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INTRODUCTION

Problem:   Individual exposure histories are usually unknown or very uncertain -- but may strongly affect risk estimates.

· Examples:  Dose reconstruction for diesel exhaust (DE), benzene, etc. based on job classifications. 

· Administered vs. biologically effective dose:  Even if the former is known, the latter is uncertain and variable.

If exposure uncertainty is not explicitly represented in the statistical risk models used to analyze epidemiological data, incorrect risk estimates usually result.  

· Risk model without exposure uncertainty:

Excess risk = ( *(estimated exposure) + error
· Risk model with exposure uncertainty:

Excess risk = ( * (true exposure) + error

true exposure = estimated exposure - measurement error
Other problems:  What exposure metric should we use?  (And what risk model?)

· What is "exposure", anyway?

What are the Effects of Ignoring Exposure Uncertainty?

Conventional wisdom:  Ignoring measure-ment error in independent variables attenuates risk estimates.  

· True for simple linear regression model

· Not true more generally, e.g., with multiple risk factors or errors correlated with true exposure

Exposure measurement-error biases

"Measurement error" is a term used by statisticians to describe all of the following:

· Errors in exposure estimates (for continuous exposure)

· Errors in exposure status classification (for binary or categorical measures of exposure)

· Sampling errors in exposure measurements in situations where exposure is actually measured.

Statistical risk models that ignore measurement errors in exposure and/or other variables can produce incorrect conclusions about the qualitative and quantitative relations between exposure and health effects.  

Estimated effects have no necessary relation to true effects when models used ignore measurement errors.

EXPOSURE ERROR BIASES -- SOME TECHNICAL REFERENCES

· DESCRIPTION:  "Exposure measurement error is common in epidemiologic studies. … If the possibility of measurement error is ignored and a model is fitted using the erroneous covariate values, the estimates of the exposure-disease association will be biased.  In models with multiple covariates this bias can be either positive or negative because of residual confounding.  Even qualitative conclusions about the true effects, based on the idea of attenuation, can thus be false in such cases."  (Kuha 94, p. 1135).

· "If more than one exposure variable is present in the model and at least one variable is measured with error, then individual [logistic] regression coefficients based on the surrogates may either underestimate or overestimate the corresponding true regression coefficients, even for exposure variables that are measured without error."  (Rosner 90, p. 736)  

· For relative risk estimates in an exponential model, " Random error in numerical measurements of risk factors (covariates) in relative risk regressions [when the errors are] not dependent on outcome (nondifferential)… usually attenuates relative risk estimates (shifts them toward one) and leads to spuriously narrow confidence intervals." (Armstrong 90).  

· "Least squares provides consistent estimates of the regression coefficients beta in the model E[Y | x] = beta x when fully accurate measurements of x are available. However, in biomedical studies one must frequently substitute unreliable measurements X in place of x. This induces bias in the least squares coefficient estimates. In the univariate case, the bias manifests itself as a shrinkage toward zero, but this result does not generalize. When x is multivariate, then there are no predictable relationships between the signs or magnitudes of actual and estimated [linear] regression coefficients. (Aickin 96)
· "Many of these analyses fit some type of regression model (such as logistic regression or the Cox model for survival time data) that includes both the change in the risk factor and the baseline value as covariates. … When the true value of the risk factor relates to the outcome, and the measured value differs from the true value due to measurement error, [then] we may find the observed change in the risk factor significantly related to the outcome when there is in fact no relationship between the true change and the outcome. If the question of interest is whether a person who lowers his level of the risk factor by means of drugs or lifestyle changes will thereby reduce his risk of disease, then we should consider an association due solely to measurement error as spurious." (Cain 92)

· "Errors in a polytomous confounder or errors correlated with the true value of a continuous confounder may produce unpredictable bias… showing reversal of direction in trend or at some levels of a polytomous variable despite nondifferential errors. … Indeed, errors that strongly correlate with the true value of the confounder or with the exposure can produce the apparent anomaly that adjustment for a poorly measured variable yields an estimate that is more biased than the crude.."  (Wacholden 95)

· "Measurement error will alter the shape as well as the magnitude of the slope of relations of relative risk to the covariate.  For example, a quadratic relation of lung cancer risk with true pack-years of exposure to tobacco smoke could be distorted to a linear form due to this type of measurement error." These results "remain applicable… when 'logistic' regression is used to analyze case-control data stratified by age." (Armstrong 90, pp 1181-1182)

· "In ecologic studies, the exposure status of groups is often defined by the proportion of individuals exposed.  In these studies, nondifferential exposure misclassification is shown to produce overestimation of exposure-disease associations that may be extreme when the ecologically derived rates are applied to individuals."  (Brenner 92)

MAGNITUDE OF BIAS:  Often large.  "In the example the corrected parameter estimates from the two approximate models are very similar.  Both differ considerably from the naïve logistic estimates, indicating a large effect of the measurement error. …[This] supports the conclusion that covariate measurement error can have dramatic effects in a cohort study setting."  (Kuha 94)

"We estimate measurement error from a small subsample where we compare true with reported consumption. .... The resulting risk estimates differ sharply from those computed by standard logistic regression that ignores measurement error." (Schmid and Rosner 93)

Some Non-Bayesian Approaches to Measurement Error

1. Taylor series approximation ("regression-calibration")

2. Bashir 97 compares six different correction methods, five of which require either a validation study or repeated measurements on the same subjects.

