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Objective: There is an extensive literature on the deleterious effects of early 

onset of alcohol use. Preventing and reducing early onset of alcohol use remains a 

public health priority. Central to epidemiological surveillance, rigorous etiological 

research and experimental evaluation of prevention strategies is the valid measurement 

of alcohol use among adolescents. Although there is a history of literature regarding the 

reliability and validity of self-report measures of alcohol use among adolescents, there 

has rarely been rigorous testing of the potential biasing effects of misclassification. The 

purpose of this study is to evaluate the extent of misclassification due to survey modality 

and recall bias, as well as available methods for bias correction.  These results will then 

be used to develop a hierarchy of best available approaches to account for bias due to 

misclassification.  While generally applicable, the resulting methods will be discussed in 

the context of adolescent alcohol use.  

Methods: For all studies, I used an urban longitudinal sample of adolescents 

followed from 6th to 12th grade (ages 12-18) derived from the Project Northland 

Chicago trial. In the first study, generalized estimating equations were used to assess 

10 



 

11 

the effect of survey modality at 12th grade on self-reported substance use and 

associated behaviors. All estimates controlled for 8th grade values of the outcome 

variables in order to control potential selection effects.  In the second study, logistic 

regression was used to assess predictors of recall bias for age of first alcohol use.  An 

indicator variable for recall bias was constructed by comparing prospective and 

retrospective measures of age of alcohol use onset. In the third study, I used 

simulations to test methods that account for misclassification incorporating information 

from a validity sub study. These results were used to make recommendations for 

analyzing data with misclassified predictors.  

 



 

CHAPTER 1 
INTRODUCTION 

Alcohol use is widespread among American adolescents. While rates of early 

alcohol initiation have been declining since the early 1990s, rates still remain high. 

According to 2010 reports from Monitoring the Future (MTF), over 35% of adolescents 

have initiated alcohol use by 8th grade, over 58% by 10th grade, and 71% by 12th grade; 

while 16% of adolescents report having been drunk by 8th grade, 37% by 10th grade, 

and 54% by 12th grade1.  Not only are these rates high but there is also extensive 

literature on the harmful effects of alcohol use during adolescence. The literature 

suggests that early initiation of alcohol use is associated with the initiation of other high-

risk behaviors (violence, substance abuse, academic problems, employment problems, 

and risky sex)2-5 and consequent health problems (emotional problems, sexually 

transmitted infections, and injury)2, 3, 6-8. As such adolescent alcohol use is commonly 

considered to be a serious public health problem. 

Many different fields of research are necessary to understand, reduce and 

prevent any large-scale public health problem, including adolescent alcohol use. 

Epidemiology can be viewed as a part of this wider group of study known as prevention 

science9. Epidemiological and prevention research is of great importance to the 

development of effective policies for reducing and preventing public health problems. 

Brownson et al.describe a four step process for the development of successful policies 

10. First, health risks are identified. Next, appropriate interventions are developed and 

evaluated. Next, evidence from these evaluations is used to develop policies. Finally, 

these policies are enacted. A key underpinning of this framework is the constant 

evaluation of evidence at each stage in the process10, 11. The identification of health 
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risks described in the first stage of the Brownson model is classic epidemiology, as this 

is the primary function of surveillance and observational research. Evaluation continues 

during the second stage as ineffective interventions are discarded in favor of programs 

backed by strong evidence.  As these interventions are turned into wider policies, 

continued evaluation is important to check generalizability and continued effectiveness 

as they go to scale. The cumulative effect of these continued evaluations contribute 

much to the overall public health knowledge base, improving with each iteration of the 

policy development cycle12.  

To design the strongest policies and interventions it is necessary that the 

underlying evaluations be based on best practices during each stage of development. 

When this standard is not met, the risk of poor policy decisions increases. The classic 

example of this is the case of hormone replacement therapy. For years, observational 

studies provided evidence for the postmenopausal use of hormone replacement therapy 

as a way for women to minimize bone loss leading to fractures, heart disease, colorectal 

cancer, and breast cancer. However, evidence published from the Women’s Health 

Initiative (WHI) using randomized control trials found very different results. The WHI 

found an increase in the rate of breast cancer and cardiovascular events, rather than 

the expected decrease13.  While this is one of the more dramatic reversals in medical 

policy, it is not a unique instance. A recent review in the Archives of Internal Medicine 

found sixteen reversals in evidence-based recommendations in 2009 alone14. Examples 

of poor policy decisions based on incomplete evaluation are not found solely in medical 

research. The Drug Abuse Resistance Education (DARE) project became the most 

widely adopted program for drug prevention among school-aged children. However, 
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meta-analyses over the course of almost two decades of research have continually 

found it to be ineffective15. DARE provides not only an example of a reversal in the 

scientific community, but also the dangers of research findings not being adequately 

translated into public policy decisions. As of 2004, DARE still received the largest 

proportion of federal funding compared to any other school-based substance abuse 

prevention program, despite the fact that the first meta-analysis demonstrating DARE’s 

ineffectiveness was published in 199416.  

Other examples of weak research being applied to policy show the dangers of 

misclassification. A recent policy reversal by the U.S. Preventive Services Task Force 

(USPSTF) on the recommended age to begin screening for breast cancer is a prime 

example. Recommendations from 2002 USPSTF report on breast cancer screening 

promote the use of screening mammography in women aged 40 and up every one to 

two years17. Further research demonstrated that mammographies in women aged 40-49 

had higher false positive rates than mammographies in older women. False positive 

screens resulted in psychological harm and unnecessary treatments for subclinical 

tumors.  In 2009, the USPSTF deemed that the net mortality benefit of screening in 

women aged 40-49 was not high enough relative to the harms associated with false 

positive screenings18. Seemingly more mundane cases of misclassification can also 

have policy implications. A 2005 study found that race/ethnicity was misclassified in the 

Surveillance, Epidemiology, and End Results (SEER) registry when compared to self-

reported race/ethnicity in 11% of those sampled. More troubling was that the sensitivity 

of the race/ethnicity measure was found to vary by racial/ethnic group (Non-Hispanic 

White: 0.96, Black: 0.89, American Indian: 0.06, Hispanic White: 0.69)19. This is 
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particularly troubling considering that SEER data are relied on heavily to plan and 

evaluate policies for the reduction of racial/ethnic disparities in cancer20. 

To adequately provide information for the formulation of sound interventions and 

policies, special attention must be paid to measurement issues9. This is of particular 

importance in fields that rely on self-report measures for evaluation. One such field, and 

the primary focus of this study, is adolescent alcohol use. While the literature on the 

prevalence and consequences of adolescent alcohol use is extensive, it commonly 

relies on retrospective self-report measures. This leaves a bulk of the evidence at risk of 

bias due to the potential of measurement error.  

Measurement Error 

Forms of measurement vary across research fields. While research in the 

biological and physical sciences deals most often with measurement error caused by 

improper instrument calibration and poor specimen handling, research into adolescent 

alcohol use is primarily survey driven with its own unique sets of difficulties. When 

relying on survey instruments, measurement error can be introduced at any of the 

research phases: instrument development, protocol development, protocol execution, 

instrument implementation, data capture, and analysis21. During instrument 

development, measurement error can be introduced by poor wording of survey items 

that leads to a misunderstanding of the question. During protocol development, 

measurement error can be introduced by not preparing survey administrators to handle 

both normal and unexpected circumstances in a uniform way. During protocol 

execution, measurement error can be introduced when survey administrators do not 

adhere to well-prepared protocols. During instrument implementation, measurement 

error can be introduced by individual subject characteristics such as subject inability to 
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accurately recall the desired information.  During data capture, measurement error can 

be introduced by inaccurate data recording. During analysis, measurement error can be 

introduced through a variety of mechanisms including: incorrect variable recoding, 

unnecessary categorization, and improper matching.  Any of these causes of 

measurement error can lead to misclassification when dealing with categorical data, and 

these are just a few examples of the ways error can be introduced at each phase. 

However, the primary means misclassification is introduced is through participant recall 

and effects of the method of interview22.   

Recall Bias 

All areas of research that rely on retrospective memory are subject to recall bias. 

Many factors have been shown to affect the accuracy of a participants’ retrospective 

memory. These factors include length of time since the event, perceived importance of 

the event, method of questioning, use of an event calendar, cognitive ability, distress at 

recall and personality traits.  While decades of research have been done on what 

affects recall and ways to minimize potential recall biases at data collection, there is no 

systematic rule for how to best deal with recall bias at the analysis phase.  

Survey Modality 

Results from the literature on the presence of survey modality effects have been 

mixed. Many studies have found no evidence of response bias due to survey modality 

23-31. One study found a significant difference in perceived anonymity and privacy due to 

modality, but no overall effect on response bias 32.  Other studies have found significant 

mode effects in a wide variety of settings 33-38. Of particular interest are results from an 

analysis of the YRBS comparing paper and pencil surveys to multiple web survey 

formats. Denniston et al. found significantly (p<0.01) lower amounts of missing data in 
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the paper and pencil format (1.5%) compared to in-class web without programmed skip 

patterns (5.3%), in-class web with programmed skip patterns (4.4%), and "on your own" 

web without programmed skip patterns (6.4%). Denniston et al. also found greater 

agreement (p<0.001) with the statement “I am confident that the answers I gave in this 

survey will never be linked with my name” among paper and pencil responders (75.4%) 

compared to in-class web without programmed skip patterns (66.4%), in-class web with 

programmed skip patterns (68.5%), and "on your own" web without programmed skip 

patterns (74.1%) 35. As with recall bias, there does not seem to be a consistent rule for 

the best way to account for misclassification due to survey modality in the analysis 

phase.   

Measurement Error of Adolescent Alcohol Use 

Measurement error of self-report alcohol measures can be discussed in two 

broad frameworks, the cognitive framework and the situational framework 39. Under the 

cognitive framework, four different processes are believed to underlie the question and 

answer process: comprehension, information retrieval, decision-making, and response 

generation. Error can be introduced in any of these four phases. These errors in turn 

lead to measurement errors and validity problems in questionnaires. Under the 

situational framework, the focus is on factors external to the participant.  Of primary 

concern in the situation framework is the presence of others while a participant answers 

questions, the perceived degree of anonymity and confidentiality of survey responses, 

and the perceived social desirability of survey responses.  

 Cognitive errors in the self-report of alcohol use are believed to occur primarily in 

the comprehension and retrieval phases of the question and answer process. 

Comprehension errors are believed to occur primarily in the comprehension of the 
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reference time periods common to self-report measures. This can be seen in the 

increased reliability of “ever use” measures compared to frequency of use during a time 

period in longitudinal studies40, 41.  Issues in the information retrieval phase are also of 

great concern for alcohol research. As many alcohol self-report items request the 

frequency of use within a specific timeframe, proper retrieval involves both recalling the 

event and placing it in the proper time. The cognitive burden of this retrieval process 

increases as the length of the recall timeframe increases 42.  Assuming that higher self-

report rates are more likely to be accurate than lower self-report rates for alcohol use, 

an example of these errors can be seen in that monthly reported rates multiplied by 

twelve have been found to significantly exceed reported yearly rates42. Problems with 

information retrieval may be compounded for alcohol use, since events occurring during 

alcohol use may be more difficult to recall.  In the broader epidemiological literature, the 

results of these cognitive errors are referred to as recall bias and are introduced during 

the instrument implementation phase. The potential effects of recall bias can be 

minimized in the instrument and protocol development phases. Creating questions with 

shorter reference time periods and using protocols aids such as having a calendar 

present have been shown to reduce recall bias43.  

 Situational factors affecting the validity and reliability of adolescent alcohol use 

self-report are thought to be related primarily to illegality of adolescent alcohol use39. 

Social desirability bias and fear of reprisal are the driving situational factors at play 

during the measurement of self-reported adolescent alcohol use. Perceived anonymity, 

confidentiality and privacy can be viewed as moderators of the relationship between 

these situational factors and the validity of self-report responses44. Participants with 
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higher perceived anonymity, confidentiality and privacy are less likely to fear reprisal or 

succumb to social desirability bias and thus more likely to provide valid responses 44. 

Decisions made during the protocol development phase regarding the mode by which 

the survey is administered can have effects on the perceptions of the participants. 

Reliability of Adolescent Alcohol Measure 

The reliability of alcohol self-report measures has been thoroughly studied.  In 

some evaluations, the reliability of self-reported alcohol use items is improved by 

combing multiple items into a single continuously measured scale. Williams et al. has 

developed scales for alcohol use tendencies in young adolescents with high internal 

consistency (Chronbach’s alphas, male=0.89, female=0.80) and test retest reliability 

(reliability coefficients, male=0.90, female=0.73) 45. Similarly, Komro et al. developed an 

alcohol use scale for use in the evaluation of the DARE Plus program with high internal 

consistency (Chronbach’s alpha=0.83) and test retest reliability (reliability 

coefficient=0.88) 46. While the use of these scales can increase the overall reliability of 

self-reported alcohol measures, many studies are limited in the number of alcohol 

response items making them less feasible for some researchers. As a result it is 

important to be able to make the best use out of single-item self-report measures, and 

they will be the primary focus of this study.     

Individual items regarding the frequency of alcohol use items have been found to 

be reliable in terms of both logical consistency47, 48 and test-retest reliability40, 41, 47, 49, 

50.In order to examine the test-retest reliability of self-report alcohol use items, results 

from Brener et al. are further reported. In Brener et al., the test-retest reliability of the 

alcohol use items on the Youth Risk Behavior Survey (YRBS) are examined. A 

nationally representative sample (n=4,619) of respondents grades 9-12 from the YRBS 
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was retested two weeks after the initial survey; % kappa values were calculated to 

measure test retest reliability. Of alcohol use items reported %kappa values were 

highest for “ever used alcohol” (%kappa=81.9).  The consistency of other self-report 

measures, while not as high, were still within acceptable limits: age first drank alcohol 

<13 years (% kappa= 65.9), drank alcohol ≥1 day during the past 30 days (% kappa= 

70.9), and had 5 or more drinks in a row ≥ 1 day during the past 30 days (% kappa= 

67.6).  

