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Bias, understood as a systematic deviation of results from what they should 
be, has become increasingly important in an era of evidence-based policy making and 
results-based management as much of the evidence for effectiveness used by policy makers 
comes from evaluation (Savedoff et al., 2006), but much evaluation is faulty (Pritchett, 
2002). In this note we address the nature of bias in evaluation, reflect on possible causes, 
and suggest ways to address these.

Most evaluations rely on quantitative and qualitative evidence drawn from observational 
data for both formative and summative purposes. Both types of data are vulnerable to 
well-known biases. In recent years, concerns about evaluations have been expressed 
regarding the fashion for randomised control trials (RCTs), which are supposed to address 
bias (Duflo et al 2007). However randomised control trials are also vulnerable to many of 
the biases discussed here, and well as limitations of the types of intervention for which 
they are relevant (Deaton, 2010; Shaffer, 2011; Barret and Carter, 2010). Given the high 
regard in which quantitative evaluations are typically held, we begin by drawing atten-
tion to the fragility of statistical methods, including those used to control for bias. We 
then outline many of the biases that can be found in evaluations based on these methods. 
We discuss the vulnerability of RCTs to bias, and sketch an account of how biases arise 
and are perpetuated. We conclude with some suggestions to mitigate these problems.

Bias in statistical analysis 
Most evaluations are posed as tests of hypotheses – specifically that an intervention had 
a measureable beneficial effect. In current statistical practice, a null hypothesis will be 
that the intervention had no effect, and an alternate hypothesis that it had a sufficiently 
beneficial effect that outweighs the costs and adverse effects. As is well known, this can 
result in two types of error - a type 1 error when the null hypothesis is true but is rejected, 
and a type 2 error when the alternate hypothesis is true but the null is not rejected (i.e. 
the alternate is rejected). The former may result in errors of commission – engaging in 
interventions that are unlikely to be effective, while the latter results in errors of omis-
sion – failing to engage in interventions that are in fact beneficial but have been rejected. 
Conventionally, science has aimed to minimise the chance of type 1 errors, whereas 
policy science (and policy) has a pro-action bias, which induces bias in favour of posi-
tive findings. Thus it is often more important to “find a positive result” or a large (if not 
particularly statistically significant) effect than to properly discuss the limitations and 
uncertainties that characterise the work. 

As several recent authors have emphasised, modern statistical practice gives rise to unex-
pectedly high probabilities of false positives - rejecting the null in favour of the alternate 
hypotheses (Wacholder et al 2004; Ioannidis 2005; Christley 2010; Camfield et al., 2014). 
Using conventional statistical practices, a 0.05 probability of a type 1 error with 80 per 
cent power, roughly 30 per cent of findings of a statistically significant result will be false 
(Colquhoun, 2014); the situation will be far worse if research designs have lower power 
or are subject to bias, such as those arising from “p-hacking”, including multiple testing, 
data mining and model polishing (with different explanatory variables, sub-samples, data 
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37sets, functional forms, and estimation methods), and 
so on (Maniadies et al., 2014; Camfield et al., 2014). 
Statistical analyses also play crucial roles in evalu-
ation because of pervasive selection and placement 
biases. The former  because those who participate/
are treated may well be different from those who do 
not/are not, and the latter, because interventions 
are located in particular locations so that results 
may not be extendable to other areas (Pitt et al., 
1993). However, the methods used to control for 
selection and placement biases such as instrumental 
variables, analysis of panel data (panel estimation 
and difference in difference), matching, regression 
discontinuity, natural experiments, and so on, are 
vulnerable to the common limitations of statisti-
cal analyses (model-polishing etc.), and to their 
own problems. Thus IV is vulnerable to difficul-
ties in finding suitable instruments; panel cannot 
deal with unobserved time varying confounding 
variables (and panel data with appropriate sample 
characteristics, and low, unbiased attrition, are dif-
ficult and expensive to produce); RD designs are not 
common and seldom have sharp discontinuities; 
matching cannot address hidden bias due to unob-
served characteristics of sample units correlated 
with both selection into treatment and the effects 
of treatments, and so on (Deaton, 2010).

