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ARTICLE INFO ABSTRACT
Keywords: Percentile-Range Indexed Mapping and Evaluation (PRIME) is a new tool to visualize and quantifying spatio-
Percentile temporal dynamics of long-term datasets. PRIME is based on categorical partitioning of magnitude based on

Ecological mapping

PRIME

Florida Coastal Everglades
Long Term Ecological Research

user defined indices assigned to ranges of percentile and mapping subsets of data at selected percentiles of long-
term data. Indices can reflect attributes such as water management decisions, tolerable range of water quality to
a species, ecological risk, response to and recovery from disturbance, and values of ecosystem services. PRIME
provides visual and robust datascapes and flexibility to evaluate variability in space and time for long-term

Patascape environmental assessment. Here, we demonstrate the utility of PRIME using 16 years of hydrologic and
salinity data from 14 sites representing three unique hydrological systems in the Florida Coastal Everglades
(FCE). The resulting PRIME datascapes reveal interaction between water management and sea-level rise to drive

salinity levels in the FCE.
inform decision making. National and international observatory net-
Software/data availability works are becoming more common in order to address the spatio-
temporal context of long-term environmental change including the U.
Name of Software Percentile-Range Indexed Mapping and S. Long Term Ecological Research (LTER) (Callahan, 1984; Hobbie et al.,
Evaluation (PRIME) 2003), National Critical Zone Observatory (CZO), the Global Lakes
Developer Shimelis B. Dessu Ecological Observatory Network (GLEON) (Hanson et al., 2018), Na-
Contact Tel. 305-401-5898, Email: sbehailu@gmail.com tional Ecological Observatory Network (NEON) (Dalton, 2000), and
Availability http://go.fiu.edu/prime hundreds of International LTER sites (Kim, 2006) generating massive
Required hardware PC quantities of high-resolution environmental data. Likewise, there are
Required Software Windows 7 or latest and Text editor many government and regulatory agencies with long-term water quality
Programming Language MatLab 2018b and hydrological monitoring programs across the globe (Hobbie et al.,
2003; Read et al., 2017). Many of these platforms now include
high-frequency sensor-based data streams which further magnify the
volume of data available to researchers. The challenge of environmental
monitoring and assessment is now moving from lack or scarcity of data
1. Introduction to data mining, visualization and big data synthesis (Carey et al., 2015;
Hamilton et al., 2015; Read et al., 2017). The best use of these data
Long-term environmental observatory programs have enabled requires novel synthesis methods and statistical tools to perform
collection of a large amount of hydrological, physio-chemical and bio- cross-cutting spatio-temporal analyses at global, regional and local
logical data to reveal the complex drivers of ecological change, and to scales to develop and test hypotheses. Simple yet comprehensive
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analyses and visualizations are essential to communicate results and
findings of long-term studies among the scientific community and the
public (Farley et al., 2018).

Here, we introduce the development and application of Percentile-
Range Indexed Mapping and Evaluation (PRIME), a new tool designed
to assess long-term hydrological and ecological processes, develop and
test novel hypotheses, and facilitate informed decision making. As an
end-product, PRIME creates datascapes which are multi-layered, semi-
quantitative, highly visual and easy to interpret matrices to compare
variability at multiple scales from days to years, pre- and post-events and
overall long-term patterns. The overarching objective of this paper is to
present the conceptual framework, algorithm, and practical application
of PRIME for long-term hydrological and ecological data. To meet this
objective, we describe the mathematical benefits and flexibility of
percentile curves (PCs) compared to commonly used statistical ap-
proaches to establish mapping indices for the assessment of long-term
data. We demonstrate how a complex eco-hydrological system can be
mapped to datascapes using PRIME to explore and understand processes
using multiple variables, while incorporating the spatiotemporal vari-
ability of critical environmental drivers. To accomplish this, we use 16
years of data from the Florida Coastal Everglades (FCE) collected as part
of the FCE LTER program along two freshwater-to-marine gradients in
Everglades National Park (ENP) since 2000.

2. Comparison of commonly used statistical approaches to
percentile curves

Environmental data are often collected and presented as time series
of values observed in calendar time step. Consider two datasets of var-
iables plotted as time series showing their long-term relationship with
each other (Fig. 1a). Such data are often used to test hypotheses using
descriptive statistics (Fig. 1b), analysis of variance (ANOVA, Fig. 1¢) and
regression analysis (Fig. 1d), to name a few. Descriptive statistics sum-
marize the central tendencies (e.g., mean, median, maximum and min-
imum) and variation (e.g., standard deviation and variance) of data
integrated over time (Fig. 1b). Analysis of trends in mean values, how-
ever, can be misleading because natural processes are seldom normally
distributed. More meaningful insight into long-term variation and trends
could be generated by quantifying the percent of time that the mean is
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likely to be observed. The 1-factor ANOVA provides a better insight into
the variability of data and results are often presented as box-plots
(Fig. 1c). Extreme values are often treated as ‘outliers’ depending on
selection and setting of underlying probability distribution used in the 1-
factor ANOVA. In long-term studies, the ‘outliers’ are likely to represent
extreme events which can have long-lasting effects on the dynamics of
the system. As such, box plots are often used and offer a simple repre-
sentation of the range of data (whiskers) along with median, first and
third quartiles for comparison.

Trend analysis is yet another common method used to visualize (e.g.
scatter plots) and summarize relationship among multiple data sets with
a common attribute such as time (Fig. 1d). Trends between a response
variable are regressed with a set of drivers to determine cause-and-effect
relationships. Even though linear regressions are quite common, many
hydrological and ecological relationships display non-linearities and
analyses may warrant non-linear or step-wise multi-variate regressions.
Trend and regression analyses results however, are also prone to the
large influence by extreme values and outliers. The underlying bias due
to extreme values is attributed to the mathematical dependence of these
methods on the relative distance (deviation) of observations. Since rare
and extreme events tend to initiate a lasting response reverberating
through a system, frequency-based approaches have been used to
circumvent the limitations of deviation-based analyses and capture their
contribution in synthesized results. Percentile curves (PC) are such a
frequency-based approach which utilize the linear ranking of values in
ascending order to transform data into useable visualizations that are
easier to differentiate and interpret (Fig. 1e).