 Research into the reliability of age at first alcohol use is less consistent, as these 

measures commonly rely on retrospective data. Johnson et al. found an absolute mean 

difference in the self-reported age at first alcohol use between measurement occasions 

of 2 years; recommendations from these authors suggest that the use self-reported age 

at first drink is reliable enough for most epidemiological studies, with the exception of 

when age at first alcohol use is a study’s prime concern51. Parra et al. report “moderate 

reliability” of self-reported age at first onset, while finding significant trends indicating 

that participants reported later age at first drink as they aged52. Engels et al. 

recommend caution in the use of self-reported age at first drink after finding very low 

levels consistent reporting of age at first alcohol use in their high school-aged sample53. 

By comparing the self-reported age of onset at the first and third wave, Engels et al. 

found that 4.6% of respondents reported consistent age at first alcohol use, 6.1% 

reported earlier age at first alcohol use at wave 3, and 89.0% reported later age at first 

alcohol use at wave 3.  

Validity of Adolescent Alcohol Measure 

 While reliability studies provide some evidence about the potential validity of 

alcohol self-report measures, actually establishing validity for self-reported alcohol has 
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proven more difficult. This is primarily due to the lack of a "gold standard" measure to 

compare self-report assessments of alcohol use to. Biological measures of substance 

use are commonly viewed as the gold standard, as they are seen as more objective 

than self-report measures54. However, unlike illicit substances, biological markers for 

alcohol use have significant limitations. A recent review of alcohol biomarkers found that 

existing biomarkers target the presence of chronic heavy drinking or any drinking within 

a limited time frame 55. Blood samples are capable of detecting chronic drinking up to 

three weeks after drinking has ceased by examining levels of gamma-glutamyl 

transpeptidase (GGT), %carbohydratedeficient transferring (% CDT),aspartate 

aminotransferase (AST), or alanine aminotransferase (ALT). Mean corpuscular volume 

can be used to assess chronic heavy drinking up to several months after drinking 

cessation. Samples of saliva or urine can be examined for the presence of ethyl sulfate 

(EtS) or ethyl glucuronide (EtG) to detect any drinking within several days. EtG levels in 

hair can be used to assess any drinking up to several months after a single episode; it is 

unknown how many drinks are necessary for reliable detection from hair samples 55.  

The validity of self-reported alcohol use can be tested with these biomarkers in the 

limited cases described. A study of 238 males in outpatient treatment for alcohol found 

relatively low sensitivity (0.4) and high specificity (0.96) of self-reported alcohol relapse 

using measured GGT as the gold standard 56. In twice weekly testing of outpatients for 

an alcohol dependence treatment program, self-reported alcohol use was compared to 

urinary EtG levels. Self-report measures were found to have moderate sensitivity (0.67) 

and high specificity (0.94) 57.  
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While useful in limited contexts, the literature testing the validity of self-reported 

alcohol use with biomarkers is difficult to apply to adolescent alcohol research that 

depends heavily on survey items that assess the frequency of drinking episodes and 

amount drunk per episode. No current biomarkers are capable of assessing the validity 

of these types of variables 55. In light of the difficulty of establishing the validity of 

common self-report alcohol measures, it seems of great importance to incorporate 

potential measurement uncertainty into analytical methods applied to alcohol research.  

Survey Modality 

Web Versus Paper 

 Results on modality effects of web versus paper surveys specific to alcohol 

questionnaires have been mixed. Some published studies have found little evidence to 

support the presence of modality effects for web-based surveying compared to paper 

based surveying of self-report alcohol use 58-61. Others have found that the interaction of 

survey mode with questions of high sensitivity can lead to significant survey mode 

effects62, 63.  This may explain the inconsistency in the literature on studies reporting 

significant modality effects in self-report alcohol use. Studies that found little evidence of 

modality effects for self-reported alcohol use occur primarily in adult or college age 

samples, while studies finding significant modality effects 62-68 occur in samples drawn 

from adolescent populations. Since adolescents face greater social pressure not to 

drink compared to adults, the difference in perceived anonymity of different survey 

modes may be of greater importance in their responses. It is worth noting that while 

some of these studies provide strong methodological rigor by randomizing participants 

to survey mode62-65, few tests of the effects of modality on test-retest reliability have 

been made. Miller et al. examined test-retest reliability by survey mode in a sample of 
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college-aged participants, concluding no difference in the reliability coefficients by mode 

61. Additional research is needed to test consistency across modes over time in an 

adolescent sample.   

School Administered Versus Home Administered 

 Studies comparing school versus home administration of surveys have 

consistently found higher reported rates of alcohol and drug use in school administered 

surveys 66-68. Kann et al. found significant differences in reported prevalence rates of 

problem behaviors between the school-based YRBS and the home-based National 

Health Interview, including measures of alcohol use. Kann et al. found significant 

differences in the reported prevalence of the following alcohol measures: lifetime 

alcohol use (YRBS=79.8%, NHIS=68.5%, t=6.56, p<0.001), episodic heavy drinking 

(YRBS=28.2%, NHIS=22.5%, t=3.21, p<0.001), and drank alcohol before age 13 

(YRBS=33.8%, NHIS=19.7%, t=11.56, p<0.001); significant differences were not found 

for the measure of self-reported current alcohol use67. The magnitude of Kann et al.’s 

finding were largest for questions regarding illegal or stigmatized behavior, leading the 

authors to conclude the higher rates reported via an anonymous paper and pencil 

survey in school to be less affected by social desirability bias than a home-based paper 

and pencil survey. This logic is consistently used across other cited articles, but no 

examinations of test-retest reliability or validity (via biochemical validation) by 

administration location have been reported. The resulting differences between modes 

may be attributed to the lack of anonymity in household-based surveys.   

Recall Bias 

Recall bias is a commonly described source of misclassification in 

epidemiological studies21, 22, 69. In the study of self-reported alcohol, recall bias has been 
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shown to be a significant source of bias when retrospective measures are used52, 70-74.  

Collins et al. found that retrospective measures tended to underreport the extent of past 

drinking, and that levels of current drinking were predictive of the extent of recall bias in 

high school students71. Studies have found the presence of recall bias in a wide range 

of reference time periods. For example, Simpura et al. found 18-year recall of alcohol 

use in adult men tended to overestimate the levels of past drinking, while finding that 

the original level of drinking was predictive of the measurement error70. On the other 

extreme, Gmel et al. found significant biasing effects in seven day alcohol use recall in 

emergency room settings74. The extent of recall bias in self-reported alcohol can also be 

affected by the perceived harm the alcohol use may cause. A study of the recall of 

pregnant women, found that women who experienced adverse pregnancy outcomes 

tended to under report alcohol use when measured retrospectively72. A longitudinal 

study of college freshman reported recall bias to be a factor in the measurement of self-

reported age of alcohol use onset52.  A cohort (n=410) of college freshmen was followed 

annually for 11 years. A significant linear trend was observed for the mean self-reported 

age of alcohol use onset by study year (F=84.75, p<0.001), indicating that increasing 

the length of the recall window also increases the recalled age of first alcohol use.   

Next Steps in the Measurement of Adolescent Alcohol Use 

The literature has shown that misclassification in the measurement of adolescent 

alcohol use is a consistent source of bias75-77. Although other forms of data collection 

are being advanced in the measurement of alcohol use, adolescent alcohol research 

remains primarily driven by self-report surveys. While self-report measures of 

adolescent alcohol use have been found to be reliable, their validity can still be affected 

through misclassification due to factors such as recall and survey modality78, 79. Despite 

24 



 

these validity concerns, self-report measures are still the only practical means of 

attaining information on the frequency, amount, and age of onset of adolescent alcohol 

use. Due to these limitations, it is critical to look at analytical methods for adjusting 

estimates based on these measures.    

Existing Methods to Correct for Misclassification Bias 

There is an often quoted assumption that if the misclassification can be 

determined to be non differential, then any bias present would be towards the null69, 80, 

81.  Based on this assumption, it is often argued that whether bias is present or not is 

irrelevant, since if it is the results are merely more conservative than they would 

otherwise be. This assumption is problematic in many practical cases. In order for this 

assumption to hold true, several other assumptions must also be true. First, 

misclassification errors must be assumed independent of errors in other variables. 

Violation of this assumption is common. For example, when analyzing the effects of 

early drunkenness a researcher may wish to control for the effects of early alcohol 

initiation. In this case, the assumption of independent errors is clearly violated.  A 

participant who is likely to be misclassified, perhaps due to recall bias, on age at first 

drunkenness is also more likely to be misclassified on age at first drink. Second, the 

assumption of bias towards the null can be shown to be violated when the misclassified 

variable consists of more than two categories. Third, the assumption does not account 

for other types of systematic error (confounding, selection bias, social desirability bias, 

etc.) and how they might interact with misclassification error. Finally, random error alone 

could be enough to calculate a point estimate that is in fact an overestimate of the true 

point estimate, even when all assumptions necessary for bias towards the null are 

met69, 82.   
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Methods have been developed to assess or account for the potential bias due to 

misclassification.  Methods for correcting measurement error of continuous exposure 

variables have also been extensively studied, but are not discussed here.  Methods to 

deal with misclassification of categorical variables have varied greatly in their 

sophistication and underlying assumptions, including: probabilistic sensitivity analyses83, 

regression calibration84-87, maximum likelihood88-90, a variety of nonparametric 

methods91, 92, Bayesian methods93-95, and multiple imputation methods96. Unfortunately, 

it is uncommon to see these methods implemented in epidemiological practice. For 

some methods this may be due to the complexity of implementation. However, the 

following methods are easily implemented via existing software: standard sensitivity 

analysis, probabilistic sensitivity analysis, regression calibration, and multiple imputation 

for measurement error (MIME). As a result of this accessibility, these methods will be 

discussed in greater detail. Methods based on instrumental variables techniques will 

also be discussed as they relate to regression calibration methods. These methods can 

be broken out into three broad categories: methods requiring no information external to 

the study at hand, methods requiring some form of external information, and methods 

requiring validation samples as part of the study at hand.  

Method Requiring No External Information 

Sensitivity Analysis 

 The standard sensitivity analysis is one of the more common approaches to 

testing the potential effects of misclassification bias.  In a sensitivity analysis, values are 

assumed for the misclassification rates (sensitivity and specificity) and the number of 

exposed and unexposed is back calculated under these misclassification rates. The 

data are then reanalyzed in order to derive an adjusted point estimate and confidence 
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interval.  While simple to accomplish in practice, a standard sensitivity analysis is flawed 

by having no mechanism by which to express the uncertainty of the misclassification 

rates. Several combinations of misclassification rates can be tried, but it is left up to the 

analyst to decide which, if any, is the most plausible. The determination of the rates of 

misclassification can be improved when external data are available, such as a validation 

sub-study. Algebraic methods for calculating corrected point estimates when validation 

information is available and the validation data are imperfect have also been 

developed97. However, when validation information is available the methods discussed 

below may be more preferable.     

Method Requiring External Information 

Probabilistic Sensitivity Analysis 

 Monte Carlo based methods have been developed for sensitivity analysis that 

account for uncertainty in the misclassification rates by having the analyst specify an 

external distribution for the misclassification rates83. For non-differential 

misclassification, two external distributions are chosen: one for the specificity and one 

for the sensitivity of the measure. For differential misclassification, four external 

distributions are specified: the sensitivity and specificity of cases and the sensitivity and 

specificity of controls. A single iteration of the simulation draws from these distributions 

a set of sensitivity and specificity values. These values are then used to calculate the 

positive predictive value (PPV) and negative predictive value (NPV) of exposure 

classification.  For those who are initially classified as exposed the PPV is the 

probability of being correctly classified, while for those initially classified as unexposed 

the NPV is the probability of being correctly classified.   These values are then applied 

to the corresponding individual records. Next, a random number is generated from a 
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uniform(0,1) distribution for each record. If this number is larger than the records 

probability of being correctly classified then the record is reclassified. Finally a logistic 

regression is run on the newly classified data, and a summary log odds ratio calculated. 

In order to account for random error the standard error for the conventional log odds 

ratio is calculated; then a value is sampled from a standard normal distribution. The 

product of this standard normal deviate and the conventional standard error is 

subtracted from the reclassified log odds ratio.  This process is then repeated many 

times resulting in a distribution of odds ratios adjusted for both random and systematic 

error. An advantage to this method is that while it would benefit from independent 

assessments of the misclassification rates, it is not required that such data is on hand.  

However, how robust the method is to misspecification of the external distributions for 

the misclassification rates is still an open question.   

Methods Requiring Validation Sub Studies 

Regression Calibration Methods 

Methods using regression calibration have also been employed in accounting for 

misclassification85-87. Regression calibration methods work by first fitting a primary 

logistic regression model among the whole sample relating the misclassified exposure 

to the outcome of interest. 

E(Y=1│ W=w )= b0+b1*w 

Where W is the exposure with measurement error, and Y is the outcome of interest. The 

coefficient b1 is then corrected by the formulas: 

b1t=b1/a1     and    Var(b1t)=1/(a1
2)Var(b1) +b1

2/(a1
4)*Var(a1) 

Where a1 is estimated by the regression: 

E(X│W )= a0+a1*w 
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where X is the gold standard measurement of the exposure. The primary limitation to 

these regression calibration methods is the need for either a validation sub-study in 

order to make the appropriate estimation corrections, however when such data is 

available these methods provide a viable alternative for dealing with misclassification 

error. 

