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Methods were developed to estimate the ionising radiation dose below the detection level (DL) of personal monitoring devices
for a case–control study of protracted radiation exposure and lung cancer. Exposure data were grouped by dosemeter type
and monitoring period. Each group contained dosimetry data that were interval-censored from limitations in measurement
precision and included left-censoring of observations below detection. The grouped data were fit to a three parameter hybrid-
lognormal distribution by maximum likelihood estimation. Using the fitted distribution, bootstrap samples were either
simulated by Monte Carlo or constructed by sampling with replacement. The resulting bootstrap sample distributions were
then used to predict the missing dose values and the associated uncertainty in the estimate. Among study subjects, 1357
workers were monitored with film dosimetry. Among the 39,263 dose observations 20,416 were recorded as zero dose,
indicating 52% left-censoring. The statistical methods estimated 0.31 person-Sv below the DL or �1% of the total collective
dose for this study population.

INTRODUCTION

Analyses for epidemiological studies of relationships
between protracted workplace external radiation
exposure and disease may attempt to account for
bias and uncertainty in exposure monitoring data.
Retrospective dose assessment is often complicated
by past recording practices for non-detectable per-
sonal monitoring results [i.e. recorded as less than
the detection level (DL) of the analytic method]. This
paper reports an estimation method for penetrating
radiation doses below the measurement sensitivity of
typical film dosemeters. However, these methods
may be adapted to other exposure types.
The DL for film dosimetry varied with dosimetry

practices and radiation properties, ranging between
0.1 and 0.4 mSv for most penetrating photon irradi-
ations. If the DL value is substituted for true doses
closer to zero, a positive bias in the exposure estim-
ate will result. Likewise, a negative bias is observed
when reporting zero for true doses below detection.
For example, the DL of film dosemeters at the Ports-
mouth Naval Shipyard (PNS) was �0.20 mSv
between 1950 and 1959(1). Values <0.20 mSv were
routinely reported as zero doses, which censors all
actual doses below that value. Given that personal
monitoring at PNS was conducted bi-weekly prior to
1959 and monthly thereafter, a considerable amount
of missed dose could accumulate over the course of
several years and may result in significant underes-
timation of a worker’s actual cumulative exposure.

Therefore, a method is needed to estimate these
potentially ‘missed’ doses and remove bias that
may influence the epidemiological study.

Background

Methods to impute doses below detection have been
used in previous studies. These methods can be gen-
eralised as either simple substitution or distribu-
tional imputation. The methods are frequently
compared based on their ability to reproduce sum-
mary statistics(2,3).

Substitution

Nehls and Ackland(4) suggested replacing non-
detects with a constant equal to one-half the limit
of detection (i.e. DL·2�1). Likewise, the National
Research Council (NRC) treated exposures recorded
as less than the minimum detectable level (MDL) as
half of the MDL in their examination of film dosi-
metry used for personnel during atmospheric nuclear
testing(5). The term ‘MDL’ refers to the point where
laboratory uncertainty was estimated at 95% confid-
ence to be þ/� 100% (normally distributed). The
NRC recognised the actual recording threshold
(i.e. DL) may be less precise and may not satisfy
this definition.
Hornung and Reed(2) evaluated substitution meth-

ods for lognormally distributed data and found the
DL·2�1method was marginally adequate for highly
skewed data [i.e. geometric standard deviation
(GSD)> 3.0] with censoring <50%. Results were�Corresponding author: rtd2@cdc.gov
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improved using DL·2�0.5 when the GSD was <3.0.
However, Horning and Reed(2) confirmed that sub-
stitution methods performed poorly in comparison
with distribution fitting techniques.

Distribution fitting

Distributional methods use the characteristics of an
assumed parametric distribution to impute values
below the DL. Several distribution fitting options
are available. Strom(6) fit annual external radiation
doses to a lognormal distribution using log-probit
analysis. Sont and Ashmore(7) fit annual external
radiation doses to lognormal and hybrid lognormal
distributions using maximum likelihood estimation
(MLE) methods. More recently, Bayesian methods
have been used to fit external radiation data to
hybrid lognormal(8), lognormal(9,10) and gamma(11)

distributions.
Previous fitting techniques were aimed at fitting

individual dose distributions for improvements to
worker dose estimates. Although working with indi-
vidual dose distributions is clearly preferred when
sufficient data are available, it is commonplace
among radio-epidemiological studies that many
workers have few exposure data available for an
appropriate fit. This study focuses on distribution
fitting techniques to determine whether improve-
ments in dose estimates can be achieved using com-
bined data sources.