Flow duration curves (FDCs) are a widely used version of PCs in
water resources applications such as water management, flood fore-
casting (Vogel and Fennessey, 1995) and water control structures such
as reservoirs. FDCs are PCs ranked in descending order and illustrate the
signature characteristics of the flow regime (Yilmaz et al., 2008) with
frequency and duration of occurrence of a specific observation over a
sampling list or period (Qian, 2015). Exceedance probabilities (Gun-
derson, 1994; Todd et al., 2010) and exceedance curves (Dessu et al.,
2018, 2019) are variants of PCs frequently used to assess environmental
compliance (e.g. concentration duration frequency curves, U.S. EPA,
2005) in order to integrate the frequency component (in percentile) with
magnitude and duration.
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Fig. 1.

Comparison of common approaches for visualizing long-term time series data (A and B), their sub-sets representing a continuous segment in the middle (A-1

and B-I) and combination of three smaller segments (A-II and B-II). Statistical summaries are presented to show relative variability A against B and relative to their
corresponding sub-dataset. (a) Time-series plot of a variable measured at two separate sites. (b) Descriptive statistical summaries, (c) summary of analysis of
variance, (d) scatter plot showing trend of B relative to A, and (e) percentile curve representation as used in PRIME, of the long-term and sub data sets.
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Quantification via percentile transform the calendar time steps in to
rank based on the percentage of the total number of observations. Since
values and percentiles are monotonically increasing/decreasing in PCs,
the curve can be segmented into mutually exclusive ranges of percentile
or value. PCs spread values over a percentile range of zero to hundred,
irrespective of the number and type of data enabling comparison of sub-
data sets against their long-term trend or other relevant data-sets. These
ranges can be assigned descriptive labels based on their value and
percentile as extreme high/low, high/low and normal ranges. For
example, the values regarded as outliers (observations falling beyond
the whiskers in Fig. 1¢) can be grouped as extreme low or high on the
percentile curve (Fig. 1e). Hence, the percentile curve of the long-term
data represents the signature characteristics of the system against
which all sub-datasets can be compared with to assess the long-term
dynamics.

3. Percentile range index mapping and evaluation (PRIME)
3.1. General PRIME framework

PRIME utilizes percentile curves (PCs) to synthesize long-term time-
series datasets by categorically comparing magnitude and frequency of
sub-datasets against long-term observations and trends. Mapping and
evaluation procedures are based on comparison of subsets of the time-
series at selected percentiles against the intervals of magnitudes from
percentile ranges of the long-term data. PRIME consists of five steps: (1)
input and initialization where the user provides data in suitable format
and sets mapping parameters (Fig. 2a); (2) process the long-term
percentile curve and extract baseline values for mapping (Fig. 2b); (3)
partition the long-term data into groups, generate their respective
percentile curve and extract the value corresponding to defined mapping
percentile (Fig. 2¢); (4) derive status level datascapes (Fig. 2d); and (5)
evaluate relationships between two corresponding maps (Fig. 2e). In this
section, we present the algorithm of PRIME (Fig. 2) along with step-by-
step implementation using average daily sea level data collected from
January 1, 2001 to December 31, 2016 at the Key West tide gage station
(Holgate et al., 2012; PSMSL, 2016). The sea level is referenced to the
North American Vertical Datum 1988 (NAVD88) to align with water
level data discussed in section 4.

3.2. Input data

Consider a multi-variable time-series dataset containing time t,
variable/site name, mapping ID (I, J) and value, in column format [time,
Name, i, j, value] format (Fig. 2a). Mapping identifiers define rows and
columns of the final datascape output. For a selected variable from the
dataset, PRIME extracts the data in [ t, name, i, j, var] format (Fig. 2a).
Hence, the input data is grouped into i x j columns, representing indi-
vidual mapping unit.

3.3. Percentile-ranges and indices

PRIME procedures are based on comparison of percentile curves of
subsets of the data defined by the combinations of mapping identifiers
against the long-term PC. Percentile curve is defined as.

n

PC(P(x,),x, ) = [ N

X100, , | @

Where: PC is the percentile curve, P(x,) is the percentile of the nth
ranked observation x, of the variable in ascending order. N is total
number of observations. Since percentiles range from zero to a hundred,
the long-term PC can be partitioned into mutually exclusive percentile
intervals (Fig. 2b) defined by user specified cut-off percentiles. Each of
these intervals are assigned a unique index to reflect the status of ob-
servations falling within the range as:
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Index;, P <0

Index,, 2, <P <,

PRI = 2

Index,, P>,

where: PRI is the set of percentile-range indices; Index is user defined
index; n is the number of intervals; and Q is set of percentiles defining
each interval. The boundary value of the intervals is extracted from the
long-term PC. For each cut-off percentile, the boundary of the corre-
sponding long-term percentile-range values PRV(Q) is extracted.

The sea level time series data was extracted as [Date, Site, Year,
Month, Value] and the PCs were generated for the long-term data
(implementation of Fig. 2a and b). Five percentile intervals are defined
by cut-off percentiles (Q = 15%, 33%, 67%, and 85%). Percentile-range
indices (PRI=LL, L, M, H, and HH) were established representing
relative sea level status as lower low (LL: P<15%), low (L:
15% <P <33%), median (M: 33% <P<67%), high (H:
67% < P <85%) and higher high (HH: P > 85%) (Eq. (2), Fig. 2a) ob-
servations. Percentile range values (PRV(Q)=-32.5cm, —26.5cm,
—17.2cm and —9.8 cm) corresponding to (Q=15th, 33rd, 67th and
85th) percentiles of the long-term sea level PC were extracted, (Fig. 2b).

3.4. Datascapes

Once the long-term percentile intervals and indices are established,
PRIME partitions the long-term data by the mapping ID (I, J) (Fig. 2c)
and generates percentile curves, pc(i, j (Eq. (1)). Let w(k) be the set of k
percentiles of interest for mapping and evaluation and pv(i,j,k), be the
value extracted from pc(i, j) at w(k) (Fig. 2¢). By comparing the long-
term PV and the mapping unit pv, the datascape is given by:

index;, pv(i,j, k) < PRV(£2;)
index,, PRV(£,) < pv(i,j,k) < PRV(£2,)

Dscape(i,j, k) = 3)

index,, pv(i,j, k) > PRV(£,_,)

where: Dscape (i, j, k) is the datascape with indices, index;,, at row i,
column j of mapping percentile k. PRV is the long-term value corre-
sponding to the cutoff percentile, £.; and pv is the percentile value
extracted at mapping percentiles. The datascape represents the changes
in the system at selected percentiles with respect of the long-term trend
(Fig. 2d). PRIME assigns a unique color for a quick visual understanding
the datascape.

