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Abstract

Modeling the magnitude and distribution of sediment-bound pollutants in estuaries is often

limited by incomplete knowledge of the site and inadequate sample density. To address

these modeling limitations, a decision-support tool framework was conceived that predicts

sediment contamination from the sub-estuary to broader estuary extent. For this study, a

Random Forest (RF) model was implemented to predict the distribution of a model contami-

nant, triclosan (5-chloro-2-(2,4-dichlorophenoxy)phenol) (TCS), in Narragansett Bay,

Rhode Island, USA. TCS is an unregulated contaminant used in many personal care prod-

ucts. The RF explanatory variables were associated with TCS transport and fate (proxies)

and direct and indirect environmental entry. The continuous RF TCS concentration predic-

tions were discretized into three levels of contamination (low, medium, and high) for three

different quantile thresholds. The RF model explained 63% of the variance with a minimum

number of variables. Total organic carbon (TOC) (transport and fate proxy) was a strong

predictor of TCS contamination causing a mean squared error increase of 59% when com-

pared to permutations of randomized values of TOC. Additionally, combined sewer overflow

discharge (environmental entry) and sand (transport and fate proxy) were strong predictors.

The discretization models identified a TCS area of greatest concern in the northern reach of

Narragansett Bay (Providence River sub-estuary), which was validated with independent

test samples. This decision-support tool performed well at the sub-estuary extent and pro-

vided the means to identify areas of concern and prioritize bay-wide sampling.

Introduction

Estuaries are some of the most productive ecosystems in the world, providing critical habitat

to many organisms in all life-stages. They are at the interface between the terrestrial and

marine environments and are under sustained anthropogenic pressures from multiple effects

such as habitat loss, exploitation of resources, and pollution [1]. The long-term presence of
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numerous classes of pollutants in estuary sediments have prompted concerns about the toxic

effects of these contaminants on humans and wildlife [2–5]. Classes of contaminants include

legacy pollutants such as PCBs (polychlorinated biphenyl), pesticides, and PAHs (polycyclic

aromatic hydrocarbon), and those of emerging concern such as personal care products and

pharmaceuticals that are distributed widely through wastewater treatment plant (WWTP)

effluent [6,7]. Spatial models of contaminant distributions in sediments are becoming increas-

ingly important tools for determining the environmental impact of these pollutants.

In aquatic systems, models of site-specific contaminant distribution are typically informed

by field-collected empirical data that account for complex hydrological patterns. Many of the

aquatic contaminant distribution models [8,9] are designed specifically for freshwater streams

[10–14]; fewer models address the distribution of contaminants in estuarine systems [15]. The

available estuarine models are non-spatial interpretations of point-process observations

[5,16,17], in-situ evaluations and spatial modeling of point-process interpolations [7], or inter-

polated estuary geochemical properties with overlaid contaminant predictions [18]. These are

all viable models; however, each of these approaches requires an adequate sampling density to

evaluate distribution properties at broad scales. Full estuary data of this type are often not

available because of the extensive resources necessary for their collection. In addition, regula-

tory agencies often focus sampling efforts in sub-estuaries or narrow areas of concern, e.g.,

point source discharge locations. Typical for this type of data, our spatially heterogeneous and

sparse dataset of measured sediment concentrations of the contaminant triclosan (TCS),

5-chloro-2-(2,4-dichlorophenoxy)phenol, did not provide the necessary coverage to directly

interpolate TCS levels throughout the entire estuary of interest. We addressed such data limita-

tions by developing a decision-support tool that identifies contamination hot spots at the full

estuary extent using limited sub-estuary data.

TCS is an antimicrobial compound found in a wide range of consumer goods, personal

care products (e.g., toothpaste, soaps) and household textiles [19]. The predominant mode of

entry to estuaries such as Narragansett Bay, RI, USA, is via domestic WWTPs [20–22], which

typically remove between 58–99% of TCS before discharge [21,23–25]. Combined sewer over-

flow (CSO) systems [26] and on-site treatment systems also discharge TCS, but the organic

contaminant discharge contributions from individual on-site treatment systems on estuarine

systems is poorly understood [27]. TCS has a low solubility (4.62 mg L-1) in marine environ-

ments [7] and a half-life between 2–20 days [28]. However, it adsorbs readily to organic matter

[29] and is not susceptible to degradation under anaerobic conditions. This persistence and its

continuing discharge enhance its occurrence in marine sediments [30,31]. The presence of

TCS in marine sediments and potential association with readily available environmental vari-

ables such as sediment composition and point source discharge made TCS a model contami-

nant to evaluate the decision-support tool.

The research goal was the development of a tool that uses the commonly used machine

learning method Random Forest (RF) [32] and quantitative contamination data from sub-

estuary sediments to identify contamination levels at the estuary extent. Ultimately, the result

is a simple static representation of areas of greatest contamination concern, i.e., hotspots,

which would inform more intense sampling initiatives. The tool should be easily transferable

to other estuarine systems and implemented with readily available data. We define transfer-

ability as inclusion of variables that are readily available and easily derived. RF is a robust algo-

rithm using an ensemble method of tree-based regressions to determine a response from a set

of predictor variables. It does not rely on data distributional assumptions [33], which makes it

ideally suited for modeling nonrandom sub-estuary data. Some of the training samples were

intentionally collected in locations presumed to contain elevated levels of TCS, thus biasing

the TCS concentrations towards the tails of the distribution. The objectives of this study were
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to: 1) develop a model of TCS contamination based on limited sub-estuary data within Narra-

gansett Bay, and 2) use this model to identify areas of greatest TCS concern across the full

extent of the Bay using point process data.

