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SUMMARY

It is well known that in logistic regression, where the outcome is measured with error, a biased estimate
of the association between the outcome and a risk factor may result if no proper adjustment is made.
Hence, it seems tempting to always adjust for possible misclassi�cation of the outcome. Here we show
that it is not always bene�cial to do so because, though the adjustment reduces the bias, it also in�ates
the variance, leading to a possibly larger mean squared error of the estimate. In the context of a data set
on agricultural injuries, numerical evidence is provided through simulation studies. Copyright ? 2005
John Wiley & Sons, Ltd.
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INTRODUCTION

Misclassi�cation of a binary outcome refers to the measurement error in the outcome [1]. In
the regional rural injury study II (RRIS-II), the outcome variable, agricultural injury status
(injured or not injured), was collected based on telephone interview and might be incorrectly
reported. According to an external validation study, the Olmsted agricultural trauma study
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(OATS) [2, 3], the speci�city and sensitivity of the outcome classi�cation were 0.983 and
0.689, respectively; that is, 1.7 per cent of persons not having incurred agricultural injuries
and 31.1 per cent of persons having incurred such injuries were not classi�ed according to
their actual statuses. Misclassi�cation might be due to several reasons, including recall bias,
or missing information (as when a respondent ignored some minor injuries, or did not know
about all injuries that were incurred by each member of the household).
It is well known that such misclassi�cation can result in biased estimates of the association

between the outcome and relevant covariates. In this paper we consider logistic regression
when the binary outcome may be misclassi�ed. If the misclassi�cation is non-di�erential (i.e.
the misclassi�cation does not depend on other variables), estimates are biased toward the null
value [4]. If we know or can estimate possibly individual-speci�c sensitivity and speci�city,
an expectation–maximization (EM) algorithm can be used to adjust for misclassi�cation; see
Reference [4] for details. Since the adjustment method is easy to implement, it may appear
appropriate to simply always do so if misclassi�cation of the outcome is suspected. However,
in this paper, we show through numerical studies that the issue is much more complicated:
whether to adjust may depend on several factors, including for instance the sample size and
the primary question of interest.
It is known that there is a bias-variance trade-o� in many measurement error contexts

(see e.g. Reference [5, p. 32]). Although an adjustment method can reduce the bias, it will
often increase the variance. The mean squared error (MSE), the sum of the squared bias
and the variance, is probably the most common criterion used to compare point estimators.
Hence, if the primary question is to estimate the strength of association between the outcome
and a covariate (say, an exposure), the bias-corrected estimator may actually perform less
well (i.e. have larger MSE) than the uncorrected one. However, because the variance usually
decreases as the sample size increases, the bias-corrected estimator will always have the
smaller MSE if the sample size is large enough. On the other hand, if the primary goal
is to construct con�dence intervals or hypothesis tests with appropriate nominal levels, it is
often necessary to correct the bias. These points will be illustrated through simulation studies
whose generated data mimic that of RRIS-II [6, 3] and OATS. We will also show that the
performance of adjustment methods is unsatisfactory if they do not take into account any
di�erential misclassi�cation that is present.

AGRICULTURAL INJURY STUDIES

Injury study: RRIS-II

The RRIS-II consisted of two parts: a cross-sectional study and a case-control study. Farm=
ranch households were randomly selected from �ve states: Minnesota (MN), Nebraska (NE),
South Dakota (SD), North Dakota (ND) and Wisconsin (WI), using the United States De-
partment of Agriculture (U.S.DA) National Agricultural Statistics Services (NASS) Master
Sampling Frame of Farm Operations. Demographic and injury information for all household
members were collected in the cross-sectional portion of the study by computer assisted tele-
phone interviews (CATI). Information for 3781 households was obtained. For the purpose of
the current study, one person was randomly selected from each household; the 94 households
with any missing data were removed. As a result, a total of 3687 households were included
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Table I. Univariate analysis of agricultural injuries

Non-injured Injured

Variables N per cent N per cent Total P

Residence states 0.4265
MN 668 97.23 19 2.77 687
NE 735 96.71 25 3.29 760
ND 766 95.75 34 4.25 800
SD 767 95.64 35 4.36 802
WI 616 96.55 22 3.45 638

Total 3552 96.34 135 3.66 3687
Age group ¡0:0001
0–9 624 98.42 10 1.58 634
10–19 1123 98.6 16 1.4 1139
20–39 706 94.64 40 5.36 746
40–59 1064 94.08 67 5.92 1131
60 + 35 94.59 2 5.41 37

