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Recording Your Analysis Before Examining a Data Set 

There are two simple reasons why it is important for researchers to 
record their analysis plan before looking at a given data set. First, the number 
of different ways that you look for a result changes your Type I error rate (i.e., 
the likelihood that you see a result in your data that is actually just chance 
fluctuation). For instance, if you test a single correlation with an alpha set at 
.05, you have a 5% chance of erroneously concluding that there is a relation 
between those two variables when there is none. Of course, if you test 10 dif, 
ferent correlations, your chance of erroneously detecting a relation between 
at least one pair of variables increases substantially. Perhaps less intuitive 
is that testing an effect in multiple ways (e.g., before and after excluding a 
subset of participants from the analysis, using any one of several potential 
outcome measures) increases your Type I error rate as well (see Gelman & 
Loken, 2014; Kaplan & Irvin, 2015; MacCallum, Roznowski, & Necowitz, 
1992; Sagarin et al., 2014; Simmons et al., 2011). Thus, to be able to inter, 
pret a small p value (e.g., p < .05) as strong evidence for your effect you need 
to know that you have not unintentionally inflated your Type I error rate 
by testing your effect in multiple ways. Alternatively, you can in some cases 
account for data,dependent flexibility by adjusting your p value (as in the 
case of optional stopping [see Sagarin et al., 2014] or post hoc adjustments for 
multiple comparisons [see Welkowitz, Cohen, & Lea, 2012]). Either way, the 
goal is to be able to take a statistical result at face value in terms of the strength 
of evidence it provides for a particular finding: If you do not know what your 
Type I error rate is, you cannot get a good sense of how strong the evidence is 
for a given conclusion (de Groot, 2014). 

Second, because scientists are human, and because the human mind tends 
to be biased in how it processes and remembers information--especially when 
we are motivated to reach a particular conclusion-we cannot rely on our own 
minds to accurately remember what our original analysis plan was (Chaiken 
& Ledgerwood, 2012; Kunda, 1990; Nosek, Spies, & Motyl, 2012). In other 
words, once you see a significant correlation in your table of correlations, or 
once you notice that your effect is significant when you analyze the data one 
way but not the other, your human mind is quite capable of convincing you 
that this was the one test you intended to run all along. Recording your plan 
ahead of time enables you to circumvent human bias-you can know for sure 
which analyses you planned and which were data dependent, so that you can 
accurately distinguish between confirmatory and exploratory findings. 

Confirmatory findings are useful because they allow you to have a high 
level of confidence in a particular observed relation between operational 
variables in your study. For instance, if you plan to test the effect of being in a 
high (vs. low) stress situation on a measure of creativity in a ( well,powered) 
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study and you find a significant result, you can conclude with a reasonable 
level of confidence that your manipulation affected your measure. In other 
words, confirmatory research allows you to place a high degree of trust in the 
relations you observe between the particular manipulations and/or measures 
in your study; you can trust that the result you see is likely to be truly there, 
instead of an artifact of chance. 

Confirmatory research is therefore an important complement to explor, 
atory research because it allows researchers to infer with confidence the pres, 
ence of a specific relation between operational variables. On the other hand, 
exploratory research can help bolster confidence in the meaning of that spe, 
cific relation (Finkel, Eastwick, & Reis, 2015). For instance, a significant 
effect of a stress manipulation on a creativity measure does not guarantee that 
these operational variables are accurately tapping their intended constructs. 
If exploratory analyses were to reveal that stress also influences a host of 
other cognitive outcomes that (like creativity) require cognitive resources, 
you might begin to suspect that the initial result you observed was part of a 
broader story about stress and cognitive resources, not creativity per se. Such 
exploratory analyses can be especially important when working with large 
data sets or when conducting independent conceptual replications is difficult 
or costly (see Finkel et al., 2015). A preanalysis plan should never prevent 
researchers from conducting additional exploratory analyses-the point is 
simply to clearly and transparently label such additional analyses as explor, 
atory instead of as specified ahead of time (Casey, G lennerster, & Miguel, 
2012; Chambers, Feredoes, Muthukumraswamy, & Etchells, 2014; de Groot, 
2014; Humphreys, Sanchez de la Sierra, & van der Windt, 2013 ). 

