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Abstract

Quantitative bias analysis serves several objectives in epidemiological research. First, it

provides a quantitative estimate of the direction, magnitude and uncertainty arising from

systematic errors. Second, the acts of identifying sources of systematic error, writing

down models to quantify them, assigning values to the bias parameters and interpreting

the results combat the human tendency towards overconfidence in research results, syn-

theses and critiques and the inferences that rest upon them. Finally, by suggesting as-

pects that dominate uncertainty in a particular research result or topic area, bias analysis

can guide efficient allocation of sparse research resources.

The fundamental methods of bias analyses have been known for decades, and there

have been calls for more widespread use for nearly as long. There was a time when

some believed that bias analyses were rarely undertaken because the methods were not

widely known and because automated computing tools were not readily available to im-

plement the methods. These shortcomings have been largely resolved. We must, there-

fore, contemplate other barriers to implementation. One possibility is that practitioners

avoid the analyses because they lack confidence in the practice of bias analysis.

The purpose of this paper is therefore to describe what we view as good practices for

applying quantitative bias analysis to epidemiological data, directed towards those famil-

iar with the methods. We focus on answering questions often posed to those of us who

advocate incorporation of bias analysis methods into teaching and research. These in-

clude the following. When is bias analysis practical and productive? How does one select

the biases that ought to be addressed? How does one select a method to model biases?

How does one assign values to the parameters of a bias model? How does one present

and interpret a bias analysis?
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We hope that our guide to good practices for conducting and presenting bias analyses

will encourage more widespread use of bias analysis to estimate the potential magnitude

and direction of biases, as well as the uncertainty in estimates potentially influenced by

the biases.
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Introduction

Quantitative bias analysis models nonrandom errors that

may distort results of epidemiological research. The pri-

mary objective of bias analysis is to estimate the potential

magnitude and direction of biases, and to quantify the un-

certainty about these biases. Models to quantify the direc-

tion and magnitude of biases have been known for

decades.1–10 There have been hundreds of articles on

adjustment methods for measured bias sources such as con-

founders, measurement error (including misclassification)

and missing data, resulting in several textbooks dealing

with these topics.11–15 Most textbook methods assume

that data are available to allow an analyst to estimate par-

ameters used in an adjustment method, for example by

imputation of the missing correct values.11,13,16

Only a small proportion of the literature deals with

cases in which available data are inadequate to support

these methods, although these cases are probably more

often encountered in practice. This problem has led to

development of methods for sensitivity analysis17–23 and

extensions for simulation of bias effects under scenarios

deemed plausible based on background informa-

tion.15,23–32 There has, however, been only limited guid-

ance on when particular bias analysis methods are helpful

and on what constitutes good practices in conducting such

analyses.15,23,28,31 This lack of guidance may partly ex-

plain the relative dearth of applications in published

research.

There are many parallels between good practices for

epidemiological research and good practices for applying

bias analysis to epidemiological data.15 For example, good

research practices and good bias analysis practices both

include: (i) development of a protocol to guide the work;

(ii) documentation of revisions to the protocol that are

made once the work is under way, along with reasons for

(Color online) these revisions; (iii) detailed description of

the data used; (iv) a complete description of all analytical

methods used and their results, along with reasons for

emphasizing particular results for presentation; and (v) dis-

cussion of underlying assumptions and limitations of the

methods used. Good practices in presentation provide

(i)–(v) along with (vi), description of possible explanations

for the results. If inferences beyond the study are at-

tempted, they should be prudent, circumspect and inte-

grated with prior knowledge on the topic at hand;

inferences based on single studies can be especially mis-

leading given that most inferences require careful synthesis

of diverse and extensive literature.33–35

Even if everyone agreed on certain principles, however,

both good research practices and good bias analysis prac-

tices would require a presumption that researchers, ana-

lysts, authors and reviewers have made in good faith an

effort to follow these principles. This presumption can

never be guaranteed, but can be bolstered by transparent

declaration of competing interests, by symmetrical consid-

eration of bias sources and by other evidence of attempts

at neutrality.36

The purpose of this paper is not to review the methods

of bias analysis or ethical research practices, however, but

rather to describe what we view as good practices for

applying quantitative bias analysis to epidemiological

data. Thus we will presume that the data to which these

Key Messages

• Quantitative bias analysis provides an estimate of uncertainty arising from systematic errors, combats overconfidence

in research results and guides future research.

• Methods of bias analysis have been well known for decades and endorsed for widespread use, yet bias analysis is

rarely implemented.

• One possible barrier to implementation is lack of guidance focused more on practice and less on bias models or

methods. The purpose of this paper is to provide this missing guidance, and thereby to encourage more widespread

use of bias analysis.
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methods will be applied have been gathered and analysed

according to good research practices and ethical research

conduct. Our focus will instead be on answering questions

often posed to those of us who advocate incorporation of

bias analysis methods into teaching and research. These

questions include the following.

• When is bias analysis practical and productive?

• How does one select the biases that ought to be

addressed?

• How does one select a method to model biases?

• How does one assign values to the parameters of a bias

model?

• How does one present and interpret a bias analysis?

Box 1 summarizes our recommendations in reply to

these questions. We do not intend to provide absolute or

complete rules of conduct or a definitive checklist to evalu-

ate the quality of a bias analysis. Instead, we provide some

initial guidelines for answering the above questions, with

the goals of easing the task for those interested in applying

bias analysis and encouraging others to view bias analysis

as a viable and desirable tool in their own work. Another

benefit would be for these guidelines to improve the quality

of bias analyses. In turn, we hope that these guidelines will

themselves be improved by feedback from readers and

users. Eventually, such feedback along with wider experi-

ence may lead to more detailed and extensive collaborative

guidelines, perhaps along the lines of CONSORT,

STROBE and other community efforts to improve research

conduct and reporting.

When is bias analysis practical and
productive?

Bias analysis covers a broad range of methods, from simple

sensitivity analyses to in-depth probabilistic analyses

requiring considerable labour. Choosing a method depends

on judging the point at which the likely benefit of doing

further analyses no longer justifies the labour. This ques-

tion is complicated by the fact that we rarely have more

than vague ideas of the cost or benefit of further analyses.

The benefit in particular may be largely unknown until we

do the analysis. Fortunately, our analysis decisions are sub-

ject to challenge and revision as long as the data remain

available.

Later sections will outline what we think is needed for a

‘good’ bias analysis, which will provide some sense of cost.

As for benefits, a good bias analysis provides an effect esti-

mate that accounts for plausible sources of bias, aiding in

scientific inference. Further, it can provide a sense of the

uncertainty warranted given the assumptions incorporated

into the bias analysis. As with any methodology, however,

bias analysis is not foolproof: poor choice of models or

parameter values could harm inferences. To aid decisions

on whether and how much bias analysis is needed, we have

created a rough classification scheme of situations, ranging

from those in which bias analysis seems unnecessary to

those in which it appears essential.

