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Risk-Based Environmental Remediation:
What's Past is Prologue

Numerical Bayesian assessment of whether or not to collect
more data before making environmental remediation decisions

o Basic principals
o Perspective on today’s opportunities and challenges
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Abstract — A methodology for incorporating uncertainty in model predictions into a risk-based decision for environmental re-
mediation is illustrated, considering polychlorinated biphenyl (PCB) sediment contamination and uptake by winter flounder
in New Bedford Harbor, Massachusetts. Sensitivity and uncertainty analyses are conducted for 2 model that predicts the sedi-
ment remediation volume required to meet a biota tissue concentration criterion. These evaluations help to identify the vari-
ables that most significantly contribute to uncertainty in the model prediction and allow for calculations of the expected value
of including uncertainty (EVIU) and the expected value of perfect information (EVPI) for the remediation decision. The EVIU
is the difference between the expected loss of a management decision based solely on a deterministic analysis and the expected
loss of the optimal management decision that considers uncertainty. For the illustrative application to New Bedford Harbor,
the expected loss avoided from performing an uncertainty analysis and using the resulting information to make the optimal man-
agement decision is approximately $20 million. The EVPI, the expected decrease in loss that can be achieved by having all un-
certainty eliminated, is approximately $16 million.
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A methodology that simulates outcomes from future data collection programs, utilizes Bayesian
Monte Carlo analysis to predict the resulting reduction in uncertainty in an environmental fate-
and-transport model, and estimates the expected value of this reduction in uncertainty to a risk-
based environmental remediation decision is illustrated considering polychlorinated biphenyl (PCB)
sediment contamination and uptake by winter flounder in New Bedford Harbor, MA. The expected
value of sample information (EVSI), the difference between the expected loss of the optimal
decision based on the prior uncertainty analysis and the expected loss of the optimal decision from
an updated information state, is calculated for several sampling plan. For the illustrative application
we have posed, the EVSI for a sampling plan of two data points is $9.4 million, for five data
points is $10.4 million, and for ten data points is $11.5 million. The EVSI for sampling plans
involving larger numbers of data points is bounded by the expected value of perfect information,
$15.6 million. A sensitivity analysis is conducted to examine the effect of selected model structure
and parametric assumptions on the optimal decision and the EVSL The optimal decision (total
area to be dredged) is sensitive to the assumption of linearity between PCB sediment concentration
and flounder PCB body burden and to the assumed relationship between area dredged and the
harbor-wide average sediment PCB concentration; these assumptions also have a moderate impact
on the computed EVSL The EVSI is most sensitive to the unit cost of remediation and rather
insensitive to the penalty cost associated with under-remediation.

KEY WORDS: Bayesian Monte Carlo analysis; decision analysis; value of information; New Bedﬁx-dﬂg‘ql?u;
PCBs. g
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Fig. 1A. Histogram showing the prior probability distribution of total
PCB body burden in 2-year-old flounder (ng/g(w)) in inner New Bed-

ford Harbor, Massachusetts.®
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Fig. 1B. Histogram showing the required sediment remediation area
(thousands of square meters) based on the probability distribution of
total PCB body burden in 2-year-old flounder in inner New Bedford
Harbor, Massachusetts.®












g

— = = R = 0,000047
350 R = 0.000035
SRR the St e R~ 0000028

N

.e55YS

Concentration (pg/g(C))
N

A
.

Average Total Sediment PCB

' A
. v B - L] . L3

0 10 20 30 40 50 60 70 80
Remediation Decision (thousands of m’)

Fig. 4C. Possible relationships between sediment remediation area
(thousands of square meters) and average total PCB concentration in
the sediment (ng/g(C)).

20 + $ i L i 3 i i gyt Sy

Expected Loss (millions of 1985 §)

30 35 40 45 S0 55 60 65 70 75 80
Remediation Decision (thousands of m’)

Fig. 4D. Effect of varying the relationship between sediment reme-
diation area and PCB concentration in the sediment on the expected
loss curves at the five-data-point posterior information state for the
Monte Carlo replication where predicted flounder PCB body burden

is 10 pg/g(w).
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Fig. SA. Effect of varying the penalty due to under-remediation on
the expected loss curves at the five-data-point posterior information

state for the Monte Carlo replication where predicted flounder PCB Fig. SB. Effect of varying the unit remediation cost (S/m) on the
body burden is 10 pg/g(w). expected loss curves at the five-data-point posterior information state

| for the Monte Carlo replication where predicted flounder PCB body
burden is 10 pg/g(w).



Perspective on today’s opportunities and
challenges

Situation
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Choices
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Valuation

Bayesian statistics

Computational power
Decision modeling tools
Decision and predictive analytics
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