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Scott Evans

EDITOR’S LETTER  

Dear CHANCE Colleagues,
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Donald Trump’s victory in the 2016 presiden-
tial election caused widespread shock, in 
large part because political polls seemed to 

predict an easy victory for Hillary Clinton. New York 
magazine was so confident of a Clinton victory that, 
the week of the election, its cover featured the word 
“loser” stamped across Donald Trump’s face. 

"e day after the election, Politico asked, “How 
Did Everyone Get It So Wrong?” "e next month, 

Epic Fail? The Polls and 
the 2016 Presidential 
Election 
 Arnold Barnett

a columnist for the New Republic asked, “after 2016, 
can we ever trust the polls again?” given that they 
“failed catastrophically” in the presidential race. A Wall 
Street Journal columnist doubtless referred to the 2016 
outcome when he noted that recent election polls had 
been “spectacularly wrong.”  

Was the primary failure among the polls or, instead, 
among Americans who, for whatever reason, were 
unable to recognize what the polls were actually  
saying? Here we explore the issue by considering  
two primary consolidators of presidential polls: 
Five"irtyEight.com, the Nate Silver website that 
was previously considered the gold standard among 
consolidators, and Real Clear Politics, the immensely 
popular political website that had 32 million unique 
visitors in the month before the 2016 election.    

It is of interest to know what these consolidators 
reported on the eve of the election, and then consider 
what their forecasts implied about polling accuracy 
in key states that were credited or blamed for Hillary 
Clinton’s “reversal of fortune.”  

 Properly understood, the publicly available polls 
suggested that the Clinton/Trump race was what the 
media, in comparable circumstances, would typically 
call a “statistical dead heat.” "e belief that the Demo-
crat was all but certain to win was inconsistent with 
both a super#cial awareness of what the polls said and 
a deeper understanding of what they implied about 
the outcome. 

To the question “Can we ever trust the polls 
again?” after what happened in 2016, the answer is 
an emphatic yes.

On Election Day
Even a cursory look at the Five"irtyEight or Real 
Clear Politics on the morning of Election Day 2016, 
would have suggested that a Clinton victory was far 
from inevitable. In its poll-based forecast, Five"ir-
tyEight estimated then that Trump had a 28.6% 
chance of winning the presidency. Real Clear Politics 
predicted that the Electoral College breakdown of the 
results would be 272 for Clinton and 266 for Trump. 



CHANCE

5

That prognosis implied that, if only one state 
switched from Clinton to Trump, Trump would be 
president. Even if the switching state had only three 
electoral votes (the minimum number), the result 
would be a 269–269 tie, in which case, Trump would 
prevail when the winner was chosen by the Republican 
House of Representatives.

To be sure, on Election Day itself, many people 
were no longer looking at polls, but polling outcomes 
a few days before the election were, if anything, 
more favorable to Trump: On November 4, 2016,  
for example, FiveThirtyEight estimated Trump’s 
chances of winning four days hence at 35.4%. "us, 
evidence of a close race cannot be said to have arisen 
too late to be widely noticed.

Paradoxically, respect for the two consolidators 
and the state-speci#c polls they summarized actually 
grows if one looks further at what they supposedly 
did wrong.

FiveThirtyEight’s “Errors” in  
Three Key States
The great surprise in the 2016 election was that 
Donald Trump carried Pennsylvania, Michigan, and  
Wisconsin, three states that were considered part of 
the Democratic “#rewall.” Five"irtyEight did not 
contradict the general impression: Its polls-only fore-
cast the morning of the election was that Trump had  
a 21.1% chance of winning Michigan, a 23.0 chance  
of winning Pennsylvania, and a 16.5% chance of car-
rying Wisconsin. ("ose “polls-plus” forecasts that also  
considered economic and historical factors were essen-
tially the same.) 

A simple calculation with the Five"irtyEight 
estimates might suggest that Trump’s chances of 
achieving a “trifecta” in these states was essentially 
.211 * .23 * .165 = 1 in 125, but such a calculation 
would be unfair to Five"irtyEight.

Advancing the statistic “1 in 125” is misleading 
for two reasons. "e #rst is that judging a forecast-
ing model by what emerged as its weakest forecasts 
is systematically biased against it. "e second is that 
the calculation treats the three outcomes as inde-
pendent, when Five"irtyEight explicitly assumes 
that they are not. Although its speci#c procedures  
are not transparent, Five"irtyEight recognized that 
the outcomes in these three similar states are cor-
related. Indeed, on election night, TV commentators 
readily grasped that Trump’s strong performance in 
Pennsylvania increased the chance that he would also 
carry Michigan and Wisconsin.

A simple analysis indicates the strength of the pat-
tern of correlation. Assuming that Five"irtyEight’s  

probability assessments were accurate in Pennsylva-
nia and Wisconsin (at 23.0% and 16.5% for Trump, 
respectively), how might one estimate the chance that 
he would win in both states?

One re$ection of the correlation is that, in the 12 
elections before 2016, Pennsylvania and Wiscon-
sin went for the same candidate 10 times (whether 
Republican or Democrat, and whether the national 
winner or the national loser). Using this statistic, we 
can set up some simple equations that approximate 
the chance that Trump would carry the two states.

Some de#nitions:
PCC = probability that Clinton would win both 
Pennsylvania and Wisconsin 
PTT = probability that Trump would win both 
Pennsylvania and Wisconsin
PCT = probability that Clinton would win Penn-
sylvania and Trump would win Wisconsin 
PTC = probability that Trump would win Penn-
sylvania and Clinton would win Wisconsin

On the morning of the election, we could write:
PCC + PTT = 10/12 (based on the historical 
chance both states go the same way)
PTT + PTC = .230 (based on Five"irtyEight’s 
forecast of the chance Trump would win  
Pennsylvania) 
PTT + PCT = .165 (based on Five"irtyEight’s 
forecast of the chance Trump would win  
Wisconsin) 
PCC + PTT + PCT + PTC = 1 (because something 
has to happen)

Solving this system of linear equations provides:
PTT = .114     PTC = .116     PCT = .051     PCC = .719

"at PTT = .114 (as opposed to .23 * .165 = .038) 
implies that the tendency of Pennsylvania and Mich-
igan to “go the same way” yields a much greater 
chance of a double victory than would arise under the 
Five"irtyEight  projections and an independence 
assumption. The chance that Trump would carry  
at least one of the states would be estimated by  
1 - .719 = .2.

What about Michigan, as well as Pennsylvania and 
Wisconsin? "e historical pattern is that, over the 
12 presidential elections from 1960 to 2012, Michi-
gan went along with Pennsylvania and Wisconsin 
every time the latter two states voted for the same  
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candidate (i.e., 10 times out of 10). It therefore could  
be approximated:

PTTT = P(Trump would win PA, MI, and WI) %      
   P(win PA and MI) * (   ) = .114
and:

P(Trump win at least one of PA, MI, and WI) % 
1 - P(Clinton wins all three).
or P(Trump win at least one of PA, MI, and WI) %
1 - .719 * (   ) = .281
"ese calculations, however, do not actually use 

Five"irtyEight’s estimate that Trump’s chance of 
carrying Michigan was .211. One could perform the 
analogous calculations based initially on Pennsylvania 
plus Michigan, and on Michigan plus Wisconsin, as 
shown in Table 1.

"e key probabilities exhibit some variation over 
the three approximations, but the collective results 
suggest roughly a 1 in 9 chance that Trump would 
win all three states, and about a 1 in 3 chance that he 
would carry at least one ("e use of an omnibus linear 
model that considers all three of Five"irtyEight’s 
projections at once—with eight equations and eight 
unknowns—does not yield more reliable probability 
estimates than the three-part approximation above.) 

"is 1 in 3 probability is especially noteworthy 
because, outside PA, MI, and WI, Trump amassed 260 
electoral votes. "at outcome was very much consistent 
with the state-by-state projections by both Five"ir-
tyEight and Real Clear Politics, but, once Trump had 
260 electoral votes, he only had to win one of PA/MI/
WI to achieve a national victory. If the chance of that 
outcome was something like 33%, it is no surprise  
that Five"irtyEight saw a probability near 3 in 10 
that Trump would triumph. 

"e Democratic “#rewall” was far from #reproof.
These probability calculations are obvi-

ously approximate, and weigh historical patterns 
almost as much as the individual Five"irtyEight  

projections, but the general point of the exercise sur-
vives its imperfections. "ere was reason to believe that,  
if Trump performed better-than-expected in one 
of the three states, he was more likely to do so in 
the others. Because Five"irtyEight gave Trump 
an appreciable chance of winning each of the three 
states and recognized that the outcomes were not 
independent, it saw a Clinton victory as far from a sure 
thing—and it did so based largely on in-state polling 
results, which by no means deserved to be described 
as “spectacularly wrong.”

Real Clear Politics
As noted, Real Clear Politics (RCP) predicted on 
Election Day that Trump would get 266 electoral 
votes, compared to Clinton’s 272. It correctly identi-
#ed the winner in 47 of the 51 states, erring—like 
Five"irtyEight—in PA, MI, and WI, and also in 
Nevada. (Five"irtyEight  got Nevada right, but it 
tilted toward Clinton in Florida and North Carolina, 
which she lost.) However, RCP listed all four of the 
states it got wrong in its “tossup” category.

Still, the specific procedure by which RCP 
assigned a state’s winner would cause statisticians 
to tear their hair out. Roughly speaking, it consid-
ered all major polls in the state within two weeks of 
the election, and took a simple arithmetical average 
of their results. If Trump was ahead of Clinton in 
this average, he was awarded the state in RCP’s “no  
tossup” assessment. 

"e procedure obliterated the distinction between:
• A poll one day before the election and another 

13 days before
• A poll with sample size 1,500 and another 

with sample size 400
• A poll among all registered voters and another 

restricted to “likely” voters 

Initial Statesa P (Trump Carry All Three) P (Trump Carry at Least One)
PA, WI .114 .281
PA, MI .146 .396
MI, WI .063 .313
Average .108 .330

Table 1—Three Estimates of the Probability that Trump Would Carry all of 
Michigan, Pennsylvania, and Wisconsin in 2016, and Carry at Least One

a Two states were used in the initial formulation with four linear equations and four unknowns, with the third state 
included via the frequency with which it supported the same presidential candidate as the other two when the other 
two agreed over 1960-2012.

1010

1010
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Dates Source Clinton Trump Other Sample Size
11/4–11/5 Emerson 39 (%) 46 15 900
11/2–11/4 CBS/YouGov 45 46 9 1188
11/1–11/2 Remington 44 45 11 2557
10/27–11/1 Quinnipac 41 46 13 589

Table 2—Final 2016 RCP Poll Listings for the State of Ohio

Furthermore, RCP assigned no margin of error to 
its state-speci#c forecasts.

It is desirable to place the RCP results on a stron-
ger statistical foundation, especially as an indicator 
of the caliber of state-level polls that it summarized. 
A simple way to do so is to accept RCP’s assumption 
that the various polls in its average are essentially 
interchangeable. One can create a “megapoll” by com-
bining all the individual polls RCP used for a given 
state in its Election Day forecast. Using that megapoll, 
one can estimate a margin of sampling error for the 
statewide result and—more importantly—estimate 
the probability that Trump would carry the state.

 For example, the #nal 2016 RCP poll listings for 
the state of Ohio are shown in Table 2.

(It was not RCP that rounded-o& polling results to 
the nearest percentage point; rather, that convention 
was followed by all four polls in their announcements 
of the results.)

Trump’s average lead over Clinton in the four Ohio 
polls (weighed equally) was 14/4 = 3.5 percentage 
points, and that was the statistic featured by RCP in 
its summary about Ohio.

Although an average of 12% of those canvassed in 
the four polls were either undecided or supportive of 
a third-party candidate, the tacit assumption was that 
such voters could e&ectively be ignored in the race 
between Clinton and Trump.

"e Emerson poll in Ohio generated 900 * .39 
= 351 supporters of Clinton and 900 * .46 = 414 of 
Trump. For CBS/YouGov, the corresponding num-
bers were 546 and 535. For the four merged polls, 
Clinton had 2,252 supporters while Trump had 2,382. 
Obviously, the large Remington poll had a dispropor-
tionate e&ect on the merged result. If no relevance is 
accorded to the identity of the pollster, though, the 
number of days until the election, and the likelihood 
a polled voter will actually vote, then one can pre-
sumably construe the Clinton/Trump result in Ohio 
as arising from a random sample of 2,252 + 2,382 = 
4,634 voters.

 Among such voters, Trump’s share of the Clinton/
Trump vote was 51.4% and Clinton’s was 48.6%.

Taking sampling error into account, what is the 
probability that Trump was actually ahead in Ohio, 

given the result of the “megapoll?” Starting with a 
uniform before Trump’s vote share versus Clinton 
and revising it in Bayesian manner with the #ndings 
for the 4,634 voters sampled, the chance that Trump 
would defeat Clinton in Ohio would be estimated as 
.972. ("is result arises from a beta distribution with 
! = 2,383 and " = 2,253.)

Proceeding similarly, one can get a poll-based 
estimate of the chance that Trump would win in each 
of the 51 states.

An RCP Projection
If Vi is state i’s number of electoral votes (i = 1, .., 51) 
and the indicator variable Xi is de#ned by:

then T—Trump’s total number of electoral votes—
follows:

"en, if Pi = P(Trump will win state i | recent polling 
results there), the mean of T is given by:

RCP never mentions possible correlations among 
the Xi’s, and tacitly treats the Xi’s as independent 
(implying that similarities across states are already 
appropriately re$ected in the point estimates of the 
Xi’s).  Under independence, the variance of T would 
approximately follow:

To estimate P(Trump wins) = P(T # 269 out of 
Five!irtyEight Electoral Votes),  we might be tempted 
to assume that T is normally distributed as the sum 
of 51 independent random variables.  However, the 
heavy majority of Pi’s (calculated with the method 

1 if Trump wins state i
0 if Trump loses state iXi = {
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shown above for Ohio) are very close to either zero or 
one. As a practical matter, therefore, the uncertainty 
in T depends on a small subset of the state-speci#c 
variables. 

"us, to approximate P(Trump wins), we turn to 
simulation rather than treat T as normal, using the 
calculated Pi’s = 258.8, with a standard deviation of 
about 17.3.

More than 2,000 simulation runs using the state-
speci#c Pi’s, the fraction in which Trump was victorious 
was .290. "is estimate of P(Trump wins) might seem 
smaller than expected given RCP’s estimated 266–272 
split. But, as the value of E(T) suggests, Trump was 
only modestly ahead in several states assigned to him 
(i.e., several of his Pi’s only moderately exceeded 1/2), 
while Clinton’s leads were more substantial in the states 
where she led. 

What  should  we make of the estimate that P(Trump 
wins) %.290 (which, coincidentally, is very similar to 
the estimate made by Five"irtyEight)? Consider a 
pre-election poll that suggests that candidate A leads 
candidate B by 51% to 49%, with a margin of error 
of 3 percentage points. "e media would routinely 
describe the race as “a statistical dead heat” or at least 
“too close to call.” If, on election day, candidate B were 
to win with 50.3% of the vote, few people would cite 
the result as evidence that the poll was wrong.

"is point is relevant because, under the standard 
formula for a 95% con#dence interval, the sample 
size in this hypothetical poll with its 3-percentage-
point error margin would be 1,068, and the split  
corresponding to 51%/49% would be 544 for A and 
524 for B. Under a Bayesian revision of a uniform 
prior, B’s true share of the vote would follow a beta 
distribution with ! = 525 and " = 545 ), and the 
chance that B was actually ahead would be estimated 
as 25.0%. 

An obvious question arises: If a poll is not seen as 
inaccurate when it had assigned the actual winner a 
25.0% chance of victory, how can one say that RCP 

was “spectacularly wrong” when it implied a 29.0% 
probability that Trump would win the presidency?

Indeed, in a two-candidate race with no undecided 
voters and a poll with a 3-percentage-point margin 
of error, the outcome would be treated as “too close 
to call” if B’s estimated vote share was anything above 
47%. But that means that the race would be viewed 
as undecided even when B’s approximate chance of 
actually winning was as low as .03. "e observed 
split corresponding to a 29% chance that B would 
win would be 50.8% for A and 49.2% for B, and 
the split—which obviously suggests a close race—is 
statistically equivalent to the result implied by Real 
Clear Politics in 2016.

"e good performance of RCP—despite its ignor-
ing the correlation among outcomes in PA, MI, and 
WI—is quiet testimony to the high accuracy of the 
individual polls it synthesized.

If the conventional wisdom is that the polls failed 
in 2016 systematically, then the conventional wisdom 
is somewhat more in error than the polls were.

In Conclusion
"e day after the election, the New York Times ran the 
headline “Donald Trump’s Victory Is Met with Shock 
Across a Wide Political Divide.” "at assessment was 
clearly accurate but, as we have suggested, this “shock” 
should be viewed as arising less because of the polls 
than despite them. Ironically, the real lesson from 2016 
could be that not that we should pay less attention to 
the polls, but that we should pay more attention.  

Further Reading
Caldwell, C. 2017. France’s Choice: Le Divorce? Wall 

Street Journal.
FiveThirtyEight. 2016. Who will win the presidency? 

Available at https://projects.f ivethirtyeight.
com/2016-election-forecast/.