Instrumental Variable Binary Errors in Variables Methods 

 Errors in variables methods for binary data have been developed for the analysis 

of clinical trials in the context of noncompliance with treatment assignment.  The basic 

instrumental variable method relies on the potential outcome framework as described by 

Rubin et al. 98. Let R be random assignment to treatment, and let R=1 when assigned to 

treatment and let R=0 when assigned to control. Let A be the potential treatment 

received, and let A=1 when treatment is received and let A=0 when treatment is not 

received. Let Y equal the outcome of interest. Under the assumptions of an instrumental 

variable analysis the only groups who provide information about the effects of treatment 

on the outcome are those who comply with random treatment assignment. The resulting 

instrumental variable estimator (IVE) is  

IVE  = [E(Y│ R=1) - E(Y│ R=0) ]/ [E(A│ R=1) - E(A│ R=0) ] 

which is the standard intent to treat estimate divided by the proportion of compliers. The 

analogous estimate for a misclassified exposure (IVEobs) is formulated by letting X be 

the gold standard measure of exposure and W be the exposure measure with 

misclassification. The resulting estimator is    

IVEobs  = [E(Y│ W=1) - E(Y│ W=0) ]/ [E(X│ W=1) - E(X│ W=0) ] 

29 



 

which is the misclassified estimate divided by the proportion of misclassified. The 

proportion of misclassified could be estimated from a validation sub study by the 

regression: 

E(X│W )= a0+a1*w 

 where a1 is the proportion misclassified. Under this formulation it is easy to see that 

IVEobs is equivalent to the regression calibration method previously described.  

Multiple Imputation Methods 

Methods using multiple imputation have also been employed in accounting for 

misclassification96. Multiple imputation for measurement error (MIME) works by first 

fitting a logistic regression model among the validation sample relating the misclassified 

exposure to the gold standard exposure measure. 

E(X=1│ W=w and Y=y)= β0+ β1*W+ β2*Y 

Where X is the gold standard exposure measure in the validation sample, W is the 

exposure with measurement error, and Y is the outcome of interest. The term W*Y can 

be included in the model to account for differential misclassification. From the 

parameters β0, β1, β2, and the covariance matrix ∑wy, draws from a multivariate 

standard normal distribution for the coefficients are made for each imputation. For each 

of k imputations, let Zk equal the imputed exposure measure. Set Z equal to X for those 

in the validation sample. For those not in the validation sub study draw Z from 

Bernoulli(pkwy), where pkwy = 1/(1+exp(β0k+ β0k*w+ β0k*y)). Finally, run the primary 

analysis in each imputation set and combine using standard multiple imputation 

procedures. The primary drawback to these multiple imputation methods is the 

necessity of a validation sub-study in order to make the appropriate estimation 

corrections. Such studies are uncommon, as they can be expensive. However when 
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such data are available these methods provide a viable alternative for dealing with 

misclassification error. 

Needs Still Present in the Methods Literature 

There are a myriad of methods that have been developed to tackle the problem 

of misclassification in binary variables. Despite this progress, it is rare to see any of 

these methods proceed past the development phase. One of the reasons for this is the 

lack of clear guidelines concerning their use, presented in a way that is broadly 

accessible. Even among the more widely understood methods focused on here, there is 

still a need for a systematic hierarchy for their use. In order to develop such a hierarchy 

it is necessary to first test the relative performance of these methods against one 

another in varying practical situations.  

Research Aims 

 This study will make use of both real and simulated data. Data from Project 

Northland Chicago (PNC) consists of a high-risk urban longitudinal sample followed 

from 6th to 12th grade.  This study is unique in that it uses longitudinal data to assess 

potential sources of misclassification bias. The following specific aims will be 

addressed: 

Aim 1 

Assess whether survey modality affects how adolescent participants respond to 

survey questions concerning alcohol behaviors. Specifically: 

Do rates of alcohol use (weekly, monthly, yearly) differ between mailed paper 
surveys and web-based surveys, mailed paper surveys and at-school paper surveys? If 
so, can these be attributed to modality effects or are they the result of self-selection into 
survey mode? 

Does reported age at first alcohol onset differ between mailed paper surveys and 
web-based surveys, mailed paper surveys and at-school paper surveys? If so, can 
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these be attributed to modality effects or are they the result of self-selection into survey 
mode? 

Due to the presence of multiple survey administration modes during 12th grade 

follow-up, PNC data was used in Paper #1 to assess the presence and extent of survey 

modality effects on participant responses regarding alcohol behavior. Few studies have 

looked at potential modality effects in responses to alcohol use questions in 

adolescents. Studies that have addressed this question have done so primarily in 

college-aged samples.  

Aim 2 

Assess the predictors of recall bias for age at first alcohol onset among 
adolescents. What are the relative contributions of each predictor to changes in 
misclassification rates? 

Due to the presence of both retrospective and prospective measures of alcohol 

initiation, PNC data was used in Paper #2 to assess predictors of recall bias in the 

context of alcohol use initiation. Few studies have explored the magnitude of recall bias 

and its predictors in context of alcohol research. Those that have, have been restricted 

in the number of predictors assessed. By providing an understanding of the 

mechanisms that might underlie recall error, this study will enable researchers to make 

more sound judgments about the possibility and extent of recall bias in self-report 

measures of alcohol use in samples of adolescents    

Aim 3 

 Create a hierarchy of best practices for dealing with misclassification bias in an 
observational setting.  

Paper #3 used simulations to test methods that incorporate information from 

validation sub-studies. Results from paper #3 is discussed as a formulation of best 

practices for analyzing data with misclassified predictors. By providing a hierarchy of 
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best practices, this study will allow researchers to easily determine the best course of 

action in dealing with misclassification error with available data.  
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CHAPTER 2 
PROJECT NORTHLAND CHICAGO STUDY DESIGN 

All data for this dissertation are taken from the Project Northland Chicago (PNC) 

trial99-101.  PNC was a longitudinal group randomized trial of Chicago public schools 

aiming to reduce alcohol and drug use in a multiethnic urban setting.  Public schools in 

Chicago were eligible for recruitment if they included 5th through 8th grade, had thirty or 

more students per grade, and had low rates of mobility (<25%).  Sixty-one schools 

agreed to participate in the study over the course of three years.  These schools were 

combined into twenty-two study units based on their geographic distribution. These 

study units were created in order to meet previously calculated power requirements for 

ten study units per condition averaging 200 participants each.  Study units were 

matched based on ethnicity, poverty, mobility, reading scores, and mathematics scores. 

These study units were then randomized to either intervention (n=10) or control (n=12) 

status. 

 The original data collection consisted of four waves, lasting from 6th to 8th grade. 

Any student enrolled in a participating school during the course of the trial was eligible 

for participation. A baseline survey of sixth graders was conducted in Fall 2002. Three 

follow surveys occurred after the initiation of the intervention: Spring 2003, Spring 2004, 

and Spring 2005.  Of the eligible students, 91% (n=4,259) completed the baseline 

survey in 2002; 94% (n=4,240) completed the Spring 2003 survey; 93% (n=3778) 

completed the Spring 2004 survey; and 95% (n=3,802) completed the Spring 2005 

survey. This data collection resulted in a series of repeated cross-sections with an 

embedded cohort of participants. The cohort follow up rates were: 89% for baseline to 
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the Spring 2003 survey, 67% for the baseline to Spring 2004 survey, and 61% for the 

baseline to Spring 2005 survey.    

For the 5,711 students who completed at least one survey during the intervention 

period, attempts were made to recruit them as part of a long-term follow conducted 

during their 12th grade year (2009)101. Recruitment was carried out in three phases. 

During phase 1, participants were contacted through the mail with telephone follow-up 

reminders for non-responders. Participants who responded during phase 1 were given 

the option to complete a paper copy of the survey included in the mailing, or to complete 

the survey online.  Phase 1 resulted in 2375 participants completing surveys.  For the 

2824 participants who did not respond during phase 1, phase 2 of recruitment 

attempted to reach them through the school system.  Paper surveys were administered 

through the Chicago public school resulting in 448 further completers.  Those who did 

not have valid addresses or a verified school enrollment were tracked as part of phase 

3. During phase 3, attempts were made to deliver a paper survey by means of a courier 

service.  Phase 3 resulted in 209 further completions.  The overall response rate for the 

long-term follow-up survey was 53.1% (n=3032).      
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CHAPTER 3 
THE EFFECTS OF SURVEY MODALITY ON ADOLESCENTS’ RESPONSES TO 

ALCOHOL USE ITEMS  

Literature Review 

Mixed-mode designs have become increasingly common in survey based 

research, surveillance systems, as well as epidemiological and intervention research 102-

107. The most commonly cited reasons for the use of mixed mode surveys are increased 

response rates and decreased study costs108.  However, the increase in response rate 

gained from using mixed-modes is not without potential complications.  Participants’ 

response may vary by mode of the survey itself, introducing unfortunate confounding 63, 

65, 66.  

Studies to date examining modality effects of web versus paper surveys specific 

to alcohol questionnaires have found mixed results. Four published studies found little 

evidence for modality effects for web-based survey of self-reported alcohol use 

compared to paper surveys 58-61. Two studies have found that the interaction of survey 

mode with questions of high sensitivity is more likely to lead to significant survey mode 

effects 62, 63.  This may explain inconsistency in the literature on studies reporting 

significant modality effects in self-reported alcohol use. Studies that found little evidence 

of modality effects for self-reported alcohol use occur primarily in adult or college-aged 

samples, while studies finding significant modality effects occur in samples drawn from 

adolescent populations 62-68. Since adolescents face greater social pressure not to drink 

compared to adults, the difference in perceived anonymity of different survey modes 

may be of greater importance in how truthfully adolescents respond. 

Studies comparing school versus home-administered surveys have consistently 

found higher reported rates of alcohol and drug use in school-administered surveys 66-
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68. Kann et al. found significant differences in reported prevalence rates of problem 

behaviors between the school-based Youth Risk Behavior Survey (YRBS) and the 

home-based National Health Interview Survey (NHIS), including measures of alcohol 

use. Kann et al. found significant differences in the reported prevalence of the following 

alcohol measures: lifetime alcohol use (YRBS=79.8%, NHIS=68.5%, t=6.56, p<0.001), 

episodic heavy drinking (YRBS=28.2%, NHIS=22.5%, t=3.21, p<0.001), and drank 

alcohol before age 13 (YRBS=33.8%, NHIS=19.7%, t=11.56, p<0.001); significant 

differences were not found for self-reported current alcohol use 67. The largest 

differences between the school versus home-based surveys occurred with questions 

regarding illegal or stigmatized behavior, leading the authors to conclude the higher 

rates reported via an anonymous paper and pencil survey in school to be less affected 

by social desirability or underreporting bias than a home-based paper and pencil 

survey. The resulting differences between modes are typically attributed to the 

perceived lower levels of anonymity in household-based surveys.   

While much research has been done on the effects of survey modality on 

adolescent responses to alcohol use items, most of this research has focused on 

comparisons from national population-based surveys in order to assess error in 

population-level prevalence estimates 59, 60, 62, 66-68. While national survey comparisons 

are useful for assessing general population-wide effects of survey modality and 

validating population prevalences, they do not necessarily demonstrate the presence or 

absence of modality effects in more specialized settings or the potential threat to the 

interpretation of intervention effects in controlled trials. There remains a need to explore 

effects of survey modality in settings common to adolescent alcohol prevention trials. 
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Previous studies have examined college 59, 60 or elementary 64, 65 aged students. As a 

result, little is known about the influence of survey modality in trials of adolescent 

alcohol prevention.  This study examined the effect of survey modality on responses to 

alcohol use questions in an adolescent population drawn from a recent alcohol 

prevention trial.  Specifically, this study examined differences in responses to self-

reported alcohol use items by survey mode, whether differences were the result of 

modality effects versus self selection, and whether differences were differential by 

intervention status.   

Methods 

Study Design 

Data for this study were collected as part of the Project Northland Chicago (PNC) 

trial99, 100.  PNC was a longitudinal group-randomized trial of Chicago public schools to 

test an alcohol and drug use prevention intervention within a multi-ethnic urban setting.  

Public schools in Chicago were eligible for recruitment if they included 5th through 8th 

grade, had thirty or more students per grade, and had low rates of mobility (<25%).  

Sixty-one schools agreed to participate in the study over the course of three years.  

These schools were combined into twenty-two study units based on their geographic 

distribution. These study units were created in order to meet previously calculated 

power requirements for ten study units per condition averaging 200 participants each.  

Study units were matched based on ethnicity, poverty, mobility, reading scores, and 

mathematics scores. Study units were then randomized to either intervention (n=10) or 

control (n=12) status. 

The original data collection consisted of four waves of school-based surveys, 

following a cohort of youth from 6th to 8th grade. Any student enrolled in a participating 
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school during the course of the trial was eligible for participation. A baseline survey of 

sixth graders was conducted in Fall 2002. Three follow surveys occurred after the 

initiation of the intervention: Spring 2003, Spring 2004, and Spring 2005.  Of the eligible 

students, 91% (n=4,259) completed the baseline survey in 2002; 94% (n=4,240) 

completed the Spring 2003 survey; 93% (n=3778) completed the Spring 2004 survey; 

and 95% (n=3,802) completed the Spring 2005 survey. The trial design thus resulted in 

a series of repeated cross sections with an embedded cohort of participants. The cohort 

follow-up rates were: 89% for baseline to the Spring 2003 survey, 67% from baseline to 

Spring 2004 survey, and 61% from baseline to Spring 2005 survey.    

