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CHAPTER I 

INTRODUCTION 

 

A number of epidemiologic study designs are available for evaluating 

exposure-disease relationships in occupational settings, yet the historical cohort 

mortality (HCM) study is one of the most commonly used [1, 2]. Generally, the 

HCM  study is frequently chosen over other study designs because it typically 

requires less time to complete, is inexpensive compared to other types of studies, 

and is well-suited for evaluating multiple outcomes and occurrences of rare 

diseases. As with all observational research, however, results from HCM studies 

are vulnerable to various types of systematic error, including confounding, 

selection bias, and information bias such as disease and exposure 

misclassification.  

The effect of systematic study error on findings from observational 

research, particularly with regard to causal inference, has long been a concern of 

epidemiologists and research methodologists [3-14]. Because biased estimates of 

the exposure-disease relationship can critically influence the direction of future 

research as well as changes to public health policy, researchers have developed a 

variety of methods to adjust for different types of systematic error. One such 

method is probabilistic bias analysis (also known as probabilistic uncertainty 

analysis or probabilistic sensitivity analysis) [3-6, 8-12, 15].  
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Although detailed methods for conducting bias analyses have been published 

in recent years [5, 9, 11, 15-19], application of this method to adjust for different 

sources of systematic error in HCM studies has not been previously described. This 

is not unexpected, however, given that conducting quantitative bias analyses can 

be demanding and also repeatedly presents distinct challenges. This is particularly 

true for historical cohort mortality studies. Specifically, to conduct a bias analysis 

of an HCM study one must use a measure which does not rely on person-time (i.e., 

odds ratio, incidence proportion ratio, etc.), which results in disease 

misclassification due to loss to follow-up. In addition, when evaluating a disease 

specific mortality as the outcome, sources of non-cases must be separated so that 

deceased individuals are not reclassified as alive. Lastly, most occupational 

exposures are not binary, but probabilistic bias analysis methods for studies with 

polytomous exposure variables have not been fully developed. 

The research presented here focuses on the development of probabilistic 

bias analysis methods to adjust results from HCM studies with multiple levels of 

exposure for three types of systematic error: 1) disease misclassification due to 

loss to follow-up, 2) disease misclassification due to incorrect death data, and 3) 

exposure misclassification. While these errors do not occur as mutually exclusive 

events, a bias-analysis method was developed separately for each type of error to 

simplify application and ensure proper implementation. Specifically, using 

published mortality data on a historical cohort of trichlorophenol workers from 
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New Zealand, this research provides a general framework for conducting these 

types of analyses on HCM studies and describes each probabilistic bias analysis in 

detail to illustrate how differential and non-differential misclassification can 

impact an estimate of effect.
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CHAPTER II 

QUANTIFYING AND ADJUSTING FOR DISEASE MISCLASSIFICATION 

DUE TO LOSS TO FOLLOW-UP IN HISTORICAL COHORT MORTALITY 

STUDIES 

 

Laura L. F. Scott and George Maldonado 

Division of Environmental Health Sciences, University of Minnesota School of 

Public Health, Minneapolis, MN, 55455 

 

 

Summary 

The purpose of this analysis was to quantify and adjust for disease 

misclassification from loss to follow-up in a historical cohort mortality study of 

workers where exposure was categorized as a multi-level variable. Disease 

classification parameters were defined using 2008 mortality data for the New 

Zealand population and the proportions of known deaths observed for the cohort. 

The probability distributions for each classification parameter were constructed to 

account for potential differences in mortality due to exposure status, gender, and 

ethnicity. Probabilistic uncertainty analysis (bias analysis), which uses Monte Carlo 

techniques, was then used to sample each parameter distribution 50,000 times, 

calculating adjusted odds ratios (ORDM-LTF) that compared the mortality of workers 
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with the highest cumulative exposure to those that were considered never-exposed. 

The geometric mean ORDM-LTF ranged between 1.65 (certainty interval (CI): 0.50–3.88) 

and 3.33 (CI: 1.21–10.48), and the geometric mean of the disease-misclassification 

error factor (DM-LTF), which is the ratio of the observed odds ratio to the adjusted odds ratio, 

had a range of 0.91 (CI: 0.29–2.52) to 1.85 (CI: 0.78–6.07). Only when workers in 

the highest exposure category were more likely than those never-exposed to be 

misclassified as non-cases did the ORDM-LTF frequency distributions shift further 

away from the null. The application of uncertainty analysis to historical cohort 

mortality studies with multi-level exposures can provide valuable insight into the 

magnitude and direction of study error resulting from losses to follow-up. 

 

Keywords: probabilistic bias analysis; Monte Carlo; disease misclassification; 

loss to follow-up; historical cohort mortality
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Introduction 

Epidemiologists have several means available with which to evaluate the 

exposure-disease relationship in occupational settings. One of the most frequently 

used methods is the historical cohort mortality study [1, 2]. In general, this type of 

study offers several benefits in that it typically requires less time to complete, is 

inexpensive compared to other types of studies, and is well-suited for evaluating 

multiple outcomes and occurrences of rare diseases. However, historical cohort 

studies are also vulnerable to loss to follow-up, with one method of addressing this 

being to withdraw lost individuals from the analysis at the time of loss [1, 20, 21]. 

Detailed methods for conducting bias analysis (probabilistic uncertainty 

analysis) of epidemiologic studies have been described by a number of researchers 

and methodologist [5, 9, 11, 15-19]. Historical cohort mortality studies, however, 

provide distinct challenges for quantifying study error. First, these types of studies 

commonly use person-time as the denominator of disease frequency measures; yet 

bias analysis methods for adjusting an estimate with a person-time denominator 

have not been described in the peer-reviewed literature. Consequently, to conduct a 

bias analysis of a cohort mortality study one must use a measure which does not 

rely on person-time (i.e., odds ratio, incidence proportion ratio, etc.). Although 

using one of these measures would seem to be a simple solution, it introduces 

another issue unique to historical cohort mortality studies: disease misclassification 

due to loss to follow-up, which can result from counting those lost to follow-up 
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who have died as alive at the end of a study. Bias analysis methods to account for 

this type of disease misclassification have not been previously described. Here, we 

describe such a method and illustrate how it can be applied to a historical cohort 

mortality study of New Zealand trichlorophenol workers. 

 

Methods  

Error Term for Disease Misclassification Due to Losses 

In 2008, Maldonado [5] detailed the mathematical relationship between a 

causal relative risk, an observed relative risk, and error terms for study bias. We 

have provided a modification of this relationship (Equation 1), where ORDM- LTF is 

the odds ratio adjusted for disease misclassification due to loss to follow-up, 

ORobserved is the observed crude odds ratio, and i are the terms which quantify the 

systematic error in a study. Because in this manuscript only one error is being 

evaluated, the denominator has been simplified to DM-LTF, the error term for disease 

misclassification due to loss to follow-up. DM-LTF is calculated by taking the ratio of 

the observed odds ratio to the adjusted odds ratio. 

 

1

observed observed
DM LTF n

DM LTF
i

i

OR OR
OR










 


     (1) 
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Crude Odds Ratio 

Using the mortality data described by McBride et al. [22], we calculated a 

crude odds ratio for the association between ischemic heart disease (IHD) mortality 

and exposure to 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD). The odds of IHD 

death for the group with the highest TCDD exposure was 14/148 = 0.0946, and the 

odds of IHD death for “never-exposed” workers was 14/451 = 0.0310, giving an 

observed odds ratio of 3.05 and a 95% confidence interval of 1.42–6.54 (Table 1). 

 

Table 1. Cell counts used to estimate the crude odds ratio and 95% 

confidence limits for the association between occupational TCDD 

exposure and ischemic heart disease using data reported by McBride 

et al. [22]. 

Outcome 

TCDD Exposure 

≥2085.8 ppt-mo 0–2085.7 ppt-mo Never-Exposed 

IHD Cases 14 47 14 

Non-cases 148 925 451 

Alive 112 826 414 

Deceaseda 36 99 37 
TCDD, 2,3,7,8-tetrachlorodibenzo-p-dioxin; ppt-mo, parts per trillion-month; IHD, ischemic heart  

disease 
 a From causes of death other than IHD. 

 

Number of All-Cause Deaths among Losses to Follow-up 

To estimate the number of workers lost that could have died from IHD for 

each exposure category, we used a multi-step process (Figure 1). First, we defined 

a probability distribution for the total number of those lost to follow-up that may 

have died from any cause for all exposure levels combined. A total of 338 

individuals (~21% of the cohort) were lost to follow-up in the cohort mortality 

study published by McBride and colleagues [22]. We assumed that anywhere from  
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Figure 1. Flow diagram describing how losses to follow-up in McBride et al. [22] 

could result in outcome misclassification. Lighter shapes with bolded text indicate 

the parameters that were specified in our bias analysis. 

 

zero to 338 individuals might have died from any cause. Therefore, the minimum 

and maximum of the probability distribution were set to zero and 338, respectively. 

We specified the peak of this probability distribution by using the proportions of 

known deaths observed for the cohort. These ranged from 11.0%, the observed 

proportion of all deaths in the never-exposed category, to 30.9%, the observed 

Lost to Follow-up, 

Assumed Alive 

(338) 

Actually Alive  

 Among Losses  

# of All-cause 
Deaths Among

Losses 

Non-IHD Deaths 
# of Total IHD 

Deaths 

Ever-exposed 

Never-exposed 
0-2085.7 ppt 
TCDD-mo 

≥2085.8 ppt 
TCDD-mo 
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proportion of all deaths in the highest exposure category. The peak number of all-

cause deaths for this probability distribution was estimated by multiplying each 

proportion by the total number of individuals lost. More specifically, 30.9% of 338 

provided a peak value of 104 (Scenarios 1–4 in Table 2) and 11.0% of 338 

provided a peak value of 37 (Scenarios 5–8 in Table 2). We chose a negative 

binomial distribution — a discrete distribution with more flexibility than the 

Poisson distribution for providing the desired shape of the probability distribution 

— with lower and upper truncation points of 0 and 338, respectively, to describe 

the spread of the number of all-cause deaths in those workers that were lost. These 

minimum, maximum and peak values determined the probability and shape input 

of all-cause deaths for each bias-analysis scenario.  

 

Number of Total IHD Deaths among Losses to Follow-Up 

Next, we used 2008 mortality data for the New Zealand population [23] to 

estimate the total number of deaths from IHD for all exposure levels combined. 

The proportion of New Zealanders who died from IHD varied by both gender and 

ethnicity, with the proportion of IHD deaths the highest in non-Maori males 

(20.4%) and the lowest in Maori females (13.9%). The BetaPERT (i.e., PERT) 

distribution, which is derived from the beta distribution and is a smoother 

alternative to the triangular distribution, was specified as the probability distribution 

for this disease-classification parameter. We selected this distribution over the 
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Table 2. Bias-analysis scenarios: description of probability distributions for classification parameters used to estimate 

the number of workers lost to follow-up that could have died from IHD and corresponding geometric mean errors  

(DM-LTF), adjusted odds ratios (ORDM-LTF) and 95% bias-analysis certainty intervals. 

Scenario 

Total All-Cause 

Deaths 
Total IHD Deaths IHD Deaths by Exposure Status εDM-LTF ORDM-LTF 

Distribution 

(Parameters) 

Distribution 

(Parameters) 

Direction of 

Misclassification 

Never-exposed ≥2085.8 ppt-mo 

GM 

95% 

Certainty 

Interval GM 

95% 

Certainty 

Interval 

Distribution 

(Parameters) 

Distribution 

(Parameters) 

1 
Negative Binomiala 

(0.02, 3) 

BetaPERTb  

(0, 0.204c × AD, AD) 
Differential Ad 

BetaPERT  

(0, 3/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE)e 
1.85 0.78–6.07 1.65 0.50–3.88 

3 
Negative Binomiala 

(0.02, 3) 

BetaPERT  

(0, 0.139c × AD, AD) 
Differential A 

BetaPERT  

(0, 3/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE) 
1.62 0.74–4.93 1.88 0.62–4.11 

5 
Negative Binomialf 

(0.027, 2) 

BetaPERT  

(0, 0.204 × AD, AD) 
Differential A 

BetaPERT  

(0, 3/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE) 
1.50 0.87–3.92 2.03 0.78–3.51 

7 
Negative Binomialf 

(0.027, 2) 

BetaPERT  

(0, 0.139 × AD, AD) 
Differential A 

BetaPERT  

(0, 3/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE) 
1.43 0.87–3.65 2.13 0.83–3.50 

          

2 
Negative Binomiala 

(0.02, 3) 

BetaPERT  

(0, 0.204 × AD, AD) 
Differential Bg 

BetaPERT  

(0, 1/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE) 
0.91 0.29–2.52 3.33 1.21–10.48 

4 
Negative Binomiala 

(0.02, 3) 

BetaPERT  

(0, 0.139 × AD, AD) 
Differential B 

BetaPERT  

(0, 1/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE) 
0.92 0.32–2.37 3.31 1.29–9.65 

6 
Negative Binomialf 

(0.027, 2) 

BetaPERT  

(0, 0.204 × AD, AD) 
Differential B 

BetaPERT  

(0, 1/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE) 
0.95 0.42–1.98 3.20 1.54–7.26 

8 
Negative Binomialf 

(0.027, 2) 

BetaPERT  

(0, 0.139 × AD, AD) 
Differential B 

BetaPERT  

(0, 1/4 × ID, ID) 

BetaPERT  

(0, 1/2 × IDE, IDE) 
0.96 0.46–1.86 3.18 1.64–6.64 

AD, number of total all-cause deaths; ID, number of total IHD deaths; IDE, number of IHD deaths for those workers ever-exposed;  
a
 Negative binomial distribution (probability, shape)—probability and shape were determined based on minimum, likeliest and maximum counts of (0, 104, 338).  
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b
 BetaPERT distribution (minimum, likeliest, maximum).  

c
 0.204: proportion of all-cause deaths due to IHD among non-Maori males; 0.139: proportion of all-cause deaths due to IHD among Maori females.  

d Never-exposed more likely to be misclassified as alive than highest exposed.  
e The maximum value for this distribution is capped at 112, which is the number of individuals in the highest exposure group (i.e., ≥2085.8 ppt-mo) that were classified as living 

non-cases.  
f Negative binomial distribution (probability, shape)—probability and shape were determined based on minimum, likeliest and maximum counts of (0, 37, 338). 
g
 Never-exposed less likely to be misclassified as alive than highest exposed. 
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negative binomial and Poisson distributions because (1) it is considered to be ideal 

for modeling expert opinion of a variable [24], (2) it was much more flexible than 

the Poisson distribution, and (3) the maximum and likeliest values of the 

distribution, which were dependent on the total number of all-cause deaths 

selected in the first step, could easily be varied. For example, if the number of all-

cause deaths was 100 for a bias-analysis simulation trial, then the distribution for 

the number of deaths from IHD would range from 0 to 100 with a likeliest value of 

13.9, assuming 13.9% of all-cause deaths were due to IHD. Since the BetaPERT 

distribution is continuous and we are interested in estimating discrete counts, we 

used the TRUNC function in Excel to remove the decimal portion of each bias-

analysis simulation trial value. The difference in the adjusted odds ratios and error 

terms estimated with and without use of the TRUNC function was negligible. 

