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False Positive Exposure Errors and Low
Exposure Prevalence in Community-Based

Case-Control Studies

Walter F. Stewart and Adolfo Correa-Villaseiior

Department of Epidemiology, School of Hygiene and Public Health, The Johns Hopkins University, 615 North

Wolfe Street, Baltimore, Maryland 21205

The community-based case—control study (CBCC) offers a po-
tentially efficient strategy for identifying putative causes of dis-
ease and has special relevance to the surveillance of occupationally
related diseases such as cancer. The primary limitation in using
the CBCC design for surveillance purposes is that defining ex-
posure is highly prone to error. This paper quantifies the bias to
the odds ratio caused by nondifferential exposure misclassifica-
tion under a range of conditions common to occupational studies.

When the exposure prevalence is low (< 10%), a condition
common to community-based occupational and other case—control
studies, and assuming nondifferential misclassification, false pos-
itive exposure errors (i.e., nonexposed are classified as exposed)
are the principal source of bias to the odds ratio. In contrast,
even a relatively large number of false negative exposure errors
results in negligible bias.

Knowledge of the major source of bias to the odds ratio offers
the means to develop specific and efficient strategies to correct
for exposure misclassification errors. Three strategies are rec-
ommended to minimize the effect of false positive errors: making
use of exposure groups rather than occupational title groups in
the analysis; repeat interviews of subjects designated as exposed;
and methodological research regarding the manner in which oc-
cupational histories are obtained and exposure decisions are made.
Stewart, W.F.; Correa-Villasefior, A.: False Positive Exposure Errors and
Low Exposure Prevalence in Community-Based Case—Control Studies.
Appl. Occup. Environ. Hyg. 6:534-540; 1991.

Introduction

The community-based case—control study (CBCC), where
details on exposures are obtained from incident cases and
controls, is a potentially important population-based sur-
veillance tool.(1:2) The primary weakness of this design is
that defining exposure status for putative causes is highly
prone to error.

Exposure misclassification errors often cause the ex-
posure odds ratio to be biased toward the null, and they
increase the likelihood of a false negative conclusion.(3-9)
The magnitude of the bias depends, in part, on specific
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study conditions such as the observed prevalence of ex-
posure. No single strategy for reducing bias is likely to be
optimal and logistically efficient for all possible study con-
ditions. Instead, the problem may be simplified by focusing
on the conditions specific to a particular area of study (e.g.,
CBCC studies focusing on occupational factors) and the
range and types of errors that are most likely to arise. In
this way, developing realistic and efficient strategies either
to remedy the errors or to correct for their effect is more
straightforward. This paper focuses primarily on CBCC
studies where the exposure prevalence is low, a condition
common to occupational and other case—control studies.
Given several simplifying assumptions regarding the na-
ture and range of errors likely to occur, analyses suggest
that, under nondifferential conditions, false positive errors
cause relatively large biases to the odds ratio. The impli-
cations with regard to both respondent errors and expo-
sure assessment errors are discussed.

Methods

In case—control studies, the exposure odds ratio for a
binary variable is derived as a measure of association be-
tween an exposure and disease.(19) The effect of exposure
errors in biasing the true odds ratio, ¥, is examined by
first defining the true exposure distribution of controls.
Let Cq designate the true proportion of controls not ex-
posed, and Cy;, the true proportion of controls exposed.
The true distribution of cases by exposure status, Cyj, is
derived by specifying Cy; and ¢ (e.g.,, C1; = ¥ [C19* Cor1V
Coo)). Exposure misclassification alters the C;s in Table 1.5

Exposure misclassification can be expressed by a two
by two table of conditional probabilities, as shown in Table I,
where Py (jk = 0,1) is the probability of being classified
as exposed (j = 1) or not (j = 0) given a true exposure
status k (k = 0,1). Py is often referred to as exposure
specificity and Py; as exposure sensitivity. By definition,
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TABLE I. True Distribution of Cases and
Controls by Exposure Status

