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1 INTRODUCTION

As discussed in Hewett! (see Chapter 15) industrial hygiene exposure assessments come in three varieties:
qualitative, semi-quantitative, and quantitative. Quantitative surveys, which involve the measurement of current worker
exposure using personal sampling equipment or direct reading instruments, are often necessary for initial or baseline
evaluations. Furthermore, periodic sampling and occasional audits are necessary for verifying earlier assessments and for
detecting upward trends in exposure. Consequently, an industrial hygienist is often faced with questions regarding the
collection, analysis, interpretation, and management of occupational exposure data. Hewett! described the rationale behind
exposure monitoring and covered data collection and data management. The purpose of this chapter is to suggest
appropriate procedures for analyzing and criteria for interpreting exposure data.

As discussed in Hewett!, exposure monitoring programs must be designed and tailored for a wide variety of work
environments. But first, as noted by Roach? 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 monitoring 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 interpretation procedures. There are numerous data analysis techniques - parametric and non-parametric -
that will yield similar decisions regarding the acceptability of the work environment. Regardless of the number of
measurements collected or the sophistication of the analysis technique, there is always a role for professional judgment and
common sense.’

The procedures presented here emphasize the calculation of the point estimate of a relevant exposure parameter,
and in addition the 95% lower confidence limit (LCL) and the 95% upper confidence limit (UCL). Taken together, these
confidence limits comprise a 90% confidence 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 environment by comparing the LCL or UCL to an exposure limit or other relevant criterion. These procedures are
consistent with those recommended by the Exposure Assessment Strategies Committee (EASC)? of the American Industrial
Hygiene Association (AIHA) and the Comité Européen de Normalisation (CEN)".

Each worker should expect a work environment devoid of unreasonable risks. Our goal is to protect each individual
worker, but limited resources usually compel industrial hygienists to (a) aggregate workers into exposure groups, (b)
determine which exposure groups warrant priority attention, and (c) evaluate the ‘exposure profile’ of each exposure group
in order of priority. Consequently, our data collection strategies (see Hewett'), and data analysis and interpretation
procedures must be designed so that our conclusions regarding the exposure group are reasonably predictive of the

a. If we measured the full-shift TWA exposure of a single worker for each of the approximately 250 working days per year and plotted these
measurements 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 conceptualize within-shift exposure profiles (for short-
term exposures) or exposure profiles for periods shorter than or longer than a year.
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exposures experienced by each member of the group.

2 DATA ANALYSIS - GOODNESS-OF-FIT AND OTHER ISSUES

We need to assure ourselves that our exposure measurements 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 lognormal distribution, then it is logical to assume that they have predictive value
for the exposure group. Furthermore, we often require that the exposure group be reasonably homogeneous with regard
to the source and conditions of exposure for each group member. Otherwise, the exposure profile for the group may not
be predictive of the exposure profiles for one or more of the individuals within the group.

2.1 Is the exposure distribution stationary?

When evaluating exposure measurements one always assumes that the underlying processes and work practices
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 upon current measurements will have little
or no predictive value. Symanski et al.” found that most exposure distributions will remain 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 sometimes adapted for use in industrial hygiene.®’ Such charts are
useful for demonstrating that an industrial process is stationary. Generally speaking, however, the number of measurements
necessary to first establish statistical control limits and the number collected thereafter during each survey are usually
beyond the means of most exposure monitoring programs.® However, there are control charting techniques® designed for
small sample sizes that could be considered.\’

More useful, perhaps, are time series graphs such as recommended by the CEN*, Roach et a/.? , and Roach®. The
CEN recommended plotting moving or weighted averages for visually detecting trends. George et a/.!! discussed 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 upon 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 mining, 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.

2.2 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 production rates
may be correlated and unrepresentative of exposures 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
researchers'" > have found little evidence of significant autocorrelation in measurements collected on successive days, it
is reasonable to assume, in the absence of compelling information or data to conclude otherwise, that full-shift exposure
measurements are reasonably independent. 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.

2.3 Is the lognormal distribution assumption valid?

Goodness-of-fit testing involves both graphical and analytical evaluations.'® 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 hypothesis of lognormality. The lognormal distribution model is often used when zero
is the physical lower limit for possible values, large values occasionally occur, and the processes that generate or control
exposures tend to interact in a multiplicative manner.”* 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.'®> Therefore, it is reasonable to assume that the underlying distribution for workplace exposure data is the
lognormal distribution unless there is a compelling reason to conclude otherwise. There are, however, instances where the
normal distribution may be more appropriate, e.g., when multiple measurements are simultaneously collected at the same

b. Traditional x bar and r control charts can be adapted for use with the lognormal distribution. Such charts are not used to determine
compliance with federal or authoritative OELs, but can be used to assess whether or not the process remains in ‘statistical control’ (e.g., stable,
stationary). The control limits are calculated using the log-transformed exposure measurements and then exponentiated. This results in
asymmetric upper and lower control limits. Trends can then be evaluated using the resulting ‘geometric mean’ control 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).
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location.
2.3.1  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.® 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 = { x;, ..., X, } where x, is the smallest value and x, is the largest.
(2) Assign a rank (r) to each sorted value where r ranges from 1 to n, starting with x, .