Cases in which bias analysis is not essential

Bias analysis is not essential when a research report strictly

limits itself to description of its motivation, conduct and

data, and stops short of discussing causality or other infer-

ences beyond the observations. Although such purely de-

scriptive reports are unusual and are even discouraged by

many, they have been recommended as preferable to op-

posite extremes in which single studies attempt to argue

for or against causality without regard to studies of the

same topic or other relevant research.35

Bias analysis may be helpful, but not necessary, when a

report stops short of drawing inferences about causality or

other targets beyond the observations, and instead offers

alternative explanations for observations. This sort of re-

port is among the most cautious seen in the literature,

focusing on data limitations and needs for further research

but refraining from substantive conclusions.

Bias analysis may be unnecessary when ordinary statis-

tical analyses, encompassing only random error, show the

study is incapable of discriminating among the alternative

hypotheses under consideration within the broader topic

community. Common examples include studies where the

precision of the effect estimate is so poor that the confi-

dence interval includes all associations that are taken ser-

iously by the topic community as possible effect sizes. This

situation commonly arises when modest point estimates

(e.g. relative risks around 2) are reported, the null value is

included in the conventional frequentist confidence inter-

val and no one seriously argues that the effect, if any, could

be large (e.g. relative risks above 5). Attempts to argue for

or against causality in such cases would be ill-advised even

if bias were absent, and discussion may be adequately re-

strained by considering both limits of the interval estimates

with equal weight.37 In the above situations, however, bias

analysis becomes necessary if a reader attempts to draw

substantive conclusions beyond those of the original study

report, such as in public health policy, legal and regulatory

settings.

Bias analysis may also be unnecessary when the

observed associations are dramatic, consistent across stud-

ies and coherent to the point that bias claims appear unrea-

sonable or motivated by obfuscation goals. Classic

examples include associations between smoking and lung

cancer, occupational exposure to vinyl chloride and
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angiosarcoma, estrogen replacement therapy and endomet-

rial cancer, and outbreaks from infectious or toxic sources.

In these situations, bias analysis may still be helpful to im-

prove accuracy of uncertainty assessment. It may also be

helpful for policy makers seeking to incorporate the size of

an effect estimate and its total uncertainty into hazard

prioritization and regulation. Finally, bias analysis may be

useful in this setting to demonstrate the unreasonableness

of denialist claims, as did Cornfield et al.3 in response to

claims that the smoking-lung cancer association could be

attributed to a genetic factor affecting both tendency to

smoke and cancer risk. As a historical note, this paper

Box 1. Summary description of good practices for quantitative bias analysis

When is bias analysis practical and productive?

• Advisable when a report of an association that is not dramatic goes beyond description and alternative explanations

for results, and attempts to draw inferences about causality.

• Essential when a report makes action or policy recommendations, or has been developed specifically as a synthesis

for decision making, and the decisions are sensitive to biases.

How does one select the biases that ought to be addressed?

• Begin with a review of selection and retention of study subjects, data collection methods and opportunities for con-

founding, selection bias and measurement error.

• Create a graphical display of presumed causal relations among variables and their measurements, and present these

DAGs to display the underlying assumptions.

• Complete simplified bias calculations to prioritize biases likely to have the greatest influence.

• Biases that could credibly explain a finding merit more attention than biases that could not.

How does one select a method to model biases?

• A realistic model of bias sources is likely to be complex. Balance realistic modelling and practicality, just as with con-

ventional epidemiological data analysis.

• Transparency and credibility are essential. Increasing complexity can reduce transparency and hence the credibility of

an analysis.Publish code to improve transparency, aid future implementations and identify algorithmic errors.

How does one assign values to the parameters of a bias model?

• Assign credible values and distributions to bias parametersthat reflect available data, including internal sub-studies,

external validation data and expert judgment.

• Choose a range of plausible values to yield a grid of adjustments that can be examined for consistency and to under-

stand the dependence of results on values or their combinations.

• Assign distributions to bias parameters, rather than sets of values, for probabilistic bias analysis and Bayesian ana-

lysis to describe the central tendency and spread of adjustments.

• Include a sensitivity analysis of the bias analysis to evaluate the dependence of the results on underlying

assumptions.

How does one present and interpret a bias analysis?

• Begin with a clear statement of objectives, which should relate directly to some aspect of the conventional methods

description.

• Link objectives to a bias model, which relates measured variables to the bias analysis result through the bias param-

eters. Give values or distributions assigned to these bias parameters, the basis for the assignments and reasons for

rejecting alternatives.

• Provide an example of the calculations completed using the bias model.

• Use diagnostics to assure bias modelling results correspond to the intended model.

• Use tables and figures to depict the complete set of bias analysis results.

• Interpret bias analysis results beginning with a restatement of the underlying assumptions, and concluding with a de-

scription of any resulting change in the study inferences.
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is often cited as the first sensitivity analysis, although

Berkson1 is an earlier example of quantitative bias analysis.

Cases in which bias analysis is advisable

Bias analysis is advisable when a report of an association

that is not dramatic goes beyond description and possible

alternative explanations for results, and attempts to draw

inferences about causality or other targets beyond the im-

mediate observations. In these cases, the inferences drawn

from conventional statistics may not hold up under the

scrutiny afforded by bias analysis, especially when conven-

tional statistical analyses make it appear that the study

is capable of discriminating among importantly different

alternatives or there is any attempt to interpret the study as

if it does so. In public health policy, legal and regulatory

settings involving hazards, this situation frequently arises

when the lower relative-risk confidence limit is above 1 or

the upper limit is below 2.

When conventional statistics appear decisive to some in

the topic community, discussion needs to be adequately re-

strained by considering the potential impact of bias. Simple

bias-sensitivity analyses will often suffice to adequately

demonstrate robustness or sensitivity of inferences to spe-

cific biases. The aforementioned Cornfield et al.3 paper is

an example that addressed an extreme and unreasonable

bias explanation (complete genetic confounding) for an

extreme and consistent association (which was being pro-

moted as calling for policy change). The analysis by

Cornfield et al. demonstrated the extremity of the bias

explanation relative to what was known at the time (and

has since been borne out by genetic and twin studies). It is

uncertain whether they would have gone through this exer-

cise had not a highly influential scientist raised this chal-

lenge, but the paper established the notion that one could

not explain away the association between smoking and

lung cancer as confounding alone without invoking associ-

ations and effects at least as large as the one in question.

Cases in which bias analysis is arguably essential

Bias analysis becomes essential when a report makes action

or policy recommendations, or has been developed specif-

ically as a research synthesis for decision making, and the

decisions (as opposed to the statistical estimates) are sensi-

tive to biases considered reasonable by the topic commu-

nity. As with Cornfield et al.,3 simple bias-sensitivity

analyses might suffice to demonstrate robustness or sensi-

tivity of inferences. Nonetheless, multiple-bias analysis

might be necessary in direct policy or decision settings, and

that in turn usually requires probabilistic inputs to deal

with the large number of bias parameters.