Healy, P. , and Peters, J. 2016. Donald Trump’s Victory 
Is Met with Shock Across a Wide Political Divide. 
New York Times.

Narea, N. 2016. After 2016, Can We Ever Trust the 
Polls Again? New Republic.

Real Clear Politics, 2016 Presidential Election, 
No Toss-Up States. Available at https://www. 
realclearpolitics.com/epolls/2016/president/2016_
elections_electoral_college_m ap_no_toss_ups.html.

Vogel, K., and Isenstad, A. 2016. How Did Everyone 
Get It So Wrong? Politico.

Author Bio
Arnold Barnett is the George Eastman professor 
of management science and professor of statistics at MIT’s 
Sloan School of Management. He has received the President’s 
Award for “outstanding contributions to the betterment of 
society” from the Institute for Operations Research and 
the Management Sciences (INFORMS), and the Blackett 
Lectureship from the Operational Research Society of the UK. 
He has also received the Expository Writing Award from 
INFORMS and is a fellow of that organization. He has been 
honored 15 times for outstanding teaching at MIT. 



CHANCE

9

The trial of the Dutch nurse 
Lucia de Berk, suspected 
of several murders and 

attempted murders, was a high-
profile case in the Netherlands. 
The initial suspicion rested mainly 
on quasi-statistical considerations, 
which produced (based partly on 
incorrect calculations) extremely 
small probabilities. Since the out-
comes proved controversial, the 
court claimed to have dropped 
the statistical calculations from 
the verdict, but the verdict still 
rested on intuitive notions as “very 
improbable.” That put statistics at 
center stage.

In the conviction of de Berk, a 
simple (so-called) hypergeometric 
model played an important role. 
"e law psychologist Henk El&ers, 
consulted as a statistician by the 
court, used it, and it produced very 
small probabilities of occurrences 
of certain numbers of incidents. If 
we take into account the variation 
among nurses in incidents they 
experience during their shifts, 
these probabilities become con-
siderably larger. "is points to the 
danger of using an over-simpli#ed 
discrete probability model in such 
circumstances.

"e outcomes of applying our 
alternative model to this case are 
in striking contrast with those of 
the #rst calculations that led to 
the initial suspicions and were 
instrumental in determining the 
atmosphere surrounding the trial 
and subsequent hysteria. "e main 
result is that under the assumption 
of heterogeneity, the probability of 

Elementary Statistics  
on Trial—The Case of 
Lucia de Berk
Richard D. Gill, Piet Groeneboom, and Peter de Jong

experiencing a number of incidents 
(14) that led to de Berk’s conviction 
is about 0.020616 or one in 49 if 
the calculations are based on the 
same data as El&ers used. In his 
calculation, however, this probabil-
ity was equal to 1 in 342 million.

The Data
The data for this discussion are 
from El&ers’s unpublished reports. 
Before going into this, some  
general remarks about the data  
collection are needed.

One of the key features of 
the data was the flawed collec-
tion. Here, different disciplines  
came into conflict: Criminal 
investigation and scientific data 
gathering are very di&erent. "eir 
objectives, methods, and results  
are not compatible. Criminal 
investigation begins when there is 
suspicion of a crime; one is look-
ing for or hunting down a suspect. 
If there is a need for meaningful 
statistics, the methodology must 
guarantee clear definitions and 
uniformity of the data collection. 

In the case of Lucia de Berk, 
this clash of cultures proved disas-
trous. Incidents outside de Berk’s 
shifts were discarded, and some 
initially reported incidents were 
later relabeled without clear rea-
sons. Extra shifts without incidents 
and incidents outside shifts that de 
Berk worked were subsequently 
brought to light. Moreover, the 
data collection rested, for a large 
part, on memory.

Clearly, the context of a  
criminal investigation produces a 
speci#c mindset: On the one hand, 
the witnesses know what is looked 
for (and some of them may already 
be convinced of the guilt of the 
suspect); on the other hand, a fear 
of implicating oneself and friends 
can considerably distort memory. 
"e data on shifts and incidents for 
the period that were singled out in 
El&ers’s reports are shown in Table 
1 (this version of the table cor-
rects an error in Meester, Collins, 
Gill, and van Lambalgen, where 
the total number of shifts in the 
ward RCH-41 was given as 336 
instead of 366 in the table at the 
top of their page 235).

Elffers’s Method
Analysis by El&ers, the statistician 
consulted by the court, was based 
on Table 1. As was noticed later, 
de Berk had actually worked three 

Lucia de Berk 
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shifts in RCH-41 instead of just 
one, but this calculation is based 
on the data used by El&ers. El&ers 
argued by conditioning on part  
of the data and used two funda-
mental assumptions:

1. "ere is a #xed probability 
p for the occurrence of an 
incident during a shift (for 
example, p does not depend 
on whether the shift is a 
day shift or a night shift or 
on the nurse involved, etc.),

2. Incidents occur indepen-
dently of one another.

On the basis of these assump-
tions, one can compute the  
probability that L incidents occur 
during de Berk’s shifts, given the 
total number I of incidents and 
the total number N of shifts con-
sidered in the period of study.  
"is is a hypergeometric probabil-
ity, given by

where S is the number of shifts 
de Berk worked and I is the total 
number of incidents, and where  
( S

L ) , etc. , denote binomial 
coe!cients. Taking all the data 
of Table 1 together gives a total 
number of N = 1,734 shifts. Where  
de Berk had S = 201 shifts, there was  
a total number I = 27 of incidents,  
and L = 14 incidents during  
de Berk’s shifts. If we evaluate this 
equation with these values for N, S, 

I, and L, we get the very small prob-
ability of about 1 in 4.2 million.

Computing the probability 
(p-value) that a nurse is pres-
ent with 14 or more incidents in 
El&ers’s method of testing a null 
hypothesis of no systematic e&ects 
on these combined data (but he 
actually did not test it in this way 
on the combined data; see below) 
requires summing the probabili-
ties for L = 14, 15, …, 27, for the 
probability of about 1 in 3.8 mil-
lion. "is is a very small probabil-
ity, although still about 100 times 
larger than the probability El&ers 
arrived at as described below. For 
the model introduced in the next 
section, however, which used the 
same data, there is a probability 
of 1 in 49.

Elffers proceeded somewhat 
differently—not combining the 
data of the di&erent hospitals (the 
details of what he actually did are 
described in Meester, Collins, Gill, 
and van Lambalgen). "e most-
important mistake he made in his 
calculation was to take the three 
hospitals separately, and multiply 
the probabilities he got for these 
separately. "is has the absurd con-
sequence that a nurse working in 
several di&erent hospitals gets a 
higher chance of being accused 
of inexplicably being present at 
incidents than a nurse working in 
just one hospital. 

In this way, he arrived at his 
estimate that the probability that 
Lucia de Berk was present at the 
given number of incidents at the 

Juliana Children’s Hospital and the 
Red Cross Hospital was equal to  
1 in 342 million. (Meester, Collins, 
Gill, and van Lambalgen, “Math 
error number 7: the incredible 
coincidence” [Schneps and Col-
mez]).

Post-hoc Testing
"ere is a danger of post-hoc test-
ing: testing a hypothesis using 
the same data that suggested this 
hypothesis. El&ers actually tried 
to take this problem into account 
by starting from the assumption 
that the number of incidents in the 
data from JCH was much larger 
than expected, and that the pur-
pose of his analysis was to discover 
whether there was an association 
with any of the nurses who worked 
on the ward. He multiplied his 
p-value for the association with de 
Berk’s shifts by 27—the number of 
nurses in that period who worked 
on the same ward. 

By the time he looked at the 
data from RCH, de Berk was a 
prime suspect and he judged that 
no further Bonferroni type cor-
rection was required. Finally, he 
proposed to take a very small prob-
ability for the signi#cance level of 
his test.

In fact, his starting assumption 
was false: In the previous year, 
there had been no incidents in the 
ward, but the year before that, an 
even larger number. The hospi-
tal director had not revealed the 
information from two years ago to  

Hospital name (and ward number) JCH RCH-41 RCH-42 Total
Total number of shifts 1,029 366 339 1,734
de Berk’s number of shifts 142 1 58 201
Total number of incidents 8 5 14 27
Number of incidents during de Berk’s shifts 8 1 5 14

Table 1—Data on Shifts and Incidents

JCH and RCH denote the “Juliana Children’s Hospital” and “Red Cross Hospital,” respectively, and 41 and 42 
were different ward numbers of the Red Cross Hospital.
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Figure 1. A Fokke & Sukke cartoon from October 30, 2007, in the Dutch 
newspaper NRC Next. (Translated into English by the creators of the cartoon, 
Reid, Geleijnse, and Van Tol). Lucia de Berk was still in prison at that time. The 
two ducks are defending a family guardian, accused of being responsible for 
the death of the girl Savanna, who died by suffocation. The accused woman 
was, in fact, acquitted (by another defense). What counselor Sukke is saying 
corresponds to what Elffers told the court: “Honored court, this is no coinci-
dence. The rest is up to you.”

the investigators, since the ward 
previously had a di&erent name (he 
had changed it).

One could try to use a Bayesian 
approach to deal with the post-
hoc problem. "ere would be good 
arguments for a rather low prior 
probability of an arbitrary nurse 
being a serial killer. "e di!cult 
task for the Bayesian approach 
would be determining a reason-
able model for number of incidents 
if de Berk is a murderer, since one 
has to take into account that some 
proportion of the incidents are not 
murders at all. 

Heterogeneity would also 
remain an issue for a Bayesian 
analysis. Explaining the method-
ology in a court of law could well 
be the biggest barrier.

An Alternative Model
"e incidents that a nurse experi-
ences can be modeled by a so-called 
Poisson process, with a nurse-
dependent intensity A, using A for 
“accident proneness.” A Poisson 
process is used to model incom-
ing phone calls during non-busy 
hours, #res in a big city, etc. Since 
we believe the incidents to be rare, 
a Poisson process is an obvious 
choice for modeling the incidents 
that a nurse experiences.

"is approach models two sepa-
rate phenomena. Firstly, the inten-
sity of nurses seeing or reporting 
incidents is modeled by introduc-
ing the random variable A. We 
assume that A has an exponential 
distribution, but other choices are 
also possible.

Note that we move away here 
from a simple discrete model, as 
used by El&ers, but use instead 
a continuous distribution for the 
“accident proneness” A of the 
nurse. Statistical models with 
continuously varying random 
variables might be more di!cult 
to explain to the judges, but are 
often much more realistic, which 

should be the only important con-
sideration here. 

Secondly, the number of inci-
dents happening to a nurse on 
duty depends on A and the time 
interval she is working, and follows 
(conditionally on A) a Poisson dis-
tribution. "e time interval is mea-
sured by the number of shifts the 
nurse has had. Assuming that A is 
exponentially distributed implies, 
among other things, it can easily 
happen that one nurse has twice 
the incident rate of another nurse.

"e probability of this event is  
2 / 3; in fact the probability of an 
incidence rate of a factor k times 
that of another nurse is 2 / (k+1). 
"e statistical problem boils down 
to the estimation of the param-
eter, characterizing the mixture of 
Poisson processes for the di&er-
ent nurses. Combining the Juliana 
Children’s Hospital and the two 
wards of the Red Cross Hospi-
tal, de Berk had 201 shifts and  
14 incidents. 

A major $aw in the investiga-
tion is that the data collection is 
irreproducible and lacks rigorous 
methods and de#nitions. It cru-
cially depended on the memory of 
people who knew what was sought 
after. We will argue from the data 
in Table 1, however, which was also 
used in El&ers’s computations.

If the overall probability of an 
incident per shift is the ratio of 
total number of incidents to total 
number of shifts, $ = 27 / 1,734. If 
a shift is the unit time interval, then 
this would be a so-called moment 
estimate of the mean intensity  
of incidents.

"is means, that, conditionally 
on the time interval T = 201, the 
number of incidents follows a mix-
ture of Poisson random variables 
with parameter 201A, where the 
intensity A has an exponential dis-
tribution with #rst moment $. 

Thus, on average, an inno-
cent de Berk would experience  
201 % $ = 201 % 27 / 1,734 ! 
3.12966 incidents. A picture of 
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the probabilities that the number 
of incidents is greater than or equal 
to k = 1, 2, … is shown in Figure 2, 
which is based on the calculations 
in the next section. Heterogeneity 
of any kind increases the variation 
in the number of incidents experi-
enced by a randomly chosen nurse 
over a given period of time (given 
number of shifts). 

From the well-known relations 
for conditional expectation (E) and 
variances (var)

E(X) = E(E(X|Y )),
var(X) = E(var(X|Y ))
                 + var(E(X|Y )),

it follows that whereas for a Pois-
son distributed random variable 
variance and mean are equal, for a 
mixture of Poisson’s (with di&erent 
conditional means), the variance 
is larger than the mean. If some 
nurses experience more or less inci-
dents than others, the end result in 
all cases is overdispersion caused by 
heterogeneity.

Applied to the current model, 
which is geometric with parameter 
(1 + t$)-1 (see the computation in 
the next section):

var(N) = (1 + t$)2 - (1 + t$)
   = t$ + (t$)2;

where the latter term neatly splits 
over the expected variance of the 
Poisson process plus the variance 
of the conditional parameter of the 
Poisson process, which is assumed 
to be exponential.

The fact that a modest 
amount of heterogeneity turns an  
almost-impossible occurrence into 
something merely mildly unusual 
is strong support for further 
empirical research on whether and,  
if so, in what forms, heterogene-
ity plays a role in healthcare. It  
can have major implications in 
different areas, such as medical 
research (representing an extra 
source of variation) and training 
medical sta&.

Computation of the 
Probabilities in the 
Mixed Poisson Model
If N is a Poisson random variable 
with parameter &, the probability 
that the number of incidents is 
bigger than k, k = 1, 2, …, is given 
by an integral, namely

(see, e.g.,  Feller, Exercise 46,  
p. 173.)

"is means that if we assume 
that the accident proneness of  
the nurses has an exponential  
distribution with expectation $ (in 
our case, estimated by 27 / 1,734) 
and the parameter of the Poisson 
distribution for the nurse is given 
by ta, where t is the time inter-
val (in our case, t = 201), and a is 
the accident proneness, we have 
to integrate with respect to the 
density of the exponential distri-
bution with expectation $, taking  
& = ta. For the probability that 
a nurse experiences or more   
incidents, that results in:

Figure 2. Probabilities (in the Poisson model) that the number of incidents in 201 shifts for one nurse is at least 1, 2, 
3, … , if $ = 27 / 1,734. The probabilities are given by the heights of the columns above: 1, 2, 3…, respectively.
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"is is the geometric distribu-
tion with parameter 1/(1 + t$). 
With k = 14 and t$ = 3.18486, this 
yields 0.020616 or about 1 in 49.

An early version of this paper 
used a revision of Elffers’s data  
set proposed by Professor Ton 
Derksen, a philosopher of sci-
ence, who with his sister, Metta de 
Noo, MD, was the #rst to actively  
contest the court’s reasoning in the 
case of Lucia de Berk.

Our model led us to a right 
tail probability of 1 in 9. We later 
noticed that Derksen had also 
removed all incidents that the 
court #nally decided not to count 
as provably caused by de Berk; 
he used the legal argument that  
Elffers had previously been 
instructed by the judges to do the 
same for the data from the Juliana 
Children’s Hospital. "is does not 
make any statistical sense.

Going back to original medi-
cal records, Derksen and de Noo 
also found inconsistencies in the 
classi#cation and timing of sev-
eral incidents, which underlines  
the unreliability of the data.  
Correcting the data for appar-
ent errors would also improve 
the results from the defense point  
of view.

We decided to stick with  
Elffers’s numbers here to focus 
on our main point concerning the 
impact of heterogeneity.

Extended Discussion 
of Heterogeneity
As shown, a modest amount  
of heterogeneity leads to very  
different orders of magnitude  
in the outcomes of crucial  
calculations. Some underlying 
mechanisms may lead to the pos-
tulated heterogeneity.

Clearly, the data in this case 
show heterogeneity. "e data stem 
from two hospitals with very dif-
ferent patients: young children in 
the JCH and older adult patients 

in the RCH. "e data come from 
three wards, and the rates of inci-
dents per shift vary considerably 
for each ward.

Two general mechanisms 
cause heterogeneity. "e #rst one  
concerns properties of subjects 
directly related to the intensity 
of the rate of incidents. "e other 
mechanism is more indirect and 
results from “spurious correla-
tions,” in which properties that 
are not related to the underlying 
intensity in$uence the measure-
ment via unexpected dependencies 
and systematic variations in vari-
ables assumed to be independent 
and uniform.

Related to this is another aspect 
of the data: the degree to which a 
speci#c model or null-hypothesis 
is susceptible to small variations in 
the data. "is was the case in the 
original calculations. Although our 
example is tuned to this very spe-
ci#c case, it refers to a much more 
general caveat. It should be estab-
lished how stable certain models 
are under small perturbations of 
the data.

Are Nurses 
Interchangeable?
According to medical special-
ists we have spoken to, nurses 
are completely interchangeable 
with respect to the occurrence of 
medical emergencies among their 
patients. However, according to 
nursing sta& we have consulted, 
this is not the case at all. Di&erent 
nurses have different styles and 
di&erent personalities, and this can 
and does have a medical impact on 
the state of their patients. Espe-
cially regarding care of the dying, 
it is folk knowledge that terminally 
ill people tend to die preferentially 
on the shifts of those nurses with 
whom they feel more comfortable, 
although as far as we know, there 
has been no statistical research on 
this phenomenon.

