay beskewedo theright (Fig.18c).
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Fig. 18. a) Absolutecount,b) Relativefrequencyhistogramsandc) boxplotof the Silicateabundance
with 15%missingdata that ishownfor five data sets.

Fig. 19 shows the analysis of Orthop abundamge.can see the highesequency of

Orthop abundance is between the ranges 0.1204 and 1.5897 of observations (Fig. 19a
andb). Boxplotof raw datashowsoutliersatthe upperrangeof thedatathemeanvalue
(0.5130) is above the median (0.4240), the median line does not eladly the box
(almost), andthe upper tail of the boxplot is longer than the lower tail, then the

distributionof which thedata were samplataybe skewedo theright (Fig. 19c).
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Fig. 19. a) Absolutecount, b) Relative frequencyhistogramsand c) boxplot of the Orthopabundancavith
15%missingdata that ishownfor five data sets.

Fig. 20 shows the analysis of Nitrit abundandée can see the highest frequenciafit
abundance is between the ranges 0.03162 and 0.53852 of observations (&igl Bpa
Boxplot of raw data shows outliers at the upper range of the data, the med4.221L21)
is above the median (0.21762), the median line does not evenly divide ({adnbmst),
andtheuppertail of theboxplotis longerthanthelowertail, thenthedistributionof which

thedataweresamplednay beskewedo theright (Fig. 20 c).
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Fig. 20. a) Absolutecount,b) Relativefrequencyhistogramsandc) boxplotof the Nitrit abundancavith
15%missingdata that ishownfor five data sets.

Fig. 21 shows the analysis of NH3 abundawe.can see the highest frequenciNef3
abundance is between the ranges 0 and 1.03ddsefvations (Fig. 21a and Boxplot
of raw data shows outliers at the upper range of the data, the mear(Q:2U@7) is
above the median (0.2236), the median line does not evenly divide tija tnost), and
the upper tail of the boxplot is longer ththe lower tail, then thdistributionof which

thedata were sampladaybe skewedo theright (Fig. 21c).
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Fig. 21. a) Absolutecount,b) Relativefrequencyhistogramsandc) boxplotof the NH3 abundance
with 15%missingdata that ishownfor five data sets.
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Fig. 22 shows the analysis of TN abundané& can see the highest frequency of TN

abundancés betweertherange and1.0344of observationgFig. 22aandb). Boxplot

of raw data shows outliers at the upper range of the data, the mean value (0.2497) is

abovethemedian(0.2236) themedianine doesnotevenlydivide thebox,andtheupper

tail of the boxplot is longer than the lower tail, then dngtribution of which the data

weresamplednay beskewedo theright (Fig.22 c).
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Fig. 22. a) Absolute count, b) Relative frequency histograms and c) boxplot of the TN abundance with
15%missingdata that ishownfor five data sets.

Fig. 23 shows the analysis of Nitrate abundance. We can see the highest frequency of
Nitrateabundancés betweertheranged.1581and3.3274of observationgFig.23aand

b). Boxplot of raw data shows outliers at the upper range afatee(above the box), the
meanvalue(0.8351)andthemedian(0.8370) theyarealmostequal themedianline does
evenlydivide the box (normal distributions{fig. 23 c).
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Fig. 23. a) Absolutecount,b) Relativefrequencyhistogramsand c) boxplot of the Nitrateabundance
with 15%missingdata that ishownfor five data sets.

Fig. 24 shows the analysis of TP abundance. We can see the highest frequency of TP
abundance is between the ranges 0.31342a8d730of observations (Fig. 24a and b).
Boxplotof raw datashowsoutliersatthe upperrangeof thedata,themeanvalue(0.7640)

is above the median (0.7051), the median line does not evenly divide the box, and the
upper tail of the boxplot ifonger than the lower tail, then the distribution of which the

data were sampled may be skewedheright (Fig. 24c).

43



200

Abs.Freq.

100

50

Rel. Freq,

08

08

04

02

00

Raw data With outlier,square root, with missing With outlier,square root,imputed by PCA
g 3
&
g g
5 :
E 8 g 8
3 2 5 =
2 2
o o
T T 1 T T T T T 1 F T T T T 1
0 ) 6 8 05 10 15 20 25 30 05 10 15 20 25 30
Without outlier,square root, with missing Without outlier,square root,imputed by PCA
81 8 -
8 8
2 8
A g
£ s £ e
2 <
2] g 4
& & 1
o - L
r T T T T 1 r T T T T 1
04 08 08 10 12 14 04 06 08 1.0 12 14
Raw data With outlier,square root, with missin
»Sq! g With outlier,square root,imputed by PCA
bt
% a
S
o
o a
S
o
g
& o £ .
2 e s °
S =
o
T T 1 = r T T T T 1 3 T T T T T 1
0 a 8 05 10 15 20 25 30 05 10 15 20 25 30
Without outlier,square root, with missing Without outlier,square root,imputed by PCA
2
8 8
i 2
g ° g
w w
s € 3z 2
X o r o
8 8
o o
8 =
b3 =4

44




" ¢ : ;
2 o a
o ] ] -
i e
© - o | Q ! |
8 o = 1 !
1 |
0 ! 1
$ - S 5+ ‘ |
m ¥ ™ T °©
> > o | ‘ v .
- 1 1 o |
E o
o 4 S - E | !
i 0 |
o o
== & |
o - o o
T T ! I
Ravw data With outlier With outlier Without outlier Without outlier
Square root Square root Square root Square root
with missing Imputed by PCA with missing Imputed by PCA

Fig. 24.a) Absolute countb) Relative frequenchistogramsandc) boxplot of the TP abundancevith 15%
missing data that ishownfor five data sets.