Three sets of mapping categories (i, j) were used to map sea level
status (Fig. 2c¢). The first map used [All Years, Month] mapping cate-
gories in which all values falling in the same month were combined to
make the monthly PC. The second map used [All Months, Year] to map
the relative annual status. The third mapping category was [Month,
Year], in which PCs of individual month were generated. The long-term
and individual monthly datascape was used to evaluate the seasonal
pattern of variables across sites. The annual datascape was intended to
capture annual variabilities across sites associated with major events
such as drought, storms and hurricanes that have extended impact on
the ecosystem. The 33rd, average, median (50th) and 67th percentiles (i.
e., ®(1) = 33%, o(2) = mean(x), ®(3) = median 50% and w(4) = 67%) of
the PCs from sub-datasets grouped by the mapping categories were
extracted and compared with values of the five percentile ranges of the
long-term data to produce datascape (Fig. 2d).

PCs for the long-term daily sea-level and overlays of selected sub-
datasets extracted by Month (June), Year (2009), and Month-
(February and October 2009) are shown in Fig. 3a. Percentile range
values (PRV=-32.5cm, —26.5cm, —17.2cm and —9.8cm) corre-
sponding to (PRI = 15th, 33rd, 67th and 85th) percentiles of the long-
term sea level PC were extracted, respectively as shown in Fig. 3a.
PRIME generates 12 PCs for the sea level sub-datasets grouped in Month
category, 16 for the Year category and 192PCs for the Month-Year
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Fig. 2. General process algorithm of PRIME. (a) Input selection, (b) generate PC for long-term and extract values at selected percentiles, (c) generate PC for each
mapping sub-dataset and extract values at mapping percentiles, (d) generate datascape, and (e) Evaluation and outputs.
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Fig. 3. Illustration of the PRIME setup and input/output procedure using

40 151 331 50 sixteen years of daily sea-level data (2001-2016) from Key West tide gage
= station to produce intervals of percentile curves (PC) at 15th, 33rd, 67th and
5 0 85th percentile and corresponding ranges were defined as LL, L, M, H and HH.
g 10 I S (a) Long-term percentile curves of sea level data and selected subset data by
<z( D = month (June), by year (2009), and by year-month (February and October
g-zo — = -(":/ i 2009), (b) the long-term monthly datascape of the 33rd percentile, mean,
= June 2009 median and 67th percentile, (c) the long-term annual sea level datascape of the
%'30 mean, median and 33rd and 67th percentiles, (d) month-year sea level data-
= 40 X Feb. 2009 scape at 33rd percentile, (e) month-year sea level datascape at 67th percentile,
I e s and (f) contingency table showing comparative evaluation of datascapes in (d)

-50 and (e). The chi-square statistics of the contingency table is 307.9

0 with P < 0.01.
( a ) Percentile «
category.

Compared to the five status ranges of the long-term data, the 33rd
and 67th percentiles of the 2009 PC (—28.8 cm, —15.9 cm) fall in . and
H ranges of the long-term PRI, respectively (Fig. 3b). Similarly, when
the June 2001-2016 PRVs at the 33rd and 67th mapping percentiles are

(b)

extracted and compared with the long-term PRVs, both fall within the
percentile| 8|3 g s g HEIEE:IE: 32 range assigned [} status index of long-term data (Fig. 3¢). The monthly
w | u [N HlH[H[L 33rd and 67th percentiles of sea-level observations of 2009 were map-
EHELHINE « [ - ped to [ (Fig. 3d) in February and [§1§] (Fig. 3e)in October, respectively.
L L H H

3.5. Evaluation

PRIME datascapes are multi-dimensional maps where the relative
location of indices is important in determining the degree of association
and correspondence. Hence, common one-dimensional (rank-based)
correlation such as Spearman’s rank-order correlation coefficient
(Spearman, 1904), Kendall’s rank-correlation test (Kendall, 1955) may

‘ not fully capture the association among datascapes. Contingency
h table and chi-square test are widely used methods to assess relationship

4 between maps (Everitt, 1992) and here we employ both contingency
s ””ﬂ—; table and chi-square to measure the degree of correspondence and as-
| BN HH | HH | HH | HH
™

sociation between PRIME datascapes. Chi-square test whether there is a
significant relationship between datascapes based on the associated
P-value. After this significance test, the degree of correlation between

HH| HH |HH | HH | HH

(d)

67" Percentile datascapes is measured by contingency coefficient (CC) as:
2
cc= /-~ )
N+ 2

where CC is the contingency coefficient. y? is chi-square statistics, N is
the total number of counts and k is the number of rows or columns of a
contingency table. Contingency coefficient values vary between 0 and 1,
close to 0 shows little relationship and close to 1 shows strong
relationship.

PRIME also employs a new non-parametric diagonal correspondence
coefficient (DCC) to measure the overall correspondence of datascapes

Jun LLLM A

sl

HH HH HH HH HH

HH| HH HH HH | HH

(e)

as:
ZCT i.j)+0.5x Y CT(i,j)
=Tl .. .
X CT(i,j) > CTr(i,
Scrii) ; (irJ) ; )
all
() DCC =
> CTr(ij) + 0.5 x Y CTr(i,)j)
Key = =) Otherwi
B Lower Low (LL): < 15 %le of the long-term data ZCTF(i,j) s erwise
Low (L): 15 %le - 33 %le of the long-term data il
| lﬂ Medium (M): 33 %le - 67 %le of the long-term data
“ High (H): 67 %le - 85 %le of the long-term data ®

Higher High (HH): > 85 %le of the long-t dat . . .
igherHigh {HH) E R where CT (i, j) is the element of row i and column j of the contingency

table. CTg(i, j) is the flipped contingency table determined as CTx(i,
) =CT (i, J—j+ 1). DCC is the ratio of the sum of all elements along the
diagonal (i =j) plus half of the elements above and below the diagonal

(caption on next column)
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(i=14)) divided by the total sum of the contingency table. If the
datascapes have an inverse relationship, DCC will be negative and is
calculated after flipping the contingency table. DCC values vary from —1
to 1 and values close to 0 suggest little correspondence. Positive and
negative DCC show direct and inverse correspondence, respectively, as
per the order of indices defined by the percentile range. A strong cor-
respondence may be suggested when |DCC| > 1.5k/(3k-2) for contin-
gency tables with four or more rows and columns, k > 4.