3. SIMEX method

4. Markov chain Monte-Carlo (Gu 98).  (This may be Bayesian or non-Bayesian.)

5. Bootstrap (Huaka 95;  Kim 97)

6. Sensitivity analysis for measurement errors

Example of a simple correction procedure for univariate case (Kim 97):

Assume:

(a) True exposures are normally distributed in each stratum

(b) Measurement error is additive and normally distributed in each stratum

(c) Repeated measures of exposure are available for each individual

To correct for attenuation:

1. Estimate measurement variance and population exposure variance from mixed effects ANOVA of repeated measurements in each stratum.

2. Multiply each individual's average measured exposure by

                                      estimated exposure variance




        estimated exposure variance + estimated measurement error variance

3. Estimate true logistic regression coefficient by fitting conditional logistic regression model to the transformed averages. 

4. Bootstrap steps 1-3 to obtain confidence intervals.

Modeling Exposure Uncertainty

estimated exposure, x ( measurement error
(  Note:  Underlined quantities are observed
true exposure, X ( true exposure history
(
true health risk, p ( covariates Z, potency (
(








observed health outcome, y (0 = good, 1 = bad)

Some possible statistical risk models:

· p(x) = Pr(y = 1 | x) (averaged over individuals with different covariates and X values)

· p(X) = Pr(y = 1 | X) (averaged over Z)

· p(X, Z) = Pr(y = 1 | X, Z) 
(non-parametric)

· p(X, Z) = Pr(y = 1 | (, X, Z) (parametric)
Examples:  p(t) = exp((1x + (2z)p(0, t); p = (1 + (zx)p(0)
Given observed values x(i), y(i), z(i) for i = 1, 2, …, N, what is best estimate of p(x, z)?

 Bayesian Approaches to Dealing with Exposure Uncertainty

Framework

· Assume or estimate a "prior" model:
(a) Exposure-response model:  Pr(y | X, Z, ()

(b) Measurement error model:   Pr(x | X) or Pr(X | x)

(c) True exposure distribution:  Pr(X, Z)

· Observe data: D = [x(i), y(i), z(i), i = 1, 2, …, N]
· Infer exposure, parameters: Pr(X(i), ( | D)
Specific Techniques

1. Bayesian measurement-error models

2. Empirical-Bayes "hierarchical" models

3. Bayesian network models (Richardson 93)
4. Incomplete-data and computational Bayesian techniques

Bayesian Measurement-Error Models
Goal: Estimate Pr[y(i) | x(i)] and Pr[X(i) | x(i)]

Basic idea: 

· Pr[y(i) | x(i)] ( Pr[y(i) | X(i)], Pr[X(i) | x(i)]

· Pr[X(i) | x(i)] = Pr[x(i) | X(i)]Pr[X(i)]/Pr[x(i)]

Required inputs:  

· Pr[x(i)| X(i)] = measurement error model

· Estimate from validation study

· Estimate from repeated samples

· Estimate via modeling
·   Pr[X(i)] = population exposure model

Main limitations
· Required inputs may be uncertain/unknown.

· If X(i) depends on Z(i), then evaluating Pr[x(i)] may require a large numerical integration.
· Nice in theory -- but how to implement in practice?
Empirical-Bayes & "Hierarchical" Models

Goal:  Deal with unknown priors. 

Key idea:  Instead of assuming a prior distribution, estimate it from data.  

Example:  Assume a parametric prior frequency distribution for X in a population.  Estimate from the data a joint prior for X's "hyper-parameters".  Then, condition this prior on the observed data, x(i), for each individual to obtain an improved  posterior estimate for that individual's X(i) .  

Note:  Why not iterate?!
Include uncertainty in the estimated hyper-parameters in uncertainty about X(i).

Required inputs:  Data to estimate the approximate joint distribution of hyperparameters for model unknowns.

Empirical Bayes & Hierarchical Bayesian Models for Uncertain Exposure (Cont.)
Main limitations: May require large sample sizes and many parameters to work better than other methods (Greenland 93).

Main strengths:  

· The empirical Bayes strategy can be extended to non-parametric estimates of priors using the EM algorithm.  (EM is like data augmentation for posterior means instead of whole posterior distribution.)  (Louis 91)

· Gives more accurate Bayesian confidence intervals for exposures X and risk parameters, (, than naïve methods.

· Allows variability as well as uncertainty to be accounted for in estimating individual exposures and risks.

Bayesian Network Models (Richardson 93)
Goal:  Use all available data, including data on health outcomes, to obtain the best possible probabilistic estimates of individual exposures and their effects.

Basic idea: 

(a) Represent conditional independence relations among quantities by directed graphs:  x ( X ( y ( Z.  ("Causal graph")
(b) Quantify conditional relations:

· Measurement error model:  X ( x 

(Notation:  "X ( x" means "Pr(x | X)") 

· Berkson formulation:  x ( X.

· Disease model: X, ( ( y ( Z
· Exposure model:  X, or Z ( X

(c) Propagate evidence through the graph.

· Estimate joint posterior distribution of X, (, y, Z.
Basic idea of Bayesian Networks (Cont.)

The joint posterior distribution of all unknowns, given the observed data, may be estimated via Gibbs sampling, as follows:

1. Guess at the values of all unknown quantities ("parameters").

2. Update each parameter in turn, by sampling from its conditional distribution, given the data and the current values of all other parameters.

3. Iterate!  

4. Check for convergence.  In steady state, each full iteration can be treated as an independent random sample from the joint posterior distribution of all model parameters.