METHODS

Hybrid lognormal distribution

The lognormal distribution is often used to describe
occupational doses to external irradiation(6,9,12,13).
In the lower dose range above the DL, the variation
of individual doses tends to obey the law of propor-
tionate effects and exposure data are distributed
lognormally(14). However, a departure from lognor-
mality is typically observed with increasing doses,
which is attributed to the effects of administrative
control limits or the physical constraints of dose rate
and exposure time(6,13,14). Only the data of magni-
tude below the lognormal departure point is recom-
mended for use when fitting dose distributions,
which invokes additional data censoring.
In contrast, Kumazawa and Numakunai(14) have

developed the hybrid lognormal distribution model
to account for the effect of limiting doses. The
hybrid lognormal distribution is constructed such
that doses in the lower dose range are lognormally
dominant, whereas the normal distribution compon-
ent is dominant in the higher dose range. This distri-
butional shape was observed in several empirical
radiation dose distributions(7,14,15). The hybrid
lognormal model better describes the actual dose

distribution over its entire range and does not
require right-censoring of data during the distribu-
tion fitting process.
For equivalent doses, the probability density func-

tion of the hybrid lognormal distribution is given by

f xjr, m, s2
� �

¼ 1ffiffiffiffiffiffi
2p

p
s

1

x
þ r

� �
e�

1
2

ln rxð Þþrx�m
s½ �2

r>0, s2>0
� �

ð1Þ

where x is dose. Let O(x|r, m, s2) represent the hybrid
lognormal distribution function where values
ln(rx)þrx are normally distributed with mean m
and variance s2 [e.g. N(ln(rx)þ rx| m,s2)]. As r ! 0,
the distribution becomes lognormal and as r ! 1
the distribution becomes normal.

Parameter estimation

MLE was used to estimate the parameters of the
hybrid-lognormal distribution. The MLE technique
followed a general formulation of the likelihood
function (L) for a left-censored dataset grouped by
a common DL:

L �1,�2, . . . ,�kð Þ ¼
Yn

i¼1

f xij�1,�2, . . . ,�kð Þ

� F DLj�1,�2, . . . ,�kð Þ½ �NDL , ð2Þ

where, xi is a detectable data point above the DL and
i ¼ 1, 2, . . ., n detected data points; �1,�2,. . .,�k are
parameters of the distribution (e.g. r, m, s for
hybrid-lognormal); NDL is the number of left-
censored data (e.g. data below the DL); f(x) is the
probability density function of x; and F(x) is the
cumulative distribution function of x.
Typically, exposure data above the DL are

reported in increments where rounding occurs from
measurement resolution. These data are interval-
censored, where the random variable of interest
(e.g. dose) cannot be observed exactly. The actual
value lies in an interval x� 1

2
Dx, x þ 1

2
Dx

� �
where

data resolution (Dx) is defined by the measurement
process. For example, early PNS exposure data were
reported in increments of 0.1 mSv. Therefore, a
0.4 mSv reported value is interpreted to lie between
the interval 0.35 and 0.45 mSv. The likelihood
function of interval-censored data is calculated by:

Lðm, r, s2Þ ¼
Yn

i¼1

½F
�

xi þ
Dx

2
jm, r, s2

�

�F
�

xi�
Dx

2
jm, r, s2

�i
, ð3Þ

where n is the number of detected observations. Data
resolution increased with monitoring improvements
at PNS. Dosimetry records indicate resolution from
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0.1 mSv to 0.01 mSv over the course of film badge
monitoring.
The likelihood function can be modified for x

equal to or less than the DL as follows:

L m, r, s2
� �

¼
h
F
�
DLþ Dx

2
jm, r, s2

�iNDL

Yn

i¼1

h
F
�

xi þ
Dx

2
jm, r, s2

�
�F

�
xi�

Dx

2
jm, r, s2

�i
:ð4Þ

It is more mathematically convenient to maximise
the natural log of the likelihood [ln(L)] rather than
L. Therefore, logarithmically-transforming Equa-
tion 4 yields

ln Lð Þ ¼ NDL ln
h
F
�
DLþ Dx

2
jm, r, s2

�i

þ
Xn

i¼1

ln
h
F
�

xi þ
Dx

2
jm, r, s2

�

�F
�

xi�
Dx

2
jm, r, s2

�i
ð5Þ

Estimates of the hybrid lognormal distribution para-
meters r, m and s2 (i.e. r̂r, m̂m and ŝs2) were solved by
maximising ln(L). In practice, the SAS/STAT�
Version 8 software NLIN procedure was used to
estimate the distribution parameters by non-linear
least squares regression such that �ln(L) was min-
imised through iteration by Newton–Raphson’s
algorithm(16).