Case (1) Controi (0)
Yes (1) C, Cos

Exposure

No ()| Cp Coo

TABLE Il. Distribution of Subjects by
True and Observed Exposure Status

True Exposure (k)

Yes (1)  No (0)
Observed  Yes (1) Py P
Exposure
(0 No (0) Pos P
10 1.0

when the exposure errors are nondifferential, cases and
controls have the same sensitivity and specificity. The ob-
served proportion of nonexposed cases or controls, cig, is
derived as Pog*Cig + Py *Ci;. The observed proportion
of exposed cases or controls, ¢, is derived as P, *Cy; +
Pyo* Cio. The observed exposure odds ratio, ¥, is (¢13Co0)/
(Co1C10); C10 and cgp are the observed proportion of cases
and controls not exposed, respectively, and ¢ and ¢g; are
the observed proportion of cases and controls exposed,
respectively.

For the purpose of discussion, bias to the odds ratio, 8,
is defined in terms of excess risk. If the true excess risk
is ¥ -1, then bias is

8= (W-V(¥-1 [¥#1] (1)

Bias, 8, has a negative value if ¥ is underestimated and a
positive value if it is overestimated.

Assuming nondifferential errors and ¥ > 1.0, the rela-
tionship between C;, Py, and 8 is described for a binary
exposure variable under a range of conditions common
to occupational case—control studies. Since the choice of
values for C; and Py can affect the nature and magnitude
of bias, values thought to be reasonable for occupational
studies have been selected.

The observed proportion of controls not exposed, ¢,
is often between 0.85 and 0.96 in occupational case—control
studies; these observed values reflect the sum effect of
false positive and false negative exposure errors. Values
less than 0.85 are uncommon except when a definition of
“ever exposed” is used, where it can be assumed that the
number of false positive exposures is likely to be high.
Values at or above 0.95 are common when more rigorous
definitions of exposure are used. For illustration purposes,
values ranging between 0.80 and 0.96 are imputed for Cy.

Estimates of the proportion of subjects correctly clas-
sified as not exposed, Py, and as exposed, Py;, are likely
to vary considerably depending on the exposure, the data
collected, and the method of assessing exposure. None-
theless, reasonable estimates of the lower bound for the
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Pgo can be obtained. It can be shown that Pyy = cqg when
exposure classification is equal to or better than chance
(see Appendix). That is, even if exposure status is broadly
defined and all subjects designated as exposed are, in fact,
false positives, the lower bound for Pgo will be greater than
or equal to 1—cg;. Values between 0.80 and 0.96 are,
therefore, considered as reasonable bounds for Py.

The lower bound for Py, the proportion correctly clas-
sified as exposed, is likely to be relatively low compared
to Py, especially as more rigorous definitions of exposure
are used. For the purpose of illustration, a broad range of
values from 0.5 to 1.0 is used (i.e., classification based on
chance to perfect classification of the exposed).

Nondifferential Errors and Bias to the Odds Ratio

In this section, the bias caused by exposure errors when
the exposure variable is dichotomous and ¥ > 1.0 is re-
viewed; this topic has received considerable attention else-
where.(3-9) In contrast to previous work, the primary focus
in this section is on the magnitude of the bias given that
the exposure prevalence is low.

The true odds ratio, ¥, is always underestimated when
exposure errors are nondifferential. 3-2 The magnitude
of the bias or degree to which ¥ is underestimated is
shown in Figure 1 and depends on Cy; (the proportion of
controls exposed), Py; (sensitivity), and Py (specificity).
For the plots in Figure 1, ¥ is equal to 4.0. Two points are
noteworthy. First, when the exposure prevalence is rela-
tively high (Co; > 10%), significant reductions in ¥ are
caused by a decrease from 100 percent in either Pyy or
P;;. Second, as the exposure prevalence decreases, even
a very small decrease in Py (e.g., from 100% to 99% in
Figure 1) results in a substantial bias, whereas even a very
large decrease in P;; has a relatively small effect on the
bias, especially at the lower levels of exposure prevalence.