Fig. 25 shows the analysis of Feof abundaMie.can see the highest frequency of Feof
abundance is between the ranges 0 and 2.0543 of observations (Fig. 25a and b). Boxplot
of raw datashowsoutliersatthe upperrangeof thedatathemeanvalue(0.4243)is above
themedian(0.4123) themedianline almostdoesevenlydivide thebox, andtheuppertail

of the boxplot is longer than the lower tail, then the distributiowluth the data were

samplednay be skewetb theright (Fig. 25c).
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Fig. 25.a) Absolute countb) Relative frequenchistogramsandc) boxplotof the Feofabundancevith
15% missingdata that ishownfor five data sets.

Fig. 26 shows the analysis of-@labundance. We can see the highest frequency- of Cl
aabundances betweertherange® and2.3452of observationgFig. 26aandb). Boxplot

of raw data shows outliers at the upper rangéhefdata, the mean value (0.5361) is
above the median (0.5208), the median line almost does evenly divide the box, and the
upper tail of the boxplot is longer than the lower tail, then the distribution of which the

data were sampled may bkewedo theright (Fig.26 c).
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Fig. 27 showstheanalysisof DOCabundancélNe canseethehighestirequencyof DOC

abundance is between the ranges 0.5326 and 2.5120 of observations (Fig. 27a and b).

Boxplotof rawdatashowsoutliersattheupperrangeof thedata,themeanvalue(1.2487)

is abovethemedian(1.2429), thanedianline almostdoesevenlydivide thebox, andthe

upper tail of the boxplot is longer than the lower tail, then the distribution of which the

data were sampled may bkewedo theright (Fig.27 c).
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Fig. 27. a) Absolutecount,b) Relativefrequencyhistogramsand ¢) boxplot of the DOC abundance
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Boxplotsof eachvariablein sitesandin eachsitesperyearswerepresentedn Figs. 28
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to bettershowthe shapef the distribution.
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Fig. 28 showsthedistributionof Nanoeukin differentyearsandsites.Theabundance of
Nanoeuk in AR and 2013 is higher than 2016 (Fig. 28a). The abundance of Nanoeuk in
MV and 2012 is higher than 2011 and 2014 (Fig. 28b). The abundance of Nanoeuk in
PAB and 2014 is higher than 2012 and 2016 (Fig. 28c). The abundance of Nar@keuk in
and 208 is higher than 2012 and 2014 and 2016 (Fig. 28d). The abundaNeaaéuk

in SG and 2014 is higher than 2012 and 2016 (Fig. 28e). The abundasaecsukin

TIM and2013 is highethan2012 and 2014Fig. 28f).
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Fig. 28. Distributionof Nanoeuk(15.81%missing)in differentyearsandin a) AR (56km),b) MV

(90km),c) PAB(89km),d) PL (13km), €)SG(22km)andf) TIM (19km).

Fig. 29 shows thdistribution of Silicate. in different years and sites. The abundance of
Silicatein AR and2016is higherthan2013(Fig. 29a). Theabundance dbilicatein MV

and 2012 is higher than 2011 (Fig. 29b). The abundance of Silicate in PAB and 2016 is
higher than 2012 (Fig. 29c¢). The abundance of Silicate in PL and 2016 is high2d1l3an
and2012(Fig. 29d). Theabundance d&ilicatein SGand2012is higherthan201§Fig.

29e).The abundance of Silicate TIM and2013 ishigherthan2012(Fig. 29f).
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Fig. 30 shows the distribution of TN. in different years and sites. The abundance of TN
in AR and2016 ishigherthan2013 (Fig.30a).Theabundance of N in MV and2012is

higher than 2011 (Fig. 30b). The abundance of TRAB and 2016 is higher than 2012

(Fig. 30c).Theabundancef TN in PL and2016is higherthan2013and2012(Fig. 30d).

The abundance of TN in SG and 2016 is higher than 2012 (Fig. 30e). The abundance of

TNin TIM and2013 is highethan 2012 (Fig30f).
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Fig. 30. Distribution of TN. (53.12 % missing) in different years and in a) AR (56km), b) MV (90km), c)
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Fig. 31 shows the distribution of DOC. in different years and sites. The abundance of
DOCin AR and2016(Fig. 31a).Theabundancef DOCin MV and2011is higherthan
2012(Fig. 31b).Theabundancef DOCin PAB and2016is higherthan2012(Fig. 31c).
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Theabundancef DOCin PL and2016is higherthan2012(Fig. 31d). Theabundancef
DOCin SGand2016is higherthan2012(Fig. 31e).Theabundance ddOCin TIM and
2012(Fig. 31f).
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Fig. 31. Distributionof DOC. (75.18% missing)in differentyearsand ina) AR (56km),b) MV (90km),
¢) PAB (89km),d) PL (13km),e) SG(22km)andf) TIM (19km).

Fig. 32 showsthe distribution of Virus in different yearsand sites. The abundanceof
Virusin AR and2013is higherthan2016(Fig. 32a).Theabundancef Virusin MV and
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2012 is higher than 2011 and 2014 (Fig. 32b). The abundance of Virus in PAB and 2012
is higherthan2014and2016(Fig. 32c). Theabundancef Virusin PL and2013is higher

than 2012 and 2014 and 2016 (Fig. 32d). The abundance of Virus in SG and 2012 is
higherthan2014and2016(Fig. 32e).Theabundancef Virusin TIM and2012is higher
than2013 and2014(Fig. 32f).
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