Parametric bootstrap samples

Estimates of left-censored doses can be imputed by
random sampling of N ln r̂rxð Þ þ r̂rxjm̂m; ŝs2

� �
and

selecting substitution values corresponding to estim-
ated points below the DL. However, the parameters
r̂r, m̂m and ŝs2 are also estimates and are subject to some
uncertainty. This uncertainty can be significantly
influenced by sample size and amount of data
censoring. The accuracy of the missed dose estimate
relies on the quality of fit to the extreme left tail of
the distribution, where data fitting techniques are
influenced by measurement resolution and the
selection of the left-censoring threshold. To further
examine these effects, modified parametric bootstrap
simulation was used to estimate missed dose and its
associated uncertainty. Using the parameter
estimates of the fitted hybrid-lognormal distribution,
synthetic datasets of size n0 were generated by Monte
Carlo simulation, where n0 is the total number of
initial observations (i.e. left-censored and interval-
censored data). Given that ln(rx)þ rx is normally
distributed with distribution function N(ln(rx)þ
rx|m,s2), n0 values of ln r̂rxð Þ þ r̂rx were drawn at
random from a normal distribution using estimated
parameters m̂m, ŝs2. The Lambert’s W function (W),
which is defined for any (complex) z by W(z)ew(z) ¼ z,

was used to solve for x (dose) where x ¼ W(eY) r�1

and Y ¼ ln r̂rxð Þ þ r̂rx. Given that SAS does not
provide explicit solutions for the Lambert’s W
function, uniform approximations suggested by
Winitzki(17) were used to solve for W(eY). These
approximations are

W eY
� �

� ln 1þ eY
� � 1�ln 1þ ln 1þ eYð Þð Þ

2þ ln 1þ eYð Þ

� �
,

ð6Þ

for Y> 0, and

W eY
� �

�
eYþ1
� �

1þ 2eYþ1 þ 2ð Þ�1=2� 1ffiffi
2

p þ 1
e�1

� ��1
,

ð7Þ

for Y< 0. The approximations were tested over for a
range of xr̂r from 10�20 to 500 and found to be within
0.4% [95% confidence interval (95% CI)]. After solv-
ing for x, data in each bootstrap sample were cen-
sored to provide Dx and the DL equivalent to the
original dataset. For each of B bootstrap samples,
MLE was used to find new parameter estimates
(m̂mB, ŝsB, and r̂rB).
Dose estimates were derived from the bootstrap

sample parameter estimates and the cumulative
probabilities of left-censored data. The sample data
were ranked first to last where i was the rank
assigned. The cumulative probability of a left-
censored value was estimated for each value below
the DL by median ranks approximation, where
p ¼ (i� 0.3)(n + 0.4)�1. The inverse cumulative dis-
tribution function of N ln r̂rBxð Þ þ r̂rBxjm̂mB; ŝs

2
B

� �
was

used to estimate values of Y corresponding to each
left-censored datum probability. Dose values were
derived from Y as discussed previously except for
censoring. The sum (ĤHB) of the estimated doses
from a sample dataset represents a single estimate
of the censored collective dose from all left-censored
values. Let the expected value from the distribution
of ĤHB from B synthetic datasets be ~HHC , then ~HHCand
its 95% CI provides a measure of the collective
missed dose and the uncertainty in the estimate.

Non-parametric bootstrapping

As an alternative to parametric simulation, boot-
strap samples were also constructed from the ori-
ginal dataset by random sampling with replacement
using the methods suggested by Lubin et al.(18)

Sampling in this manner is performed by selecting
one record at random from the original dataset and
then putting it back for the next record to be drawn
until a bootstrap sample dataset equal in size to the
original dataset is created. Some records are selected
multiple times and other records may not be selected
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at all. The sampling process is repeated to construct
B bootstrap samples. The remainder of the dose
estimation methods using non-parametric bootstrap
samples was identical to those discussed previously
for simulated samples. Figure 1 is a schematic rep-
resentation of the missed dose estimation methods.