What are the practical implications of exposure errors
when working with a dichotomous exposure variable? When
the prevalence of exposure among controls, Cy;, is low,
misclassifying exposed subjects as not exposed is not crit-
ical. The number of subjects with a false negative exposure
designation is small relative to the number of true nega-
tives, and the odds of exposure among cases and controls
are not appreciably altered. Decreasing the number of false
positives and thereby increasing Py, however, is central
to developing efficient strategies to reduce bias, even at
the cost of a reduction in Py;. Efforts directed to reducing
the number of false positive exposure designations is lo-
gistically efficient in that one need only consider the rel-
atively small proportion of subjects designated as exposed.

Exposure Errors: Sources and Remedies

Exposure errors can be introduced at the time of inter-
viewing or exposure assessment. In this section, the errors
introduced at each step are reviewed, and the various strat-
egies to remedy or adjust for such errors (Table IiI) are
presented.
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TABLE lll. Source and Effect of Exposure Errors in Occupational Case-Control Studies
Source Effect on
of Error Cause of Error P P, Strategy to Reduce Bias
Respondent ~ Omission of an occupation. None  Lower e« Provoke recail by preparing subject in advance to think about their
occupational history.('2
False report of an occupation. Lower None - Validation of employment for jobs designated as exposed.
« Repeat interviews of apparently exposed subjects.
Dates of employment are in Lower  Lower < Ascertain respondents job-specific certainty of recall.
error or the information about « Obtain details on tasks and duties.
the occupation is vague. = Repeat interviews about tasks and duties of apparently exposed
subjects.
Data coding  Coding is not repeatable Lower Lower e Explicit coding rules to avoid arbitrary assignment of codes to job
between coders or within titles.
coders. « Use an uncertainty code where applicable.
« Conduct tests of coding repeatability within and between coders.
« Periodic validation of assigned codes.
« Do not code occupations. Instead, review the complete occupational
history and descriptions as needed.
Information about the occupation  Lower  Lower < Obfain details about the empioyer, job, tasks performed, and
is inadequate to assign a code equipment, tools, and materials used.
with certainty. « Identify occupational codes assigned with low cerfainty.
« Validation of jobs designated as exposed to confirm the job codes.
An occupation code is Lower None « Develop ad hoc codes to separate occupational titles into more
heterogeneous. with regard to homogeneous groups.
exposure status.
Exposure Job title falsely designated as Lower  None e Validate exposure for jobs designated as exposed.
assessment  exposed. « Obtain independent judgments from three or more industrial
hygienists.
« Obtain industrial hygienist's self-assessment of familiarity with job.
Job title falsely designated as None  Lower e« Obtain independent judgments from three or more industrial
not exposed. hygienists.
« Obtain industrial hygienist's self-assessment of familiarity with job.
Exposure for the job title is Lower  Lower e Identify exposure decisions made with low certainty.

arbitrarily assigned.

« Obtain industrial hygienist's self-assessment of familiarity with job.
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Reporting Errors

Respondents can omit an occupation, falsely report an
occupation, or offer information about the occupation that
is too vague to make valid exposure decisions. Omitting
an occupation can only result in a false negative error,
thereby reducing the proportion correctly classified as ex-
posed (Py;). This occurs when an occupation associated
with the exposure of interest is not reported. As previously
noted, the underestimation bias that this type of error
causes 1o the odds ratio is small. On the other hand, if an
occupation is not associated with the exposure of interest,
exposure status is not affected by whether or not the oc-
cupation is reported.

Falsely reporting an occupation can result in a false
positive error if the falsely reported occupation is asso-
ciated with the exposure of interest and the true occu-
pation is not. As a result, Py is reduced and the odds ratio
may be seriously underestimated. If the falsely reported
occupation is not associated with exposure, then, as noted
above, it has no effect on the subject’s exposure status as
long as the true occupation is not associated with exposure.