Note:  Gibbs sampling and other Markov Chain Monte Carlo (MCMC) methods can also be applied to unobserved latent variables.  This is called data-augmentation.  It is useful for missing data (Schafer 97)

Basic idea of Bayesian Networks (Cont.)

Required inputs:  Conditional independence model.  Quantified conditional relations for each uncertain quantity (node), determining its probable value from the values of its parents.  Prior distributions for underived inputs (e.g., population exposure).

Main limitations:  Inputs may not be known.  Misspecification of input assumptions may bias results (Richardson 97). 

Main strengths:  Entire posterior distribution of any model variable(s) can be estimated as precisely as desired by MCMC sampling.

Applications and results:  Risk estimates when exposure estimates are based on job-exposure matrices, with exposures estimated by survey (Richardson 93).

Computational Bayesian Techniques for Incomplete and Missing Data:  Data Augmentation (Schafer 97, Kuha 97)

Goal:  Estimate joint posterior distribution of missing data and model unknowns.

Basic idea: Treat true values of quantities (exposure, covariates) measured with error as missing data.  Then, iteratively estimate:

(a) Missing data values (X values imputed based on estimated parameter values and on a measurement error model, [X | x], obtained from a validation study, or from repeated measurements);  and

(b) Uncertain parameter values ((,via Bayesian conditioning from known + imputed "complete" data values).

Iterate to obtain joint posterior distribution of parameters and missing data values.

Data Augmentation (Cont.)

Required inputs:  Parametric models for all conditional relations.  Results of validation study or repeated measurements.

Main limitations: Implementations to date have used fully parametric models, e.g., of [X | Z].  But, such models may be wrong.

(Possible solution:  Bayesian model-averaging. http://www.research.att.com/%7Evolinsky/bma.html)

Main strengths of Data Augmentation:  

· Applies to continuous, discrete, and mixed independent variables.

· Multiple imputations (made during the iterations) lead to better estimates than "single-imputation" methods such as Rosner et al.'s regression-calibration.

· Can be used with vague priors.  With a flat prior, it yields the likelihood function (and MLE) and information matrix.

Estimating Past and Potential Future Exposures:  Bayesian Simulation

Example application:  Spatial distributions of soil contaminants.

Basic Idea:  Use Bayesian exposure uncertainty analysis techniques to estimate the joint distribution of [X(i), ( | D].  Interpret quantities as follows:

· X(i) = exposure concentration at location i

·  ( = parameters of assumed spatial contamination process.  

· D = measured x(i) values

Once posterior joint distribution for the X(i) has been obtained, simulate exposures of people to exposures at different locations. 

Summary and Conclusions

1. Ignoring uncertainty in exposure estimates in risk models ("naïve" approach) gives incorrect results.

· Biased risk estimates

· Sign reversals

· Overly optimistic confidence limits ( false positives

· Attenuation ( false negatives

2. Adjusting models for exposure (and covariate) uncertainties could be difficult.

3. Simple Bayesian reasoning provides a nice theoretical model -- but how to make it practical computationally is unclear.

4. Bayesian networks and computational techniques (e.g., data augmentation, EM algorithm) solve the computational challenge and give correct risk estimates.

Conclusions (Cont.)

5. Remaining challenge 1:  Need non-parametric disease, exposure, and measurement error models.

6. Remaining challenge 2:  Combine Bayesian model-averaging for model uncertainty with exposure uncertainty techniques.

7. Remaining challenge 3:  Apply to more real (not simulated) exposure-response-covariate data sets.

Summary:  Computational and conceptual Bayesian modeling techniques for dealing with exposure uncertainties are now well-developed.  They should be applied much more widely to real data.

SELECTED REFERENCES AND LINKS

BASHIR 97

Ann Epidemiol 1997 Feb;7(2):154-64 

The correction of risk estimates for measurement error.

Bashir SA, Duffy SW

International Agency for Research on Cancer, Lyon, France. 

PURPOSE: The methods available for the correction of risk estimates for measurement errors are reviewed. The assumptions and design implications of each of the following six methods are noted: linear imputation, absolute limits, maximum likelihood, latent class, discriminant analysis and Gibbs sampling. METHODS: All methods, with the exception of the absolute limits approach, require either repeated determinations on the same subjects with use of the methods that are prone to error or a validation study, in which the measurement is performed for a number of persons with use of both the error-prone method and a more accurate method regarded as a "gold standard". RESULTS: The maximum likelihood, latent class and absolute limits methods are most suitable for purely discrete risk factors. The linear imputation methods and the closely related discrimination analysis method are suitable for continuous risk factors which, together with the errors of measurement, are usually assumed to be normally distributed. CONCLUSIONS: The Gibbs sampling approach is, in principle, useful for both discrete and continuous risk factors and measurement errors, although its use does mandate that the user specify models and dependencies that may be very complex. Also, the Bayesian approach implicit in the use of Gibbs sampling is difficult to apply to the design of the case-control study. 
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http://www.ncbi.nlm.nih.gov/htbin-post/Entrez/query?uid=9099403&form=6&db=m&Dopt=b
BRENNER 94

Epidemiology 1994 Sep;5(5):510-7 

Varied forms of bias due to nondifferential error in measuring exposure.

Brenner H, Loomis D

Unit of Epidemiology, University of Ulm, Germany. 