Methods

Study area

The study focused on Narragansett Bay, an estuarine system extending north of Rhode Island

Sound within Rhode Island and parts of Massachusetts. Narragansett Bay is surrounded by a

watershed area of 4273 km2 with 60% in Massachusetts and 40% in Rhode Island and a total

population size of 1.9 million [34]. There are three primary embayments or tidal rivers, which

are referenced here using the term sub-estuary: the Providence River (PR), Mount Hope Bay

(MHB), and Greenwich Bay (GB) (Fig 1). Approximately, 22% of the watershed population

resides in the cities immediately surrounding the Bay north of Prudence Island with 7% in the

immediate adjacent cities south of Prudence Island (Fig 1). The PR is a tidal river comprising

the northern extent of Narragansett Bay (24 km2), and MHB (40.4 km2) is the east arm of Nar-

ragansett Bay at the terminus of the Taunton River and several smaller rivers. Combined, these

two sub-estuaries sourced approximately 50% of the samples for the models presented here.

There are two WWTPs that directly discharge treated effluent into the Providence River and

four that indirectly discharge (three treatment plants discharge into the Pawtuxet River and

one into the Seekonk River, all tributaries of the Providence River). Four of the WWTPs are

closed systems discharging only treated effluent, while two plants are part of a CSO system.

There are 93 CSO outfalls associated with the PR, of which 36 directly discharge and all are in

the northern half. MHB opens to the south through the East Passage at Bristol Point. The Fall

River WWTP and associated 19 CSO outfalls discharge into MHB. The Fall River treatment

plant services 90,000 residents and storm water runoff from 20.2 km2 discharging 4.9 billion

liters of treated effluent each year [35].

GB is a 12.2 km2 semi-enclosed sub-estuary within Narragansett Bay, Rhode Island. Water

flow from Narragansett Bay is restricted into GB by a peninsula (Warwick Neck) creating a

residence time of 8.8 days (Spaulding and Swanson, 2008). The East Greenwich Wastewater

Treatment Plant, which discharges effluent into GB, services 6,000 residents producing an

average flow rate of 3.0 X 106 L d-1 [7].

Explanatory variables

To achieve the study’s broader goal of developing a decision-support tool, explanatory vari-

ables (Table 1) were identified based on ease of acquisition, spatial extent, and empirical evi-

dence supporting each variable’s hypothesized relationship with TCS. The variables

corresponded to three broad categories associated with contamination: transport and fate,

point source discharge, and non-point source discharge. Explicit modeling of estuarine hydro-

dynamics can be very complex [36], but it is important to effectively capture transport and fate

dynamics. Total organic carbon (TOC), sediment composition, and bathymetry were included

in the models to account for sorption properties of TCS to sediments and subsequent transport

and fate but maintain model simplicity through implicit modeling. These variables were col-

lected concurrent to the original TCS concentration data (see Model Development section).

TOC was included, because the sorption properties of TCS results in a strong positive relation-

ship between TOC and TCS concentration [7,22]. Sediment composition served as a hydrody-

namic proxy, because sediment deposition is a function of flow speed and direction in

Narragansett Bay [37–39], and the sorption of TCS to sediments and subsequent distribution

A Random Forest to predict the spatial distribution of sediment pollution in an estuarine system
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Fig 1. Distribution of triclosan training data and point source predictor variables in Narragansett Bay, RI. A sample’s

color represents the observed sediment triclosan concentration (ng g −1).

https://doi.org/10.1371/journal.pone.0179473.g001
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are related [40]. Bathymetry was also included as a potential proxy for hydrodynamics because

of its effects on sediment deposition [41,42].

Point source and anthropogenic non-point source discharges were included to account for

environmental entry and spatial correlation of TCS. Direct environmental entry effects were

parameterized based on distance to WWTP and CSO discharge locations; TCS concentrations

were expected to be inversely related to distance [43] and strongly associated with WWTP dis-

charge levels [7,26,44]. Three WWTPs discharge into Narragansett Bay indirectly via the Paw-

tuxet River (Fig 1). These plants were represented by one discharge location at the Pawtuxet

River terminus. CSO discharge locations that did not directly discharge into Narragansett Bay

were excluded, because they extended into tributary waters beyond the study’s extent, and a

single aggregate point would not have accurately represented discharges. There is a positive

relationship between total effluent discharge and total TCS discharge [7,45]. However, there

was no available direct measure of TCS load for all point sources for this study. To account for

presumed heterogeneous loads, the distances to WWTPs were weighted by the average daily

discharge volume permitted [46] (the discharge volumes for the two Massachusetts WWTPs

were based on the EPA permitted average daily flow). We calculated the weights using the fol-

lowing general calculation: normalized inverse distance among all WWTP multiplied by the

normalized discharge volume among all WWTP, rescaled between one and two. As distance to

discharge location decreased and daily discharge increased, the rescaled values increased

(approached four). This transformation standardized the effect of WWTPs on a random loca-

tion, because using just the raw distance and discharge volumes would misrepresent the effect

of a WWTP on a random location. In addition, regression trees are invariant to transforma-

tions of explanatory variables because only the rank order determines a split at a node [47].