 

Number of IHD Deaths among Losses to Follow-Up: Never-Exposed 

For the next step, we specified a probability distribution for the number of 

IHD deaths for the “never-exposed” group. The BetaPERT distribution, along with 

the TRUNC function in Excel, was also used for this parameter. The maximum 

and likeliest values were adjusted in a similar manner to that for the total number of 

IHD deaths. The maximum was set to equal the total number of IHD deaths 

selected in the previous bias-analysis simulation step. Since the total number that 

died of IHD could be categorized into one of three exposure groups (i.e., “never- 
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exposed”, “0–2085.7 ppt-mo”, “≥2085.8 ppt-mo”), we used simple fractions to 

determine the likeliest value of this probability distribution depending on whether 

IHD deaths among the “never-exposed” were (1) more likely to be misclassified as 

those in the highest exposure group (Differential A) or (2) less likely to be 

misclassified as those in the highest exposure group (Differential B). When it was 

assumed that the “never-exposed” were more likely to be misclassified compared 

to those in the highest exposure group, the likeliest value was set to equal 3/4 the 

total number of IHD deaths. Under the second assumption, the likeliest value was 

set to equal 1/4 the total number of IHD deaths. For example, if the total number of 

IHD deaths selected in the second step of a bias-analysis simulation trial is 24, then 

the likeliest values for the “never-exposed” group would be 18 and six, 

respectively. 

 

Number of IHD Deaths among Losses to Follow-Up: ≥2085.8 ppt TCDD-mo 

Last, a probability distribution for the number of IHD deaths among workers 

with the highest exposure (i.e., ≥2085.8 ppt TCDD-mo) was specified. For this 

parameter, we again chose to use the BetaPERT distribution, truncating each trial 

value at the decimal point to obtain a whole number. Using the IF function in Excel, 

the distribution maximum was set to equal the number of IHD deaths for those “ever-

exposed” up to 112, which is the number of individuals in the highest exposure 

group that were classified as living non-cases, and equal to 112 when the total 
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number of “ever-exposed” that were potentially misclassified as alive (i.e., died of 

IHD) was greater than 112. The likeliest value of the probability distribution for the 

highest exposure group was set to equal 1/2 the number of IHD deaths for the “ever-

exposed” workers so that approximately 3/8 (i.e., 3/4 × 1/2) and 1/8 (i.e., 1/4 × 1/2) 

of the total number of IHD deaths would fall into the highest exposure category. 

For example, the probability distribution input used for Scenario 1 is shown 

in Figure 2. In this scenario, the distribution for the total number of all-cause deaths 

among those lost to follow-up ranges from 0 to 338 and peaks at 104 (30.9% of the 

number lost to follow-up). Assuming 104 all-cause deaths, the distribution for the 

total number of IHD deaths would then range from 0 to 104, with the highest probability 

at 21.2 or 20.4% of 104. Given 21 total IHD deaths, the likeliest number of workers 

misclassified as alive would then be 15 for the “never-exposed” category (3/4 × # IHD 

deaths = 3/4 × 21 ≈ 15). For the highest exposure group, the likeliest number of 

workers lost to follow-up that may have died from IHD would be three ((# total IHD 

deaths – # never-exposed IHD deaths) × 1/2 = (21 − 15) × 1/2 = 3). 

 

Scenarios and Monte Carlo Simulation Methods 

Combining the different distributions for each classification parameter 

resulted in eight scenarios (Table 2). The distributions of the classification 

parameters were sampled with Crystal Ball software [25] to generate adjusted 
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Figure 2. Example of parameter distribution input for Scenario 1. 

 

counts of IHD cases and non-cases by exposure group, which we used to calculate 

adjusted odds ratios and study error. Since Crystal Ball will not allow the program 

to proceed when zero (or a number truncated to zero) is selected for a given 

classification parameter, we created a conditional action—using the IF function in 

Excel—whereby the program would automatically set the ensuing classification 

parameter values to zero anytime this occurred. For each of the eight scenarios, we 

conducted 50,000 trials to generate frequency distributions for ORDM-LTF and DM-LTF 

as well as 95% certainty intervals. Under specific conditions, a 95% certainty interval 

may approximate a 95% Bayesian posterior probability interval, such that there is a 

95% chance that the true estimate for the sample population will fall within the 
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interval [10, 26, 27]. This interpretation is different from that of a 95% confidence 

interval, which is defined as a range of values that will include the true parameter 

value 95% of the time. 

 

Results  

Results for each simulation of the probabilistic uncertainty analysis are 

summarized in Table 2 and Figure 3. The geometric mean of the error term for 

disease misclassification due to loss to follow-up (DM-LTF) had a range of 0.91 to 

1.85. The geometric mean adjusted odds ratio (ORDM-LTF) ranged between 1.65 and 

3.33. Estimated certainty intervals (CI) for the geometric mean ORDM-LTF excluded 

the null for all four scenarios in which those categorized as “never-exposed” were 

less likely to be misclassified as alive than workers in the highest exposure 

category.  

The direction of the error was primarily determined by the exposure 

classification parameters. In the four scenarios where workers with the highest 

exposure were more likely than those never-exposed to be misclassified as alive, 

the adjusted OR moved away from the null (i.e., the crude OR was biased toward 

the null). In contrast, when the never-exposed group had a greater proportion 

misclassified as non-cases than the highest exposure group (Scenarios 1, 3, 5, and 7), 

adjustment for study bias due to loss to follow-up resulted in a shift of the ORDM-LTF  

frequency distributions toward the null, lessening the observed effect for the 
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(A) 

 

(B) 

Figure 3. Geometric mean errors (DM-LTF) (A), adjusted odds ratios (ORDM-LTF) 

(B) and 95% certainty intervals by scenario. The dashed horizontal black line in 

(B) indicates the crude odds ratio (ORobserved) of 3.05. In the Differential A 

scenarios, the “never-exposed” were more likely to be misclassified as alive 

than the highest exposed. In the Differential B scenarios, the “never-exposed” 

were less likely to be misclassified as alive than the highest exposed. 
 

 

exposure-disease relationship (Figure 4). 

In all the scenarios we examined, uncertainty about the amount of disease 

misclassification due to assuming that lost subjects were alive resulted in 

uncertainty about the magnitude of the TCDD-IHD association estimate. 
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Figure 4. Frequency distributions of ORDM-LTF by scenario. 
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Discussion 

Here we demonstrated that losses to follow-up in a historical cohort 

mortality study can cause disease misclassification. This source of disease 

misclassification is different from the misclassification that may result from using 

death certificate or other mortality data and is unique to historical cohort mortality 

studies. Currently, methods using person-time to conduct probabilistic uncertainty 

analyses have not been published. As such, one must use either the incidence 

proportion ratio or the odds ratio as the estimator when conducting bias analyses of 

these studies. When using either of these measures, however, problems those lost to 

follow-up are consequentially counted as alive even though some may have died from 

the disease of interest. For both measures, study subjects contribute to the denominator 

but have no opportunity to contribute to the numerator. The only way to prevent this 

would be to exclude anyone who was lost, but this creates other potential problems 

and has never been an accepted method for addressing losses to follow-up. 

Since we had no reason to assume that disease misclassification caused by 

losses to follow-up would not affect the association measure for occupational 

exposure to TCDD and IHD mortality, we developed a probabilistic bias analysis 

method to adjust for this source of systematic error using Monte Carlo 

simulations. In developing this method, we encountered several issues that 

challenged the implementation of our approach. First, very little information was 

available from the original study [22] on how losses were distributed across the 
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exposure categories. This would likely be easier to address when the exposure 

variable is dichotomous, but can become particularly complicated with multi-level 

exposures. We believed that the best method of making the process more 

manageable was to divide it into multiple steps, which also allowed us to check 

the accuracy of our process at different points. In addition, it was necessary to 

calculate the number of living subjects in each exposure group and set this as the 

maximum distribution value when the total number for a given step exceeded the 

number of living that could have been misclassified as alive. For example, 148 

workers were categorized as non-cases with exposure ≥2085.8 ppt TCDD-mo, but 

only 112 of these employees were classified as alive at the end of the study. The 

other 36 subjects died of causes other than IHD and could not have been 

potentially misclassified as alive due to losses to follow-up. Accordingly, we used 

the IF function in Excel to set the distribution maximum for the number of IHD 

deaths in the exposure group “≥2085.8 ppt TCDD-mo” equal to 112 when the total 

number of “ever-exposed” that were potentially misclassified as alive (i.e., died of 

IHD) was greater than 112. Otherwise, the maximum value for this parameter 

equaled the number of IHD deaths among those lost that were “ever-exposed.” 

We also addressed a variety of concerns with regard to the simulation 

software used and the distributions available. For the number of all-cause deaths 

among losses, we chose a negative binomial distribution because it was discrete 

and provided the flexibility we needed to describe the distribution for this 
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parameter. Unfortunately, the negative binomial distribution is determined by 

probability and shape, which are not easily varied, so it was not an ideal 

distribution for the remaining three classification parameters — each of which are 

dependent on the preceding step. We initially considered the Poisson distribution 

because the peak (λ) could be determined based on the trial value of another 

classification parameter. However, this distribution was not as flexible as we had 

hoped. For example, if the number of all-cause deaths among losses was 104, the 

distribution for the total number of IHD deaths would need to peak at 21, 

assuming a proportion of 20.4%, and have a range of 0 to 104. With a Poisson 

distribution, the probability of the simulation choosing a count less than 9 or 

greater than 37 was zero, effectively excluding the majority of potential values. 

Rather, we chose to use the continuous BetaPERT distribution — which is 

renormalized over a finite range other than (0,1), re-parameterized by the 

minimum, maximum, and mode [24], and very flexible — and truncate the 

selected trial values to whole numbers. Comparison of the adjusted odds ratios and 

error terms estimated with and without use of the TRUNC function demonstrated 

any differences were negligible. Last, it should be noted that the simulation 

software we used would suspend a run anytime zero was selected as a trial value 

for the first two parameters or when the total number “ever-exposed” that were 

potentially misclassified as alive was zero. To address this, we used the IF 

function in Excel to set the subsequent classification parameter values to zero when 
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any of the described conditions occurred (e.g., if a trial value for the total number 

of IHD deaths among losses was zero, then all successive parameter values for that 

trial would be zero). We believe this is a superior alternative to excluding these 

trials. 

In the example described here, we demonstrated that the magnitude of the 

error from disease misclassification due to loss to follow-up can be substantial. The 

certainty intervals for ORDM-LTF in the simulations for this bias analysis were quite 

wide, with the distance between the upper and lower bounds ranging from 2.67 to 

9.27. While the exposure parameters (“IHD deaths: never-exposed” and “IHD 

deaths: ≥2085.8 ppt-mo”) were the main determinants of the location of the 

geometric mean adjusted odds ratios, the width of the certainty intervals was likely 

influenced more by the degree of misclassification. 

By using a probabilistic method that specifies a range of values for the 

classification parameters under a variety of thoughtfully constructed scenarios, our 

approach allows one to estimate intervals that may better represent the level of 

uncertainty from systematic study error in a given exposure-disease relationship. 

Compared to other techniques such as simple sensitivity analysis and inverse 

probability weighting (IPW), use of probabilistic bias analysis may be more 

advantageous because it does not rely on conditional weighting estimates or single 

sensitivity and specificity values. One of the primary limitations of IPW is that the 

model estimating the weights is built as a function of subject characteristics (e.g., 
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age, gender). Anything that might be related to follow-up should be part of the 

model building process. Yet, when characteristics that may be predictive of 

follow-up are not measured or collected as part of the study, use of this method 

may actually introduce bias. Our method, however, allows one to use external data 

to adjust for any characteristic — whether or not measured as part of the initial 

study — that may affect follow-up or the outcome of interest. 

