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Whenever measurements of fecal poliution in coastal
bathing waters reach levels that might pose a significant
health risk, warning signs are posted on public beaches in
California. Analysis of historical shoreline monitoring

data from Huntington Beach, southern California, reveals
that protocols used to decide whether to post a sign are
prone to error. Errors in public notification (referred to here
as posting errors) originate from the variable character

of pollutant concentrations in the ocean, the relatively
infrequent sampling schedule adopted by most monitoring
programs (daily to weekly), and the intrinsic error
associated with binary advisories in which the public is
either warned or not. In this paper, we derive a probabilistic
framework for estimating posting error rates, which at
Huntington Beach range from 0 to 41%, and show that
relatively high sample-to-sample correlations (>0.4) are

required to significantly reduce binary advisory posting errors.

Public mis-notification of coastal water quality can be
reduced by utilizing probabilistic approaches for predicting
current coastal water quality, and adopting analog,
instead of binary, warning systems.

Introduction

Many government-sponsored environmental monitoring
programs issue health advisories whenever pollutant con-
centrations reach levels that might pose a threat to human
health. The utility of health advisory programs logically
depends on their ability to disseminate timely and accurate
information, in a format that is useful and easy to understand.
This study examines the health advisory component of a
large (statewide) shoreline water quality monitoring program
in California. Health advisories take the form of warning signs
that are posted at public beaches whenever shoreline water
quality (as measured by fecal indicator bacteria) fails to meet
one or more of seven different state standards. The California
health advisory program is one of a growing number of such
programs nationwide, sponsored in part by the Federal
Beaches Environmental and Coastal Health Act passed by
the U.S. Congress in October 2000 (1—4). A noteworthy aspect
of the California program is its binary nature, in which
information about coastal water quality is conveyed to the
public by the presence or absence of warning signs on the
beach during the high-use period from April 1 through
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October 31 of every year. This binary approach stands in
contrast to other long-standing reporting programs, for
example, weather forecasts, in which the information pro-
vided to the public is probabilistic in nature (5).

In this paper, we set out to answer several questions: (1)
What is the magnitude of error associated with binary health
advisories? (2) How are these errorrates affected by the degree
to which the concentrations of bacteria in consecutive
samples are correlated? (3) Can the accuracy and effectiveness
of health advisories be improved by changing the way data
are collected and analyzed and/or by changing the way water
quality information is conveyed to the public? To answer
these questions, we develop a probabilistic framework for
analyzing posting errors and compare the theory to observa-
tions of posting errors at Huntington Beach in southern
California. Huntington Beach is an ideal natural laboratory
to examine shoreline water quality issues because of the
magnitude of the historical water quality problem, the wealth
of available shoreline monitoring data, and the fact that a
series of special studies have been conducted with a wide
range of sampling frequencies (6—8).

Public Notification of Shoreline Water Quality in
California

BeginningJuly 1, 1999, the State of California mandated fecal
indicator bacteria monitoring at all public beaches with more
than 50 000 annual visitors and established seven statewide
concentration standards for fecal indicator bacteria in the
surf zone. When the concentration of indicator bacteria at
a monitoring site exceeds any of the California standards,
the local health official must post a sign warning beach goers
of potential health risks associated with entering the water
(surf zone posting). If a sewage spill is suspected, the local
health official may close the surf to public access (surf zone
closure). Four of the seven standards are single-sample
standards, for which a monitoring site is considered to be
out of compliance if the concentration of indicator bacteria
in a single sample exceeds specified concentrations for total
coliform (TC), fecal coliform (FC), and Enterococcus species
(ENT). The California single-sample standards for TC, FC,
and ENT are respectively 10 000, 400, and 104 most probable
number (MPN) or colony forming units (cfu)/100 mL; a fourth
single-sample standard for TC of 1000 MPN or cfu/100 mL
applies when the TC/FC ratio falls below 10. The remaining
standards are 30-day geometric mean standards, for which
amonitoring site is considered to be out of compliance if the
geometric means of TC, FC, and ENT in all samples collected
within a 30-day period exceed 1000, 200, and 35 MPN or
cfu/100 mL, respectively. These standards correspond, at
least theoretically, to a threshold rate of bather illness of 19
cases of highly credible gastrointestinal disease for every 1000
bathers. (3, 9—11) There are many historical reasons for
choosing this particular threshold, including the fact that it
represents the background rate of gastrointestinal illness
among the general population (12).