(3) Calculate a plotting position, p, (basically a pseudo-cumulative frequency) using Blom’s formula:\

;.3
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4) Log-probability plot: Using log-probability paper, plot p versus x. (Normal-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=/n(x) and m represents
the probit (probability unit; also called ‘normal order statistic’ or z-value) corresponding to p:\*

m =07 p]

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.

Personal computer statistics or spreadsheet programs can be used to produce both log-probability and log-probit
plot. Itis also a relatively simple matter to have the program display a linear regression line along with the data to assist
in the visual evaluation.\® An alternative plot is the cumulative distribution function (CDF) plot. The plotting position, p,
is graphed versus /n(x). Ideally, 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.

2.3.2  Formal goodness-of-fit tests

There are numerous statistical tests for determining whether or not a particular set of data departs significantly
from the normal distribution assumption. The one recommended here, Filliben’s test'® (as modified by Looney and
Gulledge!’) is easily implemented using a computer spreadsheet program or programmable calculator. This procedure is
complementary to the graphical technique in that it incorporates the concept the probability plot. The purpose of this test
is to determine if a particular set of data departs significantly from the lognormal distribution assumption by evaluating
whether or not the log-transformed values depart significantly from normal.

Filliben’s test can be applied to sample sizes ranging from 3 to 100. Although not presented here, a similar
procedure by Royston'* can be applied to any sample size between 5 and 5000.\'

Filliben’s test:

Filliben'® developed a goodness-of-fit test based on normal order statistics. Looney and Gulledge'’ 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?, in their general guidance regarding exposure assessment, listed Filliben’s test as one
method for formally assessing the lognormal distribution assumption.

Procedure:

c. There are several formulae for estimating the plotting position; for example: p;=(i-0.5)/n or p;=i/(n+1). Blom’s formula is preferred.

d. For example, for ap; of 0.95, m;=1.645; for ap; 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 spreadsheet program.

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

f. It 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.



(1) Sort or rank order the data: x = { x;, ..., X, } where x, is the smallest value and x, is the largest.
(2) Assign a rank (r) to each sorted value where r ranges from 1 to n, starting with x, .
(3) For each x;, calculate a plotting position, p; , using Blom’s formula (Equation 1).
(4) Determine the corresponding normal order statistic, m, for each plotting position.
(5) Using simple linear regression, regress y versus m, where y=/In(x).
(6) Calculate the correlation coefficient r.
(7) Evaluate the following hypotheses by comparing r to a table of critical values (Appendix Table A1):
H,: yis from a normal distribution
H.: y is not from a normal distribution
If ris less than or equal to the critical value, reject H, with 95% confidence.
Otherwise, accept H, and conclude that y is normally distributed. Therefore, x is lognormally distributed.

How it works: If yis truly normally distributed, the calculated 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. Consequently, if ris less than the critical
value, reject H, with a (1-)100% confidence level. Otherwise, there is not enough evidence to reject H,. If H, 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 lognormal 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 distributions. It may be that the data reflect two or more underlying lognormal distributions,
reflecting perhaps the inadvertent combination of two or more distinctly different exposure groups.

2.4 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 conditions of exposure (agent/jobs/task/controls), then we expect that
exposures primarily reflect the influence of process 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
individual work environments and individual work practices.

The process of grouping workers using observational skills has been described as the “observational approach” and
criticized for being subjective and prone to classification errors.'>® How then does one objectively determine if a particular
exposure group is sufficiently homogeneous so that decisions based upon an analysis of group exposures are relevant to
each member of the group, whether measured or not? There are no recognized criteria 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.”® The CEN* offered the following ‘rule of thumb':

... if an individual exposure is less than half or greater than twice the arithmetic mean [of the n measurements collected
from the homogeneous group], the relevant 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 observational approach is used to devise initial, logical exposure 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 appears acceptable, then periodic follow-up surveys are planned to evaluate the individual
work practices of randomly selected workers or workers that are suspected, based upon previous measurements or
professional judgement, to experience generally higher exposures. This continual, cyclic evaluation and modification of
individual work practices, habits, and controls is expected to result in exposure groups that become more homogeneous
over time.