"ere is another obvious way 
in which the intensity of inci-
dents depends on characteristics 
that vary over the population. Any 
event that can turn out to be an 
“incident” starts with a call to a  
doctor, and in all cases, it is the 
nurse who decides to call a doctor.  
This decision is influenced by  
professional and personal attitude, 
past experience, and personality 
traits such as self-con#dence. It 
seems obvious that these char-
acteristics vary greatly in any  
population, so we assume that the 
intensity of experiencing incidents 
varies accordingly.

Inadequacy of the 
Hypergeometric 
Distribution as a 
Model and Spurious 
Correlations
"e model underlying the null- 
hypothesis (which led to the 
hypergeometric distribution) 
depends on two assumptions: Both 
the incidents and the nurses are 
assigned to shifts uniformly and 
independently of each other.

We have established two ways in 
which characteristics of individual 
subjects may lead to variation in 
the intensity of experiencing an 
incident. "is variation is in con-
trast with one of the assumptions  
underlying the hypergeometric  
distribution: uniformity.

Sources of correlation can 
correspond to indirect rather 
than direct causation; spurious  
correlation can be explained  
by confounding factors and com-
mon causes.

There are serious reasons to 
doubt the uniformity of incidents 
over shifts. Periodical di&erences 
may occur. The population of a 
hospital ward may vary over the 
seasons. "e patients may di&er 
in character and severity of illness, 
due to seasonal in$uences. "ere 
are di&erences between day and 



VOL. 31.4, 2018

14

night shifts, and between weekend 
shifts and shifts on weekdays. An 
extensive study of Dutch inten-
sive care units admissions shows 
a marked increase in deaths when 
the admission falls outside “o!ce 
hours” (see Hans, Kuijsten, Brink-
man, Meynaar, et al.)—there have 
to be nurses on duty through-
out the night and throughout 
the weekends, while the medical  
specialists tend to have “normal” 
working hours. 

Finally, there is the periodi-
cal cycle of the circadian rhythm, 
in$uencing the condition of the 
patients and the attention of the 
medical sta& (see Kuhn).

Notice that circadian variation 
in areas such as mortality and the 
resulting variation of incident rate 
between di&erent shifts over the 
day interacts with the variation in 
the number of nurses on a shift, 
with more personnel on the day 
shifts. "is can result in a higher 
number of nurses with an incident 
on their shift if the incident rate is 
higher during daytime shifts and, 
conversely, a lower number in the 
opposite case. 

There may be other, non- 
periodical variations that a&ect the 
uniformity of incidents. In the case 
of the Juliana Children’s Hospital, 
there has been a rather sensitive 
matter of policy: whether very ill 
children, who are not going to live 
for very long, should die at home 
or in hospital wards. We under-
stand that this policy did change 
at least once at the JCH in the 
period of interest. Presumably, a 
change in policy concerning where 
the hospital wants children to die, 
will have an impact on the rate of 
incidents. Further, incidents may 
be clustered, since one patient can 
give rise to several incidents.

On the other hand, the way 
nurses are assigned to shifts is cer-
tainly not uniform and “random” . 
Nurses take shifts in patterns; for 
example, several night shifts in a 

row, alternated by rows of evening 
or day shifts. Nurses are assigned 
to shifts according to skills, quali-
#cations, and other characteristics. 
Some nurses might take relatively 
more weekend shifts than others 
because of personal circumstances. 

Although the assignment of 
both nurses to shifts and incidents 
to shifts are not uniform processes, 
one could hope that there might 
be some “mixing” condition that 
makes the ultimate result indis-
tinguishable from the postulated 
independence and uniformity. "is 
magical mechanism should at least 
be made plausible.

Taken together, even if we 
consider both the shifts of a 
given nurse and the incidents on 
a ward as random processes, and 
the two processes as stochastically 
independent of one another, the 
assumption of constant intensities 
of either is a guess, not based on 
any evidence or argument. 

"ere may be patterns in the 
risk of incidents, and there are 
certainly patterns in the shifts 
of nurses. "ese patterns may be 
correlated, through the process 
by which shifts are shared over 
the di&erent nurses according to 
their di&erent personal situations, 
their di&erent wishes for particu-
lar kinds of shifts, their di&erent 
quali#cations, and the changing 
situation on the ward.

How Stable are the 
Hypergeometric 
Probabilities With 
Small Changes in  
the Data?
Consider the data for the ward 
at JCH. "ese numbers and their 
interpretation are at the root of 
what turned out to be one of the 
gravest miscarriages of justice  
in the Dutch judicial system.  
Under the assumption of the 
hypergeometric distribution, the 

probability of this con#guration is 
very small; less than 1 in 9 million. 

"e con#guration is, in some 
respects, extreme: Eight out of 
eight incidents occur during the 
shift of one nurse. However, the 
data are, in another respect, also 
conspicuous: no incidents occur 
in the 887 shifts where this nurse 
was not present (see Table 1). "e 
data collection had been far from 
$awless, with no formal de#nition 
of incident, and no or incomplete 
documentation, and rested at least 
in part on recollection of witnesses 
who were aware of which facts 
were looked for. 

Assuming the possibility of tiny 
$aws in the process of data acquisi-
tion, it is legitimate to investigate 
the e&ect of 1, 2, …, 8 incidents that 
could have been forgotten or over-
looked. "is amounts to allowing a 
maximal error of less than 1 percent. 
"e results are quite remarkable; 
Table 2 shows the probabilities.

"e very small numbers vanish 
easily. Six or more incidents not 
remembered, not reported, or just 
de#ned away make the di&erence 
between astronomically small on 
the one hand and very unusual on 
the other. "is shows that the prob-
abilities are quite sensitive to small 
errors in the data.

A judgment on data qual-
ity is not only the concern of a 
statistician. Judges are used to 
inconsistent and incomplete data 
(statements); psychologists are very 
well aware of the possible fallacies 
of memory. Both groups have their 
own professional standards for how 
to deal with these phenomena. A 
statistician, however, should point 
out what the e&ects of these phe-
nomena can be on the outcome of 
his models.

If this model is used to cor-
roborate evidence, this sensitivity 
should be made explicit, just as 
adverse workings of a medicine are 
mentioned explicitly for the users.
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Concluding Remarks
We have shown the considerable 
effect that a modest amount of 
heterogeneity can have on tail 
probabilities. "e broader impact 
of allowing heterogeneity in the 
analysis of (medical) research has 
interesting consequences beyond 
the case of Lucia de Berk. What 
remains is a very short description 
of how the case ended in acquittal. 

de Berk was arrested in Decem-
ber 2001. "e court (of appeals) 
stated that it did not include statis-
tical considerations as a basis for its 
verdict. "is may be true for formal 
statistical considerations, but the 
essential step in the construction 
of the guilty verdict was that only 
one or two cases of murder had to 
be proven convincingly; the rest of 
the murders could be considered 
proven based on the “very improb-
able” occurrence of incidents  
during the shifts when de Berk 
was working. In this way, statisti-
cal considerations were crucial, but 
the verdict was immunized against 
formal statistics. de Berk was con-
victed in 2004 for seven murders 
and three attempts of murder. 
What followed was a long legal 
struggle where the emphasis was 
on the validity of the medical argu-
ments and increasingly intricate 
juridical matters. 

"e de Berk case was #ercely 
debated in public and the statisti-
cal notions remained an impor-
tant issue. Statisticians, now 
banned from the courtrooms,  
continued to play a role; for  

example, by mobilizing the sci-
enti#c community. Gradually, the 
notion emerged that a gross mis-
carriage of justice had taken place. 
A complicating factor remained 
that, since the judicial path had 
been followed until the end, a new 
“fact”—a so-called novum—had 
to be found. 

In 2008, de Berk was allowed to 
wait for the end of the legal proceed-
ings from outside prison, and two 
years later, she was #nally acquitted 
of all murder accusations.  
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Shifts with incidents 
outside Lucia de 
Berk’s (postulated) 0 1 2 3 4
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What is isolation?
Large data systems 

increasingly record 
outcomes and exposures to treat-
ments, but often the occurrence 
of an exposure/outcome event, the 
timing of the event, physical loca-
tion of the event, and attending  
circumstances are biased in ways 
that cannot be controlled using 
data recorded by that system. In this 
example of isolation (an especially 
simple example) the data are from 
the U.S. Fatality Analysis Report-
ing System (FARS), which records 
information about motor vehicle 
accidents with at least one fatal-
ity. "e system records interesting 
information about such accidents, 
including safety equipment, safety 
belt use, airbag deployment, and 
much more. 

Arriving after the fact, the  
system does not record reliable 
information about speeds, the 
initial distance between vehicles 
before one vehicle started to brake, 
e&orts the drivers made or failed 
to make to limit the extent of a  

A Simple Example of 
Isolation in Building a 
Natural Experiment
Jose R. Zubizarreta, Dylan S. Small, and Paul R. Rosenbaum

collision, the promptness and e&ec-
tiveness of braking, even though 
these are important determinants 
of the forces involved in the crash. 

In a crash, as in any physical 
event, forces matter. If Volvo sta-
tion wagons are driven more safely 
than Dodge Challengers, at slower 
speeds, with fewer high-speed lane 
changes, and at a greater distance 
from the car ahead, none of this 
is recorded in FARS, so superior 
safety equipment in the Volvo 
may be credited with e&ects actu-
ally produced by safer driving. If 
convertible coupes are more often 
driven in weather with excellent 
road traction, while four-wheel-
drive SUVs are driven with less 
attention to weather, then con-
vertibles may appear safer than 
they would be if driven with poor 
traction and, hence, worse braking. 

Importantly, FARS records 
nothing about the crash that did 
not occur because of anti-lock 
brakes, nor the crash in which all 
fatalities were prevented by a treat-
ment under study, such as safety 

belts and airbags. Every crash in 
FARS in which a lone driver hit 
a tree is a lethal crash, not because 
trees are so dangerous, nor because 
safety equipment is helpless against 
trees, but because, in these circum-
stances, only a lethal crash would 
be recorded in FARS. 

In FARS, there are many obsta-
cles to judging the crashworthiness 
of a Volvo station wagon or a Ford 
F450 pickup truck, because it is 
di!cult to separate the vehicles 
from the way people drive them; 
however, these are not insurmount-
able obstacles.

Within a large but biased data 
system, isolation means construct-
ing or finding a smaller set of  
comparisons that are likely to be 
much less biased. 

In a biased data system, there 
may be a fairly large and not very 
biased natural experiment. One 
isolated comparison that Evans 
(1986) and Rosenbaum (2015) 
found in FARS, but was not con-
structed, compares a driver and a 
right-front passenger in the same 
car; one wearing a safety belt, the 
other unbelted. "at assesses the 
e&ects of safety belts while control-
ling unmeasured speeds, braking, 
road traction, and some conse-
quent forces. 

Norvell and Cummings (2002) 
made another isolated comparison, 
assessing the e&ects of motorcycle 
helmets by comparing two riders 
of the same motorcycle; one with 
a helmet, the other without. 

Isolation means that the occurrence of a treatment/outcome event, 
its timing, its location, and its circumstances may be severely 
biased, but conditionally that one treatment is in lieu of another 
at that time, in that place, and under those circumstances, the 
conditional distribution of exposure to these two treatments is either 
not biased or much less biased. According to Zubizarreta, et al., 
this can be shown formally: Certain types of unmeasured biases in 
the hazard of treatment drop out when conditioning on receiving 
one treatment in lieu of another.
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[A large biased data 
system may contain 
within it a smaller, much 
less-biased natural 
experiment. Isolation 
finds or constructs the 
natural experiment.

Found comparisons are imme-
diately easy to appreciate, but the 
possibility of optimal construction 
substantially enlarges the scope of 
isolation. For example, the e&ect of 
an additional child on a woman’s 
career is usually di!cult to assess, 
because many women are active 
in controlling their fertility to #t 
their career plans. "at control may 
be lost when a mother #nds her-
self pregnant with twins; a study 
by Joshua Angrist and William 
Evans used this fact to obtain esti-
mates of the e&ects of an additional 
child on a woman’s career. Build-
ing upon their idea, the authors of 
this article matched mothers with 
the same past history of fertility 
and education at the moment that 
one mother had twins and her #ve 
matched controls had single births.

More precisely, isolation refers 
to a di&erential comparison in a 
risk-set match. A di&erential com-
parison compares one treatment 
given in lieu of another treatment. 
In an isolated comparison, a risk-
set match compares people who 
received one treatment in lieu of 
another at one of those rare and 
brief moments when the biases 
that promote one treatment and 
not the other are absent. 

Perhaps not wearing safety belts 
is more common among reckless 
drivers, but that matters much less, 
if at all, given two people in the 
front seat of the same car in the 
same crash with one belted, the 
other unbelted. Perhaps wearing 
a motorcycle helmet and riding 
cautiously typically go together, 
but that matters much less, if at 
all, given two people on the same 
motorcycle, one with a helmet, the 
other without. Perhaps a woman’s 
plans for career and family strongly 
bias the occurrence and timing 
of births, but that matters much 
less, if at all, when comparing two  
pregnant women with the same 
history of fertility and education, 

one currently having twins, the 
other having a single child.

Outside randomized experi-
ments, the effects caused by  
treatments are di!cult to see—
they are shrouded in fog. For brief 
moments, on rare occasions, the fog 
lifts and an equitable comparison 
emerges from the mist. Isolation 
refers to noticing and collecting 
those brief and rare occasions,  
and separating them from every-
thing else.

Which Cars are  
Safe in Crashes
"e Insurance Institute for High-
way Safety (IIHS) conducts exper-
imental crash tests in which cars 
strike fixed objects and reports 
results on its webpage. "eir e&orts 
are valuable, but they mention 
an important aspect but do not 
emphasize it. "ey wrote: 

“IIHS conducts vehicle tests 
to determine crashworthi-
ness—how well a vehicle 
protects its occupants in a 
crash … Models that earn 
Top Safety Pick+ or Top 
Safety Pick are the best vehi-
cle choices for safety within 
size categories. Size and 
weight influence occupant 
protection in serious crashes. 
Larger, heavier vehicles  
generally a&ord more pro-
tection than smaller, lighter 
ones. "us, a small car that's 
a Top Safety Pick+ or Top 
Safety Pick doesn't neces-
sarily a&ord more protection 
than a bigger car that doesn't 
earn the award.”
IIHS often notes the role of 

vehicle mass, and then the page 
gives “Top Safety Pick” awards to 
two “minicars,” a 20l7 Mini Coo-
per and a 20l7 Toyota Yaris, and 
to one “large pickup,” the 20l7 
Honda Ridgeline. Other types of 
cars, minivans, and SUVs also won 

awards. The Ford F-450 pickup 
won no award for safety, but has  
a shipping weight that can be  
more than three times the weight 
of a Mini Cooper. How much does 
that matter?

Is safety in an automotive cat-
egory an important indicator when 
vehicles in di&erent categories col-
lide? Which vehicles are safer in 
accidents involving two vehicles? 

There are many interesting 
questions about automotive safety, 
and FARS can speak to some of 
them. "is particular question is 
not about what causes vehicles 
to collide, nor about what causes 
them to collide with particular 
forces; rather, it asks, What hap-
pens conditionally given that two 
specific vehicles from different 
categories did collide with the 
forces that were actually present? 
In other words, What is the dif-
ferential e&ect of being in one type 
of vehicle in lieu of another type, 
given an accident involving these 
two vehicles in particular, largely 
shared, circumstances? 

Many things that might bias 
a comparison between different 
accidents are made similar by  
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comparing two vehicles in the 
same accident.

Perhaps convertible coupes 
are more often driven on sunny 
days with excellent road traction, 
while four-wheel drive SUVs are 
often driven in snow, so a collision 
between a convertible and an SUV 
is likely to occur with better brak-
ing than many collisions between 
two SUVs. However, given the 
condition that a convertible and 
an SUV have collided, with the 
forces that did exist in that crash, 
what is the di&erential e&ect of 
being in the convertible rather than 
the SUV? 

"e variation in forces between 
different collisions at different 
times and places may be biased 
by weather conditions and driving 
behaviors that increase or reduce 
the hazard of certain types of acci-
dents. However, in any collision, 
the opposing forces are dissipated, 
perhaps in a complex way, in bring-
ing the two colliding vehicles to 
a halt. 

"ink of adding opposed force 
vectors in high school physics. 
Perhaps Volvo station wagons are 
typically driven more safely than 
pickups, at slower speeds with 
greater distance from the car ahead, 
so the typical accident involving a 
Volvo wagon might be a lower-
speed, lower-force event than the 
typical accident involving a pickup. 
However, this matters much less, if 
at all, conditionally, given that the 
Volvo and the pickup have col-
lided in a particular way. What is 
the di&erential e&ect of being in 
the Volvo wagon rather than the 

pickup in this accident as it actually 
happened?

Is there evidence of bias in 
which crashes occur under what 
circumstances? Is there evidence 
that it is unwise to look at vehicles 
one at a time? Indeed there is. 

