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Industrial Hygiene Exposure Assessment­
Data Analysis and Interpretation 

PAUL HEWETT 

As discussed in Hewett1 (see Chapter 15), industrial hy­
giene exposure assessments come in three varieties: 
qualitative, semiquantitative, and quantitative. Quanti­
tative surveys, which involve the measurement of cur­
rent worker exposure using personal sampling equip­
ment or direct reading instruments, are often necessary 
for initial or baseline evaluations. Furthermore, periodic 
sampling and occasional audits are necessary for vali­
dating earlier assessments and for detecting upward 
trends in exposure. Consequently, an industrial hygien­
ist is often faced with questions regarding the collection, 
analysis, interpretation, and management of occupa­
tional exposure data. Hewett1 described the rationale be­
hind exposure monitoring and covered data collection 
and data management. The purpose of this chapter is to 
suggest appropriate procedures for analyzing and crite­
ria for interpreting exposure data. 

As discussed in Hewett, 1 exposure-monitoring pro­
grams must be designed and tailored for a wide variety 
of work environments. But first, as noted by Roach2 in 
1967, "[it] is important that hygienic standards should 
not be given widely different interpretations." We should 
also agree that the goal of an effective exposure-monitor­
ing program is to routinely and accurately characterize 
the exposure profile* of each worker. It is less critical 
that we adopt identical or similar data analysis and in­
terpretation procedures. There are numerous data anal­
ysis techniques-parametric and nonparametric-that 
will yield similar decisions regarding the acceptability of 
the work environment. Regardless of the number of 
measurements collected or the sophistication of the anal­
ysis technique, there is always a role for professional 
judgment and common sense.1 

•u we measured the full-shift TWA exposure of a single worker for each of 
the approximately 250 working days per year and plotted these measure­
ments in a histogram, then the shape of the histogram would be an estimate 
of the true exposure distribution for that worker during that year. The term 
"exposure profile" is used to refer to this distribution. One can also conccptu­
alire within-shift exposure profiles (for short-term exposures) or exposure 
profiles for periods shorter than or longer than a year. 

The procedures presented here emphasize the calcula­
tion of the point estimate of a relevant exposure parame­
ter, and in addition the 95% lower confidence limit (LCL) 
and the 95% upper confidence limit (UCL). Taken to­
gether, these confidence limits comprise a 90% confi­
dence interval for the true parameter. The advantage of 
this interval estimate is that it can readily be used to 
gauge (a) the accuracy of our point estimate of the true 
parameter, and (b) the acceptability of the work environ­
ment by comparing the LCL or UCL to an exposure limit 
or other relevant criterion. These procedures are consis­
tent with those recommended by the Exposure Assess­
ment Strategies Committee (EASC)3 of the American In­
dustrial Hygiene Association (AIHA) and the Comite 

· Europeen de Normalisation (CEN).4 

Each worker should expect a work environment de­
void of unreasonable risks. Our goal is to protect each 
individual worker, but limited resources usually compel 
industrial hygienists to (a) aggregate workers into expo­
sure groups; (b) determine which exposure groups war­
rant priority attention; and (c) evaluate the "exposure 
profile" of each exposure group in order of priority. Con­
sequently, our data collection strategies (see Hewett1

), 

and data analysis and interpretation procedures must be 
designed so that our conclusions regarding the exposure 
group are reasonably predictive of the exposures experi­
enced by each member of the group. 

Data Analysis-Goodness-of-Fit 
and Other Issues 

We need to assure ourselves that our exposure measure­
ments have predictive value. If we can demonstrate that 
(a) the exposure distribution is reasonably stable; (b) the 
data are reasonably independent and uncorrelated; and 
(c) the data are described reasonably well by a lognor­
mal distribution, then it is logical to assume that they 
have predictive value for the exposure group. Further­
more, we often require that the exposure group be rea­
sonably homogeneous with regard to the source and 
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conditions of exposure for each group member. Other­
wise, the exposure profile for the group may not be pre­
dictive of the exposure profiles for one or more of the 
individuals within the group. 

Is the Exposure Distribution Stationary? 

When evaluating exposure measurements one always 
assumes that the underlying processes and work prac­
tices that generate and influence exposures will remain 
stationary, or relatively constant, until the next survey 
or evaluation. If exposures are currently acceptable, but 
trending upward, then a decision based on current mea­
surements will have little or no predictive value. Syman­
ski et al. 5 found that most exposure distributions will re­
main reasonably stationary for periods up to a year, after 
which systematic changes are more likely. 

The "x-bar, r-charts" used in quality control are some­
times adapted for use in industrial hygiene. 6·

7 Such 
charts are useful for demonstrating that an industrial 
process is stationary. Generally speaking, however, the 
number of measurements necessary to first establish sta­
tistical control limits and the number collected thereafter 
during each survey are usually beyond the means of 
most exposure-monitoring programs.8 However, there 
are control charting techniques9 designed for small sam­
ple sizes that could be considered.* 

More useful, perhaps, are time series graphs such as 
recommended by the CEN,4 Roach et al..2 and Roach.10 

The CEN recommended plotting moving or weighted av­
erages for visually detecting trends. George et al.11 dis­
cussed the use of formal statistical tests of stationarity, 
but cautioned that "visual investigation" always be part 
of any analysis. 

Production line processes are often fairly stable. In 
such work environments conclusions based on current 
or recent exposure measurements may be reasonably 
predictive for periods up to a year or longer. However, 
the stability of a particular work environment may not 
be known until an exposure history of several years has 
been developed. Other work environments, such as min-

*Trad!tional x bar and r control charts can be adapted for use with the log­
normal distribution. Such charts are not used to detennine compliance with 
federal or authoritative OEI.s, but can be used to assess whether or not the 
process remains in "statistical control" (e.g .. stable, stationary). The control 
!units are calculated using the log-transformed exposure measurements and 
then exponentiated. Thls results in asymmetric upper and lower control lim­
its. Trends can then be evaluated using the resulting "geometric mean" con­
trol chart. Changes in variability can be detected using the resulting "ratio" 
control chart (referring to the ratio of the largest to smallest measurement 
in each dataset). 

ing, are inherently unstable and subject to considerable 
change within a short time span. In such environments 
regular monitoring is necessary to detect trends toward 
higher exposures. 

Are the Exposure Data Independent? 

In principle, exposure data should be independent; that 
is, there is no linear relationship between measurements 
collected on successive days. However, exposure data 
collected during unusually elevated or depressed produc­
tion rates may be correlated and unrepresentative of ex­
posures in general. In such a situation, measurements 
collected randomly throughout the observation period 
would be more appropriate than the usual campaign 
type survey. · 

Analysis of autocorrelation requires large datasets of 
consecutive measurements. However, since many re­
searchers11·12 have found little evidence of significant au­
tocorrelation in measurements collected on successive 
days, it is reasonable to assume, in the absence of com­
pelling information or data to conclude otherwise, that 
full-shift exposure measurements are reasonably inde­
pendent. However, because there are often patterns of 
exposures within a shift, it is logical to expect that short­
term measurements collected sequentially within a shift 
will be somewhat correlated. 

Is the Lognormal Distribution 
Assumption Valid? 

Goodness-of-fit testing involves both graphical and ana­
lytical evaluations.13 The data should be plotted so that 
(a) inconsistent data points can be identified and (b) the 
goodness-of-fit can be subjectively evaluated. This should 
be followed by an objective analytical test of the hypoth~ 
esis of lognormality. The lognormal distribution model is 
often used when zero is the physical lower limit for possi­
ble values, large values occasionally occur, and the pro­
cesses that generate or control exposures tend to interact 
in a multiplicative manner.14 Experience has shown that 
multiple exposure measurements collected either from a 
single individual or from multiple individuals within an 
exposure group tend toward a lognormal distribution. 15 

Therefore, it is reasonable to assume that the underlying 
distribution for workplace exposure data is the lognor­
mal distribution unless there is a compelling reason to 
conclude otherwise. There arc, however, instances where 
the normal distribution may be more appropriate, for ex­
ample, when multiple measurements are simultaneously 
collected at the same location. 
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Log-Probability Plotting Techniques 

Log-probability plotting is the traditional method for 
qualitatively assessing the adequacy of the lognormal 
distribution model assumption. Odd patterns in the data 
and inconsistent data points can be readily identified.6 

However, the procedure is subjective and, when done by 
hand, can be tedious, particularly for large datasets. 

Procedure: 

(1) Sort or rank order the data: x = {x1, ••• , Xn} 

where x1 is the smallest value and Xn is the 
largest. 

(2) Assign a rank (r) to each sorted value where r 
ranges from 1 to n, starting with x1• 

(3) Calculate a plotting position, p, (basically a 
pseudo-cumulative frequency) using Blom's for­
mula:* 
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( 4) Log-probability plot: Using log-probability paper, 
plot p versus x. (Norm.al-probability paper can be 
used if the normal distribution assumption is of 
interest.) 
Log-probit plot: Using regular graph paper or a 
spreadsheet program, plot m, versus y,, where . 
y = ln(x) and m represents the probit (probability 
unit; also called "normal order statistic" or z­
value) corresponding to p:t 

For both the log-probability and log-probit 
plots, a straight line can be drawn emphasizing 
the influence of the central 80% of the data. That 
is, measurements in the tails should be given· less 
weight when fitting the straight line. If most of 
the data fall along or near the straight line, then 
one can qualitatively state that the data appears 
to be lognormal. 

•There are several formulae for estimating the plotting position, for example, 
p1 = (l + 0.5)/n or p, = i/(n + 1). Blom's formula Is preferred. 

tFor example. for a p1 of 0.95, m,= 1.645: for a p, of 0.50, m,= 0.000. These 
values can be obtained from the cumulative normal distribution table found 
In texts on statistics or calculated using the statistical functions in a spread­
sheet program. 

Personal computer statistics or spreadsheet programs 
can be used to produce both log-probability and log­
probit plot. It is also a relatively simple matter to have 
the program display a linear regression line along with 
the data to assist in the visual evaluation.f An alterna­
tive plot is the cumulative distribution function (CDF) 
plot. The plotting position, p, is graphed versus ln(x). Ide­
ally, the data should appear to fall along a sigmoidal, or 
S-shaped curve. If most of the data fall along or near a 
sigmoidal curve, then one can qualitatively state that 
the data appears to be lognormal. 

Formal Goodness-of-Fit Tests 

There are numerous statistical tests for determining 
whether or not a particular set of data departs signifi­
cantly from the normal distribution assumption. The one 
recommended here, Filliben's test16 (as modified by Loo­
ney and Gulledge17

), is easily implemented using a com­
puter spreadsheet program or programmable calculator. 
This procedure is complementary to the graphical tech­
nique in that it incorporates the concept of the proba­
bility plot. The purpose of this test is to detennine if a 
particular set of data departs significantly from the log­
normal distribution assumption by evaluating whether 
or not the log-transformed values depart significantly 
from normal. 

FiJ.liben's test can be applied to sample sizes ranging 
from 3 to 100. Although not presented here, a similar 
procedure by Royston13 can be applied to any sample 
size between 5 and 5000.§ 

Filliben's Test Filliben16 developed a goodness-of-fit test 
based on normal order statistics. Looney and Gulledge17 

recalculated Filliben's critical values and recommended 
substituting Blom's formulae (see Step 3 below) for the 
plotting position formulae developed by Filliben. The 
CEN,4 in their general guidance regarding exposure as­
sessment, listed Filliben's test as one method for formally 
assessing the lognormal distribution assumption. 

Procedure 

(1) Sort or rank order the data: x = {x1, ••• , Xn} 

where x1 is the smallest value and Xn is the 
largest. 

:j:Simple linear regression using In( x) versus m can be used to produce a 
straight line through the datapolnts. 

§ft can be shown that Filliben's and Royston's tests are essentially identical 
and yield consistent results for sample sizes ranging from 5 to 100, the range 
of overlap for the two procedures. 
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(2) Assign a rank (r) to each sorted value where r 
ranges from 1 ton, starting with x1• 

(3) For each x1• calculate a plotting position, pi, using 
Blom's formula (Eq. 1). 

(4) Determine the corresponding normal order statis­
tic, m, for each plotting position. 

(5) Using simple linear regression, regress y versus 
m, where y = ln(x ). 

(6) Calculate the correlation coefficient r. 
(7) Evaluate the following hypotheses by comparing 

r to a table of critical values (Table Al): 

Ho: y is from a normal distribution. 
H.: y is not from a .normal distribution. 

(8) If r is less than or equal to the critical value, re­
ject Ho with 95% confidence. Otherwise, accept 
H0 and conclude that y is normally distributed. 
Therefore, x is lognormally distributed. 

How It Works If y is truly normally distributed, the cal­
culated correlation coefficient r will tend to be near 
unity, or 1.0. Under the normal distribution assumption, 
Filliben determined the lower 5th percentile r value for 
sample sizes ranging from 3 to 100. If the calculated r 
value is less than or equal to this critical r value, then 
one can state, with 95% confidence, that the distribution 
from which these data were drawn is not normal. Conse­
quently, if r is less than the critical value, reject Ho with 
a (1- a) 100% confidence level. Otherwise, there is not 
enough evidence to reject, H,,. If Ho cannot be rejected, 
then the conclusion is that y is normally distributed or 
at least approximately normally distributed. This being 
the case, one can infer that x is lognormally distributed. 