The CSO distances were not inverted or rescaled, because discharge volume information was

unavailable. Finally, each measured TCS data point was parameterized with the minimum,

maximum, and average cost-distance to WWTP and CSO discharge locations (S1 and S2

Figs), because there was no a priori assumption of parameter inclusion.

We assumed non-point source entry was predominantly related to on-site treatment sys-

tems [27]. To maintain model simplicity, non-point sources were modeled using each sample’s

UTM (Universal Transverse Mercator) coordinates (Zone 19) as an “anthropogenic influence”

proxy. A UTM position is an easting and northing planar coordinate. Narragansett Bay has an

decreasing human population gradient from north to south with a corresponding shift from

point source pollution (WWTPs and CSOs) to non-point source pollution (onsite waste water

treatment) that has observable effects [48,49]. We hypothesized TCS concentrations may

Table 1. Explanatory variables for the triclosan Random Forest model with the rational for inclusion. Three different parameterizations (minimum,

maximum, and average values) of the two point source variables were included in the models.

Variable Process Rational Parameter Value

total organic carbon transport/fate sorption TOC % TOC

surficial sediments transport/fate sorption; hydrodynamics

proxy

sand (�62.5 μm) mud

(<62.5 μm)

% composition

bathymetry transport/fate hydrodynamics proxy depth bathymetry (ft)

point source environmental

combined sewer

overflow

entry point source CSOmin,max,avg functional distance (m)

wastewater

treatment plant

WWTPmin,max,avg normalized inverse functional distance weighted by

permitted discharge volume

geographic location environmental

entry

anthropogenic proxy; non-

point source

UTM Northing, Easting meters East, meters North

https://doi.org/10.1371/journal.pone.0179473.t001
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generally decrease from north to south due to this population gradient effect on non-point

source pollution.

All distance measures for direct point sources were calculated using cost-based distances.

The alternative Euclidean distance assumes equal accessibility to all areas, which is violated in

an estuary. In an estuary, landmass edge represents an impenetrable “hard” barrier to contami-

nant movements. Therefore, using Euclidean distance to evaluate the spatial relationship

between locations in an estuary would result in potential model bias [50]. Cost-based distance

“as the fish swims”, an alternative to Euclidean, provides a more functional estimate of distance

[51]. Functional distance models are based on the rasterization of the estuary and a calculation

of the total “cost” of moving between two points as a function of traversing raster cells. The

least cost path is then considered the “effective distance” [52]. Effective distances were calcu-

lated using a 15 m resolution grid of Narragansett Bay. The cells intersecting landmasses were

removed, and each estuarine raster cell was coded as the maximum cost of traversing the cell,

i.e., 15. This process resulted in cost-surface for each WWTP and CSO discharge location rep-

resenting the cost-distance from the respective discharge location to every location in the Bay

(S1 and S2 Figs). Cost surfaces were calculated using the algorithm r.cost in GRASS [53], an

open source GIS program.

Model development

A RF regression model was used to predict TCS concentrations based on a suite of predictor

variables. The RF was implemented in R (v. 3.2.2) [54] using the randomForest package [55].

The algorithm is optimized via three parameters: ntree- the number of trees grown from a

bootstrapped sample (ntree = 4000);mtry-the number of predictors randomly tested at each

node (mtry = 9 was determined via randomForest’s tuneRF algorithm); and nodesize-the mini-

mal size of the terminal node (nodesize = 1); see Reference [55] for more details. The RF train-

ing dataset was comprised of georeferenced samples of TCS concentration measured as ng g−1

of dry sediment (0.78� x� 348, �x ¼ 18:43, σ = 46.85), surficial sediment percent composi-

tion, TOC, and bathymetry throughout Narragansett Bay. The data were collected in the

spring of 2010 (n = 36) and April-October 2012 (n = 22) with a majority of the samples origi-

nating from GB alone (Fig 1). For a complete review of sampling methods, see Reference [6].

RF is useful for modeling very small sample sizes as ‘big data’ sets are not required to success-

fully employ RF [56]. The response variable was log-transformed to improve model fit, because

for regression trees non-constant variation of the residuals gives greater weight to higher vari-

ance data [47]. Transformation of environmental predictors is unnecessary as RF can success-

fully handle non-normality [57].

Random Forest produces an unbiased error estimate via bootstrapping; this enables model

validation without a secondary independent dataset [32,58]. The process proceeds as follows:

for the kth regression tree, a training set is sampled with replacement from the entire dataset

leaving one-third of the cases out, i.e., out-of-bag (OOB) data. Each case (i) left out of the kth

tree’s construction is evaluated down the kth tree creating a predicted test set for the ith case

from all the times i was OOB. For each i, an average predicted value is assigned from i’s test set

resulting in a mean squared error calculation (MSEoob) [32] as follows:

MSEoob ¼
1

n

Xn

i¼1

ðyi � �̂yiOOBÞ
2

The percent variance explained by the model is 1- MSEoob/ σ2(y), which is reported here as

a model validity metric.