Total 3552 96.34 135 3.66 3687
Gender ¡0:0001
Female 1691 97.8 38 2.2 1729
Male 1861 95.05 97 4.95 1958

Total 3552 96.34 135 3.66 3687
Farm work time (h=6 months) ¡0:0001
None 872 99.09 8 0.91 880
1–249 991 98.41 16 1.59 1007
250–499 470 97.51 12 2.49 482
500–999 469 96.3 18 3.7 487
1000–1499 321 88.92 40 11.08 361
1500–1999 287 91.11 28 8.89 315
2000 + 142 91.61 13 8.39 155

Total 3552 96.34 135 3.66 3687

in the �nal study sample. The target period for identifying the injury outcome in this analysis
was January 1, 1999 to June 30, 1999.
The rates of agricultural injuries with respect to demographic factors and farm work time are

summarized in Table I. The overall injury rate was 3.7 per cent. This rate was not signi�cantly
di�erent among the �ve states (P=0:4265). However, age group was signi�cantly associated
with injury (P¡0:0001), with injury rate tending to increase with age. For example, the injury
rate is about 1.5 per cent for persons 19 years or younger, compared with more than 5 per cent
for persons 20 years or older. Injury rates also di�ered signi�cantly by gender (P¡0:0001):
females accounted for 46.9 per cent of the study sample, but only 28.1 per cent of persons
having incurred farm-related injuries. Finally, the injury rate was signi�cantly associated with
farm work time (representing the degree of exposure to agricultural activities; P¡0:0001).
The proportion injured varied between 0.91 per cent for persons who reported no farm work
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during the six-month period, and 11.1 per cent for those whose reported farm work time of
1000–1499 h (Table I).
Generalized additive models [7] were employed to explore functional forms for age and

farm work time. A linear term for age and a log transformation of farm work time (‘lghrs’)
were selected. Note that 1 h was added to each person’s farm work time before making the
log transformation to avoid having a logarithm of zero. In our variable selection process,
state of residence did not emerge as signi�cant, and thus was dropped from the model. While
gender was not statistically signi�cant, it was retained due to its substantive importance in
our model; both age and lghrs were highly signi�cant. The �tted model was

logit(�)=−5:584 + 0:161 Gender + 0:022 Age + 0:288 lghrs (1)

where � is the probability of incurring a farm-related injury, Gender =1 for males and −1 for
females, and Age was measured in years. Standard statistical checks of this model revealed
no evidence of lack of �t.

Validation study: OATS

The validation study [2] was actually a sub-study of the OATS [3], which included all farms
in Olmsted County, Minnesota identi�ed in the U.S.DA NASS master sampling frame. Data
were collected using telephone interviews. A medical record validation process using the Mayo
Clinic’s medical record system (Rochester Epidemiology Project), which included health care
records for virtually all residents of Olmsted County, Minnesota, was employed to validate
the telephone interview-reported injuries and identify any injuries among two study samples
with separate one year time (from November 1, 1986 to October 31, 1987, and from June 1,
1987 to May 31, 1988) but were not reported during the interview.
There were several variables that were commonly present in both the telephone interviews

and the medical records. These variables were examined in the validation analyses conducted
for the current study. They included whether the injury was agriculturally related or not, age
and gender of the subject, the anatomical site, type, and source of the injury, the length of
time between the injury and the interview, and the key respondent involved. Analyses were
conducted to determine the agreement between the telephone interview injury data and the data
from the medical records. In our context, sensitivity is the extent to which persons who truly
have incurred agriculturally related injuries are so classi�ed, while speci�city is the extent to
which persons who have not incurred farm-related injuries are so classi�ed. For simplicity,
only subjects with farm-related injury events and subjects without any injury events were
included, while subjects with only non-farm-related injury events and those with events that
could not be classi�ed as either farm or non-farm were excluded from the analyses.
The sensitivity and speci�city of the classi�cation of farm-related injury status based on

telephone interviews in RRIS-II were estimated from the OATS [2, 3]. Table II shows the
result if we treat both the sensitivity and speci�city as constant. The estimated speci�city is
0.983 with 95 per cent CI (0.975, 0.991). The estimated sensitivity is 0.689 with 95 per cent
CI (0.573, 0.805).
To investigate whether the sensitivity or speci�city was associated with other variables,

including age, gender, lghrs, and the type of individual who responded to the telephone
interview (Resptype=0 if the respondent was the female head of household, Resptype=1
if the respondent was the male head of household, and Resptype=2 otherwise), logistic
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Table II. Classi�cation of agricultural injury status.