Observations of Posting Errors at Huntington Beach

The surf zone posting protocols described above were
adopted with the goal of conveying to the public up-to-date
information about surf zone water quality. However, a post
de facto comparison of posting records and water quality
test results indicates that the public is often mis-notified
about current water quality conditions. This point is il-
lustrated in Figure 1A where we compare measurements of
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FIGURE 1. (A) Log-transformed concentration of ENT in the surf zone at Huntington Beach and Newport Beach plotted against surf zone
stations (vertical axis, see also map) and time (horizontal axis). Each sample collected from the surf zone appears as a small dot in the
plot. Open and closed circles at the top of the figure indicate the timing of full and new moons, respectively. Black and red polygons
represent the posting and closure history, respectively. gmenr and sex refer to the California geometric mean and single-sample standards
for ENT in the surf zone. Several posting events (labeled 1—4) are discussed in the text. (B) Plot of the maximum daily tide range, defined
as the difference between the daily higher-high and lower-low tides.

ENT in the surf zone at Huntington Beach (color ranging
from blue to black) with the posting and closure history (black
and red polygons, respectively) over the period May 1—
October 31, 1999. This time period was selected because it
includes the summer of 1999 when Huntington Beach
experienced a record number of postings and closures, and
it straddles the start of California’s new water quality
regulations that went into effect July 1, 1999. Most (95%) of
the postings indicated in the figure were triggered by the
single-sample and geometric mean standards for ENT. Yet
there are many instances when the concentration of ENT
exceeded the single-sample standard but signs were not
posted (referred to here as underprotection errors) or where
the concentration of ENT was below the single-sample
standard but signs were posted (overprotection errors). Often,
overprotection errors immediately follow underprotection
errors (e.g., see events 1—3 in Figure 1A). Presumably, posting
errors caused by the single-sample standards originate from
the variable nature of water quality in the surf zone (see next
section) and the inherent time delay (ca. 2—3 d) between
when a sample is collected and when a sign is posted or
taken down. The geometric mean standard also triggered
overprotection errors involving multiple shoreline stations
and lasting several weeks (see last half of event 4 in Figure
1A). The geometric mean is computed from test results
collected at a particular site over the preceding 30 days (the
so-called 30-day geometric mean standard); therefore, once
a violation has occurred, a relatively large sequence of
compliant samples are required before the geometric mean
falls back below the standard. It should also be noted that
the use of geometric means for evaluating human health risk
has been challenged on theoretical grounds (13).

2498 = ENVIRONMENTAL SCIENCE & TECHNOLOGY / VOL. 38, NO. 9, 2004

Importantly, we note that beach closures can be more
accurate predictors of poor water quality than beach postings.
Beginning on July 1, 1999, the local health officer closed
sections of Huntington Beach out of concern that the surf
zone contamination might be from a source of sewage (red
polygon in Figure 1A). From personal observations, the health
officer was aware that the concentration of fecal indicator
bacteria in the surf zone at Huntington Beach was generally
highest during full and new moons (when the daily tide range
is maximal, compare Figure 1, panels A and B) (14). Awareness
of these lunar cycles influenced the health officer’s decisions
about when to close the beach and was one of the factors
that allowed him to correctly anticipate the large pollution
event that occurred during the full moon in early September
(see large closure eventin Figure 1A). This anecdote suggests
that posting error rates might be reduced if posting protocols
were designed to take into account factors known, through
pastexperience, to influence local water quality. Some of the
factors affecting surf zone water quality are described next.

Patterns and Randomness in Shoreline Water Quality

Surf zone water quality has both periodic patterns and
random fluctuations. The concentration of fecal indicator
bacteria in the surf zone at Huntington Beach, for example,
exhibits a cascade of periodic patterns including (6—38): (1)
tidal cycling in which the concentration is higher during ebb
tides and lower during flood tides (or vice versa); (2) diurnal
cycling in which the concentration is higher at night and
lower during the day; (3) spring—neap cycling in which the
concentration is higher during spring tides and lower during
neap tides (evident in Figure 1A); (4) seasonal cycling in which
the concentration is higher during the winter storm season
and lower during the summer dry season; (5) El Nifio cycling



in which the concentration is higher during stormy El Nifio
winters and lower during dry La Nifla winters; (6) multi-
decadal patterns in which periodic large-scale investmentin
sewage and storm runoff infrastructure improves coastal
water quality.