The distribution and pattern of counts in the contingency table can
provide further insight about relationships between datascapes not
captured with the methods included in PRIME. However, the user should
exercise caution in the use and interpretation of contingency table and
measures of association. Statistical inference should be supplemented
with site and disciplinary knowledge. PRIME also includes statistical
summaries of input data to supplement evaluation and interpretation of
datascapes.

To illustrate the evaluation procedures of PRIME datascapes,
consider the 33rd and 67th percentile sea level datascapes as two
separate datascapes (Fig. 3d and e). The resulting contingency
table (Fig. 3f) has a total count of N = 192 pair-wise indices, chi-square
(x2=307.9), and P-value close to 0. Based on the P-value, the two
contingency table statistically significant association between the two
datascapes. The CC is 0.78 (Eq. (4)) suggests a strong association. The
diagonal correspondence coefficient, DCC = (98 + 0.5 x (0 + 88))/192
= 0.74, also suggests strong correspondence between the two datascapes
(Eq. (5)). As expected, the 67th percentile sea level datascape has equal
or greater status levels compared to the 33rd percentile datascape and as
such, the contingency table has zero counts below the diagonal.

4. Application of PRIME: mapping long-term changes in water
levels and salinity in the Florida Everglades

4.1. Introduction

The FCE is a large subtropical wetland ecosystem in south Florida,
USA and is the southern-most portion of the remaining wetlands of the
Greater Everglades, which also include the Water Conservation Areas
(WCA) (Fig. 4). Managed freshwater canals border the FCE to the north
and east while the Florida Keys and the Gulf of Mexico form the southern
and southwestern boundaries, respectively (Fig. 4). Florida Bay is an
open water area between mainland Florida and the Florida Keys. The
FCE receives both fresh and saline surface water and groundwater along
the boundaries of ENP. FCE is susceptible to a projected SLR of 1-2 m by
2100 (Haigh et al., 2014), as much of the landscape is less than 1.5m
above mean sea-level (Titus and Richman, 2001). The combination of
rising sea-level with reductions in fresh water flow (due to water man-
agement) has increased salt water intrusion into the FCE and its un-
derlying aquifer allowing for salt-tolerant communities such as
mangroves to overtake formerly freshwater species (Dessu et al., 2018;
Karamperidou et al., 2013; Krauss et al., 2011; Ross et al., 2000). An
acceleration in sea-level rise is expected to increase coastal erosion and
soil loss, potentially replacing coastal wetlands with non-vegetated open
water areas (Todd et al., 2012; Trenberth et al., 2014; White and Kaplan,
2017; Wilson et al., 2018).

The Comprehensive Everglades Restoration Plan (CERP) was
authorized in 2000 to restore the remaining wetland portions of the
Everglades to its pre-drainage conditions and ensure sustainability. The
long-term impact of CERP projects in the FCE relies on maintaining
suitable quantity and quality of water, nutrient flux, productivity and
hydrologic connectivity (Sklar et al., 2005). Continual monitoring and
assessment are essential to understand and evaluate restoration, identify
challenges and opportunities to inform management decisions and
mitigate undesirable or unintended consequences.

Here, we demonstrate an application of Percentile Range Indexed
Mapping and Evaluation (PRIME) to facilitate data synthesis and the
assessment of long-term environmental restoration in the Everglades.
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We apply PRIME along two main freshwater flow-ways of the FCE, the
Shark River slough (SRS) and Taylor Slough (TS), and within Florida Bay
(FB) following the FCE-LTER monitoring stations to map the status and
dynamics of hydrologic drivers and changes in salinity from 2001 to
2016 (Fig. 4). The specific objectives are to: (1) create datascapes
describing spatial and temporal changes in water level, sea level, fresh-
to-marine head difference (FMHD) and salinity, (2) evaluate the impact
of water level in freshwater marshes to counteract salinity, and (3)
isolate signatures of disturbances and their spatial and temporal extent.

Output from our analysis includes long-term PCs for annual, seasonal
and monthly datascapes of water level, sea level, FMHD and salinity.
Relationships among these variables are then evaluated using contin-
gency tables. Findings from this application of PRIME provide a holistic
understanding of the hydrologic conditions of FCE in a context of how
freshwater flow management can be improved through CERP to reduce
the negative impacts of SLR.

4.2. Methods

4.2.1. Site description

Freshwater inputs to the FCE come from direct rainfall and surface
water inflow through gated structures connecting storage in water
conservation areas (WCA) with Shark River Slough (SRS) and Taylor
Slough (TS). Freshwater inflow from WCA-3A to SRS is managed by the
operation of water control structures located along Tamiami Trail, the
northern boundary of ENP. Inflow to TS is controlled by a series of
detention areas and structures along the eastern boundary of ENP
(Fig. 4).

Sites SRS1 to SRS3 and TS/Ph1 to TS/Ph3 are considered freshwater
marsh sites dominated by sawgrass (Fig. 4). Sites SRS4 to SRS6, and TS/
Ph6-TS/Ph7 are brackish water sites dominated by mangroves. The re-
gion between SRS3 and SRS4, and TS/Ph3 and TS/Ph6 are ecotones,
transitioning between freshwater and estuarine habitats. We use PRIME
to map patterns of water level and sea level and evaluate the implica-
tions on salinity at the coastal sites of SRS (SRS3 to SRS6) and TS (TS/
Ph3, TS/Ph6 and TS/Ph7) and the Florida Bay (TS/Ph9, TS/Ph10 to TS/
Ph11) sites of the FCE-LTER (Fig. 4).