As an example, by the early 2000s, over a dozen

studies exhibited relatively consistent but weak (relative-

risk estimates dispersed around 1.7) associations of

elevated residential electromagnetic fields (EMFs) and

childhood leukaemia. Conventional meta-analyses gave

relative-risk interval estimates in the range of 1.3 to 2.3

(P¼ 0.0001).38,39 Consequently, there were calls by some

groups for costly remediation (e.g. relocation of power

lines). Probabilistic bias analysis found that more credible

interval estimates could easily include the null (no effect),28

as well as very large effects that were inconsistent with sur-

veillance data.40 Thus, bias analysis showed that the evi-

dence provided by the conventional meta-analysis should

be downweighted when considering remediation. In set-

tings where immediate policy action is not needed, bias

analysis results can provide a rationale for continued col-

lection of better evidence and can even provide a guide for

further research.41

In summary, simple bias analyses seldom strain re-

sources and so are often worthwhile. They are, however,

not necessary until research reports contemplate alterna-

tive hypotheses and draw inferences. At this point, and

certainly once policy decisions are contemplated, bias

quantification by simple bias modelling becomes essential

and more complex modelling may also be needed.

How does one select the biases that ought
to be addressed?

When a bias analysis is advisable, the next order of busi-

ness is to decide which sources of bias to examine. Most

bias analyses will have to consider the possibility that re-

sults are affected by uncontrolled confounding, selection

bias and measurement error (including misclassification)

because most epidemiological studies are susceptible to

these biases. Which biases to account for with quantitative

analysis will depend on the goals of the analysis (e.g. full

quantification of study error vs bounding the impact of a

single source of bias) and which biases, if any, were ruled

out by study features (e.g. a study with mortality as

outcome may have no concern about outcome

misclassification).

After defining a clear causal question, the analyst

should describe the bias sources. This description begins

with a detailed review of selection and retention of study

subjects in comparison with the source population they are

meant to represent, data collection methods, and opportu-

nities for confounding, selection bias and measurement

error. Although these descriptions provide a sound founda-

tion, they may miss certain types of biases such as bias

from conditioning on colliders.42 Directed acyclic graphs

(DAGs)42–46 can be useful for identifying potential bias

International Journal of Epidemiology, 2014, Vol. 43, No. 6 1973

 at H
arvard L

ibrary on A
pril 30, 2015

http://ije.oxfordjournals.org/
D

ow
nloaded from

 

http://ije.oxfordjournals.org/


sources, hence we recommend, as a preliminary step to

guide the analysis, creating a graphical display of presumed

causal relations among analysis variables and their meas-

urements. Further, we recommend presenting these DAGs

along with the analysis to help display the assumptions

underlying the methods used.

In terms of effort, biases that could credibly explain a

finding may merit more attention than biases that could

not. For example, in a null study of vaccination and autism

risk, an analysis that examined misclassification would

be critical if the inference is one of no association.

Nondifferential misclassification is typically expected to

produce bias toward the null, but small departures from

nondifferentiality may lead to bias away from the null,47

and some forms of differential misclassification may lead

to bias toward the null.48 In contrast, in a non-null study

of the association between neighbourhood quality and

physical function, correlation of errors between measures

of neighbourhood quality and measures of physical func-

tion may be most important to evaluate before inferring

that poor neighbourhood quality causes poor physical

function.49

Finally, there will often be restrictions on what can

be done given available software. Missing-data and

Bayesian software can sometimes effectively be used30,50

and procedures for Excel, SAS and Stata have been

published.15,27,29

Potential sources of bias to be considered

Uncontrolled confounding arises from failure to adjust for

important confounders that account, in part, for lack of ex-

changeability between groups. Failure to adjust properly is

due to either failure to measure these confounders, or inappro-

priate use of statistical adjustment, or variable-selection pro-

cedures such as stepwise regression. Incomplete adjustment

may also arise from use of inaccurately measured or catego-

rized confounders or from misspecification of the functional

form of the relationship between the confounder and the

outcome variable (e.g. smoker/non-smoker vs full smoking

history). Many bias analysis methods assume no effect-

measure modification by the unmeasured confounder, al-

though methods to account for effect-measure modification

are available.15,28

A mirror problem to uncontrolled confounding is over-

adjustment bias, which arises from adjustment for inappro-

priate variables (such as intermediates and other variables

affected by exposure). Failure to adjust for well-measured

confounders and overadjustment bias can be remedied

given the original data by adding and deleting adjustment

variables as appropriate, but these data are usually un-

available for subsequent meta-analyses or risk analyses.

Selection bias arises from biased subject sampling,

losses to follow-up, subject nonresponse, subject selection

after susceptibles have left the pool of subjects and other

mechanisms. Selection bias is often a major concern in se-

lection of controls in case-control studies, but can also

arise in case-control and cohort studies when loss to fol-

low-up is related to both the exposure and the outcome,

when follow-up begins after the onset of exposure51,52 or

when there is matching on inappropriate variables (over-

matching). Information on the relation of both exposure

and outcome to selection is rarely available. Validation

studies of selection proportions are difficult to conduct, be-

cause the subjects under consideration are not, and may

never have been, in the study. Even when such validation

studies are done, as when data from a study can be com-

pared with population registries, the results may not easily

translate to the source population for the study subjects.

Nonetheless, available information can be used to bound

the magnitude of bias due to nonrandom subject selection.

Mismeasurement of variables can be expected in almost

all studies. Exposure mismeasurement is common in most

nonexperimental designs because of the nature of data col-

lection. Self-reports, medical records, laboratory tests etc.

can all result in measurement errors. Approximately non-

differential mismeasurement of exposures and covariates

with respect to the study outcome may be plausible when

measurements are collected before the outcome occurs.

Differential mismeasurement may arise, however, when

exposure and covariate measurements are influenced by or

share influences with the outcome. Classic examples arise

in studies that interview subjects about exposure history

after the study outcome, as knowledge of the outcome can

influence recall of exposures (recall bias). Contrary to com-

mon lore, the net bias that results need not be away from

the null.48 When independent of other errors, nondifferen-

tial confounder mismeasurement usually leads to bias in

the direction of the original confounding.7,53 Regardless of

nondifferentiality, mismeasurement of a covariate that is a

strong confounder can lead to substantial bias.

Measurement errors in one variable may also be corre-

lated with measurement errors in other variables.54,55 Such

correlated or dependent errors should be expected when-

ever measurements are obtained or constructed using

the same instrument or data. For example, a survey of self-

perceived physical function and neighbourhood quality

may yield an association between them, even if none exists,

because respondents who overstate or understate the true

quality of their neighbourhood may do the same with re-

gard to the quality of their own physical function.49 Errors

in occupational exposure histories constructed from the

same job-exposure matrix will be correlated since they will

incorporate the same errors in the job histories. Similarly,
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errors in nutrient intakes calculated from the same food-

nutrient table will be dependent since they will incorporate

the same errors in the diet histories. Less extreme but none-

theless important error dependence can arise among ques-

tionnaire responses, especially within related items (e.g.

long-term recall of life events or habits). Even when errors

are nondifferential, the presence of dependent error be-

tween the exposure and the outcome variable can create

bias away from the null, and may even create the appear-

ance of a strong association when there is no association

at all.54

Which sources of bias to model

Once the sources of bias have been identified, one must pri-

oritize which biases to include in the analysis. We recom-

mend prioritizing biases likely to have the greatest influence

on study results. Judging this often requires relatively quick,

simplified bias calculations (described in the next section)

based on review of the subject literature and expert subject

knowledge. Each of the sources of bias described above may

be evaluated tentatively using simple bias analyses. Such an

approach will often require a fair amount of labour, but is

essential to informing the main part of the bias analysis and

any conclusions that follow from it.