"e biases we can see are less 
worrisome than the biases we 
cannot see, because we can often 
correct for biases we can see, but 
the biases we can see suggest such 
biases are commonplace. 

In 2,923 crashes involving 
two moving vehicles, one a car, 
the other a light truck, 64 crashes 
involved a convertible car, but only 
four crashes involved a convertible 
car in the winter in the northern 
U.S.—speci#cally, in November, 
December, January, and February, 
at or above latitude 40 degrees, 
or north of Philadelphia. In these 
same 2,923 crashes, pickups were 
75% more likely than SUVs to 
be in a fatal crash on a coun-
try road (an odds ratio of 1.75),  

presumably because of where pick-
ups tend to be driven, not because 
of their unusually poor perfor-
mance on country roads. 

In contrast, in a single crash 
involving two vehicles,  many things, 
measured or unmeasured, are typi-
cally the same or similar for the two 
vehicles: ambient light, weather, 
location, road traction, inter- 
vehicle distance before braking, 
and much more.

Isolated Comparisons 
of Crash Safety
Description of the comparison

Using data from the 20l5 FARS,  
we examine lethal accidents 
involving exactly one car and one  
so-called “light truck.” A light 
truck is an SUV, minivan, or 
pickup. Each individual accident—
each such isolated comparison— 
produces its own 2 x 2 table of 
counts, car or light truck, sur-
vived or died. "ere are 2,923 such  

At any moment while driving, 
everyone has a momentary 
risk or hazard of being 
involved in a lethal crash—a 
risk that varies with time, 
weather, driving behavior, 
and many other factors. As 
a safe driver, your hazard of 
being in a lethal crash may 
be lower than mine, and you 
may be more likely to be in 
a slower-speed, lower-force 
crash, but all that matters less, 
if at all, conditionally given 
that we have collided in a 
single crash. Before the fact, 
our hazards of being in a 
crash of this kind may have 
been very different, but all 
this matters less conditionally, 
given that this crash has 
occurred.

Because different types of 
vehicles, say a Volvo station 
wagon and a Ford F-450 
pickup, are driven by different 
people, in different ways, 
under different circumstances, 
the type of vehicle may 
predict both the absolute risk 
of a crash and unmeasured 
aspects of a crash, such as 
the distance between vehicles 
before the start of any 
braking and the reduction in 
relative speed due to braking. 
However, given that a Volvo 
station wagon and a Ford 
F-450 pickup have collided, 
the type of vehicle predicts 
fewer features of the crash; 
for instance, the distance 
between the two vehicles 
before any braking is the 
same.

What is the differential 
effect of being in one type 
of vehicle in lieu of another 
type, given an accident 
involving these two vehicles 
in particular, largely shared, 
circumstances?
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2 x 2 tables; Table l displays #ve of 
the 2 x 2 tables.

For both light trucks and cars 
in this comparison, the minimum 
and median number of occupants 
was l and the upper quartile was 2, 
but the maximum for light trucks 
was l2 and for cars was 7.

A few details of the comparison 
should be noted. "is #gure/study 
considers only accidents in which 
there are exactly two vehicles 
(VE_TOTAL==2), both of which 
are in transit—e.g., not parked—
(VE_FORMS==2), and the only 
people involved in the crash were 
in one of these two vehicles— 

no pedestrians or bicyclists—
(PERNOT - MVIT==0). 

"ere had to be data in FARS 
about both vehicles. A few  
two-vehicle accidents were not  
collisions—perhaps a vehicle 
went o& the road to avoid a colli-
sion—but were not removed from  
the analysis. 

The vehic les had to be 
either passenger cars or trucks 
( VEHTYPE_T==“Passenger 
Car” or VEHTYPE_T==“Truck”), 
excluding, for instance, motorcycles. 

Finally, attention was restricted 
to cars and light trucks by requiring 
BODYSTYL_T to be one of the 

following categories: “Convertible,” 
“Coupe,” “Hatchback,” “Pickup,” 
“Sedan,” “Sport Utility Vehicle,” 
“Van Cargo,” “Van Passenger,” 
or “Wagon.” Light trucks were 
de#ned to have BODYSTYL_T 
of “Pickup,” “Sport Utility Vehi-
cle,” “Van Cargo,” or “Van Passen-
ger,” the rest being cars. 

By de#nition, every 2 x 2 table 
contains at least one person in a 
light truck, at least one person in 
a car, and at least one death, but 
there were no survivors in 68 of the 
2,923 accidents.

"e comparisons illustrate the 
statistical concept of isolation,  

ID Type Mortality Total Make/Model Weight (lbs)
Survived Died

10060 Light Truck 2 0 2 Honda Odyssey 4,365
Auto 4 1 5 Ford Escort 2,419
Total 6 1 7

Survived Died
10114 Light Truck 0 1 1 Ford Explorer 3,952

Auto 1 0 1 Acura TL 3,623
Total 1 1 2

Survived Died
10129 Light Truck 1 0 1 Nissan Pathfinder 3,961

Auto 1 1 2 Pontiac Gand Am 3,102
Total 2 1 3

Survived Died
10130 Light Truck 2 0 2 GMC Yukon 4,947

Auto 0 1 1 Pontiac Bonneville 3,633
Total 2 1 3

Survived Died
10195 Light Truck 1 0 1 GMC New Sierra 5,284

Auto 0 2 2 Ford Fusion 3,526
Total 1 2 3

Table 1—Five of the 2,923 Tables Recording Mortality in  
Crashes of One Car and One Light Truck 

Weight refers to shipping weight; that is, the weight of the vehicle without passengers or cargo. The ID number 
from FARS is STCASE.
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but do not endorse or critique 
particular vehicles or brands, for 
which numerous considerations 
are relevant.

Does it Matter that 
FARS Only Records 
Lethal Crashes?
An accident is in FARS only if 
someone dies; the FARS system 
attempts to describe every crash in 
which someone died. Suppose for 
this discussion that it was success-
ful in that attempt. How does the 
2 ' 2 ' 2,923 table from FARS 
relate to the much larger 2 ' 2 ' 
K table that records all accidents 
involving one car and one light 
truck in 20l5? "e larger table has 
K ( 2,923 subtables in which no 
one died. "at is, the 2 ' 2 tables 
not in FARS di&er from those in 
Table l in that each column total in 
the second—or “Died”—column 
is zero.

The best test of no associa-
tion between vehicle type and 
mortality within crashes—more  
precisely the uniformly most 
powerful unbiased test against a 
constant odds ratio not equal to 
l in a 2 ' 2 ' K table—condi-
tions on the four row and column 
totals in each 2 ' 2 subtable, the  
so-called marginal totals. The  
familiar Mantel-Haenszel test is  
one of several large sample approx-
imations to this best, exact test  
(Birch, l964). 

In both the exact test and its 
large sample approximation, a table 
with a zero in the row or column 
totals does not contribute to the 
test. "at is because if there is a 
zero in the margin, then there is 
only one 2 ' 2 table with the same 
margins as this table. In this case, 
conditioning on the margins has 
#xed the entire table, so it is con-
stant and not random. Intuitively, 
a 2 ' 2 table in which no one died 
may be a crash were slow speeds 

and successful braking limited the 
forces involved in the crash, and 
such a crash provides little or no 
information about crashworthiness 
and mortality. 

In parallel, tables with a zero 
marginal total do not a&ect the 
conditional maximum likelihood 
estimate of a constant odds ratio 
or of coe!cients describing the 
dependence of odds ratios on 
covariates. "e conditioning in the 
2 ' 2 ' K tables is the simplest 
case of the more-general type of 
conditioning in Zubizarreta, et al. 
(20l4, §2.3).

In brief, FARS provides all of 
the 2,923 tables with at least one 
death and omits the K ( 2,923 
tables without a death, but the 
omitted tables would not have 
a&ected the conditional analyses, 
even had they been present. "e 
FARS system is not a census of 
U.S. vehicles in 20l5—presumably, 
vehicles driven by cautious drivers 
are underrepresented—nor is it a 
census of vehicle crashes in 20l5—
presumably, less-forceful crashes 
are underrepresented. However, 
the 2 ' 2 ' 2,923 table is essen-
tially a census of lethal crashes 
involving exactly one car and one 
light truck, so it is a census of the 
informative part of the 2 ' 2 ' 
K table recording all such crashes.

Cars versus  
Light Trucks
When a car and a light truck col-
lide, who dies? "e answer can be 
expressed in terms of odds ratios. If 
you $ip a fair coin and roll a fair die, 
then the odds of a “head” on the 
coin are l-to-l or l/l, and the odds 
of “6” on the die are l-to-5 or l/5, so 
the odds ratio is (1/1) / (1/5) = 5. 

"is means that the head is #ve 
times more likely than the 6; its 
odds are #ve times greater. (We 
calculate odds ratios within crashes 
using the clogit function in the  

survival package in R, and we 
report 95% con#dence intervals, 
CI, for odds ratios within paren-
theses.)

In the 2 ' 2 ' 2,923 table of 
2,923 lethal crashes of a car and 
a light truck, the estimated odds 
ratio linking occupancy in the car 
with death is 4.76 (with 95% CI 
[4.34, 5.23]). In brief, the odds of 
death are almost #ve times higher 
in the car than in the light truck.

Safety belts also matter. Four 
types of restraints can be dis-
tinguished: lap/shoulder belts 
(7l.7%), child restraints (3.0%), no 
belt restraint (2l.5%), and other 
(3.9%). Being unrestrained rather 
than wearing a lap/shoulder belt 
was associated with a 6.l9-fold 
higher odds of death. Taking both 
restraint use and vehicle type into 
account, being in a car rather than a 
light truck was even more strongly 
associated with death: "e odds 
ratio is 5.35, rather than 4.76 (with 
95% CI [4.79, 5.97]).

Of the 2923 lethal crashes 
involving a car and a light truck, 
there were 14 crashes in which the 
car was one of the two brands of 
minicars mentioned by the IIHS, 
the Mini Cooper or the Yaris, 
though the 14 cars were not the 
specific years and models IIHS 
recommended."ere were 48 peo-
ple involved in these l4 crashes, 
of whom l4 died. All l4 deaths 
occurred in the minicars, although 
eight occupants of minicars sur-
vived. Using the exact test of Birch 
(l964), the two-sided P-value test-
ing no association within crashes 
is 0.0000643.

Lighter Cars versus 
Heavier Light Trucks
Some vehicles are labeled light 
trucks because of their body styles, 
but are not hefty vehicles. For 
instance, the Chrysler PT Cruiser 
is nominally a passenger van,  
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Figure 1. Vehicle weights in 2,923 lethal crashes involving exactly one auto and one light truck. The shipping weight 
is from the manufacturer, and does not include passengers and cargo. The two dashed lines are at the upper quartile 
of auto weights, 3,422 lbs., and the lower quartile of light truck weights, 3,847 lbs.

a type of light truck, but at  
3,l65 lbs, it weighs somewhat less 
than a Honda Accord; the same is 
true of some Ford Ranger pickups. 
Additionally, some of the larger 
cars from Lincoln and Mercedes-
Benz weigh as much as the typical 
light truck—about 4,450 lbs. "e 
comparison in Figure l is not quite 
the intended comparison of hefty 
SUVs with commuters’ cars.

"e 2,923 crashes in Figure l are 
divided roughly in half, into l,565 
crashes on left in Figure 2 (see p. 
22), and l,358 crashes on the right 
in Figure 2. Figure 2 labels these as 
typical or atypical, but it would be 
more correct to speak of prototypi-
cal and ambiguous. "e division is 
based on the dashed lines in Figure 
l, at the upper quartile for cars and 
the lower quartile for light trucks. 

On the left in Figure 2 are l,565 
crashes of a car whose weight is 

below the upper quartile for cars 
with a light truck whose weight  
is above the lower quartile for  
light trucks. 

On the left in Figure 2, the 
median car weights about 3,000 
lbs., and the median light truck 
weighs about 4,750 lbs—about 
50% more. On the right in Figure 
2 are the remaining l,358 crashes: a 
heavier car, a lighter light truck, or 
both, or a missing vehicle weight. 

Although the situations on the 
left and right of Figure 2 are about 
equally common in FARS, the sit-
uation on the left is the intended 
or prototypical situation, in which 
a car that is not especially large 
collides with a light truck that is 
not especially small. A collision 
between a Lincoln Town Car and 
a Chrysler PT Cruiser would 
be on the right of Figure 2, and 
would roughly reverse the median 

weights on the left—3,000 versus 
4,500. If you were trying to decide 
between a hefty SUV and a small or  
mid-sized car with safety in mind, 
then the left side of Figure 2 is 
more relevant than Figure l.

For the comparison on the left 
in Figure 2, the odds ratio is 8.l0 
(with 95% CI [6.99, 9.39]), while 
on the right, it is 2.9l (with 95% 
CI [2.57, 3.30]). Taking safety belt 
use into account, as above, yields 
an odds ratio on the left of 9.l6 
(with 95% CI [7.70, l0.90]), while 
on the right, it yields an odds ratio 
of 3.24 (with 95% CI [2.80, 3.75]). 
When a hefty SUV, van, or pickup 
collides with a small or mid-sized 
car, the odds of death are about 
eight or nine times higher in a car.

Could it be that robust, survival-
prone individuals buy pickups, and 
frail, mortality-prone individuals 
buy small and mid-sized cars, so 
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Figure 2. The 2,923 auto/light-truck crashes are divided into two groups of 1,565 typical crashes and 1,358 atypical 
crashes; 2,923 = 1,565 + 1,358. In typical crashes, the auto had a weight that was at most the upper quartile of 
auto weights, 3,422 lbs., and the light truck had a weight that was at least the lower quartile of light truck weights, 
3,847 lbs.; see the two dashed lines in Figure 1. All other crashes are atypical: Either the auto was heavy or the light 
truck was light or both, or at least one weight was missing in 112 crashes.

the results above are entirely due to 
bias in who buys light trucks, not 
an e&ect caused by the di&erences 
in mass in Figure 2? 

Actually, the comparison on 
the left in Figure 2 is insensitive 
to large unmeasured biases. It is 
easiest to think about a matched 
pair—a car and a light truck whose 
only occupants are their drivers. 
Of the 2,923 crashes, l,l29 were 
matched pairs. Consider the mag-
nitude of unmeasured bias needed 
to explain away the survival dif-
ference between hefty light trucks 
and conventional cars on the left 
of Figure 2. In a matched pair, to 
explain away the survival di&erence, 
that bias would increase the odds 
of buying a light truck l3-fold and 
increase the odds of death l5-fold; 

has occurred at a particular time. 
"is is isolation. 

Cautiously driven cars may 
typically be involved in fewer, 
slower, less-forceful crashes, but 
this matters less conditionally 
given that two particular vehicles 
have collided. Isolation may occur 
naturally, scattered throughout 
an otherwise-biased data system, 
or isolation may be deliberately  
constructed by the analyst (see 
Further Reading for an example 
of a construction).

Isolation may remove some 
important unmeasured biases, but 
cannot be relied upon to remove 
all unmeasured biases. Di&eren-
tial biases may remain. Perhaps 
cautiously driven cars are typically 
struck, while recklessly driven  
cars typically strike, so isolated 

see Rosenbaum (20l7; Table 9.l, 
with ) = 7). 

To explain the difference in 
survival in terms of the unmea-
sured frailty of people who buy 
cars instead of pickups, there 
would have to be an enormous  
di&erence in frailty closely tracking 
who buys what.

Some Reminders, 
Considerations,  
and Limitations
Sometimes, the hazard of the tim-
ing and occurrence of a treatment 
is biased by unobserved covariates, 
but some of these biases may vanish 
brie$y in a di&erential comparison 
of two treatments, conditionally 
given that a particular comparison 
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comparisons may remain some-
what biased. For this reason, ana-
lytical adjustments and sensitivity 
analyses are needed to address any  
di&erential biases that may remain 
(see Further Reading).

Isolation attempts to #nd a nat-
ural experiment in a population, 
but it does not attempt to represent 
or describe the population as it 
naturally occurs. Experiments that 
estimate causal e&ects and surveys 
that faithfully describe populations 
are di&erent things, and they can  
be biased in di&erent ways. 

Because certain types of 
cars may often be driven more  
cautiously than others, equitable 
comparisons of crash safety may 
occur only in atypical crashes; that 
is, crashes that are unrepresenta-
tive of the population. If Volvo 
station wagons are typically driven 
more safely than large pickups, 
then it might be wise to charge 
less to insure the station wagon, 
even though you might be safer 
in the large pickup, conditionally 
given a collision between these  
two vehicles. 

If the population does not 
resemble an equitable experi-
ment, then an equitable natural 
experiment will not resemble  
the population.

Conclusion
A large but biased data system may 
contain a smaller, much less-biased, 
natural experiment. Some isolated 
comparisons occur naturally and 

simply have to be noticed and 
separated from other, more numer-
ous, but biased comparisons. Other 
isolated comparisons combine a 
random element that has to be 
noticed and a construction that 
pulls together similar situations in 
which that random element picked 
one treatment in lieu of another.  
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“With Great Power 
Comes Great 
Responsibility”: 
Harnessing the 
Extraordinary Power  
of Statistics
Daniel H. Mowrey, Jonathan Potts, Susan Spruill, Walter Stroup, and Michiko I. Wolcott

The call for banning p-values 
by the editors of a noted 
scientific journal in 2015 

continues to frustrate statisticians. 
While such controversies typically 
surface around a specific statisti-
cal concept such as p-values, they 
are symptoms of a larger problem 
that includes communication gaps  
and mistrust of statistics in the 
scientific/business communities. 