A Random Forest to predict the spatial distribution of sediment pollution in an estuarine system
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While RF can handle confounding variables [59], we sought a final prediction model that

optimized variance using a parsimonious set of variables for prediction. In this regard, the

package VSURF [60] was implemented within R to select a minimum set of explanatory vari-

ables from the full RF model (i.e., all variables) that were highly related to the observed TCS

concentrations. The method proceeds by first calculating variable importance scores and elim-

inating variables of small importance based on importance ranks (descending order). Variable

importance is measured by mean squared error of a variable p, which is the averaged increase

in prediction error among all regression trees when the OOB data for variable p is randomly

permutated. Thus, if variable p is important there will be an observed increase in prediction

error after the kth tree’s OOB data with the randomly permuted variable p is tested down the

kth tree. The second step of the variable selection procedure is to construct nested models of

the ranked variables from the first step; the variables resulting in the lowest model OOB error

are selected as the core explanatory variables, i.e., interpretation model. This set is further trun-

cated to eliminate all but one of any correlated variables resulting in the most parsimonious

prediction model. This parsimonious model was used to produce Bay wide predictions of

TCS.

Model predictions

The final static representations of TCS contamination in Narragansett Bay were predicted TCS

concentrations using a point process dataset that were then categorized into three ordinal clas-

ses of “high”, “medium”, and “low”. The point process dataset was an aggregate of three sedi-

ment composition datasets: the U.S. Environmental Protection Agency published [61] (n = 69)

and unpublished data (n = 14) (provided in repository), and Reference [62] (n = 363), with

corresponding TOC values; grain size categories were consistent with the training data. The

remaining predictor variable values were assigned to each point. Bathymetry data were

extracted from a 15.24 m (50 ft) resolution bathymetry grid of Narragansett Bay [63] and a vec-

tor dataset converted to a 30 m resolution raster for the northeast section of MHB within Mas-

sachusetts [64]. This latter dataset was used for a minimal spatial extent and had a minimal

effect on the results. Point and non-point source values were assigned the respective WWTP

and CSO parameterizations and geographic coordinates. To facilitate identification of areas of

greatest contamination concern, the logarithmic scale TCS predictions were discretized using

data quantiles. Three different quantile threshold models (A, B and C) were developed. Specifi-

cally, model A represented an equal distribution of the TCS concentration predictions among

the contamination classes (i.e., 33% of data in each class). Models B and C subsequently nar-

rowed the range of TCS concentration predictions in the “low” and “high” classes and broad-

ened the range of concentrations representing the “medium” contamination class. Model B

designated 25% of data into the low and high classes, while 50% is lumped in the medium

class. Model C restricts the low and high classes further to 12.5% of data. Therefore, between

models A to C, the “high” class represented an increasingly higher average level of contamina-

tion. A dataset of TCS concentrations (n = 11) was used to validate predictions in the Provi-

dence River sub-estuary. These data were withheld from model development, because they

lacked TOC values. The result of the quantile models was three static representations of the

Narragansett Bay estuary indicating areas of contamination concern.

Results and discussion

Model performance

The full and prediction models performed well with a percent variance explained of 63% and

68.5%, respectively and a mean of squared residuals of 0.49 and 0.42, respectively. The

A Random Forest to predict the spatial distribution of sediment pollution in an estuarine system
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interpretation model and prediction models contained the same variables (TOC, CSOmin, and

Sand). Based on the percent increase of mean squared error, TOC was the most important pre-

dictor of TCS with a mean squared error increase of 59% (full model) compared to permuta-

tions of randomized values of TOC (Fig 2). Previous research on TCS in GB indicates a strong

relationship between TOC and sediment TCS concentrations (r2 = 0.89) [7] supporting the

variable’s high rank. Sand was the only hydrodynamic proxy and additional sorption variable

that was a strong predictor of TCS. Mud was a moderate predictor because of the high poten-

tial for TCS to sorb to organic matter and fine particles [30]. However, sand and mud were

highly correlated composite variables and mud was not retained in the prediction model.

Based on the RF partial dependency plots, the relationship between the composition of sand

and TCS concentrations in these models was negative. Therefore, as percent composition of

mud increased, sand decreased, and TCS concentration increased.