Validated classi�cation

Non-injured Injured Total

Reported Non-injured 964 19 983
classi�cation Injured 17 42 59

Total 981 61 1042

regression was employed. It was found that the sensitivity was not associated with any of
the above variables; however, the speci�city was signi�cantly associated with Resptype and
lghrs. Misclassi�cation was more likely to occur with a male respondent than a female re-
spondent (OR=5:03, 95 per cent CI (1.84, 13.72)). A person who did not incur farm-related
injuries was more likely to be misclassi�ed when he=she spent more time on farm-related
work (OR=1:67, 95 per cent CI (1.34, 2.09)). The �tted model was

logit(speci�city)=7:920− 1:615(Resptype=1)− 1:380(Resptype=2)− 0:515 lghrs (2)

Because the term for (Resptype=2) was not statistically signi�cant (with p-value=0:2096),
it would be dropped out in the following simulation study.

METHODS

The Magder–Hughes Procedure

Suppose that for subject i, Ti is the true binary outcome, Yi is the observed (binary) outcome
that is possibly misclassi�ed, and Xi=(Xi1; : : : ; Xik) is the set of covariates. As usual, Ti and
Yi are coded as 1 or 0, representing an event (e.g. a farm injury in RRIS-II) or no event for
subject i. A logistic regression model is assumed to be

logit(�i)=�0 + �1Xi1 + · · ·+ �kXik (3)

where �i=Pr(Ti=1|Xi).
To obtain unbiased estimates, Magder and Hughes proposed the following adjustment pro-

cedure. First, we have to assume that we know the sensitivity

sensi=Pr(Yi=1|Ti=1)
and speci�city

speci=Pr(Yi=0|Ti=0)
for each subject i. As shown earlier, the sensitivity and speci�city can be estimated from a
validation study such as OATS.
Let Ŷi=Pr(Ti=1|Yi). By Bayes’ theorem, we have that, for Yi=1,

Ŷi=
�isensi

�isensi + (1− �i)(1− speci)
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and for Yi=0,

Ŷi=
�i(1− sensi)

�i(1− sensi) + (1− �i)speci
To �nd maximum likelihood estimates of �i’s, an iterative procedure can be followed: (i)
based on some initial or current values of �i’s, calculate Ŷi’s; (ii) perform a standard logistic
regression with each subject classi�ed as both with an event and without an event, with
weights equal to Ŷi and 1− Ŷi, respectively, leading to updated estimates of �i’s; (iii) repeat
(i) and (ii) until convergence. More formally, this procedure is an EM algorithm. Variance
estimates of �i estimates can be also obtained.

Methods to be compared

Ideally, if Ti is observed, we will �t the above logistic regression model using Ti as the
response variable. However, with possible misclassi�cations, we only observe Yi but not Ti. A
simple method would be to use Yi as the response variable in the logistic regression model,
which will introduce biased estimates for �i’s (as to be shown later). Alternatively, if there is
no di�erential misclassi�cation, we could treat sensi and speci as two constants, or instead use
subject-speci�c sensi or speci. We wish to compare the performance of these various methods
via simulation.
In what follows, we refer to the method that does not adjust for misclassi�cation as the

naive method. Here a standard logistic regression model is �t using the (possibly misclassi�ed)
outcomes Yi. The second method, which we call adj-1, adjusts for misclassi�cation but using a
constant sensitivity =0:689 and (incorrectly) a constant speci�city =0:983. The third method,
called adj-2, adjusts for misclassi�cation using a constant sensitivity =0:689 and individual-
speci�c speci�city estimated from (2). Hence, only the adj-2 method is based on the correct
modeling assumptions, whereas the other two are not (though all three methods use possibly
misclassi�ed outcome Yi). For comparison, we also consider a method that is optimal (but
impossible to implement in practice) which we call the standard, wherein the logistic model
is �t using the true (but unobservable) outcome Ti.

SIMULATIONS

Simulation set-ups

To investigate the performance of various bias-adjustment methods in the context of RRIS-
II=OATS, simulation studies that mimic the set-up of these two studies were conducted. We
considered two general set-ups, a null case and a non-null case: the true outcome was simulated
from either a null model

logit(�)=−3:27 (4)