Continuous exposure variables are frequently categorized in epidemiologic data analysis. It has recently been shown that such categorization may transform nondifferential error in measuring continuous exposure variables into differential exposure misclassification. This paper assesses the direction and magnitude of the resulting misclassification bias under a variety of practically relevant forms of nondifferential measurement error. The expected bias of measures of the exposure-disease association is toward the null in the case of purely random measurement error with a mean of zero. Systematic nondifferential over- or underestimation of the exposure may bias measures of the exposure-disease association either toward the null or away from the null, depending on the underlying distribution of exposure, the true exposure-disease relation, and the cutpoints employed for categorization. If exposure measurement error has both random and systematic components, the direction of the net bias is less predictable than with pure error of either type, but bias toward the null is increasingly likely as the random component grows larger. The results indicate the need for careful evaluation of potential effects of nondifferential exposure measurement error in epidemiologic studies in which categories are formed from continuous exposure variables. 

PMID: 7986865, UI: 95078306
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CARROLL 89

Stat Med 1989 Sep;8(9):1075-93; discussion 1107-8 

Covariance analysis in generalized linear measurement error models.

Carroll RJ

Department of Statistics, Texas A & M University, College Station 77843. 

We summarize some of the recent work on the errors-in-variables problem in generalized linear models. The focus is on covariance analysis, and in particular testing for and estimation of treatment effects. There is a considerable difference between the randomized and non-randomized models when testing for an effect. In randomized studies, simple techniques exist for testing for a treatment effect. In some instances, such as linear and multiplicative regression, simple methods exist for estimating the treatment effect. In other examples such as logistic regression, estimating a treatment effect requires careful attention to measurement error. In non-randomized studies, there is no recourse to understanding and modelling measurement error. In particular ignoring measurement error can lead to the wrong conclusions, for example the true but unobserved data may indicate a positive effect for treatment, while the observed data indicate the opposite. Some of the possible methods are outlined and compared. 
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DAVIS 98

Risk Anal 1998 Feb;18(1):57-70 

The EPA health risk assessment of methylcyclopentadienyl manganese tricarbonyl (MMT).

Davis JM, Jarabek AM, Mage DT, Graham JA

National Center for Environmental Assessment, U.S. Environmental Protection Agency, Research Triangle Park, North Carolina 27711, USA. 

This paper describes the U.S. Environmental Protection Agency's assessment of potential health risks associated with the possible widespread use of a manganese (Mn)-based fuel additive, methylcyclopentadienyl manganese tricarbonyl (MMT). This assessment was significant in several respects and may be instructive in identifying certain methodological issues of general relevance to risk assessment. A major feature of the inhalation health risk assessment was the derivation of Mn inhalation reference concentration (RfC) estimates using various statistical approaches, including benchmark dose and Bayesian analyses. The exposure assessment component used data from the Particle Total Exposure Assessment Methodology (PTEAM) study and other sources to estimate personal exposure levels of particulate Mn attributable to the permitted use of MMT in leaded gasoline in Riverside, CA, at the time of the PTEAM study; on this basis it was then possible to predict a distribution of possible future exposure levels associated with the use of MMT in all unleaded gasoline. Qualitative as well as quantitative aspects of the risk characterization are summarized, along with inherent uncertainties due to data limitations. 
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Stat Methods Med Res 1995 Jun;4(2):137-59 

Spatial statistical methods in environmental epidemiology: a critique.

Elliott P, Martuzzi M, Shaddick G

London School of Hygiene and Tropical Medicine, UK. 

Despite recent advances in the available statistical methods for geographical analysis, there are many constraints to their application in environmental epidemiology. These include problems of data availability and quality, especially the lack in most situations of environmental exposure measurements. Methods for disease 'cluster' investigation, point source exposures, small-area disease mapping and ecological correlation studies are critically reviewed, with the emphasis on practical applications and epidemiological interpretation. It is shown that, unless dealing with rare diseases, high specificity exposures and high relative risks, cluster investigation is unlikely to be fruitful, and is often complicated by the post hoc nature of such studies. However, it is recognized that in these circumstances proper assessment of the available data is often required as part of the public health response. Newly available methods, particularly in Bayesian statistics, offer an appropriate framework for geographical analysis and disease mapping. Again, it is uncertain whether they will give important clues as to aetiology, although they do give valuable description. Perhaps the most satisfactory approach is to test a priori hypotheses using a geographical database, although problems of interpretation remain. 

PMID: 7582202, UI: 96068025

http://www.ncbi.nlm.nih.gov/htbin-post/Entrez/query?uid=7582202&form=6&db=m&Dopt=b
GREENLAND 93

Stat Med 1993 Apr 30;12(8):717-36 

Methods for epidemiologic analyses of multiple exposures: a review and comparative study of maximum-likelihood, preliminary-testing, and empirical-Bayes regression.

Greenland S

Department of Epidemiology, UCLA School of Public Health 90024-1772. 

Many epidemiologic investigations are designed to study the effects of multiple exposures. Most of these studies are analysed either by fitting a risk-regression model with all exposures forced in the model, or by using a preliminary-testing algorithm, such as stepwise regression, to produce a smaller model. Research indicates that hierarchical modelling methods can outperform these conventional approaches. I here review these methods and compare two hierarchical methods, empirical-Bayes regression and a variant I call 'semi-Bayes' regression, to full-model maximum likelihood and to model reduction by preliminary testing. I then present a simulation study of logistic-regression analysis of weak exposure effects to illustrate the type of accuracy gains one may expect from hierarchical methods. Finally, I compare the performance of the methods in a problem of predicting neonatal mortality rates. Based on the literature to date, I suggest that hierarchical methods should become part of the standard approaches to multiple-exposure studies. 
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Stat Med 1996 Jun 15;15(11):1161-70 

Simulation study of hierarchical regression.

