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Abstract

Accident databases (NRC, RMP, and others) contain records of incidents (e.g., releases and spills) that have occurred in the USA

chemical plants during recent years. For various chemical industries, [Kleindorfer, P. R., Belke, J. C., Elliott, M. R., Lee, K., Lowe,

R. A., & Feldman, H. I. (2003). Accident epidemiology and the US chemical industry: Accident history and worst-case data from

RMP*Info. Risk Analysis, 23(5), 865–881.] summarize the accident frequencies and severities in the RMP*Info database. Also, [Anand,

S., Keren, N., Tretter, M. J., Wang, Y., O’Connor, T. M., & Mannan, M. S. (2006). Harnessing data mining to explore incident

databases. Journal of Hazardous Material, 130, 33–41.] use data mining to analyze the NRC database for Harris County, Texas.

Classical statistical approaches are ineffective for low frequency, high consequence events because of their rarity. Given this

information limitation, this paper uses Bayesian theory to forecast incident frequencies, their relevant causes, equipment involved, and

their consequences, in specific chemical plants. Systematic analyses of the databases also help to avoid future accidents, thereby reducing

the risk.

More specifically, this paper presents dynamic analyses of incidents in the NRC database. The NRC database is exploited to model the

rate of occurrence of incidents in various chemical and petrochemical companies using Bayesian theory. Probability density distributions

are formulated for their causes (e.g., equipment failures, operator errors, etc.), and associated equipment items utilized within a

particular industry. Bayesian techniques provide posterior estimates of the cause and equipment-failure probabilities. Cross-validation

techniques are used for checking the modeling, validation, and prediction accuracies. Differences in the plant- and chemical-specific

predictions with the overall predictions are demonstrated. Furthermore, extreme value theory is used for consequence modeling of rare

events by formulating distributions for events over a threshold value. Finally, the fast-Fourier transform is used to estimate the capital at

risk within an industry utilizing the frequency and loss-severity distributions.
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Nomenclature

a,b parameters of Beta prior probability distribu-
tion

ai, bi parameters of prior probability distribution of
cause i for an incident

d1, d2, d3 cumulative number of incidents of causes EF,
OE, and O at the end of each year

ei probability of involvement of equipment type i

E(m|Data) expected posterior mean of m
E(q|Data) expected posterior mean of q

E(y) expected value of number of incidents in a year
E[yi|y�i] expected value of prediction of incident in year

i based on incidents in y�i

f(ei) prior probability distribution of involvement
of equipment i for an incident

f(xi|Data) posterior probability distribution of involve-
ment of equipment i conditional upon Data

f(xi) prior probability distribution of cause i for an
incident

f(xi|Data) posterior probability distribution of cause i

conditional upon Data

fl discrete loss-severity distribution function
fz(Z) discrete probability distribution function of

total loss
Fu(y) cumulative probability distribution for distri-

bution of losses, l, over threshold u

G(l) Generalized Pareto distribution of losses
l loss associated with an incident
Mi+Ni+Oi cumulative number of incidents associated

with equipment i at the end of each year
np number of points desired in total loss distribu-

tion
NC/P number of incidents associated with compres-

sors and pumps
Nd amount of damage, $
Ne number of evacuations
NEF number of incidents associated with equipment

failures
Nf number of fatalities
Nh number of hospitalizations
NHT number of incidents associated with heat-

transfer equipment items
Ni number of injuries
NOE number of incidents associated with operator

errors
NPU number of incidents associated with process

units
NSV number of incidents associated with storage

vessels
Nt number of years
NTL number of incidents associated with transfer-

line equipment

Ntotal total number of incidents
NU number of incidents associated with unknown

causes
p(l) prior distribution of l
p(l|Data) posterior distribution of l given Data

p(q|Data) marginal posterior distribution of q given
Data

p(m|Data) marginal posterior distribution of m given
Data

PN probability generating function of the fre-
quency of events, N

pi, qi parameters of prior probability distribution of
involvement of equipment i in an incident

q parameter of the Negative Binomial distribution
s total number of incidents in Nt years
u threshold value of l for loss-severity distribution
V(y) variance of number of incidents per year
wd dimensionless damage measure
we dollar amount per evacuation, $
wf dollar amount per fatality, $
wh dollar amount per hospitalization, $
wi dollar amount per injury, $
x1, x2, x3 probabilities of causes EF, OE, and O for an

incident
yi number of incidents in year i

zi predictive score for incidents in year i

Z total annual loss for a company

Greek

a, b parameters for Gamma density distribution
function

Beta(a, b) Beta density distribution with parameters a

and b

fl characteristic function of the loss-severity

distribution
fZ characteristic function of total loss distribution
l average annual number of incidents
lB average annual number of incidents for com-

pany B with losses greater than u

lF average annual number of incidents for com-
pany F with losses greater than u

m parameter of the Negative Binomial distribution
x, b parameters of the generalized Pareto distribu-

tion
Gamma(a, b) Gamma distribution with parameters a

and b

Subscript

i year counter
n year vector
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