Filliben's test can be applied to both the actual values 
and the log-transformed values. One could then use the 
magnitude of the correlation coefficient to select between 
the normal or lognormal distribution assumptions. 
Sometimes both the lognormal and normal distribution 
assumptions can be rejected. It also should be noted that 
an observed correlation coefficient, or r value, that is less 
than the critical value does not necessarily mean that 
the underlying data do not stem from lognormal distri­
butions. It may be that the data reflect two or more un­
derlying lognormal distributions, reflecting perhaps the 
inadvertent combination of two or more distinctly differ­
ent exposure groups. 

Is the Exposure Group 
Reasonably Homogeneous? 

Ideally, each member of an exposure group should have 
an identical exposure profile, although on any single day 
the exposures will vary. In practice, identical exposure 

profiles are unlikely to be observed. If an exposure group 
is reasonably homogeneous with respect to the condi­
tions of exposure (agent/jobs/task/controls), then we ex­
pect that exposures primarily reflect the influence of pro­
cess and work environment and can be reduced or 
controlled through direct control of the process and/ or 
by general ventilation. If the exposure group is decidedly 
heterogeneous, then we expect that exposures tend to 
reflect the effectiveness of individual ventilation controls; 
differences in the number and duration of assigned tasks; 
and/or the influence of individual work practices, in 
which case exposures are reduced by focusing on indi­
vidual work environments and individual work prac­
tices. 

The process of grouping workers using observational 
skills has been described as the "observational approach" 
and criticized for being subjective and prone to classifica­
tion errors.15.18 How then does one objectively determine 
if a particular exposure group is sufficiently homoge­
neous so that decisions based on an analysis of group 
exposures are relevant to each member of the group, 
whether measured or not? There are no recognized crite­
ria for objectively grouping workers or for distinguishing 
between a reasonably homogeneous exposure group and 
a clearly heterogeneous exposure group, although at 
least one has been proposed.15 The CEN4 offered the fol­
lowing "rule of thumb": 

[I]f an individual exposure is less than half or greater 
than twice the arithmetic mean [ of the n measure­
ments collected from the homogeneous group]. the rel­
evant work factors should be closely re-examined to 
determine whether the assumption of homogeneity 
was correct. 

As a practical measure, many industrial hygienists use 
a process of continuous improvement to increase worker 
similarity within an exposure group. Basically, the ob­
servational approach is used to devise initial. logical ex­
posure groups that are homogeneous with respect to 
process, agent, job/task, and type of controls. If, after the 
baseline survey, the exposure profile for the group ap­
pears acceptable, then periodic follow-up surveys are 
planned to evaluate the individual work practices of ran­
domly selected workers or workers who are suspected, 
based upon previous measurements or professional judg­
ment, to experience generally higher exposures. This 
continual, cyclic evaluation and modification of individ­
ual work practices. habits, and controls is expected to 
result in exposure groups that become more homoge­
neous over time. 

Within-group homogeneity is less of an issue in those 
situations where the group exposures can be rated 



106 RISK MANAGEMENT 

highly controlled or well-controlled (see the Hewett1 
scheme for rating exposures as minimal, well-controlled, 
controlled, poorly controlled, and uncontrolled). Consid­
erable heterogeneity within an exposure group may not 
matter if it is highly likely that all individual exposure 
profiles are appropriately controlled. 3 A similar reason­
ing applies to the exposure group where exposures are 
rated poorly controlled or uncontrolled: remedial action 
is necessary regardless. 

For those in-between situations, where the group ex­
posure profile appears to be controlled or borderline 
poorly controlled, differences in individual exposure pro­
files may be profound for some workers. It may be that 
only a fraction of the workers experience the majority of 
the overexposures. Identification of maximum-risk em­
ployees within the group, through personal sampling ·or 
the use of direct reading instruments, may lead to split­
ting the group into two or more groups, each containing 
workers with similar exposure profiles. ANOV A-based 
procedures, such as those used by Woskie et al.19 and 
recommended by Rappaport, 15 should be considered 
when experiencing difficulty establishing reasonably 
similar exposure groups (see subsection titled Analysis of 
Repeat Measurements below). 

Data Analysis-Descriptive and 
Compliance Statistics 

When characterizing workplace exposures industrial hy­
gienists are interested in accurately estimating the popu­
lation parameters for the exposure profile associated 
with a particular work environment. These exposures 
may be specific to an individual employee or an expo­
sure group. 

Population parameters are almost always unknown 
and must be estimated from a sample of n measure­
ments. Estimates of the population parameters are called 

"sample statistics" or "point estimates." Table 16.1 con­
tains those population parameters and associated sample 
statistics that usually are of interest to industrial hygien­
ists. Most of the statistics in Table 16.1 are considered 
"descriptive statistics," useful for characterizing the loca­
tion and shape of the underlying distribution of expo­
sures. Several statistics identified as "compliance" statis­
tics are useful for determining whether a particular work 
environment is acceptable, unacceptable, or in need of 
further evaluation. (Here the term "compliance" is used 
to apply to the determination that an exposure profile 
complies with or conforms to some accepted definition of 
"acceptable." This use is different from the concept that 
compliance implies that each and every exposure must 
be less than the applicable federal OEL.) 

Statistics can either be parametric or nonparametric. 
Parametric statistics are based on the assumption that 
the underlying distribution of exposures can be reason­
ably described by a known probability distribution func­
tion, such as the lognormal or normal distribution. Non­
parametric statistics are not based on any distributional 
assumption and for this reason are sometimes called dis­
tribution-free statistics. 

Parametric Statistics 

Descriptive Statistics 

Arithmetic Mean and Sta.ndard Deviation The sample 
mean (x) is the most commonly used measure of central 
tendency. It is an unbiased estimate of the true popula­
tion mean, regardless of the underlying distribution. 

Geometric Mean and Geometric Standard Deviation Au­
thorities are in general agreement that exposure profiles 
are often best described by the lognormal distribu­
tion. 3.4.

6
'
14

'
15 The sample geometric mean represents an 

estimate of the median, or 50th percentile, of the e:i..'Po-

TABLE 16.1 Exposure Profile Parameters and Sample Statistics of Interest to Industrial Hygienists 

Descriptive 

Compliance 

Population Parameter 

mean(µ) 
standard deviation (cr) 
geometric mean (GM) 
geometric standard deviation (GSD) 
median (jl) 

95th percentile (Xo.9s) 
exceedance fraction (0) 
mean(µ)' 

Sample Statistic 

sample mean (x) 
sample standard deviation (s) 
sample geometric mean (gm) 
sample geometric standard deviation (gsd) 
sample median (x) 

sample 95th percentile (xo.9s) 
sample exceedance fraction (f) 
sample mean (x) or MVUE• 

'The 95% upper or lower confidence limit for the true mean of the exposure profile is compared to a long-term average OEL 
(LTA OEL), not the TWA OEL. 
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sure distribution. The sample geometric mean will al­
ways be less than the sample arithmetic mean. The sam­
ple geometric standard deviation is a measure of the 
spread or degree of dispersion in the data. It can be inter­
preted as the ratio of the 84th percentile to the 50th 
percentile (geometric mean) exposure, or the 50th per­
centile to the 16th percentile: 

gm= exp[; tln x1] = exp [i tY1] 
gsd = exp ( sy) 

where 

t (ln X1 - 1n gm)2 

l=l ------= 
n-1 

i (y1-Yl
2 

l=l 

n-1 

The lowest GSD is a theoretical 1.0, indicating abso­
lutely no variability in the log-transformed values (the 
exponential of zero is one). Exposure variability can be 
classified according to the following rules-of-thumb: 

low-exposure variability 
moderate-exposure variability 
high-exposure variability 

GSD ~ 1.5 
1.5 < GSD ~ 2.5 
GSD>2.5 . 

An exposure profile for an exposure group may have a 
large GSD because it contains a number of dissimilar 
workers. True GSDs greater than 4 are unusual. particu­
larly for individual workers. As a rule-of-thumb, sample 
GSDs of 3 or more should be checked to see if dissimilar 
workers or activities have been combined (e.g., indoor 
and outdoor activities), if there is seasonal variation, or 
simply too few data. 

Minimum Variance Unbiased Estimator If the underlying 
distribution for the data is approximately lognormal, 
which is assumed to be the case with most exposure 
data, then the minimum variance unbiased estimator 
(MVUE) is the preferred point estimate of the true mean, 
particularly when the sample size is small and/or the 
sample geometric standard deviation is large.20

•
21 The 

MVUE is calculated using the following formula: 

The 'I' function is defined for any argument g as: 

"'( ) [i· (n - l)g (n -1)3 g2 (n - 1)
5 g3 yg= + + + 

n n2(n + 1)2! n3(n + l)(n + 3)31 

(n-1)
7 g4 ] 

+ n4(n + l)(n + 3)(n + 5)4! + · · · 

The above equation is easily calculated using a program­
mable calculator or personal computer. Calculation to at 
least five terms is accurate to the third decimal place.21 

(There is often little dill'erence between the simple arith­
metic mean and the MVUE. Because of its familiarity the 
arithmetic mean may be preferred for presentation and 
reporting purposes.) 

Compliance Statistics 

The exceedance fraction and 95th percentile statistics 
are useful for evaluating whether or not an exposure 
profile is acceptable, relative to some evaluation crite­
rion, or OEL. 

Exceedance Fraction A point estimate of the exceedance 
fraction (f). or fraction of exposures greater than the 
OEL, for lognormal distributed data can be calculated us­
ing the following equation: 

f = P(c >DEL)= P(Z > z) 

where 

z= 
In OEL-y 

(2) 

and y and Sy are the sample mean and sample standard 
deviation of the log-transformed data calculated from a 
sample of n measurements. Equation 2 can be read as 
"the (sample) exceedance fraction equals the probability 
that a future concentration exceeds the OEL." This prob­
ability can be determined in the usual fashion by con­
sulting a Z-value table found in any statistics textbook or 
by using the inverse z-function found in most computer 
statistics or spreadsheet programs. 

95th Percentile Exposure The point estimate of the ith 
percentile of the underlying distribution for a sample of 
n measurements is estimated by 

X1-a = exp[ln gm + Z1-a • In gsd] 

= exp[y + Z1-<1 • Sy] 

where a is the area under the distribution curve to the 
right of the ith percentile. When estimating the 95th 
percentile a= 0.05 and the Z-value is replaced by Z1-o.os, 
or 1.645. 

Confidence Intervals 

Sample statistics are rarely identical to the true popula­
tion parameters. One can gain insight into the precision 
of the statistic or point estimate by calculating the 90% 
confidence interval around the sample statistic. The 90% 
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confidence interval can be thought of as the interval in 
which we will, 90% of the time, find the true value or 
population parameter. If the sample size is large and/ 
or the variability in the exposures is low, then the confi­
dence interval can be narrow, providing assurance that 
the point estimate is not far from the true value. How­
ever, if the sample size is small and/or the variability is 
large, then the confidence interval can be quite broad, 
suggesting that the true value may be considerably dif­
ferent from our point estimate. 

The bounds of the 90% interval are the 95%LCL and 
95%UCL. The 95%LCL and 95%UCL are useful in that 
they can be directly compared to target acceptable val­
ues. For example, if the 95%UCL is less than a target 
value, then one can be at least 95% confident that the 
true value of the statistic (the population parameter) is 
less than the target value. Conversely, if the 95%LCL is 
greater than a target value, then one can be at least 95% 
confident that the true value of the statistic is greater 
than the target value. 

Arithmetic Mean Two procedures are presented. The first 
procedure can be used for sample data where it is as­
sumed that the underlying distribution is normal. The 
second is preferred when it is assumed that the underly­
ing distribution is lognormal. 

Normal Distribution Assumption This procedure is fairly 
robust, that is, it works well for many non-normal distri­
butions, especially as the sample size increases, produc­
ing reasonably accurate confidence limits. 

Procedure: 

(1) Calculate the sample mean (y) and sample stan­
dard deviation (s). 

(2) Calculate the 95% upper or lower confidence 
limit: 

CL=x+ t • ~ 
~ 

where t = to.9s.,,-1 for the 95%UCL and t = to.os.n-1 for the 
95%LCL. 

Taken together, the 95%LCL and 95%UCL form a 90% 
confidence interval for the true arithmetic mean when 
the data are normally distributed and an approximate 
90% confidence interval when the distribution departs 
from normality. 

Lognormal Distribution Assumption The following proce­
dure was adapted from Land22 and is preferred when the 

underlying distribution is assumed to be reasonably log­
normal. (See Hewett23 for a review of alternative proce­
dures.) 