Ironically, the call for the p-value 
ban was motivated by the wide-
spread misuse of the p-values in the 
name of science. Statisticians have 
an obligation to the discipline of 
statistics and to the #elds of appli-
cation to promote statistical best 
practices while discouraging mis-
use and abuse that come from poor 
understanding of statistical tools.

At the Joint Statistical Meetings 
in Chicago in August 2016, a group 
of panelists from varying statisti-
cal backgrounds—Daniel Mowrey 
(DM), Jonathan Potts ( JP), Susan 
Spruill (SS), and Walter Stroup 
(WS)—moderated by Michiko 
Wolcott (MW), deliberated the 
concept that the p-value is not the 
problem, but rather a symptom  
of other problems, namely the  
lack of early involvement by 

the statisticians as collaborators 
and by gaps in education on the 
importance and utility of correctly  
interpreting statistical analyses. 

"e following is an interview 
with the panelists.
MW: What are the key perceptions 
about statistics and statisticians in 
the world around us?
DM: To the non-statistician, statis-
tics goes hand in hand with sports 
or anything associated with num-
bers. "e person who is responsible 
for summarizing these numbers is, 
of course, the statistician. 

People tend to fall into two 
camps with respect to statistics: 1) 
Statistics can be useful in proving 
a point or 2) Statistics are almost 
the lowest thing on the earth. "e 
expression “lies, damned lies, and 
statistics” summarizes these two 
points quite nicely.

"e scienti#c community prob-
ably views our discipline similarly 
to the Merriam-Webster de#nition: 
“A branch of mathematics deal-
ing with the collection, analysis, 
interpretation, and presentation 
of masses of numerical data.” "e 
American Statistical Association 
(ASA) describes statistics as the 

science of learning from data, and 
of measuring, controlling, and com-
municating uncertainty; thereby, 
providing the navigation essential 
for controlling the course of scien-
ti#c and social advances.

"ere are many interpretations 
associated with statistics. However, 
I believe statisticians would like to 
convey to everyone that it is a fasci-
nating science that relates to almost 
anything that someone does.

S tat i s t ic ians  have  been 
described as number crunchers, 
numerologists, and numbers peo-
ple. Merriam-Webster states: “"e 
statistician is an expert in the prep-
aration and analysis of statistics.” 
From the ASA, a statistician is a  
person who applies statistical 
thinking and methods to a wide 
variety of scientific, social, and 
business endeavors. The ASA 
de#nition is a little more speci#c 
than other de#nitions, but the term  
“statistical thinking” does raise 
questions that have been addressed 
over the years.

None of the definitions or  
perceptions probably matter if stat-
isticians are treated as scientists 
working with other scientists.
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MW: How have the roles of the 
statistician and the statistician’s 
circle of collaboration changed in 
the last 10–20 years? What remains  
the same?
SS: I have certainly experienced 
changes over time, but they may 
be more situational than temporal. 
When I started out as a statistician, 
in 1984, I was part of a team at the 
North Carolina State University 
(NCSU) Agricultural Research 
Service. I interacted with the scien-
tists daily and had a lot of in$uence 
regarding experimental design and 
data collection. I was often asked to 
co-author publications and invited 
to attend and speak at conferences 
and workshops. It was the ultimate 
in collaboration.

I left the university environ-
ment in the early 1990s and took 
a position as a senior statistician 
with a clinical research organiza-
tion (CRO). "is move changed 
the way I collaborated. "e phar-
maceutical companies had the 
statistical “brains” and needed the 
CROs as their “worker bees,” so 
being able to follow others’ leads 
was key to success as a statistician 
in the early CRO business.

With the boom of small  
to midsize biotech companies in 
the mid- to- late 1990s, the focus 
of CRO statisticians began to shift 
from being the extra personnel in 
large pharmaceutical companies 
to becoming the statistical experts 
for small pharmaceutical compa-
nies. When I transitioned to being 
the sole statistician in a small bio-
tech company, my responsibilities 
shifted to strategic planning and 
product development. I was able to 
contribute my statistical expertise 
and to learn more about the other 
components of drug develop-
ment, such as regulatory processes  
and manufacturing. 

Today, [I am] a consultant, 
[and] my clients expect me to give 
them guidance rather than hands-  
on analyses.

MW: What are the key barriers to 
successful collaboration between 
statisticians and others? How does 
the current culture within statistics 
[affect] our ability to collaborate, 
and how does it need to change?
SS: As statistical collaborators, we 
should not assume every prospec-
tive collaborator wants the same 

thing. Phrases like “data are data” 
may be true, on the surface, but 
how you explain the results to  
your collaborators makes all the 
di&erence. While the statistician 
may be the statistical expert, the 
collaborator is a scienti#c expert. 
We should always be willing to 
work as a team to solve a problem 
and learn from others.
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DM: Many statisticians today 
want collaborators to change how 
they collaborate with us. However, 
collaborators probably don’t know 
how to change because they only 
know the way they were “brought 
up.” Maybe it is up to the statis-
tician to make the #rst move by 
borrowing from !e Seven Hab-
its of Highly Effective People by  
[Stephen] Covey. 

Let’s begin by being more pro-
active—by having statisticians 
convey the same message when it 
comes to studies, so collaborators 
don’t get mixed messages on what 
is and what is not acceptable. 

Let’s stress to journals that, 
although significance might be 
important in some cases, it is what 
is learned from following a well-
designed scienti#c process that is 
more important. Let’s stress the 
importance of beginning with the 
end in mind so there is no need for 
guessing what to look for when the 
study #nishes up. 

Let’s stress the need to put #rst 
things #rst, such as ethics, excel-
lence, and quality. 

Let’s think win-win with our 
collaborators, so they can see that 
we care about their work. Let’s 
seek to understand the problem, 
listen more, and speak less. Let’s 
work together to improve and be 
willing to adjust if things need  
to change. 
MW: What are some reasons for the 
singular focus on analysis execution 
today? How has the democratiza-
tion of analytics [a!ected] this, and 
how do we bring the focus back to 
the scienti"c process?
JP: "e return on investment is a 
key reason. I think [people once 
saw] analytics as an add-on to tra-
ditional services, especially in the 
credit analytics world. Now that 
there has been a substantial invest-
ment in Big Data and analytics, 
many businesses are looking for a 
monetary return in each analysis. 

"is can be troublesome, since not 
all analysis leads to a solution.
DM: To most people, statistics 
or statistician still have the same 
meaning, regardless of data sci-
ence or predictive analytics. "e 
scienti#c community still believes 
that statisticians work with data, 
so what has changed? Not much, 
except the data sets are larger. 
However, within the statistics 
community, and among statisti-
cians, there is a greater awareness 
about what is being done in the 
name of statistics and who is being 
classi#ed as a statistician. 

Today, we have data scientists, 
predictive analysts, and machine 
learning analysts, and others who 
some classify as statisticians while 
others would say [they are not]. 
It is something statistics has been 
struggling with because it is asso-
ciated with change, and not many 
people like to deal with change.
JP: Often, statisticians are brought 
on board a project after data have 
been collected and projections have 
been promised. One way to bring 
back the scienti#c process is to ana-
lyze projects that use statisticians 
in the pre-planning/design phase 
of a project versus those that did 
not. Hopefully, the added value can 
be seen immediately in the projects 
where statisticians were included at 
the beginning. Having the statisti-
cians participate in planning will 
make them aware of the objectives 
and hence be able to propose the 
proper analyses.
DM: When others seek the col-
laboration of a statistician, they 
generally have a problem and want 
statisticians to come to their rescue, 
especially if there was not any fore-
thought in the study design or the 
analysis to be conducted. "e real 
question is: How do we change 
this paradigm so their learning is 
a more-robust scientific process 
that involves statisticians at the 
beginning of the thought process?

MW: What do statisticians bring to 
the table? What do our collaborators 
bring to the table?
SS: We are problem solvers. "e 
collaborators bring us interesting 
problems, not tasks. Even apparent 
tasks, such as reviewing a manu-
script, can become a problem to 
solve if we can see a better experi-
mental design or way of rewording 
a statement. We must always be on 
the lookout for how we can make 
the outcome better or more mean-
ingful for the collaborator, even if 
the outcome may not be what they 
originally hoped.
JP: We all must recognize that 
everyone brings a di&erent impor-
tant skill set to the table. We must 
be willing to accept input from 
various angles and be flexible. 
Many times, collaborators (e.g., 
sales consultants) may have busi-
ness insight into a problem that 
can explain possible trends in data 
that the statistician may question.
MW: What are the gaps not taught 
in schools today? How do we better 
prepare students?
WS: First, integration of scienti#c 
thinking (or empirical decision 
making) and statistical reasoning. 
Courses on statistical methods 
focus on the mechanics of methods 
and their technical interpretation; 
the hypothesis test and associ-
ated p-value is an example, and is  
the one that originally motivated 
these sessions. 

However, these courses make 
little attempt to ask what the scien-
tist or decision-maker really needs 
to answer the question or to make 
a decision. Introductory courses 
have to do a much better job of 
integrating these two.

Second, analysis is overempha-
sized compared to planning. Walt 
Federer once observed that most 
design of experiments courses are 
really ANOVA courses with little, 
if any, of the planning aspect of 
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design. Most experienced statis-
tical and scientific collaborators 
agree that statistics can add impor-
tant—often crucial—contributions 
before any data are collected. Too 
often, our courses fail to re$ect this. 
Courses that do preach “you must 
plan” frequently fail to teach stu-
dents how to plan.

"ird, non-statistics majors and 
statistics majors are not taught 
how to be e&ective collaborators. 
Collaboration has to be taught 
systematically at universities. 
Non-majors are not taught how 
to work e&ectively with statisti-
cal partners. Even when statistics 
majors are taught to consult, they 
are not taught key aspects of how to  
be an e&ective partner in a scien-
ti#c investigation. 

The curriculum has to be 
revamped and provide opportu-
nities for collaboration. It has to 
cover how to “think” like other sci-
entists, or to put another way: We 
need to teach statistics majors how 
scientists think. 

In addition, statistics majors 
should be shown how to think of a 
statistical analysis as a means to an 
end (answering a scienti#c ques-
tion) and not as an end in itself. 
Consulting classes tend to empha-
size the human side of consulting, 
and statistical methods courses 
tend to emphasize the mechan-
ics and supporting theory of data 
analysis. Both are important and 
should be considered essential 
parts of the curriculum, but a 
missing part is how to get inside a  
scientist ’s or decision-maker’s 
head and understand what they 
need. Learning how to do this— 
integrating what they need with 
what statistics can o&er—is all too 
often a missing third element.

We need to rethink the curricu-
lum of statistical methods courses 
to include how to plan and how 
to collaborate. People in our dis-
cipline have been doing a lot of 
thinking about the undergraduate 

introductory statistics course, and 
one of the distinctions they make 
is between formulas that teach 
statistical thinking and formulas 
that merely show how to hand-
calculate what people in the real 
world will use a computer to do. 
"e former has learning value. "e 
latter has no place in a statistical 
methods course.

Collaboration is something 
that you learn by doing, not by 
watching and listening. "ere are 
several ways one can approach col-
laboration. At the University of 
Nebraska, we partner majors and 
non-majors in our graduate-level 
design and analysis course. We 
have them do a project in which 
the non-major proposes an experi-
ment. "e major and non-major 
students plan the experiment and 
do a precision and power analysis 
in such a way that we can generate 
simulated data according to the 
design and anticipated mean and 
variance parameters the project 
team gives us. "en they analyze 
the data and do an oral and a writ-
ten report. 

This way, they get the expe-
rience of doing a project from  
beginning to end. 

Another idea is to pair statistics 
graduate students with graduate 
students in other disciplines doing 
their thesis or dissertation research, 
[with] both students under the 
supervision of their respective 
advisors (e.g., the statistics profes-
sor could be the outside member 
on the non-major’s committee and 
vice versa). 

Whatever is pursued, always 
remember that collaboration  
is doing.

Faculty in statistics depart-
ments need to appreciate that  
planning and collaboration are 
critical components in research. 
As the line goes from a Pogo car-
toon some of us are old enough 
to remember, “We have met 
the enemy and he is us.” Many  

statistics faculty members do not 
fully appreciate the importance of 
integrating scienti#c and statistical 
thinking. Many mathematically 
trained faculty members are not 
comfortable teaching statistics as 
opposed to mathematical statistics. 

George Box once said, “We can 
choose to be second-rate math-
ematicians or #rst-rate scientists.” 
I may be preaching to the choir, but 
our statisticians teaching methods 
courses have to re$ect what Box 
obviously believed to be the right 
choice. All too often, they do not.
MW: To plan and collaborate,  
how do we better hire, train, and 
retain faculty?
WS: University statistics depart-
ments are all over the map in terms 
of whether collaboration with  
scientists in allied disciplines is 
valued, supported, and rewarded.

In land grant universities, 
there should be no question that  
collaborative research is a core  
mission of the statistics depart-
ment, and faculty from statistics and 
collaborating disciplines should  
be encouraged and rewarded for 
team e&orts that result in good 
science. All too often, however, this 
does not happen. 

We live in an era where  
single-author publications, big  
grant dollars as lead principal 
investigator, and high-profile 
research solely by statisticians and 
solely about statistical topics are 
the currency of the realm. "ere 
is a need for this, but if this is all 
that counts, statistics risks becom-
ing insular, at least in university 
research, and good science loses. 

In many universities, col-
laboration is increasingly seen as 
something for non-tenured fac-
ulty (“professors of practice” is the 
University of Nebraska term) and 
sometimes consulting is not even 
considered a legitimate faculty 
level activity.
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Often, new assistant professors 
get the message that collaborative 
research is professional suicide—if 
you want tenure, avoid collabo-
ration. To some extent, this is a  
prejudice many of our colleagues 
who sit on promotion and ten-
ure (P&T) committees share and  
perpetuate. If we allow applied 
statistics to be synonymous with 
second class, we will have a self-
imposed problem. Faculty cannot 
teach how to plan and collaborate 
unless they have experience and are 
actively engaged in at least some 
interdisciplinary collaboration.

I have spent my entire career at 
land grant universities, so I cannot 
speak about what goes on at other 
universities with the same author-
ity. I suspect that in many cases, 
courses on statistical methods are 
taught by instructors whose pri-
mary training is in mathematics, 
and who may in fact be mathemat-
ics faculty. I do not think we should 
look down at them, but I do think 
that the ASA should be proactive 
in providing instructors who #t 
this description with some form of 
in-service training to ensure that 
they teach statistical methods and 
scienti#c reasoning courses rather 
than the rote application of statisti-
cal techniques.

Finally, some years ago, the ASA 
put a lot of e&ort into guidelines 
for introductory statistics courses 
(GAISE). Each year at JSM, there 
are dozens of sessions on teach-
ing introductory statistics courses 
to high school students and #rst-
year college students. We need to 
put similar e&ort and energy into 
statistical methods curriculum and 
courses for graduate-level scien-
tists in training.
DM: Hiring, training, and retaining 
faculty is a good start to addressing 
some statistical de#ciencies in col-
laboration and planning. However, 
what about maintaining our orga-
nizations’ knowledge? 

It has been said that an orga-
nization’s knowledge is inherently 
bound to the organization’s cul-
ture. For many years, our culture 
has been following sound scienti#c 
principles and trying to promote 
those principles to the people with 
whom we interact. In years past, 
we have had champions who pro-
moted these scienti#c principles 
and kept them in front of our  
organization—G.W. Snedecor, 
W.G. Cochran, G.E.P. Box, J.W. 
Tukey, and D. F. Cox, to name a 
few. I am not sure those champi-
ons still exist, but we need these 
champions now more than ever; 
without them, our organization(s) 
will falter and eventually fail. 

As we look around, do we see 
our statistical organizations—
universities in particular—as still 
maintaining the knowledge that 
they had in the past; a knowledge 
that had a strong foundation in 
statistical principles and guided 
people in being scientifically 
sound scientists? Will someday 
that knowledge become a thing 
of the past, maybe forgotten for-
ever? Let’s make sure that this does  
not happen.
MW: What can we do to improve 
planning and collaboration as indi-
vidual statisticians? As a profes-
sion?
SS: We need to listen and ask 
questions. "e statistician must be 
willing to read/learn more about 
the collaborator’s #eld of science, 
so questions and solutions can 
be made relevant. Collaborators 
desire someone who is strategic, 
reliable, and well-spoken.

We should also be proactive 
and understand that we are all in 
this together. We may want our 
collaborators to change how they 
work with us, but they may not 
know what that entails.
WS: We need to be active in get-
ting our statistical methods courses 

right. We also need to be active 
in communicating with faculty in 
disciplines that are consumers of 
statistical methods what the prob-
lems are, and why and how we 
are revamping statistical methods 
courses to address them.

We need to be active in non-
statistical professional societies. 
We should work with their lead-
ership to agree on statistical best 
practices for research and publica-
tion in their journals. We should 
seek to understand, appreciate,  
and address their needs and we 
should be willing to provide con-
tinuing education.