Witte JS, Greenland S

Department of Epidemiology and Biostatistics, Case Western Reserve University, Cleveland, OH 44109-1998, USA. 

Hierarchical regression - which attempts to improve standard regression estimates by adding a second-stage 'prior' regression to an ordinary model - provides a practical approach to evaluating multiple exposures. We present here a simulation study of logistic regression in which we compare hierarchical regression fitted by a two-stage procedure to ordinary maximum likelihood. The simulations were based on case-control data on diet and breast cancer, where the hierarchical model uses a second-stage regression to pull conventional dietary-item estimates toward each other when they have similar levels of food constituents. Our results indicate that hierarchical modelling of continuous covariates offers worthwhile improvement over ordinary maximum-likelihood, provided one does not underspecify the second-stage standard deviations. 
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HUAKKA 95

Biometrics 1995 Sep;51(3):1127-32 

Correction for covariate measurement error in generalized linear models--a bootstrap approach.

Haukka JK

National Public Health Institute, Helsinki, Finland. 

A two-phase bootstrap method is proposed for correcting covariate measurement error. Two data sets are needed: validation data for approximating the measurement model and data with a response variable. Bootstrap samples from both the data sets validation data are taken. Parameter estimates of the generalized linear model are calculated using expectations of the measurement model from the validation data as explanatory variables. The method is compared through simulation in logistic regression with the correction method proposed by Rosner, Willet, and Spiegelman (1991, Statistics in Medicine 8, 1051-1069). A real data example is also presented. 

PMID: 7548695, UI: 96054351

http://www.ncbi.nlm.nih.gov/htbin-post/Entrez/query?uid=7548695&form=6&db=m&Dopt=b
KIM 97

Am J Epidemiol 1997 Jun 1;145(11):1003-10 

Correcting for measurement error in the analysis of case-control data with repeated measurements of exposure.

Kim MY, Zeleniuch-Jacquotte A

Institute of Environmental Medicine and Kaplan Comprehensive Cancer Center, NYU Medical Center, New York, NY, USA. 

The authors present a technique for correcting for exposure measurement error in the analysis of case-control data when subjects have a variable number of repeated measurements, and the average is used as the subject's measure of exposure. The true exposure as well as the measurement error are assumed to be normally distributed. The method transforms each subject's observed average by a factor which is a function of the measurement error parameters, prior to fitting the logistic regression model. The resulting logistic regression coefficient estimate based on the transformed average is corrected for error. A bootstrap method for obtaining confidence intervals for the true regression coefficient, which takes into account the variability due to estimation of the measurement error parameters, is also described. The method is applied to data from a nested case-control study of hormones and breast cancer. 
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KUCHENHOFF 97

Stat Med 1997 Jan 15-Feb 15;16(1-3):169-88 

Segmented regression with errors in predictors: semi-parametric and parametric methods.

Kuchenhoff H, Carroll RJ

Department of Statistics, Texas A&M University, College Station 77843-3143, USA. 

We consider the estimation of parameters in a particular segmented generalized linear model with additive measurement error in predictors, with a focus on linear and logistic regression. In epidemiologic studies segmented regression models often occur as threshold models, where it is assumed that the exposure has no influence on the response up to a possibly unknown threshold. Furthermore, in occupational and environmental studies the exposure typically cannot be measured exactly. Ignoring this measurement error leads to asymptotically biased estimators of the threshold. It is shown that this asymptotic bias is different from that observed for estimating standard generalized linear model parameters in the presence of measurement error, being both larger and in different directions than expected. In most cases considered the threshold is asymptotically underestimated. Two standard general methods for correcting for this bias are considered; regression calibration and simulation extrapolation (simex). In ordinary logistic and linear regression these procedures behave similarly, but in the threshold segmented regression model they operate quite differently. The regression calibration estimator usually has more bias but less variance than the simex estimator. Regression calibration and simex are typically thought of as functional methods, also known as semi-parametric methods, because they make no assumptions about the distribution of the unobservable covariate X. The contrasting structural, parametric maximum likelihood estimate assumes a parametric distributional form for X. In ordinary linear regression there is typically little difference between structural and functional methods. One of the major, surprising findings of our study is that in threshold regression, the functional and structural methods differ substantially in their performance.  In one of our simulations, approximately consistent functional estimates can be as much as 25 times more variable than the maximum likelihood estimate for a properly specified parametric model. Structural (parametric) modelling ought not be a neglected tool in measurement error models. An example involving dust concentration and bronchitis in a mechanical engineering plant in Munich is used to illustrate the results. 
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KUHA 97

Stat Med 1997 Jan 15-Feb 15;16(1-3):189-201 

Estimation by data augmentation in regression models with continuous and discrete covariates measured with error.

Kuha J

Nuffield College, Oxford, U.K. 

Estimation methods are considered for regression models which have both misclassified discrete covariates and continuous covariates measured with error. Adjusted parameter estimates are obtained using the method of data augmentation, where the true values of the covariates measured with error are regarded as missing data. Validation data on the covariates are assumed to be available. The distinction between internal and external validation data is emphasized, and its effects on the analysis are examined. The method is illustrated with simulated data. 
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KUHA 94
Stat Med 1994 Jun 15;13(11):1135-1148 

Corrections for exposure measurement error in logistic regression models with an application to nutritional data.

Kuha J

Department of Social Statistics, University of Southampton, U.K. 