Within-group homogeneity is less of an issue in those situations where the group exposures can be rated highly-
controlled or well-controlled (see the Hewett' scheme for rating exposures as highly-controlled, well-controlled, controlled,
poorly-controlled, and uncontrolled). Considerable heterogeneity within an exposure group may not matter if it highly likely
that all individual exposure profiles are appropriately controlled.® A similar reasoning 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 exposure profile appears to be minimally controlled or borderline
poorly-controlled, differences in individual exposure profiles 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 employees within the



Table 16.1: Exposure profile parameters and sample statistics of interest to industrial hygienists.

Population Parameter Sample Statistic
mean (M) sample mean (X)
standard deviation (o) sample standard deviation (s)
Descriptive
geometric mean (GM) sample geometric mean (gm)
geometric standard deviation (GSD) sample geometric standard deviation (gsd)
median ('ﬁ) sample median (’)7)
95th percentile (X;45) sample 95th percentile ()A(O_QS)
Compliance ~
exceedance fraction (0) sample exceedance fraction (0)
mean (u) * sample mean ( X) or MVUE *
* The 95% upper or lower confidence limit for the true mean of the exposure profile is compared to an LTA OEL, not the TWA
OEL.

group, through personal sampling or the use of direct reading instruments, may lead to splitting the group into two or more
groups, each containing workers with similar exposure profiles. ANOVA-based procedures, such as those used by Woskie
et al.* and recommended by Rappaport*®, should be considered when experiencing difficulty establishing reasonably similar
exposure groups (see Section 3.3.3 on Analysis of Repeat Measurements).

3 DATA ANALYSIS - DESCRIPTIVE AND COMPLIANCE STATISTICS

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

Population parameters are almost always unknown and must be estimated from a sample of n measurements.
Estimates of the population parameters are called ‘sample statistics” or ‘point estimates’. Table 16.1 contains those
population parameters and associated sample statistics that usually are of interest to industrial hygienists. Most of the
statistics in Table 16.1 are considered ‘descriptive statistics’, useful for characterizing the location and shape of the
underlying distribution of exposures. Several statistics identified as‘compliance’ statistics 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 non-parametric. Parametric statistics are based on the assumption that the
underlying distribution of exposures can be reasonably described by a known probability distribution function, such as the
lognormal or normal distribution. Non-parametric statistics are not based on any distributional assumption and for this
reason are sometimes called distribution-free statistics.

3.1 Parametric Statistics
3.1.1  Descriptive Statistics

Arithmetic Mean and Standard Deviation: The sample mean (X) is the most commonly used measure of central tendency.
It is an unbiased estimate the true population mean, regardless of the underlying distribution.

Geometric Mean and Geometric Standard Deviation: Authorities are in general agreement that exposure profiles are often
best described by the lognormal distribution.>***> The sample geometric mean represents an estimate of the median,
or 50th percentile, of the exposure distribution. The sample geometric mean will always be less than the sample arithmetic
mean. The sample geometric standard deviation is a measure of the spread or degree of dispersion in the data. It can be
interpreted as the ratio of the 84" percentile to the 50" percentile (geometric mean) exposure, or the 50™ percentile to the
16" percentile.

(3)

gm = expl1 Y inx| = exp{l My,
n iz n -1



gd = exps, (4

where

n

H(Inxi—lngm)z ) E(yi_yf (5)

% - n-1 B n-1

The lowest GSD is a theoretical 1.0, indicating absolutely 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 GSD < 1.5
moderate exposure variability 1.5<GSD <25
high exposure variability 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, particularly 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.??! The MVUE is calculated using the following formula:

2 2

%, - exp(¥)y | 2| - gm-y |2 (6)
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The y function is defined for any argument g as:
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The above equation is easily calculated using a programmable calculator or personal computer. Calculation to at least five
terms is accurate to the third decimal place.” (There is often little difference between the simple arithmetic mean and the
MVUE. Because of its familiarity the arithmetic mean may be preferred for presentation and reporting purposes.)

3.1.2  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 criterion, or OEL.

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

0 = P(c>O0EL) = P(z>2) (8)
_ InOEL-y
where Z= s,

and y and s, are the sample mean and sample standard deviation of the log-transformed data calculated from a sample of
n measurements. Equation 8 can be read as “the (sample) exceedance fraction equals the probability that a future
concentration exceeds the OEL.” This probability can be determined in the usual fashion by consulting 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 jth percentile of the underlying distribution for a sample of n
measurements is estimated by

X4 = exp[lngm+Zlfa-Ingsd]
_ (10)
- ey, )



where o 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 Z, ;s , or 1.645.