Our primary objectives were to illustrate how to adjust an odds ratio for 

disease misclassification resulting from losses to follow-up in a historical cohort 

mortality study and to evaluate the effect of this source of error. It is likely, 

therefore, that uncertainty about the magnitude of other study limitations; for 

example, exposure misclassification would further increase the uncertainty about 

the TCDD-IHD association. Additionally, the method described here is contingent 

on the distributions constructed for each of the classification parameters, with the 

usefulness of the results limited by the accuracy of those distributions. For 

example, we used New Zealand mortality data from 2008, which assumes the 

proportion of deaths from IHD was constant over the entire study period evaluated 

by McBride et al. [22]. However, the New Zealand Ministry of Health reported that 

the percentage of IHD deaths declined over the 1980–2008 time frame [23] and 

we, therefore, may have underestimated the number lost to follow-up that died 

from IHD and the level of uncertainty. 
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Conclusions 

In summary, our method can be employed to quantify and adjust for disease 

misclassification due to losses to follow-up in any historical cohort mortality study 

with a defined polytomous exposure variable. Use of our probabilistic bias method 

to adjust for this source of systematic error may well be a considerable 

improvement over the standard conjecture that, most often, incorrectly assumes 

such error would be non-differential and have little or no effect on the observed 

exposure-disease relationship. 

© 2015 by Laura L. F. Scott and George Maldonado; licensee MDPI, Basel, Switzerland. 

This article is an open access article distributed under the terms and conditions of the 

Creative Commons Attribution license (http://creativecommons.org/licenses/by/4.0/). 
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Summary 

 Occupational epidemiologists have long considered death certificate 

inaccuracies – and the subsequent disease misclassification they cause in 

epidemiologic studies – a critical issue. However, the vast majority of historical 

cohort mortality studies do not include a quantitative assessment of the impact of 

disease misclassification on study results. We developed a probabilistic bias-

analysis method to evaluate the effect of disease misclassification due to incorrect 

cause-of-death data on results from historical cohort mortality studies. The method 

is illustrated by applying classification proportions to count data from a historical 

cohort mortality study of New Zealand workers. When misclassification was 

differential, the geometric mean adjusted odds ratio ranged from 1.9 to 4.9 with 
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study error resulting in bias both away from and toward the null. Under the 

assumption of non-differential misclassification, the geometric mean adjusted 

odds ratio was slightly smaller than the unadjusted estimate. Probabilistic bias 

analysis can be a useful tool for evaluating disease misclassification.  

 

Key words: probabilistic bias analysis, Monte Carlo, cause-of-death data, disease 

misclassification, study error, historical cohort mortality
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Introduction  

 Death certificates are a vital source of cause-of-death data and are 

commonly used for surveillance, epidemiologic research, and developing public 

health policy. Death certificate data, however, is known to be highly variable and 

inaccurate for several reasons. Chiefly, records are often incomplete or vague [3, 

28-30]. In addition, changes in terminology, coding rules and diagnosis criteria, 

along with the progression of multiple chronic diseases in an individual, can all 

result in inaccuracies [31-33]. Finally, cause of death may also be miscoded when 

sudden accidental deaths are a direct result of a chronic condition (e.g., an 

individual has a fatal heart attack which leads to a car crash). 

 Concerns regarding inaccurate death certificate data, and therefore disease 

misclassification, have long been acknowledged by epidemiologists and 

occupational physicians. Indeed, Dr. Irving Selikoff noted in 1992 that the 

problem was not only an international issue, but one that particularly affects 

epidemiology studies of occupational hazards and diseases [32]. Although use of 

medical records and proxy reports have been suggested as alternatives to using 

death certificate data [34], this would require spending a substantial amount of 

resources and time identifying and interviewing proxies and/or obtaining and 

reviewing potentially hundreds to thousands of documents from multiple sources 

for each deceased subject. Without a time- and cost-effective option, occupational 

epidemiologists are likely to continue utilizing cause-of-death data from death 
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certificates for conducting historical cohort mortality (HCM) studies. Nonetheless, 

a vast majority of these types of studies will not include a quantitative assessment 

of the impact of disease misclassification from using incorrect death certificate 

data.  

 While a number of efforts have been made in recent years to develop 

techniques for addressing outcome misclassification [35-38], a probabilistic bias-

analysis method to adjust for disease misclassification resulting from use of cause-

of-death data in HCM studies has not yet been published. This is not unexpected, 

however, given that conducting quantitative bias analyses – both basic and 

probabilistic – can be demanding and often also presents distinct challenges. For 

example, Jurek et al. [18] demonstrated the need to account for case-control 

sampling and other forms of outcome-related selection when adjusting for 

outcome misclassification, and Scott and Maldonado [39] recognized that, in 

historical cohort mortality studies, using disease frequency measures with count 

denominators can result in disease misclassification due to loss to follow-up. 

Another situation unique to bias analyses occurs when evaluating the impact of 

disease misclassification in historical cohort mortality studies: non-cases can 

include both living subjects and those who died of other causes. More specifically, 

in a standard bias-analysis of a 2×2 contingency table, any non-cases – including 

living subjects – could be re-classified as (deceased) cases. However, only non-

cases who died from a disease other than the disease under study should be 
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considered for possible outcome re-classification. Here, we demonstrate the use of 

a probabilistic bias-analysis method we developed for evaluating the effect of 

potential disease misclassification in HCM studies that addresses this issue.  

 

Methods   

Development of Bias-analysis Method 

 The bias-analysis method developed in the current study combines Monte 

Carlo simulation techniques with an extension of the matrix-algebra correction 

method described by Greenland and Kleinbaum [40]. The data used to illustrate 

application of this method is from a historical cohort mortality study of New 

Zealand trichlorophenol workers exposed to 2,3,7,8-tetrachlorodibenzo-p-dioxin 

(TCDD) [22]. Although the study [22] examined multiple diseases, the outcome of 

interest for this bias-analysis was ischemic heart disease mortality. 

 To begin, we created a 3×2 disease-exposure contingency table using the 

three outcome categories (i.e., IHD cases, non-cases who died from causes other 

than IHD, and alive non-cases) and two exposure groups (i.e., never-exposed and 

≥2085.8 parts per trillion-month) of interest (Table 1). 

 

Table 1. 3×2 Disease-exposure contingency table. 

Outcome 

TCDD Exposure 

Never-exposed ≥2085.8 ppt-mo 

Cases: Deceased, IHD a0 a1 

Non-cases: Deceased, non-IHD b0 b1 

Non-cases: Alive c0 c1 

TCDD, 2,3,7,8-tetrachlorodibenzo-p-dioxin; ppt-mo, parts per trillion-month; IHD, ischemic  

heart disease 
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Of particular importance, non-cases in Table 1 have been displayed in two 

different rows: (i) those who died from causes other than IHD, and (ii) those who 

were alive. When performing a bias analyses of disease misclassification in studies 

that use death certificates to determine cause of death (as the current manuscript 

does), these two types of non-cases must be separated to prevent non-cases who 

are known to be alive from being reclassified as (deceased) cases. 

Next, we reshaped Table 1 into a column vector of six cell counts (C 

matrix): 

C =

a
0

a
1

b
0

b
1

c
0

c
1
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ê
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This vector of cell counts takes two forms: the vector of observed cell 

counts (i.e., the cell counts with disease misclassification) and the vector of cell 

counts corrected for disease misclassification (i.e., the cell counts that would have 

been observed in the absence of disease misclassification). To differentiate the 

two, an asterisk is used to denote the vector of observed cell counts with 

misclassification. More specifically, Table 2 shows the count data from McBride 

et al. [22] in the 3×2 cross tabulation format presented in Table 1. 
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Table 2. Count data from McBride et al. [22] 

Outcome 

TCDD Exposure 

Never-exposed ≥2085.8 ppt-mo 

Cases: Deceased, IHD 14 14 

Non-cases: Deceased, non-IHD 37 36 

Non-cases: Alive 414 112 
TCDD, 2,3,7,8-tetrachlorodibenzo-p-dioxin; ppt-mo, parts per trillion-month; IHD, ischemic 

heart disease 

Using these counts, C* is as follows: 

C* =

14

14
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We then specified a column vector of classification proportions for each 

cell of Table 1; these proportions describe the proportion of people truly in that 

one cell that were classified into each of the six cells of the table. This resulted in a 

6×6 matrix of classification proportions (P matrix; Table 3).  

Note that the diagonal elements of the P matrix (i.e., p11, p22, p33, p44, p55, 

p66) indicate the degree of correct classification; all other (i.e., non-diagonal) 

elements in the matrix indicate the degree of exposure and/or disease 

misclassification. For example, p11 is the proportion of subjects who (i) truly were 

never-exposed and truly died from IHD and (ii) were (correctly) classified in the 

study data as never-exposed cases of IHD. In contrast, p13 is the proportion of 

subjects who (i) truly were never-exposed and truly died of something other than  
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Table 3. Notation for matrix of classification proportions (P matrix). 

  True Exposure and Disease Status 

  Cases: Deceased, IHD  Non-cases: Deceased, non-IHD  Non-cases: Alive 

Classified  

Disease Status 

Classified 

Exposure Status Never-exposed ≥2085.8 ppt-mo 

 

Never-exposed ≥2085.8 ppt-mo 

 

Never-exposed ≥2085.8 ppt-mo 

Cases: Deceased, IHD 
Never-exposed p11 p12  p13 p14  p15 p16 

≥2085.8 ppt-mo p21 p22  p23 p24  p25 p26 

          
Non-cases: Deceased, 

non-IHD 

Never-exposed p31 p32  p33 p34  p35 p36 

≥2085.8 ppt-mo p41 p42  p43 p44  p45 p46 

          

Non-cases: Alive 
Never-exposed p51 p52  p53 p54  p55 p56 

≥2085.8 ppt-mo p61 p62  p63 p64  p65 p66 

 Total 1 1  1 1  1 1 
IHD, ischemic heart disease; ppt-mo, parts per trillion-month
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IHD but (ii) were (incorrectly) classified in the study data as never-exposed cases 

of IHD. 

 According to Greenland and Kleinbaum [40] and the rules of matrix 

multiplication (e.g., *

0 0 11 1 12 0 13 1 14 0 15 1 16
14a a p a p b p b p c p c p       ), the relationship 

between the column vector of misclassified cell counts (C*), the column vector of 

correctly classified cell counts (C), and the P matrix (P) is  

  *P C C         (1) 

 

Expansion of Equation (1) produces the matrix form  

  

     
     
     
     

      
     
     
     
     

11 12 13 14 15 16 0

21 22 23 24 25 26 1

31 32 33 34 35 36 0

41 42 43 44 45 46 1

51 52 53 54 55 56 0

61 62 63 64 65 66 1

14

14

37

36

414

112

p p p p p p a

p p p p p p a

p p p p p p b

p p p p p p b

p p p p p p c

p p p p p p c

 

which highlights the implicit assumption that, for a typical analysis, all the 

diagonal elements of the P matrix equal one and all other elements equal zero. 

Stated more explicitly, standard  analyses of epidemiologic data assume no 

misclassification. The bias-analysis method described here relaxes this strong 

assumption for historical cohort mortality studies in an effort to account for 

disease misclassification. 

 The intent of this study was to focus exclusively on the impact of disease 

misclassification and the unique challenge posed by living non-cases when 

conducting a bias analysis of historical cohort mortality data, resulting in three 
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fundamental assumptions: (i) study subjects were not misclassified with regard to 

exposure, (ii) no living subjects were incorreclty classified as deceased, and (iii) 

those who were truly deceased were not misclassified as being alive. Table 4 

presents a simplified form of the P matrix based on these assumptions. 

 To obtain the vector of cell counts adjusted for disease misclassification 

(C), we multiplied each side of Equation (1) by the inverse of the P matrix (P-1): 

 



   

 

1 1

1
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P P C P C

C P C
      (2) 

 

where the expanded form of the matrix is given by  

 



     
     
     
     

      
     
     
     
     

1
0 11 12 13 14 15 16

1 21 22 23 24 25 26

0 31 32 33 34 35 36

1 41 42 43 44 45 46

0 51 52 53 54 55 56

1 61 62 63 64 65 66

14

14

37

36

414

112

a p p p p p p

a p p p p p p

b p p p p p p

b p p p p p p

c p p p p p p

c p p p p p p

   

From the cell counts a0, a1, b0, b1, c0, and c1, we calculated an unadjusted odds 

ratio corrected for disease misclassification: 








1

1 1

0

0 0

( )

( )

DM COD

a
b c

OR
a
b c

       (3) 

Finally, we estimated DM-COD, the error factor for the impact of disease 

misclassification, by dividing ORDM-COD into the observed odds ratio (ORobserved) [5]. 
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Table 4. P matrix with assumptions for fixed parameters. 