or from a non-null model, the �tted logistic model (1); subject-speci�c speci�city for dif-
ferential misclassi�cation was realized through the �tted model (2). Speci�cally, to run our
simulation study, K =200 or 500 simulated data sets (for n=1000 or 3687, respectively)
were generated in the following way. At iteration k (k=1; : : : ; K), n subjects were randomly
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selected (without replacement) from the study sample. The probability �i of the ith person
having incurred farm-related injuries was computed from the �tted logistic model (3) or (1),
depending on whether we were considering the null case or non-null case. The true outcome
Ti (1 if individual i did incur farm-related injuries, and 0 if not) was then generated from a
Bernoulli distribution, Bern(�i). Depending on whether Ti=1 or 0, the observed outcome Yi
(possibly misclassi�ed) was then generated from a Bernoulli distribution with success prob-
ability equal to the sensitivity or 1 minus the speci�city, where the sensitivity was �xed at
0.689 and the speci�city was calculated according to model (2). Hence, the speci�city was
individual-speci�c; i.e. we had di�erential misclassi�cation.
Each method was applied to data set k to obtain an estimate of the jth log odds ratio

�̂j; k for k=1; : : : ; K and j=1; : : : ; 4 (corresponding to the 4 model terms, namely intercept,
gender, age, and lghrs). We then calculated the empirical mean, variance and MSE of the
estimator as

Meanj=
K∑
k=1
�̂j; k =K; Varj=

K∑
k=1
(�̂j; k −Meanj)2=(K − 1); MSEj=Mean2j +Varj

and the bias of the estimator as Biasj=Meanj −�j. Based on each �̂j; k and its standard error,
we could also construct a 95 per cent CI and see whether or not it covered the true value of
�j. The empirical coverage percentage (CP) of the 95 per cent CI was then the proportion of
the K CIs that covered the true �j.

SIMULATION RESULTS

Non-null case

The results for sample sizes n=1000 and 3687 are listed in Tables III and IV, respectively.
We can see that the naive method without adjustment leads to biased estimates. However,
we also see that the adj-1 method does not work well: in Table III, it yields even larger
biases for the intercept, gender, and lghrs than does the naive method; its variances are also
uniformly higher. It appears that the violation of the di�erential misclassi�cation assumption
in adjustment has severe consequences, leading to poor estimates. Table IV shows that this
phenomenon also holds when the sample size is increased. As such, we do not consider adj-1
further.
The adjustment method that uses the correct di�erential misclassi�cation assumption, adj-2,

does eliminate most of the biases. However, though nearly unbiased, the estimates from adj-2
also have larger variability than those based on the naive method, leading to possibly larger
MSEs. As the sample size is increased from 1000 to 3687 (Table IV), the performance of
adj-2 catches up with that of the naive method. Coverage probabilities for adj-2 are also closer
to the nominal 95 per cent level, though adj-2 MSEs for the intercept and gender terms are
still slightly larger than those of the naive method.
Since predictive settings are the most common ones where interval estimates and hypothesis

tests are not of primary interest (and thus the adjusted methods may be less appropriate),
Tables III and IV also compare the predictive performance of the four methods. Speci�cally,
note that (3) implies that the probability of an event is

�i= logit
−1(�0 + �1Xi1 + · · ·+ �kXik)
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Table III. Simulation results with the non-null case and sample size n=1000, based on 200 simulated
data sets.

Covariate (j) Truej Meanj Biasj Variancej MSEj ŝe(MSEj) CPj (per cent)

Method: standard
Intercept −5.5848 −5.7257 −0.1410 0.6456 0.6622 0.0768 96.5
Gender 0.1607 0.1901 0.0294 0.0549 0.0554 0.0050 94.5
Age 0.0217 0.0225 0.0007 0.0002 0.0002 0.0000 94.5
lghrs 0.2878 0.2937 0.0059 0.0207 0.0206 0.0024 91.5

�1639 0.0503 0.0489 −0.0014 0.0003 0.0003 0.0000 —
�1050 0.1199 0.1209 0.0011 0.0010 0.0010 0.0001 —
�2690 0.1479 0.1579 0.0100 0.0048 0.0049 0.0006 —

Method: naive
Intercept −5.5848 −5.7274 −0.1427 0.6518 0.6689 0.0858 95.5
Gender 0.1607 0.1249 −0.0357 0.0485 0.0495 0.0045 92.0
Age 0.0217 0.0148 −0.0069 0.0002 0.0002 0.0000 87.0
lghrs 0.2878 0.3607 0.0730 0.0209 0.0261 0.0031 94.0

�1639 0.0503 0.0584 0.0080 0.0004 0.0005 0.0001 —
�1050 0.1199 0.1230 0.0031 0.0010 0.0010 0.0001 —
�2690 0.1479 0.1390 −0.0088 0.0037 0.0038 0.0004 —