Procedure: 

(1) Calculate an estimate of the mean of the lognor­
mal distribution:* 

(2) Obtain the appropriate C-factor. Table A2a lists 
the C-factors necessary to estimate the 95%UCL: 
C(sy; n, 0.95). Table A2b lists the C-factors used 
to estimate the 95%LCL: C(sy; n, 0.05). Linear or 
Lagrange interpolation within_ and between sam-
ple sizes may be required. · 

(3) Calculate the 95% lower or upper confidence 
limit: 

where 
CL = the upper or lower confidence limit, depending 

upon the choice of C 
C = C(sy; n, 1 - a.) for the UCL where a.= 0.05 

= C(sy; n, a.) for the LCL where a.= 0.05 

Taken together, the 95%LCL and 95%UCL form a 90% 
confidence interval for the true arithmetic mean of log­
normal distribution data. See Hewett and Ganser24 for 
approximation formulae for calculating the appropriate 
C-factor. Also, interpolation can be avoided by using a 
table Sy value that is slightly greater than the calculated 
value. This will result in a confidence interval that is 
slightly wider than 90%.t 

Exceedance Fraction The following procedure for calcu­
lating the 90% confidence interval around the exceed­
ance fraction (for lognormally distributed data) was 
adapted from Odeh and Owen. 25 

· 

*There are several formulae for estimating the mean, or average, of a lognor­

mal disbibution. See Reference 23 for a related discussion. 

tOccasionally when the sample GSD is large and/or the sample size ls small 
the 95%UCL for µ will be quite large. sometimes greater than the 95%UCL 

for the 95th percentile. While seemingly illogical, the 95% upper confidence 
limit for the true mean is still valid: 95% of the time the true mean will be 

less than the calculated 95%UCL. The best aBvice here is to reexamine the 
data and the exposure group definition. Perhaps high- and low-exposure jobs 
or tasks are represented in the dataset, resulting in an unusually large sam­
ple GSD. Otherwise, collect more data and recalculate. 
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Procedure: 

(1) Calculate z using Equation 2 
(2) Using z and the sample size, n, the 95% LCL for f 

can be read from Table A3. However, interpola­
tion (linear or Lagrange) will usually be neces­
sary to obtain reasonable accuracy. The 95%UCL 
can also be determined from Table A3. Obtain 
the table value using n and the negative of z. The 
95%UCL for f is the complement of this value 
(complement= I -value). 

Interpolation can be avoided by (a) using a simplified 
procedure24 or (b) using a table z-value that is slightly 
greater than the calculated z-value for the LCL and UCL 
calculations, respectively. The latter option will result in 
a confidence interval that is slightly wider than 90%, 
but simplifies the calculations. 

95th Percentile Exposure The 95%LCL and 95%UCL for 
the x0•95 (assuming the exposure data are lognormally 
distributed) are easily estimated using K-factors devel­
oped by Odeh and Owen.25 Unlike the exceedance frac­
tion, the 95th percentile is not specific for any particular 
OEL. Consequently, it is useful when there are multiple 
exposure limits that can be applied (e.g., a substance 
may have an OSHA PEL, a NIOSH REL, and an ACGIH 
TIN). 

Procedure: 

(I) Calculate the sample mean @ and sample stan­
dard deviation (sy) of the log-transformed data 
where y = ln(x). 

(2) Calculate the 95% lower or upper confidence 
limit: 

95%LCL = eXP Ui + Ko.os.o.9s:. • syJ 
95%UCL = eXP Ly+ Ko.95.0.95,n • syJ 

See Table A4 for the appropriate 95%LCL and 95%UCL 
K values. (The K values for the 95%LCL are nearly iden­
tical to the K' (K prime) values described by Tuggle.26

) 

Taken together, the 95%LCL and 95%UCL form a 90% 
confidence interval for the true 95th percentile (X0.95), 

assuming a lognormal distribution. Note that the 95% 
UCL for the sample 95th percentile exposure is identical 
to the 95% upper tolerance limit recommended by sev­
eral authorities. 3·

6
•
27.2s 

Nonparametric Statistics . 

There may be situations where there is compelling evi­
dence that the lognormal distribution assumption does 
not apply, for example, when the log-probability plot is 

far from linear and the data fails a formal goodness-of­
fit test such as Filliben's test presented above. In this sit­
uation the preferred approach would be to evaluate the 
data and supporting documentation for indications that 
the exposure group definition needs to be reevaluated. 
Perhaps several distinctly different exposure groups are 
represented in one larger group. Another approach 
would be to apply nonparametric procedures for estimat­
ing the median, 95th percentile, and exceedance frac­
tion. One disadvantage to using nonparametric, or dis­
tribution-free, statistics is that the confidence intervals 
are wider than those estimated assuming a particular 
distribution, such as the lognormal or normal distribu­
tion. Perhaps this is why nonparametric statistics are 
not often reported in the industrial hygiene literature. 
Readers interested in nonparametric statistics should re­
view the recommendations by Rock. 29 Esmen, 30 and the 
EASC. 3"

6 A good general reference is that of Conover. 31 

Descriptive Statistics 

The first step in a nonparametric analysis is to sort the 
data from low to high values. The ith ordered observa­
tion will be referred to as x1• 

Mean The simple arithmetic mean is an unbiased esti­
mate of the center of mass of a distribution, regardless of 
the shape of the distribution. 

Median The 50th percentile of any distribution is known 
as the median. If the sample size is odd, then the sample 
median is simply the middle value. If the sample size is 
even, the sample median is the average of the two mid­
dle values. Specifically: . 

for n = 2k + 1 (odd n): i = X1.;,1 

for n = 2k (even n): i = .!.(xk + x1• 1) 
2 

The median exposure is one measure of central tendency 
of the exposure profile. It has no current use in deter­
mining compliance. 

Compliance Statistics 

Exceedance Fraction The. observed, or nonparametric, ex­
ceedance fraction (]) is simply the ratio of the number 
of overexposures (i.e., measurements greater than the 
OEL) to the sample size: J = min, where m = number of 
overexposures and n = sample size. The observed exceed­
ance fraction can often be zero for small sample sizes, 
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even when the actual probability of an overexposure is 
quite large.* 

95th Percentile Exposure The nonparametric 95th per­
centile can be estimated for n ~ 20. Linear interpolation 
between rank-ordered data is usually necessary to esti­
mate the 95th percentile exposure.32

•
33 

XQ.95 = X; + (0.95n - i)(xi+I - Xi) 

where i = integer portion of 0.95 • n 

Confidence Intervals 

Median For n :s; 30 confidence intervals for the median 
(50th percentile) exposure can be calculated using the 
following procedure.31 Let q equal the quantile (percen­
tile) of interest, 0. 5 in this case. The ordered rank of the 
95%LCL, I, is determined by finding I such that 

/- J 

I,b (x; n, q) = 0.05 (3) 
.r=O 

where b (x ; n, q) is the binomial function: b (x; n, q) = 

(:k(l -q)"-', x = 0, l , 2, ... , n. The ordered rank of 

the 95%UCL, u, is determined by setting q to 0.5 and 
fmding u such that 

•-1 

I,b (x; n, q) = 0.95 
.r=O 

Table AS contains the rank of the 95%LCL and 
95%UCL for the sample median for sample sizes ranging 
from 5 to 30. If n > 30, the following formulae can be 
used to estimate the rank of the 95%LCL or 95%UCL 
value, where q equals 0.5, and Z = 1.64532

·
34

: 

I= q(n + 1) - z.../nq(l - q) 

u = q(n + 1) + z.../nq(l - q) 

(4) 

(5) 

The resulting rank-I or u-should be rounded to the 
next smaller or larger integer, respectively. Alterna­
tively, linear interpolation between the ordered values 
can be used to determine the 95%LCL or 95%UCL. Equa­
tions 4 and 5 are .conservative, thus resulting in a confi­
dence interval slightly wider than 90%. 

Exceedance Fraction Confidence limits for the nonpara­
metric exceedance fraction can be determined from Ta­
ble A6 for n :s; 30. Confidence intervals for larger sample 

•For large sample sizes. say n > 30. the calculated and observed exceedancc 
fraction should be similar if the data are approximately !ognormal. 

sizes are determined by finding e (pronounced "theta"; 
0 < e < 1) such that the following equations are true35

: 

" I,b (x; n, eLCL) = 0.05 
r=m 

m 

I,b (x; n, eua) = 0.05 
z=O 

For n > 30 the following equations can be used to calcu­
late reasonably accurate confidence intervals.32

.3
6 The 

95%LCL and 95%UCL is estimated by substituting 1.645 
for Z in the following equations: 

1 e ---· 
LCL- n+z2 

f z
2 ~ (m - o.5)

2 

z
2J \(m-0.S)+-,--Z · ~m-0.5)- " +4 

1 
0uCL=--· 

n+Z2 

(m + 0 5) - (m + 0.5)2 + z2)] 
. 2 4 

except if 
m = 0, then el.CL=:= 0 
m = 1, then el.CL= 1 - (1 - o:)11

" where a= 0.05 for the 
95%LCL(e) 

m = n, then 0ua. = 1. 

95th Percentile The 95%LCL can be calculated for sam­
ple sizes greater than 4 (although 19 measurements are 
necessary before the point estimate can be calculated). 
In contrast, the sample size has to exceed 58 before the 
more useful 95%UCL can be calculated. The 95%LCL can 
be determined using Equation 3: let q = 0.95 and deter­
mine I such that the equation is true. This procedure 
was used to determine the values in Table AS. This table 
contains the rank (r) of the 95%LCL for the sample 95th 
percentile ·for sample sizes ranging from 5 to 30. If n > 
30, Equation 4 is adequate for estimating the rank of the 
95%LCL32

: let q = 0.95 and Z = 1.645 and calculate I. If 
n > 58, Equation 5 may be used in a similar manner to 
estimate the rank of the 95%UCL. 

Comments Confidence intervals for the nonparametric 
95th percentile require large sample sizes, particularly 
for the 95%UCL, thus reducing their usefulness for risk­
management decision making. In contrast, 90% confi­
dence intervals for the exceedance fraction can be cal­
culated for virtually any sample size. Note that these 
confidence intervals will often be considerably broader 
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than those estimated using the parametric lognormal as­
sumption. Consequently, nonparametric statistics should 
only be used when one is confident in rejecting the log­
normal (or normal) distribution assumption. Reevaluat­
ing the exposure group definitions and the range of tasks 
or activities within the exposure group may lead to new 
exposure groups where the lognormal assumption is rea­
sonable. 

Data Analysis Issues 

Censored Data 

Measurements less than the limit of detection (LOD) (or 
limit-of-quantification) often occur, particularly for well­
controlled work environments and when the exposure 
limit is close to the LOD. Simply ignoring the LOD values 
will bias the sample GM upward and the sample GSD 
downward. There are various substitution techniques for 
estimating distribution parameters from datasets con­
taining censored data: each censored datum is simply 
replaced with the (1) LOD, (2) half of the LOD, or (3) 
LOD divided by .../2. The CEN4 recommended using half 
of the WD. Simple substitution works well when the per­
centage of LOD values is small. More sophisticated tech­
niques generally produce more accurate sample esti­
mates, but require tables and intermediate calculations. 
The reader is advised to consult the references before 
adopting any particular scheme. 32

·
3738 

Inconsistent Data Points 

Inconsistent data points, or what some might call out­
liers, should be carefully considered. A true outlier rep­
resents a gross error in either sampling or analysis, or 
an aberrant condition in the work environment that is 
clearly unlikely to be repeated. Unless strongly justified, 
inconsistent data should be not be eliminated from a da­
taset. Such values most likely are part of the actual ex­
posure profile and reflect exposure conditions that 
should be investigated.3

•
7 

Analysis of Repeat Measurements 

Exposure variability within an exposure group can be 
divided into within-worker and between-worker compo­
nents. 3'15 Within-worker factors that influence exposure 
Variability include differences in assigned tasks or time at 
task. work practices, and individual exposure controls. 
Between-worker factors include production level varia­
tion and general ·ventilation. There is growing interest 
in the use of analysis-of-variance (ANOV A) or compo­
nents-of-variance techniques to estimate these within-

and between-worker components of overall variability. 
Rappaport15 illustrates the calculation techniques and 
advocates their use in assessing the degree of heteroge­
neity within exposure groups. Woskie et al. 19 described 
the application of similar techniques to short-term (with­
in-shift) and full-shift measurements. Such analyses can 
guide decisions to focus on modifying general engineer­
ing/ventilation controls, or to focus on modifying indi­
vidual engineering/ventilation controls or work prac­
tices. However, these techniques require the collection 
of repeat measurements for each of n randomly selected 
workers in each exposure group. Others have described 
ANOV A-based techniques for assessing compliance. 39

·
40 

These proposals merit consideration, but apply only to 
true long-term average OELs. In summary, when repeat 
measurements are available for workers, the techniques 
described in these and similar papers may be useful for 
gaining insight into the relative contribution of the vari­
ous sources of workplace variability and help direct in­
tervention efforts. 

Data Interpretation 

The underlying goal of any data interpretation scheme 
is to reliably determine, given the available data, that the 
exposure profile of each worker in each exposure group is 
either acceptable or unacceptable for the current obser­
vation period.1 Often an industrial hygienist may defer a 
final decision until additional information or data can 
be collected. However, unless action is taken to reduce 
exposures, a decision to defer is by default a decision that 
the work environment is acceptable. It is generally ac­
cepted that decisions in the presence of uncertainty 
should always be made in favor of the workers. 3 

For those exposure profiles judged acceptable, the de­
cision should be made with a high degree of confidence. 
How much confidence is needed depends on the numer­
ous factors involved. For example, if resampling intervals 
are close, then less confidence can be tolerated during 
each survey, such as when using a control chart ap­
proach or a simple decision scheme. If resampling occurs 
infrequently, then a high degree of confidence is needed 
such as provided by a formal statistical test using the 
95%UCL. If the OEL is uncertain, such as when a work­
ing or provisional1 OEL is used or the legal OEL is dated 
and no longer considered protective, then a high degree 
of confidence is needed. The same can be said for situa­
tions where the substance is particularly toxic or the 
toxicological info~ation is uncertain. 