As an example, if little or no association has been

observed, priority might be given to analysing single biases

or combinations of biases that are likely to be toward the

null (e.g. independent nondifferential misclassification) and

thus might explain the observation. In this regard, signed

DAGs56,57 can sometimes indicate the direction of bias and

thus help to identify explanatory biases. A danger, how-

ever, is that by selecting biases to analyse based on expected

direction, one will analyse a biased set of biases and thus

reach biased conclusions. We thus advise that any bias that

may be of substantively important magnitude be included

in the final analyses, without regard to its likely direction.

Investigators may think that a source of bias is present,

but that the magnitude of the bias is unimportant relative

to the other errors present. For example, if the literature in-

dicates that the association between an uncontrolled con-

founder and the exposure or outcome is small (e.g. as with

socioeconomic status and childhood leukaemia), then the

amount of uncontrolled bias from this confounder is also

likely to be small.3,58 A number of authors give bounds on

the magnitude of bias due to uncontrolled confounding

based on bounds for the component associations,17,59–61

which allow the analyst to judge whether that bias is

important in their application.

Soliciting expert opinion about possible bias sources

can be a useful complement to, but no substitute for,

the process described above in conjunction with a full

literature review. Experts in the field may be aware of

sources of bias that are not commonly mentioned in the lit-

erature. It is unlikely, however, that one will be able to ob-

tain a random sample of expert opinions, a concern of

special importance in controversial topic areas where ex-

perts may disagree vehemently.

How does one select a method to model
biases?

Balancing computational intensity and

sophistication

Quantitative bias analysis encompasses an array of meth-

ods ranging from the relatively simple to the very complex

(Table 1). Bias analysts consider such factors as computa-

tional intensity and the sophistication needed to implement

the method when selecting from among the options. All

methods require specifying a bias model and its param-

eters, but the method’s computational intensity is dictated,

in part, by how the bias parameters are specified.

In simple bias-sensitivity analysis, the user treats the

bias parameters as fixed quantities which are then some-

times varied systematically together (multidimensional bias

analysis15,23). For example, to study bias due to confound-

ing by an unmeasured covariate, the analyst may examine

many combinations of the confounder distribution and its

relations to exposure and to the outcome. Similarly, to

study bias from exposure misclassification, the analyst

might explore different pairs of sensitivity and specifi-

city.15,23 These analyses can be computationally straight-

forward and require no detailed specification of a

distribution for the bias parameters. Once the bias model

and its initial values have been coded in a spreadsheet, for

example, it is usually a small matter to change the values

assigned to the bias parameters to generate a multidimen-

sional analysis. However, such analyses do not explicitly

incorporate uncertainty about the bias parameters in inter-

val estimates or tests of the target parameter. Whereas an

analyst may wish to begin with simple and multidimen-

sional methods, we recommend formal sensitivity analysis

in cases where plausible changes in values of bias param-

eters result in drastic changes in the bias-adjusted estimate,

as often occurs in exposure-misclassification problems6,62

or when more complete depictions of uncertainty are

indicated.27

One way to incorporate this uncertainty into statistical

results is to use probabilistic bias analysis (PBA). PBA is a

generalization of simple bias analysis in which the bias par-

ameters are assigned a joint probability distribution. This

distribution is known as a bias-parameter distribution

or, in Bayesian terms, a joint prior distribution, and is
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supposed to represent the analyst’s uncertainty regarding

the true value of a bias parameter.

PBA can be implemented in various ways.15,23,24 The

simplest approach (sometimes called Monte-Carlo sensitiv-

ity analysis, or MCSA) is to repeatedly sample bias param-

eters from their joint distribution and to use the sampled

values in the same basic sensitivity formulas as used in sim-

ple fixed-value analysis. Unlike simple bias analysis, how-

ever, summaries of the adjusted estimates (e.g. histograms)

from PBA reflect the uncertainty about the target param-

eter due to uncertainty about the bias parameters, provided

the latter uncertainty is properly captured by the distribu-

tion used.

When multiple sources of bias are of concern, effect es-

timates can be adjusted for each source simultaneously

using multiple bias modelling (MBM). In these situations

there are usually far too many bias parameters to carry out

simple fixed-value bias analysis, and PBA becomes essen-

tial.28 This type of analysis is more realistic since it can

incorporate all biases that are of serious concern, but there

is little distributed software to do it. It is possible to com-

bine single-bias algorithms to create a multiple bias adjust-

ment, but care is needed in doing so. In particular, the

order of adjustment is important. Adjustments need to be

modelled in the reverse order from that in which the biases

actually occur,15,23 which depends on the study design.

Often confounding occurs first in the source population,

selection bias second as the researcher selects subjects, and

measurement error last as exposure, covariates and out-

comes are measured. These biases should be analysed in

the reverse order. Exceptions to this order are also com-

mon. For example, when a study sample is drawn from a

database, and the inclusion criteria are based on measure-

ments in the database, then selection-bias adjustment

should precede adjustment for measurement error. If

subsequent measurements are made on patients (including

interviews), then adjustment for errors in those measure-

ments should precede selection-bias adjustment. It is essen-

tial that analysts report and explain the order in which the

adjustments were made to allow evaluation by interested

parties.

In typical probabilistic multiple-bias analyses, each bias

source receives its own distribution. This modelling impli-

citly assumes that the distributions, and hence the biases,

are independent (e.g. that selection probabilities tell us

nothing about misclassification probabilities, and vice

versa), which may not always be accurate. Dependencies

can, however, be introduced directly as prior correlations63

or indirectly by using hierarchical models.28,32 A more

statistically refined approach is to use the bias-parameter

distributions as prior distributions in Bayesian posterior

computations.30,50,64–67 Fully Bayesian bias analysis can be

difficult to implement, however, requiring special software

packages and special checks for convergence of the fitting

algorithm, which may fail more easily than in conventional

analyses. Fortunately, MCSA appears to provide a good

approximation to a partial-Bayesian analysis in which only

the bias parameters are given prior distributions, provided

that these distributions do not include values that are in

outright conflict with the data being analysed.23,28,68,69 In

particular, if the bias parameters are completely unidenti-

fied from the data (there is no data information about

them) and the priors used apply only to these parameters,

the resulting MCSA procedure can be viewed as a method

of generating samples from the posterior distribution.30,70

Although needless complexity should be avoided, there

are areas in which too much simplification should also be

avoided. When examining misclassification parameters, it is

unreasonable to assume that the parameters are independent

of one another. For example, when examining exposure

Table 1. Summary of quantitative bias analysis techniques

Analytical technique Treatment of bias

parameters

Number of biases

analysed

Output Combines

random error?