Method: adj-1
Intercept −5.5848 −8.4949 −2.9101 5.0429 13.4840 1.6512 99.4
Gender 0.1607 0.2860 0.1253 0.2405 0.2549 0.0345 97.2
Age 0.0217 0.0361 0.0144 0.0007 0.0009 0.0001 95.6
lghrs 0.2878 0.6027 0.3149 0.1167 0.2152 0.0277 98.9

�1639 0.0503 0.0459 −0.0045 0.0008 0.0008 0.0001 —
�1050 0.1199 0.1830 0.0631 0.0035 0.0075 0.0007 —
�2690 0.1479 0.2570 0.1091 0.0205 0.0323 0.0041 —

Method: adj-2
Intercept −5.5848 −5.8175 −0.2328 1.6459 1.6915 0.3864 95.8
Gender 0.1607 0.2485 0.0878 0.1262 0.1333 0.0150 96.9
Age 0.0217 0.0305 0.0087 0.0004 0.0005 0.0001 96.4
lghrs 0.2878 0.2451 −0.0427 0.0413 0.0429 0.0074 89.6

�1639 0.0503 0.0457 −0.0046 0.0006 0.0006 0.0001 —
�1050 0.1199 0.1298 0.0099 0.0023 0.0023 0.0002 —
�2690 0.1479 0.1989 0.0511 0.0125 0.0151 0.0019 —

a 1-1 function of the �’s given particular values of the covariates. Thus to compare the relative
predictive performance of the methods, we have added lines to Tables III, IV corresponding
to the �i for three representative subjects: the �rst (subject 1639) with covariate values such
that the true �i ≈ 0:05 (a relatively low value), the second (subject 1050) having true �i ≈ 0:12
(moderate), and the third (subject 2690) having true �i ≈ 0:15 (high). The results are very
similar to those previously reported; namely, superior performance by the naive method in
Table III, but only marginally better performance in Table IV.
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Table IV. Simulation results with the non-null case and sample size n=3687, based on 500 simulated
data sets.

Covariate (j) Truej Meanj Biasj Variancej MSEj ŝe(MSEj) CPj (per cent)

Method: standard
Intercept −5.5848 −5.6026 −0.0178 0.0784 0.0785 0.0049 94.6
Gender 0.1607 0.1701 0.0094 0.0056 0.0057 0.0004 94.0
Age 0.0217 0.0219 0.0002 0.0000 0.0000 0.0000 95.8
lghrs 0.2878 0.2880 0.0002 0.0024 0.0024 0.0002 92.8

�1639 0.0503 0.0498 −0.0005 0.0000 0.0000 0.0000 —
�1050 0.1199 0.1208 0.0009 0.0001 0.0001 0.0000 —
�2690 0.1479 0.1502 0.0023 0.0005 0.0005 0.0000 —

Method: naive
Intercept −5.5848 −5.6459 −0.0612 0.0771 0.0807 0.0058 94.2
Gender 0.1607 0.1155 −0.0452 0.0048 0.0068 0.0004 89.6
Age 0.0217 0.0148 −0.0069 0.0000 0.0001 0.0000 67.4
lghrs 0.2878 0.3561 0.0683 0.0025 0.0071 0.0004 72.6

�1639 0.0503 0.0586 0.0082 0.0000 0.0001 0.0000 —
�1050 0.1199 0.1235 0.0037 0.0001 0.0002 0.0000 —
�2690 0.1479 0.1336 −0.0143 0.0004 0.0006 0.0000 —

Method: adj-1
Intercept −5.5848 −7.9952 −2.4105 0.5128 6.3222 0.1760 22.0
Gender 0.1607 0.2297 0.0690 0.0203 0.0251 0.0021 96.8
Age 0.0217 0.0337 0.0119 0.0001 0.0002 0.0000 81.4
lghrs 0.2878 0.5645 0.2767 0.0139 0.0905 0.0034 41.4

�1639 0.0503 0.0448 −0.0055 0.0001 0.0001 0.0000 —
�1050 0.1199 0.1776 0.0577 0.0005 0.0038 0.0001 —
�2690 0.1479 0.2310 0.0831 0.0029 0.0098 0.0005 —

Method: adj-2
Intercept −5.5848 −5.5502 0.0346 0.1393 0.1402 0.0085 93.2
Gender 0.1607 0.2258 0.0652 0.0124 0.0166 0.0012 94.4
Age 0.0217 0.0292 0.0075 0.0000 0.0001 0.0000 86.2
lghrs 0.2878 0.2275 −0.0603 0.0037 0.0074 0.0004 79.8