  True Exposure and Disease Status 

  Cases: Deceased, IHD  Non-cases: Deceased, non-IHD  Non-cases: Alive 

Classified  

Disease Status 

Classified 

Exposure Status Never-exposed ≥2085.8 ppt-mo 

 

Never-exposed ≥2085.8 ppt-mo 

 

Never-exposed ≥2085.8 ppt-mo 

Cases: Deceased,  

IHD 

Never-exposed p11 0  1-p33 0  0 0 

≥2085.8 ppt-mo 0 p22  0 1-p44  0 0 

          
Non-cases: Deceased, 

non-IHD 

Never-exposed 1-p11 0  p33 0  0 0 

≥2085.8 ppt-mo 0 1-p22  0 p44  0 0 

          

Non-cases: Alive 
Never-exposed 0 0  0 0  1 0 

≥2085.8 ppt-mo 0 0  0 0  0 1 

 Total 1 1  1 1  1 1 
IHD, ischemic heart disease; ppt-mo, parts per trillion-month
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Probability Distributions of Classification Proportions for Monte Carlo 

Simulations 

 

 Among deaths, p11 and p22 are the sensitivities and p33 and p44 are the 

specificities for the use of death certificates to classify study subjects as cases (i.e., 

IHD deaths). To identify sensitivity and specificity values for constructing 

probability distributions of these parameters, we searched the peer-reviewed 

literature for death certificate validation studies of ischemic heart disease mortality 

in New Zealand and other high-income countries as defined by the World Bank 

[41]. Various combinations of keywords were used to search for relevant English-

language articles in PubMed including “ischemic,” “coronary,” “heart disease,” 

“mortality,” “validation,” “death certificate,” “diagnosis,” “ICD,” “coding,” and 

“cause of death.”  A general internet search of non-peer-reviewed publications and 

review of secondary references from applicable sources were also completed. 

Each publication was reviewed to identify the country, study population, ICD-9 

and -10 codes evaluated (see Table A1 in the Appendix for additional information 

on ICD codes), and the standard used to calculate sensitivity and specificity. Only 

one article, a publication from 1988, evaluated IHD death certificate diagnoses in 

New Zealand [42], with a sensitivity of 0.92 and specificity of 0.47. We identified 

13 additional studies from other high-income countries that either reported 

sensitivity and specificity explicitly for IHD mortality or provided enough 

information to calculate these values [43-55]. For these studies, death certificate 

sensitivity and specificity ranged from 0.77 to 0.95 and 0.59 to 0.87, respectively 
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(Table 5).  

 We defined the parameter distributions for a non-differential (in 

expectation) disease misclassification scenario first, with the distribution peaks 

equal to the sensitivity and specificity values from the New Zealand study and the 

shape of the distributions constructed using the aggregate sensitivity and 

specificity data from the remaining studies. A beta distribution was used for the 

sensitivity parameters and a maximum extreme distribution for the specificity 

parameters. To evaluate the potential effects of differential misclassification (in 

expectation), we also varied the distribution peaks for the highest (p22, p44) and 

lowest (p11, p33) exposure categories (Table 6). For these differential scenarios 

(i.e., 2-9), the peak sensitivity was set to equal either the sensitivity from the New 

Zealand study (i.e., 0.92) or the average sensitivity of all 14 studies (i.e., 0.89), 

and the peak specificity was set to equal either the specificity from the New 

Zealand study (i.e., 0.47) or the average specificity of all 14 studies (i.e., 0.71). As 

before, a beta distribution was used for all the sensitivity parameters. However, in 

addition to using the maximum extreme distribution, the minimum extreme 

distribution was utilized when the peak specificity was set to 0.71. Figure 1 

illustrates the probability input required for any given simulation using the 

parameter distributions constructed for Scenario 6. To limit the degree of 

differentiality within simulation trials [56], we designated a correlation of 0.75 

between the sampled proportions for each exposure group. For each scenario, the
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Table 5. Validation studies of IHD death certificate diagnoses in high income countries.a 

Reference Country Population Year(s) ICD Codes Standard Sensitivity  Specificity 

Jackson et al. [42] New Zealand Permanent residents of the 

Auckland area 

 

1983-1984 ICD-9 410-414 WHO criteriab 0.92 0.47 

Harriss et al. [48] Australia Melbourne residents aged 40 

to 81 years 

1990-2002 ICD-9 410-414; 

ICD-10 I20-I25 

ANBP2c and LIPIDd 

mortality definitions, 

WHO criteria 

0.77 0.87 

Sexton et al. [55] Australia Tasmanian males aged 25 to 

74 years 

 

1987-1988 ICD-9 410-414 WHO criteria 0.94 0.59 

Martin et al. [52] Australia Residents of Perth and the 

surrounding urban areas 

aged 25 to 64 years 

1971-1982 ICD-9 410-414 WHO criteria 0.91, 0.93 NA 

Dobson et al. [45] Australia Permanent residents of the 

Hunter region of New South 

Wales aged 20 to 69 years 

1979 ICD-8/9 410-414 WHO criteria 0.91 NA 

Mahonen et al. [51] Finland Residents of North Karelia, 

Kuopio, and the Turku/ 

Loimaa region aged 35 to 64 

years 

1983-1992 ICD-9 410-414 WHO criteria 0.95 0.69 

McIlwaine et al. [53] Ireland Residents of Belfast 

 

1981-1982 ICD-9 410-414 WHO criteria 0.89 0.67 

Saito et al. [54] Japan Residents of Oita City aged 

25 to 74 years 

1997-1998 ICD-10 I20-I25 WHO criteria 0.87 0.65 

Agarwal et al. [43] U.S. New York City residents 

who died in one of the 

City’s 70 hospitals 

2003 ICD-10 I20-I25, 

I51.6 

Gillume and CCSPf 

criteria 

0.87 NA 

Lloyd-Jones et al. 
[50] 

U.S. Residents of Framingham, 

MA 45 years of age and 

older 

1948-1988 ICD-9 410-414 Physician panel 0.84 0.84 
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Coady et al. [44] U.S. Residents 35 to 74 years of 

age living within the county 

boundaries of Forsyth 

County, NC, or the 

metropolitan boundaries for 

Jackson, MS, or suburban 

Minneapolis, MN 

1987-1995 ICD-9 410-414, 

429.2 

Gillum and CCSP 

criteria 

0.81 0.72 

Goraya et al. [47] U.S. 10% random sample of 

Olmstead County, MN 

residents who died out of 

hospital 

1981-1994 ICD-9 410-414 Gillum criteria 0.91 0.86 

Iribarren et al. [49] U.S. Residents of Mankato, MN; 

North Mankato, MN; 

Winona, MN; Bloomington, 

MN; Roseville, MN; 

Maplewood, MN; North St. 

Paul, MN; and Moorhead, 

MN who were 30 to 74 

years of age and died out of 

hospital 

1985-1990 ICD-9 410-414 Physician review using 

unknown criteria 

0.87 0.66 

Folsom et al. [46] U.S. 33% random sample of 

Minneapolis, MN and St. 

Paul, MN residents who 

were 30 to 74 years of age 

and died out of hospital 

1979 ICD-9 410-414, 

427 

Gillum criteria 0.90 0.83 

 

aUsing the World Bank income groups of low, lower-middle, upper-middle, and high, which are based on the World Bank list of analytical income classification of economies 

[41]. 
bEstablished by the World Health Organization for the MONICA Project [57]. 
cMortality definitions established for the Second Australian National Blood Pressure Study [58, 59]. 
dMortality definitions established for the Long-term Intervention with Pravastatin in Ischaemic Disease Study [60, 61]. 
ePublished by Gillum et al. [62] 
fEstablished by the Community Cardiovascular Surveillance Program [63].
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Table 6. Description of probability distributions used for classification parameters. 
Scenario p11 p22 p33 p44 

Non-differential misclassificationa     

1 Beta (23.9, 3)b Beta (23.9, 3) Maximum Extreme (0.47, 0.17)c Maximum Extreme (0.47, 0.17) 

Differential misclassification     

2 Beta (23.9, 3) Beta (23.9, 3) Maximum Extreme (0.47, 0.17) Minimum Extreme (0.71, 0.25)d 

4 Beta (23.9, 3) Beta (23.9, 4.3)e Maximum Extreme (0.47, 0.17) Maximum Extreme (0.47, 0.17) 

6 Beta (23.9, 3) Beta (23.9, 4.3) Maximum Extreme (0.47, 0.17) Minimum Extreme (0.71, 0.25) 

8 Beta (23.9, 4.3) Beta (23.9, 3) Maximum Extreme (0.47, 0.17) Minimum Extreme (0.71, 0.25) 

Differential misclassification     

3 Beta (23.9, 3) Beta (23.9, 3) Minimum Extreme (0.71, 0.25) Maximum Extreme (0.47, 0.17) 

5 Beta (23.9, 4.3) Beta (23.9, 3) Maximum Extreme (0.47, 0.17) Maximum Extreme (0.47, 0.17) 

7 Beta (23.9, 4.3) Beta (23.9, 3) Minimum Extreme (0.71, 0.25) Maximum Extreme (0.47, 0.17) 

9 Beta (23.9, 3) Beta (23.9, 4.3) Minimum Extreme (0.71, 0.25) Maximum Extreme (0.47, 0.17) 
aIn expectation- the individual trials may only be approximately non-differential, but the average difference in classification proportions across all simulation trials is 0. 
bBeta distribution (alpha, beta) for minimum, maximum and peak proportions of 0, 1 and 0.92, respectively. 
cMaximum extreme distribution (likeliest, scale) for minimum, maximum and peak proportions of 0, 1, and 0.47, respectively. 
dMinimum extreme distribution (likeliest, scale) for minimum, maximum and peak proportions of 0, 1, and 0.71, respectively. 
eBeta distribution (alpha, beta) for minimum, maximum and peak proportions of 0, 1 and 0.89. 
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Figure 1. Example of paramter distribution input for Scenario 6. 

 

specified parameter distributions were sampled using Oracle Crystal Ball 11.1 

(Redwood Shores, CA), and all calculations were conducted in Microsoft Office 

Excel 2010 (Redmond, WA). 

 Any Monte Carlo simulation trial with a negative count was excluded as it 

is not possible to have negative counts of subjects in a study. Parameter 

distributions were sampled enough times to obtain a minimum of 10,000 valid 

simulation trials. Each analysis was conducted separately to generate a frequency 

distribution for ORDM-COD and DM-COD. The lower 2.5 and upper 97.5 percentiles of 

each frequency distribution were used to estimate 95% certainty intervals. 
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 Results for each scenario are illustrated in Figure 2. The geometric mean 

(GM) of the error term for disease misclassification (DM-COD) ranged from 0.7 to 

1.6, and the GM adjusted odds ratio (ORDM-COD) had a range of 1.9 to 4.9. Estimated 

certainty intervals (CI) for the geometric mean ORDM-COD did not exclude the null in 

any of the nine scenarios.  

 Under the assumption of non-differential misclassification, the GM     

ORDM-COD was 3.0, just slightly smaller than the observed odds ratio of 3.05. In the 

three scenarios where we specified less misclassification of deceased non-cases in 

the highest exposure group (i.e., scenarios 2, 6, and 8), the adjusted OR shifted 

away from the null (i.e., ORobserved was biased toward the null). More notably, the 

direction of the effect was preserved regardless of whether cases in the highest 

exposure category had a higher (scenario 6) or lower (scenario 8) amount of 

misclassification than cases in the never-exposed group. Greater misclassification 

of the highest exposed cases (scenario 4) also produced a geometric mean      

ORDM-COD greater than the ORobserved, although to a lesser extent. As expected a 

similar pattern, but in the opposite direction, was observed when a greater degree 

of misclassification was specified for deceased non-cases with the highest 

exposures (scenarios 3, 7, 9) and a smaller amount of misclassification was 

specified for the highest exposed cases (scenario 5). In these scenarios, 

misclassification of deceased non-cases in the never-exposed category (i.e., 

parameter p33) had the greatest influence on the directional shift of the distribution. 
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Discussion 

 Death certificates are undoubtedly an important resource for monitoring 

population health and conducting research. Yet, information they capture on cause 

of death can be ambiguous and erroneous. In their study, McBride and colleagues 

[22] identified employee deaths and the causes of death using the New Zealand 

Health Information Service (NZHIS), which determines the underlying cause of 

death after obtaining medical certificates and coroners’ findings from the 

Registrar-General of Births, Deaths and Marriages [64]. When insufficient 

information is available to assign an underlying cause of death, NZHIS will seek 

information from other sources such as hospitals, the courts, the New Zealand 

Cancer Registry, and the Land Transport Safety Authority, among others. 

However, while this process is likely adequate  for most deaths, it is not without 

limitations and there have been past concerns about the accuracy of New Zealand 

death certificates [65, 66].  

 To adjust for potential disease misclassification from the use of death 

certificate data, we developed a probabilistic bias-analysis method specific for 

historical cohort mortality studies. Whereas bias analysis for assessing outcome 

misclassification is much more straightforward when cases are defined as having 

the disease and non-cases as not having the disease, it is more complex when the 

outcome being evaluated is a specific cause of death since non-cases can include 

living individuals as well as those that died from other causes. In these situations, 



 

46 

bias-analysis corrections for disease misclassification must only be applied to 

cases and non-cases who have died (i.e., a living individual could not have been 

misclassified with regard to cause of death).  