Comparison of the estimation methodologies

Test datasets were constructed to ascertain the
accuracy of dose estimates and to ascertain the
relative performance of the two estimation methodo-
logies. Test data consisted of 10,000, 1000 and

Figure 1. Missed dose estimation process diagram.
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100 observations generated by computer simulation
of a hypothetical hybrid-lognormal distribution with
distribution function O(x| 1.5,�3.0, 25). To simulate
left-censoring over a range of DLs, generated ‘dose’
values below the DL were set to zero and the DL was
set at 0.2 and 0.4 mSv. Interval-censoring was simu-
lated by rounding values above the DL to the nearest
0.01 and 0.1 mSv. Estimation of distribution para-
meters and missed doses followed the methods
described previously and shown in Figure 1. A meas-
ure of bias was determined as the ratio of ~HHC to HC,
where the variable HC is the actual censored collect-
ive dose below the DL in the test dataset.

Exposure data analysis

Exposure data from a nested case–control of lung
cancer mortality in workers at the PNS in Kittery,
Maine, were selected for data analysis. Four age-
matched controls per case were randomly selected
from risk sets defined from the cohort of PNS civil-
ian workers employed between 1952 and 1992.
Dosimetry data for each exposed worker were

gathered from available site dosimetry records.
Details of the PNS dosimetry programme and
records collection supporting the epidemiological
study are described elsewhere(15). The exposure
data were coded into a relational database and were
not modified except for conversion to SI units. In
addition to dosimetry records, information regarding
dosemeter response and monitoring frequency was
examined to characterise the monitoring methods
used and to define monitoring eras. To promote
homogeneity, dosimetry data were grouped by
similarities in dosemeter type, monitoring period
and DL. Threshold values were established at the
reported DL for the dosemeter. The radiation expos-
ure for each worker was assessed to the earliest of the
index case age at death or study end date.

Cumulative dose

Up to this point, estimates pertain to the collective
dose over a specified exposure period. However, the
summation of a worker’s dose over several years of
exposure (e.g. cumulative dose) is of primary interest
in the epidemiological analysis. A primary assump-
tion of the presented methods is that all observations
are independent, thus, ignoring the possible correla-
tion of data for a single worker. However, repeated
measurements for a particular worker within the
same working environment are likely to have a
high degree of correlation relative to the between
worker independence. To examine potential correla-
tion effects on missed cumulative dose estimates, a
test dataset was constructed using exposure data
between 1 October 1974 and 31 December 1996.
During this period, the DT-526/PD calcium fluoride

thermoluminescent detector (TLD) was used for
personal dosimetry, with a minimum sensitivity of
�0.01 mSv(15). Given the low DL, actual missed
dose is expected to be minimal for this dataset. The
exposure data were censored below 0.20 mSv to
model left-censored results from typical film badge
monitoring. The collective missed dose was then
estimated using the previously described methods.
To estimate cumulative dose, the arithmetic mean
missed dose per observation was obtained by
dividing the collective missed dose by the number
of left-censored data. This value was used as a
surrogate for each censored data point for each
study subject. The ‘actual’ cumulative missed dose
(DA) was calculated as sum of the censored data for
each worker. Likewise, the estimated missed cumu-
lative dose (DE) was the number of censored data
multiplied by the estimated mean missed dose per
measurement. Differences among estimated and
actual values were examined by analysing the distri-
bution of (DA�DE) paired for each worker.