For the 5,711 students who completed at least one survey during the intervention 

period, attempts were made to recruit them as part of a long-term follow conducted 

during their 12th grade year (2009)101. Recruitment was carried out in three phases. 

During phase 1, participants were contacted through the mail with telephone follow-up 

reminders for non-responders. Participants who responded during phase 1 were given 

the option to complete a paper copy of the survey included in the mailing, or to complete 

the survey online.  Phase 1 resulted in 2375 participants completing surveys.  For the 

2824 participants who did not respond during phase 1, phase 2 of recruitment 

attempted to reach them through the school system.  Paper surveys were administered 

through Chicago public schools resulting in 448 further completers.  Those who did not 

have valid addresses or a verified school enrollment were tracked as part of phase 3. 

During phase 3, attempts were made to deliver a paper survey by means of a courier 

service.  Phase 3 resulted in 209 further completions.  The overall response rate for the 

long-term follow-up survey was 53.1% (n=3032).      
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The analysis sample for this study included a cohort of 2,147 African American 

(40%), Hispanic (29%), white (16%), and other (15%) youth who completed a survey in 

8th grade and 12th grade. The sample was 45% male, spoke English at home (72%), 

and was largely low income (78% reported receiving free or reduced price lunch). Data 

collection protocols and analyses were approved by Institutional Review Boards at the 

University of Minnesota and University of Florida. 

Missing Data 

 Youth who completed both an 8th grade survey as well as a 12th grade survey 

were included in the report here.  Students lost to follow-up were more likely to be non-

white (p<0.01) and male (p<0.01); students lost to follow-up were also marginally more 

likely in the 8th grade to report drinking in the last year (p=0.15), month (p=0.08), and 

week (p=0.05).  There were no significant differences between those lost to follow-up 

versus those with data in 12th grade among those reporting free or reduced price lunch 

(p=0.72).   

 Differential loss to follow-up was handled by the inverse probability weighting 

method.  The probability of completion was modeled by means of a logistic regression 

with race/ethnicity, gender, and 8th grade alcohol use items as predictors of completion. 

The complete cases were then weighted in the analysis by the inverse of their modeled 

probability of completion.  

Measures 

Survey modality. A three-level nominal variable was constructed for survey 

modality: mailed paper survey, web-based survey, and school-based survey.  

Participants who returned a paper survey from phase 1 were classified as “mail-based 

group”; participants who returned a paper survey as part of phase 3 were also classified 
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as “mail-based group.”  Participants from phases 1 and 3 who completed the survey 

online were classified as “web-based group.” Participants who completed the survey 

during phase 2 were classified as “school-based group.” For the proceeding regression 

analyses this variable was dummy coded with “mail-based group” as the reference 

group.  

Alcohol in the last year.  A single item was used to measure alcohol use in the 

last year.  Participants were asked: “During the last 12 months, on how many 

occasions, or times, have you had alcoholic beverages to drink?” Participants could 

respond: never, 1-2 occasions, 3-5 occasion, 6-9 occasions, 10-19 occasions, 20-39 

occasions, or 40 or more occasions.      

Alcohol in the last month.  A single item was used to measure alcohol use in the 

last month.  Participants were asked: “During the last 30 days, on how many occasions, 

or times, have you had alcoholic beverages to drink?” Participants could respond: 

never, 1-2 occasions, 3-5 occasion, 6-9 occasions, 10-19 occasions, 20-39 occasions, 

or 40 or more occasions. 

Alcohol in the last week.  A single item was used to measure alcohol use in the 

last week.  Participants were asked: “During the last 7 days, on how many occasions, or 

times, have you had alcoholic beverages to drink?” Participants could respond: never, 

1-2 occasions, 3-5 occasion, 6-9 occasions, 10-19 occasions, 20-39 occasions, or 40 or 

more occasions.     

Age at first alcohol use.  Participants were asked, “During the last 12 months, on 

how many occasions, or times, have you had alcoholic beverages to drink?” during the 

baseline, 6th, 7th, 8th, and 12th grade surveys.  During the 12th grade survey, students 
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were also asked “A year ago, about how often did you drink alcohol”; “Two years ago, 

about how often did you drink alcohol”; and “Three years ago, about how often did you 

drink alcohol.” Each participant’s age at first alcohol use was estimated by the age at 

the time of the first survey indicating alcohol use. 

Ever use alcohol.  Participants were asked, “If you have ever had an alcoholic 

drink, think back to the last time you drank. How did you get the alcohol?” Participants 

could respond “You’ve never had an alcoholic drink” or one of ten possible sources. 

Responses to this variable were dichotomized to reflect categories of “never had an 

alcoholic drink” and “had an alcoholic drink.” 

Race/ethnicity.  During the baseline and intervention period surveys, 

race/ethnicity was measured by a single item. Participants were asked “How do you 

describe yourself? Mark all that describe you.” Participants could respond by marking 

“Asian American or Asian Indian”; “Black or African American”; “Latino, Hispanic, or 

Mexican American”; “Native American or American Indian”; “White, Caucasian, or 

European American”; or “Other”. Race/ethnicity was categorized as either: Asian, Black, 

Hispanic, Native American, White, or Other.  

Free/reduced price lunch.  Free or reduced price lunch was measured at 

baseline by a single item.  Participants were asked “Do you receive free or reduced-

price lunches at school?” Response options included: “Yes”, “No”, or “Don’t know.” 

Responses of “Don’t know” were recoded as missing. 

Gender.  Gender was measured at baseline by a single item. Participants were 

asked whether they were a “Boy” or “Girl.” These responses were dummy coded as a 

single variable with female as the reference group.  
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Statistical Analysis 

The analytical plan followed three steps. First, we tested for overall differences 

between modalities by including only survey modality as a predictor in a series of 

regression models. Next we attempted to isolate the effect of survey modality from 

potential selection effects by including additional covariates in our modality regressions. 

Finally, we ran models including a, intervention by survey mode interaction term in order 

to assess whether modality effects where differential by intervention condition. As a 

sensitivity analysis, we restricted the sample to those reporting some lifetime drinking, 

and re-ran all previous analyses in order to explore whether any observed differences 

could be due to social desirability of responses. Post-hoc power analyses were also ran 

to verify the ability of our sample to detect scientifically meaningful differences.  

Modality regressions. First, the presence of any differences by survey mode was 

assessed with a series of regression models of the following form: 

E(Yi )= β0 + β1 Xi 

Where Yi represents the outcome variable for participant i, and Xi represents the 

indicator variable for survey modality for participant i.  To explore potential mode effects 

while teasing apart potential self-selection into mode, the regression models were 

specified as:  

E(Yi )= β0 + β1 Xi + β2Zi + β3Bi 

Where Yi represents the outcome variable for participant i, Xi represents the indicator 

variable for survey modality for participant i, Zi represents a set of time invariant 

selection factors for participant i (race, gender, and socioeconomic status), and Bi 

represents the value of the outcome variable at 8th grade for participant i. Controlling for 

8th grade values of the outcome variable will provide greater control of selection factors 
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compared to the demographic controls present in many studies, providing a more valid 

estimate of the modality effects unconfounded by selection factors. Outcomes assessed 

while controlling for the covariates included: alcohol use in the last week, month, and 

year.  To explore whether mode effects are differential by intervention condition, the 

regression models were specified as:  

E(Yi )= β0 + β1 Xi + β2 Ti + β3Zi + β4Bi + β5 Xi * Ti 

Where Yi represents the outcome variable for participant i, Xi represents the indicator 

variable for survey modality for participant i, Ti represents the indicator variable for the 

intervention group for participant i, Zi represents a set of time invariant selection factors 

for participant i (race, gender, and socioeconomic status), and Bi represents the value of 

the outcome variable at 8th grade for participant i. 

 As a sensitivity analysis, the analysis was restricted to the sample that reported 

any lifetime drinking. Since this sample has already reported underage drinking, they 

might be less likely to be influenced by the social desirability of a negative response. If 

differences by survey mode persist in this sample it would be more difficult to attribute 

them to social desirability bias. All previous models were re-run using the restricted 

sample. Additionally, the effect of survey modality on age at first alcohol use was also 

conducted on the restricted sample. 

Participants in the study are naturally clustered by school, and therefore 

observations cannot be assumed to be independent.  As a result, standard regression 

techniques can lead to incorrect inferences due to biased standard error estimates.  Our 

analysis takes this correlation into account by means of generalized estimating 

equations using PROC GENMOD in SAS v9.3.  The GENMOD procedure allows us to 
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easily account for the correlation between participants clustered in schools, while 

providing flexibility on the distributional assumptions of our outcome variables.    

Power analysis. All alcohol outcomes were approximated as Poisson distributed 

random variables during the power analysis. For these outcomes G*Power v3.1.3 was 

used to determine the smallest effect size detectable (in rate ratios) given our sample. 

The parameters needed for the power analysis of Poisson distributed outcomes were: 

the sample size (N), the desired power (β), desired type-1 error rate (α), the base event 

rate (eβ0), the R2 of the covariates, and the proportion of participants who selected to 

take the non-mailed paper survey (π). N is a fixed quantity of our data (N=2,147). β was 

set at 0.95 in order to confidently claim no effect. The value for α was 0.05, and eβ0 was 

estimated by an intercept only Poisson regression model for each outcome.  The R2 of 

the other covariates was estimated by a regression excluding the modality effect. π was 

calculated directly from the data.      

   

Results 

The full analysis sample including both drinkers and non-drinkers produced no 

statistically significant modality effects. No significant differences were found in 

responses to the alcohol use items when comparing mailed-based versus web-based 

survey administrations.  When comparing the school-based group to the mail-based 

group, a small marginally significant effect of survey modality was observed in 

responses to the alcohol use in the last year item [RR=1.11, 95% CI: (0.98, 1.25)]. This 

effect was robust to the inclusion of covariates to control for potential selection effects 

[RR=1.10, 95% CI: (1.00, 1.21)]. No other modality effects were found comparing the 

mail-based group to the school-based group in the full sample (Table 3-1).  
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The regression models testing for a differential modality effect by intervention 

condition detected no statistically significant intervention by survey mode interactions. 

Thus, there is no evidence of differential effects of modality by intervention group.  

No significant modality effects were detected among students who reported ever 

drinking alcohol in their lifetimes, regardless of covariate controls. For comparisons of 

web- and mail-based groups, the direction and magnitude of the estimates produced no 

clear pattern and were not statistically significant. In addition, no statistically significant 

differences were found between the mail- and school-based groups, and the direction 

and magnitude of the estimates produced no clear pattern (Table 3-2). 

We have adequate statistical power to detect changes in alcohol behaviors due to 

survey modality as low as 5% to 10% depending on the outcome tested. We have to 

statistical power to detect scientifically meaningful changes in reported alcohol use due 

to modality. This is made clear when comparing our detectable effect sizes to 20% to 

50% reductions from prior adolescent alcohol prevention trials109.   

Discussion 

 Our results show no appreciable differences in self-reported alcohol use across 

mailed paper, in-school paper, and web-based surveys of high school-aged participants 

in a large-scale alcohol prevention trial. These findings support potential benefits of 

using mixed modality surveys for long-term follow-up of high school-aged participants. 

In the PNC follow-up surveys, including multiple modalities increased the response rate 

of the follow-up survey with no threat of survey modality confounding results. Our 

results show that the important benefits of added sample size came with little to no 

measurement error due to multiple survey modalities.  
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 While the results did produce a single marginally significant estimate of the effect 

of the in-school modality relative to mailed paper surveys on participants self-reported 

alcohol use in the past year, this single result should be interpreted with caution. Due to 

the number of models tested, this effect could well be due to chance alone. On the other 

hand, it is possible that the estimate may be the result of a real association between 

survey modality and adolescent’s self-reported alcohol use. Even if reflecting a true 

effect, the size of the effect is small enough to not be of substantive importance, 

especially compared to other causes of measurement error, such as recall bias 39. If the 

estimate is the result of a real association between survey modality and adolescent’s 

self-reported alcohol use, the sensitivity analysis among those reporting some lifetime 

alcohol use points to social desirability as the likely mechanism for the difference. When 

restricting the sample to self-reported lifetime alcohol users, a group demonstrably less 

influenced by the social desirability of their responses, the marginally significant 

estimate was eliminated.   

 Any interpretation of these results should be viewed in the context of both the 

study’s limitations and its strengths. First, the data used were not taken from a trial 

designed with the purpose of testing the effects of survey modality on participant’s 

responses. Participants were allowed to self-select into the modality of their choice in 

order to maximize the response rate of the original trial. Because participants were not 

randomized to their survey modality, we cannot be sure whether the results reflect the 

true effect of modality or are the result of selection factors. However, all participants had 

previously responded to the alcohol measurement items using a single survey modality 

during 8th grade. Since the 8th grade measurements could not be influenced by different 
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survey modalities, controlling for these responses provides the strongest control of 

selection factors possible in this sample. Second, PNC did not produce a significant 

intervention effect in reducing self-reported alcohol use. While the results provide the 

best available evidence that survey modality does not have differential effects by 

assigned intervention group, it is possible that no association was found due solely to 

the lack of an intervention effect in the original trial. Despite the problems inherent in 

using secondary data for this study, the use of data from an established intervention trial 

also provides a key strength. Because this study  is derived from an alcohol prevention 

trial, its conclusions are more directly applicable to the both the interpretation of 

intervention effects from similar completed trials and the design of future trials, 

compared to conclusions drawn from similar modality analyses of more general 

population surveys.  