Data interpretation schemes generally fall into one of 
three categories: nonparametric decision logics, para­
metric decision logics, and control chart techniques. 
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Nonparametric Decision Logics 

Nonparametric decision logics are based on simple deci­
sion rules or the use of non-parametric statistics. Rule­
based decision logics require few, if any, statistical calcu­
lations, and no underlying distribution is assumed. 

Rule-Based Decision Logics 

Historically, a common procedure for determining the 
acceptability of a "work environment" is to collect one 
or several measurements from one or more maximum­
risk employees and apply simple decision rules. As the 
quantity of exposure data has increased, industrial hy­
gienists have adopted ever more sophisticated and statis­
tically defensible data analysis procedures. However, 
simple decision rules have a legitimate place in federal 
regulations41 and when designing exposure surveillance 
programs (where one or a few exposures over the OEL 
or an action limit triggers a more comprehensive evalua­
tion). 

The 1977 NIOSH42 sampling strategy and decision 
logic is summarized in Table 16.2. Notice that a decision 
can be rapidly reached with one or a few measurements. 
NIOSH introduced the concept of an "Action Level," or 
half of the OEL. Measurements above the Action Level, 
but below the OEL, triggered additional sampling. This 
scheme permitted rapid and efficient decision making. 
However, as noted by Tuggle,27 the decision may not be 
the right decision, even when the true exceedance frac­
tion is 0.25 or greater. 

More recently the CEN4 described the use of simple de­
cision rules. For datasets containing less than six mea­
surements, collected from a specific "homogeneous expo-

sure group," each measurement should be compared to 
the OEL. A single overexposure should trigger an inves­
tigation and remedial action, if necessary. The CEN 
provided several examples for determining when to re­
sample and how many measurements to collect. One ex­
ample is summarized in Table 16.3. 

Nonparametric Statistical Analysis 

Nonparametric statistical analysis has been recom­
mended for those instances where one cannot assume · 
that the data are derived from a lognormal distribu­
tion. 3·

6
·
29

•
30 In general, larger sample sizes are needed be­

fore statistical significance is reached. Because of this 
limitation, judgment is often needed when balancing the 
expense of further sampling against the expense of in­
stalling additional controls. 3•

30 

Uthe nonparametric 95th percentile exposure is less 
than the OEL, then one has evidence that the true 95th 
percentile is less than the OEL, but the confidence level 
is un.lrn.own. At least 20 measurements are needed just 
to estimate the 95th percentile, while 58 measurements 
are necessary to estimate the corresponding 95%UCL. Is 
this a reasonable use of resources? Perhaps attention 
should be given to defining exposure groups where para­
metric statistics can be used. 

U the nonparametric exceedance fraction (] = min) is 
less than 0.05,. then again one has evidence that the 
true exceedance fraction is less than 0.05. However, 
nonparametric exceedance fractions can be extremely 
misleading when the sample size is small. For example, 
consider a dataset where n = 2 and both measurements 
are below the OEL. The point estimate of the exceedance 

TABLE 16.2 Example Decision Logic for Small Sample Sizes 

Sampling Strategy: 

Collect one or more measurements (C) from one or more maximum risk 
employees (MRE). Compare each measurement to the Permissible Exposure Limit 
(PEL) and the Action Level (AL = 0.5 · PEL). 

Decision Rules 

1. If C < AL 

2. If C> PEL 

3. If AL:,; C :,; PEL 

Note. Adapted from NIOSH." 

Decison/ Action 

then conclude the work environment is acceptable for the exposure 
group presented by the MRE. 

then conclude that the work environment is unacceptable, take 
corrective action, and re-sample at least monthly. · 

then collect an additional measurement at least every two months 
until either two consecutive measurements are less than half the 
PEL (and conclude that the exposures are acceptable) or any single 
measurement is above the PEL (and conclude that exposures are 
unacceptable and take appropriate actions to reduce exposures). 
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TABLE 16.3 Example Decision Logic for Small Sizes 

Sampling strategy: 

Collect a single measurement every two months from each exposure group. Compare each 
measurement to four action limits: 
N1 = 0.40 • OEL 
N2 = 0.70 · OEL 
N3 = 1.00 • OEL 
N4 = 1.50 • OEL 

Decision Rules Decision/ Action 

1. If Cs Nl twice consecutively then collect one measurement every 6 months. 
2. If CS N2 
3. If N2 < CS N4 

then continue collecting one measurement every two months. 
then collect two measurements every two months.• 

4. If N2 < Cs N4 twice consecutively 
5. If N3 Sa Cs N4 twice consecutively 

then collect two measurements every two months for eight months.t 
then immediate action is warranted to reduce exposures. 

6. If C> N4 then immediate action is warranted to reduce exposures. 

Note. Adapted from CEN.4 

•Every overexposure (C > N3) should be investigated, the reasons for the overexposure identified, and appropriate measures taken. 
tlf the two measurements were collected on the same survey. then immediate action is warranted to reduce exposures. 

fraction is 0.0, but because the 95%UCL is 0. 777 (see 
Table A6) we have little confidence that the true exceed­
ance fraction is less than 0.05. 

Parametric Decision Logics 

In 1977 NIOSH42 stated that the goal of an effective ex­
posure-monitoring program is to "attain 95% confidence 
that no more than 5% of employee days are over the 
standard." NIOSH was not implying that it is permissible 
to overexpose each employee once every twenty shifts, 
but was merely providing a "statistical" goal for design­
ing an exposure monitoring program. A similar goal has 
been suggested by numerous organizations,3

•
4

·
6 authori­

tative individuals, 10
·
29

·
4

3.4
4

.~
5 and corporations.46

•
47 

According to the · AIHA 3'
6 the exposure profile for a 

similar exposure group is usually deemed acceptable if 
it is highly likely that only a small percentage of the 
measurements exceed the OEL. This is the case if the 
parametric or nonparametric upper confidence limit on 
the 95th percentile is less than the OEL, or the upper 
confidence limit on the exceedance fraction is less than 
0.05. 

If six or measurements are randomly collected from 
an exposure group, the CEN4 recommends that one use 
statistics to estimate the probability of overexposure for 
individuals within the HEG. If this probability exceeds 
5%, then corrective action should take place. Otherwise, 
periodic monitoring should be used to confirm that the 
point estimate of the probability of overexposure remains 
less than 5%. 

The above recommendations are pertinent to TWA 
OELs. When dealing with long-term average OELs (LTA 
OEL; see Chapter 15) some researchers advocate the use 
of ANOV A techniques when analyzing exposure mea­
surements. 39'40 Such techniques require the characteriza­
tion of the distribution of individual long-term mean ex­
posures within an exposure group. This necessitates 
collecting multiple measurements from each of n ran­
domly selected workers per exposure group. ANOVA 
techniques are then used for determining the probability 
that the long-term mean of any single worker in the ex­
posure group exceeds LTA OEL. 15 Rappaport et al. 39 sug­
gest that the exposure profile of the exposure group may 
be judged acceptable if ):his probability is 0.10 or less. 
Tests for comparing the average exposure for an expo­
sure group or individual worker have also been de­
scribed.48 

Consistent with these authoritative recommendations, 
Table 16.4 contains generic criteria for determining 
whether a dataset suggests that the exposure profile for 
a particular exposure group or work environment is cur­
rently acceptable or unacceptable relative to a TWA OEL 
or LTA OEL. The evaluation statistic utilized can be ei­
ther the point estimate of the exposure parameter of in­
terest or its associated upper or lower confidence limit. 
For example, if the point estimate of the 95th percentile 
exposure is less than the TWA OEL, then one has evi­
dence that the work environment is acceptable, but not 
necessarily compelling evidence. Compelling evidence 
exists when the 95% upper confidence limit for the 95th 
percentile is less than the TWA OEL. A similar logic ap-
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TABLE 16.4 Evaluation Criteria for Testing Whether a Dataset Represents "Acceptable" or "Unacceptable" 
Exposure Conditions 

Evaluation Criteria 

TWA OEL or STEL OEL LTA OEL Exposure Profile Appropriate Action 

95%UCL{xo.95) :5 OEL or 
95%UCL(n :5 0.05 

95%UCL(x) :5 LTA DEL {clearly) acceptable Periodically re-sample. 

Xo.95 :5 OEL or f :5 0.05 x:5 LTA DEL acceptable Periodically re-sample. 

Xo.95 > OEL or f > 0.05 X> LTA OEL unacceptable Take steps to reduce exposures. Re-sample. 

95%LCL(xa.95) > DEL or 
95%LCL(f) > 0.05 

95%LCL(x) > LTA OEL (clearly) unacceptable Take immediate steps to reduce exposures. 

plies to the exceedance fraction and to the long-term 
mean (when a LTA OEL applies). 

Note that concluding that an exposure profile is cur­
rently "acceptable" relative to an OEL permits one to 
state that the exposure profile "appears to be controlled." 
If the 95%UCL is compared to the OEL one could state 
that the exposure profile "is controlled, with at least 95% 
confidence." The OEL referred to in Table 16.4 should be 
replaced by either half or a tenth of the actual OEL in 
order to evaluate whether or not the true exposure pro­
file can be rated "well-controlled" or "highly controlled" 
(see Table 15.3, Chapter 151). 

Control Chart Techniques 

Control charts or time series plots can be used for recog­
nizing trends4

·
32 and cycles, to assess the stability of the 

work environment, and for visually ·comparing measure­
ments to OELs and Action Limits. Roach et al.2 and 
Roach 10 recommended the use of time series plots cou­
pled with simple decision rules. For example, a warning 
line could be established at or below the OEL. Measure­
ments above the warning line should elicit a repeat visit. 
Two measurements in a row above the warning line 
should result in immediate action. The cEN4 also recom­
mended a time-series plot for routinely collected mea­
surements. Both the individual measurements and the 
moving average is plotted against time. In this manner 
the acceptability of individual values can be assessed, as 
well as any trends toward higher exposures. 

The combination of time-series plots and simple deci­
sion rules should be considered when dealing with dy­
namic work environments where significant change, as 
part of the normal work process, is expected. Such tech­
niques are also suited to work environments that are 
rated "controlled" (see Table 15.3, Chapter 151). This is 
because continual surveillance and continuous improve-

Re-sample. 

ment are necessary until such time that statistical tests 
permit the exposure profile to be rated "well-controlled" 
or "mininlal." 

The application of statistical process control tech­
niques to the control of exposures in the work environ­
ment is encouraged. The TWA OEL could serve as an 
upper specification limit that, in principle, should not be 
exceeded. For practical purposes, the upper specification 
limit could be defined as the 95th percentile of a "con- · 
trolled" exposure profile. As measurements accumulate 
the annual (or less) long-term mean should be one-third 
or less of the TWA OEL, and not be permitted to exceed 
half the single-shift limit. It is even conceivable for stable 
processes to calculate traditional control limits for gaug­
ing drift and trends. As exposures are controlled, the 
upper specification limit could be progressively reduced, 
encouraging further reductions in_ exposure, thereby 
minimizing risk to the workers and the future liability 
risk of the employer. 

Data Interpretation Issues 

Interpretation of a Single 
Exposure Measurement 

Authoritative sources are unanimous in recommending 
that each overexposure be investigated, regardless of the 
level of sophistication of the exposure-monitoring pro­
gram or the past exposure history4

'
6 (see related discus­

sion in Ref. 41). If there is compelling or convincing past 
exposure data to suggest that the overexposure is most 
likely a random occurrence in an otherwise controlled 
exposure profile, then it is reasonable to take no action 
beyond merely documenting the investigation. However, 
if no rational explanation can be found for the overexpo- . 
sures, one is compelled to conclude that a systematic 
change of some sort may have occurred: after all, in a 
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"controlled" work environment overexposures should be 
infrequent to rare. Follow-up actions may consist of fine 
tuning existing controls, installation or modification of 
controls, or an evaluation of individual work practices. 
Regardless, additional measurements are usually war­
ranted in order to verify the need for additional controls 
or to evaluate the effectiveness of any intervention. 

As a rule-of-thumb, one should always be suspicious 
when one or more measurements exceeds 50% of the 
OEL in a small dataset, particularly when n < 6. This 
suggests that the exceedance fraction of the current ex­
posure profile may be unacceptable (i.e., greater than 
0.05). 

Dual Limits 

Many substances have dual limits; that is, both a TWA 
OEL and an STEL OEL. OSHA49 noted that if the full-shift, 
TWA exposure is less than the PEL, then the short-term 
exposures are also likely controlled. Along similar lines, 
Spear et al. 50 concluded, using mathematical analysis, 
that the exceedance fraction for short-term, 15-minute 
average exposures will be limited to 5% or less if the 
exceedance fraction for full-shift, TWA exposure is lim­
ited to 5% or less. However, one cannot always rely 
upon a satisfactory TWA measurement to indicate that 
within-shift excursions are also acceptable. Short-term 
exposures should always be evaluated when there are 
predictable or recognizable within-shift cycles and epi­
sodes of high exposure. 