RESULTS

Test data

The results of the initial test datasets are shown in
Table 1. In all scenarios, censored data comprised
over 50% of the dataset. For large datasets (n� 103),
predicted sums were within �18% of the censored
data sums in all scenarios tested. Similar results were
not observed for small samples (n	 102). As
expected, uncertainty increased with decreasing
dataset size, reaching �42% for estimates from test
data comprising �30 observations above the left-
censoring threshold. The arithmetic means of the
relative biases were near unity, with values of 0.96
and 0.97 for parametric and non-parametric meth-
ods, respectively. The difference between the means
of the two methods was not statistically significant
by t-test (p ¼ 0.87). Therefore, both methods appear
to provide comparable and unbiased estimates of the
summed censored data.
Non-parametric bootstrapping was superior to

parametric bootstrapping in the sense that the calcu-
lated uncertainties attached to the non-parametric
bootstrapping dose estimates were generally smaller.
The non-linear fitting procedures were influenced by
outliers resulting from simulations performed for
parametric bootstrapping, resulting in wider CIs on
the point estimates. This effect was observed to
increase with decreasing sample sizes; where models
using non-parametric techniques appear more
robust than the parametric models. Given that
exposure data distributions are discrete, this suggests
that it may be more appropriate to model the
uncertainty using non-parametric methods.
Although sampling with replacement appears to
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provide more precise estimates, the computations
were more complex than those required by Monte
Carlo simulation; making multiple analyses of large
datasets by non-parametric means potentially time-
prohibitive.
Table 1 also shows the results of substituting cen-

sored datum with a constant equal to one-half the
censoring threshold. Substitution methods resulted
in consistently positive biases that were much larger
than that observed from both parametric and non-
parametric methods. Although substitution methods
are common in exposure assessment(2,4,5), this ana-
lysis suggests it may be less than optimal for skewed
exposure data distributions that are highly censored.
The stability of the parameter estimates was

examined for a range of DLs. Given initial test
data (n ¼ 10,000) with interval-censoring set at 0.1,
parameter estimates were determined for a DL
between 0.1 and 3 in 0.1 increments. The ratios of
initial parameters to estimated parameters were
plotted against the DL (Figure 2). The plot shows
reasonable prediction of parameters with censoring
in the range anticipated for PNS data. However, loss
of model stability is observed beginning with DLs in
excess of 0.6, which corresponds to data censoring
of �78%.

PNS exposure data

Exposure monitoring with film emulsions began at
PNS on 1 July 1950 with significant modifications in
July 1952, July 1957 and July 1969 until replaced by
TLDs on 1 October 1974(15). The DL for film

dosimetry was 0.2 mSv per monitoring period until
July 1969, when improved dosimetry resulted in a
DL of 0.1 mSv(15). Film badge monitoring was con-
ducted bi-weekly through 1959 and was extended to
monthly beginning January 1960(15).
Among the 4388 cases and controls, there were

1440 workers requiring dose assessment. Of these
workers, 1357 had exposure data from film badge
monitoring resulting in 39,263 observations. There
were 20,416 observations with ‘zero’ recorded expos-
ure, which is equivalent to 52% of recorded data
below the DL. Data were stratified according to
dosemeter type, DL, processing intervals, and sam-
ple size. There were four strata defined, each con-
taining at least 100 observations (Table 2). Data
were fit to a hybrid lognormal distribution to estim-
ate the missed dose contribution. Figure 3 shows an
example of the fit of exposure data between 1950 and
1957. These same data were fit to a lognormal dis-
tribution, which demonstrates the departure from
lognormality in the high dose region beginning at
�3.0 mSv (Figure 3, dashed line). This departure is
attributed to limiting worker exposures through
administrative controls at PNS.
Using parametric bootstrapping, �0.31 person-Sv

was estimated to be censored or �1% of the total
collective dose for this study population (Table 3).
The relative uncertainty in estimates is greatest for
the earliest monitoring period given fewer data avail-
able, reduced measurement sensitivity and lesser
measurement resolution. However, the contribution
to the total missed dose is minimal compared with
other time periods.

Figure 2. The ratio of the original parameters (P) to the parameter estimates (PE) vs. left-censoring threshold (TL).
Simulated data (n ¼ 10,000) from a hybrid lognormal distribution p(x: 1.5, �3, 25) with resolution (Dx) ¼ 0.1. Legend:

triangle ¼ r, diamond ¼ m, square ¼ s. The trend line was calculated from sixth order polynomial fit.
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Table 2. Available dosimetry data for Portsmouth Naval Shipyard workers within a lung cancer case–control study.