Setting Plans for Confirmatory Research 

There are a variety of ways to set and record a preanalysis plan for con, 
firmatory research, ranging from very basic to very detailed and from private 
to public. For instance, a research team might develop a set of core features 
(e.g., planned total sample size, planned exclusion criteria, any planned 
confirmatory statistical tests) that they always record for themselves before 
conducting a study, so that they can easily distinguish between exploratory 
and confirmatory findings later when conducting their analyses. Another 
research team might prefer to publicly preregister a detailed preanalysis plan 
for each study, using an independent registry (e.g., http://www.socialscience 
registry.org, http://www.openscienceframework.org, http://www.egap.org/ 
design,registration).9 The most useful format and content of a preanalysis 

9Note that public preregistration has the added benefit of helping to address the file drawer problem 
(Rosenthal, 1979; Simes, 1986). 
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TABLE 2.1 
Common Content for a Preanalysis Plan 

Consider specifying 

Planned sample size 
Inclusion and exclusion criteria 

Variable construction 

Primary versus secondary outcome 
measures 

Any planned covariates 
Planned statistical tests involving 

specific operational variables 

Any planned follow-up or subgroup 
analyses 

Example 

Target total : N = 200 
Participants must respond correctly to 

attention-check item 
Predictor: Group identification (average of 

10-item measure) 
DV: Willingness to pay for identity-related 

products (average of dollar amounts 
indicated for each of the five products 
presented) 

Primary outcome measure: Willingness to 
pay DV 

Secondary measure: Liking for products 
(average of liking ratings for each of the 
five products) 

Annual household income measure 
Linear regression (regressive wi ll ingness to 

pay on group identification with income 
as a covariate) 

N/A 

Note. DV =dependent variable; N/A =not applicable. 

plan is likely to vary across research teams and projects, depending on the 
type of research, the complexity of the analyses, and the norms of a given field 
(see Casey et al., 2012, for an excellent example of how to grapple with the 
nuances and trade,offs involved in choosing the timing and level of detail for 
various elements in a preanalysis plan). If you are new to confirmatory plans, 
consider starting with something basic that you feel comfortable with (some, 
thing is better than nothing) and building from there. Your main goal is to 

ensure that you will be able to accurately distinguish between exploratory and 
confirmatory analyses and conclusions and that any decisions you make for 
your confirmatory analyses are independent of the data themselves. Common 
examples of content that a researcher might specify in a preanalysis plan are 
listed in Table 2.1 (see also Glennerster & Takavarasha, 2013 ). 

Of course, it is difficult to anticipate every possible complication that 
can arise in the research process, and there will be times when you need to 

alter a preanalysis plan after recording it. 10 For instance, you might plan to 
conduct a linear regression only to realize on seeing the data that the pattern 

10'fhere are also research con texts in which preanalysis plans are simply not feasible. In such cases, a 
more complete analysis of the data that explicitly takes into account all possible comparisons may be the 
best way forward (Gelman & Loken, 20 14; see Steegen, Tuerlinckx, Gelman, & Yanpaemel, 2016, for 
concrete recommendations). 
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is curvilinear. In such cases, the preanalysis plan should never prevent you 
from performing the more statistically appropriate test; instead, you should 
transparently record the change to the preanalysis plan and note the rationale. 
More broadly, it is always important, regardless of whether you are conduct, 
ing exploratory or confirmatory analyses, to test your statistical assumptions 
and to actually look at your data. Are your measures skewed? Could your 
results be misleading because of an extreme outlier, a failed manipulation, 
the presence of an unexpected moderator, an unanticipated ceiling effect, or 
a measure with limited variability? The point of a preanalysis plan is not to 
constrain your data analysis to the rote and unconsidered implementation of 
a fixed analysis script-the point is to clearly distinguish between what you 
planned ahead of time and what you chose to do after looking at your data. 

PLANNING PROGRAMMATIC RESEARCH: 
DIRECT, SYSTEMATIC, AND CONCEPTUAL REPLICATION 

No matter how carefully you plan your study to maximize its informa, 
tional value, at the end of the day it is still a single study-a data point that 
can usefully contribute to a cumulative understanding of a phenomenon 
rather than providing a definitive, stand,alone conclusion (see Braver et al., 
2014; Cumming, 2012; Ledgerwood & Sherman, 2012). You want that data 
point to be as informative as possible, but you may also want to accumulate 
multiple data points that can together provide a more substantial contribution 
to a given topic area. When considering how best to assemble a package of 
studies, it is useful to consider how direct, systematic, and conceptual replica, 
tion could each contribute to your cumulative understanding of a research 
question (see also Chapter 14, this volume). 

Direct replications (also called close or exact replications) aim to repeat 
the procedures used in a prior study as closely as possible (Fabrigar & Wegener, 
2016; Hendrick, 1991; Schmidt, 2009). Direct replications serve to increase 
confidence in an observed relationship between particular operational vari, 
ables (i.e., the specific manipulations and/or measures used in a previous study). 
For instance, if exploratory analyses in an initial study provide evidence sug, 
gestive of a particular pattern of results, a direct replication would provide an 
opportunity to confirm that pattern in an independent data set. If you wish to 
increase your confidence in a particular finding (e.g., you observed an interest, 
ing effect of your manipulation on your primary outcome measure, but only 
after an unanticipated change to your preanalysis plan), direct replication is 
often a useful next step. 