Monitoring programs can detect these periodic patterns
only if the time interval between samples is smaller (by at
least a factor of 2) as compared to the characteristic period
of a particular pattern of interest (15). For example, samples
must be collected at least every 3 h in order to detect tidal
cycling because each ebb and flood tide lasts ca. 6 h. Routine
monitoring programs in California, which typically sample
each site once per day to once per week, can detect patterns
3—6 described above depending on the length of time over
which data are available. Importantly, processes with char-
acteristic periods less than the sampling interval cannot be
detected because the water quality signal is aliased by the
sampling program. The relative uncertainty associated with
the water quality sampling and testing methods, which ranges
up to 23% (16), is also a source of noise (17). In the next
several sections, we develop and test a probabilistic model
that can account for the repeating patterns and random noise
inherentin water quality measurements. To make the results
of the probabilistic analysis accessible to a broad audience,
each section begins with the primary question to be
addressed, immediately followed by the answer supported
by the analysis.

Probability of Single-Sample Exceedences
Question: Can the fraction of samples violating single-sample
standards be predicted from statistical features of local water
quality, such as measures of central tendency and spread?
Answer: The fraction of samples violating single-sample
standards can be predicted from the log-mean and standard
deviation of fecal indicator monitoring data, provided that
the data are well described by a log-normal distribution.
Furthermore, the theory predicts and observations confirm
that, under certain conditions, a marginal change in water
quality can lead to a substantial change in the number of
signs posted at the beach.

The probability that the concentration of bacteria in a
single sample will exceed a standard (s) can be represented
mathematically as follows:

P, =PC>s= [ fLodc (1

where Cis arandom concentration variable, cis a particular
realization of the random variable, and f{(¢) is the probability
density function for the concentration of fecal indicator
bacteria in the surf zone. The exceedence probability (Pex)
is a measure of water quality: Pe, — 1 if water quality is very
poor, and P, — 0 if water quality is very good.

The monitoring data at Huntington Beach conform rea-
sonably to a log-normal distribution (based on Kolmogorov—
Smirnov normality tests (18); maximum difference K — § =
0.08 at the significant level a < 0.01) (see Figure Sl in the
Supporting Information) as do monitoring data at other
coastal sites throughout the world (19—21). Accordingly, we
replaced C with log Cin eq | and substituted the Gaussian
probability distribution function for fi,z ¢(log c). After
simplification, the following relationship was obtained
between the exceedence probability and a nondimensional
variable referred to here as S*:

erfc S* (2a)

log s — tog ¢

(2b
ﬁalog C )

P, or F,,

FIGURE 2. Predicted relationship between the probability P that
samples will exceed a single-sample standard and the dimension-
less parameter $* (solid line, eq 2a). Data points represent observed
relationship between the fraction F.x of samples collected at
Huntington Beach that exceeded the single-sample standard for
ENT plotted against the parameter $*. The vertical and horizontal
error bars correspond to +,/F,(1—F,,)/n and +1/+/2, respec-
tively, where n is the number of data points in each data bin (n =
45—65)

In these equations, erfc is the complementary error function,
and uiog cand Oiog crepresent the mean and standard deviation
of the log-transformed bacterial concentrations, respectively.
This simple theoretical result predicts that the exceedence
probability decreases with increasing values of the parameter
$*, ranging from Pex > 99% when $* < —2 to Pex < 1% when
S$* > 2 (solid line in Figure 2). In turn, the value of $* depends
on local water quality (4o ¢ and 0Oiog ¢ ) and the magnitude
of the single-sample standard (log s).