We need to identify fac-
ulty members who “get it” and 
use their expertise to communi-
cate to departments on campus 
who are consumers of statistical  
methods. "ese faculty members 
could present the latest devel-
opments in statistical practice,  
do seminars, and attend new fac-
ulty orientations.

We need P&T committee lead-
ers who make sure the university 
culture is friendly to statistics fac-
ulty who collaborate. If none of 
the tenured university faculty are 
so engaged, then the university’s 
ability to educate and train the next 
generation of statistical collabora-
tors is imperiled.

Finally, many researchers say, “I 
would love to have a collaborating 
statistician on my research team. 
Where do I #nd one?” "is is a real 
problem at colleges and universi-
ties that do not have a culture of 
collaboration, do not reward statis-
tics faculty for collaboration,  
and/or do not have a viable  
consulting/collaboration infra-
structure. Could the ASA develop 
some viable mechanism to connect 
researchers caught in this quandary 
with statistical help?  
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The research program at 
23andMe, Inc., a personal 
genetics company, studies 

a variety of health and medical 
conditions using customers’ genetic 
and self-reported health informa-
tion. While genetic information is 
captured through the company’s 
genotyping service, surveys remain 
one important means of collecting 
phenotypic information. 

Customers who consent to 
participate in 23andMe’s research 
program are given the opportunity 
to answer questions about a wide 
variety of topics, including sleep, 
eating behaviors, and cancer. "ese 
self-administered surveys create a 
rich database of phenotypic infor-
mation that, when combined with 
a customer’s genetic information, 
forms the basis of the research pro-
gram at 23andMe. At this time, 
23andMe has more than 4 million 
genotyped customers and more 
than 1 billion phenotypic data 
points, for one of the largest data 
sources on human health.

For more than 10 years, 23andMe 
has used a custom-designed survey 
methodology platform that delivers 
survey content and collect customer 
responses via web browsers. As 
smartphones have become ubiqui-
tous, researchers wanted to explore 
the opportunities and pitfalls of data 
collection based on a similar infra-
structure that is presented through 
an app on customers’ phones.

Mobile Apps versus Web 
Browsers: A Comparison 
of Self-administered 
Survey Platforms
Briana Cameron, 23andMe Research Team, and Robert Gentleman

Collecting survey data via 
mobile phones has important con-
siderations, however. "ere may be 
a di&erent customer demographic 
that engages with surveys through 
the app versus through the web. 
Furthermore, while the accessibil-
ity of mobile phones may create 
an easy opportunity for custom-
ers to participate in research, the 
usage of phones in potentially 
distracting environments, such as 
while commuting or waiting for 
a friend to arrive for dinner, may 
ultimately a&ect survey comple-
tion and data quality. 

As we collected data across the 
di&erent platforms, we wanted to 
ensure that survey responses did 
not depend on the platform used 
to complete the survey and that 
it was appropriate to combine 
survey results across the di&erent 
groups. Understanding the pos-
sible differences between these 
data collection platforms would 
help inform appropriate analysis 
and interpretation of 23andMe 
survey data.

Methods
In an attempt to understand 
differences between web-based 
and mobile-based data collec-
tion, we decided to investigate 
some of the responses to a series 
of four surveys administered on 
both the 23andMe website and 

23andMe mobile app. "e sur-
veys cover a wide variety of topics,  
including socioeconomic status 
(SES), tobacco use, allergies, and 
ca&eine intake, and were chosen 
because they were available to all 
customers on both platforms. 

We considered new custom-
ers who registered with 23andMe 
between January 1, 2016, and 
November 15, 2017, for analysis. 
"e analysis population consisted 
of customers who had consented 
to participate in 23andMe research 
and had taken at least one of the 
four surveys of interest within 
those dates. Of these customers, 
461,482 took at least one of the 
four surveys selected for analysis 
and 292,626 customers responded 
to more than one of the four studied 
surveys. A summary of the length 
of each survey, including number of 
questions asked of every customer 
(i.e., top-level questions), number 
of total possible questions, median 
number of questions answered, and 
median time to complete survey, 
is included in the Supplemental 
Material at http://chance.amstat.
org/2018/11/supp-material/.

While our main interest was in 
the di&erence between responding 
to surveys through an app versus 
through a web browser, we also 
investigated potential di&erences 
within the population of app-
users. Android phones and iOS 
phones use slightly di&erent apps  



VOL. 31.4, 2018

30

(Figure 1), and we were interested  
in determining whether there  
were differences between these  
two groups.

"ere may also be important 
subgroups among customers 
answering surveys on the web. 

Customers are able to access 
these web surveys through either 
a desktop browser or a mobile  
web browser, which have impor-
tant differences in terms of  
screen size and the environment 
in which they are accessed. "e 

information regarding a cus-
tomer’s browser was not easily  
accessible, however, so we were 
unable to make the distinction 
between desktop and mobile web 
in this analysis.

Figure 1. Screenshots of a question from the tobacco survey on both mobile apps (top left: iOS app, top right: Android 
app) and desktop website.
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Questions of Interest
"e #rst question of interest was 
whether the population being 
reached via mobile surveys was 
similar to the group of custom-
ers who typically participate in 
research through the 23andMe 
website. To investigate this  
question, we considered the key 
demographics of age, sex, and 
race. We also investigated pos-
sible socioeconomic differences 
between these groups.

In addition to identifying pos-
sible demographic di&erences, we 
were also interested in identifying 
variation in survey-taking behav-
iors between the two cohorts. In 
particular, we wished to test the 
hypothesis that customers engag-
ing in the survey through the 
mobile app may be more distracted 
than those answering questions 
through the website. 

One measure of distraction may 
be survey drop-off. Of the cus-
tomers who initiated the survey, 
how many actually complete it? 
Increased distraction may also be 
measured by an increased likeli-
hood of skipping questions. A vari-
ety of question types were selected 
for analysis and the likelihood 
of skipping these questions was 
assessed among both mobile and 
web survey-takers as an additional 
measure of distraction.

Results
Across all four surveys, the major-
ity of customers opted to take the 
survey on the web platform, with 
only 10.2–21.5%* of customers 
responding via the mobile app. Of 
the customers responding via the 
mobile app, the majority used the 
iOS App, while only 11.8–14.1% 
of mobile app customers using 

the Android app in each survey  
(Figure 2). Customers also tended 
to stick to their preferred method 
of answering surveys; of the  
customers who did complete more 
than one of the four studied sur-
veys, 95.8% completed all surveys 
on the same platform.

Demographics
Do survey data collected via the 
mobile app come from a di&erent 
demographic from survey data col-
lected via the website? To answer 
this question, we considered the 
key demographic variables of age, 
sex, and race.

Customer age is one domain 
in which differences might be 
expected between mobile app and 
web survey respondents. To inves-
tigate this, we used the median age 
of the research database to split 
customers into a younger group 

Figure 2. Percent of customers using each survey platform.

*”Reported range“ 
refers to the range 
of observed percent-
ages across the four 
surveys included for 
analysis. This is true 
of all reported per-
centage ranges.
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(customers under 50 years old) and 
an older group (customers aged 
50 or greater). For each of the 
studied surveys, we tabulated the 
proportion of younger customers 
and older customers. In all surveys, 
mobile app respondents were sig-
ni#cantly more likely to be younger, 
with 81.2–83.4% of customers fall-
ing below the 50-year-old mark. 
In contrast, only 43.5–54.3% of 
web respondents fell into the 
younger age group (Figure 3). No 
signi#cant di&erences in age were 
observed between the iOS and 
Android app groups.

We also noted differences in 
terms of the race of respondents. 
Customers engaging in the sur-
vey through the mobile app were 
more likely to be non-European 
than their website counter-
parts. While 78.9–83.0% of web  

respondents were of European 
ancestry, customers of Euro-
pean ancestry accounted for 
only 69.4–72.2% of mobile app 
respondents (Figure 3). In gen-
eral, however, the majority of 
survey responses across both 
platforms came from customers 
of European ancestry, consistent  
with the distribution of ances-
try in the 23andMe database as 
a whole. 

Similarly to age, we did 
not observe any differences in 
race between Android and iOS  
app users.

Finally, we noted sex differ-
ences between the two platforms. 
Across all platforms, respondents 
were more likely to be female, 
although this trend is exaggerated 
in the group of customers respond-
ing via the website (61.5–64.9% 

female) (Figure 3). A more-even 
distribution between the sexes was 
observed in the mobile app group, 
where 49.9–56.3% of respondents 
were female. Interestingly, we also 
found differences in the sex of 
respondents within the group of 
customers who completed the sur-
vey on the mobile app. Customers 
who used the Android app to com-
plete the survey were more likely to 
be male than those completing the 
survey via the iOS app, although 
both iOS and Android app users 
were more likely to be male than 
web respondents.

Taken together, customers who 
respond to 23andMe surveys on 
the mobile app are more likely to be 
younger, non-European, and male 
than customers who take surveys 
on the website. "is observation 
may help researchers collect data 

Figure 3. Race, sex, and age breakdown of respondents in each survey platform group; gray bar indicates the 
demographic of the entire 23andMe research database.
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from groups that may not be well-
represented in website-based data 
collection, including men and non-
European respondents.

We were also interested  
in potential socioeconomic dif-
ferences between web-based  
survey responders and app-based 
responders, after adjusting for the 
demographic differences noted 
above. To do this, we looked at a 
series of questions from the socio-
economic (SES) survey related  
to income, education, home  
ownership, residence type, rela-
tionship status, and having worked 
at least 50 weeks in the past year. 

After adjusting for age and 
sex, mobile app users were signi#-
cantly more likely to report having 
worked at least 50 weeks of the last 
year, more likely to be in a higher 
income group (annual income * 
$75,000), and slightly less likely to 

own their homes (either with or 
without mortgage).

Survey-taking 
Behavior
"e fact that mobile surveys tend to 
reach a demographic distinct from 
that captured through traditional 
web-based surveys has important 
implications for researchers try-
ing to collect data from a diverse 
and representative population. It 
is also important to understand 
how data collected via these two 
media may di&er, however. 

Surveys administered on 
mobile phones may be more  
easily accessible in certain demo-
graphics, but may also be taken 
in environments with greater  
distractions for customers. The 
context in which a survey is taken 
may result in important di&er-
ences in survey engagement 
between the two platforms.

Completion data for the four 
surveys of interest seem to sup-
port this notion. While the vast  
majority of customers who started 
the survey did ultimately complete 
it (94.7–99.8%), there were di&er-
ences in completion rates between 
the two survey platforms. Of the 
customers initiating any of the 
four surveys, 96.4–99.9% of those 
taking the survey on the website 
ultimately completed the survey, 
while mobile app respondents 
completed the survey 88.2–99.3% 
of the time (Figure 4). For both 
survey platforms, completion rates 
were also closely tied to the length 
of the survey, with longer surveys 
experiencing a greater rate of mid-
survey drop-o&.

Another way in which decreased 
survey engagement may mani-
fest is the likelihood of skipping 
questions. For all survey items,  
customers have the option to 

Figure 4. Percent of customers completing each survey by survey platform.
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abstain from providing an answer 
and can, instead, choose to skip the 
question. One concern may be that 
the distractions in mobile-based 
surveys will make mobile app users 
more likely to omit answers to cer-
tain types of questions.

To investigate this issue, we 
selected a set of questions and 
determined the proportion of  
customers opting to skip each 
question within each survey plat-
form. It is noteworthy that these 
surveys included a variety of 

question types, which place dif-
ferent demands on the customer  
(Figure 5). Some free-text ques-
tions require customers to input 
text as the response (i.e., “What else 
have you had an allergic reaction 
to?”). Other checkbox questions 

Figure 5. Screen shots of the different question types: free text (top), checkbox (middle), radio buttons (bottom).
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ask customers to select all appli-
cable answer options from a set list 
(i.e., the types of Internet services 
that a household subscribes to). 
Radio button questions may ask 
users to select a single option from 
a set of de#ned answer choices (i.e., 
“In a typical week, how often do 
you drink tea?”).

Considering that each of these 
questions types places different 
demands on survey participants, 
we decided to look at the prob-
ability of skipping separately for 
each question type.

"e questions with the highest 
customer demand are those with 
free text responses. Unsurprisingly, 
customers using both survey plat-
forms were more likely to skip these 
types of questions than the other 
question types, with 4.3–12.2% of 
customers declining to provide an 
answer (Figure 6). A comparison 
of skipping patterns between web 

users and mobile app users indicate 
that there may also be di&erences 
in likelihood of skipping between 
these groups. In 2 out of 3 free text 
questions analyzed, mobile app 
users were almost twice as likely 
to decline providing an answer 
than web users (10.5% vs. 5.9% 
skipped, 7.8% vs. 4.3% skipped) 
(Figure 6). "is observed di&er-
ence may be evidence of distraction 
among mobile-app survey-takers 
or may be due to the inconvenience 
of typing on mobile phones. 

We did not see any major di&er-
ence in skip rate for the last free text 
question analyzed (11.7% skipped 
on mobile vs. 12.2% skipped on 
web). It is worth noting that this 
last question came from the SES 
survey, which generally had much 
higher skip rates among web 
users than the other three surveys 
included for analysis, potentially 

due to the sensitive nature of the 
questions asked in this survey.

"e second major question type 
considered was the checkbox ver-
sion, which asked customers to 
select all applicable answer choices 
from a set list. Overall, fewer  
people opted to skip this type  
of question than the free text 
questions (1.3–7.3% skipped) 
(Figure 6). This question type 
was not often used in the sur-
veys included for analysis; of the 
two checkbox questions analyzed, 
we did not observe any di&erence 
in skip patterns between mobile 
and web-based responses. We also 
considered the number of boxes 
selected for each of these check-
box questions; again, we observed 
no difference between web 
and mobile app respondents in  
this regard.

The final, and most popular, 
question type is the radio button, 

Figure 6. Percent of customers skipping each question type broken down by platform.
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in which users select a single option 
from a specified list of answer 
choices. Of the three question types 
considered, radio button questions 
are the simplest for users to answer. 
"is is evidenced by an extremely 
small skip rate: Only 0.1–2.6% of 
customers tend to omit answers 
to these questions (Figure 5). "e 

low skip rates were observed across 
both platforms, and we did not #nd 
any meaningful di&erences in skip 
rates between web respondents and 
mobile app respondents.

Conclusions
"e use of mobile applications to 
capture research data e!ciently is a 
promising technique for research-
ers. Mobile phones are carried by 
most people throughout the day, 
creating an easily accessible ave-
nue for customers to participate in 
research. "e use of mobile phones 
also allows for collecting more 
context-dependent data, such as 
location and weather, that might 
be of interest to researchers.

Our goal was to understand 
whether important differences 
existed between data collected 
through the mobile app and 
data collected through the more 
traditional web surveys. Our 
analysis demonstrates important  
differences in demograph-
ics between customers engag-
ing in research on each platform. 
In particular, the use of mobile 
apps may allow more data to be  
collected from younger, male,  
and non-European respondents. 
"e ability to access information 
from this distinct demographic 
group makes the use of mobile 

surveys an important comple-
ment to the traditional web-based  
survey platform.

While surveys administered 
via mobile apps may increase the 
data collected from certain popu-
lations, our analysis also illustrates 
important caveats to this approach. 
"e convenience that makes these 
surveys accessible to a broader 
demographic may also contribute 
to decreased engagement in the 
research experience. In particular, 
we observed that customers using 
the mobile app are more likely to 
end the survey prematurely and to 
skip answering free text questions. 

Based on these observations, 
we may ultimately collect fewer 
data per person via the app versus 
via the website. However, with the 
growth of mobile-app–based data 
collection, the use of mobile apps as 
a research tool may continue to be 
an important complement to many 
of the more-traditional web-based 
data collection techniques.
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Motorcycle riding is a 
popular way to exchange 
longevity for excite-

ment and now accounts for more 
deaths in the United States than 
traditional diseases such as asthma, 
appendicitis, or meningitis.' A 
one-hour ride on a motorcycle  
has a greater overall risk of death 
than a lifetime of commercial air-
line flights. 

Unlike the declining trend in 
mortality for car drivers, the annual 
number of motorcycle fatalities has 
more than doubled over the past 20 
years.2,3 Motorcycle crashes now 
total nearly 5,000 deaths annu-
ally, accounting for $6–$12 bil-
lion in societal costs and 1 in 7 
road fatalities.4 New public health  
policies partially explain the 
increase in motorcycle deaths, 

The Lunacy of 
Motorcycle Mortality
Donald A. Redelmeier and Eldar Shafir

such as the repeal of universal hel-
met laws in 27 states.5 Motorcycle 
crashes are often blamed on simply 
bad luck.6 

"e full moon, for its part, has 
attracted attention since antiquity 
and generated a plethora of super-
stitions about adverse events that 
include deviant behavior, violent 
crime, medical illnesses, night-
time insomnia, altered fertility, 
and supernatural misfortunes (i.e., 
lycanthropy).7, 8 

A century of research, however, 
has failed to validate such claims. 
Indeed, most studies claiming para-
normal e&ects contain basic design 
$aws, isolated studies have been 
refuted directly, and magical beliefs 
have been shown typically to re$ect  
statistical fallacies such as con#r-
mation bias.9, 10, 11, 12, 13 

Superstitions about the adverse 
e&ects of a full moon are now a 
target for public ridicule.14 Not 
surprisingly, no prior study has 
tested the e&ect of a full moon on 
motorcycle fatalities. 