The political economy of 
evaluations
It is in this context that RCTs appear to be something 
of a magic bullet. However, as shown by the authors 
referred to above, and from critical discussions of 
earlier enthusiasms for research on social interven-
tions using RCTs (e.g. Torrance, 2013, with respect 
to RCTs in education), RCTs are neither new nor 
free from the biases common to much policy social 
science, which we discuss below. It is important to 
understand that the context in which evaluations 
are conducted is conducive to bias. As Pritchett 
(2002) noted, and the literature on the politics of 
evaluation suggests, commissioners of evaluations 
generally have an agenda and evaluators’ behaviour 
reflects their interests, which include advancing 
private agendas, producing career enhancing pub-
lications, obtaining funding for future evaluations, 

establishing an opinion-leading reputation, and so 
on. Evaluations are produced so that funding and 
implementing organisations can present themselves 
in a particular way (what DiMaggio and Powell, 1983 
call ‘organisational isomorphism’) even though this 
does not correspond with realities. Private and off-
the-record conversations and quotidian observations 
during or of evaluations are replete with evidence 
of compromised evaluation practices. Evaluators 
reconcile the cognitive dissonance they experience 
in undertaking evaluations in context with research 
designs and data that do not allow for best practice, 
by ignoring the problems involved, and by produc-
ing convincing evaluations notwithstanding the 
compromises entailed. They construct narratives 
that enable them to justify such behaviour (“if I did 
not do it someone else would”; “the problems are 
not so great”; “the achievements of the organisation 
being evaluated are not great, but our evaluation will 
enable them to improve”). This line of argument 
accounts for the origins and persistence of biased 
evaluations, while allowing for on-going advocacy 
of the need for and benefits of evaluation.

Bias in quantitative and 
qualitative evaluations
Qualitative and quantitative evaluations (including 
RCTs) are subject to multiple cognitive and behav-
ioural biases. They are vulnerable to political, social, 
and economic pressures, which are particularly sali-
ent in qualitative evaluation research that is typically 
associated with learning and aims to be exploratory 
and formative (e.g. “developmental evaluation”, 
Patton, 2010). Evaluation researchers do not work 
with a blank sheet – they have (and will be seen to 
have) their positionalities that frame what they “see” 
and what it is possible for them to see, and what 
they strive to find statistical support for. Below, 
we discuss different forms of bias (Table 1) that we 
categorise as empirical, researcher, methodological, 
and contextual.  
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Empirical biases 
The way that evaluators engage with data and infor-
mation is shaped by common cognitive biases, or 
tendencies to think in particular ways that can lead 
people to make consistently poor judgements. One 
common bias is a tendency to see a pattern where 
there isn’t on, an example of which is the “gambler’s 
fallacy” (Tversky and Kahneman, 1971) that causes 
people to over-interpret small but significant effects. 
Availability bias causes people to overestimate the 
probability of events associated with memorable or 
vivid occurrences such as sudden financial success. 
Other biases affect people’s ability to assess causal 
relations, for example, attribution bias where people 
see causes in internal characteristics rather than 
external circumstances. One example of this is where 
people are more likely to attribute change to specific 
events or actors than to processes unfolding slowly 
over time. Self-serving or self-importance biases 
may cause actors to overestimate their own contribu-
tion to social change relative to, e.g. domestic politi-
cal processes – something that is true of agencies 
as well as individuals (Babcock and Loewenstein, 
1997). For similar reasons respondents’ narratives 
cannot be treated as literal truth as they represent 
particular perspectives on events and processes and 
are further shaped by the way they were elicited. 

Researcher biases
Researchers may have allegiance biases where their 
attachment to a particular theory causes them to 
discount (or ignore) other plausible explanations 
for similar phenomena (more generally known 
as “experimenter bias” (Rosenthal 1966). Savage 
(2005) reanalysed archived qualitative data from 

Goldthorpe and Lockwood’s study of car assembly 
workers at the Vauxhall factory in Luton (1962-63) 
where they tested the ‘affluent worker’ hypothesis 
by taking highly-paid workers as a ‘critical case’ to 
investigate whether everyone was becoming middle-
class. They concluded that this wasn’t the case and 
Savage (2005:39) suggests that this was because they 
had fitted their data into a particular typology that 
closed off alternative interpretations. Evaluators may 
also experience conservative bias where they are 
slow to revise their beliefs because they overweight 
prior evidence relative to new information. 