 Future research should seek to build on this study in several ways. First, the 

results should be replicated in trials within different demographic groups, and 

implemented in other settings. The present sample entirely from a highly urban setting, 

and consisted of majority minority population. To increase the generalizability of these 

findings, they should be replicated using trials performed in rural settings and with 

populations with other demographic distributions. Second, results should be replicated 

in trials that produced a significant intervention effect to provide stronger evidence that 

potential modality effects are not affected by treatments. Nevertheless, our results 

provide comforting evidence that adolescent alcohol prevention trials may use multiple 

survey modalities when appropriate to increase response rates without introducing bias 

that harms the interpretation of intervention effects.    
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Table 3-1.  The effects of survey modality on self-reported alcohol use 

 
 

Est CI Est CI Est CI Est CI
Poisson Distributed Outcomes

Alcohol in last week 0.99 (0.94, 1.04) 1.00 (0.95, 1.05) 1.02 (0.94, 1.11) 1.00 (0.93, 1.09)
Alcohol in last month 1.02 (0.94, 1.11) 1.02 (0.94, 1.11) 1.05 (0.95, 1.17) 1.06 (0.96, 1.16)
Alcohol in last year 1.04 (0.95, 1.13) 1.01 (0.92, 1.11) 1.11 (0.98, 1.25) 1.10 (1.00, 1.21)

* adjusted for race, gender, free or reduced price lunch, and 8th grade values of the outcome variables

School vs mailed paperWeb vs mailed paper
Crude Adjusted* Crude Adjusted*

Table 3-2.  The effects of survey modality on self-reported alcohol use among 
adolescents reporting lifetime alcohol use 

 
 

Est CI Est CI Est CI Est CI
Poisson Distributed Outcomes

Alcohol in last week 0.98 (0.92, 1.05) 0.99 (0.92, 1.06) 1.00 (0.89, 1.12) 0.98 (0.88, 1.09)
Alcohol in last month 1.02 (0.92, 1.12) 1.01 (0.91, 1.12) 1.02 (0.90, 1.15) 1.00 (0.89, 1.11)
Alcohol in last year 1.02 (0.93, 1.12) 1.00 (0.90, 1.10) 1.05 (0.95, 1.15) 1.00 (0.92, 1.09)
Normally Distributed Outcome

Age at Alcohol Onset -0.07 (-0.20, 0.06) 0.00 (-0.14, 0.14) 0.07 (-0.11, 0.23) 0.13 (-0.05, 0.30)
* adjusted for race, gender, free or reduced price lunch, and 8th grade values of the outcome variables

Crude Adjusted* Crude Adjusted*
Web vs mailed paper School vs mailed paper
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CHAPTER 4 
PREDICTORS OF RECALL ERROR IN SELF-REPORT OF AGE OF ALCOHOL USE 

ONSET 

Literature Review 

Alcohol use is widespread among American adolescents. While rates of early 

alcohol initiation have been dropping since the early 1990s, rates still remain high. 

According to 2010 reports from the Monitoring the Future study (MTF), over 35% of 

adolescents have initiated alcohol use by 8th grade, over 58% by 10th grade, and 71% 

by 12th grade; additionally, 16% of adolescents report having been drunk by 8th grade, 

37% by 10th grade, and 54% by 12th grade1.  Not only are these rates high but there is 

also extensive literature on the harmful effects of alcohol use during adolescence. The 

literature strongly suggests that early initiation of alcohol use is associated with higher 

rates of subsequent high-risk behaviors (violence, substance abuse, academic 

problems, employment problems, and risky sex)2-5 and consequent health problems 

(emotional problems, sexually transmitted infections, and injury)2, 3, 6-8. Moreover, early 

onset increases the risk of alcohol dependence in adulthood.  In short, early onset of 

alcohol use is commonly considered to be a serious public health problem. 

An earlier age at first alcohol use has been used to predict a variety of negative 

outcomes [2-8]. More recently age of alcohol use onset has been studied as a way to 

subtype patients for alcoholism interventions.  Kranzier et al. analyzed the effects of 

sertraline treatment on subgroups defined by age of alcohol use onset, concluding that 

age of alcohol onset was a clinically useful measure for subtyping alcohol abuse 

patients for treatment 110. The continued use and growth of reliance on retrospective 

age of alcohol use onset measures underscores the importance of understanding the 

predictors of recall error in age of alcohol use onset. Knowing the characteristics of 
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survey respondents who are more likely to experience error in recall will allow 

researchers to better interpret findings based on retrospective measures of alcohol use 

onset. 

Due to the importance of adolescent alcohol use, and early onset of use, as 

prominent public health problem, it is important that its effects be studied as rigorously 

as possible. However, data collected for the purpose of adolescent alcohol research 

often of necessity relies on retrospective measures with the serious potential for 

systematic recall error 52, 70-74. Collins et al. found that retrospective measures tended to 

underreport the extent of past drinking, and that levels of current drinking were 

predictive of the extent of recall bias in high school students71. Studies have found the 

presence of recall bias in a wide range of reference time periods. For example, Simpura 

et al. found 18-year recall of alcohol use in adult men tended to overestimate the levels 

of past drinking, while finding that the original level of drinking was predictive of the 

measurement error70. Gmel et al. found significant underreporting bias in seven day 

alcohol use recall in emergency room settings74. The extent of recall bias in self-

reported alcohol use can also be affected by the perceived harm the alcohol use may 

cause. A study of recall bias among pregnant women found that women who 

experienced adverse pregnancy outcomes tended to underreport alcohol use when 

measured retrospectively compared to women who did not experience adverse 

pregnancy outcomes72. A longitudinal study of college freshmen reported recall bias to 

be a factor in the measurement of self-reported age of alcohol use onset52. A cohort 

(n=410) of college freshmen was followed annually for 11 years. A significant linear 

trend was observed for the mean self-reported age of alcohol use onset by study year 
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(F=84.75, p<0.001), indicating that increasing the length of the recall period also 

increased the self reported age of first alcohol use.   

Few studies have explored the magnitude of recall error and its predictors in 

context of adolescent alcohol research. Prior studies on the predictors of recall error in 

adolescent alcohol use have been restricted in the number of predictors assessed.  We 

used data available from Project Northland Chicago (PNC), a longitudinal intervention 

trial to reduce adolescent alcohol use, to assess the association of a variety of 

predictors with recall error in age of alcohol use onset. The cohort embedded in PNC 

enables us to construct both prospective and retrospective measures of the age of 

alcohol use onset.  This allows for the direct assessment of which participants 

experienced poor recall, and allows us to explore variables that predict which 

participants give an inaccurate report leading to potential bias. Furthermore, the 

direction of any recall error can be assessed by comparing responses of the 

retrospective versus prospective measures. By improving understanding of the 

mechanisms that underlie recall error, this study enables researchers to make more 

sound judgments about the possibility and extent of recall bias using retrospective self-

report measures of age of alcohol use onset. Results will also help better assess the 

validity of effect sizes from the alcohol use etiological literature, which often relies on 

retrospective measures of age of alcohol use onset.     

Methods 

Study Design 

Data for this paper was collected as part of the Project Northland Chicago (PNC) 

trial99, 100.  PNC was a longitudinal group-randomized trial of Chicago public schools 

aiming to reduce alcohol and drug use in a multiethnic high-poverty urban setting.  
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Public schools in Chicago were eligible for recruitment if they included 5th through 8th 

grade, had thirty or more students per grade, and had low rates of mobility (<25%).  

Sixty-one schools agreed to participate in the study. Characteristics of students within 

the study schools were similar to the overall demographics of the Chicago Public 

Schools district. The PNC sample was 50% male, ethnically diverse (43% black, 29% 

Hispanic, 13% white, and 15% other) and of low socio-economic status (72% received 

free or reduced-price lunch). Less than half the students lived with both of their parents 

(47%) and 74% reported English as the primary language at home. 

The core data collection consisted of four waves of school-based surveys, 

following a cohort of youth from 6th to 8th grade. Any student enrolled in a participating 

school during the course of the trial was eligible for participation. A baseline survey of 

sixth graders was conducted in Fall 2002. Three follow-up surveys occurred after the 

initiation of the intervention: Spring 2003, Spring 2004, and Spring 2005.  Of the eligible 

students, 91% (n=4,259) completed the baseline survey in 2002; 94% (n=4,240) 

completed the Spring 2003 survey; 93% (n=3778) completed the Spring 2004 survey; 

and 95% (n=3,802) completed the Spring 2005 survey. These surveys waves resulted 

in a series of repeated cross-sections with an embedded cohort of participants. The 

cohort follow-up rates were: 89% for baseline to the Spring 2003 survey, 67% for the 

baseline to Spring 2004 survey, and 61% for the baseline to Spring 2005 survey.    

For the 5,711 students who completed at least one survey during the intervention 

period, attempts were made to recruit them as part of a long-term follow conducted 

during their 12th grade year (2009)101. Recruitment was carried out in three phases. 

During phase 1, participants were contacted through the mail with telephone follow-up 
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reminders for non-responders. Participants who responded during phase 1 were given 

the option to complete a paper copy of the survey included in the mailing, or to complete 

the survey online.  Phase 1 resulted in 2375 participants completing surveys.  For the 

2824 participants who did not respond during phase 1, phase 2 of recruitment 

attempted to reach them through the school system.  Paper surveys were administered 

through the Chicago public school resulting in 448 further completers.  Those who did 

not have valid addresses or a verified school enrollment were tracked as part of phase 

3. During phase 3, attempts were made to deliver a paper survey by means of a courier 

service.  Phase 3 resulted in 209 further completions.  The overall response rate for the 

long-term follow-up survey was 53.1% (n=3032).      

In order to assess predictors of recall error it is necessary to construct a 

prospective measure of age of alcohol use onset for comparison with the retrospective 

measure included as part of PNC’s long-term follow-up survey. In order to facilitate this, 

the sample was restricted to only those who responded to the alcohol use questions in 

both the original PNC survey and the long-term follow-up survey in 2009.  The resulting 

study cohort included 1,054 African American (43.1%), Hispanic (37.5%), and White 

(19.5%) youth who completed a survey in 6th grade and 12th grade.  The sample was 

44.6% male, 69.9% spoke English at home, and 74.5% were low income. Data 

collection protocols and analyses were approved by Institutional Review Boards at the 

University of Minnesota and University of Florida. 

Measures 

Retrospective measure.  Age of alcohol use onset was assessed 

retrospectively by means of a single item on the 12th grade follow-up survey. 

Participants were asked “About how old were you when you first started drinking, not 
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counting small tastes or sips?” Participants could respond: “Never”; “8 years old or 

younger”; “9 or 10 years old”; “11 or 12 years old”; “13 or 14 years old”; “15 or 16 years 

old”; or “17 years or older.”   

Prospective measure. The prospective age of alcohol use onset variable was 

created by combining information from eight variables over the 5 survey time points. 

Students were asked “During the last 12 months, on how many occasions, or times, 

have you had alcoholic beverages to drink?” during the baseline, 6th, 7th, 8th, and 12th 

grade surveys. During the 12th grade survey, students were also asked “A year ago, 

about how often did you drink alcohol”; “Two years ago, about how often did you drink 

alcohol”; and “Three years ago, about how often did you drink alcohol.” From these 

responses, age of alcohol use onset was assigned as the participant’s age at the time of 

the survey the first time the respondent indicated using alcohol. This prospective age of 

alcohol use onset was then categorized to match the categories of the retrospective 

measure. Due to the inclusion of the recall questions from 12th grade, covering grades 9 

to 11 (ages 15 to 17), this measure is not fully prospective. However it is the most 

prospective measure possible that matches categories described in the purely 

retrospective measure.   

Agreement measures. The measure of agreement compared the prospective 

and retrospective measures of age of alcohol use onset. If the two alcohol measures 

were found to have equal values then the agreement measure was categorized as 

“agree” and if they were unequal the agreement measure was categorized as 

“disagree.”  A second indicator was coded to show whether the retrospective measure 
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indicated an earlier or later age of alcohol use onset compared to the retrospective 

measure.  

Age. Date of birth was recorded on the surveys during grades 6 to 8. Age at 12th 

grade was calculated based on the 2009 survey date and the earlier recorded date of 

birth.   

Race/ethnicity. Race/ethnicity was measured with a single item. Participants 

were asked “How do you describe yourself? Mark all that describe you.” Participants 

could respond by marking “Asian American or Asian Indian”; “Black or African 

American”; “Latino, Hispanic, or Mexican American”; “Native American or American 

Indian”; “White, Caucasian, or European American”; or “Other.” Race/ethnicity was 

categorized as either: Asian, Black, Hispanic, Native American, White, or Other.  

Free/reduced price lunch. Free or reduced price lunch was measured at 

baseline by a single item.  Participants were asked “Do you receive free or reduced-

price lunches at school?” Participants could respond: “Yes”, “No”, or “Don’t know.” 

Responses of “Don’t know” were recoded as missing.     

Family structure. Family structure was measured at baseline by a single item. 

Participants were asked: “Who do you live with most of the time? Mark only one 

answer.” Participants could respond: “Mother and Father together”; “Mother and father 

equally, at separate households”; “Parent and step-parent”, “Mother mostly”; “Father 

mostly”; “Grandparent”; “Other relative”; “Foster parents”; or “Other”. These responses 

were dichotomized to reflect categories of “Mother and father together” and “Other.” 

Baseline and 12th grade alcohol use. A single item was used to measure 

alcohol use at both baseline and 12th grade.  Participants were asked: “During the last 
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12 months, on how many occasions, or times, have you had alcoholic beverages to 

drink?” Participants could respond: never, 1-2 occasions, 3-5 occasion, 6-9 occasions, 

10-19 occasions, 20-39 occasions, or 40 or more occasions. These responses were 

dichotomized to reflect categories of “yes” or “no” for baseline alcohol use due to 

extreme skewness in the distributions.   