Finally, vague or uncertain information offered by the
respondent can result in a false positive or false negative
error that is introduced either during the coding step or
when deciding on the subject’s exposure status. Because
false positive errors are of greatest concern when exposure
prevalence is low, the following strategies may be useful
in treating this type of error: validating exposure status;
scientific assessment of interview methods for obtaining
occupational histories; and obtaining indirect measures of
exposure errors.

Positive exposure status for cases and controls judged
from reported work histories may possibly be validated
by confirming reports with employers,(!!) by obtaining
details on the place of work and specific occupation(s)
reported, and, where feasible, through biologic assessment
of the subject. Validation of exposure in this way has several
advantages. It is efficient, in that the validation step is only
limited to occupations and subjects designated as exposed.
Second, Py can be effectively increased without reducing Py;.

The potential limitations to validation, given available
resources, should be recognized. Confirming that a subject
held a reported occupation may violate confidentiality un-
less the individual is informed beforehand that the em-
ployer may be contacted. As an alternative, the employer
can be contacted to inquire about specific occupations
without reference to the employee. While information can
be obtained about the occupation, including information
on duties, tasks, and materials, there is no direct validation
that the subject was employed in the reported industry or
held the reported occupation.

While validation of reported occupations and exposures
may be useful, epidemiologists are more or less in the
dark in knowing what is practically feasible; relatively little
has been invested in understanding the resources available
or developing the methodology for this purpose. The ex-
tent to which validation is feasible depends on a number
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of factors including: the proportion of employers who still
exist; the number of employees who must be contacted;
and whether sufficient resources and information are avail-
able, both within the questionnaire and on the part of the
employer, to identify the occupation of interest and the
associated materials and tasks.

Biologic assessment of exposure is a new and untested
frontier, especially as a part of case—control studies. Bio-
logic exposure assessment in case—control studies of can-
cer is feasible when the case-fatality rate for the tumor is
low (e.g., bladder cancer) and when the agent is seques-
tered in accessible body tissues or fluids for a relatively
long period of time. The extent to which biologic assess-
ment can be used as a simple binary marker or as a quan-
titative marker of exposure is likely to depend on the
retention half-life.

Reporting errors can also be reduced by an improve-
ment in interviewing techniques. The greatest limitation
here is that relatively little is known about the validity with
which occupational information is reported, and even less
is known about how interviewing techniques affect the
validity of reports. To date, very few validation studies have
been reported.(12-17) While 2 number of new innovations
have been introduced in the last decade (1) little is known
about the repeatability of various techniques and their
effect on the validity of reporting occupations.

Two types of information are of potential value in ad-
justing for the effects of reporting errors or, at a minimurm,
estimating the uncertainty in risk estimates attributable to
exposure errors: 1) repeated within subject interviews and
2) “markers” of ability to recall dates, places of employ-
ment, and occupations with associated tasks. Repeated in-
terviews are likely to be most valuable in obtaining infor-
mation reported with poorest validity and reliability. This
could include occupational titles from subjects who have
held a number of jobs(121%) or tasks and duties associated
with the reported occupation. The latter may be highly
relevant for judging exposures associated with a reported
occupation. However, with the exception of one study of
a select group of current workers,(*® little is known about
how validly tasks and duties are reported. Nonetheless, if
repeat interviews are conducted, the information on within
subject variability in reporting can be incorporated into
statistical models to adjust for errors in exposure status,
an approach which has received considerable attention in
the use of dietary information in epidemiologic studies.(120)

Memory should be a topic of central interest to epide-
miologists. Short of identifying cumulative biologic mark-
ers of exposure, investigators who conduct case—control
studies will continue to rely on the memory of their sub-
jects for risk information. Omitting information from sub-
jects identified as having poor or vague recall of historical
events is likely to reduce bias, assuming that such recall
is nondifferential. Designation of subjects as poor report-
ers can be done by having the interviewer rate the quality
of the subjects’ reports. More formal strategies might be
developed through the collaboration of epidemiologists
and psychologists to explore existing instruments or to
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develop standardized measures that can be employed to
identify unreliable reporters. A small-scale effort for survey
research, in general, has been initiated at the National
Center for Health Statistics?1 and should be extended on
a much larger scale given the fundamental importance of
memory to epidemiologic research.