Systematic replications aim to vary presumably incidental aspects of the 
context in which a finding was initially obtained, in order to test the critical 
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assumption that those details are in fact irrelevant to the finding (Kantowitz, 
Roediger, & Elmes, 2014). Systematic replications help increase confidence 
in the generalizability of an observed relation between particular operational 
variables. For instance, upon noting an interesting correlation in an initial 
study, a survey researcher might want to systematically replicate it in a second 
study that varies the order of the survey questions, to rule out the possibil, 
ity that the initial results might be specific to a particular question order 
(Schwarz, 1999). An experimental researcher might want to systematically 
replicate the effect of a manipulation on a particular measure in a second 
study using different stimuli, to test whether the initial results were specific 
to a particular stimulus set (Roediger, 2012; see also Westfall, Judd, & Kenny, 
2015). Systematic replications help scientists combat confirmation bias in 
their research process by pushing them to explicitly consider and test whether 
variables presumed irrelevant for producing an effect might be relevant. 
Systematic replications encourage the question "What shouldn't be impor, 
tant for producing this effect?" rather than only "What should be important?" 
Systematic replication is therefore often a useful intermediate step between 
direct and conceptual replication. 

Conceptual replications aim to vary the particular operationalizations of 
a given theoretical construct (i.e., the manipulations and/or measures used 
in a particular study), in order to test whether different operationalizations of 
the same theoretical construct will produce the same effect. Conceptual rep, 
lications serve to increase confidence in the meaning of a particular result. If 
multiple possible operationalizations of the same theoretical variable produce 
the same pattern of findings, you can be more confident that the results reflect 
something about the theoretical construct rather than the particular opera, 
tionalization used to assess it (Brewer & Crano, 2014; Cook & Campbell, 
1979). Conceptual replications are therefore useful when you are confident 
about the presence of a particular pattern of results between operational vari, 
ables but you want to know if they are really tapping the intended theoretical 
concepts. If your theoretical predictions hold up across a range of operation, 
alizations, then you can be more confident that you are learning about the 
underlying concepts and theory rather than a specific instance of an effect 
(Crandall & Sherman, 2016; Fabrigar & Wegener, 2016) . 

In general, when conducting replications it is important to appreci, 
ate how widely results can fluctuate from one study to the next because of 
chance, especially with small samples and imperfect measures, and to adopt a 
cumulative approach that aggregates across studies rather than counting each 
one in isolation as a "success" or "failure" (see Braver et al., 2014; Eastwick, 
Neff, Finkel, Luchies, & Hunt, 2014; Fabrigar & Wegener, 2016; Stanley & 
Spence, 2014). For instance, suppose you conduct a confirmatory analysis of 
a particular effect in three independent data sets and find a significant result 
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in one case and a nonsignificant result in the other two. The best approach 
to understanding these data would be a meta,analytic one that aggregates 
across the three findings to provide a cumulative understanding of the effect 
(rather than concluding that one study "worked" and the other two "failed 
to replicate"; see also Gelman & Stern, 2006). 

It is also important to recognize that the goals served by conducting 
an independent direct, systematic, or conceptual replication can be served 
in other ways as well, and the best tool for pursuing a given goal is likely to 
vary across different research contexts. For instance, the goal of attaining 
high confidence in a given relation between operational variables can be 
served by conducting a series of smaller, tightly controlled experiments or 
by conducting one very large and well,powered study in the first place. The 
goal to increase confidence in the generalizability of a given relation between 
operational variables can be served by conducting a series of systematic rep, 
lication studies that vary in the stimulus set used, or by including a larger set 
of stimuli in the original study and treating stimuli as a random factor in the 
design (Judd, Westfall, & Kenny, 2012). And the goal to increase confidence 
in the meaning of a particular result can be served by conducting conceptual 
replications, or by conducting additional analyses in a large data set that help 
provide converging evidence for an effect across a range of measures, boost, 
ing confidence in convergent and divergent validity (Finkel et al., 2015). 
Choose the tools that work best for addressing your particular goals in your 
own particular research context. 

CONCLUSION 

The decisions you make when planning a study or a series of studies have 
important implications for how much you learn from your results. How can 
you ensure adequate power? Who will comprise your sample? How will you dis, 
tinguish between exploratory and confirmatory findings ? What tools will best 
enable you to have a high level of confidence in your results, and what kind 
of confidence is most important to you at this stage of the research process? A 
careful consideration of these questions will help maximize the information 
you learn from the work that you do. 
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