Baseline and 12th grade cigarette use. A single item was used to measure 

cigarette use at both baseline and 12th grade.  Participants were asked: “Have you ever 

smoked a cigarette?” Participants could respond “yes” or “no” for both baseline and 12th 

grade cigarette use.   

Baseline and 12th grade marijuana use. A single item was used to measure 

marijuana use at both baseline and 12th grade.  Participants were asked “During the last 

12 months, on how many occasions, or times, if any, have you used marijuana (other 

names for marijuana are: pot, grass, weed, dope, reefer, blunt, hash, hashish)?” 

Participants could respond: never, 1-2 occasions, 3-5 occasion, 6-9 occasions, 10-19 

occasions, 20-39 occasions, or 40 or more occasions. These responses were 

dichotomized to reflect categories of “yes” or “no” for both baseline and 12th grade 

marijuana use due to extreme skewness in the distributions. 

Statistical Analysis 

Analyses were conducted in two phases. During phase 1, logistic regression was 

used to examine factors associated with agreement between the retrospective and 

prospective measures. During phase 2, we assessed direction of the bias due to each 

significant predictor. Details of each phase are discussed below. 

  The sampling frame of the parent trial included recruiting students through their 

schools, therefore students were clustered within school, and observations cannot be 
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assumed to be independent. As a result, standard regression techniques can lead to 

incorrect inferences 111.  Our analyses take this correlation into account by means of 

survey logistic regression using PROC SURVEYLOGISTIC in SAS v9.3, where school 

is treated as survey cluster.   

Phase 1. Logistic regression analysis was used with “agree” as the reference 

group, compared with “disagree.” A series of multivariable logistic regressions were 

estimated to assess the relative importance of each independent variable.  An added-in-

order procedure was used to eliminate individual terms from the full model. The ordering 

of the term elimination process was based on a combination of chronology (Fig. 4-1) 

and model hierarchy rather than any automated statistical procedure 112. The first 

candidate variable for elimination was the theorized most chronologically proximal risk 

factor (self-reported marijuana use in 12th grade).  Each variable was then tested in 

sequence from the next most chronologically proximal ending with the most 

chronologically distant. Variables were removed from the model if both its p-value 

exceeded 0.05; and its removal did not suggest confounding, as measured by a change 

in estimate criterion of 10% in any of the remaining variables. Variables retained in this 

phase were further explored in phase 2. All phase 1 models were run using PROC 

SURVEY LOGISTIC in SAS v9.3. 

Phase 2. The retained predictors were tested to see whether they were 

associated with the direction of bias in self-reported age of alcohol use onset. In order to 

test this, the sample was restricted to only respondents whose retrospective and 

prospective measure disagreed. Next, a series of univariate logistic regression models 

were run of the form:  
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E(Yi)=β0+ β1Xi 

where Yi represents a binary indicator variable for the retrospective measure reporting a 

later age at first alcohol use compared to the prospective measure, and Xi represents 

one of the retained predictors. All phase 2 models were run using PROC SURVEY 

LOGISTIC in SAS v9.3. 

Loss to follow-up.  Due to the necessary restriction of participants to those with 

both a baseline and long-term follow-up survey, it is possible that the results could be 

due to selection bias caused by loss to follow-up. In order to address this concern all 

analyses were conducted again using inverse probability of censoring weighting. The 

probability of completion was modeled by means of a logistic regression with family 

structure, socioeconomic status, race/ethnicity, gender and a baseline score of alcohol 

risk as predictors of completion. The complete cases were then weighted by the inverse 

of their modeled probability of completion.   These weights were then incorporated into 

the analysis using PROC SURVEYLOGISTIC. 

Results 

Missing Data 

 PNC participants who were lost to follow-up were more likely to be older at 

baseline (t=7.49, p<0.001), non-white (χ2=28.92, p<0.001), and male (χ2=39.12, 

p<0.001). Additionally they were also more likely to be smokers (χ2=5.15, p=0.02). 

There were no significant differences found between those lost to follow-up and those 

who completed a 12th grade survey on qualifying for a free or reduced price lunch, living 

in a home with both a mother and father, baseline alcohol use, or baseline marijuana 

use. Weighting the analyses based on the probability of cohort completion had no 
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substantive effect on any of the analyses. Thus, all results presented are from the 

unweighted analyses.  

Model Results 

Agreement between the prospective and retrospective measures of age at first 

alcohol use was found in 39% of respondents.  In 40% of respondents, the retrospective 

measure indicated a later age at first alcohol use; and in 21% an earlier age of first 

alcohol use. A full cross-tabulation of the retrospective and prospective measures of 

age of alcohol use onset is shown in Table 4-1.  

 Table 4-2 presents the results from the final model of the previously described 

added-in-order procedure. The added-in-order procedure produced a model including 

eligibility for free or reduced price lunches, baseline alcohol use, alcohol use in 12th 

grade, and cigarette use in 12th grade as significant predictors.  The strongest 

associations with recall error were found with baseline [OR: 6.73 95% CI: (3.95, 11.47)] 

and 12th grade alcohol use [OR: 3.90 95% CI: (2.91, 5.22)].   

Table 4-3 presents results from the phase 2 models exploring whether the 

retained predictors were associated with a particular direction of the recall bias.  For 

both eligibility for free or reduced price lunches and baseline alcohol use, there was no 

statistically significant difference in the odds of the retrospective measure indicating 

later-self-reported age at first alcohol use compared to the prospective measure.  There 

was a statistically significant increase in the odds of the retrospective measure 

indicating later self-reported age at first alcohol use for both alcohol use in 12th grade 

[OR: 23.53 95% CI: (15.71, 35.24)]  and cigarette use in 12th grade [OR: 3.39 95% CI: 

(2.35, 4.88)]. 
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Discussion 

This study was designed to assess the validity of retrospective recall of age of 

alcohol use onset, and to determine predictors and direction of recall error. Our 

assumption is that the prospective age of alcohol use onset measure is more accurate 

than the retrospective measure. This assumption is consistent with prior literature on 

retrospective questionnaires because the cognitive burden of recalling past events 

increases as the length of the recall timeframe increases 42.  Based on this assumption, 

we treat disagreement between the prospective and retrospective measures of age at 

first alcohol use as evidence of recall error.  

Eligibility for free or reduced price lunch at baseline was significantly associated 

with an increase in recall error for age at first alcohol use, although the direction of recall 

error was not consistent. This finding is consistent with a prior study that found that low 

socioeconomic status respondents were particularly susceptible to memory errors 

(effect size=0.6) 113. Since there was no consistent direction found in the recall error 

associated with eligibility for free or reduced price lunch, we do not expect this recall 

error to result in biases for population level effect estimates.  However, researchers and 

clinicians implementing screenings of low-income individuals should be aware that 

retrospective measures of age at first alcohol use are more susceptible to recall error 

among lower SES adolescents, keeping mind that one cannot assume that the recall 

error consistently results in an earlier actual age of onset than the one reported.  

Substance use reported at baseline was associated with an increase in recall 

error for age at first alcohol use. There are two possible interpretations for this result. 

First, early alcohol use could be responsible for an increase in recall error due to 

negative effects of alcohol use on cognitive development 114-116.  Another possibility is 
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that those that reported alcohol use at baseline have greater recall error due to the 

increased length of the recall period. Our data from PNC does not give us a way to 

directly test which of these explanations, or the combination, may be true. However, 

prior research showing that a longer recall period leads to more recall error found that 

the reported age at first alcohol use shifted later as the recall period increased. Our 

results found no difference in the odds of self-reported baseline alcohol users reporting 

a later age at first alcohol use on the retrospective measure compared to the 

prospective measure. This inconsistency between our findings and prior studies on the 

length of first alcohol use recall periods gives some credence to the alternative 

explanation that increased recall error is due to the negative cognitive effects of early 

alcohol use.     

Substance use reported at the 12th grade follow-up was associated with an 

increase in recall error for age at first alcohol use.  Twelfth-grade substance use items 

had a consistent and statistically significant pattern of increasing the odds of the 

retrospective measure showing a later age at first alcohol use. Later substance use is a 

common outcome in the etiological literature relying on retrospective recall of age at first 

alcohol use 52, 70-74. For example, Gruber et al. used recalled age at first alcohol use to 

predict later alcohol abuse117. Our results imply that differential misclassification may be 

present in Gruber et al.’s and similar studies. This misclassification results in attenuated 

effect sizes by shifting relatively more of the alcohol users into later age at first alcohol 

use categories. The finding that students who drink by 12th grade are more likely to 

report an inaccurate and later age at first alcohol use may result in an underestimation 

of the risk of early onset of alcohol use.  
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The primary limitation of this study is the lack of a gold standard measure for age 

at first alcohol use with which to compare the retrospective measure. While the 

variables used to construct the prospective measure during the 6th to 8th grade window 

have been shown to have high test-retest reliability 40, 41, 47, 49, 50, the prospective 

measure is also composed of variables that employ recall questions that cover the gap 

in surveying between the core 6th to 8th grade PNC surveys and the later long-term 

follow-up occurring in 12th grade. This problem is mitigated by the fact that the 

prospective measure is still more accurate than the fully retrospective measure. All of 

the variables used to create the prospective measure have substantially shorter recall 

periods compared to the retrospective measure, which have been found to result in a 

lower rate of recall error 52. This makes our prospective measure a useful proxy for the 

purposes of this study; however, future studies should continue to further improve upon 

measurement of age at first alcohol use.   

Future research should seek to build on this study in several other ways. First, 

results should be replicated in data sets with different demographic groups and other 

settings. The present sample was drawn from an entirely urban setting, and included a 

majority-minority population. In order to increase generalizability of these findings, they 

should be replicated using studies performed in rural settings, middle and upper class 

students, and perhaps predominately white populations. Second, results should be 

replicated with data that include a fully prospective measure of age at first alcohol use. 

While further research is needed, these results provide important practical information 

facilitating the correct interpretation and implementation of research involving 

retrospective measures of age at first alcohol use. Most notably, those most at risk of 
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the negative outcomes associated with early alcohol initiation are also those most likely 

to misreport their age at first alcohol use.  

 
 



 

Table 4-1.  Cross-tabulation of prospective and retrospective measures of age at first alcohol use 
  Prospective measure 
   I have never 

had an 
alcoholic drink  

8 years 
old or 
younger 

9-10 
years 
old 

11-12 
years old 

13-14 
years old 

15-16 
years 
old 

17 years 
or older 

R
et

ro
sp

ec
tiv

e 
m

ea
su

re
 

I have never had an 
alcoholic drink  

263
(25.2%)

0
(0.0%)

0 (0.0%) 92 (8.8%) 69 (6.6%) 13 
(1.3%)

3 (0.3%)

8 years old or 
younger 

0
(0.0%)

0
(0.0%)

0 (0.0%) 3
 (0.3%)

3 (0.3%) 0 (0.0%) 0 (0.0%)

9 or 10 years old 0
(0.0%)

0
(0.0%)

0 (0.0%) 4 
(0.4%)

0 (0.0%) 2 (0.2%) 1 (0.1%)

11 or 12 years old 0
(0.0%)

0
(0.0%)

0 (0.0%) 20 (1.9%) 9 (0.9%) 0 (0.0%) 1 (0.1%)

13 or 14 years old 1
(0.1%)

0
(0.0%)

0 (0.0%) 62 (5.9%) 41 (3.9%) 7 (0.7%) 1 (0.1%)

15 or 16 years old 1
(0.1%)

0
(0.0%)

1 (0.1%) 124 
(11.9%)

117 
(11.2%)

58 
(5.6%)

3 (0.3%)

17 years or older 1
(0.1%)

0
(0.0%)

1 (0.1%) 58 (5.6%) 29 (2.8%) 26 
(2.5%)

30 
(2.9%)
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Table 4-2.  Final added in order model results predicting disagreement between the 
retrospective and prospective age at first alcohol use 

Variables Odds Ratio (95% CI) 
Eligible for Free/Reduced Price Lunch 1.60 (1.13,   2.26)
Baseline Alcohol Use 6.73 (3.95, 11.47)
12th grade Alcohol Use 3.90 (2.91,   5.23)
12th grade Cigarette Use 1.43 (1.09,   1.87)
 
 
 
Table 4-3.  Predictors of the retrospective age at first alcohol measure indicating a later 

age at first alcohol use  
Variables Odds Ratio (95% CI) 
Eligible for Free/Reduced Price Lunch 0.76   (0.52,   1.13)
Baseline Alcohol Use 1.30   (0.86,   1.98)
12th grade Alcohol Use 23.53 (15.71, 35.24)
12th grade Cigarette Use 3.39    2.35  , 4.88)
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Figure 4-1.  Hypothesized covariate chronology 
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CHAPTER 5 
COMPARING METHODS OF MISCLASSIFICATION CORRECTION IN STUDIES OF 

ADOLESCENT ALCOHOL USE  

Literature Review 

The literature has shown that misclassification in the measurement of adolescent 

alcohol use is a consistent source of bias. Although other forms of data collection are 

being advanced in the measurement of alcohol use57, 118, adolescent alcohol research 

nevertheless remains primarily driven by self-report surveys55. These self-report 

measures are typically retrospective allowing for a greater possibility of misclassification 

due to recall bias79. Despite these concerns, self-report measures are still the most 

practical means of attaining information on the frequency, amount, and age of 

adolescent alcohol use55. However in circumstances that allow for a subset of study 

participants’ alcohol use to be measured with little or no error, statistical procedures 

exist that incorporate information from these validation sub-samples to reduce bias in 

estimated effects of alcohol use measures on various outcomes. While the type of gold 

standard measure necessary for these designs is rare in the study of adolescent alcohol 

use, biomarkers for alcohol use continue to improve. As alcohol biomarkers improve, 

the ability of researchers to include validation sub-samples as part of their study design 

will also increase.  Until validated biomarkers are inexpensive enough to replace survey 

responses for all study participants, it only remains feasible to measure a sub-sample of 

participants with a biological measure. As a result, it is important for researchers to 

understand how to efficiently incorporate validity sub-study data into the design and 

analysis of adolescent alcohol use outcomes.  