Reporting errors are the most permanent and the most
costly to resolve. In addition, because disease status may
affect the quality and reliability of reporting occupational
histories, reporting errors are likely to be the primary
source of differential misclassification. In contrast, errors
in deciding exposure status are less permanent, usually
nondifferential (the judgment is made without knowledge
of the subject’s disease status), and primarily under the
control of the investigator. As such, there is considerable
latitude for improving Py and P;; and making use of the
option to increase Py at the cost of decreases in Py;.

Exposure Assessment

Case—control analysis of occupational risks is typically
done either by forming exposure groups (EG) or by form-
ing occupational title groups (OTG). With EGs, the ex-
posure or agent is explicitly defined which results in a
composite of different occupational titles that presumably
have exposure features in common. For example, an EG
for lead exposure might comprise several occupations in-
cluding plumbers, pressmen, and selected foundry work-
ers. On the other hand, the exposure or agent is not ex-
plicitly defined for an OTG. Instead, risks are estimated
for individuals having a common occupation. Each of these
methods has strengths and limitations.

The Exposure Group Method

The EG method is typically done in one of two ways: by
assigning a numeric code to an occupation on the basis of
information reported by the case or control, followed by
an exposure decision for the specific occupational code;(??
alternatively, exposure decisions are made at the individual
level by reviewing each occupation and associated descrip-
tors reported by a subject. The former strategy is less labor
intensive, while the latter makes the best use of all available
information in making exposure decisions. A relatively ef-
ficient approach is to combine the two procedures. That
is, each occupation is numerically coded, followed by a
computer identification of the occupational codes that have
possible exposure to the agent of interest. The individual
occupations (including the associated descriptors) desig-
nated as possibly exposed are individually assessed for
exposure to the specific agent of interest. At this point,
minimizing or controlling for the effects of exposure de-
cision errors is a major concern.

Several strategies have been employed to minimize the
occurrence and effect of exposure decision errors. First,
at the time of coding, occupations reported with uncer-
tainty can be flagged by the use of a supplemental code
to indicate that a job code itself cannot be completely
resolved. In this way, the option is preserved to omit un-
certain data from the analysis. Second, while it has not
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been standard practice, measures of coding repeatability
should be conducted and reported with analytic results.
Finally, periodic checks should be made to confirm the
validity of occupational codes.(?)

An alternative to coding occupational titles is simply not
to code. Instead, the subject’s complete work history, in-
cluding any and all associated descriptions, is retained
intact either in computerized or hard copy form. This form
of data is most suitable for the exposure decision step and
effectively eliminates coding errors. It does not, however,
eliminate the inevitable exposure decision errors due to
vague reporting.

Because exposure judgments or decisions themselves
are also prone to error, the certainty with which such
decisions are made can also be coded or measured. This
can be done by asking the “exposure judges” to system-
atically score the adequacy with which exposure decisions
can be made, given the reported information. The score
itself may be a composite of both the quality of the infor-
mation reported and the “judge’s” own knowledge of the
job. Exposure decisions based on inadequate information
can be categorized as “uncertain” at the time of analysis,
thereby minimizing both false positive and false negative
decisions. Alternatively, uncertainty and within and be-
tween “judge” variability can be directly measured. As noted
above, this information can be used to directly adjust
for the bias due to nondifferential errors introduced at
the exposure decision step; however, this does not correct
for errors introduced at the time of interview. As a less
formal approach, the decisions obtained independently
from more than one judge or expert can be used to identify
specific occupations that are problematic. This can be fol-
lowed by a resolution step where a meeting of all judges
is convened to discuss conflicting decisions. Uncertainty
is explicit when differences of opinion cannot be resolved.
Uncertainty can also be resolved by a follow-up interview
with the subject to answer questions regarding a previously
reported occupation.