 The impact of study error on a measure of effect is dependent on a number 

of factors – including the type of error, levels of the exposure variable, and degree 

of misclassification – and can, therefore, be difficult to anticipate. In the present 

study, probabilistic application of plausible sensitivity and specificity values to the 

counts for each outcome category demonstrated that the unadjusted TCDD-IHD 

association could be biased in either direction when misclassification was 

differential in expectation. In particular, less misclassification of deceased non-

cases in the highest exposure group shifted the frequency distribution of adjusted 

estimates to the right of ORobserved while less misclassification of deceased non-

cases in the never-exposed category shifted the distribution to the left, with 

misclassification of IHD cases in either exposure category having only minor 

influence. As important, when misclassification was non-differential in 

expectation, the GM ORDM-COD of 3.00 was actually smaller than the ORobserved of 

3.05, reinforcing more contemporary understanding that non-differential 

misclassification does not always bias an estimate toward the null [67]. 

 Only one IHD validation study of New Zealand death certificate data was 

identified through a literature search. To supplement the sensitivity and specificity 

reported by Jackson et al. [42], we included estimates from other validation 
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studies of IHD in high-income countries, which we assumed would have similar 

infrastructure for identifying deaths and recording their causes. For transparency, 

we provided the relevant characteristics – including country, study population and 

years, ICD codes, and the validation standard – of each study used to inform our 

probability distributions. While these studies reported sufficient data to construct 

the distributions for each disease classification parameter, the small number of 

cases in the two exposure categories of interest (i.e., never-exposed and ≥2085.5 

ppt-mo) greatly limited the number of valid sensitivity and specificity 

combinations. In addition, the accuracy with which ischemic heart disease is 

assigned as the cause of death has been reported to vary by age, gender, and race 

[31, 43, 44, 50, 54, 63, 68], with age having a particularly notable influence on 

disease classification in occupational studies [32]. Exposure groups indeed have 

the potential to be differentially misclassified, not because of exposure itself, but 

as a result of dissimilarities in the demographic characteristics of each group (e.g., 

those with no occupational exposure may be predominantly younger, white 

women whereas those with the highest exposures may be mostly older, minority 

men). However, details on age, gender, and race were not available for the 

different exposure groups in the study by McBride et al. [22]; such information, 

though not necessary to conduct the analysis, would have been helpful in refining 

the sensitivity and specificity distributions in the eight scenarios with differential 

misclassification.  



 

48 

 The methods and analyses described here focus specifically on disease 

misclassification resulting from the use of cause-of-death data. To simplify 

application of this method, we purposely assumed there was no exposure 

misclassification, disease misclassification from loss to follow-up (i.e., study 

subjects classified as living who truly died of IHD), or other disease 

misclassification (i.e., study subjects classified as deceased from IHD who were 

truly alive). Although it is doubtful the latter type of misclassification would result 

in profound study error [69-73], Scott and Maldonado [39] previously 

demonstrated – using a different probabilistic bias-analysis method – that losses to 

follow-up in historical cohort mortality studies can cause appreciable disease 

misclassification. In the future, the combined effect of these sources of 

misclassification will need to be examined along with determining the model that 

best represents their mathematical relationship. Logically, adjustment for the type 

of disease misclassification described in the current manuscript must be done prior 

to adjustment for disease misclassification resulting from loss to follow-up. The 

order of adjustment for other study errors (i.e., exposure misclassification), 

however, will need to be determined.  

 Probabilistic sensitivity methods, like the example provided here, can be 

useful for evaluating study error and improving causal inference. While the 

technique we described relies on the availability of external validation data and 

specifying well-defined parameters, it can be applied to mortality studies with a 
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multi-level exposure variable using any number of Monte Carlo software 

programs and does not require access to the original data. With the continued 

development and refinement of methods to account for sources of study error, we 

hope the practice of conducting bias analyses will become more commonplace. 
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CHAPTER IV 

APPLICATION OF PROBABILISTIC BIAS ANALYSIS TO ADJUST FOR 

EXPOSURE MISCLASSIFICATION IN HISTORICAL COHORT 

MORTALITY STUDIES WITH MULTI-LEVEL EXPOSURE VARIABLES: 

AN EXAMPLE USING A COHORT OF TRICHLOROPHENOL WORKERS 

 

Laura L. F. Scott and George Maldonado 

Division of Environmental Health Sciences, University of Minnesota School of 

Public Health, Minneapolis, MN, 55455 

 

 

Summary  

The objective of developing this method was to demonstrate the application 

of probabilistic bias analysis to quantify and adjust for exposure misclassification 

in a historical cohort mortality study of trichlorophenol workers with a multi-level 

exposure variable. Published exposure information available for this cohort of 

workers was used to specify the initial classification parameter distributions, 

which were then varied to assess the potential impacts of different levels of 

misclassification and both non-differential and differential exposure 

misclassification. Each parameter distribution was sampled 50,000 times using 

Monte Carlo simulation techniques, calculating odds ratios adjusted for exposure 
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misclassification (OREM) and the associated exposure misclassification error terms 

(EM). Given the specified assumptions, the geometric mean (GM) OREM had a 

range of 2.89 to 5.05, and the GM EM ranged from 0.60 to 1.05. In all non-

differential scenarios and scenarios in which non-cases had greater proportions of 

misclassification, the ORobserved of 3.05 was closer to the null (i.e., 1) than the GM 

OREM. For the differential simulations where cases had higher proportions of 

misclassification, the direction of the error was dependent on the level of 

misclassification error, with smaller proportions of misclassification resulting in 

the ORobserved being farther away from the null than the GM OREM. These findings 

demonstrate that probabilistic bias analysis of historical cohort mortality studies 

can be an effective tool for understanding trends in study error stemming from 

exposure misclassification and confirm the importance of quantifying potential 

sources of systematic error prior to forming conclusions regarding causality. 

 

Key words: probabilistic uncertainty analysis, Monte Carlo, exposure 

misclassification, historical cohort mortality
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Introduction 

It is well known that systematic study error in observational research can 

severely impact study findings, resulting in potentially incorrect inferences [3-14]. 

Because biased estimates of the exposure-disease relationship can have serious 

implications – for not only determining the direction of future research but also for 

both risk assessment practices and the development of public health policy – 

researchers have developed a variety of methods to address this issue. One such 

method is probabilistic bias analysis (also referred to as probabilistic uncertainty 

analysis) [3-6, 8-12, 15]. Using this approach, an investigator can evaluate the 

effect of systematic error by specifying bias parameters and then adjusting an 

effect estimate for biases. This method is different from simple sensitivity 

analysis, however, because it uses probability distributions for bias parameters and 

Monte Carlo techniques to incorporate uncertainty about the parameter value(s) 

into the adjusted estimate of effect. 

 Historical cohort mortality studies are one of the most common tools used 

by epidemiologists to evaluate associations between occupational exposure and 

disease mortality [2, 74-77], yet the impact of exposure misclassification is 

infrequently quantified in these studies. To our knowledge, the magnitude of 

exposure misclassification has only once been quantitatively estimated in a cohort 

mortality study using probabilistic bias analysis [78]. Although significant 

advancements have been made in exposure assessment methods over the last 

several decades, there is still the potential for considerable exposure 
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misclassification in historical cohort mortality studies. First, job histories, and 

thereby exposure proxies, are almost always partially ascertained from 

administrative and human resources records that may be incomplete, inaccurate 

and lack specificity. Even recent record-keeping systems that provide more 

detailed information may not adequately describe the frequency of the tasks 

employees perform for each job title and class, the materials and processes with 

which they work, the use of personal protective equipment and any non-routine 

operations or changes in operations. Occassionally, the judgment of current or 

former employees (or both) is used to help identify tasks, exposures to specific 

agents, and temporal variability in exposure, but this can also introduce systematic 

error in exposure estimates. Exposure misclassification error can also occur with 

quantitative measurements such as biological, personal, and area monitoring that 

may be measured years after exposure and then adjusted using mathematical 

models to reflect historical exposures. Biomonitoring data, in particular, can lead 

to misclassification if concentrations were measured infrequently and in only a 

non-randomly selected subpopulation of the total cohort, but are assumed to 

represent all workers with similar job histories. It is also often obtained without 

any insight as to an individual’s elimination kinetics. 

Bias analysis methods for studies with polytomous exposure variables have 

not been fully developed. Thus, we designed a probabilistic bias analysis model to 

adjust results from historical cohort mortality studies with multiple levels of 
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exposure. With the use of published data on a cohort of trichlorophenol workers 

from New Zealand, we describe the process of adjusting for exposure 

misclassification when exposure is classified into three or more categories and also 

illustrate how differential and non-differential misclassification can change an 

estimate of effect.  

 

Materials and Methods 

The data used here are from a historical cohort mortality study [22]. The 

authors examined multiple causes of mortality and occupational exposure to 

2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) among 1599 workers at a 

trichlorophenol plant in New Zealand. Employee deaths and underlying causes 

were identified using the New Zealand Health Information Service Mortality 

Collection. In this paper, we focused on the association between TCDD exposure 

and ischemic heart disease (IHD) mortality. 

Based on work history records, individuals were categorized as “ever-

exposed” (n = 1134) or “never-exposed” (n = 465) to TCDD. Workers in the 

“ever-exposed” category were further classified by first developing cumulative 

TCDD exposure estimates (in units of parts per trillion times months [ppt-mo]) 

using work history files, current serum TCDD levels of 346 cohort members, and 

linear regression modeling of pharmacokinetic equations to estimate dose rates for 

each job exposure group (JEG). Individuals were then categorized into one of four 

groups based on their cumulative exposure estimate: “0-68.3 ppt-mo” (n = 1061); 
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“68.4-475.0 ppt-mo” (n = 668); “475.1-2085.7 ppt-mo” (n = 363); and “≥2085.8 

ppt-mo” (n = 162).  

The study described by McBride et al. [22] reported no statistical increase 

in the standardized mortality ratio (SMR) for death from IHD in either the “ever-

exposed” (SMR: 1.1, 95% confidence interval (CI): 0.9-1.5) or the “never-

exposed” (SMR: 0.9, 95% CI: 0.5-1.5) categories when compared to the New 

Zealand general population. Additionally, no statistically significant trend was 

observed (p = 0.50) when IHD mortality in the three highest cumulative exposure 

categories was compared with that of the lowest cumulative TCDD exposure 

group. Although there was no significant increase in IHD death, there was also no 

clear evidence of a prominent healthy worker effect for cardiovascular disease 

mortality, as is often observed in cohorts of industrial workers [79-82]. 

Multiple potential sources of systematic error – including uncontrolled 

confounding, selection bias, and disease and exposure misclassification – could 

have influenced the reported findings for this cohort of workers. Although the 

study by McBride and coworkers [22] is one of the few studies to use serum 

dioxin levels to determine cumulative occupational exposure to TCDD and disease 

risks, there were several steps in estimating cumulative exposures where 

misclassification could have occurred. In the present bias analysis, we focused on 

the impact of exposure misclassification, which could have arisen in several ways. 

First, TCDD serum concentrations were measured in only a small proportion 



 

56 

(21.6%) of the total cohort, and employee serum was sampled between 17 and 19 

years after occupational exposure ceased. Given the age- and concentration-

dependent half-life of TCDD ranges from less than three years to over 10 years 

[83], the use of biomonitoring data could have resulted in underestimation of 

exposure for some workers and overestimation for others. In addition, exposure 

misclassification could also have resulted from a) using paper work history 

records and automated payroll records to determine job assignments for each 

worker, b) using interviews of current and former employees to qualitatively 

categorize departments and jobs with similar potential for exposure, and c) the 

multiple linear regression model used to estimate past exposures for each job 

exposure group. In addition, McBride et al. [22] compared IHD mortality in the 

higher cumulative exposure groups with that of the lowest cumulative exposure 

group, rather than with “never-exposed” workers. Consequently, the reported 

findings may not provide an estimate of the effect of TCDD exposure on IHD 

mortality that accurately corresponds to the true relationship [21, 77, 84]. 

In equation 19 of his 2008 journal article, Maldonado [5] described the 

mathematical relationship between a causal relative risk (e.g., causal odds ratio or 

incidence proportion ratio), an observed relative risk from a typical epidemiologic 

analysis, and error terms (for study imperfections and random error) as 

1

( )








adjusted

causal n

i

i

RR
E RR      (1) 
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where E(RRcausal) is the expected value of a causal relative risk, RRadjusted is an 

observed relative risk from a typical epidemiologic analysis (perhaps adjusted for 

covariates), i are error terms that describe the impact of study imperfections and 

random error on RRadjusted, and 

1

n

i

 denotes that the n error terms multiply. 

We modified Equation (1) to fit the topic of this manuscript, where the odds 

ratio is the relative risk of interest, and the only study bias under examination is 

that due to possible exposure misclassification. In this situation, Equation (1) 

simplifies to Equation (2), where OREM is an odds ratio adjusted for exposure 

misclassification, ORobserved is an observed crude odds ratio, and EM is the error 

term for exposure misclassification. 

OREM= 
ORobserved

εEM
         (2) 

 

Count data extracted from McBride et al. [22] were used to calculate a 

crude odds ratio (ORobserved) and 95% confidence interval for the association 

between TCDD exposure and ischemic heart disease mortality (Table 1). In the 

analysis presented here, in contrast to the analysis by McBride et al. [22], we 

chose to compare the IHD mortality of those TCP production workers that had the 

highest cumulative TCDD exposure with those at the facility who were considered 

never-exposed because 1) using an internal reference group may lessen the 

potential for confounding and healthy worker bias inherent in standardized 
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mortality ratios (SMRs) and 2) this contrast is the most extreme and so avoids 

dilution of the effect from combining all exposed workers, including those with 

much lower exposures, into one group [77, 84-87]. 