Existing methods have been developed to account for bias due to binary 

misclassification.  Methods to deal with misclassification of binary variables have varied 
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greatly in their sophistication and underlying assumptions, including: probabilistic 

sensitivity analyses83, regression calibration84-87, maximum likelihood88-90, a variety of 

nonparametric methods91, 92, Bayesian methods93-95, and multiple imputation methods96. 

It is uncommon to see these methods implemented in practice. For some methods this 

may be due to the complexity of implementation. However, several methods are easily 

implemented via existing software, including regression calibration, multiple imputation 

for measurement error (MIME), and probabilistic sensitivity analysis (PSA).  

 For researchers to be prepared to make best use of validation sub-study data to 

correct for misclassification, researchers will need to understand how available methods 

correct for misclassification and their utility in different scenarios experienced in 

practice. Of particular importance is how the methods perform with respect to sample 

size and the nature of the misclassification. Methods that perform well only at high 

sample sizes or only when the data is non differentially misclassified with respect to the 

outcome may be of limited utility. This study provides a summary of the methods of 

three procedures for misclassification correction that are accessible and easy to 

implement: regression calibration, MIME, and PSA. Next, we present results of a 

simulation study on the differential effectiveness of these methods and make 

recommendations on when they are best used.  

Methods 

Summary of Available Methods 

Regression calibration.  Regression calibration works by first fitting a primary 

logistic regression model among the whole sample relating the misclassified exposure 

to the outcome of interest. 

E(Y=1│ W=w )= b0+b1*w 
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Where W is the misclassified exposure, and Y is the outcome of interest. The 

coefficient b1 is then corrected by the formulas: 

b1t=b1/a1     and    Var(b1t)=1/(a1
2)Var(b1) +b1

2/(a1
4)*Var(a1) 

Where a1 is estimated by the regression: 

E(X│W )= a0+a1*w 

where X is the gold standard measurement of the exposure. Unlike the other 

methods discussed, regression calibration is not compatible with an assumption of 

differential misclassification. This method can be easily implemented in SAS by hand or 

by means of the SAS macro %BLIN.  

Multiple imputation for measurement error. For binary misclassification, MIME 

works by first fitting a logistic regression model among the validation sample relating the 

misclassified exposure to the gold standard exposure measure. 

E(X=1│ W=w and Y=y)= b0 + b1*W + b2*Y + b3*W*Y 

Where X is the gold standard exposure measure in the validation sample, W is the 

misclassified exposure, and Y is the outcome of interest. The term W*Y is included in 

the model to account for differential misclassification. We include the W*Y interaction in 

all scenarios in order to account for differences in the sensitivity and specificity by the 

outcome due to random error.  From the parameters b0, b1, b2, and the covariance 

matrix ∑wy, draws from a multivariate standard normal distribution for the coefficients 

are made for each imputation. For each of k imputations, let Zk equal the imputed 

exposure measure. Set Zk equal to X for those in the validation sample. For those not in 

the validation sub-sample draw Z from Bernoulli(pkwy), where pkwy = 

1/(1+exp(b0k+b1k*w+b2k*y)). Finally, run the primary analysis in each imputation set and 
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combine using standard multiple imputation procedures. This method can be easily 

implemented in SAS by modifying the code provided by Cole et al. Our implementation 

uses 40 imputations as suggested by Cole et al.  

Probabilistic sensitivity analysis.  The probabilistic sensitivity analysis method 

attempts to recreate the data that would have existed had the exposure variable not 

been misclassified. It does this by simulating from a set of external distributions for the 

sensitivity and specificity of the misclassified measure. For non-differential 

misclassification, two external distributions are chosen: one for the specificity and one 

for the sensitivity of the measure. For differential misclassification, four external 

distributions are specified: the sensitivity and specificity of cases and the sensitivity and 

specificity of controls. A single iteration of the simulation draws from these distributions 

a set of sensitivity and specificity values. These values are then used to calculate the 

positive predictive value (PPV) and negative predictive value (NPV) of exposure 

classification.   These values are then applied to the corresponding individual records. 

Next, a random number is generated from a uniform(0,1) distribution for each record. If 

this number is larger than the records probability of being correctly classified then the 

record is reclassified. Finally a logistic regression is run on the newly classified data, 

and a summary log odds ratio calculated. To account for random error the standard 

error of the conventional log-odds ratio is calculated; then a value is sampled from a 

standard normal distribution. The product of this standard normal deviate and the 

conventional standard error is subtracted from the reclassified log odds ratio.  This 

process is then repeated many times resulting in a distribution of odds ratios adjusted 

for both random and systematic error. 
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The external distributions used by the probabilistic sensitivity method can be 

specified a number of ways. Fox, Lash and Greenland’s implementation of this method, 

the SAS macro %SENSEMAC, provides for the misclassification rates to be specified 

under a uniform, triangular, or trapezoidal distribution83.  Fox and associates’ discussion 

of the uses of this method do not explicitly include situations where a validation sub-

study is present. In our implementation using validation sub-samples, the triangular 

distribution is specified, with the peak determined by the misclassification rates 

calculated within the validation sample, and the upper and lower bounds set to 1.96 

standard deviations above and below the peak. We allow for separate sensitivity and 

specificity distributions by outcome status in all scenarios to allow for differences in the 

sensitivity and specificity due to random error.  

Simulation Design 

The purpose of the simulation study is to compare the relative performance of the 

three correction methods described with respect to bias, standard error, mean squared 

error, and interval coverage. In order to achieve this goal, 2000 simulation datasets 

were generated for four different misclassification scenarios at three different sample 

sizes. Two non-differential misclassifications scenarios were tested: a high sensitivity 

and specificity scenario where both the sensitivity and specificity were set to 0.9, and a 

low sensitivity and specificity scenario where the sensitivity and specificity were set to 

0.6. Two differential misclassifications scenarios were also tested: a high sensitivity and 

specificity in the cases with a high sensitivity and low specificity in the controls scenario, 

and low sensitivity and specificity in the cases with a low sensitivity and high specificity 

in the controls scenario. Each of these scenarios were tested at sample sizes of 200, 

1000, and 2000. We restricted the number of misclassification scenarios due to the 
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large amount of computing time required for each scenario. The scenarios were chosen 

to demonstrate the performance of each method in a best and worst case scenario with 

regards to misclassification rates.  

 Each simulation dataset consists of the following variables: X, Y, V, and W; 

where X is the exposure measured without error simulated from a distribution 

Bernoulli(p1). Y is the outcome measured without error. Y is constructed so that the 

relationship between X and Y produces the log odds β when Y is regressed on X via 

logistic regression, such that the resulting odds ratio was 2.0. This is done by first 

calculating a vector for the linear predictor (Lpred) for each X such that Lpred i=(X * β). 

From Lpred a probability P is calculated so that P= exp(Lpred)/(1 + exp(Lpred)). Next P is 

compared to a draw from a Uniform(0,1) distribution (Pu). If P > Pu then Y is set to 1; if P 

< Pu then Y is set to 0. This process is repeated for each of the records to achieve the 

desired sample size. In order to simulate the presence of a validation sub-study, the 

variable V is constructed by randomly sampling 30% of the records in a simulation 

dataset; those sampled have V set to the corresponding value for X, while those not 

sampled have V set to missing. W represents the misclassified exposure. W is 

constructed from X by purposefully misclassifying X according to specified sensitivity 

and specificity values.  

For each of the 2000 simulation datasets in the scenarios described, we 

estimated the bias, standard error, mean squared error, and interval coverage of each 

method. The bias for each method was calculated by taking the difference between the 

log-odds estimate from the correction method and the true log odds. The standard 

errors of the naïve approach, regression calibration and MIME are obtained directly 
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from the output. The standard error for PSA was calculated by assuming that the 

resulting interval can be viewed as a confidence interval based on a normal distribution 

and back calculating the standard error from the upper and lower interval estimates. 

The mean squared error for each method was calculated by squaring the bias and 

summing it with the variance calculated from the standard error. Interval coverage was 

calculated as the proportion of the intervals generated that contained the true log odds.  

In addition to the misclassification procedures described, we also include results of the 

analyses using the misclassified exposure without adjustment for comparison.      

Results 

Table 5-1 presents results for our simulations of the naïve analysis as well as the 

analyses for the misclassification correction methods. Overall the misclassification 

correction methods performed best at higher sample sizes and lower rates of 

misclassification. The results for each method are presented in detail below.  

Regression Calibration 

 In terms of MSE, regression calibration outperformed the naïve analysis in the 

non-differential misclassification scenarios with sample sizes of 1000 and 2000. 

Regression calibration outperformed both MIME and PSA when the sensitivity and 

specificity where highest (0.9, 0.9) regardless of sample size.  

At a sample size of 200, regression calibration produced less bias than the naïve 

approach; however, regression calibration produced much higher standard errors 

compared to the naïve approach. The resulting MSEs showed worse performance for 

the regression calibration approach compared to the naïve approach at sample sizes of 

200. 
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 Unsurprisingly, regression calibration performed poorly in all of the differential 

misclassification scenarios. Regression calibration produced more biased and less 

precise estimates than the naïve approach in every differential misclassification 

scenario. The confidence intervals also showed poor coverage under differential 

misclassification.  

 MIME 

 MIME was unable to produce any estimates when the sample size was 200 due 

to a lack of convergence in the imputation model. MIME produced practically unbiased 

estimates in all scenarios with sample sizes 1000 and 2000. MIME also showed 

adequate interval coverage in all scenarios. In terms of MSE, MIME outperformed the 

naïve analysis in all but the high sensitivity and specificity scenario with sample size of 

1000.  

MIME produced similar results in terms of bias to the regression calibration in all 

of the non-differential misclassification scenarios. For non-differential misclassification, 

MIME produced smaller standard errors than regression calibration when the sensitivity 

and specificity where low; MIME produced higher standard errors than regression 

calibration when the sensitivity and specificity where high. As a result, performance 

measured by MSE favored regression calibration when sensitivity and specificity where 

high and MIME when sensitivity and specificity where low. MIME performed better than 

regression calibration on all metrics in all differential misclassification scenarios.  

In terms of MSE, MIME performed better than PSA in all applicable scenarios. 

PSA produced less biased estimates in the non-differential scenarios when the 

sensitivity and specificity were both high. However, MIME consistently produced lower 

standard errors than PSA in all scenarios.  
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PSA 

 PSA was unable to produce estimates when the sample size was 200 due to the 

sparseness of the crosstab cells used to estimate the sensitivity and specificity of the 

sample. At sample sizes of 1000 and 2000, PSA consistently produced less biased 

estimates than the naïve approach. Due to the large standard errors of the PSA 

approach, the naïve approach outperformed the PSA in terms of MSE in most 

scenarios. The PSA method had a lower MSE than the naïve approach in the 

differential misclassification scenario where the specificity of controls was low and the 

specificity of the controls was high and sensitivity and specificity of the cases was high. 

As a result of the large standard errors the PSA intervals contained the true value 100% 

of the time.   

 In the non-differential misclassification scenarios, PSA produced similar or worse 

levels of bias reduction compared to regression calibration. However, due to the large 

standard errors resulting from PSA, regression calibration produced lower MSEs in all 

non-differential scenarios. In the differential misclassification scenarios, PSA produced 

lower MSEs than regression calibration due to PSA’s substantially lower bias. 

  In the all scenarios, PSA produced similar or worse levels of bias reduction 

compared to MIME. Due to the large standard errors resulting from PSA, MIME 

consistently performed better in all scenarios than PSA in terms of MSE and interval 

coverage. 

Discussion 

To highlight the strengths and weaknesses of each method, recommendations 

will be made based on the structure of the data available. Since the sample size of a 

study is the parameter perhaps most readily apparent to the researcher, 
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recommendations are stratified first by sample size and then by the nature of the 

misclassification. These recommendations provide needed guidance for researchers 

deciding if and how to utilize validation sub-samples in the design and analysis of their 

studies.   

When samples sizes are low, regression calibration is the only method able to 

produce an estimate adjusted for misclassification. It is worth noting that regression 

calibration does not perform well unless the misclassification is non-differential. At lower 

sample sizes, if the exposure misclassification is expected to be differential, then our 

results indicate that the researcher is better off analyzing the misclassified exposure 

without any adjustments.  At lower sample sizes, when the exposure misclassification is 

expected to be non-differential, regression calibration produced less biased estimates; 

however due to the higher standard errors of regression calibration, it may best be 

employed as a sensitivity analysis instead of the primary analysis.  

When samples sizes are large enough to enable the use of procedures other 

than regression calibration, then MIME provides a flexible alternative for correction of 

misclassification error. When exposure is misclassified non-differentially then MIME 

produces similar estimates to regression calibration.  In the non-differential scenarios 

tested, regression calibration performed slightly better than MIME in some instances 

and slightly worse in others. However, in the high sample-size differential 

misclassification scenarios, MIME clearly outperformed the other tested methods. MIME 

has the additional benefit of being easy to modify for misclassification of non-binary 

variables. However, based on our results, MIME is unsuitable for misclassification 

correction when sample sizes are low.   
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PSA performed unexpectedly poorly in comparison to regression calibration and 

MIME. While it did consistently produce less biased estimates than the naïve approach, 

the width of PSA’s simulation based interval was much larger than the confidence 

intervals of the other methods. The intervals produced in our simulation study were 

similar in width to the example shown by Fox and associates83. One notable difference 

between the example shown in Fox et al. and our simulations is the magnitude of the 

true effect estimate. Fox and associates’ true effect estimate was an odds ratio of 

approximately 3.0, while our true effect estimate was an odds ratio of 2.0. This 

difference partially explains why our simulations did not find results as favorable as 

those shown by Fox. The only situation in which PSA provided comparable estimates to 

the other methods was when the misclassification rates were already very low.  While 

PSA may be useful purely as a sensitivity analysis, we cannot recommend its use as a 

method to correct for misclassification.  