Two correction methods are considered for multiple logistic regression models with some covariates measured with error. Both methods are based on approximating the complicated regression model between the response and the observed covariates with simpler models. The first model is the logistic approximation proposed by Rosner et al., and the second is a second-order extension of this model. Only the mean and covariance matrix of the true values of the covariates given the observed values have to be specified, but no distributional assumptions about the measurement error are made. The parameters related to the conditional moments are estimated from a separate validation data set. The correction methods considered here are compared to other methods proposed in the literature. They are also applied to a multiple logistic model describing the effect of nutrient intakes on the ratio of serum HDL cholesterol. The data constitute baseline data from an epidemiological cohort study, in which a separate pilot study has been carried out to obtain validation information. In the example the corrected parameter estimates from the two approximate models are very similar. Both differ considerably from the naive logistic estimates, indicating a large effect of the measurement error. The various assumptions required by the correction methods are also discussed. 
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LITTLE 96

Biometrics 1996 Mar;52(1):98-111 

Pattern-mixture models for multivariate incomplete data with covariates.

Little RJ, Wang Y

Department of Biostatistics, University of Michigan, Ann Arbor 48109, USA. 

Pattern-mixture models stratify incomplete data by the pattern of missing values and formulate distinct models within each stratum. Pattern-mixture models are developed for analyzing a random sample on continuous variables y(1), y(2) when values of y(2) are nonrandomly missing. Methods for scalar y(1) and y(2) are here generalized to vector y(1) and y(2) with additional fixed covariates x. Parameters in these models are identified by alternative assumptions about the missing-data mechanism. Models may be underidentified (in which case additional assumptions are needed), just-identified, or overidentified. Maximum likelihood and Bayesian methods are developed for the latter two situations, using the EM and SEM algorithms, direct and interactive simulation methods. The methods are illustrated on a data set involving alternative dosage regimens for the treatment of schizophrenia using haloperidol and on a regression example. Sensitivity to alternative assumptions about the missing-data mechanism is assessed, and the new methods are compared with complete-case analysis and maximum likelihood for a probit selection model.
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Using empirical Bayes methods in biopharmaceutical research.

Louis TA

Division of Biostatistics, University of Minnesota, School of Public Health, Minneapolis. 

A compound sampling model, where a unit-specific parameter is sampled from a prior distribution and then observed are generated by a sampling distribution depending on the parameter, underlies a wide variety of biopharmaceutical data. For example, in a multi-centre clinical trial the true treatment effect varies from centre to centre. Observed treatment effects deviate from these true effects through sampling variation. Knowledge of the prior distribution allows use of Bayesian analysis to compute the posterior distribution of clinic-specific treatment effects (frequently summarized by the posterior mean and variance). More commonly, with the prior not completely specified, observed data can be used to estimate the prior and use it to produce the posterior distribution: an empirical Bayes (or variance component) analysis. In the empirical Bayes model the estimated prior mean gives the typical treatment effect and the estimated prior standard deviation indicates the heterogeneity of treatment effects. In both the Bayes and empirical Bayes approaches, estimated clinic effects are shrunken towards a common value from estimates based on single clinics. This shrinkage produces more efficient estimates. In addition, the compound model helps structure approaches to ranking and selection, provides adjustments for multiplicity, allows estimation of the histogram of clinic-specific effects, and structures incorporation of external information. This paper outlines the empirical Bayes approach. Coverage will include development and comparison of approaches based on parametric priors (for example, a Gaussian prior with unknown mean and variance) and non-parametric priors, discussion of the importance of accounting for uncertainty in the estimated prior, comparison of the output and interpretation of fixed and random effects approaches to estimating population values, estimating histograms, and identification of key considerations in the use and interpretation of empirical Bayes methods. 
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A detailed evaluation of adjustment methods for multiplicative measurement error in linear regression with applications in occupational epidemiology.

Lyles RH, Kupper LL

Department of Epidemiology, School of Hygiene and Public Health, Johns Hopkins University, Baltimore, MD 

It is often appropriately assumed, based on both theoretical and empirical considerations, that airborne exposures in the workplace are lognormally distributed, and that a worker's mean exposure over a reference time period is a key predictor of subsequent adverse health effects for that worker. Unfortunately, it is generally impossible to accurately measure a worker's true mean exposure. We begin by introducing a familiar model for exposure that views this true mean, as well as logical surrogates for it, as lognormal random variables. In a more general context, we then consider the linear regression of a continuous health outcome on a lognormal predictor measured with multiplicative error. We discuss several candidate methods of adjusting for the measurement error to obtain consistent estimators of the true regression parameters. These methods include a simple correction of the ordinary least squares estimator based on the surrogate regression, the regression of the outcome on the covariates and on the conditional expectation of the true predictor given the observed surrogate, and a quasi-likelihood approach. By means of a simulation study, we compare the various methods for practical sample sizes and discuss important issues relevant to both estimation and inference. Finally, we illustrate promising adjustment strategies using actual lung function and dust exposure data on workers in the Dutch animal feed industry. 

PMID: 9290228, UI: 97435529

http://www.ncbi.nlm.nih.gov/htbin-post/Entrez/query?uid=9290228&form=6&db=m&Dopt=b
NAKAMURA94

Comput Methods Programs Biomed 1994 Nov;45(3):203-12 

Computer program for the proportional hazards measurement error model.

Nakamura T, Akazawa K

School of Allied Medical Sciences, Nagasaki University, Japan. 