In general, it is assumed that a more valid exposure
decision will be made as more detailed information is
obtained about a subject’s occupation. However, little is
known about the validity with which information on tasks
and duties is reported. Whether or not Py and Py; can be
improved by using such ancillary information depends on
the weight given to it, the duration of time the occupation
was held, the number of occupations held, and in general,
the reliability with which job duties, tasks, and the like are
reported.(12.14)

The strategies described above improve Pyg and Py, in-
dependently. Pgy can also be increased at the cost of re-
ducing P;;. This is accomplished by simply using more
rigorous criteria in establishing who is exposed. As a result,
more subjects are both correctly designated as not exposed
(higher Py ) and incorrectly designated as exposed (lower
P11). An alternative to simply increasing Py, at the cost of
lowering P;; is to categorize subjects separately with des-
ignated but uncertain exposure status or to derive the odds
ratio with and without such subjects.(??) In this way, both
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Pgo and Py are improved because the nonexposed group
is less likely to be contaminated with exposed subjects.

The Occupational Title Group Method

The most common strategy for examining risks in oc-
cupational CBCC studies is to derive the odds ratio by
occupation or OTGs rather than by exposure status. The
exposure decision step is effectively eliminated when us-
ing this method, and thus, less time and fewer resources
are required. There are, however, a number of limitations
inherent to this strategy and, as such, limitations to im-
proving Pgg and Py;.

An OTG is simply a composite of occupational titles that
are presumably the same or associated with the same tasks.
OTGs do not necessarily designate a specific exposure,
and even when defined as such, a single OTG is not all
inclusive for a specific exposure; i.e., workers who are
members of other OTGs may also have the same exposure.
In the analysis, however, each OTG is implicity treated as
an exposure group, and some workers who are truly not
“exposed” are included in the “exposed” OTG because
their occupational title appears to be the same. The ob-
served odds ratio, ¢, is derived for each OTG by treating
all other occupations as the reference or, in effect, the
nonexposed group. Analyses are first presented for broadly
defined OTGs (e.g., construction workers) and then by
more specific subgroups (e.g., carpenters) either because
there is a specific concern a priori or because an excess
risk was found for the more broadly defined OTG.

Broadly defined OTGs are heterogeneous. Under such
conditions, Py, the proportion correctly classified as not
exposed, is always relatively low. P;; may be high de-
pending on the proportion of exposed individuals in oc-
cupations outside the OTG of interest. Py, increases and
P;; decreases as a more definitive OTG is used (e.g., using
a three-digit versus a two-digit SIC/SOC code). While this
trade-off is desirable, it is not optimal, especially when com-
pared to that for defining exposure groups. Moreover, there
are undesirable consequences of this strategy. Work histories
are not closely examined by experts but are more or less
reviewed by trained coders, and the exposure decision
and speculation about the exposure are made after the
fact. Innumerable odds ratios are estimated. Ultimately, the
confidence in exposure-specific findings from such studies
is low.

Estimating Truth

A strategy which has received little attention is to esti-
mate the range of values for the true odds ratio, ¥, that
could give rise to the data.(?3 That is, given an observed
odds ratio, ¥, and a range of estimates for the Pgy and Py,
possible values for ¥ are derived. An example of this is
shown in Table IV for a dichotomous variable, given an
observed odds ratio of 1.4, an observed exposure preva-
lence (cg; ) of 10 percent, and values for Py and Py; ranging
from 0.91 to 1.0 and from 0.5 to 1.0, respectively. In this
example, the true odds ratio can range from the observed
value of 1.4 to as high as 4.57.
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Discussion

The motivation for surveillance of occupational cancer
is the early detection of excess cancer cases and identifi-
cation of their causes. Prospective monitoring of workers
or former workers has become more common but is typ-
ically restricted to occupational settings with large num-
bers of workers. For workers employed in smaller com-
panies (< 500 employees), about 85 percent of the United
States workforce,3 the CBCC design is a potentially ef-
fective surveillance tool for detecting occupationally re-
lated cancers.