The primary limitation of all of these procedures is the necessity of unbiased 

estimates of the relationship between the misclassified exposure and a gold standard 

exposure measure. For regression calibration and MIME, this requires a validation sub-

sample to compare the misclassified measure to the gold standard. For PSA, the 

sensitivity and specificity of the misclassified measure can either be calculated directly 

from a validation sub-sample or assumed based on prior literature. When no gold 

standard exists, there are no guarantees that any of these methods will reduce the bias 

in the estimation of the exposure-outcome relationship. If attempts are made to use 

these methods to correct for misclassification when the assumed gold standard is itself 

misclassified, then it is possible to increase bias in the estimation of exposure-outcome 
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relationships. If the assumed gold standard cannot be assumed to be measured without 

error, then results from the misclassification correction procedures should be 

considered as results from sensitivity analyses and not definitive in and of themselves.  

In conclusion, validity sub-samples are an efficient way to decrease the bias 

resulting from using commonly misclassified exposure measures. The importance of 

these methods to adolescent alcohol research will only continue to grow as biomarkers 

and other validated measurements used to assess alcohol use improve. When sample 

sizes are high, MIME is a particularly effective way to account for exposure 

misclassification. Future research should focus on improving accessible methods for 

misclassification correction for studies with small sample sizes.   



 

Table 5-1.  Simulation results comparing methods of misclassification correction 
Cases Control Complete data (naïve) Regression calibration 

Sensitivity, 
specificity 

Sensitivity, 
specificity Bias Standard 

error MSE Interval 
coverage Bias Standard 

error MSE Interval 
coverage 

N=200 
Non-
Differential 0.6, 0.6 0.6, 0.6 -0.63 0.28 0.48 0.45 -0.16 2.68 11 0.99

0.9, 0.9 0.9, 0.9 -0.24 0.33 0.18 0.89 -0.02 0.51 0.35 0.96
Differential 0.6, 0.6 0.6, 0.9 0.68 0.34 0.58 0.46 4.67 2.64 30.72 0.67

0.9, 0.9 0.9, 0.6 -1.44 0.3 2.16 0 -2.36 0.74 6.16 0.08
N=1000 
Non-
Differential 0.6, 0.6 0.6, 0.6 -0.61 0.13 0.39 0 -0.06 1.06 1.81 0.98

0.9, 0.9 0.9, 0.9 -0.24 0.15 0.08 0.64 -0.01 0.23 0.07 0.95
Differential 0.6, 0.6 0.6, 0.9 0.68 0.15 0.57 0 4.67 1.15 23.12 0

0.9, 0.9 0.9, 0.6 -1.43 0.13 2.05 0 -2.37 0.34 5.73 0
N=2000 
Non-
Differential 0.6, 0.6 0.6, 0.6 -0.6 0.09 0.37 0 -0.03 0.73 0.84 0.98

0.9, 0.9 0.9, 0.9 -0.24 0.1 0.07 0.38 -0.01 0.16 0.03 0.95
Differential 0.6, 0.6 0.6, 0.9 0.68 0.11 0.48 0 4.65 0.81 22.3 0

0.9, 0.9 0.9, 0.6 -1.43 0.09 2.04 0 -2.35 0.24 5.58 0
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Table 5-1. Continued 
Cases Control MIME Probabilistic sensitivity analysis 

Sensitivity, 
specificity 

Sensitivity, 
specificity Bias Standard 

error MSE Interval 
coverage Bias Standard 

error MSE Interval 
coverage 

N=200 
Non-
Differential 0.6, 0.6 0.6, 0.6 - - - - - - - -

0.9, 0.9 0.9, 0.9 - - - - - - - -
Differential 0.6, 0.6 0.6, 0.9 - - - - - - - -

0.9, 0.9 0.9, 0.6 - - - - - - - -
N=1000 
Non-
Differential 0.6, 0.6 0.6, 0.6 0 0.31 0.13 0.96 -0.3 1.81 3.41 1

0.9, 0.9 0.9, 0.9 -0.04 0.26 0.09 0.97 0 0.43 0.18 1
Differential 0.6, 0.6 0.6, 0.9 0.01 0.29 0.12 0.95 0.12 1.4 1.97 1

0.9, 0.9 0.9, 0.6 -0.06 0.28 0.11 0.96 -0.06 1.15 1.33 1
N=2000 
Non-
Differential 0.6, 0.6 0.6, 0.6 0 0.21 0.06 0.95 -0.21 1.46 2.17 1

0.9, 0.9 0.9, 0.9 -0.01 0.18 0.04 0.96 0 0.27 0.08 1
Differential 0.6, 0.6 0.6, 0.9 0 0.2 0.06 0.95 0.04 0.98 0.97 1

0.9, 0.9 0.9, 0.6 -0.01 0.19 0.05 0.96 -0.01 0.77 0.59 1
 



 

CHAPTER 6 
CONCLUSIONS 

Misclassification is a threat to the validity of measurement of adolescent alcohol 

use that warrants attention. If studies of adolescent alcohol use do not account for 

misclassification in the analyses and interpretation on their results, then the chances of 

drawing incorrect conclusions increases. The purpose of this dissertation was to 

evaluate the extent of misclassification due to survey modality and recall bias, as well 

as examine available methods for misclassification correction. Brief summaries of the 

results of each study are presented below. Then the results of this dissertation are used 

to develop a series of recommendations for best practices available to account for bias 

due to misclassification. Finally, future areas of research arising from the results are 

discussed. 

Accomplishments of the Dissertation 

The first study of this dissertation assessed the effect of survey modality on 

responses to alcohol use questions.  We found no statistically significant survey 

modality effects overall and no differential effects of survey modality by assigned 

intervention group. Based on these results, we concluded that there was little difference 

in self-reported alcohol use across mailed paper, in-school paper, and web-based 

surveys among high school-aged participants in a large-scale alcohol prevention trial. 

These findings demonstrated the potential benefit of using mixed modality surveys for 

long-term follow-up of high school-aged participants. In the long-term follow-up of 

students from the Project Northland Chicago trial, including multiple modalities served to 

increase the response rate and sample size of the follow-up survey. Our study 
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demonstrated that this added sample size came with little to no measurement error due 

to differing survey modalities. 

In the second study of this dissertation, the predictors of misclassification in age 

at first alcohol use due to recall bias were investigated. In this study we considered the 

disagreement between a prospective and retrospective measure of age at first alcohol 

use to be evidence of misclassification. Among those participants whose prospective 

and retrospective measures of age at first alcohol use disagreed, we further assessed 

whether the prospective measure indicated an earlier or later age of onset compared to 

the retrospective measure. We found that eligibility for free or reduced price lunch in 6th 

grade, alcohol use in 6th grade, cigarette use in 12th grade, and alcohol use in 12th grade 

were significantly associated with recall error of age of alcohol use onset. We also found 

that self-reported substance use (alcohol and tobacco) in 12th grade predicted a later 

self-reported age of first alcohol use when measured retrospectively. The results 

indicate that recall error is higher among high-risk youth. 

The third study of this dissertation reviewed existing accessible methods for the 

correction of misclassification, how these methods might be applied in the study of 

adolescent alcohol use, and presented results from a simulation study so that 

researchers know when to best apply each method. The methods presented included 

regression calibration, multiple imputation for measurement error 96, and a version of 

Fox’s probabilistic sensitivity analysis 83 modified to incorporate data from a validation 

sub-study. Compared to unadjusted analyses, regression calibration provided less 

biased estimates of the exposure-outcome relationship when the misclassification was 

non-differential. At high enough sample sizes, MIME produced unbiased and relatively 
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efficient corrections for exposure misclassification. PSA provided little utility for 

correcting misclassification in binary exposure variables. Based on our results we 

concluded that at sample sizes of 200, regression calibration was a useful tool for 

sensitivity analysis with misclassified exposures. While at sample sizes of 1000 and 

greater, we concluded that MIME was a flexible procedure that efficiently reduced bias 

for the misclassification of exposure variables.  

Limitations of the Dissertation 

These studies were not without their limitations.  Studies one and two of this 

dissertation relied solely upon a single data source: the Project Northland Chicago 

(PNC) trial. Relying solely on data from PNC presents two limitations. First, since the 

samples used in this dissertation were drawn from PNC, they are most applicable to an 

urban setting with a majority minority population. As a result the generalizability of the 

results of studies one and two cannot be ascertained without future research. Second, 

PNC was not specifically designed to test the hypotheses under investigation in studies 

one and two. With respect to study one, participants were allowed to self-select into the 

modality of their choice in order to maximize the response rate of the PNC’s follow-up. 

Because participants were not randomized to their survey modality, we cannot be sure 

whether the results reflect the true effect of modality or are the result of selection 

factors.  While our analysis in study one reflects a best attempt to isolate modality 

effects from selection effects, it is possible that our estimates are confounded by 

unmeasured variables.  With respect to study two, the design of PNC did not allow for a 

completely prospective measure of the age at first alcohol use.  

 Study three had all of its data generated as part of a set of simulations. As a 

result, study three suffers from the same limitation that all simulation studies share: we 
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could not reasonably explore all of the situations that researchers may experience when 

attempting to apply misclassification correction methods in practice. Of particular 

concern is how the different misclassification correction methods perform when the 

validation sub-study data is measured with error and when error in the sub-study is 

correlated with error in the primary measurement.  

Contributions and Recommendations 

Despite these limitations, this dissertation contributes new findings to the 

literature on misclassification of adolescent alcohol use.  Collectively, studies one and 

two highlight where researchers should focus when attempting to minimize the 

presence of misclassification in the design of their studies. Specifically, when using 

survey data for adolescent alcohol use, the designs and validation of the questionnaire 

appear to be far more important than the mode in which the questionnaire is delivered. 

The size of the effects seen in study one are small enough to not be of substantive 

importance when compared to other causes of measurement error, such as recall 

bias39. This is underscored by the fact that study two found only 39% of respondents 

correctly reported their age at first alcohol use using retrospective recall.  

In order to both maximize statistical power and minimize measurement error 

when designing new studies of adolescent alcohol use, we make the following 

recommendations based on our results. First, researchers should make use of multi-

modal surveys to increase their response rate. The relative contribution of mixing survey 

modes to bias in the study of adolescent alcohol is small when compared to other 

sources of error. However, when possible researchers should test the assumption of no 

modality effects in their own data. As adolescent alcohol investigators continue to 

develop novel ways of delivering surveys to participants, it will be important for 
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researchers to continue to test for the presence of modality effects when using new 

technology. This may be of particular importance with the rise of smartphones and 

tablet computers, as participant’s sense of privacy on these more personal devices may 

differ compared to the modes of surveys commonly in current use. In intervention trials 

of adolescent alcohol use, intervention components delivered electronically will be more 

and more commonly experienced by participants on their phones and tablets. If multi-

modal surveys that include smartphone or tablet surveys are used in conjunction with 

the electronic delivery of intervention components, then interaction of survey mode and 

intervention status should be assessed.  

Second, researchers should seek to minimize measurement error by designing 

studies that limit the reliance on retrospective questionnaires.  Studies that are able to 

follow participants’ behavior prospectively will greatly reduce the probability of 

measurement error. When this is not feasible, researchers should be aware of how 

measurement error may affect their particular sample. Our results indicate that early 

adolescent alcohol users and current alcohol users are more like to be a source of 

measurement error. Researchers whose study samples include these types of 

participants should present both their primary results and a sensitivity analysis showing 

the extent of measurement error necessary to invalidate their findings. 

Third, as new validated measures of alcohol use become available researchers 

should incorporate them in their study designs. If valid measures of alcohol use are 

available but too costly or intrusive to use on the entire study sample, then researchers 

should use the validated measures on a sub-sample of the study so that this information 

can be used to correct for measurement error in the full sample. Study three 
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demonstrates novel ways to incorporate validation data from sub-studies that is efficient 

from both a statistical and budgetary point of view. Based on our results, we 

recommend the use of MIME for misclassification correction using validation sub-study 

data due to its flexibility in allowing for both differential and non-differential 

misclassification.   

Future Research 

One avenue of future research is testing the performance of MIME when 

predictors of misclassification are known outside of the validation sub-sample. Study 

two provides a clear example where we have assessed predictors of misclassification 

for age at first alcohol use. When predictors of misclassification are measured, they 

could be easily included as part of the imputation model during the MIME process. The 

effect of including misclassification predictors as part of MIME’s imputation model could 

be tested in a variety of settings. Of particular interest is whether these added variables 

could make MIME a viable method to correct for misclassification when the validation 

data is itself measured with error. 

 In order to improve the measurement of adolescent alcohol use, future research 

will need to focus on improving biomarkers for alcohol use in the context found in the 

study of adolescent use. While useful in limited contexts, current biomarkers are difficult 

to apply to adolescent alcohol research that depends heavily on survey items that 

assess the frequency of drinking episodes and amount drunk per episode. No current 

biomarkers are capable of assessing the validity of these types of variables55.  We echo 

the call made by Freeman and Vrana to improve the state of biomarkers for alcohol use 

so that the research surrounding adolescent alcohol use can continue to grow and 

improve119.   
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