These theoretical predictions compare well with observa-
tions of single-sample exceedences at Huntington Beach. To
compute the latter, summertime measurements of ENT in
the surf zone at Huntington Beach were grouped, or binned,
by station and year. For example, one bin constituted all
ENT measurements collected at surf zone station 9N during
the summer of 1999; for the purposes of this analysis, summer
is defined as the time period June 1—-August 31. From each
databin, we calculated the fraction F.« of samples that violated
the single-sample standard for ENT and an empirical
approximation of the parameter S* denoted here as S* (see
Supporting Information, note that the circumflex or “hat”
denotes empirical approximations of population parameters).
Values of F,, and §* track the theoretical prediction closely
(compare solid line with data points in Figure 2); hence, eq
2a appears to capture the relationship between measured
water quality (Ziog c and &ig ¢ ) and the fraction of samples
that exceed a single-sample standard (F.). At Huntington
Beach, the percentage of samples exceeding the single-sample
standard for ENT ranges from a low of 0% (Fex = 0) at surf
zone station 0 during the summer of 2000 to a high of 40%
(Fex = 0.4) at station 9N during the summer of 1999 (see
arrows in Figure 2).

From the shape of the theoretical curve in Figure 2, a
marginal change in water quality can result in a very large
or a very small change in the number of signs posted at the
beach, depending on the absolute magnitude of the pa-
rameter S$*. In particular, eq 2a predicts that P, is sensitive
to marginal changes in water quality when |$*| < | and
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insensitive to marginal changes in water quality when |S¥|
> 1. This observation helps to explain why the number of
signs posted during the summer at 9N decreased precipi-
tously from 26 in 1999 to 12 in 2000, despite the relatively
small change in the log-mean of ENT over these two summers
(1.7—1.4 units of log(MPN/100 mL)) (see two arrows in Figure
2).

Probability of Binary Advisory Posting Errors

Question: How is the posting error rate influenced by the
degree to which bacterial concentrations in consecutive
samples are correlated? At Huntington Beach, are bacterial
concentrations in consecutive samples correlated or inde-
pendent realizations?

Answer: Theory predicts very high posting error rates when
S* is close to zero, even in the case where the concentrations
of fecal indicator bacteria in consecutive samples are mod-
erately correlated. This prediction is borne out by an analysis
of ENT measurements in the surf zone at Huntington Beach.
Posting error rates at Huntington Beach are indistinguishable
from the predictions of Bernoulli trial theory, which is premised
on the idea that test outcomes are independent realizations.
When S* is close to zero, posting error rates are predicted to
range from 35% (for moderately correlated samples) to 50%
(for weakly correlated samples).

Let c(t;) represent the measured concentration of fecal
indicator bacteria at a particular site at time t;. The single-
sample standard posting protocol can be stated succinctly
as follows. A water sample is collected at a particular site at
time -, and the concentration of fecal indicator bacteria
in that sample c(t;-1) is compared to a single-sample standard
s. If «(ti-1) > s, a sign is posted at the site; if ¢(ti-)) < s, a sign
is not posted at the site (or an existing sign at the site is
removed). If t; denotes the time at which a sign is posted (or
removed), four possible outcomes can be identified: (1) (t;-))
> sand o(t;) > s, (2) o(t;-) < sand «(t;) < s, (3) o(t;-1) < sand
co(t;) > s, and (4) c(ti-1) > s and o(t;) < s. No error occurs in
cases | and 2 because the public has been correctly informed
that water quality exceeds standards (case 1) or does not
exceed standards (case 2). Posting error occurs when the
public is incorrectly informed that water quality meets
standards (case 3), or incorrectly informed that water quality
does not meet standards (case 4). Consistent with the
discussion of Figure 1A (see above), we refer to cases 3 and
4 as underprotection and overprotection posting errors,
respectively.

Letting the superscripts U, O, and T represent under-
protection, overprotection, and total posting error (defined
as the sum of underprotection and overprotection errors),
the following expressions can be derived for the probability
that posting errors will occur at a particular site (see
Supporting Information):

P, = B, = derfc 5¥[1 — Jerfe SG(S*p(1)]  (Ga)

P’ =erfc 5*[1 s %erfc sG] BB

err

The function G(5*,p(1)) depends on the value of $* and
p(1), where $* has been defined previously (see eq 2b) and
p(1) is the correlation coefficient between fecal indicator
bacteria concentrations at times ;- and t;. A mathematical
definition and graphical representation of G(S*p(1)) is
included with the Supporting Information (Figure S2). The
total posting error predicted by eq 3b is plotted against $*
in Figure 3. The different lines in the figure correspond to
different choices of the correlation coefficient p(1), ranging
from strong positive correlation (p(1) = 0.95) to strong
negative correlation (p(1) = — 0.95). For the choice of p(1)
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FIGURE 3. Predicted relationship hetween the probability of a
posting error P and the dimensionless parameter $* (solid and
dashed curves, eq 3b). The different curves correspond to different
choices of the correlation coefficient p(1). Points represent posting
error rates calculated from the surf zone monitoring data at
Huntington Beach. Vertical and horizontal error bars correspond to