�1639 0.0503 0.0454 −0.0049 0.0001 0.0001 0.0000 —
�1050 0.1199 0.1269 0.0071 0.0003 0.0004 0.0000 —
�2690 0.1479 0.1811 0.0332 0.0014 0.0025 0.0002 —

The foregoing results motivate the question of what might be an appropriate number of
cases (or controls, whichever is the smaller) for the asymptotic results to hold and the adj-2
method’s performance to be adequate. Peduzzi et al. [8] suggest a rule of 10 cases to each
covariate in the context of logistic regression, but we fear that such a general recommendation
is not possible in our setting, due to the complications provided by the multiple correlations
among covariates and the potential for misclassi�cation. Still, we attempt to make a more
general recommendation for settings like ours by repeating the work in Table IV for a larger
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Table V. Simulation results with the null case and sample size n=1000, based on 200 simulated data
sets.

Covariate (j) Truej Meanj Biasj Variancej MSEj ŝe(MSEj) CPj (per cent)

Method: standard
Intercept −3.27 −3.3895 −0.1195 0.1723 0.1857 0.0185 95.5
Gender 0.00 0.0585 0.0585 0.1424 0.1452 0.0172 94.5
Age 0.00 0.0021 0.0021 0.0001 0.0001 0.0000 96.0
lghrs 0.00 −0.0032 −0.0032 0.0071 0.0071 0.0007 95.5

Method: naive
Intercept −3.27 −3.9311 −0.6611 0.2454 0.6812 0.0605 71.0
Gender 0.00 0.1215 0.1215 0.1306 0.1447 0.0197 96.0
Age 0.00 0.0045 0.0045 0.0001 0.0002 0.0000 92.0
lghrs 0.00 0.1101 0.1101 0.0089 0.0210 0.0020 76.5

Method: adj-1
Intercept −3.27 −3.9825 −0.7125 1.7268 2.2251 0.4916 98.9
Gender 0.00 0.1183 0.1183 0.6075 0.6182 0.0922 100.0
Age 0.00 0.0016 0.0016 0.0008 0.0008 0.0001 98.9
lghrs 0.00 0.0314 0.0314 0.0580 0.0586 0.0134 96.8

Method: adj-2
Intercept −3.27 −2.8934 0.3766 0.2434 0.3840 0.0319 84.0
Gender 0.00 −0.0748 −0.0748 0.3702 0.3739 0.0752 96.5
Age 0.00 −0.0023 −0.0023 0.0003 0.0003 0.0000 97.0
lghrs 0.00 −0.0897 −0.0897 0.0112 0.0192 0.0018 83.5

sample size. Speci�cally, we resample (with replacement) n=4(3687)=14 748 observations
from the original 3687 observations. For each observation, we then generate its ‘true’ response
value as before, obtaining roughly 540 cases (Y =1). The results indicate that there is some
dependence on the outcome of interest, with the adj-2 method typically having roughly equal
MSE performance and slightly better coverage. For example, for the important lghrs covariate
we obtain an MSE of 0.0057 for the naive method but 0.0051 for adj-2. Results for other,
smaller sample sizes (n=2(3687); 3(3687)) are similar but less dramatic. Overall, our results
suggest the asymptotics support adjustment in this setting only when the cases of events
exceeds 500.

Null case

It is known that with non-di�erential measurement errors, the naive method provides a fully
e�cient test of association (e.g. Reference [9]). However, with di�erential misclassi�cation
errors as in the case here, even under the null model, the naive method fails to draw correct
inferences: its coverage probability can be much lower than the speci�ed nominal level (Tables
V, VI). In contrast, adj-2 works well. On the other hand, the naive method can still yield
smaller MSEs of the estimates than that of adj-2.
In summary, if the goal is to draw statistical inference on parameters, adj-2 is better than

the naive method. However, for the purpose of point estimation of parameters, with smaller
sample sizes (e.g. 1000, which would result in only 37 events given our low event rate), the
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Table VI. Simulation results with the null case and sample size n=3687, based on 500 simulated data
sets.