The importance of what is often called perspective, 
standpoint (Harding 1987), or positionality, illus-
trated by Savage’s example, is something that qualita-
tive researchers are mostly aware of.  Many qualitative 
texts include slightly awkward confessional passages 
(c.f. Thody 2006:28) that locate researchers in relation 
to characteristics relevant to their study such as race 
or class. However, there may be limited considera-
tion of their own and their respondents’ positionali-
ties, leading to the neglect of response biases. Other 
biases include similar persons, where researchers find 
accounts that come from people whom they see as 
similar, and charismatic as more persuasive (c.f. the 
halo effect), and personal contact (exposure) biases. 
As these biases are subconscious, they may not be 
reported even in reflexive accounts of research. 

Methodological biases
A key problem in evaluation research is the courtesy 
bias, where respondents tend to tell researchers 
what they (are perceived to) want to hear (or what 
the respondents would like them to communicate 

Table 1 Selected Bias Types  

Source: Author 

Empirical Forms of cognitive bias such as sensitivity to patterns, attribution error, 
self-importance, halo effect, selection, placement, and statistical biases.

Researcher Researcher or experimenter allegiance, conservative bias, standpoint or 
positionality, similar person bias.

Methodological Availability bias, diplomatic bias, courtesy bias, exposure bias, bias 
caused through multiple mediation and distance from data generation.

Contextual Friendship bias, pro-project bias.
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(Bavinck, 2008) in relation to post tsunami India). 
Bakewell (2007:230) describes how “an assess-
ment by an NGO focused on water is very likely to 
identify water problems that need to be addressed. 
Respondents will rapidly understand what the NGO’s 
interest is and the conversation will drift towards 
water issues… [this] means that the data collected 
will reflect a particular picture that the respondents 
want to show in this particular context”. This may 
be compounded by diplomatic bias, where, because 
the researcher is polite or timid, they are reluctant 
to probe or challenge anomalies (Chambers 1983 in 
White and Phillips, 2012:24). 

There are also processes specific to qualitative 
research that may increase the possibility of bias, 
for example, the additional mediation of the data 
created by interpreters, transcription and transla-
tion (Temple et al., 2006), the variable quality of 
note-taking and the difficulty of capturing embod-
ied knowledge (i.e. the knowledge gained by being 
present at the interview). Another problem is that 
much qualitative analysis is essentially ‘tertiary’ 
rather than secondary – done by people who neither 
carried out nor planned the fieldwork. 

Contextual biases
Social and political pressures are highlighted by 
Boaz and Ashby (2003:5), who note “accusations 
of both conscious and unconscious bias in the 
peer review of research proposals, with reviewers 
favouring friends, protégés and those of like mind 
while pronouncing adversely on rivals or those with 
whom they are intellectually at odds”. This bias 
extends to the operation of steering committees 
and advisory groups during the research process, 
which “may sometimes be less to do with meth-
odological quality than about ensuring that the 
project meets the requirements of the sponsor”. The 
bias may partly arise from relationships developing 
between evaluators and project staff; what White and 
Phillips (2012) call friendship bias (or more cyni-
cally, contract renewal bias), which then affects their 
independence in evaluation. This can also happen 
at a subconscious level if project staff becomes the 
evaluator’s ‘in-group’ as there is a known cognitive 

bias towards seeing positive influences from indi-
viduals belonging to an in-group rather than an 
out-group (Fosterling 2001 in White and Phillips 
2012). Copestake (2013) argues that the focus within 
impact evaluation on conventional sources of bias 
such as statistical sampling and selection, rather 
than less quantifiable ones such as pro-project bias, 
may be a cognitive bias in itself towards the known 
over the unknown (c.f. conservative bias). 

