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 Over the past 2 years, increased focus on statistical analysis 
brought on by the era of big data has pushed the issue of 
reproducibility out of the pages of academic journals and 
into the popular consciousness (1). Just weeks ago, a paper 
about the relationship between tissue-specific cancer 
incidence and stem cell divisions (2) was widely misreported 
because of misunderstandings about the primary statistical 
argument in the paper (3). Public pressure has contributed 
to the massive recent adoption of reproducible research, 
with corresponding improvements in reproducibility. But an 
analysis can be fully reproducible and still be wrong. Even 
the most spectacularly irreproducible analyses—like those 
underlying the ongoing lawsuits (4) over failed genomic 
signatures for chemotherapy assignment (5)—are ultimately 
reproducible (6). Once an analysis is reproducible, the key 
question we want to answer is, “Is this data analysis 
correct?” We have found that the most frequent failure in 
data analysis is mistaking the type of question being 
considered. 

Any specific data analysis can be broadly classified into 
one of six types (see the figure). The least challenging of 
these is a descriptive data analysis, which seeks to summa-
rize the measurements in a single data set without further 
interpretation. An example is the United States Census, 
which aims to describe how many people live in different 
parts of the United States, leaving the interpretation and 
use of these counts to Congress and the public. 

An exploratory data analysis builds on a descriptive 
analysis by searching for discoveries, trends, correlations, or 
relationships between the measurements to generate ideas 
or hypotheses. The four-star planetary system Tatooine was 
discovered when amateur astronomers explored public as-
tronomical data from the Kepler telescope (7). An explorato-
ry analysis like this seeks to make discoveries, but can rarely 
confirm those discoveries. Follow-up studies and additional 
data were needed to confirm the existence of Tatooine (8). 

An inferential data analysis quantifies whether an ob-
served pattern will likely hold beyond the data set in hand. 
This is the most common statistical analysis in the formal 
scientific literature. An example is a study of whether air 
pollution correlates with life expectancy at the state level in 
the United States (9). In nonrandomized experiments, it is 
usually only possible to determine the existence of a rela-
tionship between two measurements, but not the underlying 

mechanism or the reason for it. 
Going beyond an inferential 

data analysis, which quantifies 
the relationships at population 
scale, a predictive data analysis 
uses a subset of measurements 
(the features) to predict another 
measurement (the outcome) on a 
single person or unit. Web sites 
like FiveThirtyEight.com use 
polling data to predict how peo-

ple will vote in an election. Predictive data analyses only 
show that you can predict one measurement from another; 
they do not necessarily explain why that choice of predic-
tion works. 

A causal data analysis seeks to find out what happens to 
one measurement on average if you make another meas-
urement change. Such an analysis identifies both the magni-
tude and direction of relationships between variables on 
average. For example, decades of data show a clear causal 
relationship between smoking and cancer (10). If you 
smoke, it is certain that your risk of cancer will increase. 
The causal effect is real, but it affects your average risk. 

Finally, a mechanistic data analysis seeks to show that 
changing one measurement always and exclusively leads to 
a specific, deterministic behavior in another. For example, 
data analysis has shown how wing design changes air flow 
over a wing, leading to decreased drag. Outside of engineer-
ing, mechanistic data analysis is extremely challenging and 
rarely achievable. 

Mistakes in the type of data analysis and therefore the 
conclusions that can be drawn from data are made regular-
ly. In the last 6 months, we have seen inferential analyses of 
the relationship between cellphones and brain cancer inter-
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preted as causal (11) or the exploratory analysis of Google 
search terms related to flu outbreaks interpreted as a pre-
dictive analysis (12). The mistake is so common that it has 
been codified in standard phrases (see the table). 

 
Determining which question is being asked can be even 

more complicated when multiple analyses are performed in 
the same study or on the same data set. A key danger is 
causal creep—for example, when a randomized trial is used 
to infer causation for a primary analysis and data from sec-
ondary analyses are given the same weight. To accurately 
represent a data analysis, each step in the analysis should be 
labeled according to its original intent. 

Confusion between data analytic question types is cen-
tral to the ongoing replication crisis, misconstrued press 
releases describing scientific results, and the controversial 
claim that most published research findings are false (13, 
14). The solution is to ensure that data analytic education is 
a key component of research training. The most important 
step in that direction is to know the question. 
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