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Measurement error: a fact of life

◼ Measurement error in the ascertainment of:

❑ Exposure

❑ Outcome/disease

❑ Covariates (e.g. confounders)

◼ Measurement error leads to misclassification 

bias:

❑ Non-differential misclassification bias 

❑ Differential misclassification bias
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Misclassification of exposure
◼ How accurately can these commonly studied exposures be 

measured?

❑ Age

❑ Race

❑ Dietary intake

❑ Physical activity

❑ Pain

❑ Stress

❑ Socioeconomic status

❑ Smoking 

❑ Alcohol

❑ Sexual behavior

❑ Adherence to medications

❑ Caffeine intake

❑ Intelligence
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How to measure adherence?

◼ Is there a gold standard?
❑ No gold standard method

◼ What are the available methods?
❑ Provider’s assessment of adherence

❑ Self reported adherence by patient

❑ Standardized, patient-administered questionnaires

❑ Pill counts (e.g. remaining dosage units)

❑ Pharmacy database (prescription refills, etc)

❑ MEMS (medication event monitoring system)

❑ Biochemical measurements (e.g. biomarkers in urine)

❑ Direct observation of medication ingestion (e.g. DOT)

◼ Which approach is most prone to misclassification?
❑ Provider’s assessment of adherence

◼ Which approach is least prone to misclassification?
❑ DOT, MEMS

◼ What may be the optimal strategy, considering cost and feasibility?
❑ Overall, no single measurement strategy is optimal

◼ multi-method approach that combines self-reporting with some objective 
measure is the current state-of-the-art in measurement of adherence

Source: WHO, 2003
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MEMS: Medication Event Monitoring System

Direct observation of 

therapy (DOT)
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Example: Cumulative incidence of squamous intraepithelial lesions (SIL) among women with a normal Pap 

smear at entry
(Local cytology in Brazil)

HPV positive

HPV negative

Franco et al., PAJPH 1999; Ludwig-McGill Cohort (Follow-up data as of August 1997)Source: Eduardo Franco, McGill Univ.

Misclassification of exposure in laboratory studies
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Example; Cumulative incidence of SIL among women with a normal Pap smear at entry
(Review cytology in Montreal)

Franco et al., PAJPH 1999; Ludwig-McGill Cohort (Follow-up data as of August 1997)Source: Eduardo Franco, McGill Univ.



With better tests for HPV, the association between HPV and cervical 

cancer became stronger

8
American Journal of Epidemiology 2010 171(2):164-168; 

“Studies are ordered by year of publication,

which underscores the transition from 

nonamplified hybridization techniques to 

detect HPV DNA, prevailing in the 1980s, 

to the new era of amplified target detection 

via polymerase chain reaction (PCR) 

protocols. The graph shows that the 

magnitude of the association increased 

substantially, from 2- to 5-fold risk 

increases in the early studies to triple digits 

in the most recent investigations. “
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Misclassification of outcome

◼ How accurately can the following be measured?

❑ Depression

❑ Tuberculosis in children

❑ Appendicitis

❑ Dementia

❑ Diabetes

❑ Attention deficit disorder

❑ Cause of death

❑ Obesity

❑ Chronic fatigue syndrome

❑ Angina

❑ Covid-19 seroprevalence
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What is information bias?

◼ “A flaw in measuring exposure, covariate, or outcome variables 
that results in different quality (accuracy) of information between 
comparison groups”

◼ “Bias in an estimate arising from measurement errors”
◼ Porta M. A dictionary of epidemiology. Oxford, 2008.