In Great Britain vinyl chloride is subject to a 7 ppm 
single shift limit and a 3 ppm annual average limit. 51 In 
the United States there are no examples of explicit dual 
limits that consist of a TWA OEL and a LTA OEL. How­
ever, in a "controlled" work environment the long-term 
average exposure for each individual worker should be 
much less than the OEL, particularly for chronic disease 
agents, and the single shift limit should be infrequently 
exceeded, if at all. As discussed in Hewett1 (Chapter 15), 
it is reasonable to devise a provisional LTA OEL using 
the AIHA recommendation of one third the single shift 
limit (or TWA OEL). The long-term average should be 
less than the LTA OEL and at no time exceed one half of 
the single shift limit. 

Examples 

Example 1 

Table 16.5 contains total welding fume data collected 
in three welding departments at an automobile frame 
manufacturing plant. The data represent measurements 

collected on a single day in 1987 from randomly se­
lected welders. Each measurement represents the full­
shift, 8-hour TWA exposure to medium-steel welding 
fumes for each of n welders in the three departments. 
The applicable OEL is the 1987 ACGIH TLV of 5 mg/m3 

for welding fumes (total particulate,* not otherwise clas­
sified). Measurements were also collected on other days 
during this week as part of a research study,52 but the 
data from a single day will be used to illustrate the cal­
culations presented in this chapter. Assume that these 
data were collected as part of an initial baseline survey 
of these welding operations. It was not possible to moni­
tor all welders, so a reasonable number were selected 
from each department. Since all the welders in each de­
partment were engaged in similar tasks, used similar 
welding consumables and equipment, and were subject 
to similar ventilation controls, it was logical to initially 
consider each "department" as an exposure group. What 
then can be said from an analysis of these data? 

Goodness-of-Fit 

Figure 16.1 shows the log-probit curves for these data. 
This graph was created using a standard computer 
spreadsheet program. The x-axis can be displayed in 
"normal" or "log" terms. The "log" x-axis is usually se­
lected under the usual assumption that the data are log­
normal distributed. The y-axis is in terms of the z-value 
equivalent of the plotting position (see Goodness-of-Fit 
section). In all three cases, the data appear "reasonably" 
linear with no obvious outliers or data points that need 
individual investigation; All three datasets pass the re­
vised Filliben's goodness-of-fit test: the calculated corre­
lation coefficient. r, exceeded the appropriate critical 
value found in Table Al. Since neither the subjective 
graphical evaluation nor the objective goodness-of-fit 
test suggest that the data do not come from a lognormal 
distribution, we may calculate descriptive and compli­
ance statistics with reasonable assurance that our point 
estimates will be valid. Of course, with limited data, say 
n less than 10, it is difficult to reject any distributional 
assumption. 

Descriptive Statistics 

All three departments exhibited moderate exposure vari­
ability as indicated by the sample GSDs, which ranged 
from 1.56 to l.67 (see Table 16.6). The sample GMs 

*Since welding fumes are typically smaller than 1 µm in diameter. the "total 
particulate" specified in 1987 is essentially equivalent to the "inhalable par­

ticulate" specified in the 1997 TLV booklet 
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TABLE 16.5 Data Used in the Examples (Sorted in Ascending Order) 

Automobile Frame M,mufacturing 
(welding fumes, mg/m3

)
52 

Chemical Plant 
(inorganic lead, µg/m3

)
53 

Department B Department C Department E Worker A 

0.21 
0.42 
0.49 
0.58 

1.63 
2.02 
2.04 
2.32 
4.28 
6.04 

are useful for estimating the median, or 50th percentile 
exposure, of a lognormal exposure distribution. The 
sample arithmetic mean is useful for indicating whether 
or: not the long-term average exposure will be controlled 
to the ideal range of less than one-third of the OEL. In 
this example only Department B had a sample mean 
near this range. The confidence intervals about the sam­
ple mean were quite broad, reflecting the small sample 
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6.39 
6.89 
9.59 

10.89 
19.97 

3.9 
7.9 
8.6 
9.0 
9.0 
9.5 

10.0 
10.0 
10.2 
10.4 
11.3 
11.4 

12.4 21.5 
12.9 21.9 
13.0 22.2 
14.4 24.6 
15.0 25.4 
15.9 25.6 
17.1 25.7 
18.6 28.9 
19.1 30.4 
19.5 34.0 
19.6 46.9 
20.2 56.4 

size. Consequently, we have to interpret the estimates of 
the sample mean with some caution, as the true values 
may be considerably different from the sample estimates. 
It will require periodic monitoring over a period of a year 
or more to determine conclusively whether or not the 
long-term mean for Department B is routinely main­
tained in this range. 

If the underlying distributions are reasonably lognor-

i 
lfi!i',>I 

I 
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C E 

-2 +-~--+~-+--l--1-!-+-,H+~~+---+--+-+--+-+-1-++-~-+-~+-+-1-+--l-l-+-i 

0.1 1 10 100 
8-hour TWA (mg/m3) 

FIGURE 16.1 Log-probit curves for Example 1. 
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TABLE 16.6 Parametric Descriptive and Compliance Statistics for Examples 1 and 2 (the 90% confidence intervals 
are given in parentheses) 

Auto Frame Manufacturing Plant52 Chemical Plant'3 

(welding fumes, mg/m3
) (inorganic lead, µg/m 3

) 

Department B Department C Department E Worker A 

n 4 6 5 36 
min 0.21 1.63 6.39 3.9 
max 0.58 6.04 19.97 56.4 

Descriptive statistics 
x 0.43 3.06 10.75 18.7 

(0.29-1.06) (2.15-5.66) (7.58-20.60) (16.1-22.4) 
gm 0.40 2.72 9.83 16.2 
gsd 1.56 1.67 1.57 1.73 
mvue 0.43 3.02 10.66 18.7 

Compliance statistics 
foa. <0.01 0.12 0.93 0.02 

(«0.01-0.03) (0.02-0.40) (0.63-0;99) (<0.01-0.06) 
Xo.95 0.83 6.29 20.75 39.7 

(0.55-3.95) (4.25-18.01) (14.25-66.33) (32.5-52.5) 

Goodness-of-fit 
log-probit graph reasonably reasonably reasonably log normal 

lognormal · log normal lognormal 
Filliben's test 0.933 ~ 0.868 • 0.937 ~ 0.889. 0.956 ~ 0.880. 0.987 ~ 0.969. 
r (lognormal) :. lognormal :. lognormal :. lognormal :. lognormal 

'Critical value. If r is less than the critical value, then there is evidence that the underlying distribution is not lognorrnal. 

mal, then the MVUE is the best point estimate of the 
true mean. In most cases, it will be similar to the simple 
arithmetic sample mean, but may vary substantially 
when the sample size is small and the sample GSD is . 
large. 

Compliance Statistics 

The sampled welders working in Department B experi­
enced exposures all of which were less than 12% of the 
OEL. In contrast, the sampled welders in Department E 
all experienced exposures greater than the OEL. In De­
partment C all of the measurements were greater than 
10% of the OEL, with one out of the six exceeding the 
DEL. 

For Department B the compliance statistics suggest the 
point estimate of the exceedance fraction is virtually 
zero, with a 95%UCL of 0 .03. Even with this small sam­
ple size we can be more than 95% confident that the true 
exceedance fraction is less than 0.05. Similarly', both the 
point estimate of the 95th percentile and its 95%UCL 
were less the OEL. For Department C the point estimate 
of the exceedance fraction is 0.12 while the point esti­
mate of the 95th percentile exceeds the OEL. For De-

partment Ethe 95%LCLs for the 95th percentile and ex­
ceedance fraction exceeded the TWA OEL and 0.05, 
respectively. 

Conclusions and Recommendations 

With small sample sizes such as these all of the measure­
ments should be less than the OEL for one to declare that 
the exposure profile appears "controlled" and that the 
work environment is currently "acceptable" (see Table 
16.4). Even so, the confidence intervals will often be broad 
with 95%UCL values well into the unacceptable range. 
This necessitates occasiox;tal remonitoring to verify or 
validate the initial assessment and to determine if higher 
risk employees were missed in the baseline survey. 

Exposures in Department B appear to be "well-con- . 
trolled" (see Hewett.1 Chapter 15, Table 15.3, for the 
statistical interpretations of these terms). Because the 
95%UCL for the 95th percentile is less than the TWA 
OEL, we can conclude, with at least 95% confidence, that 
the exposure profile for this exposure group is "con­
trolled." Occasional remonitoring and reassessment 
should take place in order to confirm this assessment, 
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preferably with a mix of repeat sampling and sampling 
of other welders. 

Regarding Department C, exposures routinely were 
substantial (i.e., greater than 10% of the OEL), with a 
point estimate of 12% overexposures. Steps should be 
taken to reduce exposures and to evaluate others in this 
exposure group. It is possible that adjusting existing con­
trols and modifying individual work practices will be suf­
ficient to permit, after follow-up sampling, a rating of 
"controlled" or better. However, periodic remonitoring 
will probably be necessary until the stability of the pro­
cess can be ascertained and an exposure history is devel­
oped over a period of several years. 

Exposures in Department E are obviously unaccept­
able without any calculations. We can expect approxi­
mately 93% of the exposures in this department to ex­
ceed the OEL. Immediate action is warranted, to include 
the use of interim respiratory protection. No further 
monitoring is necessary until improvements have been 
made in either the ventilation system and/or work prac­
tices. 

Observations 

As a general rule, it is recommended that one have at 
least 6-10 measurements before using statistical tech­
niques for characterizing an exposure . profile. 4'

6 While 
fewer than six measurements often lead to highly vari­
able estimates (i.e., statistics) of the true exposure profile 
parameters, it is often possible to reach a highly accurate 
decision regarding the question "Is the exposure profile 
acceptable?" Here we see that for Departments B and E 
sound conclusions can be reached, despite the fact that 
less than six measurements were used. If exposure pro­
files can be controlled to the point that · the exposures 
can be rated "well-controlled" or "highly controlled" and 
the process is relatively stable, then the future sampling 
burden will be minimal. 

The nonparametric descriptive and compliance statis­
tics in Table 16. 7 provide several in.teresting compari­
sons to Table 16.6. For Department B we calculated a 
parametric 95%UCL for the exceedance fraction of 0.03. 
If we used nonparametric statistics, we would be com­
pelled to accept the proposition that the true exceedance 
fraction might be as great as 0.53, despite the fact that 
the maximum value was only 12% of the TWA OEL. 
Furthermore, the nonparametric 95th percentile cannot 
be estimated with such small sample sizes. 

Example 2 

Table 16.5 also contains inorganic lead personal expo­
sure data collected at an alkyl lead manufacturing 
plant. 53 The measurements were collected from a single 

worker over the course of 6 weeks. These data were col­
lected as part of a research project, but are useful as an 
example of the analysis of a larger dataset collected over 
a longer span of time. We will use the 1978 OSHA PEL 
of 50 µg/m 3 as the relevant OEL. 

Goodness-of-Fit 

Figure 16.2 shows the log-probit plot of the data. The 
regression line was determined by simple linear regres­
sion of the log-transformed concentration values and the 
corresponding z-value. The data appear to follow the re­
gression line suggesting that the lognormal distribution 
assumption is reasonable. This assessment is corrobo­
rated by Filliben's test where the correlation coefficient 
for the lognormal assumption was greater than the criti­
cal value. Consequently, we can conclude that there is 
no reason to reject the lognormal distribution and pro­
ceed to calculate parametric descriptive and compliance 
statistics. 

Descriptive Statistics 

Here we have a substantial number of measurements, 
permitting us to calculate reasonably accurate estimates 
of distribution parameters (Table 16.6). If the process is 
reasonably stable, these estimates should have consider­
able predictive value. The sample GM suggests that the 
true median will be approximately 16 µg/m 3

• The sam­
ple GSD of 1.73 suggests a moderately variable work en­
vironment. The average exposure is 3 7% of the OEL, 
close to our goal of one-third of the TWA OEL or less. 

Compliance Statistics 

The point estimate of the exceedance fraction is 0.02, 
but the 95%UCL is slightly above 0.05. Similarly, the 
point estimate of the 95th percentile is less than the OEL, 
but the 95%UCL slightly exceeds the OEL. In compari­
son, the observed, or nonparametric, exceedance frac­
tion (see Table 16.7) was 0.03 (one of 36 measurements 
exceeded the 01;:L). If the underlying distribution is truly 
lognormal, the observed and calculated exceedance frac­
tions should, with increasing sample size, converge to 
the same value. 

Conclusions and Recommendations 

This exposure profile appears to be "controlled"; that is, 
the point estimates of the parametric 95th percentile and 
exceedance fraction are less than the target values. 
However, the 95%UCLs are slightly greater than the tar­
get values. Consequently, regular monitoring is neces­
sary to confirm the designation of "controlled" exposure 
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TABLE 16.7 Nonparametric Description and Compliance Statistics for Examples 1 and 2 

Auto Frame Manufacturing Plant'2 Chemical Plant'3 

(welding fumes, mg/m3
) (inorganic lead, µg/m 3

) 

Department B Department C Department E Worker A 

Descriptive statistics 
x (median) 0.455 2.18 9.59 16.5 

{NA-NA) (1.63-6.04) (6.39- 19.97) (12.4-20.2) 

Compliance statistics 
foo.=m/n 0.00 0.17 1.00 0.03 

{0.00-0.53) {0.01-0.58) (0.54-1.00) (<0.01 - 0.13) 
Xo.9s NA NA NA 34.1 
(95th percentile) n < 20 n < 20 n<20 (28.9-NA)* 

The 90% Confidence lnteivals are given in parentheses. In addition, the sample size, minimum and maximum value, and arithmetic mean 
should also be reported. 
• Because n < 58, only the 95%LCL can be estimated. 

profile. Notice that even with 36 measurements the 
95%UCL for the observed (i.e. , nonparametric) exceed­
ance fraction (see Table 16.7) is much larger than the 
parametric 95%UCL. 