Strata Monitoring
Period

Sample
size (n)

Censored
data

(x<DL)

Detection
level (DL)

mSv

Processing
Interval

Resolution
(Dx)
mSv

Recorded
dose

(person-Sv)

1 1 July 1950–
30 September 1957

141 61 (43.3%) 0.2 Bi-weekly 0.1 0.335

2 1 October 1957–
31 December 1959

3546 1587 (44.8%) 0.2 Bi-weekly 0.01 2.35

3 1 January 1960–
30 June 1969

25,247 12,966 (51.4%) 0.2 Monthly 0.01 21.3

4 1 July 1969–
30 September 1974

10,329 5802 (56.2%) 0.1 Monthly 0.01 5.15

Figure 3. Probability plot for dose measurements at the Portsmouth Naval Shipyard between 1950 and 1957 (diamond).
The plot also shows dose fit to a lognormal distribution (dashed line) and hybrid-lognormal distribution (solid line).

Table 3. Results of missed dose estimation for the PNS lung cancer case–control study with parametric bootstrap methods.

Strata Estimated
distribution
parametersa

Expected values for bootstrap
distribution parametersb

Estimated
missed dosec

( ~HHC ) (person-mSv)

Percent of
collective
dose (%)

r̂r m̂m ŝs ~rr ~mm ~ss

1 0.889 �1.85 8.70 0.764 (0.319–1.72) �1.90 (�3.29
to �0.674)

7.70 (4.67–
12.5)

0.620 (0.015–
2.21)

0.18

2 0.987 �2.38 4.17 1.39 (1.30–1.48) �1.69 (�1.92
to �1.46)

4.59 (4.53–
4.66)

19.8 (16.4–23.4) 0.84

3 0.543 �3.22 4.05 0.490 (0.460–0.497) �3.25 (�3.32
to �3.22)

3.84 (3.77–
3.91)

216 (204–223) 1.00

4 0.504 �4.10 3.62 0.437 (0.389–0.482) �4.14 (�4.28
to �4.04)

3.41 (3.28–
3.56)

70.5 (63.9–77.9) 1.35

aEstimates correspond to a hybrid lognormal distribution function Oðxjr̂r; m̂m; sŝs2Þ
b~�� is the arithmetic mean of B bootstrap sample parameter estimates �̂�B for a hybrid-lognormal distribution function
with parameters m, s, and r. The 95% CI is shown in parenthesis
cĤHc is the arithmetic mean of B bootstrap sample parameter missed dose estimates ~HHc. The 95% CI is shown in
parenthesis
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Similar results were obtained from non-
parametric sampling methods (Table 4). However,
non-parametric sampling methods were more stable
with smaller datasets. These estimates were consist-
ent with previous analyses of the PNS cohort (<1%)
and a sub-cohort of 204 radiation workers (1.8%)
using log probability regression(15).

Cumulative dose estimates

There were 9499 dose observations between 1 October
1974 and 31 December 1996 used for the cumulative
dose test. Censoring doses <0.20 mSv resulted in

�221.8 person-mSv from 7124 individual monthly
dose observations among 208 workers. The censored
dataset was fit to a hybrid lognormal distribution
[O(x|0.46,�4.47, 10.1)] using non-parametric
methods (Figure 4). From the fitted distribution,
the collective missed dose was estimated to be
�216.9 person-mSv, resulting in an average missed
dose per measurement of �0.030 mSv. Actual and
estimated cumulative missed doses were calculated
for each of the 208 workers. Paired sample analysis
of (DA�DE) resulted in a nearly symmetric distri-
bution (Figure 5) with an arithmetic mean (0.02 mSv)
not significantly different from zero at the 95% CI

Table 4. Results of missed dose estimation for the PNS lung cancer case–control study with nonparametric
bootstrap methods.

Strata Estimated
distribution
parametersa

Expected values for bootstrap
distribution parametersb

Estimated
missed

dosec ( ~HHC)
(person-mSv)

Percent of
collective
dose (%)

r̂r m̂m ŝs ~rr ~mm ~ss

1 0.889 �1.85 8.70 0.937 (0.428–4.14) �1.95 (�5.35
to 0.502)

8.91 (5.19
–33.4)

0.30 (<0.001, 0.986) 0.09

2 0.987 �2.38 4.17 0.993 (0.816–1.22) �2.37 (�2.61
to �2.18)

4.18 (3.69
–4.76)

16.2 (11.4–21.3) 0.68

3 0.543 �3.22 4.05 0.541 (0.494–0.608) �3.22 (�3.32
to �3.14)

4.03 (3.85
–4.20)

197 (183–210) 0.92

4 0.504 �4.10 3.62 0.504 (0.452–0.549) �4.11 (�4.09
to �3.90)