We hypothesized that motor-
cycle fatalities might increase at 
night under a full moon because 
human attention is limited, natu-
rally drawn to attention-grabbing 
events, and a factor in traffic 
crashes. Glancing at a full moon 
may take the rider’s gaze o& the 
road, for example, and thereby 
can create a moment of danger-
ous inattention.15, 16 "e light from 
a full moon also illuminates the 
entire landscape and thereby cre-
ates potentially distracting e&ects 
from extraneous incidentals in  
the surroundings.17 

1National Vital Statistics Reports. 2012. Deaths: Preliminary data for 2011. Washington, D.C.: Centers for Disease Control, [61, 6]. http://www.cdc.gov/nchs/data/
nvsr/nvsr61/nvsr61_06.pdf.
2National Highway Traffic Safety Administration. 2002. Traffic safety facts: motorcycles. Washington, D.C.: U.S. Department of Transportation [DOT HS 812 035].  
http://wwwnrd.nhtsa.dot.gov/Pubs/812035.pdf.
3Hedlund, J. 2015. Motorcyclist traffic fatalities by state: 2013 preliminary data. Washington, D.C.: Governors Highway Safety Association. https://www.ghsa.org/
sites/default/files/2016-11/Final%20Motorcycle%20Spotlight2013.pdf.
4National Highway Traffic Safety Administration. 2002. Costs of injuries resulting from motorcycle crashes: A literature review. Washington: U.S. Department of 
Transportation [DOT HS 809 242].
5Houston, D.J., Richardson, L.E. 2007. Motorcycle safety and the repeal of universal helmet laws. American Journal of Public Health, 97(11):2063–9.
6Busko, A., Hubbard, Z., Zakrison, T. 2017. Motorcycle helmet laws and public health. New England Journal of Medicine, 376(13):1208–9.
7Sarton, G. Lunar influences on living things. 1939. Isis, 30:495–507.
8Lilienfeld, S.O., Arkowitz, H. 2009. Lunacy and the full moon. Scientific American. Accessed on January 20, 2015. Available at  http://www.scientificamerican.
com/article/lunacy-and-the-full-moon/.
9Rotton, J., Kelly, I.W. 1985. Much ado about the full moon: a meta-analysis of lunar-lunacyresearch. Psychology Bulletin, 97(2):286–306.
10Eisenburger, P., Schreiber, W., Vergeiner, G., Sterz, F., Holzer, M., Herkner, H., Havel, C., and Laggner, A.N. 2003. Lunar phases are not related to the occurrence 
of acute myocardial infarction and sudden cardiac death. Resuscitation, 56(2):187–9.
11Morton-Pradhan, S., Bay, R.C., Coonrod, D.V. 2005. Birth rate and its correlation with the lunar cycle and specific atmospheric conditions. American Journal of 
Obstetrics and Gynecology, 192(6):1970–3.
12Biermann, T., Estel, D., Sperling, W., Bleich, S., Kornhuber, J., and Reulbach, U. 2005. Influence of lunar phases on suicide: the end of a myth? A population-based 
study. Chronobiology International, 22(6):1137–43.
13Otte, W.M., van Diessen, E., Bel,l G.S., Sander, J.W. 2013. Web-search trends shed light on the nature of lunacy: relationship between moon phases and epilepsy 
information-seeking behavior. Epilepsy Behavior, 29(3):571–3.
14Douglas, I. 2010. MPs believe the funniest things. The Telegraph. Accessed on January 20, 2015. Available at http://blogs.telegraph.co.uk/technology/ 
iandouglas/100005822/mps-believe-the-funniestthings/.
15Schweizer, T.A., Kan, K., Hung, Y., Tam, F., Naglie, G., Graham, S.J. 2013. Brain activity during driving with distraction: an immersive fMRI study. Frontiers in 
Human Neuroscience, 7:1–11.
16Klauer, S.G., Guo, F., Simons-Morton, B.G., Ouimet, M.C., Lee, S.E., Dingus, T.A. 2014. Distracted driving and risk of road crashes among novice and experienced 
drivers. New England Journal of Medicine, 370(1):54–9.
17Kahneman, D., Beatty, J., Pollack, I. 1967. Perceptual deficit during a mental task. Science,157(3785):218–9.



Figure 1. First Test of Distraction from Full Moon. 
The two photographs—Angle View and Side View—of Canada’s largest trauma hospital are shown in Study 1. The full moon is 
superimposed on the Angle View and the Side View photos in the top and bottom versions, respectively. The two versions, with pho-
tographs sized 3.6 x 4.8 inches, on 8.5 x 11 cardstock paper, were presented randomly to respondents (n = 309) who indicated 
which photograph attracts more attention. The Angle View photograph was chosen more often (115 of 158) when it contained 
the full moon and less often (87 of 151) when it lacked the full moon (73% vs. 58%, p = 0.006). (Original digital copies of survey 
materials available on request.)

"e full moon, in addition, is 
seen by all road users and thereby 
a potential distraction to nearby 
motorists, pedestrians, and other 
elements of cross-traffic. A full 
moon, therefore, might increase 
motorcycle fatalities without exert-
ing a supernatural force. 

Motivating 
Experiments 
To explore this idea, we ran two 
pilot studies on the full moon’s 
capacity to attract attention. "e 
#rst study randomly inserted an 
image of a full moon into one of two 
photographs of the same building 

and asked respondents to indicate 
which image attracted more atten-
tion (Figure 1). As expected, the 
same photograph attracted more 
attention when a full moon was 
inserted. 

"e second study used a psy-
chomotor vigilance test to assess 
reaction times with random 
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background distractions (Figure 
2). As expected, mean reaction 
time was slower with a full moon  
background than with a plain  
night sky background. 

Together, these studies moti-
vated our undertaking a larger 
analysis of real world conditions. 

Basic Analysis
Motorcycle crash data for the 
United States come from the 
National Highway Tra!c Safety 
Administration, collected from the 
Fatality Analysis Reporting Sys-
tem, the o!cial database of tra!c 
fatalities in the United States.18 
All 40 years of available data  
are included with no exclusions 

( January 1, 1975–December 31, 
2014; 494 full moons). "e data-
base has been validated in past 
research, is subject to ongoing 
scrutiny, remains freely avail-
able, and now exceeds 1 million  
total deaths.19 

The database has important 
limitations because it encompasses 
only fatal crashes on public roads, 
lacks data on travel distances, and 
has no measure for individual 
background exposure.

We de#ned a “full moon night” 
as the one time each month when 
the whole facing surface of the 
moon was illuminated (as seen 
from Earth). On rare occasions, 
a month had two full moons; in  
such cases, we included both 

appearances (e.g., June 1 and June 
30, 2007). We de#ned nighttime 
simply as 1600h to 0800h (16 
hours) to include all hours when 
the full moon might be potentially 
visible in the sky over the conti-
nental United States (including 
relevant hours of dusk and dawn). 

"e remaining hours between 
0800h and 1600h (8 hours) were 
de#ned as daytime and excluded 
from primary analysis. Fatalities 
with missing crash times (+ 1%) 
were coded as night (excluding 
these did not alter our #ndings).

We defined controls as the 
same night one week before and 
one week after the full moon. 
For example, we matched a full 
moon on Saturday July 30, 1977, 

Figure 2. Second Test of Distraction from Full Moon. 
Screenshots of Psychomotor Vigilance Test embedded in three background images, with randomized red targets inside white squares 
indicating elapsed response time in milliseconds (left to right): day sky with clouds at initial resting state with no visible target (not 
discussed); night sky with stars with active target at 400 milliseconds elapsed time, and night sky with a full moon at 500 milliseconds 
elapsed time. Targets appeared every 7 seconds on average and background images switched every 30 seconds. Adult volunteers 
(n = 81) completed the test, which lasted about 120 seconds, on an iPod Touch device. Mean reaction time was slower with a back-
ground sky image with a full moon compared to a background sky image with scattered stars (542 vs. 472 milliseconds, p = 0.002). 

18Fatality Analysis Reporting System Encyclopedia. National Highway Traffic Safety Administration. http://www-fars.nhtsa.dot.gov/Main/index.aspx. Accessed February
12, 2015.
19National Highway Traffic Safety Administration. 2012. Traffic Safety Facts. http://www-nrd.nhtsa.dot.gov/Pubs/812032.pdf. Accessed February 12, 2015.
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to control dates of Saturday,  
July 23, 1977, and Saturday 
August 6, 1977. Validation of 
this approach appears elsewhere 
in previous analyses of traffic 
deaths.20, 21 

This approach ensured iden-
tical time intervals for all com-
parisons and directly controlled 
for weekday, seasonal, and yearly 
trends. It also reduced confound-
ing from unmeasured di&erences 
in road design, vehicle conditions, 
rider training, individual personal-
ity, tra!c enforcement, healthcare 
access, and many other in$uences 
on crash deaths.22 

We found the 494 nights with 
a full moon accounted for 4,494 
individuals in fatal crashes, equal 
to 9.10 deaths per night. "e 988 
control nights without a full moon 
accounted for 8,535 individuals in 
fatal crashes, equal to 8.64 deaths 
per night. A simple unmatched 
binomial comparison of the two 
groups yielded a relative risk of 
1.05 associated with the full moon 
(95% confidence interval 1.02 
to 1.09, p = 0.005). "e absolute 
increase totaled 226 additional 
crash fatalities over the study. 

Statistics based on total counts, 
however, can be misleading because 
they ignore matching. Instead, a 
study that is assembled using a 
matched design should also be 
analyzed using matched statistics.

Matched Analysis of 
Matched Studies
Two outlier dates help illustrate 
the rationale for scrutinizing a 
matched study carefully. "e full 

moon night July 30, 1977, had 
46 deaths and the control nights 
( July 23, August 6) had 23 and 20 
deaths, respectively. Hence, this 
full moon had double the risk of a 
fatality. In contrast, the full moon 
night on January 19, 2011, had 
two deaths and each of the control 
nights ( January 12, January 26) 
had four deaths. Hence, this full 
moon had half the risk of a fatality. 

Calculating a simple mean 
yielded 24 deaths ([46 + 2] / 2) for 
the full moon nights and 13 deaths 
([23 + 20 + 4 + 4] / 4) for the control 
nights, suggesting a near-doubling 
of risk associated with a full moon 
(24 / 13). "is calculation, however, 
is potentially misleading, since July 
and January are much di&erent in 
baseline counts. 

Hierarchical analyses can pre-
serve the matching of each full 
moon with corresponding control 
nights and are readily calculated as 
conditional odds ratios. For exam-
ple, the full moon of July 30, 1977, 
and of January 19, 2011, might 
be assumed equally important; if 
so, their estimated relative ratios 
could be combined by a geometric 
average to yield an overall rela-
tive risk near the null. In general, 
matched analyses can yield many 
di&erent conditional odds ratios 
depending on how much weight 
is given to individual death counts 
(e.g., how an absolute increase of 
24 deaths compares to an abso-
lute decrease of two deaths).23 We 
caution, therefore, that conditional 
odds ratio estimates of excess risk 
can be easily calculated and easily 
misinterpreted.24

Traditional approaches tend 
to consider the person as the  
unit-of-analysis, assume each 
death is equally important, and 
emphasize the imbalance in overall 
counts. "e full moon night of July 
30, 1977, therefore, can be summa-
rized as the total count and excess 
count of motorcycle fatalities rela-
tive to controls. 

In this case, each of the three 
nights had a minimum of 20 
deaths (denoted as concordant 
cases) and the full moon night had 
an excess of 26 deaths (denoted 
as discordant cases). "e excess of 
26 deaths can be further distin-
guished as the 23 deaths unique 
to the full moon night (denoted 
as fully discordant cases) and the 
three deaths shared with one con-
trol night but not both (denoted as 
partially discordant cases). "ese 
imbalances can only be appreciated 
by a matched analysis (Figure 3). 

McNemar’s test is the classic 
example of a conditional odds ratio 
statistic that ignores the concor-
dant cases and considers only the 
discordant cases in studies with 
simple 1-to-1 matching. McNe-
mar’s test generally yields more-
extreme results than a chi-square 
test that neglects the match-
ing. The data for July 30, 1977, 
for example, suggest 26 excess 
deaths on the full moon night and  
1.5 excess deaths on control nights 
([3 + 0] / 2). 

One calculation of a conditional 
odds ratio, therefore, yields an 
extreme estimate of 17.3 by focus-
ing only on the ratio of discordant 
cases (26 / 1.5). More generally, 
a conditional odds ratio may be 

20Redelmeier, D.A., Tibshirani, R.J. 2008. Driving fatalities on US presidential election days. JAMA. 300(13):1518–20. 
21Staples, J.A., Redelmeier, D.A. 2018. April 20 Cannabis Celebration and Fatal Traffic Crashes in the United States. JAMA/Internal Medicine. doi: 10.1001.
22Tanner, J.C. 1952. Effect of weather on traffic flow. Nature, 4290:107.
23Martens, E.P., Pestman, W.R., Klungel, O.H. 2007. Letter to the Editor: Conditioning on the propensity score can result in biased estimation of common measures of 
treatment effect: Statistical Medicine, 26(16):3208–10.
24Redelmeier, D.A., Tibshirani, R.J. Methods for analyzing matched designs with double controls: excess risk is easily estimated and misinterpreted. Journal of Clinical
Epidemiology (forthcoming).



CHANCE

41

useful for testing subtle scienti#c 
theory (exploring imbalances), but 
an analysis of total cases may be 
more insightful for formulating 
public policy (addressing totals). 

M e t h o d s  t h a t  e x t e n d  
McNemar’s test for analyzing 
1-to-2 matched studies are now 
available, as are extensions for 
outcomes that are accumulating 
discrete counts.25 "e principle is 
to distinguish concordant cases 
(in our case, the number of deaths 
common across the three nights) 
from discordant cases (num-
ber of deaths imbalanced across  
the three nights) and further  

distinguish fully discordant cases 
(deaths unique to a single night) 
from partially discordant cases 
(deaths shared by two but not  
all nights). 

Summary data then yield a con-
ditional odds ratio of 1.26 (95% 
con#dence interval 1.17 to 1.37, 
p + 0.001) associated with the 
full moon (Figure 4). "is con-
ditional odds ratio can be easily 
misinterpreted; therefore, we based 
our main analysis on the more-
conservative relative risk estimate.

"e summary data are another 
way to contrast unmatched 
and matched perspectives. An 

unmatched analysis of total deaths 
showed 4,494 observed on full 
moon nights compared to 4,268 
expected based on the control 
nights ([4,323 + 4,212] / 2), a ratio 
of 1.05 (4,494 / 4,268). Similarly, 
the excess deaths showed 1,566 
observed on full moon nights com-
pared to 1,340 expected based on 
the control nights ([1,395 + 1,284] 
/ 2), a ratio of 1.17 (1,566 / 1,340). 
In contrast, the fully discordant 
deaths amount to 644 observed 
on full moon nights compared to 
540 expected based on the control 
nights ([553 + 526] / 2), a ratio of 
1.19 (644 / 540), and the partially 

Figure 3. Example Counts for Analysis. Panel A: Unmatched Analysis of a Single Full Moon. 
Example counts of mortality data from single full moon night (July 30) and corresponding control nights (July 23, August 6). Upper 
Panel A shows total counts (left three circles) and excess counts (right three circles). Panel B combines total and excess counts together 
(in Venn diagram), and shows baseline level of concordance and discordance (similar to the “on-diagonal” and “off-diagonal” ele-
ments of a 2 x 2 matrix used for McNemar’s test). For example, total count on full moon night (n = 46) is sum of concordant cases 
(n = 20), partially discordant cases (n = 3), and fully discordant cases (n = 23).

25Redelmeier, DA, Tibshirani, RJ. 2017. A simple method for analyzing matched designs with double controls: An extension of McNemar’s test. Journal of Clinical 
Epidemiology, 81:51–55.

Panel A: Unmatched Analysis of a Single Full Moon
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discordant deaths are 461 observed 
on full moon nights ( [503 + 419] 
/ 2), compared to 339 expected 
based on the control nights, a ratio 
of 1.36 (461 / 339).  Evidentally, 
the same data yield di&ering evalu-
ations due to the matching. 

Summary Comments
We studied more than 10,000 
motorcycle fatalities in the United 
States over four decades. We 
found that fatal motorcycle crashes  
frequently occured at night, par-
ticularly under a full moon. "e  
absolute increase exceeded 200  
extra deaths attributable to motor-

cycle riding under a full moon and  
was five times greater than the 
total number of deaths from shark 
attacks in the United States during 
the same years.26 

Unlike full moon pseudo- 
science, the findings were not  
easily explained as artifacts due to 
selection bias, missing data, reverse 
causality, subjective reporting, con-
#rmation bias, known geophysical 
e&ects, or random chance.27, 28, 29 
Instead, the data suggested motor-
cyclists need to ride with more care 
at night under a full moon.

One obvious limitation of the 
study is that correlation does not 

mean causation. In particular, 
unmeasured factors (e.g., speed, 
distance, tra!c) might contribute 
to the crash risk associated with a 
full moon. Our design, however, 
had no ambiguities in the direction 
of causality, which means unmea-
sured factors de#ned a pathway of 
risk (mediator) not an alternative 
source of risk (confounder). 