In this regard, the CBCC study has several important
features as a surveillance tool. First, in contrast to cohort
studies, efforts are made to obtain a complete occupational
history. In addition, data are obtained on confounders,
such as smoking and other lifestyle factors. Second, the
specific hazard of interest need not be defined a priori,
although the occupational history should be adequate to
infer specific exposures. Third, CBCC data sets can be used
long after data collection is completed to answer emerging
etiologic questions. Fourth, preventable cancer cases, i.e.,
cases caused by known carcinogens which should be con-
trolled in the workplace, can be detected. Fifth, attributable
risk can be estimated.?% Finally, where an excess risk is
shown to occur, follow-up investigations of cases with ap-
parent exposure can be conducted to confirm exposure
status, to define the exposure environment more precisely,
and possibly to develop effective prevention strategies.

The potential application of CBCC for occupational sur-
veillance, however, is limited by two aspects of exposure.
First, putative carcinogens are likely to be distributed across
a number of different work environments and occupations.
Second, condensing an occupational history into a single
measure of exposure is complex and prone to error, where
false positive exposure errors are the primary source of
bias to the odds ratio.

A number of strategies can be employed to control or
minimize the effect of these errors. First, as resources
permit, the EG method should be used. Second, follow-
up interviews with cases and controls should be employed
either to measure reporting repeatability or to clarify pre-
viously reported occupations. In general, this means that
case—control studies must be conducted prospectively (or
at most retrospectively for one year with a prospective
component) with concurrent exposure assessment such
that, as questions arise, the subject can be contacted within

TABLE IV. True Relative Odds Given an Observed Relative Odds of 1.4,
an Exposure Prevalence of 10%, and a Range of Values for P,, and P,

)
Py, 0.91 0.93 0.95 0.97 0.99 1.00
0.50 457 233 1.85 1.63 1.52 147
0.60 4.49 229 1.81 1.60 1.49 1.45
0.70 443 2.26 1.79 1.58 147 143
0.80 4.39 224 177 1.56 1.45 1.42
0.90 436 2.22 1.76 1.56 1.45 1.41
1.00 4.34 2.21 175 1.55 144 1.40
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a relatively short interval. Finally, and perhaps most im-
portantly, the methods employed in obtaining occupa-
tional histories and in assessing exposures should be sci-
entifically examined. A concerted investment of resources
in understanding the methods currently employed in case—
control studies and in developing new methods is essential
before one can improve on the quality of findings from
such studies. The demand on the part of risk assessors for
more specific and confident findings requires that our
instruments and methods be calibrated if the case—control
study for occupational exposure is to be successful in de-
tecting lower level risks.
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APPENDIX

Consider a population of size n_ with a joint true and
observed exposure distribution, as shown in the following
two by two table:

True Exposure (k)

Yes (1) No (0)
Yes
Observed (1) Ny Nyg ny
Exposure
() No
© Not Ngo Mo,
L No n.

letn = nyy + nyg + Ngy + Nyg
Cy1 = (nyy + Ngy)/n
Cy1 = (nqg + Nyg)/n
Cop = 1 - Cyy
Poo = Ngp/(Nyg + Ngg)
Odds(observed +itrue +) = nyy/ng,
Odds(observed +|true —) = nyg/ng,.

If exposure classification is better than chance (njy/ng;
> ny0/Ngo),

N11Ngo = N1gNo1
Ny1Ngo+ N1oNog + NotNgo + Ndo > NyoNot + No1Ngo + N1gNoo + Mo
N Ngo > (Noy +Ngo)N10+ Noo)
Noo/(Nyg+Ngg) > (Ngy +Ngekn
Ngo/(Nyg+Ngg) > (N — [Ny +nygl)/n_
Pao > 1 = ([nyy +nypln )
Pog > 1 — Cyy
Poo > Coo

APPL. OCCUP. ENVIRON. HYG. 6(6) - JUNE 1991