4.2.2. Data

Sixteen years of daily water level data from 2001 to 2016 for each of
the FCE SRS and TS sites were obtained from nearby stations (NP201/
SRS1, P36/SRS2, MO-215/SRS3, Shark River/SRS5, TE/SRS4, NTS1/
TS/Phl, TSB/TS/Ph2, E146/TS/Ph3), Upstream Taylor River (UTR, TS/
Ph6) and Taylor River Mouth (TRM, TS/Ph7) operated by the United
States Geological Survey (USGS) and the Everglades Depth Estimation
Network (EDEN) project (USGS/EDEN, 2019) (Figs. 4 and 5 a& b). Daily
sea-level data from the Key West station operated by the National
Oceanic and Atmospheric Administration (NOAA) was used due to its
comparatively longer and continuous daily sea-level data available since
1913 (Holgate et al., 2012; PSMSL, 2016) (Fig. 5a and b). Tidal gage
sea-level data were converted to the 1988 North America Vertical Datum
(NAVDS8S8) for comparison with water-level data. FMHD is determined
by subtracting sea level from water levels at the most downstream
freshwater site, SRS3 for Shark River slough and TS/Ph3 for Taylor
Slough, respectively (Fig. 5c and d). Surface water salinity data were
obtained from FCE-LTER monitoring stations in SRS (SRS3 to SRS6)
(Gaiser and Childers, 2017) (Fig. 5¢), TS sites (TS/Ph3, TS/Ph6 and
TS/Ph7) (Troxler, 2017) (Fig. 5d) and Florida Bay (TS/Ph9, TS/Ph10
and TS/Ph11) (Briceno, 2017; Fourqurean, 2017) (Fig. 5e). Surface
water salinity data were three-day composites of water samples
collected at each of those sites.

4.2.3. PRIME setup and output

Long-term PCs were generated for all variables based on Eq. (1)
(Fig. 2a and b). Five percentile-range indices (PRI) were established
representing the status level of the variable as lower low (LL: P < 15%)
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salinity in TS, and (e) Salinity in Florida Bay (FB).

segment observations, low observations (L: 15% < P < 33%), observa-
tions within +£17% of the median (M: 33% < P <67%), high observa-
tions (H: 67% <P <85%) and observations exceeding the 85th
percentile and termed higher high (HH: P > 85%) (implementation of
Eq. (2), Fig. 2b). These PRI’s were applied across all variables. The PRI
selection criteria were: (1) statistical margins based on standard

deviation of approximate normal distribution at (+0.5¢ and +10), (2) to
provide sufficient flexibility to use the datascape for ecological assess-
ment such as frequency of exposure to ranges of salinity; (3) to capture
spectrum of seasonal variability, and (4) to extract mapping percentiles
for data sets as small as 9 observations (e.g. water quality sampling in-
terval for SRS4 to SRS6 is a 3-day composite that translates to a
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maximum of 10 observations per month).

As all the variables used in this application are in the same (daily)
time step and assessed with similar user-defined criteria, the example
procedures employed to map sea level in section 3.3 are used to setup
input/output and evaluation using PRIME. Salinity responses of SRS4
and TS/Ph6 to changes in freshwater level, FMHD and sea level were
evaluated using contingency tables based on the PRIME datascapes.
South Florida experiences two seasons, a summer-time wet season (May
to October) and a winter-time dry season (November to April). As wet
season is characterized by low salinity and high-water level, sea level
and FMHD (Fig. 5), the 33rd percentile salt-scapes are compared with
67th percentile hydro-scapes, and vice versa.

4.3. Results

4.3.1. Long-term spatial variability

The observed gap among water level PCs reflected the relative
ground elevations of the individual stations along the freshwater flow
direction (Fig. 6a) in SRS and TS. The water level PCs for sites SRS4 & 5
as well as TS/Ph3, 6 & 7 tended to cluster together following a similar
pattern as sea level. Long-term water level PCs were above sea level,
except at TS/Ph3. Water levels at SRS3 and TS/Ph3 were below their
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Fig. 6. Long-term hydrologic and salinity percentile curves (PCs) of FCE. (a)
Water-levels, ground level and sea-level, (b) FMHD and (c) salinity in Shark
River Slough (SRS3, 4, 5 and 6), Taylor Slough (TS/Ph3, 6 and 7) and Florida
Bay (TS/Ph9, 10 and 11) from 2001 to 2016.
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respective mean ground level for about 10% of the time (Fig. 6a). Water
levels at TS/Ph3 were below sea level for 5% of the time. Sea levels
exceeded mean ground levels of SRS3 and TS/Ph3 for 15% and 75% of
the time (Fig. 6a). Water-level trends at SRS5 and TS/Ph7 are relatively
similar but SRS4 was consistently lower than TS/Ph6 by ~5cm.
Compared to the sea-ward hydraulic gradient of water levels in SRS, the
order of water level PCs between TS/Ph3 and TS/Ph6 interchanged at
the lower (<~35 percentile) and higher (>90 percentile) ends (Fig. 6a).
FMHD in SRS was higher compared to TS/Ph3 (Fig. 6b).

Salinity levels were below 2 psp 95% of the time at SRS3 and below
10 psp for about two thirds of the time at SRS4 (Fig. 6¢). Conversely,
salinity at FB site TS/Ph10 ranged between 25 and 50 psp. The seasonal
variability of salinity was higher at SRS4 and TS/Ph6 compared to SRS5
and TS/Ph7, their respective downstream sites. Compared to SRS, TS
experiences extreme high and low salinity levels (Fig. 6¢). The
maximum salinity levels in SRS and TS are bounded by salinity levels at
SRS6 and TS/Phl0, respectively. Despite their relatively close
geographic proximity, the gap between salinity PCs at TS/Ph6 and TS/
Ph7 increased steadily up to the 65th percentile after which the gap
decreased rapidly while the salinity values at both sites approached
those observed at FB. TS/Ph6 displayed the highest rate of rise in salinity
after the ~65th percentile from 10 psp to 50 psp (Fig. 6¢). The long-term
averages and values at percentiles defining the range of indices are listed
in Table 1.

4.3.2. Cross site annual and seasonal datascapes

4.3.2.1. Hydro-scapes (water level, sea level and FMHD). Annual water
levels and sea level showed increasing trends from 2001 to 2016
(Fig. 7a). These temporal patterns is reflected in the hydro-scapes as
change in status levels from L to M and M to H. Relatively dry years (e.g.
2001, 2005, 2007, 2011, and 2015) exhibited either LL/L status in
freshwater level at the 33rd percentile and L status at the mean and
median. High (H) water level status was observed at the 33rd percentile
in 2016. H/HH water level status became dominant at most SRS and TS
sites at the median and 67th percentile between 2012 and 2016
(Fig. 7a). H/HH water level status was most frequently observed in
2016. The FMHD status levels were L/M at the mean and 33rd percen-
tile, and M/H at 67th percentile for both SRS and TS. Unusually low and
high FMHD status levels were observed in SRS in 2015 and 2005,
respectively (Fig. 7a).