Point source discharges were strong to moderate predictors of TCS with a greater impor-

tance rank of the CSO parameter in relation to the WWTP (Fig 2). There are two hypotheses

for this result: 1) the discharges of CSOs compared with WWTPs have a greater effect on TCS

concentrations in Narragansett Bay; 2) multicollinearity is arising between variables due to

sample bias or true collinearity because of underlying processes. It is possible the discharges

from CSOs had a greater effect on TCS contamination compared to WWTP discharges

because of the filtering of TCS by WWTPs. A majority of the training samples (62% of n) were

from GB, which is subjected to TCS from advective processes and a single WWTP that filters

63–89% of the influent TCS [7] (Fig 1). The filtering efficiency of the other WWTPs contribut-

ing to Narragansett Bay is unknown, however an estimated 96% (activated sludge) and 58–

86% (trickling filter) of TCS is removed from WWTP systems [44]. This explanation may not

be probable based on loading potentials. Though, the total TCS discharge from WWTPs and

CSOs in Narragansett Bay is unknown, estimates of total annual loadings of TCS from WWTP

to U.S. waterways are 50–56% (activated sludge) and 39–47% (trickling filter) [26]. CSO dis-

charges account for a relatively small amount (3–5%) of the total annual TCS load to U.S.

waterways [26]. It is possible that the load from CSOs is greater because of the filtering effect

of WWTPs, but considering the expected load from these respective point sources, it is not

probable.

Alternatively, the higher rank of CSO point sources compared to WWTPs could be due to

multicollinearity, sample bias, or anthropogenic population density effects. Many of the train-

ing samples were nonrandom and intentionally collected in locations presumed to contain ele-

vated levels of TCS. WWTP discharges were located throughout the Bay; however, the samples

were disproportionately distributed in the northern half of the Bay, which contains WWTP

discharges associated with CSO outfalls (Fig 1) and is the area of greatest anthropogenic popu-

lation density (see below). The location of WWTP discharges are not necessarily correlated to

CSO outfalls or population centers. However, the converse is true, and this correlation is possi-

bly affecting variable importance, because RF variable importance estimates maybe overesti-

mated for highly correlated variables [65]. Two of the WWTP parameters were ranked as

moderate predictors in the full variable model and were retained in the first iteration of the

VSURF procedure, which makes a general selection for important variables (positive variable

importance values). The subsequent iterations of the variable selection process address multi-

collinearity by retaining one of several highly correlated variables [66]. Whether CSOs ranked

higher because of sample bias or proxy effects did not inhibit our objectives. Our objective was

to create the best predictive surface based on already established variable relationships with tri-

closan and not parse new variables associated with triclosan contamination in the Bay. In

regards to these influences on model prediction, Reference [63] noted, collinearity is a problem

when “a model is trained on data from one region or time, and predicted to another with a

A Random Forest to predict the spatial distribution of sediment pollution in an estuarine system
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Fig 2. Random Forest variable importance ranks for the full and prediction model, which the latter

was used to predict triclosan contamination in Narragansett Bay, Rhode Island. Percent increase in

MSE (mean squared error) is a measure of variable importance; the closer to zero the less important the

variable is for predicting. CSO, combined sewer overflow; Mud, sand/silt composition; Northing and Easting,

geographic coordinates; TOC, total organic carbon; WWTP, wastewater treatment plant.

https://doi.org/10.1371/journal.pone.0179473.g002
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different or unknown structure of collinearity”. This problem is not realized in this system,

since the predictions were being made across the same modeling space within a similar period.

There was little support for the specific anthropogenic non-point source proxies in these

models. The Northing parameter was expected to perform as a moderate to strong predictor of

TCS concentrations and account for a potential north-south contamination gradient [67–69]

similar to the human population density gradient in RI. The northern terminus of Narragan-

sett Bay (Providence River) has a predominatly urban surrounding land use. The population

density decreases and land use shifts to more residential in a southerly direction resulting in

fewer point source discharge locations but increases in more onsite wastewater treatment sys-

tems (non-point sources). The Northing parameter failed to account for this effect in the mod-

els. There are several reasons for this result: non-point sources do not significantly affect TCS

concentrations in Narraganset Bay, coordinates are a poor proxy, or the limited latitudinal dis-

tribution of samples is limiting the detection of non-point source effects.

Contamination predictions

The predicted TCS concentrations were binned into three ordinal levels of contamination

using three different quantile thresholds. This resulted in the spatial distribution of contamina-

tion hotspots ranging from broad to narrow (Fig 3). Among all three models, the largest pre-

dicted TCS contamination hotspot was in the northern reach of the Providence River. This

prediction is considered valid based on the spatial location of the hotspot, independent TCS

measurements of the Providence River (Fig 4), and concordance with other distributions of

contaminants within the Bay. The increased contamination potential in the PR seems likely,

because it is subject to the direct and indirect discharge of 36 and 57 CSO outfalls, respectively

and three direct WWTP discharges. Among the three threshold models (model A reported,

Fig 4), the predicted PR hotspot is in general agreement with independent TCS measurements

of the Providence River, which were withheld from the training data. The RF model predicted

a north to south gradient of higher to lower concentrations in the PR, which was expected and

is similar to the distributional patterns of other sediment bound contaminants (mercury and

methyl mercury) reported by Reference [18]. In addition, the model predicted an overall

north-south PR gradient even though the data that informed the Random Forest model con-

tained a minimal number (four) of biased (all were in close proximity to WWTP discharges)

samples from the Providence River (Fig 1).