Covariate (j) Truej Meanj Biasj Variancej MSEj ŝe(MSEj) CPj (per cent)

method: standard
Intercept −3.27 −3.3088 −0.0388 0.0417 0.0431 0.0032 95.0
Gender 0.00 0.0126 0.0126 0.0348 0.0349 0.0022 94.8
Age 0.00 0.0005 0.0005 0.0000 0.0000 0.0000 94.6
lghrs 0.00 0.0025 0.0025 0.0017 0.0017 0.0001 95.6

method: naive
Intercept −3.27 −3.8510 −0.5810 0.0515 0.3889 0.0131 22.6
Gender 0.00 0.1095 0.1095 0.0350 0.0470 0.0026 91.0
Age 0.00 0.0041 0.0041 0.0000 0.0000 0.0000 89.2
lghrs 0.00 0.1038 0.1038 0.0020 0.0128 0.0005 30.0

Method: adj-1
Intercept −3.27 −3.6170 −0.3470 0.1980 0.3180 0.0387 95.2
Gender 0.00 0.0221 0.0221 0.1405 0.1407 0.0117 97.2
Age 0.00 0.0006 0.0006 0.0001 0.0001 0.0000 96.6
lghrs 0.00 0.0089 0.0089 0.0078 0.0079 0.0017 96.6

Method: adj-2
Intercept −3.27 −2.7994 0.4706 0.0566 0.2779 0.0102 50.6
Gender 0.00 −0.0877 −0.0877 0.0688 0.0763 0.0053 95.4
Age 0.00 −0.0037 −0.0037 0.0001 0.0001 0.0000 94.6
lghrs 0.00 −0.0813 −0.0813 0.0026 0.0092 0.0004 63.4

value of adjusting for bias due to misclassi�cation is unclear, due to the possible resulting
increase in mean squared error of the associated parameter estimates. On the other hand, for
larger sample sizes (e.g. 3687), the bene�ts of bias adjustment may well be more compelling
(Table V).

Impact of misclassi�cation error

The procedures we have compared ignore errors in the estimates for the sensitivity and speci-
�city based on the validation study. To investigate the impact of misclassi�cation error, we
conducted a �nal, brief simulation study to investigate its consequence. The simulation set-up
is similar to our earlier one for the non-null case except for a modi�cation to the calculation
of subject-speci�c speci�city. By �tting a linear logistic regression model of the form in (2),

logit(speci�city)= �0 + �1(Resptype=1) + �2(Resptype=2) + �3 lghrs (5)

to the validation study data, we obtain not only the point estimates of the regression coe�-
cients �̂=(�̂0; : : : ; �̂3)′, but also an asymptotic standard error estimate and multivariate normal
distribution for �̂. For each subject i then, we may draw a random sample of �̂ from this
asymptotic distribution and denote it as �̂i. Then the speci�city for subject i can be calculated
by plugging �= �̂i into equation (4). Repeating this process n times, we obtain a simulated
data set. We then �t the model as before, using (2) directly and ignoring the variability of
the resulting estimates.
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Table VII. Simulation results with errors in validation estimates and sample size n=3687, based on
500 simulated data sets.

Covariate (j) Truej Meanj Biasj Variancej MSEj ŝe(MSEj) CPj (per cent)

Method: standard
Intercept −5.5848 −5.6484 −0.0637 0.1614 0.1652 0.0112 94.4
Gender 0.1607 0.1642 0.0035 0.0119 0.0118 0.0008 95.2
Age 0.0217 0.0218 0.0000 0.0000 0.0000 0.0000 96.8
lghrs 0.2878 0.2955 0.0077 0.0048 0.0048 0.0003 94.0

Method: naive
Intercept −5.5848 −5.3553 0.2294 0.1355 0.1879 0.0099 84.2
Gender 0.1607 0.1141 −0.0465 0.0105 0.0127 0.0007 90.0
Age 0.0217 0.0142 −0.0075 0.0000 0.0001 0.0000 76.6
lghrs 0.2878 0.3240 0.0363 0.0041 0.0054 0.0004 91.8

Method: adj-1
Intercept −5.5848 −8.1502 −2.5654 1.0343 7.6137 0.2881 40.9
Gender 0.1607 0.2277 0.0670 0.0496 0.0540 0.0070 98.8
Age 0.0217 0.0335 0.0117 0.0002 0.0003 0.0000 92.2
lghrs 0.2878 0.5859 0.2981 0.0263 0.1151 0.0056 76.7

Method: adj-2
Intercept −5.5848 −5.8822 −0.2974 0.4053 0.4930 0.0411 97.4
Gender 0.1607 0.2222 0.0615 0.0294 0.0332 0.0023 96.2
Age 0.0217 0.0303 0.0086 0.0001 0.0002 0.0000 92.4
lghrs 0.2878 0.2620 −0.0258 0.0102 0.0108 0.0007 93.4

The results for n=3687 are summarized in Table VII. Unsurprisingly, because of the
ignored variability in equation (2), all of the adjustment methods tend to give a lower con-
�dence interval coverage than the nominal level. To account for the extra variability of the
validation study estimates, a multiple imputation approach [10] should perhaps be adopted;
this is a subject of current investigation.