Computationally

intensive?

Simple sensitivity

analysis

One fixed value assigned to

each bias parameter

One at a time Single revised estimate of

association

Usually no No

Multidimensional

analysis

More than one value

assigned to each bias

parameter

One at a time Range of revised estimates

of association

No No

Probabilistic

analysis

Probability distributions

assigned to each bias

parameter

One at a time Frequency distribution of

revised estimates of

association

Yes Yes

Multiple bias

modelling

Probability distributions

assigned to bias

parameters

Multiple biases

at once

Frequency distribution of

revised estimates of

association

Yes Yes

Reprinted from Lash, Fox and Fink (2009).15
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misclassification in a case-control study, we should ordinar-

ily expect the sensitivity among the cases and the sensitivity

among the controls to be similar, at least if the same instru-

ment is used to collect exposure information in each group.

That is, a higher sensitivity in one group will usually imply a

higher sensitivity in the other group and this is modelled by

specifying a high positive correlation in the joint prior distri-

bution. The same is true for specificity. In fact, under non-

differentiality these correlations will be 1 (although perfect

correlation does not by itself imply nondifferentiality).

Failure to include correlations among related bias param-

eters can result in the sampling of unlikely parameter com-

binations, which in turn could result in adjusted-estimate

distributions that are more misleading than the original un-

adjusted confidence interval for the target parameter.

Balancing realistic modelling against simplicity

and ease of presentation

Any realistic model of bias sources is likely to be complex.

As with conventional epidemiological data analysis, trade-

offs must be made between realistic modelling and practi-

cality. Simplifying assumptions are always required, and it

is important that these assumptions are made explicit. For

example, if the decision is made to omit some biases (per-

haps because they are not viewed as being overly influen-

tial), the omissions and their rationales should be reported.

We encourage researchers using complex models to also

examine simpler approximations to these models as a way

to both check coding and gain intuition about the more

complex model. For instance, multiple bias models can

provide realistic estimates of total study error but may ob-

scure the impacts of distinct bias sources. We thus advise

researchers implementing a multiple-bias model to exam-

ine each source of bias individually, which helps identify

adjustments with the greatest impact on results. One can

also compare estimates obtained from probabilistic ana-

lysis with the estimate obtained when the bias parameters

are fixed at the modes, medians or means of their prior dis-

tributions. In the event that the results of the simpler and

more complex analyses do not align, the author should

provide an explanation as to why.

Implications regarding transparency and

credibility

Transparency and credibility are integral to any quantitative

bias analysis. Unfortunately, increasing model complexity

can lead to less transparency and hence, reduce the credibil-

ity of an analysis. Researchers should take several steps to

increase the transparency of the methods they use. As with

all analyses, researchers should avoid using models that they

do not fully understand. Giving a full explanation of why

the model specification produced the given results can in-

crease transparency. We also encourage authors to make the

data and code from their bias analyses publicly available.

With the advent of electronic appendices in most major jour-

nals, providing bias analysis code as web appendices poses

little problem. Published code will aid future researchers

who need to implement bias analyses. Further, quantitative

bias modelling is complex and public dissemination of code

can help to identify and correct algorithmic errors.

Using available resources versus writing a new

model

Numerous resources are available to help researchers im-

plement quantitative bias analysis. Many sources we cite

contain detailed examples that illustrate the analyses.

Several have provided code so that future researchers could

implement their analyses as well.15,27,68,71 When possible,

we encourage authors to adopt code that has been previ-

ously developed, because it should help to identify and re-

duce coding errors. Existing resources may be difficult to

adapt to new situations, however, particularly for multiple

bias models. In that case, researchers have to write their

own programs.

How does one assign values to the
parameters of a bias model?

After choosing a bias model that is specified by a collection

of bias parameters, the next step is to assign values or dis-

tributions to the bias parameters. Here one must wrestle

with which value assignments are reasonable, based on the

subject matter literature and on experience, and what other

considerations should be made when assigning values to

the bias parameters. Sometimes only summary data from a

publication are available, whereas the original authors

would have access to record level data.

Sources of information about bias parameters

Internal validation data

Credible values and distributions assigned to bias param-

eters should reflect relevant available data. Some studies

obtain bias parameter information from an internal se-

cond-phase or validation sub-study, in which additional

data are collected that allow adjustment for bias or estima-

tion of values or distributions to assign to bias parameters

(e.g. measurements of confounders that are not recorded in

the full data set, such as full smoking histories, or labora-

tory measurements that are collected from a subsample to
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validate self-reported exposure status).14,15 Internal valid-

ation may be the best source of data on the bias parameters

in the study in which it was conducted, which implies that

a substantial proportion of study resources should be ex-

pended on validation sub-studies, even if it requires a re-

duction in total sample size. The results of such studies

often do more to improve the yield from the research than

expending these resources on a larger sample size or longer

follow-up.

Many statistical methods are available for joint analysis

of primary data with internal validation data, including

missing-data and measurement-error correction meth-

ods.13,16,72 Nonetheless, these methods assume that the in-

ternal validation data are themselves free of bias. This

assumption is often unreasonable, and if violated will re-

sult in bias in the bias-adjusted estimate. For example, to

adjust for bias due to non-response, after initial requests

we could ask all original invitees (including non-

responders) to answer a brief supplementary questionnaire.

Data provided by those initial non-responders who re-

sponded to this call-back survey might provide individual-

level information about basic confounders like age and

sex, and perhaps exposure and disease status, to identify

the determinants of non-response. We should expect how-

ever that many initial non-responders will also not respond

to this survey, and those that do are unlikely to be a

random sample of all initial non-responders. Similarly,

internal measurement-validation studies are themselves

prone to selection bias when they place an additional bur-

den on study participants, such as filling out further ques-

tionnaires, keeping diaries or supplying biological

specimens. Those who agree to this additional burden are

likely to differ from those who refuse, and these differences

may relate to the size of the measurement errors character-

ized by the validation sub-study. The validation data they

supply and adjustments based on them may therefore also

be subject to unknown degrees of bias. Consequently,

although a validation sub-study can supply valuable infor-

mation, that information may have to be analysed with

allowance for sources of bias in the sub-study.

External validation data

External validation data and external adjustment describe

the scenario where we obtain bias parameter information

from data outside of the study.15,23 Data from external val-

idation studies can supplement internal validation data

(which are often sparse) and are often the only direct

source of information about bias parameters. Examples in-

clude individual-level data from a second study popula-

tion, or parameter estimates obtained from a systematic

review or meta-analysis. For example, to adjust for bias

from an unmeasured confounder, we could conduct a

review of the literature to identify published estimates of

the distribution of the confounder in the population and

the associations between the confounder and the exposure

and outcome variables.