Table 1. Cell counts, crude odds ratio and 95% confidence interval for the 

association between TCDD exposure and ischemic heart disease using data 

reported by McBride et al. [22]. 

Outcome 

TCDD Exposure OBSERVED  

ODDS RATIO 

95% CONFIDENCE 

LIMITS Never-exposed ≥2085.8 ppt-mo 

IHD Cases 14 14 
3.05 1.42, 6.54 

Non-cases 451 148 
TCDD, 2,3,7,8-tetrachlorodibenzo-p-dioxin; ppt-mo, parts per trillion-month; IHD, ischemic heart disease 

 

To estimate the proportions of workers misclassified, we used a multi-step 

process. First, we defined a matrix of classification proportions for the exposure 

categories "never-exposed" and "ever-exposed" (E1 matrix) (Table 2). We then 

stratified the group classified in Table 2 as “ever-exposed” into two categories, 

specifying a second matrix of classification proportions for the exposures “0-

2085.7 ppt-mo” and “≥2085.8 ppt-mo” (E2 matrix) (Table 3). 

Table 2. E1 matrix of classification proportions for "never-exposed" and "ever-

exposed" categories. 

 True Exposure Status 

 IHD Cases Non-cases 

Classified 

Exposure Status 

Never-

exposed 

≥2085.8 

ppt-mo 

0-2085.7 

ppt-mo 

Never-

exposed 

≥2085.8 

ppt-mo 

0-2085.7 

ppt-mo 

Never-exposed e11 e12  e13 e14 e15 e16 

Ever-exposed e21 e22 e23 e24 e25 e26 

Total 1 1 1 1 1 1 
IHD, ischemic heart disease; ppt-mo, parts per trillion-month 
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Table 3. E2 matrix of classification proportions for "0-2085.7 ppt-mo" and 

"≥2085.8 ppt-mo" categories. 

 IHD Cases Classified as Ever-exposed Non-cases Classified as Ever-exposed 

Classified 

Exposure Status 

True  

Never-

exposed  

(e21) 

True  

≥2085.8 

 ppt-mo  

(e22) 

True  

0-2085.7  

ppt-mo  

(e23) 

True  

Never-

exposed  

(e24) 

True  

2085.8  

ppt-mo  

(e25) 

True  

0-2085.7 

ppt-mo  

(e26) 

≥2085.8 ppt-mo e31 e32 e33 e34 e35 e36 

0-2085.7 ppt-mo e41 e42 e43 e44 e45 e46 

Total 1 1 1 1 1 1 
IHD, ischemic heart disease; ppt-mo, parts per trillion-month 

 

Probability distributions for the 12 exposure-classification parameters (e21, 

e12, e13, e24, e15, e16, e31, e42, e33, e34, e45, e36) were constructed using published 

exposure data available for the same cohort of New Zealand TCP workers [88, 

89]. Although the studies of this cohort by Aylward et al. [88] and Collins et al. 

[89] did not provide any exposure validation estimates, we were able to use the 

data described in these studies to specify probability distributions for the 

exposure-classification parameters. For example, in Collins et al. [89] the authors 

note that one of the 105 workers in the “never-exposed” group had a TCDD serum 

concentration “clearly outside the range of New Zealand background” and, 

according to the employee questionnaire, worked on the incinerator, which was 

categorized as having high continuous exposure potential. The resulting proportion 

(~1%) was used to define the exposure-classification probability distributions for 

e12 (the proportion of IHD cases with exposure “≥2085.8 ppt-mo” misclassified as 

“never-exposed”), e13 (the proportion of IHD cases with exposure “0-2085.7 ppt-

mo” misclassified as “never-exposed”), e15 (the proportion of non-cases with 
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exposure “≥2085.8 ppt-mo” misclassified as “never-exposed”), and e16 (the 

proportion of non-cases with exposure “0-2085.7 ppt-mo” misclassified as “never-

exposed”). More specifically, for these four parameters we set the mode/likeliest 

value of the classification probability distributions to 0.01, the minimum to 0.005, 

and the maximum to 0.015. We also used data from Collins and colleagues [89] to 

construct the probability distributions for the classification parameters e21 (the 

proportion of IHD cases with no occupational exposure misclassified as “ever-

exposed”) and e24 (the proportion of non-cases with no occupational exposure 

misclassified as “ever-exposed”). The probability distributions for these 

parameters were determined using the minimum and maximum proportions (17%-

32%) of JEG-specific serum donors that had mean TCDD serum concentrations 

less than 3.9 ppt lipid (i.e., the lipid-adjusted serum background level for New 

Zealanders of comparable age) [22, 90]. Here, we set the mode/likeliest values of 

the classification probability to 0.25, the minimum to 0.15 and the maximum to 

0.35. 

The exposure classification probability distributions for e42, e33, e45, and e36 

were constructed using data from the Aylward et al. study of this cohort [88]. A 

total of 11 individuals out of 343 (i.e., 346 individuals that donated serum for 

analysis minus three workers excluded from the model) had much higher 

measured TCDD concentrations compared to their modeled exposure. Of these 11, 

seven were identified by the study authors as having been misclassified, giving a 
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proportion of 7/343 = 0.02 for those workers who may have truly had considerable 

exposure (i.e., “≥2085.8 ppt-mo”) but would have been classified into one of the 

middle exposure categories (e42 and e45). For workers who were categorized in the 

highest exposure group but had much lower exposures, we estimated the 

proportion (i.e., e33 and e36) to be 4/343, or 1.17%, using data from Figure 1 of the 

Aylward publication [88] and assuming that a smaller proportion of workers 

would have their exposures overestimated to such a magnitude that they would be 

classified in the highest category. Lastly, we estimated that the proportion of 

workers classified in the highest exposure category who were truly never 

occupationally exposed (e31 and e34) at this New Zealand facility to be ~1% (1/105; 

4/343). The mode/likeliest, minimum and maximum values were all determined in 

a similar manner to the method we used for the parameters e12, e13, e15, and e16. 

Several different distributions (Tables 4A and 4B) were specified to 

account for varying levels of misclassification and assess differences in the impact 

of non-differential (in expectation) and differential misclassification. To start, we 

defined two basic distributions (i.e., uniform and triangular) and a modified beta 

distribution (called a betaPERT or simply PERT) using the proportions described 

in the previous paragraphs (scenarios 1, 3 and 5). We chose the betaPert 

distribution – which is renormalized over a finite range other than [0,1] and 

reparameterized by the minimum, maximum, and mode or likeliest value – as a 

smoother alternative to the triangular distribution [24]. Because we collapsed the 
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Table 4A. Description of probability distributions used for classification parameters for cases. 
Scenario e21 e12 e13 e31 e42 e33 

Non-differentiala       

1 
Uniformb 

(0.15, 0.35) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.01, 0.03) 

Uniform  

(0.005, 0.015) 

2 
Uniform 

(0.05, 0.15) 

Uniform  

(0.025, 0.075) 

Uniform  

(0.05, 0.15) 

Uniform  

(0.01, 0.03) 

Uniform  

(0.05, 0.15) 

Uniform  

(0.025, 0.075) 

3 
Triangularc 

(0.15, 0.25, 0.35) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.01, 0.02, 0.03) 

Triangular  

(0.005, 0.01, 0.015) 

4 
Triangular 

(0.05, 0.1, 0.15) 

Triangular  

(0.025, 0.05, 0.075) 

Triangular  

(0.05, 0.10, 0.15) 

Triangular  

(0.01, 0.02, 0.03) 

Triangular  

(0.05, 0.1, 0.15) 

Triangular  

(0.025, 0.05, 0.075) 

5 
BetaPertd 

(0.15, 0.25, 0.35) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.01, 0.02, 0.03) 

BetaPert  

(0.005, 0.01, 0.015) 

6 
BetaPert 

(0.05, 0.1, 0.15) 

BetaPert  

(0.025, 0.05, 0.075) 

BetaPert  

(0.05, 0.10, 0.15) 

BetaPert  

(0.01, 0.02, 0.03) 

BetaPert  

(0.05, 0.1, 0.15) 

BetaPert  

(0.025, 0.05, 0.075) 

Differentiale 
      

7 Uniform 

(0.15, 0.35) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.01, 0.03) 

Uniform  

(0.005, 0.015) 

8 Uniform 

(0.05, 0.15) 

Uniform  

(0.025, 0.075) 

Uniform  

(0.05, 0.15) 

Uniform  

(0.01, 0.03) 

Uniform  

(0.05, 0.15) 

Uniform  

(0.025, 0.075) 

9 Triangularc 

(0.15, 0.25, 0.35) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.01, 0.02, 0.03) 

Triangular  

(0.005, 0.01, 0.015) 

10 Triangular 

(0.05, 0.1, 0.15) 

Triangular  

(0.025, 0.05, 0.075) 

Triangular  

(0.05, 0.10, 0.15) 

Triangular  

(0.01, 0.02, 0.03) 

Triangular  

(0.05, 0.1, 0.15) 

Triangular  

(0.025, 0.05, 0.075) 

11 BetaPertd 

(0.15, 0.25, 0.35) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.01, 0.02, 0.03) 

BetaPert  

(0.005, 0.01, 0.015) 

12 BetaPert 

(0.05, 0.1, 0.15) 

BetaPert  

(0.025, 0.05, 0.075) 

BetaPert  

(0.05, 0.10, 0.15) 

BetaPert  

(0.01, 0.02, 0.03) 

BetaPert  

(0.05, 0.1, 0.15) 

BetaPert  

(0.025, 0.05, 0.075) 

Differentialf 
      

13 
Uniform 

(0.10, 0.25) 

Uniform  

(0.0025, 0.0075) 

Uniform  

(0.0025, 0.0075) 

Uniform  

(0.0025, 0.0075) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.0025, 0.0075) 
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14 
Uniform 

(0.025, 0.075) 

Uniform  

(0.0125, 0.0375) 

Uniform  

(0.025, 0.075) 

Uniform  

(0.005, 0.015) 

Uniform  

(0.025, 0.075) 

Uniform  

(0.0125, 0.0375) 

15 
Triangular 

(0.10, 0.175, 0.25) 

Triangular 

(0.0025, 0.005, 0.0075) 

Triangular  

(0.0025, 0.005, 0.0075) 

Triangular  

(0.0025, 0.005, 0.0075) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.0025, 0.005, 0.0075) 

16 
Triangular 

(0.025, 0.05, 0.075) 

Triangular  

(0.0125, 0.025, 0.0375) 

Triangular  

(0.025, 0.05, 0.075) 

Triangular  

(0.005, 0.01, 0.015) 

Triangular  

(0.025, 0.05, 0.075) 

Triangular  

(0.0125, 0.025, 0.0375) 

17 
BetaPert 

(0.10, 0.175, 0.25) 

BetaPert  

(0.0025, 0.005, 0.0075) 

BetaPert  

(0.0025, 0.005, 0.0075) 

BetaPert  

(0.0025, 0.005, 0.0075) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.0025, 0.005, 0.0075) 

18 
BetaPert 

(0.025, 0.05, 0.075) 

BetaPert  

(0.0125, 0.025, 0.0375) 

BetaPert  

(0.025, 0.05, 0.075) 

BetaPert  

(0.005, 0.01, 0.015) 

BetaPert  

(0.025, 0.05, 0.075) 

BetaPert  

(0.0125, 0.025, 0.0375) 
aIn expectation- the individual trials may only be approximately non-differential, but the average difference across all simulation trials is 0. 
bContinuous uniform distribution (minimum, maximum). 
cTriangular distribution (minimum, mode, maximum). 
dBetaPERT distribution (minimum, likeliest, maximum). 
eCases have a greater proportion of misclassified. 
fNon-cases have a greater proportion of misclassified. 
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Table 4B. Description of probability distributions used for classification parameters for non-cases. 