ANALYSIS OF AGRICULTURAL INJURY DATA

We now apply both the naive and adj-2 methods to the data collected in RRIS-II and OATS
(due to the presence of di�erential misclassi�cation, we do not consider the adj-1 method).
The results are presented in Table VIII. The �rst goal of the analysis is to detect whether
there is any association between agricultural injury and any of the three risk factors: gender,
age, and farm work time (lghrs). The signi�cance levels obtained from the two methods
are in general agreement with each other: at the usual 5 per cent signi�cance level, both
methods �nd a statistically signi�cant association between the outcome and age and between
the outcome and farm work time, whereas the association between the outcome and gender
is not signi�cant after adjusting for the other two risk factors. However, if we are interested
in assessing the strength of association using the odds ratios and associated CIs, then we
may prefer the adj-2 results, due to their generally superior performance in our previous
simulation using the RRIS-II=OATS sample size, n=3687. In addition, bias correction leads
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Table VIII. Results from logistic regression with and without adjustment for (di�erential)
misclassi�cation for the agricultural injury data.

Covariate (j) Method �̂j SEj 95 per cent CIj Pj

Intercept Naive −5.5838 0.3594 (−6.2882, −4.8794) ¡0:0001
Gender Naive 0.1607 0.1065 (−0.0480, 0.3694) 0.1313
Age Naive 0.0217 0.0067 (0.0086, 0.0348) 0.0012
lghrs Naive 0.2876 0.0637 (0.1627, 0.4125) ¡0:0001

Intercept adj-2 −5.3132 0.44644 (−6.1882, −4.4382) ¡0:0001
Gender adj-2 0.2113 0.1649 (−0.1119, 0.5345) 0.2001
Age adj-2 0.0299 0.0100 (0.0104, 0.0494) 0.0027
lghrs adj-2 0.1893 0.0806 (0.0314, 0.3472) 0.0188

to estimates with more realistic (i.e. larger) standard errors that properly account for the
di�erential misclassi�cation in the data: Table VIII shows that all four of the 95 per cent CIs
are wider under the adj-2 method.

DISCUSSION

In practice, the question of whether or not to adjust for possible misclassi�cation of a binary
outcome in logistic regression does not seem to have an easy or straightforward answer. Many
factors, such as the misclassi�cation rate, sample size, and the primary analytic question of
interest, enter into the decision. The fundamental reason for this is the tradeo� between bias
and variance, a general and well-known statistical property. Although an adjustment method
can reduce the bias of a particular statistical estimate, it can at the same time introduce
more variability, thus, yielding an estimator with a larger MSE than a naive, unadjusted
method. Hence, if the primary analytic goal is to obtain point estimates of parameters (e.g.
for the purpose of building a predictive model), an adjustment method may perform less well
than an unadjusted one. This observation is not new; in fact, it tends to arise whenever a
more complicated statistical method is used (see e.g. [5, Section 2.4]; [11, Appendix B.2]).
However, as the sample size increases, in terms of yielding smaller MSEs, the performance
of an adjustment method can often surpass that of an unadjusted method. Therefore, the ‘gold
standard’ for making the decision in this case must be sensitivity analyses or pre-analytic
simulation studies, in order to empirically evaluate the e�ects of adjusting or not adjusting
for misclassi�cation of an outcome. For example, a sensitivity analysis in our setting might
redraw 3687 samples (with replacement) from our data set and recompute the parameters
of interest under both the naive and our bias-corrected approaches. On the other hand, if the
primary goal is interval estimation or hypothesis testing regarding the parameters, adjusting for
possible misclassi�cation is necessary. While some authors (e.g. Reference [12]) discourage
the practice of interpreting only point estimates, we would argue that adjustment may be
suboptimal if point estimation is the main goal; it need not be the only goal for our �ndings
to be noteworthy.
Finally, it is well known that non-di�erential misclassi�cation of an outcome biases the as-

sociation parameters toward zero (the null value) when this is not taken into account [13–16].
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However, the direction of this bias can change if there is di�erential misclassi�cation. In the
agricultural injury study, log-working time is negatively associated with the speci�city; as a
result, its association estimate is biased away from zero (see Table VI). Our simulation re-
sults show that the adjustment method under the assumption of nondi�erential misclassi�cation
(adj-1) not only does not reduce, but actually introduces extra bias when the misclassi�cation
is in fact di�erential, for which case adj-2 performs much better. Hence, it appears important
to investigate any possible association between the sensitivity or speci�city and other subject
characteristics before deciding on any adjustment method.
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