+F AR 1=FL)n and +1/+/2, respectively, where n repre-
sents the number of points in a particular data bin (see text). Inset
is a plot of the correlation coefficient between bacterial concentra-
tions in consecutive samples (1) against the parameter $*. The red
points correspond to surf zone stations and years where the posting
error rate fell substantially below the error rate predicted by
Bernoulli trial theory (p(1) = 0).

= 0, the concentrations of bacteria in consecutive samples
are completely uncorrelated (i.e., every concentration meas-
urement is independent of the one before it), and the function
G(S*,p(1)) reduces to unity for all choices of S$*. In this limit,
referred to here as the Bernoulli trial theory limit, the
probability of an overprotective or underprotective posting
error peaks at Pzn = 0.5 when $* = 0 (dashed line in Figure
3). Put another way, when the concentrations of bacteria in
consecutive samples are uncorrelated (p(1) = 0) and half of
samples exceed the single-sample standard (§* = 0, Px =
0.5), theory predicts that beach signage will be posted (or
not posted) in error 50% of the time (Ph, = 0.5).

The peak error rate, which always occurs at $* = 0,
decreases with increasing p(1), approaching zero (i.e., no
error) in the limit where the concentrations of bacteria in
consecutive samples are perfectly correlated (p(1) = 1) (Figure
3).In the event that concentrations of bacteria in consecutive
samples are negatively correlated (p(1) < 0), the peak error
rate exceeds 50%, approaching 100% in the extreme limit
where p(1) = —1. Even in cases where the concentrations of
bacteria in consecutive samples are reasonably well-
correlated, say p(1) = 0.5, relatively large peak posting error
rates are predicted (PIfr = (0.35).

To test the theory presented above, the fraction FZ,., of
samples that generated underprotection or overprotection
posting errors was calculated for each of the Huntington
Beach data bins described in the last section (see Supporting
Information). Values of Fi, track closely the theoretical line
for p(1) = O (i.e., the Bernoulli trial theory limit, compare
data points with dashed line in Figure 3), consistent with the
idea that the concentrations of ENT in consecutive samples
at Huntington Beach are uncorrelated. To explore this issue
further, for each data bin, we calculated the correlation
coefficient between ENT concentrations in consecutive



samples, referred to here as p(1) (see inset in Figure 3).
Empirical correlation coefficients range fm (1) =0.04 to
0.58; averaging across all bins, we obtain p(1) = 0.32 + 0.13.
The concentration of ENT in consecutive samples are not
completely uncorrelated (i.e., p(1) = 0); however, the sample-
to-sample correlation is sufficiently weak such that total
posting error rates are indistinguishable, within the resolution
of our estimates of FeT", from the predictions of Bernoulli trial
theory. An exception may be the three data bins with the
highest correlation coefficients: station 6N in 1998, station
3N in 1999, and station 9N in 2000 (compare red points and
dashed line in Figure 3).

Can Increasing the Sampling Frequency Reduce Posting
Errors?

Question: Would the sample-to-sample correlation be higher
and the rate of single-sample posting errors be lower if surf
zone samples were collected more frequently?

Answer: An analysis of ENT data at Huntington Beach reveals
that posting decisions would have to be updated every 40 min
(or more frequently) to significantly reduce posting errors.
Even if posting decisions were revised every 10 minutes, when
S* is close to zero as much as 30% of the signage would be in
error. This result will likely apply to any shoreline site where
the sampling time interval is longer than the persistence time
of pollution patches in the surf zone.