Scenario e24 e15 e16 e34 e45 e36 

Non-differentiala       

1 
Uniformb 

(0.15, 0.35) 

Uniform 

(0.005, 0.015) 

Uniform 

(0.005, 0.015) 

Uniform 

(0.005, 0.015) 

Uniform 

(0.01, 0.03) 

Uniform  

(0.005, 0.015) 

2 
Uniform 

(0.05, 0.15) 

Uniform 

(0.025, 0.075) 

Uniform 

(0.05, 0.15) 

Uniform 

(0.01, 0.03) 

Uniform 

(0.05, 0.15) 

Uniform  

(0.025, 0.075) 

3 
Triangularc 

(0.15, 0.25, 0.35) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular 

(0.01, 0.02, 0.03) 

Triangular  

(0.005, 0.01, 0.015) 

4 
Triangular 

(0.05, 0.1, 0.15) 

Triangular 

(0.025, 0.05, 0.075) 

Triangular 

(0.05, 0.10, 0.15) 

Triangular 

(0.01, 0.02, 0.03) 

Triangular 

(0.05, 0.1, 0.15) 

Triangular  

(0.025, 0.05, 0.075) 

5 
BetaPertd 

(0.15, 0.25, 0.35) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert 

(0.01, 0.02, 0.03) 

BetaPert  

(0.005, 0.01, 0.015) 

6 
BetaPert 

(0.05, 0.1, 0.15) 

BetaPert 

(0.025, 0.05, 0.075) 

BetaPert 

(0.05, 0.10, 0.15) 

BetaPert 

(0.01, 0.02, 0.03) 

BetaPert 

(0.05, 0.1, 0.15) 

BetaPert  

(0.025, 0.05, 0.075) 

Differentiale       

7 
Uniform 

(0.10, 0.25) 

Uniform 

(0.0025, 0.0075) 

Uniform 

(0.0025, 0.0075) 

Uniform 

(0.0025, 0.0075) 

Uniform 

(0.005, 0.015) 

Uniform  

(0.0025, 0.0075) 

8 
Uniform 

(0.025, 0.075) 

Uniform 

(0.0125, 0.0375) 

Uniform 

(0.025, 0.075) 

Uniform 

(0.005, 0.015) 

Uniform 

(0.025, 0.075) 

Uniform  

(0.0125, 0.0375) 

9 
Triangular 

(0.10, 0.175, 0.25) 

Triangular 

(0.0025, 0.005, 0.0075) 

Triangular 

(0.0025, 0.005, 0.0075) 

Triangular 

(0.0025, 0.005, 0.0075) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular  

(0.0025, 0.005, 0.0075) 

10 
Triangular 

(0.025, 0.05, 0.075) 

Triangular 

(0.0125, 0.025, 0.0375) 

Triangular 

(0.025, 0.05, 0.075) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular 

(0.025, 0.05, 0.075) 

Triangular  

(0.0125, 0.025, 0.0375) 

11 
BetaPert 

(0.10, 0.175, 0.25) 

BetaPert 

(0.0025, 0.005, 0.0075) 

BetaPert 

(0.0025, 0.005, 0.0075) 

BetaPert 

(0.0025, 0.005, 0.0075) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert  

(0.0025, 0.005, 0.0075) 

12 
BetaPert 

(0.025, 0.05, 0.075) 

BetaPert 

(0.0125, 0.025, 0.0375) 

BetaPert 

(0.025, 0.05, 0.075) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert 

(0.025, 0.05, 0.075) 

BetaPert  

(0.0125, 0.025, 0.0375) 

Differentialf       

13 

Uniform 

(0.15, 0.35) 

Uniform 

(0.005, 0.015) 

Uniform 

(0.005, 0.015) 

Uniform 

(0.005, 0.015) 

Uniform 

(0.01, 0.03) 

Uniform  

(0.005, 0.015) 
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14 

Uniform 

(0.05, 0.15) 

Uniform 

(0.025, 0.075) 

Uniform 

(0.05, 0.15) 

Uniform 

(0.01, 0.03) 

Uniform 

(0.05, 0.15) 

Uniform  

(0.025, 0.075) 

15 

Triangularc 

(0.15, 0.25, 0.35) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular 

(0.005, 0.01, 0.015) 

Triangular 

(0.01, 0.02, 0.03) 

Triangular  

(0.005, 0.01, 0.015) 

16 

Triangular 

(0.05, 0.1, 0.15) 

Triangular 

(0.025, 0.05, 0.075) 

Triangular 

(0.05, 0.10, 0.15) 

Triangular 

(0.01, 0.02, 0.03) 

Triangular 

(0.05, 0.1, 0.15) 

Triangular  

(0.025, 0.05, 0.075) 

17 

BetaPertd 

(0.15, 0.25, 0.35) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert 

(0.005, 0.01, 0.015) 

BetaPert 

(0.01, 0.02, 0.03) 

BetaPert  

(0.005, 0.01, 0.015) 

18 

BetaPert 

(0.05, 0.1, 0.15) 

BetaPert 

(0.025, 0.05, 0.075) 

BetaPert 

(0.05, 0.10, 0.15) 

BetaPert 

(0.01, 0.02, 0.03) 

BetaPert 

(0.05, 0.1, 0.15) 

BetaPert  

(0.025, 0.05, 0.075) 
aIn expectation- the individual trials may only be approximately non-differential, but the average difference across all simulation trials is 0. 
bContinuous uniform distribution (minimum, maximum). 
cTriangular distribution (minimum, mode, maximum). 
dBetaPERT distribution (minimum, likeliest, maximum). 
eCases have a greater proportion of misclassified. 
fNon-cases have a greater proportion of misclassified.
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three lowest cumulative TCDD exposure groups into one category, our initial 

distribution assumptions were likely more representative of the misclassification 

between the “never-exposed” group and the upper end of the collapsed category 

(i.e., "0-2085.7 ppt-mo") or the lower end of the collapsed category and workers 

with an exposure ≥2085.8 ppt-mo. To capture the potential for greater 

misclassification between employees who were classified as “never-exposed” and 

the lower end of the collapsed category, as well as the upper end of the collapsed 

group and the highest exposure group, we multiplied the majority of distribution 

parameters by either a factor of two (e31, e34), five (e12, e42, e33, e15, e45, e36), or 10 

(e13, e16). This increased the degree of misclassification to levels we believed to be 

reasonable between the three exposure groups (e.g., we assumed misclassification 

between the highest exposure group and those workers who were never exposed 

would be less than that between workers in the never-exposed group and those in 

the “0-2085.7 ppt-mo” exposure group) [91, 92]. e21 and e24 were the only 

classification parameters that we decreased – by a factor of 2-3 – so they would be 

more consistent with the other levels of misclassification.  

Next, we modified the six non-differential scenarios to define differential 

scenarios in which a greater proportion of cases were misclassified (scenarios 7-

12) and a greater proportion of non-cases were misclassified (scenarios 13-18). In 

the former, the same probability distributions defined for the non-differential 

scenarios were used for the classification parameters for cases. For non-cases, we 
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set the minimum, maximum and mode/likeliest values for most classification 

parameters equal to that for cases divided by two. The distribution values for e24 in 

scenarios 7, 9 and 11 were divided by factors of 1.4 to 1.5. These changes were 

expected to shift the distributions for non-cases far enough to the left to ensure 

differential misclassification while preserving a practical level of 

misclassification. For scenarios 13-18, the same strategy was applied: the 

probability distributions specified for the non-differential scenarios were used for 

the classification parameters for non-cases, with the distributions for cases shifted 

slightly to the left. 

Figure 1 illustrates the probability input required for any given simulation 

using the parameter distributions constructed for Scenario 12 (see Tables 4A and 

4B) by cases (A) and non-cases (B). For example, the betaPert distributions for 

cases range from 0.05 to 0.15 for parameters e21, e13, and e42, 0.025 to 0.075 for 

parameters e12 and e33, and 0.01 to 0.03 for e31. The misclassification proportions 

for non-cases also had betaPert distributions, ranging from 0.025 to 0.075 for 

parameters e24, e16, and e45, 0.0125 to 0.0375 for parameters e15 and e36, and 0.005 

to 0.015 for e34. To limit the degree of differentiality (i.e., the amount of 

differential exposure misclassification between cases and non-cases) for any given 

simulation trial [56], we designated a correlation of 0.75 between the sampled 

proportions for cases and non-cases. This was done because, while 

misclassification could be differential, we had no reason to believe there would be
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Figure 1. Parameter distributions for scenario 12 by cases (A) and non-cases (B).
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extreme differences between the classification proportions for cases and non-cases 

in any given simulation trial.  

For each scenario, the parameter distributions specified in the E1 and E2 

matrices were sampled using Crystal Ball software (Oracle Corporation, Redwood 

Shores, CA) and then combined into a matrix of disease- and exposure-

classification proportions (P matrix; Table 5). In this example, the classification 

proportions for disease misclassification, which is included in the P matrix for 

functional purposes, were set to one and zero. The inverse of the P matrix was 

then multiplied by the vector of observed cell counts using the matrix method of 

Greenland and Kleinbaum [40] (Figure 2) to generate adjusted counts of cases and 

non-cases by exposure group. These counts were then used to estimate odds ratios 

adjusted for exposure misclassification. Each analysis was conducted separately 

and was based on 50,000 re-samplings of the specified parameter distributions. 

We used the simulation output for each scenario to create frequency distributions 

for OREM and EM. The lower 2.5 and upper 97.5 percentiles of each frequency 

distribution were used to estimate 95% certainty intervals for the distribution of 

adjusted odds ratios and error terms.  

 

Results 

Results for each probabilistic simulation are summarized in Table 6. None 

of the simulation trials produced negative numbers of adjusted cases or non-cases.
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Table 5. P matrix as a function of exposure (E1 and E2) and diseasea classification matrices. 

  True Exposure and Disease Status 

  IHD Cases Non-cases 

Classified 

Disease Status 

Classified 

Exposure Status Never-exposed ≥2085.8 ppt-mo 0-2085.7 ppt-mo Never-exposed ≥2085.8 ppt-mo 0-2085.7 ppt-mo 

IHD Cases 

Never-exposed p11 = e11 p12 = e12 p13 = e13 p14 = 0 p15 = 0 p16 = 0 

≥2085.8 ppt-mo p21 = e21 ∙ e31 p22 = e22 ∙ e32 p23 = e23 ∙ e33 p24 = 0 p25 = 0 p26 = 0 

0-2085.7 ppt-mo p31 = e21 ∙ e41 p32 = e22 ∙ e42 p33 = e23 ∙ e43 p34 = 0 p35 = 0 p36 = 0 

        

Non-cases 

Never-exposed p41 = 0 p42 = 0 p43 = 0 p44 = e14 p45 = e15 p46 = e16 

≥2085.8 ppt-mo p51 = 0 p52 = 0 p53 = 0 p54 = e24 ∙ e34 p55 = e25 ∙ e35 p56 = e26 ∙ e36 

0-2085.7 ppt-mo p61 = 0 p62 = 0 p63 = 0 p64 = e24 ∙ e44 p65 = e25 ∙ e45 p66 = e26 ∙ e46 

 Total 1 1 1 1 1 1 
IHD, ischemic heart disease; ppt-mo, parts per trillion-month 
aDisease classification parameters are set to zero and one, which assumes no disease misclassification.
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Figure 2. Example inverse classification proportion matrix multiplied by the vector of observed cell counts to estimate 

adjusted counts. Values presented were taken from a single simulation trial under Scenario 12. 

Classified 

Disease Status 

Classified 

Exposure Status 

 True Exposure and Disease Status  

Observed 

Counts 

 

Adjusted 

Counts 

 IHD Cases  Non-cases   

  Never-exposed  ≥2085.8 ppt-mo  0-2085.7 ppt-mo   Never-exposed  ≥2085.8 ppt-mo  0-2085.7 ppt-mo   

              

IHD Cases 

Never-exposed   1.1253484  -0.051486528  -0.128909879   0  0  0 

    X 

14 

= 

8.97530 

≥2085.8 ppt-mo   0.0055745  1.176215547 -0.062558068   0  0  0 14 13.60483 

0-2085.7 ppt-mo  -0.130923 -0.124729018  1.191467947   0  0  0 47 52.41987 

IHD Non-cases 

Never-exposed   0  0  0   1.0555799  -0.025526115  -0.056326857 451 420.18634 

≥2085.8 ppt-mo   0  0  0   0.0008778  1.081059854 -0.027766869 148 134.70840 

0-2085.7 ppt-mo   0  0  0  -0.056458 -0.055533738  1.084093727 925 969.10525 
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Table 6. Geometric mean (GM) and 95% certainty intervals for OREM 

and EM after 50,000 simulation trials by scenario. 

  OREM 
 EM 

Scenario 

% of Trials with  

OREM > ORobserved GM 

95% Certainty 

Interval 

 

GM 

95% Certainty 

Interval 

Non-differentiala       

1 83.0 3.21 2.85 – 3.61  0.95 0.84 – 1.07 

2 99.9 5.05 3.58 – 7.60  0.60 0.40 – 0.85 

3 90.6 3.21 2.97 – 3.47  0.95 0.88 – 1.03 

4 100 4.96 3.90 – 6.61  0.61 0.46 – 0.78 

5 92.1 3.21 2.99 – 3.44  0.95 0.88 – 1.02 

6 100 4.94 3.96 – 6.41  0.62 0.47 – 0.77 

Differential Ab       

7 16.3 2.89 2.60 – 3.20  1.05 0.95 – 1.17 

8 100 4.87 3.55 – 7.30  0.63 0.42 – 0.86 

9 7.5 2.89 2.69 – 3.10  1.05 0.98 – 1.13 

10 100 4.80 3.78 – 6.54  0.64 0.47 – 0.81 

11 6.0 2.89 2.70 – 3.08  1.05 0.99 – 1.13 

12 100 4.78 3.84 – 6.32  0.64 0.48 – 0.79 

DifferentialBc       

13 99.4 3.47 3.13 – 3.86  0.88 0.79 – 0.97 

14 95.3 3.81 2.96 – 5.00  0.80 0.61 – 1.03 

15 100 3.47 3.23 – 3.74  0.88 0.82 – 0.94 

16 99.4 3.80 3.17 – 4.64  0.80 0.66 – 0.96 

17 100 3.47 3.25 – 3.71  0.88 0.82 – 0.94 

18 99.7 3.80 3.21 – 4.55  0.80 0.67 – 0.95 

OREM, odds ratio adjusted for exposure misclassification; ORobserved, odds ratio for observed data; EM, error term for 

exposure misclassification 
a
In expectation- individual simulation trials may be differential. 

bCases have a greater proportion misclassified. 
cNon-cases have a greater proportion misclassified. 