The southeast and southwest sections of the Providence River and the mouth of Greenwich

Bay were areas of predicted low contamination. We lacked an independent dataset for GB;

however, for model A the low contamination predictions for the east section of GB were in

agreement with the measured concentrations from the training samples (Fig 4). Like the PR

prediction gradient, the GB contamination pattern of high to low (west to east) exhibited a

similar pattern to mercury contamination [18]. There was an elevated contamination predic-

tion in the central part of Narragansett Bay near Prudence Island and northeast of Prudence

Island. Farther south throughout the Bay, the models predicted a predominantly low to

medium mix of TCS contamination. The Bay processes contributing to the predicted increased

contamination around Prudence Island is unknown; however, this pattern is similar to the

mercury distribution reported by Reference [18]. The concentration patterns and gradients of

other contaminants observed in Narragansett Bay have been attributed to hydrodynamics. The

patterns predicted here are not in complete agreement with the west to east concentration gra-

dient (high to low, respectively) presented by Reference [65]. In the full model, the Easting

parameter was a moderate predictor of TCS but was not a core variable in the predictor model.

The Bay wide north to south (high to low) TCS contamination gradient predicted by the RF
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Fig 3. The predicted distribution of triclosan contamination based on three different quantile discretizations of a

Random Forest regression model predictions. Maps A, B, and C represent the respective models (A, B, C). The medium

contamination class points have been minimized to improve visualization of the low and high contamination classes.

https://doi.org/10.1371/journal.pone.0179473.g003
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model was similar to gradients of nitrogen isotopes [68] and mercury contamination [18].

Generally, the patterns predicted by the RF model have been observed in other contaminants

and models, though there is less certainty about TCS contamination surrounding the Prudence

Island region and south compared to the PR and GB sub-estuaries. Together, these unexpected

hotspots may reflect depositional areas for distantly-contaminated sediments originating, for

example, from more northern urban areas.

Evaluating contamination based on classes instead of raw concentration values was benefi-

cial, because it shifts interpretation from fine scale predictions of concentrations to broad scale

Fig 4. The distribution of model A predicted and measured triclosan contamination in the Greenwich Bay (A) and Providence River (B) sub-

estuary of Narragansett Bay, Rhode Island.

https://doi.org/10.1371/journal.pone.0179473.g004
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patterns of concentration ranges or levels. Contamination classes are useful for identifying

areas of most concern, especially if toxicity is unknown. Specifically, broad quantiles (model

A) simplify identification of areas of greatest contamination concern when highly toxic con-

taminants (i.e., toxic at low concentrations) with high ecological or human health risk are

modeled. Compared to varied quantile thresholds, there are multiple alternate discretization

strategies (equal interval, moment matching) that could be implemented. A strategy based on

toxicity thresholds or other known protection limits, such as contaminant-specific sediment

quality guidelines could link predictions with expected ecological effects. The strategy chosen

should relate to the contaminant’s toxicity and purpose for evaluating its environmental

effects. Overall, representing contamination based on broad concentration classes instead of

raw concentration values improves interpretation and visualization of predictions.

Model application

The transferability of this modeling approach for TCS contamination to other estuaries is pos-

sible. Transferability as defined here refers to the inclusion or exclusion of certain explanatory

variables when applied to other appropriate estuarine systems and not the specific model

applied here. TOC, WWTP, CSO, and sediment composition are likely important predictors

of TCS contamination in other estuarine systems and should be included. These factors are

related to TCS’s entry, transport, and fate within an estuarine environment and are not neces-

sarily intrinsic to the Narragansett estuary. However, the degree to which they affect the distri-

bution of contaminants is likely relative to the estuary being studied. Other variables such as

the geographic coordinates, which were proxies for non-point source effects and hydrodynam-

ics, were study specific and are not necessarily transferable to other systems. However, popula-

tion density, population gradients, or hydrodynamics are likely important in other estuarine

systems and inclusion of appropriate spatial metrics or proxies for them would benefit model

development. Population effects could be assigned to samples using the population density

within a fixed or nested buffer around each sample. Transferability could be evaluated using

existing TCS data in other estuarine systems and by acquiring the variables evaluated here and

others necessary to account for local processes. Finally, the size and inherent spatial relation-

ships of the applicable estuary should be considered prior to application of this process.

Conclusions

We presented one modeling component of a decision-support tool that predicted TCS con-

tamination hotspots in an estuarine system. The model used Random Forest and minimal

nonrandom sub-estuary contamination data to make the full estuary extent predictions. The

TCS contamination predictions and model selected explanatory variables were in general

agreement with expectations, independent data, and published contaminant distributions.

However, certain explanatory variables such as WWTP discharges did not perform as expected

probably because of sampling bias. This resulted in model uncertainty in extrapolations

beyond the spatial extent of the training data. Such bias is not unique among sub-estuarine

datasets. To improve model interpretation and identification of contamination hotspots that

could inform future sampling efforts, specific predicted concentrations were aggregated into

broad qualitative bins of contamination concentration ranges. Quantile thresholds can be

based on regulatory limits or known relationships between contaminant concentrations and

ecological risk. The robustness of this decision-support tool also depends on the transferability

to other estuarine systems. Elements of the TCS model that account for the attributes associ-

ated with the chemical’s entry into the environment and sorption behavior are likely applicable

across systems. Thus, the model should be considered a viable tool for similar applications, but
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additional research is necessary to evaluate the model’s overall robustness when applied to dif-

ferent contaminants and the transferability of this process to other estuarine systems.