The monthly hydro-scape across all sites showed strong seasonality
with the L/LL and H/HH status generally aligned with the dry and wet
months, respectively (Fig. 7b). Water levels and sea level status were H
in September and October at the 33rd percentile and H/HH from August
to November at 67th percentile (Fig. 7b). Water levels at the 33rd
percentile indicated a three-month lag in LL status at the upstream
freshwater sites compared to the salt-water sites in both SRS and TS
(Fig. 7b). The FMHD for both SRS and TS tended to be lowest between
March and June at the 33rd percentile and between April and May at the
67th percentile (Fig. 7b).

4.3.2.2. Salt-scape. Annual salinity generally shifted from L to M to H in
SRS and TS at the 33rd percentile (Fig. 7c) between 2001 and 2015. The
years 2008 and 2015 have either H or HH salinity status at the 67th
percentile for all sites, except TS/Ph10 (Fig. 7c). The months of March
through June corresponded with H and/or HH salinity conditions in
both SRS and TS at both percentiles mapped (Fig. 7d).

Higher salinity status was observed in the FB sites between the
months of March and August, with H status extending in to wet months
at the 67th percentile (Fig. 7d).

4.3.3. Temporal (month-year) datascapes
Dry months from March to June were characterized by low FMHD
and high salinity, whereas August to November was dominantly high
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Table 1
List of variables, sites, and values corresponding to specific percentiles of the long-term data (2001 to 2016).
Variable Site Mean Percentile
~0.01 15 33 50 67 85 ~99.99

Water level (cm) SRS1 182.8 88.4 162.2 171.3 178.3 196.3 213.1 237.7
SRS2 84.5 7.9 67.4 76.5 86.6 94.5 101.5 122.2
SRS3 21.3 -41.5 -2.7 14 26.2 32.9 40.2 67.7
SRS4 -12.5 -68 -28 -18.6 -12.2 -6.1 1.5 60
SRS5 -15.5 -65.5 -28.3 -20.7 -15.2 -9.8 -3 40.5
TS/Phl 88.3 -24.4 43 72.5 98.8 113.4 125.3 148.1
TS/Ph2 58.2 -42.4 17.7 41.8 64 81.7 95.1 121.9
TS/Ph3 -9.2 -64.6 -24.4 -15.2 -6.4 0 6.4 30.8
TS/Ph6 -8.0 -42.1 -21.6 -14.6 -8.5 -1.8 5.5 69.2
TS/Ph7 -15.7 -51.2 -27.7 -20.7 -16.2 -11.3 -4 79.2

Sea level (cm) Key West -21.5 -54.1 -32.5 -26.5 -22.1 -17.2 -9.8 18.4

FMHD (cm) SRS 42.9 -16.2 22.8 37 45.6 52.4 60.6 93
TS 12.2 -42.3 0.2 8.9 14.1 18.7 24.8 58.4

Salinity (psu) SRS3 0.2 0 0 0 0 0 0.2 8.7
SRS4 5.4 0 0.7 1.3 2.2 5.3 12.8 27.7
SRS5 14.7 0.1 5.5 9.4 13.4 18.4 25.2 35.3
SRS6 23.5 2.5 16.8 20.9 23.3 26.6 30.5 39.2
TS/Ph3 0 0 0 0 0 0 0 0
TS/Ph6 8.7 0 0.5 0.9 1.6 6.1 24.9 49.3
TS/Ph7 16.1 0.1 2.4 8.0 14.7 21.3 30.0 49.7
TS/Ph9 32.0 16.8 25.6 28.9 31.7 35.4 38.8 48.6
TS/Ph10 36.1 26.3 31.5 34.3 35.5 39.8 42.4 47.9
TS/Ph11 35.9 24.4 33.3 35.2 36.0 37.3 38.7 44.4

FMHD and low salinity both in the 33rd and 67th percentile (Fig. 8). In
general, salinity levels were H/HH in the dry season from March to July
at SRS4 and TS/Ph6 (Fig. 8b and c). Among the sixteen years, 2015 had
the longest L/LL FMHD status (10 months) that extended into the wet
season corresponding to seven months of H/HH salinity status. In gen-
eral, the FMHD from July to November decreased over the sixteen years
(Fig. 8).

4.3.4. Evaluation of datascapes

Relationships between the month-year saltscapes at SRS4 and TS/
Ph6 with sea level, water level and FMHD were evaluated (see Table 2).
Salinity at SRS4 and TS/Ph6 showed strong association and inverse
correspondence with water levels (CC>0.5) and FMHD (DCC > —0.58)
(Table 2). Sea levels at Key West and salinity levels at SRS4 were weakly
associated. There was no statistically significant association between
salinity at TS/Ph6 and sea level (P value > 0.05) (Table 2). FMHD had a
stronger association with salinity at TS/Ph6 compared to freshwater
levels at TS/Ph3. Overall, FMHD had a consistent level of association
with salinity at SRS4 and TS/Ph6. Water levels at TS/Ph3 showed a
marginally better association with sea level compared to SRS3 (Table 2).

4.4. Discussion and interpretation

4.4.1. PRIME is a synthesis platform for long-term data-sets

With increasing volumes of data, exclusive use of descriptive statis-
tical summaries even if they include estimates of variance over certain
time intervals, may mask the impact of disturbances (e.g., hurricanes,
drought, storm water surges and saltwater intrusion, etc.) or other
sources of abrupt shifts. FCE-LTER has been collecting long-term hy-
drologic and ecological data along the SRS, TS and FB transects of the
ENP since 2000 (Figs. 4 & 5, and Table 1). Results of PRIME extend
previous FCE data synthesis efforts (e.g. Childers, 2006; Davis et al.,
2018; Dessu et al., 2018; Kelble et al., 2007) and provide novel insight to
the underlying hydrologic and salinity pattern at individual sites as well
as potential connectivity across the three FCE transects for the five
variables investigated. Long-term PCs captured signature pattern of the
specific variables at each site. PRIME datascapes visualize patterns in
finer resolutions to capture processes of interest, identify inherent re-
lationships and correlations across variables or sites.
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4.4.2. Long-term PCs show signature patterns of water level and salinity
across FCE-LTER sites