The Cox-regression analysis based on the partial likelihood assumes that the covariates, or independent variables, are exactly measured without error. If the covariates are subject to measurement error and the error-prone observed values are used in the analysis by simply ignoring the measurement error, the results are generally biased and misleading; the bias does not diminish as the sample size is increased. The objective of the paper is to briefly describe a method searching for asymptotically unbiased estimates of the parameters correcting for the measurement error in the Cox-regression model and to present a FORTRAN program to perform the correction method; asymptotic standard errors of the corrected estimates are also obtained. The measurement error distribution, that is the conditional distribution of the observed values given the true value, must be specified. An advantage of the method described is that it does not require any assumption on the distribution of the true values; in other words, <--> values are treated as unknown fixed constants. It can accommodate tied failure times unless ties are very frequent, and any censorship or loss to follow-up are allowed as long as they are 'independent of survival'. 
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A model to evaluate past exposure to 2,3,7,8-TCDD.

Pinsky PF, Lorber MN

National Center for Environmental Assessment, U.S. Environmental Protection Agency, Washington, DC 20460, USA. pinsky-paul@epamail.epa.gov 

Data from several studies suggest that concentrations of dioxins rose in the environment from the 1930s to about the 1960s/70s and have been declining over the last decade or two. The most direct evidence of this trend comes from lake core sediments, which can be used to estimate past atmospheric depositions of dioxins. The primary source of human exposure to dioxins is through the food supply. The pathway relating atmospheric depositions to concentrations in food is quite complex, and accordingly, it is not known to what extent the trend in human exposure mirrors the trend in atmospheric depositions. This paper describes an attempt to statistically reconstruct the pattern of past human exposure to the most toxic dioxin congener, 2,3,7,8-TCDD (abbreviated TCDD), through use of a simple pharmacokinetic (PK) model which included a time-varying TCDD exposure dose. This PK model was fit to TCDD body burden data (i.e., TCDD concentrations in lipid) from five U.S. studies dating from 1972 to 1987 and covering a wide age range. A Bayesian statistical approach was used to fit TCDD exposure; model parameters other than exposure were all previously known or estimated from other data sources. The primary results of the analysis are as follows: (1) use of a time-varying exposure dose provided a far better fit to the TCDD body burden data than did using a dose that was constant over time; this is strong evidence that exposure to TCDD has, in fact, varied during the 20th century, (2) the year of peak TCDD exposure was estimated to be in the late 1960s, which coincides with peaks found in sediment core studies, (3) modeled average exposure doses during these peak years was estimated at 1.4-1.9 pg TCDD/kg-day, and (4) modeled exposure doses of TCDD for the late 1980s of less than 0.10 pg TCDD/kg-day correlated well with recent estimates of exposure doses around 0.17 pg TCDD/kg-day (recent estimates are based on food concentrations combined with food ingestion rates; food is thought to explain over 90% of total dioxin exposure). This paper describes these and other results, the goodness-of-fit between predicted and observed lipid TCDD concentrations, the modeled impact of breast feeding on lipid concentrations in young individuals, and sensitivity and uncertainty analyses. 
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Some aspects of measurement error in explanatory variables for continuous and binary regression models.

Reeves GK, Cox DR, Darby SC, Whitley E

Imperial Cancer Research Fund Cancer Epidemiology Unit, University of Oxford, U.K. reeves@icrf.icnet.ac.uk 

A simple form of measurement error model for explanatory variables is studied incorporating classical and Berkson cases as particular forms, and allowing for either additive or multiplicative errors. The work is motivated by epidemiological problems, and therefore consideration is given not only to continuous response variables but also to logistic regression models. The possibility that different individuals in a study have errors of different types is also considered. The relatively simple estimation procedures proposed for use with cohort data and case-control data are checked by simulation, under the assumption of various error structures. The results show that even in situations where conventional analysis yields slope estimates that are on average attenuated by a factor of approximately 50 per cent, estimates obtained using the proposed amended likelihood functions are within 5 per cent of their true values. The work was carried out to provide a method for the analysis of lung cancer risk following residential radon exposure, but it should be applicable to a wide variety of situations. 
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Some comments on misspecification of priors in Bayesian modelling of measurement error problems.

Richardson S, Leblond L

Institut National de la Sante et de la Recherche Medicale-U.170, Villejuif, France. 

In this paper we discuss some aspects of misspecification of prior distributions in the context of Bayesian modelling of measurement error problems. A Bayesian approach to the treatment of common measurement error situations encountered in epidemiology has been recently proposed. Its implementation involves, first, the structural specification, through conditional independence relationships, of three submodels-a measurement model, an exposure model and a disease model- and secondly, the choice of functional forms for the distributions involved in the submodels. We present some results indicating how the estimation of the regression parameters of interest, which is carried out using Gibbs sampling, can be influenced by a misspecification of the parametric shape of the prior distribution of exposure. 
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A Bayesian approach to measurement error problems in epidemiology using conditional independence models.

Richardson S, Gilks WR

Unite 170, Institut National de la Sante et de la Recherche Medicale, Villejuif, France. 

Risk factors used in epidemiology are often measured with error which can seriously affect the assessment of the relation between risk factors and disease outcome. In this paper, a Bayesian perspective on measurement error problems in epidemiology is taken and it is shown how the information available in this setting can be structured in terms of conditional independence models. The modeling of common designs used in the presence of measurement error (validation group, repeated measures, ancillary data) is described. The authors indicate how Bayesian estimation can be carried out in these settings using Gibbs sampling, a sampling technique which is being increasingly referred to in statistical and biomedical applications. The method is illustrated by analyzing a design with two measuring instruments and no validation group. 
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Schafer, J.L. (1997) Analysis of Incomplete Multivariate Data, Chapman & Hall, London. ISBN: 0412040611. Book number 72 in the Chapman & Hall series Monographs on Statistics and Applied Probability. 