Analysis of work practices may reduce peak exposures 
within each shift, thus reducing the full-shift TWA expo­
sures. In this manner, the Jong-term mean could be re­
duced to below the target value of one-third the TWA 
OEL. Furthermore, the 95%UCL for the either the 95th 
percentile or exceedance fraction may then fall below 

3 

2 -Q) 
::J 

1 co 
> 

I 
N 
L... 0 
0 ...._. 

..... :c -1 
e 
0.. 

-2 

-3 
1 

the target values-the TWA OEL and 0.05, respective­
ly-permitting one to conclude, with at least 95% confi­
dence, that the exposure profile is "controlled," or even 
"well-controlled." 

Observations 

These measurements were collected sequentially from a 
single worker; therefore, without additional information, 
our conclusions apply only to this worker. Let's assume 

TWA OEL __ ..,._ , 

10 
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I 

100 
8-hour TWA (mg/m3) 

FIGURE 16.2 Log-probit curve for Example 2. 
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that the data represent measurements collected from one 
or more presumably maximum-risk employees. In this 
scenario we could state that the exposure profiles of 
these members of the exposure group, and by exten­
sion, all members of the exposure group, appear to be 
"controlled." Our selection of maximum-exposed work­
ers should be verified by collecting measurements from 
randomly selected members of the exposure group dur­
ing future surveys. Otherwise, our conclusion may not 
apply to all of the unmeasured members of the exposure 
group. 

Alternatively, let's assume that the data represent 
measurements collected from randomly selected workers 
drawn from an exposure group where it is difficult to 
select maximum risk employees. Somewhat more cau­
tion is warranted. We could conclude from our statistical 
analysis that the exposure profile for the group appears 
to be "controlled." However, we are ultimately interested 
in each individual exposure profile. Whether or not this 

APPENDIX 

conclusion applies to all exposure profiles within the 
group depends on how homogeneous the exposure group 
is with respect to exposure controls and work practices. 
Ideally, we should reserve judgment until an exposure 
history has been developed. In the meantime, we can 
state that the exposure profiles appear to be "controlled," 
but that periodic surveillance is warranted to confirm 
our tentative rating. 

In either case-selection of presumed maximum expo­
sure employees or random selection-task analysis and 
assessment of individual work practices should increase 
the degree of homogeneity within each exposure group, 
thus increasing the predictive value of our measure­
ments. If more than one measurement is available per 
employee, then an analysis of within-worker and be­
tween-worker variability may be useful for determining 
whether exposures are primarily affected by factors com­
mon to all workers in the exposure group or by factors 
specific to each worker. 15

'
19 

TABLE A 1 Filliben's Test Critical r Values (a= 0.05) for 
Determining Goodness-of-Fit for the Normal or Lognormal 
Distribution Assumption {Ref. 17) 

n r n r n r 

3 0.879 23 0.956 42 0.973 
4 0.868 24 0.957 43 0.974 
5 0.880 25 0.959 44 0.974 
6 0.888 26 0.960 45 0.974 
7 0.898 27 0.961 46 0.975 
8 0.906 28 0.962 47 0.976 
9 0.912 29 0.963 48 0.976 

10 0.918 30 0.964 49 0.976 
11 0.923 31 0.965 so 0.977 
12 0.928 32 0.966 55 0.979 
13 0.932 33 0.967 60 0.980 
14 0.935 34 0.968 65 0.981 
15 0.939 35 0.969 70 0.983 
16 0.941 36 0.969 75 0.984 
17 0.944 37 0.970 80 0.985 
18 0.946 38 0.971 85 0.985 
19 0.949 39 0.971 90 0.986 
20 0.951 40 0.972 95 0.987 
21 0.952 41 0.973 100 0.987 
22 0.954 
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TABLE A2a C Factors for Estimating the 95%UCL (a= 0.05) for the Mean of Lognormally Distributed Data 
(Ref. 22) 

Sample Size (n) 

s. 
y 3 4 5 6 7 8 9 10 15 

0.0, 2.415 2.054 1.918 1.849 1.807 1.779 1.759 1.745 1.706 
0.1 2.750 2.222 2.035 1.942 1.886 1.849 1.822 . 1.802 1.749 
0.2 3.295 2.463 2.198 2.069 1.992 1.943 1.908 1.881 1.809 
0.3 4.109 2.777 2.402 2.226 2.125 2.058 2.011 1.977 1.882 
0.4 5.220 3.175 2.651 2.415 2.282 2.195 2.134 2.089 1.968 
0.5 6.495 3.658 2.947 2.638 2.465 2.354 2.277 2.220 2.068 
0.6 7.807 4.209 3.287 2.892 2.673 2.534 .2.439 2.368 2.181 
0.7 9.120 4.801 3.662 3.173 2.904 2.735 2.618 2.532 2.306 
0.8 10.43 5.414 4.062 3.477 3.155 2.952 2.813 2.710 2.443 
0.9 11.74 6.038 4.478 3.796 3.420 3.184 3.021 2.902 2.589 
1.0 13.05 6.669 4.905 4.127 3.698 3.426 3.239 3.103 2.744 
1.25 16.33 8.265 6.001 4.990 4.426 4.068 3.820 3.639 3.163 
1.5 19.60 9.874 7.120 5.880 5.184 4.741 4.433 4.207 3.612 
1.75 22.87 11.49 8.250 6.786 5.960 5.432 5.065 4.795 4.081 
2.0 26.14 13.11 9.387 7.701 6.747 6.135 5.710 5.396 4.564 
2.5 32.69 16.35 11.67 9.546 8.339 7.563 7.021 6.621 5.557 
3.0 39.23 19.60 13.97 11.40 9.945 9.006 8.350 7.864 6.570 
3.5 45.77 22.85 16.27 13.27 11.56 10.46 9.688 9.118 7.596 
4.0 52.31 26.11 18.58 15.14 13.18 11.92 11 .03 10.38 8.630 

Sample Size {n) 

s. 
y 20 30 40 60 101 201 401 601 1001 

0.01 1.689 1.673 1.666 1.659 1.653 1.649 1.647 1.647 1.646 
0.1 1.725 1.702 1.6911 1.680 1.670 1.662 1.658 1.656 1.654 
0.2 1.776 1.744 1.728 1.712 1.697 1.685 1.677 1.674 1.671 
0.3 1.838 1.796 1.775 1.753 1.733 1.716 1.705 1.700 1.696 
0.4 1.922 1.859 1.832 1.803 1.777 1.755 1.740 1.734 1.728 
0.5 1.999 1.932 1.898 1.862 1.830 1.802 1.784 1.776 1.769 
0.6 2.097 2.015 1.974 1.930 1.891 1.857 1.835 1.825 1.816 
0.7 2.205 2.108 2.058 2.007 1.960 1.919 1.892 1.881 1.870 
0.8 2.324 2.209 2.151 2.090 2.035 1.988 1.957 1.944 1.931 
0.9 2.451 2.318 2.251 2.181 2.117 2.062 2.027 2.012 1.997 
1.0 2.586 2.434 2.357 2.277 2.205 2.143 2.102 2.085 2.068 
1.25 2.952 2.750 2.648 2.542 2.447 2.364 2.310 2.288 2.266 
1.5 3.347 3.094 2.966 2.832 2.713 2.609 2.542 2.514 2.486 
1.75 3.763 3.457 3.303 3.142 2.997 2.872 2.791 2.757 2.723 
2.0 4.193 3.835 3.654 3.465 3.295 3.148 3.053 3.013 2.974 
2.5 5.079 4.617 4.384 4.139 3.920 3.729 3.605 3.553 3.503 
3.0 5.988 5.424 5.138 4.838 4.569 4.334 4.183 4.119 4.057 
3.5 6.910 6.244 5.907 5.552 5.233 4.956 4.776 4.700 4.627 
4.0 7.841 7.074 6.685 6.276 5.908 5.588 5.380 5.293 5.208 

• s, = ln(gsd) 
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TABLE A2b C Factors for Estimating the 95% LCL (a= 0.95) for the Mean of Lognormally Distributed 
Data (Ref. 22) 

Sample Size (n) 

s * y 3 4 5 6 7 8 9 10 15 

0.01 -2.355 -2.022 -1.896 -1.831 -1 .791 -1.766 - 1.747 -1.734 - 1.697 
0.1 - 2.130 -1.898 -1 .806 -1.759 -1 .731 -1.712 -1 .699 -1.690 -1 .666 
0.2 -1 .949 -1 .791 -1 .729 -1.697 -1.678 -1.667 -1.658 -1.653 -1.640 
0.3 -1.816 -1.710 -1.669 -1.650 -1.639 -1.633 -1.629 -1 .627 -1 .625 
0.4 -1.717 -1.650 -1.625 -1 .615 -1.611 - 1.610 -1 .610 -1 .611 -1 .617 
0.5 - 1.644 -1 .605 -1 .594 -1 .592 -1 .594 -1.596 -1.599 -1.603 -1 .618 
0.6 -1.589 -1.572 -1.573 -1 .578 -1.584 - 1.591 -1.597 -1.602 -1 .625 
0.7 - 1.549 -1 .550 -1 .560 -1.572 -1.582 -1.592 -1.600 -1.608 -1.638 
0.8 -1.521 - 1.537 -1 .555 -1.572 -1 .586 -1.599 -1 .610 -1.620 -1.656 
0.9 - 1.502 -1.530 -1.556 -1.577 -1.595 - 1.611 -1 .625 -1.637 -1 .680 
1.0 -1.490 -1.530 - 1.562 -1.588 -1.610 -1 .628 -1.644 - 1.658 -1.707 
1.25 - 1.486 -1 .549 -1.596 - 1.632 -1.662 -1.687 -1.708 -1.727 -1.793 
1.5 -1.508 -1.590 -1.650 -1 .696 -1.733 -1.764 -1.791 -1.814 -1 .896 
1.75 - 1.547 -1.647 -1.719 -1.774 -1 .819 -1.857 -1 .889 -1.916 -2.015 
2.0 -1.598 -1.714 -1 .799 -1 .864 -1.917 -1.960 -1 .998 -2.029 -2.144 
2.5 -1 .727 -1 .877 - 1.986 - 2.070 - 2.138 -2.193 -2.241 -2.283 -2.430 
3.0 -1.880 -2.065 -2.199 -2.301 -2.384 -2.452 -2.510 - 2.560 -2.740 
3.5 -2.051 -2.272 -2.429 -2.550 -2.647 -2.727 - 2.795 - 2.855 -3.067 
4.0 -2.237 -2.491 -2.672 -2.810 - 2.922 -3.015 -3.093 -3.161 -3.406 

Sample Size (n) 

s. 
y 20 30 40 60 101 201 401 601 1001 

0.01 -1.682 -1.668 -1.661 -1.655 -1.651 -1.647 -1.646 -1.646 - 1.645 
0.1 -1.656 -1 .648 -1.646 -1 .643 -1 .642 -1.643 -1.644 -1 .645 -1 .645 
0.2 -1.637 -1.636 -1.636 - 1.638 -1.641 -1 .646 -1.649 -1.651 -1 .653 
0.3 -1.626 -1.631 -1.635 -1.641 -1 .648 -1.656 -1.663 - 1.666 -1 .669 
0.4 -1.624 -1.634 -1.641 -1.651 -1.662 -1.674 -1.684 -1.688 -1 .693 
0.5 -1.629 -1 .644 -1.655 -1.668 -1 .683 -1.699 -1.711 -1.717 -1 .723 
0.6 -1.640 -1.661 -1 .675 -1.692 -1.711 -1.731 -1 .746 -1.753 -1.760 
0.7 -1.658 -1.684 -1.700 -1 .721 -1 .744 -1.768 -1.786 - 1.795 -1 .804 
0.8 -1.680 -1 .711 -1.731 -1.756 -1 .783 -1.811 -1.832 -1.842 -1.853 
0.9 -1 .708 -1.744 -1.767 -1 .795 -1 .826 - 1.859 -1 .884 - 1.895 - 1.907 
1.0 -1 .740 -1.781 -1.807 -1.839 -1.874 -1.912 -1.940 -1 .953 -1 .966 
1.25 -1 .835 -1 .889 -1.923 -1 .965 -2.012 -2.060 -2.097 -2.114 -2.131 
1.5 -1.949 -2.016 -2.058 -2.111 -2.169 -2.229 -2.275 -2.296 -2.318 
1.75 -2.078 -2.158 -2.208 -2.272 -2.341 -2.414 -2.469 -2.494 -2.514 
2.0 -2.218 -2.311 -2.370 -2.445 -2.526 -2.611 -2.675 -2.705 -2.736 
2.5 -2.525 -2.645 -2.721 -2.817 -2.921 -3.032 -3.115 -3.154 -3.194 
3.0 -2.856 -3.003 -3.096 -3.214 -3.342 -3.478 -3.581 -3.628 -3.677 
3.5 -3.204 -3.377 - 3.488 -3.627 -3.780 -3.940 -4.062 -4.119 -4.177 
4.0 -3.563 -3.764 -3.892 -4.052 -4.228 -4.414 -4.555 -4.620 -4.688 