 

The geometric mean of the odds ratio adjusted for exposure 

misclassification (OREM) ranged from 2.89 (certainty interval (CI): 2.60-3.20) to 

5.05 (CI: 3.58-7.60). The geometric mean error factor had a range of 0.60 (CI: 

0.40-0.85) to 1.05 (CI: 0.95-1.17). Varying the shape of the parameter distribution 
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had no impact on the geometric mean for either the error factor or adjusted odds 

ratio. However, we observed greater precision of the certainty intervals for 

scenarios where we specified the betaPert or triangular distributions. Not 

unexpectedly, the width of the certainty intervals was also affected by the degree 

of misclassification such that those scenarios with a greater degree of 

misclassification had much wider intervals. 

For 14 of the 18 scenarios, greater than 90% of the simulation trials yielded 

adjusted ORs greater than the unadjusted ORobserved, producing a slight shift of the 

adjusted OR frequency distributions away from the crude OR and the null (Figures 

3A-3C). In all non-differential scenarios (scenarios 1-6) and differential scenarios 

in which non-cases had greater proportions of misclassification (scenarios13-18), 

the ORobserved was biased toward the null, although the impact of exposure 

misclassification was slightly attenuated in the differential scenarios compared to 

the non-differential scenarios.  

The results for the differential simulations where cases had higher 

proportions of misclassification were more complex. Adjustment for 

misclassification in scenarios 8, 10, and 12, which ranged between 1% and 15% 

for cases and 0.5% and 7.5% for non-cases, demonstrated that the unadjusted odds 

ratio of 3.05 was also biased toward the null. In contrast, for scenarios 7, 9, and 

11, where we specified only a minimal degree of misclassification for most 

classification parameters (i.e., cases ranging from 0.5% to 1.5% and non-cases 
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Figure 3A. Frequency distributions of OREM for non-differential scenarios. 
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Figure 3B. Frequency distributions of OREM for differential A scenarios. 
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Figure 3C. Frequency distributions of OREM for differential B scenarios. 
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ranging from 0.25% to 0.75%), the geometric mean EM was considerably closer to 

one and the geometric mean OREM of 2.89 was smaller than the ORobserved.  

To examine which parameters most influenced the direction of the error in 

scenarios 7, 9, and 11, we modified the proportions specified in scenario 11 for 

each classification pair individually (i.e., e21 and e24, e42 and e45, etc.). Changing 

the classification proportions e21/24, e12/15, and e42/45 produced the smallest 

difference (geometric mean OREM range: 3.02 – 3.07) from the unadjusted odds 

ratio, while independently increasing e13/16, e31/34, and e33/36 had the greatest 

influence on the direction of the error. More precisely, varying e13/16 produced a 

geometric mean OREM greater than ORobserved, but increasing the parameters e31/34 or 

e33/36 yielded geometric mean OREMs of 2.86 and 2.85, respectively, suggesting 

these parameters are driving the results observed for scenarios 7, 9, and 11. 

 

Discussion 

We conducted a probabilistic uncertainty analysis to quantify how one 

source of systematic error – exposure misclassification – may affect the exposure-

disease response in a historical cohort of occupational workers. We chose to 

investigate several scenarios because very little published information existed for 

this cohort with which to validate exposure classification, no information about the 

shapes of the parameter distributions was available, and we had no reason to 

assume exposure misclassification was completely independent of disease status. 



 

78 

More importantly, we provided details about conducting such an analysis when 

exposure is a polytomous variable. Furthermore, we did not assume 

misclassification occurred only between adjacent exposure categories. 

Similar to Rosenbaum et al. [93], our example demonstrates that even small 

amounts of exposure misclassification can noticeably influence an estimate of 

effect. In our study, the magnitude of impact fluctuated based on whether 

misclassification was differential or non-differential and the degree of 

misclassification. Equally noteworthy is the importance of the size of cell counts. 

Our findings suggest that moving even a few individuals from those cells with the 

smallest counts can considerably affect the direction and magnitude of the error. 

While the analyses described here provide some broad understanding of the nature 

and extent of the effects that differential and non-differential exposure 

misclassification may have on a measure of effect for the highest category in a 

multi-level exposure study, we suggest using caution when generalizing these 

results to other historical cohorts because the direction and degree of bias we 

observed may be specific to the data structure of the cohort used in this example.  

Detailed exposure validation data was not available for the cohort of New 

Zealand workers studied by McBride and colleagues [22], and it wasn’t possible to 

use data from other cohorts of TCDD-exposed chemical production workers since 

they generally had much higher exposures than those at the New Zealand TCP 

plant. Using the exposure information that was described in the published 
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literature for the NZ workers, we were able to form some initial assumptions as to 

what the parameter distributions looked like and then modify these scenarios in 

order to explore the sensitivity of ORobserved to the effects of different levels and 

types of exposure misclassification. However, there is certainly the potential for 

higher proportions of exposure misclassification than we proposed in our analyses. 

The extraction of study data for probabilistic uncertainty analysis and specification 

of probability distributions for error-term parameters can, at times, be dependent 

on somewhat unrefined methods, with some assumptions merely being nothing 

more than one’s “best guess.” Undoubtedly, probabilistic bias analysis may be an 

uncertain means of quantifying error from exposure misclassification when no 

information or data about the level of misclassification can be obtained.  

The uncertainty analyses described here do not constitute a complete 

probabilistic bias analysis as only one source of study error was assessed. In 

addition, our examples explicitly assume that there was no disease 

misclassfication, no selection bias, and no residual confounding, which is not 

likely to be accurate. Accordingly, it would be inappropriate to make any causal 

judgment regarding the exposure-disease relationship for TCDD and IHD 

mortality in this group of workers based on the results presented here. 

Nonetheless, our findings demonstrate that probabilistic uncertainty analysis of 

historical cohort mortality studies can be an effective tool for understanding trends 

in study error stemming from exposure misclassification in these types of studies 
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and confirms the importance of quantifying sources of systematic error prior to 

inferring whether an exposure-disease association is causal. Combining this 

probabilistic uncertainty model with other models we developed to adjust for 

sources of disease misclassification [39] is the next step in constructing a 

comprehensive model which researchers can use to quantitatively evaluate study 

bias in mortality studies. We encourage public health researchers to conduct such 

assessments of those historical cohort mortality studies with defined multi-level 

exposure categories, and hope further development of this method will produce an 

epidemiologic tool that is helpful in guiding human health risk assessments and 

public health policy decisions.  
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CHAPTER V 

CONCLUSIONS 

 

This body of work initially began as a “simple” assessment of the combined 

impact of exposure and disease misclassification on a measure of effect for a 

historical cohort mortality study. Preliminary analyses demonstrated that 1) use of 

the odds ratio as a measure of effect results in disease misclassification due to loss 

to follow up and 2) when disease-specific mortality – rather than incidence or total 

mortality – is the outcome of interest, sensitivity and specificity proportions can 

inappropriately be applied to living study subjects. A third challenge of conducting 

the initial bias analysis resulted from exposure being measured as a multi-level 

variable. As the initial analysis evolved to adequately address each of these 

challenges, three different probabilistic bias-analysis models were developed to 

form a complete dissertation. The primary objectives of this research were to 

illustrate how to adjust an odds ratio for different sources of systematic study error 

using Monte Carlo simulation methods and to evaluate the effects of these specific 

sources of disease and misclassification error. 

For ease of implementation, the development of all three methods followed 

a general framework: 1) calculate an observed measure of effect, 2) identify bias-

analysis parameters, 3) identify sources of data needed to inform probability 

distributions for bias-analysis parameters, 4) specify probability distributions for 
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each bias-analysis parameter, 5) sample probability distributions using Monte 

Carlo methods to correct the appropriate cell counts, 6) calculate an adjusted 

measure of effect using corrected cell counts, and 7) summarize the results. Each 

of these steps was described in detail along with any assumptions necessary to 

implement the methods. For example, since there was no reason to believe that 

either exposure or disease misclassification was only non-differential, this research 

included both non-differential and differential simulation scenarios. Equally 

important, these methods illustrated the use of both internal and external sources 

of validation data for specifying probability distributions. 

Conventional practice when interpreting epidemiological findings most 

often incorrectly concludes systematic study error is non-differential and either has 

little or no impact on the observed exposure-disease relationship or biases an 

effect toward the null. However, application of probabilistic bias analyses to adjust 

for different types of misclassification may well be a considerable improvement 

over making such conjectures. Results for each of the three methods developed 

here demonstrated that various sources of error can impact a measure of effect 

differently and that even small amounts of misclassification can noticeably affect 

study results, particularly when cell counts are small. In addition, it was shown 

that, while non-differential misclassification typically produces a measure of effect 

biased toward the null, bias does occur in both directions and is much more 

unpredictable when misclassification is differential.  
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Despite the benefits of using the methods described here to quantify the 

effects of exposure and disease misclassification, implementation can be difficult. 

Although access to the original study data is not necessary, it allows for fewer 

assumptions when constructing probability distributions for each bias-analysis 

parameter. The availability and quality of external validation data can also limit 

the usefulness of these methods. Lastly, the process of selecting the appropriate 

distributions and integrating all relevant, and sometimes conflicting, information 

into those distributions can itself be prone to error and personal bias. 

This research has provided a strong foundation for incorporating 

probabilistic bias-analysis methods into standard epidemiological studies. Yet, 

there are several questions that need to be investigated further including whether 

modifying the degree of differentiality impacts the simulation results and whether 

there are any potential differences between using an odds ratio or incidence 

proportion ratio as the measure of effect. Additionally, it is unknown if the 

observed trends in direction and magnitude of systematic error are specific to a 

study’s data structure or if they are indicative of broad findings that could be 

generalized to all historical cohort mortality studies. Finally, it will be necessary to 

develop a comprehensive model which researchers can use to quantitatively 

evaluate the combined effect of these sources of systematic bias and identify the 

mathematical function that best describes their relationship. The results of this 

research have already revealed that adjustment for disease misclassification due to 
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incorrect cause of death data must be done prior to adjustment for disease 

misclassification resulting from loss to follow-up. However, the order of 

adjustment for other study errors – such as disease misclassification and 

confounding – will need to be ascertained. 

The degree of uncertainty in an estimate of effect can be useful knowledge 

as it allows others, particularly risk assessors and those involved in policy and 

funding decisions, to evaluate whether a given point estimate is considerably 

prone to systematic study error and to what end. Hopefully, the practice of 

conducting probabilistic bias analyses will become more routine with the 

continued development and refinement of methods to account for sources of these 

errors. 
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Table A1. ICD-9 and ICD-10 codes for most diseases of the circulatory system. 

Description of ICD-9 Code ICD-9 Code ICD-10 Code Description of ICD-10 Code 

Essential hypertension 401 I10 Essential (primary) hypertension 

Hypertensive heart disease 402 I11 Hypertensive heart disease 

Hypertensive chronic kidney disease 403 I12 Hypertensive chronic kidney disease 

Hypertensive heart and chronic kidney disease 404 I13 Hypertensive heart and chronic kidney disease 

Secondary hypertension 405 I15 Secondary hypertension 

--- --- I16 Hypertensive crisis 

Acute myocardial infarction 410 I21 Acute myocardial infarction 

Other acute and subacute forms of ischemic heart disease 411 I24 Other acute ischemic heart diseases 

Old myocardial infarction 412 I25 Chronic ischemic heart disease 

Angina pectoris 413 I20 Angina pectoris 

Other forms of chronic ischemic heart disease 414 I25 Chronic ischemic heart disease 

--- --- I22 Subsequent ST elevation and non-ST elevation 

myocardial infarction 

Certain sequelae of myocardial infarction not elsewhere 

classified 

429.79 I23 Certain current complications following ST elevation 

and non-ST elevation myocardial infarction (within the 

28 day period) 

Acute pulmonary heart disease 415 I26 Pulmonary embolism 

Chronic pulmonary heart disease 416 I27 Other pulmonary heart disease 

Other diseases of pulmonary circulation 417 I28 Other diseases of pulmonary vessels 

Acute pericarditis 420 I30 

I32 

Acute pericarditis 

Pericarditis in diseases classified elsewhere 

Acute and subacute endocarditis 421 I33 Acute and subacute endocarditis 

Acute myocarditis 422 I40 

I41 

Acute myocarditis 

Myocarditis in diseases classified elsewhere 

Other diseases of the pericardium 423 I31 Other diseases of pericardium 
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Other diseases of the endocardium 424 I34 

I35 

I36 

I37 

I38 

I39 

Nonrheumatic mitral valve disorders 

Nonrheumatic aortic valve disorders 

Nonrheumatic tricuspid valve disorders 

Nonrheumatic pulmonary valve disorders 

Endocarditis, valve unspecified 

Endocarditis and heart valve disorders in diseases 

classified elsewhere 
 

Cardiomyopathy 425 I42 

I43 

Cardiomyopathy 

Cardiomyopathy in diseases classified elsewhere 

Conduction disorders 426 I44 

I45 

Atrioventricular and left bundle-branch block 

Other conduction disorders 

Cardiac dysrhythmias 427 I46 

I47 

I48 

I49 

Cardiac arrest 

Paroxysmal tachycardia 

Atrial fibrillation and flutter 

Other cardiac arrhythmias 

Heart failure 428 I50 Heart failure 

Ill-defined descriptions and complications of heart disease 429 I51 Complications and ill-defined descriptions of heart 

disease 

--- --- I52 Other heart disorders in diseases classified elsewhere 
ICD, international classification of diseases 

Shaded codes are for those considered to constitute ischemic heart disease 