◼ “A distortion in the measure of effect caused by a lack of accurate 
measurements of exposure or disease status.” [ERIC Notebook, 2001, UNC]

◼ Defining feature:

❑ Information bias occurs at the stage of data collection

❑ Misclassification of exposure and/or outcome status is the main 
source of error, and this, in turn, has the potential to bias the effect 
estimate
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“Misclassification occurs when sensitivity and/or specificity of the 

procedure to detect exposure and/or effect is not perfect…” 
Delgado-Rodriguez et al. J Epidemiol Comm Health 2004

Disease -Disease +

☻☺

How good is the measurement tool?
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The ideal measurement tool (i.e. a 

diagnostic test) = no misclassification

☻☺

X                                     Y

DiseaseNo Disease
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Variations in test results

☺ ☻
Overlap

Range of Variation in  Disease free 

Range of Variation in  Diseased 
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Example: intra-ocular pressure
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Disease 

present

Disease 

absent

Test 

positive

True 

positives (TP)

False 

positives (FP)

Test 

negative

False 

negative (FN)

True 

negatives (TN)

SENSITIVITY

[true positive rate]

The proportion of patients with disease who test 

positive = P(T+|D+) = TP / (TP+FN)
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Disease 

present

Disease 

absent

Test 

positive

True 

positives

False 

positives

Test 

negative

False 

negative

True 

negatives

SPECIFICITY

[true negative rate]

The proportion of patients without disease who test 

negative: P(T-|D-) = TN / (TN + FP). 
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Example: Antibody tests for Covid-19

https://academic.oup.com/clinchem/advance-article/doi/10.1093/clinchem/hvaa120/5836557

103 specimens from 48 patients with PCR confirmed SARS-CoV-2 
infections and 153 control specimens were analyzed using SARS-CoV-2 
serologic assays by Abbott and EUROIMMUN (EI).

https://academic.oup.com/clinchem/advance-article/doi/10.1093/clinchem/hvaa120/5836557
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The Abbott SARS-CoV-2 assay had fewer false positive and false 
negative results than the EI assay. However, diagnostic sensitivity was 
poor in both assays during the first 14 days of symptoms.



19

Information bias in randomized 

controlled trials

◼ Sources:
❑ Lack of blinding can cause detection bias (knowledge of 

intervention can influence assessment or reporting of 
outcomes)

◼ Subjects (“participant expectation bias”)

◼ Investigators

◼ Outcome assessors (“observer bias”)

◼ Data analysts

❑ Key issue: how “hard” is the outcome variable?

◼ Strong versus “soft” outcomes

◼ Blinding is very important for soft outcomes



Vit C and common cold
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http://www.teachepi.org/resources/bfiles.htm
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‘Hard’ Vs. ‘Soft’ endpoints

◼ ‘Hard’ [blinding is 
usually not a concern]
❑ Death

❑ Procedure performed 
(e.g. surgery)

❑ Duration of hospital stay

❑ Disease events that can 
be diagnosed with great 
certainty (e.g. bone 
fracture)

❑ Laboratory results (e.g. 
hemoglobin, cholesterol)

◼ ‘Soft’ [blinding is critical]
❑ Pain, stress, fatigue, etc

❑ Resolution of symptoms

❑ Physical signs (e.g. joint 
stiffness)

❑ Disease events that are 
difficult to diagnose (e.g. 
angina)

❑ Quality of life (QOL) 
indicators

❑ Some side effects of 
drugs (e.g. rash, nausea)
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Recall bias: example



Recall bias
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a
b

c
d

OR = ad / bc
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Reducing information bias

◼ Use the best possible tool to measure exposure and 
outcomes

◼ Use objective (“hard”) measures as much as possible

◼ Use blinding as often as possible, especially for soft 
outcomes

◼ Train interviewers and perform standardization (pilot) 
exercises

◼ Verify information using multiple sources (cross-check)

◼ Use the same procedures for collecting exposure 
information from cases and controls [case-control study]

◼ Use the same procedures to diagnose disease 
outcomes in exposed and unexposed [cohort study and 
RCTs]
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Reducing information bias

◼ Collect data on sensitivity and specificity of the measurement 
tool (i.e. validation sub-studies)

◼ Collect data on reliability of measures (e.g. inter-rater 
agreement)

◼ Use a stronger study design: e.g. RCT, cohort and nested 
case-control where exposures are measured before disease 
occurs

◼ Correct for misclassification by “adjusting” for imperfect 
sensitivity and specificity of the tool

◼ Perform sensitivity analysis: range of plausible estimates 
given misclassification

*Kleinbaum D et al. ActivEpi Companion Textbook. Springer Verlag, 2003
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