Compared to the monthly average time series plots (Fig. 5), hydro-
logic and salinity PCs provided a clearer picture of underlying patterns
(Fig. 6) at the site. For instance, water levels at SRS3 and TS/Ph3
experienced similar percentiles of wetness and dryness with water levels
at or above their respective ground surface elevations for at least 90% of
the daily observations from 2001 to 2016 (Fig. 6a). Vulnerability to sea
level rise can be inferred from the long-term PCs when sea level
exceeded the ground surface elevation at a site, which was 75% and 15%
of the daily observations at TS/Ph3 and SRS3, respectively (Fig. 6a).
Extended draw down in water levels either due to drought or a decrease
in freshwater inputs could expose TS to increasing coastal erosion
replacing coastal wetlands with non-vegetated open water areas (Ross
et al.,, 2000; Todd et al., 2012; White and Kaplan, 2017). With the
average sea level rise of 7.7 + 4.3 mm/year from 2001 to 2016 at Key
west (Dessu et al., 2018), the estuarine region of TS could be below sea
level within ten to fifteen years.

As expected, salinity increased downstream and with distance from
freshwater marshes of SRS and TS (Fig. 6b). Interestingly, the SRS es-
tuaries experience a narrow range of salinity between SRS4 and SRS6
over a large spatial extent compared to the wide range of salinity over a
much shorter distance between TS/Ph6 and TS/Ph7. The change in the
salinity PC gradient, particularly at TS/Ph6 above a percentile of 60%
may be attributed to a seasonal change in hydrologic connectivity. The
combined effect of a negative FMHD and higher water levels at estuarine
site TS/Ph6 compared to the upstream site TS/Ph3 may facilitate salt
water intrusion and increased residence time at TS/PH6 resulting in not
only the rapid increase in salinity but also the hypersaline conditions
observed above a percentile of 95% (Fig. 6¢). Discharge of brackish
groundwater within the region of TS/Ph6 and TS/Ph7 also account for
the higher salinity observed at those sites (Price et al., 2006). Small
spikes in salinity observed at SRS3 are driven by the higher tidal influ-
ence in SRS (Smith and McCormick, 2001).

4.4.3. FMHD can inform freshwater delivery to coastal Everglades

FMHD along Shark River and Taylor Sloughs of ENP measures
landscape-level vulnerability of downstream freshwater marshes
through the oligohaline ecotone to reductions in freshwater flow
(caused by drought and water management) and sea level rise. Recent
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Table 2
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Contingency table evaluation of month-year PRIME datascapes for selected pair of sites and variables. Chi-square (x?) test and P value are used to determine statistical
significance (P < 0.05) of the association represented by the contingency table. Contingency Coefficient (CC) and Diagonal Correspondence Coefficient (DCC) measure

the level of association.

Datascape 1 Datascape 2

Summary Statistics

Variable Site %le Variable Site %le x2 cch DCC
Salinity SRS4 33 WL SRS3 67 332.7 0.80 -0.84
67 33 252.7 0.75 -0.80
33 SL Kw 67 76.6 0.53 -0.55
67 33 53.8 0.47 -0.54
33 FMHD SRS 67 219.4 0.73 -0.72
67 33 169.4 0.68 -0.73
TS/Ph6 33 WL TS/Ph3 67 113.1 0.61 -0.60
67 33 104.2 0.59 -0.65
33 SL KwW 33 25.3 Not significant
67 67 20.2 P value > 0.05
33 FMHD TS 67 147.9 0.66 -0.64
67 33 144.2 0.65 -0.68
WL SRS3 33 SL Kw 33 74.0 0.53 0.58
67 67 69.3 0.52 0.58
TS/Ph3 33 SL KW 33 109.3 0.60 0.64
67 67 102.2 0.59 0.61

Abbreviations: %le = percentile; WL = water level; KW = Key West; SL = sea level; FMHD = fresh-to-marine head difference.

* CC > 0.5 suggests strong association between datascapes.

**|DCC| > 0.58 suggests strong correspondence between datascapes for a 5 x 5 contingency table.

work demonstrated that a combination of salt exposure and dry-down
makes FCE systems particularly vulnerable to peat collapse (Dessu
etal., 2018; Wilson et al., 2018). FMHD PCs show the hydraulic gradient
for freshwater marshes of SRS and TS relative to sea level (Fig. 6b). The
higher positive FMHD in SRS may provide a higher hydraulic head to
drive fresh surface and groundwater toward the coastal estuaries. Since
FMHD is below zero in TS 15% of the time, all LL levels of TS FMHD
datascapes represent sea level higher than freshwater levels at TS/Ph3.
TS estuaries are at exposure to salt water intrusion at least 33% of the
time in April and 50% of the time in May (Fig. 7b).

PRIME datascapes also highlighted temporal and spatial hot-spots for
alternative mitigation and management options. The 2-3 months lag
between the lowest freshwater levels relative to sea level corresponded
with the lowest FMHD between April and June (Fig. 7b). This difference
in status level is reflected in the FMHD-scapes as L/LL status. The dry
season freshwater marsh water levels in SRS and TS lag by one status
level from sea level in April and May resulting in extreme low FMHD and
high salinity levels. Redistributing freshwater deliveries from August
and September to April and May might increase the FMHD and reduce
the extreme high salinities in those later dry season months. Compared
to SRS, freshwater deliveries to TS may need to consider the prevailing
salinity conditions and the change in salinity over a short distance to
provide enough residence time to freshwater deliveries.

Water levels in the freshwater marsh sites of FCE depend on the
amount of freshwater delivery (Dessu et al., 2018; Karamperidou et al.,
2013). Hence, the relationship between freshwater levels and salinity
can indicate the effects of water management on salinity levels. Monthly
salt-scapes at SRS4 displayed a better correspondence with the water
levels at SRS3 over the sixteen year period (Table 2). However, it is
important to factor in the effect of sea level rise which will continue to
reduce the effect of freshwater levels on salinity. The level of corre-
spondence between freshwater marsh water levels (SRS3 and TS/Ph3)
and sea level (DCC < 0.65, Table 2) indicates a possible mismatch in
timing of water level and sea level patterns. Comparison of the long-term
monthly and annual hydro-scapes (Fig. 6a and c) with salt-scapes
(Fig. 6b and d) showed that FMHD is a consistent predictor of salinity
status in SRS and TS compared to either freshwater levels or sea level.