As described above, internal and external validation

data are themselves subject to systematic as well as random

errors, and thus provide imperfect estimates of bias param-

eters. Nonetheless, such data can help set the range and

distribution of values to assign those parameters.

Uncertainty about the resulting bias parameter estimates

can be incorporated into bias adjustments via sensitivity

analyses, as described below.

Input from experts

Validation data are often unavailable, forcing reliance on

expert opinion and educated guesses to specify the bias

parameters and their distributions. Formulating knowledge

or beliefs about unknown parameters into a joint probabil-

ity distribution is called elicitation of the prior distribu-

tion.73 One formal approach is to ask each expert for an

interval within which they think the parameter falls and

the odds or percentage they would bet on the parameter

falling in this interval. From this interval one may specify

a member of a convenient parametric family, such as a log-

normal or normal distribution. For example, suppose an

expert would give a certain odds or probability that a false-

positive probability p (p¼ 1�specificity) falls between 0.05

and 0.20. If we modelled this expert’s bet as arising from a

distribution for logit(p) that was symmetrical (thus having a

mean equal to its median), the expert’s implied prior median

for p would be expit[(logit(0.20)þ logit(0.05))/2]¼ 0.10.

Further modelling the expert’s uncertainty as roughly nor-

mal on the logit scale, we would deduce that the standard

deviation of this normal distribution is (logit(0.20)�
logit(0.05))/(2*1.96)¼ 0.40.

There is little evidence about which methods of con-

structing priors are more accurate; research on the quality

of reasoning under uncertainty in general suggests that dir-

ect expert elicitations are unlikely to provide reliably ac-

curate estimates of values or distributions for assignment

to bias parameters.74,75 Of great concern is that expert

opinions are highly susceptible to bias. Experts are often

influenced by their selective knowledge, reading and inter-

pretation of the literature, as well as personal preferences

(‘wish bias’). They can also be overconfident and under-

state the uncertainty about bias that would be warranted

by available evidence,76 which in turn results in overconfi-

dence about the size of effect under study.15,23

Furthermore, experts may seriously misjudge the quality of

the literature and the extent to which bias accounts for pre-

vious findings. Such misjudgments may be aggravated by

expert overconfidence or poor judgment about the
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reliability or quality of articles (e.g. over-rating their own

studies or those that agree with their views, and under-rat-

ing those that conflict with what they expect). As a result,

we recommend that analysts inspect the literature directly

rather than rely solely on expert opinions. In doing so the

analyst should bear in mind that, like reviews, judgment

may also be distorted by publication bias and by lack of in-

formation on study problems in published reports.

Assigning values and distributions to bias

parameters

A parsimonious strategy that does not require specifying

the bias parameter values or distributions is to use target-

adjustment sensitivity analysis.26 In this approach, one

back-calculates from conventional results to find combin-

ations of bias-parameter values that would qualitatively

change or explain the conventional statistics (e.g. that

would shift an estimated effect measure to the null value or

to a doubling of risk). Target-adjustment sensitivity ana-

lysis can be easier to implement and understand than bias

modelling with best estimates assigned as values for the

bias parameters, for it demands only qualitative assump-

tions about the bias parameters.

Nonetheless, there are several objections to target ad-

justment. Most obviously, it only examines how the differ-

ence between the conventional estimate and the targeted

value might be entirely an artefact of bias26 and thus is of

little use if the goal is to estimate plausible ranges for the

effect measure. Target-adjustment sensitivity analysis is

also difficult to evaluate when there are multiple biases, for

then many plausible as well as implausible patterns of bias

could explain the difference between estimate and target.

Finally, target adjustment incurs a risk of contaminating

subsequent analyses, since once one knows what values

would change a conventional estimate to a targeted value,

that knowledge can bias one’s view of the plausibility (and

hence probability) of such parameter combinations. Thus,

target adjustment may be useful only when one bias source

is to be evaluated and the only question is whether plaus-

ible values for the bias parameters might explain the differ-

ence between the study’s result and a targeted effect size of

particular interest.

Instead of focusing on a value of the target parameter,

one may assign one or more values to the bias parameters

based on estimates drawn from external validation studies,

internal validation studies or the investigator’s experience

working in the topic area. This process may be called fixed

bias-parameter analysis (FBA). It is crucial to explain the

basis for the selected values. Investigators often choose a

range of plausible values. The extreme limits of plausibility

may also be selected to avoid understating the uncertainty.

When the bias model involves more than one bias param-

eter, this method ultimately yields a grid of adjustments cor-

responding to combinations of values assigned to the

different parameters of the bias model. The resulting ad-

justed estimates can be examined for consistency and

to understand the dependence of results on different values,

or combinations of values, assigned to the bias parameters.

Instead of focusing on fixed sets of values, probabilistic

bias analysis (PBA) assigns distributions to the bias param-

eters. The location and spread of the distributions may be

determined by the same information used to assign sets of

values for simple and multidimensional bias analysis. For

example, suppose we wish to restrict the sensitivity of

exposure classification to fall between a and c, and b is

considered a most likely value (mode). Among other possi-

bilities, one could then assign: (i) a uniform distribution

ranging between a and c; (ii) a triangular distribution with

minimum a, maximum c and mode b; (iii) a trapezoidal

distribution with minimum a, maximum c and lower and

upper modes equidistant from b; (iv) a distribution that is

normal on the logit scale, translated to fall between a and

c, with mode b; or (v) a beta distribution, again translated

to fall between a and c, with mode b.

A simplicity advantage of the uniform and triangular

distributions is that they are determined completely by the

specified range a to c and most likely value b. The uniform

distribution is exceptionally unrealistic, however, because

it has a sudden drop in probability at its boundaries and

makes no distinction within those boundaries; for example,

if a¼ 0.6, b ¼ 0.9, it states that 0.599 is impossible yet

0.601 is as probable as any other possibility including 0.7

and 0.8. Among more mild criticisms of the triangular and

trapezoid distributions is that they are not smooth (although

they entail no sudden change in probability), whereas logit-

normal and beta-distributions may become bimodal with

low-precision parameter settings. Thus, to help avoid im-

plausible distributional features, we recommend that distri-

butions be graphed before use. Nonetheless, form (shape)

can be particularly difficult to judge visually and intuitively;

for example, normal, logistic, and t-distributions are all uni-

modal symmetrical and are not strikingly different in ap-

pearance, yet switching from a normal to a logistic

distribution triples the prior probability that the true param-

eter is over 3 standard deviations from the mean.

An objection to all range-restricted distributions is that

we may have no basis for being completely certain a par-

ameter is within the boundaries a, b unless those are purely

logical limits (e.g. 1 is the upper limit for a sensitivity and

specificity). This problem can be addressed by extending

the range between a and b (e.g. to the logical limits of 0

and 1 for sensitivity and specificity). However, this exten-

sion can create another problem: when the data convey
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some information about parameters in a bias model, some

values for those parameters inside the chosen range may

conflict with the original data, as manifested by impossible

adjusted data such as negative adjusted cell counts. This

can easily occur, for example, when adjusting for misclassi-

fication using sensitivity and specificity, and the minimum

allowed value a is too low or the maximum value b is too

high, creating an incompatibility between the observed

data and the proposed values of sensitivities and specific-

ities.15,23,27 It is important to describe these bias-parameter

values and see why they produce impossible data. It is also

important that the estimates from such values are not used

in subsequent inferential statistics, especially when aggre-

gating estimates into simulation summaries (as in MCSA).