3.1.3  Confidence Intervals

Sample statistics are rarely identical to the true population 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% confidence
interval can be thought of as the interval in which we will, 90% of 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 confidence interval can be narrow, providing
assurance that the point estimate is not far from the true value. However, 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 different 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 values. 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 assumed that
the underlying distribution is normal. The second is preferred when it is assumed that the underlying distribution is
lognormal.

Normal Distribution Assumption: This procedure is fairly robust, i.e., it works well for many non-normal distributions,
especially as the sample size increases, producing reasonably accurate confidence limits.

Procedure:

(1) Calculate the sample mean (X) and sample standard deviation (s).

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

CL=X+t—~
n

where t=t; o5 ., for the 95%UCL and t=t; ;. 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 is
normally distributed and an approximate 90% confidence interval when the distribution departs from normality.

Lognormal Distribution Assumption: The following procedure was adapted from Land?? and is preferred when the underlying
distribution is assumed to be reasonably lognormal. (See Hewett? for a review of alternative procedures.)

Procedure:
(1) Calculate an estimate of the mean of the lognormal distribution:\°

Xy = exp(%%sf] (12)

(2) Obtain the appropriate C-factor. Table A2a in the Appendix lists the C-factors necessary to estimate the
95%UCL:C(s,;n,0.95). Table A2b in the Appendix lists the C-factors used to estimate the 95%LCL: C(s,;n,0.05). Linear or
Lagrange interpolation within and between sample sizes may be required.

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

In(x, )+ C—

CL = exp T
1’ n_

where CL= the upper or lower confidence limit, depending upon the choice of C
C= C(s,;n,1-a ) for the UCL where 0=0.05
= C(s,;n,a ) for the LCL where 0=0.05

Taken together, the 95%LCL and 95%UCL form a 90% confidence interval for the true arithmetic mean of
lognormal distribution data. See Hewett and Ganser* for approximation formulae for calculating the appropriate C-factor.

g. There are several formulae for estimating the mean, or average, of a lognormal distribution. See Reference 24 for a related discussion.
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Also, interpolation can be avoided by using a table s, value that is slightly greater than the calculated value. This will result
in a confidence interval that is slightly wider than 90%.\"

Exceedance Fraction: The following procedure for calculating the 90% confidence interval around the exceedance fraction
(for lognormally distributed data) was adapted from Odeh and Owen?.

Procedure:
(1) Calculate z (the same value used above to obtain the point estimate of the exceedance fraction):
;- InOCEL-y
S

(2) Using z and the sample size, n, the 95% LCL for écan be read from Appendix Table A3. However, interpolation (linear
or Lagrange) will usually be necessary 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 0 is the complement of this value (complement=1-
value).

Interpolation can be avoided by (a) using a simplified procedure** or (b) by 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 X 4; (assuming the exposure data are lognormally distributed)
are easily estimated using K-factors developed by Odeh and Owen®. Unlike the exceedance fraction, 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 TLV.)

Procedure: _

(1) Calculate the sample mean (y) and sample standard deviation (s,) of the log-transformed data where y=In(x).

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

95%LCL = eXp[ Y+ Koosoosn® Sy]
95%UCL = exp[ ¥ + Kygsoosn” S, |

See Appendix Table A4 for the appropriate 95%LCL and 95%UCL K values. (The K values for the 95%LCL are
nearly identical to the K’ (K prime) values described by Tuggle®®.) Taken together, the 95%LCL and 95%UCL form a 90%
confidence interval for the true 95th percentile (X, s ), 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 several authorities® %28,

3.2 Non-Parametric Statistics

There may be situations where there is compelling evidence 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 situation the preferred approach would be to evaluate the data and supporting
documentation for indications that the exposure group definition needed to be re-evaluated. Perhaps several distinctly
different exposure groups are represented in one larger group. Another approach would be to apply non-parametric
procedures for estimating the median, 95th percentile, and exceedance fraction. One disadvantage to using non-parametric,
or distribution-free, statistics is that the confidence intervals are wider than those estimated assuming a particular
distribution, such as the lognormal or normal distribution. Perhaps this is why non-parametric statistics are not often
reported in the industrial hygiene literature. Readers interested in non-parametric statics should review the
recommendations by Rock?®, Esmen®, and the EASC*>®. A good general reference is that of Conover®..

3.2.1  Descriptive Statistics

The first step in a non-parametric analysis is to sort the data from low to high values. The jth ordered observation
will be referred to as x; .

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

h. Occasionally when the sample GSD is large and/or the sample size is small the 95%UCL for p 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 advice 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 sample GSD. Otherwise, collect more