Availability. For ordering information within the United States, contact Chapman & Hall/CRC at 1-800-272-7737 or visit the Chapman & Hall/CRC website. 

http://www.stat.psu.edu/~jls/book.html
The last two decades have seen enormous developments in statistical methods for incomplete data. The EM algorithm and its extensions, multiple imputation, and Markov chain Monte Carlo provide a set of flexible and reliable tools for inference in large classes of missing-data problems. Yet, in practical terms, these developments have had surprisingly little impact on the way most data analysts handle missing values on a routine basis. This book will help to bridge the gap between theory and practice, making these missing-data tools accessible to a broad audience. 

This book presents a unified, Bayesian approach to the analysis of incomplete multivariate data, covering datasets in which the variables are continuous, categorical, or both. It is written for applied statisticians, biostatisticians, practitioners of sample surveys, graduate students, and other methodologically-oriented researchers in search of practical tools to handle missing data. The focus is applied rather than theoretical, but technical details have been included where necessary to help readers thoroughly understand the statistical properties of these methods and the behavior of the accompanying algorithms. All techniques are illustrated with real data examples, with extended discussion and practical advice. 

All of the algorithms described in this book have been implemented by the author for general use in the statistical languages S and Splus. The software is available free of charge via the World Wide Web.
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A Bayesian approach to logistic regression models having measurement error following a mixture distribution.

Schmid CH, Rosner B

Center for Health Services Research and Study Design, New England Medical Center, Boston, MA. 

To estimate the parameters in a logistic regression model when the predictors are subject to random or systematic measurement error, we take a Bayesian approach and average the true logistic probability over the conditional posterior distribution of the true value of the predictor given its observed value. We allow this posterior distribution to consist of a mixture when the measurement error distribution changes form with observed exposure. We apply the method to study the risk of alcohol consumption on breast cancer using the Nurses Health Study data. We estimate measurement error from a small subsample where we compare true with reported consumption. Some of the self-reported non-drinkers truly do not drink. The resulting risk estimates differ sharply from those computed by standard logistic regression that ignores measurement error. 
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Correcting for bias in relative risk estimates due to exposure measurement error: a case study of occupational exposure to antineoplastics in pharmacists.

Spiegelman D, Valanis B

Department of Epidemiology, Harvard School of Public Health, Boston, Mass. 02115, USA. stdls@channing.harvard.edu 

OBJECTIVES: This paper describes 2 statistical methods designed to correct for bias from exposure measurement error in point and interval estimates of relative risk. METHODS: The first method takes the usual point and interval estimates of the log relative risk obtained from logistic regression and corrects them for nondifferential measurement error using an exposure measurement error model estimated from validation data. The second, likelihood-based method fits an arbitrary measurement error model suitable for the data at hand and then derives the model for the outcome of interest. RESULTS: Data from Valanis and colleagues' study of the health effects of antineoplastics exposure among hospital pharmacists were used to estimate the prevalence ratio of fever in the previous 3 months from this exposure. For an interdecile increase in weekly number of drugs mixed, the prevalence ratio, adjusted for confounding, changed from 1.06 to 1.17 (95% confidence interval [CI] = 1.04, 1.26) after correction for exposure measurement error. CONCLUSIONS: Exposure measurement error is often an important source of bias in public health research. Methods are available to correct such biases. 
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When measurement errors correlate with truth: surprising effects of nondifferential misclassification.

Wacholder S

Biostatistics Branch, National Cancer Institute, Rockville, MD 20852, USA. 

Most of the literature on the effect of nondifferential misclassification and errors in variables either addresses binary exposure variables or discusses continuous variables in the classical error model, where the error is assumed to be uncorrelated with the true value. In both of these situations, an imperfectly measured exposure always attenuates the relation, at least in the univariate setting. Furthermore, measuring a confounder with error independent of the exposure, even while measuring the exposure of interest perfectly, leads to partial control of the confounding. For many variables measured in epidemiology, particularly those based on self-report, however, errors are often correlated with the true value, and these rules may not apply. Epidemiologists need to be wary of deviations from the classical error model, since poor measurement might occasionally explain a positive finding even when the error does not differ by disease status. 
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When will nondifferential misclassification of an exposure preserve the direction of a trend?

Weinberg CR, Umbach DM, Greenland S

Statistics and Biomathematics Branch, National Institute of Environmental Health Sciences, Research Triangle Park, NC 27709. 

Dosemeci et al. (Am J Epidemiol 1990; 132:746-8) gave examples in which nondifferential misclassification of exposure reversed the direction of a trend. Gilbert (Am J Epidemiol 1991; 134:440-1) proposed that these examples occurred because the errors in exposure were systematic, and she pointed out that the relation between the measured and the true exposure was not monotonic. Assuming that the mean response either monotonically increases or decreases with the true exposure and that the exposure misclassification is nondifferential, the authors show that if the mean value of the measured exposure increases with the true exposure, then the direction of the trend cannot be reversed. Consequently, Gilbert's intimation that reversal of trend can only occur when errors are systematic is correct. However, the present authors' result is stronger in that even when errors in assessing exposure do include a systematic component, if monotonicity can be assumed, reversal of trend cannot occur. The weaker condition of positive correlation between the measured and true exposure is not sufficient to guarantee nonreversal of trend, as they show by example. 
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