's, = ln(gsd) 
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TABLE A3 Confidence Limit Values for Estimating the 95%LCL and 95%UCL for the Proportion in the Tail of a 
Normal (or Lognormal) Distribution (Ref. 25; Table 7.4) 

Sample Size (n) 

z 2 3 4 5 6 7 8 9 10 

3.0 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00001 0.00001 0.00001 
2.8 0.00000 0.00000 0.00000 0.00000 0.00001 0.00001 0.00002 0.00003 0.00004 
2.6 0.00000 0.00000 0.00001 0.00002 0.00003 0.00005 0.00007 0.00009 0.00011 
2.4 0.00000 0.00001 0.00003 0.00006 0.00010 0.00014 0.00020 0.00026 0.00031 
2.2 0.00000 0.00003 0.00009 0.00018 0.00029 0.00041 0.00054 0.00067 0.00080 
2.0 0.00002 0.00011 0.00029 0.00052 0.00079 0.00107 0.00135 0.00163 0.00191 
1.8 0.00008 0.00038 0.00085 0.00140 0.00199 0.00257 0.00315 0.00371 0.00424 
1.6 0.00030 0.00115 0.00226 0.00344 0.00461 0.00574 0.00682 0.00783 0.00879 
1.4 0.00106 0.00311 0.00543 0.00772 0.00987 0.01187 0.01372 0.01543 0.01701 
1.2 0.00317 0.00753 0.01188 0.01589 0.01951 0.02277 0.02571 0.02837 0.03079 
1.0 0.00820 0.01629 0.02364 0.03006 0.03565 0.04055 0.04488 0.04874 0.05220 
0.8 0.01831 0.03164 0.04292 0.05236 0.06034 0.06719 0.07315 0.07839 0.08305 
0.6 0.03544 0.05534 0.07131 0.08424 0.09493 0.10394 0.11168 0.11840 0.12433 
0.4 0.05997 0.08771 0.10903 0.12581 0.13941 0.15071 0.16028 0.16853 0.17574 
0.2 0.09006 0.12725 0.15462 0.17559 0.19228 0.20594 0.21740 0.22718 0.23566 
0.0 0.12240 0.17114 0.20542 0.23099 0.25095 0.26707 0.28044 0.29175 0.30148 

-0.2 0.15403 0.21648 0.25856 0.28913 0.31255 0.33120 0.34649 0.35932 0.37027 
-0.4 0.18342 0.26118 0.31177 0.34762 0.37460 0.39580 0.41299 0.42728 0.43938 
-0.6 0.21024 0.30413 0.36360 0.40483 0.43534 0.45898 0.47795 0.49357 0.50671 
-0.8 0.23469 0.34491 0.41329 0.45976 0.49359 0.51947 0.54001 0.55677 0.57076 
-1.0 0.25712 0.38345 0.46048 0.51188 0.54869 0.57648 0.59829 0.61592 0.63052 
-1.2 0.27784 0.41982 0.50506 0.56090 0.60025 0.62954 0.65226 0.67045 0.68537 
-1.4 0.29713 0.45416 0.54703 0.60671 0.64806 0.67839 0.70162 0.72002 0.73498 
-1.6 0.31518 0.48661 0.58642 0.64929 0.69205 0.72292 0.74625 0.76451 0.77921 
-1 .8 0.33219 0.51732 0.62332 0.68867 0.73223 0.76315 0.78616 0.80395 0.81812 
-2.0 0.34828 0.54640 0.65781 0.72489 0.76866 0.79913 0.82146 0.83849 0.85187 
-2.2 0.36356 0.57398 0.68997 0.75806 0.80144 0.83104 0.85234 0.86834 0.88077 
-2.4 0.37814 0.60013 0.71989 0.78826 0.83072 0.85905 0.87906 0.89384 0.90516 
-2.6 0.39207 0.62495 0.74766 0.81563 0.85668 0.88341 0.90192 0.91535 0.92547 
-2.8 0.40543 0.64851 0.77335 0.84028 0.87950 0.90440 0.92125 0.93325 0.94215 
-3.0 0.41828 0.67087 0.79706 0.86237 0.89942 0.92229 0.93741 0.94796 0.95565 
-3.2 0.43064 0.69210 0.81886 0.88204 0.91666 0.93740 0.95077 0.95990 0.96643 
-3.4 0.44258 0.71224 0.83886 0.89946 0.93146 0.95003 0.96168 0.96946 0.97491 
-3.6 0.45411 0.73134 0.85713 0.91478 0.94405 0.96048 0.97049 0.97701 0.98149 
-3.8 0.46527 0.74945 0.87376 0.92818 0.95468 0.96903 0.97752 0.98291 0.98652 
-4.0 0.47609 0.76661 0.88885 0.93983 0.96357 0.97596 0.98306 0.98744 0.99031 
-4.2 0.48658 0.78285 0.90249 0.94988 0.97095 0.98151 0.98737 0.99088 0.99313 
-4.4 0.49677 0.79821 0.91476 0.95849 0.97701 0.98592 0.99069 0.99346 0.99519 
-4.6 0.50668 0.81272 0.92577 0.96584 0.98196 0.98938 0.99321 0.99537 0.99668 
-4.8 0.51633 0.82641 0.93560 0.97205 0.98595 0.99207 0.99510 0.99676 0.99774 
-5.0 0.52572 0.83932 · 0.94434 0.97727 0.98915 0.99413 0.99651 0.99776 0.99848 
-5.2 0.53488 0.85147 0.95208 0.98164 0.99169 0.99570 0.99754 0.99847 0.99899 
-5.4 0.54381 0.86290 0.95890 0.98525 0.99368 0.99688 0.99829 0.99897 0.99934 
-5.6 0.55252 0.87363 0.96489 0.98823 0.99524 0.99776 0.99882 0.99932 0.99958 
-5.8 0.56103 0.88369 0.97013 0.99067 0.99644 0.99841 0.99920 0.99955 0.99973 
-6.0 0.56935 0.89311 0.97468 0.9926.5 0.99736 0.99888 0.99946 0.99971 0.99983 

(continued) 
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TABLE A3 Continued 

Sample Size (n) 

n 11 15 21 30 40 60 80 100 120 

3.0 0.00002 0.00003 0.00006 0.00011 0.00016 0.00024 0.00030 0.00036 0.00040 
2.8 0.00005 0.00009 0.00017 0.00027 0.00037 0.00054 0.00068 0.00078 0.00087 
2.6 0.00014 0.00025 0.00041 0.00064 0.00085 0.00118 0.00143 0.00163 0.00180 
2.4 0.00038 0.00062 0.00097 0.00142 0.00182 0.00244 0.00290 0.00325 0.00353 
2.2 0.00094 0.00145 0.00214 0.00299 0.00373 0.00481 0.00559 0.00618 0.00665 
2.0 0.00218 0.00320 0.00447 0.00597 0.00723 0.00904 0.01029 0.01123 0.01197 
1.8 0.00476 0.00660 0.00881 0.01130 0.01334 0.01617 0.01809 0.01951 0.02062 
1.6 0.00969 0.01281 0.01641 0.02031 0.02341 0.02761 0.03040 0.03243 0.03401 
1.4 0.01848 0.02341 0.02889 0.03463 0.03909 0.04499 0.04884 0.05162 0.05375 
1.2 0.03301 0.04030 0.04814 0.05612 0.06219 0.07005 0.07511 0.07872 0.08147 
1.0 0.05534 0.06545 0.07602 0.08653 0.09436 0.10434 0.11066 0.11513 0.11852 
0.8 0.08723 0.10046 0.11396 0.12710 0.13674 0.14884 0.15640 0.16172 0.16572 
0.6 0.12959 0.14604 0.16250 0.17822 0.18958 0.20367 0.21238 0.21846 0.22302 
0.4 0.18211 0.20173 0.22101 0.23913 0.25206 0.26790 0.27760 0.28433 0.28935 
0.2 0.24310 0.26577 0.28768 0.30795 0.32224 0.33956 0.35007 0.35732 0.36270 
0.0 0.30997 0.33553 0.35982 0.38197 0.39740 0.41592 0.42705 0.43467 0.44032 

-0.2 0.37977 0.40802 0.43444 0.45816 0.47450 0.49389 0.50544 0.51331 0.51911 
-0.4 0.44981 0.48048 0.50867 0.53361 0.55056 0.57048 0.58223 0.59020 0.59604 
-0.6 0.51'795 0.55063 0.58014 0.60583 0.62308 0.64311 0.65482 0.66270 0.66846 
-0.8 0.58264 0.61677 0.64703 0.67294 0.69010 0.70978 0.72116 0.72877 0.73431 
-1 .0 0.64284 0.67773 0.70809 0.73361 0.75027 0.76913 0.77990 0.78706 0.79224 
- 1.2 0.69787 0.73280 0.76255 0.78708 0.80283 0.82041 0.83033 0.83686 0.84156 
-1.4 0.74741 0.78161 0.81008 0.83305 0.84755 0.86347 0.87233 0.87811 0.88225 
-1 .6 0.79132 0.82407 0.85068 0.87164 0.88461 0.89861 0.90628 0.91123 0.91475 
-1.8 0.82967 0.86037 0.88463 0.90325 0.9'1454 0.92648 0.93291 0.93702 0.93991 
- 2.0 0.86268 0.89084 0.91243 0.92855 0.93809 0.94797 0.95319 0.95649 0.95879 
-2.2 0.89067 0.91596 0.93473 0.94831 0.95614 0.96407 0.96818 0.97074 0.97251 
- 2.4 0.91407 0.93630 0.95224 0.96338 0.96963 0.97581 0.97893 0.98085 0.98216 
-2.6 0.93334 0.95248 0.96569 0.97460 0.97946 0.98412 0.98642 0.98781 0.98875 
- 2.8 0.94896 0.96512 0.97582 0.98276 0.98642 0.98984 0.99148 0.99246 0.99311 
-3.0 0.96145 0.97481 0.98328 0.98855 0.99123 0.99366 0.99480 0.99546 0.99590 
-3.2 0.97127 0.98210 0.98866 0.99256 0.99447 0.99615 0.99691 0.99735 0.99763 
-3.4 0.97888 0.98750 0.99246 0.99527 0.99660 0.99772 0.99821 0.99849 0.99867 
-3.6 0.98469 0.99141 0.99508 0.99706 0.99796 0.99869 0.99900 0.99917 0.99927 
-3.8 0.98906 0.99420 0.99685 0.99821 0.99880 0.99926 · 0.99945 0.99955 0.99962 
-4.0 0.99229 0.99615 0.99803 0.99894 0.99932 0.99960 0.99971 0.99977 · 0.99980 
-4.2 0.99464 0.99748 0.99879 0.99938 0.99962 0.99979 0.99985 0.99988 0.99990 
-4.4 0.99633 0.99839 0.99927 0.99965 0.99979 0.99989 0.99992 0.99994 0.99995 
-4.6 0.99752 0.99898 0.99957 0.99981 0.99989 0.99994 0.99996 0.99997 0.99998 
-4.8 0.99835 0.99937 0.99975 0.99989 0.99994 0.99997 0.99998 0.99999 0.99999 
-5.0 0.99892 0.99962 0.99986 0.99994 0.99997 0.99999 0.99999 0.99999 1.00000 
-5.2 0.99930 0.99977 0.99992 0.99997 0.99999 0.99999 1.00000 1.00000 1.00000 
-5.4 0.99955 0.99987 0.99996 0.99999 0.9999~ 1.00000 1.00000 1.00000 1.00000 
-5.6 0.99972 0.99992 0.99998 0.99999 1.00000 1.00000 1.00000 1.00000 1.00000 
-5.8 0.99983 0.99996 0.99999 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 
-6.0 0.99989 0.99998 0.99999 1.00000 1.00000 1.00000 1.00000 1.00000 1.00000 

(continued) 
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TABLE A3 Continued 

Sample Size (n) 

z 240 600 1000 

3.0 0.00058 0.00080 0.00090 
2.8 0.00121 0.00160 0.00178 
2.6 0.00239 0.00307 0.00338 
2.4 0.00455 0.00567 0.00617 
2.2 0.00831 0.01007 0.01084 
2.0 0.01453 0.01718 0.01832 
1.8 0.02437 0.02818 0.02979 
1.6 0.03926 0.04447 0.04665 
1.4 0.06075 0.06757 0.07038 
1.2 0.09039 0.09892 0.10240 
1.0 0.12939 0.13964 0.14378 
0.8 0.17844 0.19028 0.19501 
0.6 0.23737 0.25056 0.25579 
0.4 0.30504 0.31931 0.32493 
0.2 0.37941 0.39445 0.40033 
0.0 0.45772 0.47323 0.47926 