Strategies to address bias  
within evaluation
To avoid ending on too bleak a note, this final sec-
tion describes some of the mechanisms we can use 
to reduce unacknowledged bias in impact evalua-
tion. The first task is to increase an acknowledge-
ment of the likelihood of bias, to have more dec-
larations of interests, broadly conceived, and to 
address the systemic pressures that encourage bias 
(Pashler and Wagenmakers, 2012:529). However, 
we argue that the problem of bias within evalua-
tion is systemic, embodied, and, for the most part, 
unconscious, inscribed by the context of socialisa-
tion and education, and exacerbated in (but not 
restricted to) the environment of neo-liberalism. 
Many solutions have been proposed (see Nosek et 
al., 2012) so here we rehearse some actions that 
address personal activities rather than structural 
features that reduce the unacknowledged bias in 
evaluation. The underlying principles for tackling 
bias at the level of the individual evaluation are 
being systematic, transparent and reflexive. Being 
systematic involves having (and publishing1)     2 a clear 
research plan outlining the nature and sources of 
data and specifying the design of instruments and 
protocols for fieldwork and analysis. This reduces 
the likelihood that researchers go on ‘fishing trips’ 
(something that is now possible also with quali-
tative data using Computerised Qualitative Data 
Analysis Software). While the more inductive nature 
of qualitative research makes it difficult to specify 
hypotheses in advance, concerns in relation to this 
can be allayed through transparency: giving full 

2 As now required for experimental procedures for RCTs and for 
Systematic Reviews to avoid both “file drawer problems” (Rosenthal 
1979) and Questionable Research Practices (John et al., 2012).
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methodological accounts that include an account of 
the analysis, and archiving data to potentially enable 
these analyses to be ‘replicated’ (see Irwin 2013, for 
reuse of secondary qualitative research data). 

Reflexivity is important in considering how the 
evaluator will conduct his/her own fieldwork and 
interviews, plans and supervises field and survey 
work conducted by others under their aegis, and 
analyses the data in ways that convey authentic-
ity and trustworthiness. Patton (2002:2) argues 
that “the quality of qualitative data depends to a 
great extent on the methodological skill, sensitiv-
ity, and integrity of the evaluator,” which may be 
belied by the apparent simplicity of the methods (he 
reminds us that “systematic and rigorous observa-
tion involves far more than just being present and 
looking around”). For that reason “generating useful 
and credible qualitative findings through observa-
tion, interviewing, and content analysis requires 
discipline, knowledge, training, practice, creativ-
ity, and hard work”. Similar lines of argument are 
used to justify surveys notwithstanding extensive 
experience of the observations of deficiencies of their 
conduct and contradictions or inconsistencies in 
the data (for example, Chambers, 1983). However, 
reflexivity must be demonstrated not claimed, for 
example, by acknowledging interests, including 
in the field materials, and reporting experiences, 
thoughts, and feelings, including how observations 
may have affected the observed and how evaluators 
may have been affected by what they have observed.

More formal mechanisms for ensuring research 
quality and reducing bias include peer review and 
ethical codes. While peer review may identify gross 
examples of bias, the peer reviewers rarely see the 
data and may themselves well be biased (Wilson et 
al., 1993). Few if any social science journals require 
authors, let alone reviewers, to declare their interests 
and not even medical and science journals con-
ceive interests more broadly (for example inter-
ests in particular methods, conceptual models, or 
causal pathways, interventions, and so on). Grey 
literature and working papers may not receive the 
same level of scrutiny, but are still influential, as 

for example, Davis (2013) illustrates for Sachs and 
Warner’s 1997 working paper on economic growth 
in Africa. Restudies or revisits to sites of previous 
studies are another way to identify gross examples of 
bias, or more likely, moments when the researcher’s 
positionality and the way in which it interacted with 
the positionality of participants took the research 
in an implausible direction (for example, the debate 
between Freeman and Mead over adolescent sexual-
ity in Samoa). However, economists still seem to be 
in ”states of denial” (Cohen, 2001) with regard to the 
value of replication in their discipline (Duvendack 
and Palmer-Jones, 2013), although there may be 
some movement in this regard (Brown et al. 2014; 
Ioannidis and Doucouliagos, 2013). In other work, 
we have emphasised that research ethics extends 
“beyond the subject” (Camfield and Palmer-Jones, 
2013b) to include the obligation of doing non-triv-
ial and beneficent research; to maintain and share 
accounts of research practice that affect the conclu-
sions that can be drawn from the data, and to be 
clear with funders about the open-ended nature of 
research and researchers’ additional responsibilities 
to society, peers, and research participants. These 
obligations apply equally in evaluation. 
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