3.62 (3.46
–3.76)

62.3 (58.1–67.1) 1.19

aEstimates correspond to a hybrid lognormal distribution function Oðxjr̂r; m̂m; ŝs2Þ.
b~�� is the arithmetic mean of B bootstrap sample parameter estimates �̂�B for a hybrid a hybrid-lognormal distribution
function with parameters m, s, and r. The 95% CI is shown in parenthesis
cĤHc is the arithmetic mean of B bootstrap sample parameter missed dose estimates ~HHc. The 95% CI is shown in parenthesis
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Figure 4. Cumulative distribution function of censored dose data between 1 October 1974 and 31 December 1996
(markers) and fitted hybrid lognormal distribution (solid line). n ¼ 9499; 7124<DL; DL ¼ 0.20 mSv.
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(p ¼ 0.71). The standard deviation of (DA�DE) was
0.93 mSv. These results suggest that the potential
correlation among individual worker data may not
significantly influence estimates of missed cumulat-
ive doses derived from the missed collective dose.

DISCUSSION

Methods are introduced to estimate censored doses
from the dose distributions of similarly exposed
workers instead of each worker’s individual dose
distribution. Estimated collective doses were
examined as a simple means to assess the accuracy
and precision of the methods used. However, the
collective dose is of little use in an epidemiological
study, where estimates of individual cumulative
doses are most desired. A simple means to esti-
mate individual worker cumulative doses was
accomplished using the average missed dose per
measurement obtained for a group of workers as a
substitution for censored measurements of each
worker. The test example suggested these methods
were unbiased and appropriate for epidemiological
study related to PNS exposures. Instead of substitut-
ing the average missed dose, censored data could be
replaced with estimates imputed by random sam-
pling of N ln r̂rxð Þ þ r̂rxjm̂m; ŝs2

� �
. Replacement values

can also be drawn from the bootstrap samples,
where N ln r̂rxð Þ þ r̂rxjm̂m; ŝs2

� �
was used to simulate B

bootstrap samples, which provide B sets of replace-
ment values from N ln r̂rBxð Þ þ r̂rBxjm̂mB, ŝs

2
B

� �
.

Both test data and PNS exposure data results
suggest that non-parametric bootstrap sampling
methods may provide better estimates than the para-
metric bootstrap (random sampling) methods. How-
ever, as a tradeoff, computational time may be
prohibitive when applying non-parametric boot-
strapping to multiple large datasets because of ran-
dom sampling to construct each bootstrap sample.
Lubin et al.(18) have shown that the number of

bootstraps can be reduced using a non-parametric
approach, thus improving computational time. Both
methods should be explored and optimised to the
source data. For this study, we have chosen to use
parametric methods for uncensored datasets >100
observations.

LIMITATIONS

Adequate data must be available for an accurate fit
to the dose distribution. This is particularly
important when using parametric methods, since
random sampling from a continuous and skewed
distribution can result in ‘outlying’ dose values.
As expected (and as shown by the test data analysis),
significant uncertainty is likely when fitting highly
censored data.
Second, a primary assumption for this modelling

is actual exposures below some threshold are left-
censored (e.g. non-zero dose) and distributed
according to the fitted parametric distribution. For
PNS workers, dosimetry was issued when entering a
radiation area where some exposures were likely.
Therefore, the recorded zeros are indicative of radi-
ation work and most likely underestimate true
exposures. However, recorded zero-doses can result
as an artefact of the dosimetry file (e.g. placeholder)
from processing unexposed dosimetry (e.g. true zero
values). For example, by 1951, workers entering the
main area of the Oak Ridge National Laboratory
(ORNL) were monitored weekly regardless of their
actual potential for exposure (West, CM. Letter to
Cragle, Donna, 1 June 1992. Description of the
ORNL external monitoring programme 1943–1961.
Oak Ridge, TN). The monitoring was expanded to
all employees by late 1953 with the integration of
the dosemeter and security badge. The large number
of recorded zeros may be indicative of exposures
at or very near environmental background levels
and may correctly report zero net exposures. In the
case of ORNL data, dose estimation methods
must be adjusted for expected zero exposures to
prevent introducing a positive bias in assessed
doses. For example, Tankersley et al.(19) and sub-
sequently Watkins et al.(20) separated ORNL sub-
jects into exposed and unexposed groups based on
the observed proportion of recorded zeros
among subjects and work groups. Missed dose was
estimated only for the population likely to be
exposed.
Third, the potential effect of correlations for

the within and between worker components of
variance must be taken into account. The effect of
such correlations was studied herein by exam-
ination of the PNS exposure data. However, most
PNS workers were exposed almost exclusively to
gamma and X rays from activation products under
very similar conditions involving work within the