-0.2 0.53687 0.55255 0.55860 
- 0.4 0.61380 0.62932 0.63527 
-0.6 0.68583 0.70084 0.70656 
-0.8 0.75088 0.76502 0.77037 
-1.0 0.80759 0.82053 0.82539 
-1.2 0.85536 0.86683 0.87109 
-1.4 0.89425 0.90406 0.90767 
-1.6 0.92484 0.93295 0.93589 
-1.8 0.94811 0.95456 0.95687 
-2.0 0.96521 0.97016 0.97191 
-2.2 0.97736 0.98102 0.98229 
-2.4 0.98571 0.98831 0.98920 
-2.6 0.99125 0.99303 0.99363 
-2.8 0.99481 0.99598 0.99636 
-3.0 0.99701 0.99776 0.99800 
-3.2 0.99833 0.99879 0.99893 
-3.4 0.99910 0.99937 0.99945 
-3.6 0.99953 0.99968 0.99973 
-3.8 0.99976 0.99984 0.99987 
-4.0 0.99988 0.99993 0.99994 
-4.2 0.99994 0.99997 0.99997 
-4.4 0.99997 0.99999 0.99999 
-4.6 0.99999 0.99999 1.00000 
-4.8 1.00000 1.00000 1.00000 
-5.0 1.00000 1.00000 1.00000 
- 5.2 1.00000 1.00000 1.00000 
-5.4 1.00000 1.00000 1.00000 
-5.6 1.00000 1.00000 1.00000 
-5.8 1.00000 1.00000 1.00000 
-6.0 1.00000 1.00000 1.00000 
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TABLE A4 K Factors for Calculating the 95%LCL and 95%UCL for the 95th 
Percentile of Normally or Lognormally Distributed Data (Ref. 25; Tables 
1.10.1-1.10.4 and 1.4.1-1.4.4) 

Ko.os, 0.95, n Ko.95, 0.95, n 

n K n K n K n K 

2 0.475 40 1.297 2 26.260 40 2.125 
3 0.639 41 1.300 3 7.656 41 2.118 
4 0.743 42 1.304 4 5.144 42 2.111 
5 0.818 43 1.308 5 4.203 43 2.105 
6 0.875 44 1.311 6 3.708 44 2.098 
7 0.920 45 1.314 7 3.399 45 2.092 
8 0.958 46 1.317 8 3.187 46 2.086 
9 0.990 47 1.321 9 3.031 47 2.081 

10 1.017 48 1.324 10 2.911 48 2.075 
11 1.041 49 1.327 11 2.815 49 2.070 
12 1.062 50 1.329 12 2.736 50 2.065 
13 1.081 55 1.343 13 2.671 55 2.042 
14 1.098 60 1.354 14 2.614 60 2.022 
15 1 .114 65 1.354 15 2.566 65 2.005 
16 1.128 70 1.374 16 2.524 70 1.990 
17 1.141 75 1.382 17 2.486 75 1.976 
18 1.153 80 1 .390 18 2.453 80 1.954 
19 1.164 85 1.397 19 2.423 85 1.954 
20 1.175 90 1.403 20 2.396 90 1.944 
21 1.184 95 1.409 21 2.371 95 1.935 
22 1.193 100 1.414 22 2.349 100 1.927 
23 1.202 120 1.433 23 2.328 120 1.899 
24 1.210 140 1.447 24 2.309 140 1.879 
25 1.217 160 1.459 25 2.292 160 1.862 
26 1.225 180 1.469 26 2.275 180 1.849 
27 1.231 200 1.478 27 2.260 200 1.837 
28 1.238 300 1.507 28 2.246 300 1.800 
29 1.244 400 1.525 29 2.232 400 1.778 
30 1.250 500 1.537 30 2.220 500 1.763 
31 1.255 600 1.546 31 2.208 600 1.752 
32 1.261 700 1.553 32 2.197 700 1.744 
33 1.266 800 1.559 33 2.186 800 1.737 
34 1.271 900 1.563 34 2.176 900 1.732 
35 1.276 1000 1.567 35 2.167 1000 1.727 
36 1.280 1500 1 .581 36 2.158 1500 1.712 
37 1.284 2000 1.590 37 2.149 2000 1.703 
38 1.289 3000 1.600 38 2.141 3000 1.692 
39 1.293 5000 1.610 39 2.133 5000 1.681 

10000 1.620 10000 1.670 
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TABLE AS Ranks (r) for the Nonparametric 95%LCL and 95%UCL for the 50th Percentile and the 95%LCL for the 
95th Percentile (taken together, the LCL and UCL form a 90% confidence interval for the true median) 

Median (50th Percentile) 
95th Percentile 

Median (50th Percentile) 
95th Percentile 

n r LCL r UCL r LCL n r LCL r UCL r LCL 

5 1 5 4 18 6 13 15 
6 1 6 5 19 6 14 16 
7 1 7 6 20 6 15 17 
8 2 7 6 21 7 15 18 
9 2 8 7 -22 7 16 19 

10 2 9 8 23 8 16 20 
11 3 9 9 24 8 17 21 
12 3 10 10 25 8 18 22 
13 4 10 11 26 9 18 23 
14 4 11 12 27 9 19 24 
15 4 12 13 28 10 19 25 
16 5 12 14 29 10 20 25 
17 5 13 14 30 11 20 26 

Note. The sample size has to exceed 58 before a 95%UCL rank can be calculated for the 95th percentile. 

TABLE AG Nonparametric 95% Lower and Upper Confidence Limit on the Fraction Exceeding an OEL [The 
left and right values represent the 95%LCL and 95%UCL, respectively. Taken together, they form the 
nonparametric 90% confidence interval for the true exceedance fraction (m refers to the number of 
overexposures out of n measurements).] 

m n=l n=2 n=3 n=4 n=S 

0 0.000 0.950 0.000 0.777 0.000 0.632 0.000 0.527 0.000 0.451 
1 0.025 0.975 0.016 0.865 0.012 0.752 0.010 0.658 
2 0.135 0.984 0.097 0.903 0.076 0.811 
3 0.189 0.924 

m n=6 n=7 n=B n=9 n = 10 

0 0.000 0.393 0.000 0.348 0.000 0.313 0.000 0.283 0.000 0.259 
1 0.008 0.582 0.007 0.521 0.006 0.471 0.005 0.429 0.005 0.395 
2 0.062 0.729 0.053 0.659 0.046 0.600 0.041 0.550 0.036 0.507 
3 0.153 0.847 0.128 0.775 0.111 0.711 0.097 0.655 0.087 0.607 
4 0.225 0.872 0.193 0.807 0.168 0.749 0.150 0.697 
5 0.251 0.832 0.222 0.778 

m n = 11 n = 12 n= 13 n= 14 n= 15 

0 0.000 0.239 0.000 0.221 0.000 0.206 0.000 0.193 0.000 0.181 
1 0.004 0.365 0.004 0.339 0.003 0.317 0.003 0.297 0.003 0.280 
2 0.033 0.470 0.030 0.438 0.028 0.410 0.026 0.386 0.024 0.364 
3 0.078 0.565 0.071 0.528 0.066 0.495 0.061 0.466 0.056 0.440 
4 0.135 0.651 0.122 0.610 0.112 0.573 0.104 0.540 0.096 0.511 
5 0.199 0.729 0.181 0.685 0.165 0.646 0.152 0.610 0.141 0.578 
6 0.271 0.801 0.245 0.755 0.224 0.713 0.206 0.675 0.190 0.641 
7 0.287 0.776 0.263 0.737 0.243 0.700 
8 0.300 0.757 

(continued) 
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TABLE A6 Continued 

m n= 16 n = 17 n = 18 n = 19 n=20 

0 0.000 0.171 0.000 0.162 0.000 0.154 0.000 0.146 0.000 0.140 
1 0.003 0.264 0.003 0.251 0.002 0.238 0.003 0.227 0.002 0.217 
2 0.022 0.344 0.021 0.327 0.020 0.311 0.019 0.296 0.018 0.283 
3 0.053 0.417 0.049 0.396 0.047 0.377 0.044 0.360 0.042 0.344 
4 0.090 0.485 0.084 0.461 0.079 0.439 0.075 0.420 0.071 0.401 
5 0.132 0.549 0.123 0.522 0.116 0.498 0.109 0.476 0.104 0.456 
6 0.177 0.609 0.166 0.581 0.156 Q.554 0.147 0.530 0.139 0.508 
7 0.226 0.667 0.211 0.636 0.199 0.608 0.187 0.582 0.177 0.558 
8 0.278 0.722 0.260 0.690 0.244 0.660 0.229 0.632 0.217 0.607 
9 0.310 0.740 0.291 0.709 0.274 0.680 0.258 . 0.653 
10 0.320 0.726 0.302 0.698 

m n= 21 n=22 n=23 n=24 n=25 

0 0.000 0.133 0.000 0.128 0.000 0.123 0.000 0.118 0.000 0.113 
1 0.002 0.207 0.002 0.198 0.002 0.191 0.002 0.183 0.002 0.177 
2 0.017 0.271 0.016 0.260 0.015 0.250 0.015 0.240 0.014 0.231 
3 0.040 0.330 0.038 0.316 0.036 0.304 0.034 0.293 0.033 0.282 
4 0.067 0.385 0.064 0.369 0.061 0.355 0.059 0.342 0.056 0.330 
5 0.098 0.437 0.094 0.420 0.089 0.404 0.085 0.390 0.082 0.376 
6 0.132 0.488 0.126 0.469 0.120 0.451 0.114 0.435 0.110 0.420 
7 0.168. 0.536 0.160 0.516 0.152 0.497 0.145 0.479 0.139 0.463 
8 0.205 0.583 0.195 0.561 0.186 0.541 0.178 0.522 0.170 0.504 
9 0.245 0.628 0.232 0.605 0.221 0.584 0.211 0.563 0.202 0.544 
10 0.285 0.672 0.271 0.648 0.258 0.625 0.246 0.604 0.235 0.584 
11 0.328 0.715 0.311 0.689 0.296 0.665 0.282 0.643 0.269 0.622 
12 0.335 0.704 0.319 0.681 0.305 0.659 
13 0.341 0.695 

m n=26 n=27 n=28 n=29 n=.30 

0 0.000 0.109 0.000 0.105 0.000 0.102 0.000 0.099 0.000 0.095 
1 0.001 0.170 0.001 0.164 0.001 0.159 0.001 0.154 0.001 0.149 
2 0.013 0.223 0.013 0.216 0.012 0.209 0.012 0.202 0.011 0.196 
3 0.032 0.272 0.031 0.263 0.029 0.255 0.028 0.247 0.027 0.239 
4 0.054 0.319 0.052 0.308 0.050 0.298 0.048 0.289 0.046 0.280 
5 0.079 0.363 0.075 0.351 0.073 0.340 0.070 0.329 0.068 0.319 
6 0.105 0.406 0.101 0.393 0.097 0.380 0.094 0.368 0.090 0.357 
7 0.133 0.447 0.128 0.433 0.123 0.419 0.119 0.406 0.115 0.394 
8 0.163 0.487 0.156 0.472 0.150 0.457 0.145 0.443 0.140 0.430 
9 0.194 0.527 0.186 0.510 0.179 0.494 0.172 0.479 0.166 0.465 
10 0.225 0.565 0.216 0.547 0.208 0.530 0.200 0.515 0.193 0.500 
11 0.258 0.602 0.248 0.583 0.238 0.566 0.229 0.549 0.221 0.533 
12 0.292 0.638 0.280 0.619 0.269 0.601 0.259 0.583 0.249 0.566 
13 0.326 0.674 · 0.313 0.653 0.300 0.634 0.289 0.616 0.278 0.599 
14 0.333 0.667 0.320 0.648 0.308 0.630 
15 0.352 0.680 0.338 0.662 
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Reproductive Hazards in the Workplace 
ELIZABETH ANNE JENNISON 

Reproductive disorders rank among the 10 leading 
work-related illnesses and injuries in the United States, 
with an estimated 14 million workers having potential 
occupational exposure to known or suspected reproduc­
tive hazards.1 Unfortunately, efforts to prevent these 
disorders face major gaps in knowledge. Disorders of re­
production represent an interaction between individual 
genetic makeup, environmental conditions, and the in­
tensity, duration, and timing of exposure to those condi­
tions. A single toxicant can produce a variety of adverse 
outcomes depending on the specific conditions of expo­
sure. Conversely, each class of reproductive outcomes 
can result from a variety of different agents, acting 
through several biologic mechanisms. Workers are often 
exposed to more than one agent, so there may be inter­
active effects from complex mixtures in the workplace 
or environmental agents outside the workplace. Finally, 
disorders of reproduction arising from occupational fac­
tors may be difficult to distinguish from those with non­
occupational etiologies. 2 

The term reproductive hazard is properly restricted to 
hazards that interfere with or prevent conception. Re-

productive hazards may have adverse effects on libido, 
sexual behavior, any aspect of spermatogenesis or oo­
genesis, hormonal activity or physiological response that 

· would interfere with the capacity to fertilize, fertilization 
itself, or the development of the fertilized ovum up to 
and including implantation. 3 They are distinct from de­
velopmental hazards, which produce structural abnormal­
ities, functional deficits, pathological alterations to growth, 
or death. Using this distinction, reproductive hazards are 
those that affect the worker and their effects may be re­
versible. The effects of developmental .hazards will be 
confrned to the fetus or offspring and are almost invari­
ably permanent. A given agent, for example, ionizing ra­
diation, may present both a reproductive and a develop­
mental hazard.4 

Despite the OSHA Hazard Communication Standard, 5 

which requires employers to provide workers with Mate­
rial Safety Data Sheets (MSDSs) and training pertaining 
to hazardous substances used on the job, worker educa­
tion regarding potential reproductive effects appears to 
be inadequate. 6 This may be related, in part, to the ob­
servation that a significant percentage of MSDSs contain 
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