If only a small proportion of values result in impossible

adjusted results, there may be little harm from simply dis-

carding these values and using summaries based on the re-

maining bias-parameter values, a strategy that truncates

the bias-parameter distribution away from values that

produce impossible adjustments.23,27,28,69

One may avoid impossible adjustments by using the

priors in proper Bayesian procedures, or by using a bias

model whose parameters are independent of the data.30,70

Nonetheless, encountering impossible adjusted data is

often of substantive importance, as it may represent a fun-

damental disconnect between the priors and the data or

data model, and may signal poor prior information, poor

data modelling or unrecognized data problems.

Sensitivity analysis of the bias analysis

The values assigned to the location and spread of a given

bias-parameter distribution can greatly influence the re-

sults of a bias analysis. We thus recommend that a sensitiv-

ity analysis of the bias analysis, at least to location and

spread, should be included where space permits, for ex-

ample as supplementary appendices. Increasing the spread

of a prior distribution (e.g. the prior variance) will usually

increase the spread of the bias-adjusted effect measures,

and it can be crucial to assess this increase.

Other potentially important sources of sensitivity in

prior distributions, and hence uncertainty about final re-

sults, include form (e.g. trapezoidal or beta), and depend-

encies (e.g. correlations) among parameters. Few attempts

have been made to compare bias analysis results when dif-

ferent distribution types are assigned to the bias param-

eters of a bias model, holding the location and spread (e.g.

mean and variance) constant. The one published example

we are aware of found little difference from use of different

distributions with the same location and spread,15 but

more study is needed of sensitivity of bias analysis to distri-

butional forms.

Prior dependencies among bias parameters can be of spe-

cial concern because there is rarely any validation data to

support choices, and yet typical statistical default values

(such as zero correlation between case and control misclassi-

fication probabilities) may be contextually nonsensical, as

discussed above.23,27 Nonetheless, it may be possible to re-

parameterize the bias model so that its parameters are ap-

proximately independent;30,77 comparisons between results

from an independent-parameter model and the original

model can reveal sensitivity of results to parameterization.

Diagnostics

An important element of bias analysis, and especially prob-

abilistic bias analysis, is model diagnostics. If the analyst

assigns distributions to the parameters of a bias model,

then it is good practice to generate histograms of the values

selected from the distributions and used in the analysis,

and to plot these histograms against the probability den-

sities of the distributions to assure that the sampling cor-

responds well enough to the expectation given the density.

Among other problems, in some situations (e.g. when com-

binations of sensitivity and specificity lead to negative

adjusted cell counts as described earlier) the histogram of

values used in MCSA may not correspond to the assigned

probability density. Graphical diagnostics are also essential

in a full Bayesian bias analysis because of the risk of poor

convergence of the fitting algorithm.

Presentation of probabilistic bias analysis results may

focus on the median, 2.5th percentile and 97.5th percentile

of the modelling results, but the analyst should examine

the entire histogram of adjusted estimates for implausible

results and unexpected shapes. If results from some model-

ling iterations were discarded, for example due to negative

cell frequencies in contingency tables, then the frequency

of discarded iterations should be presented. If discarded re-

sults influenced the selection of values or distributions as-

signed to the bias parameters, then this influence should be

described. Complete diagnostic results may be too detailed

for presentation in a publication, but the description of

the methods should explain which diagnostics were under-

taken and that the model and computing code were found

to perform adequately.

How does one present and interpret a bias
analysis?

Presenting bias analysis methods

Bias analysis methods are unfamiliar to many readers of

epidemiological research, so presentations of these meth-

ods should be as complete and detailed as reasonably
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possible. A good presentation of a bias analysis should

begin with a clear statement of its objectives, which should

relate directly to some aspect of the conventional methods

description. That is, the conventional methods section

should foreshadow the bias analysis methods. The stated

objective should then link to a bias model, such as an equa-

tion that links measured variables to the bias analysis result

through the non-identifiable bias parameters. The presen-

tation should then give values or distributions assigned to

these bias parameters, explain the basis for the assignments

in terms of plausibility with respect to background litera-

ture and give reasons for rejecting other reasonable alter-

natives that were explicitly considered. A good methods

presentation should also provide an example of the calcu-

lations completed using the bias model. For multiple bias

analysis, this presentation should be repeated for each

bias and the order of analysis should be described and

explained.

To illustrate these recommendations, consider a bias

analysis to address misclassification of a binary exposure

by varying assumed sensitivity and specificity. It should

state that the objective of the bias analysis is to evaluate

the influence of exposure misclassification. The bias model

equations link the measured cell frequencies to the adjusted

cell frequencies as a function of the sensitivities and specif-

icities. Values assigned to these parameters might come

from internal or external validation data, or probability

distributions may be assigned using the methods described

above. A 2� 2 table of the measured frequencies should be

linked to a 2�2 table of the adjusted frequencies with the

bias model equation, where the terms of the model are

replaced by the measured frequencies, adjusted frequencies

and single values drawn from the assigned distributions

(e.g. their ranges and modes). This presentation of the

methods allows the reader to trace from the objective, to

the bias model, to the information and judgments used to

assign values to the bias model and finally to the output

that provides one possible answer to the objective, condi-

tional on the bias model and assigned values. The example

calculation, although perhaps extraneous, ties all of the

elements together for the reader.

Presenting bias analysis results

Presentation of bias analysis results might be as simple as

presenting the adjusted estimate when only a single simple

bias analysis has been completed. It is only when multiple

values or multiple combinations of values are assigned to

bias parameters, or when distributions are assigned to the

bias parameters, that presentation of the results of a bias

analysis become more difficult. In general, one should

present results of all bias analyses that were completed, not

just those with interesting results. The main problem then

becomes presentation of complete results in a manner that

respects the word and space limitations enforced by most

journals. Online supplements provide one common alter-

native to assure completeness.

Using tables allows the reader to evaluate different bias

scenarios created by different assignment values or differ-

ent combinations of assigned values, which is especially

important for presenting the results of multidimensional

bias analyses. The disadvantage of using tables is that data

reduction is often necessary to deal with complexity, and

tables provide no summary of the final uncertainty that

arises from uncertainty about the bias parameters. For ex-

ample, in a multiple-bias analysis there may be several

equally important sources of bias. If so, the results need to

be presented using high-dimensional tables that are un-

wieldy, difficult to interpret and which may needlessly

highlight implausible parameter combinations. Further, it

is cumbersome to incorporate uncertainty from random

error into such tables in enough detail so that someone can

repeat the bias analysis under different assumptions.