Figure 5. Histogram of the differences between actual
cumulative doses (DA) and estimated cumulative doses
(DE) for individual study subjects (n ¼ 208) using missed

dose estimation methods.
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shielded volume of the reactor compartment
onboard nuclear-powered submarines(15), which is
expected to promote homogeneous exposure pat-
terns. This exposure homogeneity is less likely in
other radiation-exposed cohorts. Other cohorts
may exhibit stronger correlations for the within
worker exposures and greater dissimilarities in
radiation types, energies and exposure geometries
among groups of workers. Further work is
necessary to examine these potential correlations.
Although appropriate estimates of worker missed
dose were determined by analysis of grouped data
in this study, it is recommended that a hierar-
chical approach be used such that analysis of
individual worker dose distributions are preferred
over combined datasets when sufficient data are
available.
Another limitation is the choice of an appropriate

left-censoring threshold. In the presented examples,
the left-censor threshold was the DL, which was
easily observed in the monitoring data provided.
However if annual doses are used, the number of
censored data within the sum comprising the annual
values is unknown. In this case, the departure from a
fitted distribution is subtle and a left-censor thresh-
old is difficult to discern. A range of thresholds must
be examined, which introduces additional uncer-
tainty in the parameter and dose estimates.
Finally, the study methods pertain only to the

uncertainty associated with dosemeter sensitivity at
PNS and assume that the grouped dose values either
accurately represent true doses or demonstrate a
pattern of exposure that can be adjusted given
other known sources of uncertainty. Several other
sources of uncertainty are indicative of film dosi-
metry and have been reported on extensively in the
literature. As evident in the literature, some of these
sources of error are likely to be of greater concern
than the source described by this work. For example,
the accuracy and sensitivity of film dosemeters can be
largely affected by environmental conditions(21–23)

the length of monitoring period(21) and the number
of monitoring periods resulting in a cumulative
dose(24). Likewise Brodsky et al.(25) examined sources
of error associated with random variations in film
composition, sensitivity, methods of processing,
densitometry and other laboratory techniques.
General methods have been developed to adjust
dosimetry values for these sources of errors(5,26).
Specific adjustment methods applicable to dosimetry
from PNS and other nuclear facilities have been
developed by Daniels and Schubauer-Berigan(27).
In that study, Daniels and Schubauer-Berigan
examined sources of measurement uncertainty by
facility and time period to make adjustments to
reported dosimetry from changing environmental
conditions (i.e. temperature and humidity effects),
exposure geometries, exposure energies, and

dosemeter calibration and processing procedures.
Similar methods should be used to identify appro-
priate data analysis groups and to adjust recorded
values prior to distribution fitting. As practical, the
methods provided by this study should be carried
out in concert with other methods accounting for
uncertainty common to facility-specific dosimetry
practices, both past and present.

CONCLUSION

Researchers are often challenged to improve
exposure estimates for epidemiological study.
Personal dosemeters used during the height of
operations in most radiological facilities were
designed to reliably assure exposures were below
protective limits. As such, personal dosimetry
design did not provide the sensitivity desired for
epidemiological retrospective dose assessment. In
response, estimation methods for exposures below
the DL of film dosemeters were examined for an
epidemiological study of workers at PNS.
Although our example used computer program-
ming to investigate uncertainties, the basic prin-
ciples are adaptable to spreadsheet calculations
similar to those described by Finkelstein and
Verma(28). These estimation principles provide a
fundamental model that can be adapted to other
exposure types.
The testing of the two dose estimation methods

with simulated data revealed that the estimation
process is unbiased and robust for its intended pur-
pose. However, caution should be observed when
applying these methods to highly censored data or
when insufficient data are available to obtain an
adequate fit. Unreliable results were shown when
modelling small (n< 100) or highly censored
(>70%) datasets. Therefore PNS exposure data
were analysed in strata containing >100 observa-
tions and <60% censoring.
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