The question is motivated by the growing interest in
developing rapid fecal indicator bacteria tests that could, in
principle, dramatically reduce the time between when a
sample is taken and the bacterial indicator concentration is
known (22). The answer derives from an analysis of auto-
correlation functions computed from four different time
series (Figure 4): (1) Routine ENT monitoring data at station
9N, subsampled to yield a sampling frequency of once per
week (At = | week, panel A). (2) Routine ENT monitoring
data at station 9N subsampled to yield a sampling frequency
of once per 3 days (At = 3 days, panel B). (3) A special ENT
monitoring study at station 3N in which water samples were
collected every hour, 24 h per day, for 2 weeks (At =1 h,
panel C). (4) A second special ENT monitoring study at station
6N in which water samples were collected every 10 min for
atotal of 12 h (At= 10 min, panel D) (7). The autocorrelation
functions in Figure 4 represent the correlation p(At)) between
a time series and itself after introducing a lag of j points or,
equivalently, a time lag of At; = jAt. For comparison, also
plotted in each panel of the figure are autocorrelation
functions calculated from a sequence of random numbers
ranging in magnitude from 1 to — 1 (black lines in each panel).

Correlation p(At)) falls off very rapidly with increasing lag
At; for sampling intervals of At =1 week and 3 d (red curves
in panels A and B, respectively). When At = 1 week (panel
A), a broad peak is evident at time lags of 40—50 weeks (i.e.,
approximate 1 yr), presumably due to the influence of
seasonal rainfall on bacterial concentrations in the surf zone.
Spring—neap cycling of bacterial concentration is apparent
in panel B where the correlation values peak every 2 weeks.
Apart from the seasonal (panel A) and spring—neap (panel
B) patterns, the correlation coefficients calculated for these
two cases are generally within the range calculated from a
sequence of random numbers (black lines). Correlation peaks
are present at multiples of 24 h when the surf zone is sampled
every hour (At = 1 h, panel C). This diurnal cycle probably
arises from the germicidal affect of sunlight (7), although
tidal processes may also play a role (e.g., during the summer
at Huntington Beach there is typically just one large ebb tide
per day). Remarkably, the sign of p(At) in Figure 4C is
periodically negative, implying that posting error rates might
increase if the sampling frequency is increased, for example,
from once per day to once every 12 h (see peak error rates

Ar = 1 week

A
seasonal cycling
0.5 ‘
0.0 WM%
-0.5 T T T T T
o 10 20 30 40 50 weeks
109 g Ar = 3 days
- spring/neap cycling
Loosh b b
a -4
T 00
<
K] -
=}
g
= -0.5 T T T L T
s (o] 15 30 45 60 75 90 days
&
© 1.0 At = 1 hour
§ o c diurnal cycling
§ sl | | |
2 .
0.0
-0.5 T T T I I T T

O 10 20 30 40 50 60 70 hours

1.0- At = 10 min.

0.5

-0.5 4———— 71—
(o} 30 60 90 120 150 minutes

Lag. Ay

FIGURE 4. Autocorrelation functions calculated from four different
time series (red lines in each panel) and from a sequence of
uncorrelated (random) numbers (black lines in each panel). The
time interval between samples (A4 is noted in each panel (see text
for details). The number of samples used for the analysis in each
panel is n=216 (panel A), 528 (panel B), 337 (panel C), and 61 (panel
D).

when p(1) < 0 in Figure 3). Compared to the other auto-
correlation functions, p(At) decays with At;more slowly when
samples are collected every 10 min (panel D). Even in this
case, however, the correlation coefficient for a lag of 10 min
(p(Aty = 10min.) =0.6) is such that substantial posting errors
(= 30%) are predicted when $* ~ 0 (see Figure 3). Putanother
way, if the time interval between when a sample is taken and
a sign is posted (or removed) was reduced to just 10 min, as
much as 30% of the signage could be in error. The technology
for rapid detection of fecal indicator bacteria is maturing
such that near real-time measurements of these organisms
may be feasible soon. Even if bacterial measurements could
be carried out instantaneously (i.e., At — 0 and p(1) — 1),
however, it is not clear how that information would be used
in practice. Given the highly variable nature of the coastal
water quality signal, health advisories would have to be
updated on a minute-by-minute basis, creating an untenable
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situation for both local officials who issue health advisories
and the beach-going public.