Supporting information
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20. Xie Z, Ebinghaus R, Flöser G, Caba A, Ruck W. Occurrence and distribution of triclosan in the German

Bight (North Sea). Environ Pollut. Elsevier; 2008; 156: 1190–1195.

21. Kumar KS, Priya SM, Peck AM, Sajwan KS. Mass loadings of triclosan and triclocarbon from four

wastewater treatment plants to three rivers and landfill in Savannah, Georgia, USA. Arch Environ Con-

tam Toxicol. Springer; 2010; 58: 275–285.

22. Fernandes M, Shareef A, Kookana R, Gaylard S, Hoare S, Kildea T. The distribution of triclosan and

methyl-triclosan in marine sediments of Barker Inlet, South Australia. J Environ Monit. Royal Society of

Chemistry; 2011; 13: 801–806.

23. Sabaliunas D, Webb SF, Hauk A, Jacob M, Eckhoff WS. Environmental fate of triclosan in the River

Aire Basin, UK. Water Res. Elsevier; 2003; 37: 3145–3154.

24. Thompson A, Griffin P, Stuetz R, Cartmell E. The fate and removal of triclosan during wastewater treat-

ment. Water Environ Res. JSTOR; 2005; 63–67.

25. Winkler G, Thompson A, Fischer R, Krebs P, Griffin P, Cartmell E. Mass flow balances of triclosan in

small rural wastewater treatment plants and the impact of biomass parameters on the removal. Eng Life

Sci. Wiley Online Library; 2007; 7: 42–51.

26. Halden RU, Paull DH. Co-occurrence of triclocarban and triclosan in US water resources. Environ Sci

Technol. ACS Publications; 2005; 39: 1420–1426.

27. Conn KE, Barber LB, Brown GK, Siegrist RL. Occurrence and fate of organic contaminants during

onsite wastewater treatment. Environ Sci Technol. ACS Publications; 2006; 40: 7358–7366.

28. Tixier C, Singer HP, Canonica S, Müller SR. Phototransformation of triclosan in surface waters: A rele-

vant elimination process for this widely used biocide laboratory studies, field measurements, and model-

ing. Environ Sci Technol. ACS Publications; 2002; 36: 3482–3489.

29. Orvos DR, Versteeg DJ, Inauen J, Capdevielle M, Rothenstein A, Cunningham V. Aquatic toxicity of tri-

closan. Environ Toxicol Chem. Wiley Online Library; 2002; 21: 1338–1349.

30. Ying G-G, Yu X-Y, Kookana RS. Biological degradation of triclocarban and triclosan in a soil under aero-

bic and anaerobic conditions and comparison with environmental fate modelling. Environ Pollut. Else-

vier; 2007; 150: 300–305.

31. Miller TR, Heidler J, Chillrud SN, DeLaquil A, Ritchie JC, Mihalic JN, et al. Fate of triclosan and evidence

for reductive dechlorination of triclocarban in estuarine sediments. Environ Sci Technol. ACS Publica-

tions; 2008; 42: 4570–4576.

32. Breiman L. Random forests. Mach Learn. Springer; 2001; 45: 5–32. https://doi.org/10.1023/

A:1010933404324

33. Cutler DR, Edwards TC Jr, Beard KH, Cutler A, Hess KT, Gibson J, et al. Random Forests for Classifi-

cation in Ecology. Ecology. Eco Soc America; 2007; 88: 2783–2792. https://doi.org/10.1890/07-0539.1

34. Vadeboncoeur MA, Hamburg SP, Pryor D. Modeled nitrogen loading to Narragansett Bay: 1850 to

2015. Estuaries and coasts. Springer; 2010; 33: 1113–1127.

35. River F. Combined Sewer Overflow Abatement Program [Internet]. 2015. http://www.fallriverma.org/

index.php?option=com_content&view=article&id=286&Itemid=785

36. Sheng YP. On modeling three-dimensional estuarine and marine hydrodynamics. Elsevier Oceanogr

Ser. Elsevier; 1987; 45: 35–54.

37. McCave IN. Erosion, transport and deposition of fine-grained marine sediments. Geol Soc London,

Spec Publ. 1984; 15: 35–69. https://doi.org/10.1144/GSL.SP.1984.015.01.03

38. Christiansen T, Wiberg PLL, Milligan TGG. Flow and sediment transport on a tidal salt marsh surface.

Estuar Coast Shelf Sci. Elsevier; 2000; 50: 315–331. https://doi.org/10.1006/ecss.2000.0548

39. Ghadeer SG, Macquaker JHS. Sediment transport processes in an ancient mud-dominated succes-

sion: a comparison of processes operating in marine offshore settings and anoxic basinal environments.