4.4.4. Salinity in Florida Bay is influenced by freshwater levels in SRS and
TS
PRIME datascapes also suggest a potential correlation between
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salinity levels in FB with FMHD of SRS and TS. Even though the effect of
freshwater deliveries in TS and salinity levels in FB has been widely
documented (Nuttle et al., 2000; Swart and Price, 2002), the link of
water levels in SRS and salinity levels in FB is not yet clearly established
(Marshall et al., 2011). The annual and seasonal salt-scapes of FB indi-
cated a correspondence of high salinity levels at 67th percentile with
low FMHD of either SRS or TS (Fig. 7a and c). The monthly salt-scapes of
FB also showed a similar correspondence, but lagged by one or two
months (Fig. 7b and d). Hence, the high salinity levels in FB may be
reduced by maintaining suitable FMHD to drive fresh surface and
groundwater flow from TS and SRS to FB.

4.4.5. PRIME datascapes facilitate detection and tracing of disturbance

Extreme disturbances and their impact can be detected as a single or
successive hot-spot or nonconformity in PRIME datascapes. Droughts
and hurricanes/tropical storms are major disturbances on the hydrology
and water quality of the Everglades (Davis et al., 2018). The impact of
Hurricanes and Tropical storms in 2003, 2005 and 2008 is observed in
the PRIME results with higher water levels in those annual hydro-scapes
and high levels of FMHD at SRS4 (Fig. 8a). Freshwater delivery to the
SRS and TS also depends on the anticipation or occurrence of drought
and hurricanes (Dessu et al.,, 2018; Light and Dineen, 1994). The
anticipation of either a strong or weak hurricane complicates water
management and freshwater delivery to the Everglades. Hurricanes or
storm events that occur during a period of anticipated drought, or a
passing hurricane changing course after water levels in reservoirs are
brought to low levels may disturb the normal function of the Everglades.
The excess freshwater from hurricanes helps to reduce salinity if stored
and released in the following dry season.

Based on the monthly salinity status pattern, low and high salinity
levels are expected from August to November and March to May,
respectively. High (H/HH) salinity levels from August to February may
suggest disturbance due to either lack of freshwater delivery or extended
drought conditions (e.g. 2005, 2007/2008, 2011 and 2015) (Dessu
et al., 2018). The dry condition in 2007 induced low water levels and
FMHD that extended into 2008 until Tropical storm Fay (August 2008)
resulting in a six month streak of high salinity status at SRS4 and TS/Ph6
between the months of January and September 2008 (Fig. 8). A period of
M status months in the wet season at the 33rd percentile (2007 and
2015) suggests prolonged exposure of the system to above normally
expected L/LL salinity levels. Prolonged salinity may induce a period of
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stress on the ecosystem that would have had relief from the seasonal
flushing. Similarly, low salinity levels (LL/L/M) in the dry season (e.g.
2007 and 2016) may indicate high freshwater delivery due to excess
freshwater stored in the upstream reservoirs from a hurricane or storm
in the previous wet season, or expectation of a coming wetter year.
PRIME datascapes provided a visual representation to detect and
quantify disturbances across sites (Fig. 7). The change in hydro-scapes
from 2011 to 2012 stands out across SRS and TS as water levels and
sea level each increased by at least one status level at the 33rd and 67th
percentiles (Fig. 7a) with a corresponding decrease in salinity level by at
least a level or two (Fig. 7c). The salinity levels of 2015 were unprece-
dented with high salinity levels observed in SRS and TS particularly at
the 33rd percentile (Fig. 7c), whereas 2016 was characterized by the
highest water levels and sea level, and low salinity levels (Fig. 7d).

4.4.6. PRIME can be used to evaluate potential benefits from Everglades
restoration scenarios

The overall increasing trend of water levels in the freshwater marsh
sites suggests progress towards restoring the pre-development flow
conditions (McVoy et al., 2011; Sklar et al., 2005), as well as preserving
the natural landscape of the Everglades (Nungesser et al., 2015). From a
management and restoration perspective, understanding how increased
freshwater flow through the Everglades can offset the adverse effects of
sea level rise, maintaining suitable salinity conditions throughout the
ecotone, and providing for the freshwater needs of downstream estu-
aries is critical for protecting and sustaining these resources for the
future. While increasing freshwater levels can help to increase FMHD
and combat sea water intrusion, the estuarine wetlands vulnerability to
rising water levels needs to be factored in water delivery decision pro-
cess. PRIME results have demonstrated the potential of using the FMHD
variable to capture the benefits of increased freshwater delivery relative
to sea level rise along SRS, TS and FB. Multiple CERP projects are being
implemented towards restoration of the Everglades and improving
freshwater delivery. PRIME datascapes from modeled restoration sce-
narios can help to compare benefits across plans, allowing for an un-
derstanding of increments of freshwater flow needed to offset recent
rates of sea level rise. Hence, the potential benefits of CERP projects can
be evaluated by mapping the FMHD datascapes from model simulation
of CERP scenarios and comparing with the baseline historical relation-
ship of FMHD and salinity datascapes.

5. Conclusions

The use of time-series analyses has become part of the statistical tool-
kit of many earth and environmental scientists. This is the direct result of
the large volumes of data now available through hydrological and
environmental observatory platforms including the LTER network,
Critical Zone Observatories (CZOs), and the National Ecological Obser-
vatory Network (NEON). The need for effective, statistically robust, and
easily interpretable time-series analyses is now required to compare
patterns within and across these rich data sets and environmental gra-
dients. As a direct result of this need throughout the earth and envi-
ronmental science community, we developed PRIME as a tool based on
the statistical advantages and flexibility of percentiles. PRIME results
can directly assist environmental assessment and monitoring by
comparing both magnitude and recurrence. PRIME produces visual
datascapes summarizing a series of comprehensive analyses. Datascapes
also provide a visual output that can be used to communicate results and
findings to stakeholders and which demonstrate the importance of
maintaining long-term observatories and data repositories. We demon-
strate how a complex hydrological system such as the FCE can be
mapped using PRIME to explore and understand processes across vari-
ables, time and space. We advocate the use of PRIME as a new statistical
tool to support cross-cutting spatio-temporal analyses at global, regional
and local scales and build comparative relationships of long-term
ecological and hydrological studies.
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