On the basis of the autocorrelation functions presented
in Figure 4A,B and the correlation values calculated from
ENT monitoring data at Huntington Beach (inset in Figure
3),itappears that p(1) <0.4is typical of sampling frequencies
in the once-per-day to once-per-week range. Because the
posting error rates calculated from the daily to weekly
monitoring data closely follow the predictions of Bernoulli
trial theory (see Figure 3), it seems reasonable to adopt 0.4
as the critical correlation value above which Bernoulli trial
theory begins to break down (pc & 0.4). Referring to Figure
4D, the correlation p(At) falls below 0.4 for lag times greater
than approximately 40 min (see dashed arrow in figure). This
lag is very close to the time it takes tidally generated patches
of fecal pollution in the Huntington Beach surf zone to advect
past a fixed location by wave-driven long-shore currents (t
= L/u = 50 min, where L = 1 km is the approximate length
of an average pollution patch and u = 0.3 m/s is a typical
long-shore advective velocity) (7, 8). Therefore, the concen-
tration of bacteria in a water sample from the surf zone
appears to have little memory of previous samples (and hence
Bernoulli trial theory applies) so long as the time interval
between samples is longer than the persistence time of
pollution patches. While the persistence time scale will vary
by site, given the highly dynamic nature of ocean currents
at most coastal sites it is unlikely that the persistence time
scale will exceed 1 d, the sampling frequency of the most
aggressive shoreline monitoring programs. Hence, the
large posting error rates reported in this paper are prob-
ably not unique to Huntington Beach. Rather, large errors
can be expected at any marine or freshwater beach when
|§*] < 1 and the time interval between samples is greater
than the persistence time scale for patches of contaminated
water.

Toward an Analog Public Health Advisory System

Question: Can less error-prone approaches be developed for
assessing current water quality and reporting that information
to the public?

Answer: Several different approaches can be adopted to predict
(or “now-cast”) current coastal water quality and report that
information to the general public. At Huntington Beach, the
current concentration of ENT at a particular surf zone station
is generally more correlated with the maximum daily tide
range, than with the concentration of bacteria in the last
sample.

An approach that follows naturally from the probability
theory presented above involves computing analog (i.e.,
continuously varying) estimates of current water quality and/
or human health risk, periodically updated as new informa-
tion becomes available. Predictions of current water quality,
or now-casts, could utilize a variety of data resources
including recent water quality test results and real-time (or
near-real-time) measurements of quantities known to cor-
relate with local surf zone water quality. Now-casts, in turn,
could be conveyed to the public through a combination of
web sites, newspaper reports, and/or beach signage either
in raw form or using a grading scale like that employed by
Heal the Bay (23).

As an example, below we present a prototypical algorithm
that now-casts three different measures of water quality. For
the sake of simplicity and to demonstrate the power of even
a modest algorithm, our prototype requires only estimates
of tide range (predicted from WXTide32 (24)) and water
quality measurements collected over the previous 30 d. At
the heart of the algorithm is the assumption that current
water quality is conditioned on maximum daily tide range,
as expressed quantitatively through the conditional prob-
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ability density function, fieg qr(log c|/). Here, log C and L
represent random variables for the log-transformed bacterial
concentration and maximum daily tide range, respectively,
and log ¢ and / are specific realizations of the random
variables. For a fixed value of the tide range / the probability
of single-sample exceedence and expected value of the
bacterial concentration can be calculated as follows:

P, = Pllog C> log siIL=/]1= ﬁ;sﬁos qu(xI/) dx (4a)

tiog o = Ellog AL =/1= " xfiq (xI/) dx (4b)

An analysis of maximum daily tide-range predicted for
Huntington Beach reveals that L conforms reasonably well
to a normal distribution (based on Kolmogorov—Smirnov
normality tests; maximum difference K — S = 0.04 at the
significant level a < 0.01) as do the log-transformed
concentrations of fecal indicator bacteria (see earlier). This
implies that eqs 4a,b can be written explicitly as follows (see
Supporting Information):

. 1
Poyy/(S%.0%pcy) = 5erfel(S* — par/ WY1 = perl (52)

Miog o = tiog ¢ T (PcLO1og o —p) (5b)