When table complexity overwhelms comprehension,

figures usually provide a workable alternative. Three-

dimensional column charts with multiple bars along each

axis can present the results of even complex multidimen-

sional bias analyses (see Flanders and Khoury,17 for ex-

ample). For PBA, one can use tornado diagrams to

compare multiple 95% interval estimates that are com-

puted by incorporating uncertainty from each different

bias source individually or in subsets (see Stonebraker

et al.,78 for example). Histograms that depict the frequency

of adjusted estimates from the iterations of a probabilistic

bias analysis can be used to compare bias analysis results

with the conventional results, the results of various bias

models with one another, and the progression of results

across the sequence of models applied in multiple bias

analysis.15,23

Space and word count limitations may preclude presen-

tation of all important results in tables or figures. In this

case, bias analysis results can be presented in text: as single

values yielded by the model and a single set of values as-

signed to the bias parameters (simple bias analysis); as a

range of values yielded by the model and multiple values or

multiple combinations of values assigned to the bias par-

ameters (multidimensional bias analysis); or as median and

simulation intervals (2.5th and 97.5th percentiles of the

adjusted estimates) and medians yielded by a probabilistic

bias analysis. Good practice will usually require a more

complete presentation of results online or, less preferably,

as a posting on the author’s own internet site. In no case

should concerns about space limitations or word limits
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deter the most suitable bias analysis from being

undertaken.

Interpreting bias analysis results

One of the advantages of bias analysis is to counteract the

human tendency towards overconfidence in research re-

sults and inferences based on them.76 It would be counter-

productive, therefore, if the interpretation of a bias

analysis exaggerated that overconfidence rather than di-

minished it, or if it substituted overconfidence in the bias

analysis for overconfidence in the conventional analysis.

We encourage interpretations of the bias analysis results to

begin with a clear restatement of the assumptions underly-

ing it, including the choice of biases to examine, the choice

of bias models used in the analysis and the choice of values

or distributions assigned to the non-identifiable parameters

of the bias model. This restatement should then be sum-

marized in any further presentation or interpretation of the

bias analysis results with a preface such as: ‘given the

methods used and the assumptions of the analysis’.

The focus of the bias analysis interpretation should then

turn to a description of any change in the inferences that

might result from the bias analysis. One might write, for

example, that the bias analysis suggests that confounding

by an unmeasured variable might, or might not, plausibly

account for the association observed in the conventional

result, conditional on the accuracy of the bias model.

Similar statements could be made regarding selection

bias, measurement errors or combinations of biases.

Recommendations for interpreting simple, multidimen-

sional or and probabilistic bias analyses have been made

elsewhere.15 We recommend against interpreting bias ana-

lysis results as proving or otherwise definitively answering

whether a bias might, or might not, account for a given

conventional result, because of the dependence on the ac-

curacy of the underlying and non-verifiable assumptions.

By identifying the largest sources of uncertainty, sensi-

tivity analyses of the bias analysis results, or the bias ana-

lysis results themselves, offer an opportunity for discussion

of productive avenues for research improvement, such as

where more accurate measurements, validation studies or

more confounder measurements are needed. We recognize

that general calls for further research are of little utility,

but these specific avenues for further research are a direct

product of bias analysis, so somewhat different from gen-

eral statements.

Conclusions

Quantitative bias analysis serves several important goals

in epidemiological research. First, it provides a quantitative

estimate of the direction, magnitude and uncertainty arising

from systematic errors.15,23,26,28,79 Second, the very acts of

identifying sources of systematic error, writing down models

to quantify them, assigning values to the bias parameters

and interpreting the results, combat the human tendency to-

wards overconfidence in research results and the inferences

that rest upon them.76,80,81 Finally, in an era of diminishing

research funds, efficient allocation of sparse resources is

becoming even more important. By suggesting aspects that

dominate uncertainty in a particular research result or topic

area, quantitative bias analysis can provide a guide for pro-

ductive avenues of additional research;41 and, as happened

with smoking and lung cancer3 and exogenous estrogens

and endometrial cancer,82 quantitative bias analysis may re-

inforce more basic results by showing that a particular bias

is probably not as important as some claim.

We advocate transparency in description of the methods

by which biases were identified for analysis, models were

developed and values were assigned to the model param-

eters. We also encourage bias analysts to make their data

and computer code available for use by others, so that the

results can be challenged by modifications to the model or

by different choices for the values assigned to the model

parameters. When data cannot be made freely available,

bias analysts at a minimum should offer to incorporate

credible modelling modifications and changes to the

values assigned to the model parameters, when these are

suggested by other stakeholders, and to report completely

the results of these revised analyses. Bias models cannot

be verified as empirically correct, nor are values assigned

to the model parameters identifiable. It is, therefore, cru-

cial that credible alternatives be given thorough

examination.

Bias analysis is not a panacea. It cannot resolve funda-

mental problems with poor epidemiological research de-

sign or reporting, although it can account for uncertainties

arising from design limitations. If there is investigator bias

that introduces fraud into the data collection or analysis,36

or incompletely represents the data collection and analysis

process,83 then no analysis can be expected to correct the

resulting bias. Because the bias analyses we have discussed

are designed for unselected analyses of individual studies,

they cannot resolve inferential errors arising from selective

reporting of research results, whether this is due to select-

ive reporting of ‘significant’ associations or suppression of

undesired associations.84–86 Methods of publication-bias

analysis84–86 and forensic statistics 87–89 can help to inves-

tigate these problems.

We hope to increase the proportion of health research

that includes a quantitative estimate of the influence of sys-

tematic errors on research results. This quantification has
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been long advocated.18,90 There was a time when some of

us believed that such quantification was rarely undertaken

because the methods were not widely known and because

automated computing tools were not readily available to

implement the methods. These shortcomings have been

largely resolved.15,25,27,29,71 We must, therefore, contem-

plate other barriers to implementation.

One sociological barrier is the lack of demand for quan-

titative bias analysis by reviewers and editors of peer-re-

viewed journals.15 So long as the authors confine

themselves to description of their study and resulting data,

along with thorough discussion of possible explanations

for the results and contrasts to other studies, this may not

be a problem. But many reports still attempt to extend

their own results into general inferences about causes, ef-

fects and their policy implications, often overweighting

their results relative to other relevant research. In such

cases, reviewers and editors are often too willing to excuse

study imperfections, if they are confessed in the discussion

section,26 providing little motivation for researchers to use

quantitative bias analysis. With rare exceptions,91 such

analyses will only expand the uncertainty interval and call

into question the validity of the inferences; that is, after all,

a major point of quantitative bias analysis. Researchers

have little motivation, aside from scientific integrity, to call

their own inferences into question in this way, so the de-

mand must come from the gatekeepers to publication. We

hope that our guide to good practices for conducting and

presenting bias analyses will make it easier for editors and

reviewers to request quantitative bias analysis in lieu of

narrative description of study imperfections when investi-

gators insist on drawing broad conclusions about general

relations and policy implications.
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