J Geol Soc London. 2011; 168: 1121–1132. https://doi.org/10.1144/0016-76492010-016

40. Lin H, Hu Y-Y, Zhang X-Y, Guo Y-P, Chen G-R. Sorption of triclosan onto sediments and its distribution

behavior in sediment—water—rhamnolipid systems. Environ Toxicol Chem. Wiley Online Library;

2011; 30: 2416–2422. https://doi.org/10.1002/etc.642 PMID: 21823162

A Random Forest to predict the spatial distribution of sediment pollution in an estuarine system

PLOS ONE | https://doi.org/10.1371/journal.pone.0179473 July 24, 2017 16 / 18

https://doi.org/10.1016/j.marpolbul.2012.01.013
https://doi.org/10.1016/j.marpolbul.2012.01.013
http://www.ncbi.nlm.nih.gov/pubmed/22317792
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1890/07-0539.1
http://www.fallriverma.org/index.php?option=com_content&view=article&id=286&Itemid=785
http://www.fallriverma.org/index.php?option=com_content&view=article&id=286&Itemid=785
https://doi.org/10.1144/GSL.SP.1984.015.01.03
https://doi.org/10.1006/ecss.2000.0548
https://doi.org/10.1144/0016-76492010-016
https://doi.org/10.1002/etc.642
http://www.ncbi.nlm.nih.gov/pubmed/21823162
https://doi.org/10.1371/journal.pone.0179473


41. Shimmield GB, Price NB, Pedersen TF. The influence of hydrography, bathymetry and productivity on

sediment type and composition of the Oman Margin and in the Northwest Arabian Sea. Geol Soc Lon-

don, Spec Publ. 1990; 49: 759–769. https://doi.org/10.1144/GSL.SP.1992.049.01.46

42. van Maren DS, van Kessel T, Cronin K, Sittoni L. The impact of channel deepening and dredging on

estuarine sediment concentration. Cont Shelf Res. 2015; 95: 1–14. http://dx.doi.org/10.1016/j.csr.2014.

12.010

43. Yu C-P, Chu K-H. Occurrence of pharmaceuticals and personal care products along the West Prong Lit-

tle Pigeon River in east Tennessee, USA. Chemosphere. Elsevier; 2009; 75: 1281–1286.

44. McAvoy DC, Schatowitz B, Jacob M, Hauk A, Eckhoff WS. Measurement of triclosan in wastewater

treatment systems. Environ Toxicol Chem. Wiley Online Library; 2002; 21: 1323–1329.

45. Wang X-K, Jiang X-J, Wang Y-N, Sun J, Wang C, Shen T-T. Occurrence, distribution, and multi-phase

partitioning of triclocarban and triclosan in an urban river receiving wastewater treatment plants effluent

in China. Environ Sci Pollut Res. Springer; 2014; 21: 7065–7074.

46. RIDEM. RI Department of Environmental Management list of certified WWTP facilities and officials in

charge [Internet]. 2014. http://www.dem.ri.gov/programs/benviron/water/permits/wtf/potwops.htm

47. De’ath G, Fabricius KA. Classification and Regression Trees: A Powerful yet Simple Technique for Eco-

logical Data Analysis. Ecology. 2000; 81: 3178–3192.

48. Meng L, Powell JC, Taplin B. Using winter flounder growth rates to assess habitat quality across an

anthropogenic gradient in Narragansett Bay, Rhode Island. Estuaries. Springer; 2001; 24: 576–584.

49. Calabretta CJ, Oviatt CA. The response of benthic macrofauna to anthropogenic stress in Narragansett

Bay, Rhode Island: a review of human stressors and assessment of community conditions. Mar Pollut

Bull. Elsevier; 2008; 56: 1680–1695.

50. Curriero FC. On the use of non-Euclidean distance measures in geostatistics. Math Geol. Springer;

2006; 38: 907–926. https://doi.org/10.1007/s11004-006-9055-7

51. Little LS, Edwards D, Porter DE. Kriging in estuaries: as the crow flies, or as the fish swims? J Exp Mar

Bio Ecol. Elsevier; 1997; 213: 1–11.

52. Ferreras P. Landscape structure and asymmetrical inter-patch connectivity in a metapopulation of the

endangered Iberian lynx. Biol Conserv. Elsevier; 2001; 100: 125–136.

53. GRASS Development Team. Geographic Resources Analysis Support System (GRASS GIS) Software

[Internet]. 2012. http://grass.osgeo.org

54. Team RC. R: A Language and Environment for Statistical Computing [Internet]. Vienna, Austria; 2013.

http://www.r-project.org/

55. Liaw A, Wiener M. Classification and regression by randomForest. R news. 2002; 2: 18–22.

56. Hayes T, Usami S, Jacobucci R, McArdle JJ. Using Classification and Regression Trees (CART) and

random forests to analyze attrition: Results from two simulations. Psychol Aging. 2015; 30: 911–929.

https://doi.org/10.1037/pag0000046 PMID: 26389526

57. Strobl C, Malley JD, Tutz G. An Introduction to Recursive Partitioning: Rationale, Application and Char-

acteristics of Classification and Regression Trees, Bagging and Random Forests. Psychol Methods.

2009; 14: 323–348. https://doi.org/10.1037/a0016973 PMID: 19968396

58. Siroky DS. Navigating Random Forests and related advances in algorithmic modeling. Stat Surv. 2009;

3: 147–163. https://doi.org/10.1214/07-SS033

59. Dormann CF, Elith J, Bacher S, Buchmann C, Carl G, Carré G, et al. Collinearity: A review of methods
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