— 2
Ulog qaL — olog I = PcL (SC)

where /* = (/— ,uL)/(«/EaL), pc is the correlation coefficient
between log Cand L, g and o, are the mean and standard
deviation of the maximum daily tide range, and the other
parameters have been defined previously. Equation 5b is a
linear model for the dependence of uig qz on /4, with
coefficients equivalent to those obtained by a mean-square
regression of g o/ against/ (25). To develop an expression
for bather illness rate, we utilized the linear relationship for
gastrointestinal illness rate per 1000 bathers (Y) reported by
Cabelli et al. (9): Y= a + blog GM¢, where GMc represents
the geometric mean of ENT measurements, and a = — 5.1
and b = 24.2 are empirical constants. Rewriting Cabelli et
al.’s model in terms of the conditional log-mean g0 v We
obtain:

Y=a+ bﬂ,og v (63)

_ 2 2 2 2 2
Oy = \/;a t Oy thiog v T+ b 01 L (6b)

The estimate of uncertainty in Y (eq 6b) was derived by
propagating uncertainties in the variables on the RHS of eq
6a (17). This set of expressions (eqs Sa—c and 6a,b) were
employed to now-cast water quality at surf zone station 6N
over the period May | —October 31, 1999 (i.e., the same period
of time encompassed by Figure 1A). Now-casts for a particular
day were generated using the current day’s maximum tide
range / (estimated from WXTide32) and updated estimates
for fiiog ¢, Oiog ¢ AL, 01, and Py calculated from daily tide range
and ENT measurements collected over the previous 30 d
(see Supporting Information). Values for &, = 6.35 and
0, =4.15 were estimated from data reported in Cabelli et al.
(9).

Now-casts of the ENT concentration at 6N correctly
capture the magnitude and spring—neap cycling of actual
ENT measurements (compare red and blue curves, second
panel of Figure 5). Over the 6-month period, 56% and 92%
of the ENT measurements at 6N fell in the predicted range
Piog av £ 1015¢ 1 (blue band in second panel) and &+ 2610, 1,
respectively. Now casts of illness rate (third panel) are
generally above the threshold level of 19 in 1000 (dashed
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FIGURE 5. Time series plots of maximum daily tide range (top panel), now-casts of ENT concentration (blue line, second panel), iliness
rates (blue line, third panel), and probability of exceeding the single-sample standard for ENT (black line, fourth panel) at surf zone station
6N in Huntington Beach. Blue bands in second and third panels represent +1 SD (see eqs 5¢ and 6b); red curve in second panel is actual
measurements of ENT at 6N. Bottom panel is a plot of the correlation coefficients between ENT in consecutive samples ((1)) and between

ENT and maximum daily tide range (pcL).

horizontal line), peaking at about 60 excess illnesses per 1000
bathers; these illness attack rates are in the range estimated
by other researchers for the Huntington Beach area (26).
Now-casts for the exceedence probability (fourth panel)
exhibitspring—neap cycling, and importantly, periods of high
exceedence probability (e.g., Pexz > 0.2) generally coincide
with single-sample violations (compare second and fourth
panels, Figure 5). The last panel in the figure is a plot of the
correlation coefficient between ENT concentrations in
consecutive samples (p(1), red line) and between ENT
concentration and maximum daily tide range (pcz, blue line).
These two coefficients were updated every day in the 6-month
period encompassed by Figure 5, using ENT and maximum
daily tide range data collected (ENT) or calculated (tide range)
over the previous 30 d. In general, pc. is larger than 0.4 (i.e.,
PcL > pe, see earlier) and larger than the correlation between
the concentrations of bacteria in consecutive samples (fcc
2 p(1)). The exception is an approximately 1-month period,
centered around August 1, when pc. & 0. Not surprisingly,
this was also the period when our now-cast model performed
least well. In general, at Huntington Beach, the current
concentration of bacteria at a particular surf zone station is
more correlated with the maximum daily tide range than
with the concentration of bacteria in the last sample.

The model presented above could be improved by utilizing
all physical variables known through past experience to
correlate with coastal water quality and/or by adopting
alternative now-casting methodologies (e.g., artificial neural
networks (27—29)) that tolerate nonlinear relationships
between dependent and independent variables. As men-
tioned above, the ideal advisory system will be analog in
nature; however, even if the current binary approach is

retained, posting decisions based on now-cast methodolo-
gies, like the one described here, would be an improvernent
over the status quo. If the now-casts of ENT presented in
Figure 5 had been used as the basis for posting decisions at
Huntington Beach during the summer of 1999, for example,
the total posting error rate there would have been reduced
between 7.5% and 50% (depending on the particular surf
zone station of interest).
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