In addition, many lurking 
variables $uctuate with time and 
can lead to conservative statisti-
cal estimates (e.g., the prevalence 
of cloud cover was unknown and 
relative risks could be higher for 
clear nights). Of course, the moon 

Figure 4: Summary Counts for Analysis. Panel A: Unmatched Analysis of All Full Moons (40 Years).
Summary counts of mortality data from all full moon nights and matched control nights over 40 years. Panel A shows total counts 
(left three circles) and excess counts (right three circles). Panel B combines total counts and excess counts together (in Venn diagram), 
and shows baseline level of concordance and discordance (similar to the “on-diagonal” and “off-diagonal” elements of 2 x 2 matrix 
used for McNemar’s test). For example, total count over all full moon nights (n = 4,494) is sum of concordant cases (n = 2,928), 
partially discordant cases (n = 503 + 419), and fully discordant cases (n = 644).

26https://en.wikipedia.org/wiki/List_of_fatal,_unprovoked_shark_attacks_in_the_United_States.
27Sackett, D.L. 1979. Bias in analytic research. Journal of Chronic Disease, 32(1–2):51–63.
28Greenland, S., Morgenstern, H. 2001. Confounding in health research. Annual Review of Public Health, 22:189–212.
29Hulley, S.B., Cummings, S.R., Browner, W.S., Grady, D.G., Newman, T.B. 2013. Designing Clinical Research. Philadelphia, PA: Lippincott Williams & Wilkins.

Panel A: Unmatched Analysis of a Single Full Moon (40 Years)
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is also present on intermediate 
nights, which offers opportuni-
ties for future research exploring 
more-complex Fourier statistics 
that examine intermediate lunar 
phases and positions. 

Regardless of mechanisms, our 
study also illustrates that estimates 
from a conditional odds ratio can 
be much larger than estimates from 
a relative risk ratio. Speci#cally, 
the conditional odds ratio from 
matched designs consider baseline 
risks and distinguish excess counts 
(not explained by the matching) 
from total counts (partially shared 
by the matching). An analysis 
based on excess counts examines 
only discordant cases; therefore, the 
conditional odds ratio re$ects only 
the cases with di&ering outcomes. 

An analysis based on total 
counts includes all the cases 
including those with congruent 
outcomes; therefore, the relative 
risk estimate re$ects many cases 
with identical outcomes. "ese two 
estimates will di&er most when the 
matching is informative and the 
baseline is substantial. 

"e yearly count of motorcycle 
fatalities increased substantially 
during our study due to many fac-
tors re$ected in growing vehicle 
ownership (true also in many other 
countries).30 Motorcycles are a 
practical means of transportation 
with a modest purchase price, e!-
cient fuel consumption, low carbon 
emissions, and high mechanical 
reliability compared to the average 
car.31 "e compact size can also 
reduce tra!c congestion and access 
easy parking. 

For enthusiasts, no alternative 
o&ers the same exhilaration, rec-
reational tourism, and support-
ive community.32 Motorcyclists 
are also sometimes connected to 
political lobbying, social action, 
and renegade de#ance.33 

All these points highlight com-
munity values and serve as remind-
ers that statistical science must 
respect culture and preferences. 

Newsmedia Backlash 
Since publishing our main #nd-
ings in the British Medical Journal, 
we have been interviewed by many 
journalists.34 "e most common 
question is “How did you get this 
idea?” In our roles as a physician 
at Canada’s largest trauma center 
(who has treated many patients 
injured in life-threatening motor-
cycle crashes) and the director of 
Princeton’s Center for Behavioral 
Science and Public Policy (who 
has extensively studied attention 
and cognitive limitations), we 
noticed the frequent appearance 
of the full moon in advertising and 
the arts. "is led to conversations 
about how small distractions such 
as the full moon might be one of 
a few causes of inattention that 
can be studied using large-scale 
rigorous science, due to the pre-
dictability of celestial mechanics. 

A related question is why no 
one, to our knowledge, previously 
considered that a full moon could 
distract motorcyclists and lead to 
deaths. One explanation is that 
the observed association is small 
and hard to appreciate with casual 

observation. An additional factor 
is that individuals in crashes, even 
if they survive, can rarely describe 
what was on their minds before 
impact because fleeting distrac-
tions often fail to reach conscious 
awareness and a subsequent con-
cussion will erase all memory of 
the precipitating event. Indeed, a 
patient’s typical reply when asked 
“What happened?” is often “I don’t 
know, I was knocked out.” 

Faulty introspection and de#-
cient self-report, therefore, make it 
di!cult to learn about motorcycle 
risks even from those who experi-
ence a minor motorcycle crash. 

We could think of several 
explanations of how attention and 
perception might contribute to an  
association between the full moon 
and motorcycle fatalities. A full 
moon is infrequent and beautiful, 
and thus a natural distraction.35 
A full moon may contribute to 
increased outdoor activity of all 
types, including more-frequent 
journeys, longer distances, unfa-
miliar destinations, heightened 
cross-tra!c, and mixtures of less-
experienced travelers.36 

A full moon can highlight other 
distractions that otherwise would 
be hidden in the dark.37 It causes 
enhanced illumination of sur-
rounding landscapes that may lead 
riders to misgauge distances and 
misjudge speeds (similar to aerial 
perspective bias for mountaineers, 
aviators, and astronauts in bright 
sunlight).38

Some journalists were motor-
cycle enthusiasts and raised further 
ideas about other vulnerabilities 

30Bureau of Transportation Statistics. 2009. Motorcycle trends in the United States. Washington: U.S. Department of Transportation [DOT SR 014]. http://www.rita.
dot.gov/bts/sites/rita.dot.gov.bts/files/publications/special_reports_and_issue_briefs/special_report/2009_05_14/pdf/entire.pdf.
31Yperman, I. 2011. Commuting by motorcycle: impact analysis. Transport and Mobility. Leuven, Belgium.
32Horvath, P., Zuckerman, M. 1993. Sensation seeking, risk appraisal, and risky behaviour. Personality and Individual Differences, 14:41-52.
33Bosmia, A.N., Quinn, J.F., Peterson, T.B., Griessenauer, C.J., Tubbs, R.S. 2014. Outlaw motorcycle gangs: aspects of the one-percenter culture for emergency depart-
ment personnel to consider. Western Journal of Emergency Medicine, 15(4):523–8.
34Redelmeier, D.A., Shafir, E. 2017. The full moon and motorcycle related mortality: population-based double control study. British Medical Journal, 359:j5367.
35Wilson, F.A., Stimpson, J.P. 2010. Trends in fatalities from distracted driving in the United States, 1999 to 2008. American Journal of Public Health, 100(11):2,213–9.
36Evans, L. 2004. Traffic safety. Bloomfield Hills, MI: Science Serving Society.
37Hershenson, M. 1989. The moon illusion. Hillsdale, NJ: Lawrence Erlbaum Associates.
38Redelmeier, D.A., Raza, S. 2018. Optical illusions and life-threatening traffic crashes: A perspective on aerial perspective. Medical Hypotheses, 114:23–27.
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when riding a motorcycle unrelated 
to the full moon. Unlike driving a car,  
riding a motorcycle provides only a  
minimal base of support, occu-
pant  protec t ion , roadway  
traction, visibility in tra!c, and 
crash protection. Motorcycles also 
lack engineering advances such 
as seatbelts, airbags, protective 
interior engineering, a collaps-
ible steering column, electronic 
stability control, adaptive cruise-
control, and automatic blind-spot 
detectors. A motorcycle rider also 
has remarkable—and potentially 
distracting—sightlines due to the 
absence of a compartment roof. 

One more distinction, of course, 
is that a self-driving motorcycle is 
unlikely to be feasible or popular 
anytime in the foreseeable future.

No journalist asked about sta-
tistical calculations or analytic 
techniques. In particular, the 
complexities of matched designs 
with conditional analyses did not 
arise even once in mainstream 
media conversations. We believe 

this indicates a greater (not lesser) 
duty on statisticians to understand 
nuances such as matched analyses, 
the interpretation of conditional 
odds ratio estimates, and the  
distinction between total risk and 
excess risk. 

We also continue to encourage 
more reporting of summary counts 
for transparency and for basic cal-
culations before hefty statistical 
modeling. Medical scientists, safety 
regulators, policy makers, and the 
general public hold high esteem for 
statisticians, so misinterpretations 
might otherwise easily arise and go 
without question. 

One dismissive reaction from 
journalists was to trivialize the 
observed association as just one 
death for every two full moons. 
However, a relative risk of this 
magnitude exceeds the safety gains 
from re$ective clothing or daytime 
running lights that are standard for 
motorcycle riders. 

More generally, motorcycle 
crashes are not con#ned to a single 
country so, even without adjusting 
for di&ering road safety conditions, 
the global burden might extrapo-
late to roughly 10 deaths from the 
full moon each month worldwide. 
Of course, the moon is remote, 
inert, and predictable, so the com-
bined e&ects of other distractors 
might be much greater. We hope 
that motorcyclists will appreciate 
the fundamental general point 
that small distractions can have 
major consequences and thus will 
ride with more care than dictated  
by intuition. 

A final incendiary question 
was whether motorcycle riding is 
more dangerous than drunk driv-
ing. When expressed as a risk of 
death statistic, the typical ride on 
a motorcycle is twice as danger-
ous as a drunk driver traveling the 
same distance (35 vs. 15 deaths  
per 100 million vehicle-miles, 
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respectively). Overall, a dozen 
adults get onto motorcycles dur-
ing an ordinary day in the United 
States and do not survive; however, 
the life-time risk of a fatal crash 
is still less than 20% for a regular 
motorcyclist. "roughout, riders 
cannot sense the risks until it is too 
late (unlike, for example, hunger, 
which triggers eating well ahead of 
life-threatening starvation). 

One purpose of science is to  
provide evidence so individuals 
might better appreciate the on-
going balance between freedom 
and safety.   
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Scientific investigation does 
not march to its conclusions 
on a straight and open road. 

Studies may be inconclusive, or 
even produce conflicting results. 
They may have defects in design or 
execution that leave their conclu-
sions open to question. The body 
of completed studies addressing a 
particular question may vary con-
siderably in critical aspects such as 
design, population, measurement, 
or clinical/experimental proto-
cols, all of which may cloud the 
interpretation of results and make 
meaningful comparisons difficult. 
This process is further complicated 
by the sheer magnitude of the ever-
expanding scientific literature.

Readers frequently turn to 
review articles to obtain an over-
view of the available literature,  
and to attempt to get a grasp on  
the level of consensus—and  
controversy—associated with a 
particular line of scienti#c inquiry. 
Over the last four decades, bio-
medical research has increas-
ingly turned to the systematic 
review format to synthesize and 
provide an overview of the avail-
able primary research pertinent 
to a particular scienti#c question. 
Such reviews are associated with 
careful delineation of a research  
question, followed by devel-
opment of a detailed research  
protocol before commencing the 
review, including explicit speci#ca-
tion of inclusion criteria. 

Meta-Analysis: Can We 
Extract Gold from the 
Biomedical Literature?
Deborah V. Dawson and Derek R. Blanchette

"is is followed by a compre-
hensive search to identify relevant 
studies that meet those criteria, 
and the application of rigorous 
methods for collection and evalu-
ation of the available information, 
resulting in the research synthe-
sis. Such procedures have been 
extensively codified by bodies 
such as the Cochrane Collabora-
tion. "e goal is to limit bias, and 
thus improve the reliability and 
accuracy of conclusions. 

"e intention is also that the 
comprehensive systematic review 
approach will help researchers avoid 
some of the pitfalls of the more- 
traditional “narrative” type of 
review. While traditional-style 
reviews have undoubtedly been 
of value, particularly when con-
structed by skillful, knowledgeable 
authors with a balanced outlook, 
they may su&er from inadequate 
literature searches and may be 
ine!cient when reviewing a large 
number of studies. Further, by their 
very nature, they may involve selec-
tion bias—the reviewers’ choices 
may re$ect personal biases, focus 
on the best (or worst!) studies, or 
tend to highlight con$icts rather 
than resolve them. 

In contrast, the systematic 
review aims to provide a com-
prehensive representation of all 
of the relevant literature. In some 
instances, a systematic review is 
accompanied by a quantitative syn-
thesis of the results of the identi#ed 

studies; this statistical treatment is 
termed a meta-analysis.

What Is  
Meta-Analysis?
"e term meta-analysis originated 
in 1975 with Seymour Glass, 
whose efforts at research syn-
thesis focused on psychotherapy  
outcomes. "e “meta” does not refer 
to change (as in metamorphosis), but 
is more in the spirit of transcendence 
(as in metaphysics)—a going beyond 
analysis, producing a study of studies.  
When researchers seek to summa-
rize the available literature through a  
systematic review with a quanti-
tative synthesis, this constitutes 
a meta-analysis. Therefore, the  
rigorous search and synthesis pro-
tocols of the systematic review are 
considered part and parcel of the 
meta-analysis. 

The late Ingram Olkin, who 
made signi#cant contributions to 
meta-analysis, was known to say 
that the statistical portion of most 
meta-analyses was quite straight-
forward and almost minor—that 
the real e&ort was to be thorough 
and meticulous in the initial and 
critical tasks of identifying the 
question, developing protocols, and 
completing the search and abstrac-
tion activities. 

Why Meta-analysis?
What can the reader reasonably 
expect to gain from digesting a 
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completed meta-analysis? As men-
tioned, meta-analysis can assist 
in answering a speci#c scienti#c 
question by summarizing data 
from multiple studies. It may be, 
for example, that multiple small 
studies are each inconclusive, 
but when combined via a meta- 
analytic synthesis, can provide a 
de#nitive answer. Similarly, indi-
vidual studies may not have a 
sample size large enough to com-
pare results in subgroups based 
on sex or ethnicity, but this may 
be possible when the information  
in these studies is combined via 
meta-analysis. 

Meta-analysis can be helpful 
when studies disagree, by showing 
where the weight of the evidence 
lies, and can help resesarchers 
explore the nature of inconsis-
tencies. In fact, a particularly  
useful feature of meta-analysis is  
its ability to examine and explore 
the heterogeneity in study  
outcomes—it may provide some 
useful information about the 
sources of variability among  
study #ndings. 

Finally, meta-analysis can help 
identify gaps and problems in the 
published literature, and provide 
information for the planning of 
future, more-de#nitive, studies.

Examining 
Heterogeneity  
in Meta-analysis
Evaluation of variability is at the 
heart of meta-analysis. "e very 
interpretation of the results of 
meta-analysis hinges on how het-
erogeneity among those studies is 
conceptualized. On the one hand, 
if all of the studies are measuring 
the same thing—the di&erence in 
functional gain between the partic-
ular treatment and placebo—and 
there is one right answer, one num-
ber corresponds to that average 
di&erence. "en, studies may vary 
in their estimate of that one right 

answer, but that variation is basi-
cally random noise. "e combined 
estimate from the meta-analysis  
is thus an estimate of that one  
#xed number. 

This conceptualization is 
referred to as the #xed e$ects model. 
But what if the mean di&erence 
itself is truly different in some 
studies? What if the impact of 
treatment really does di&er for men 
and women, for older or younger 
subjects, or for delivery by one 
method or another? 

In such cases, we would have 
a distribution of mean treatment  
di&erences in the component stud-
ies, and the combined estimate 
from the meta-analysis represents 
the mean di&erence in treatment 
e&ect in that population of stud-
ies. "e variability associated with  
that estimate would have two  
components: the random noise 
component and the component 
associated with study-to-study 
variability. 

Study-to-study variation might 
arise from di&erences in study pro-
tocols, populations, approaches to 
measurement, and so forth. "is 
conceptualization is called the  
random e$ects model.

The meta-analytic method 
used will di&er depending on the 
conceptual framework—which of 
these two situations is believed 
to re$ect reality? It is possible to  
formally test whether there is sig-
nificant study-to-study hetero-
geneity within the framework of 
meta-analysis. 

If there is strong evidence of 
heterogeneity among eight com-
ponent studies, it would be rea-
sonable to adopt the random 
e&ects approach. However, often 
there are cogent reasons to suspect 
heterogeneity among the studies 
identi#ed from the literature—for 
example, in surgical studies, dif-
ferent groups of investigators may 
use varying surgical protocols, or 
use di&erent de#nitions of what 

constitutes a good outcome. In 
such instances, meta-analysts often 
elect to adopt a random effects 
model. It will be a somewhat more- 
conservative approach, and will 
tend to yield wider confidence 
intervals for the e&ect estimate. 
It also protects from using an  
inappropriate model where hetero-
geneity goes undetected.

O the r  e xp lo r a t i on s  o f  
heterogeneity are also possible  
with meta-analysis. It is possible to 
see which studies make the great-
est contributions to heterogeneity. 
Identi#cation of these studies may 
provide some interesting informa-
tion, and potentially clues to the 
source of the heterogeneity. 

For example, suppose that in 
a meta-analysis of dental treat-
ments, one particular study  
provides the largest contribution to 
heterogeneity by far. Upon closer 
inspection, it is discovered that this 
study included molars and premo-
lars, while the others were con#ned 
to only a single tooth type—the 
#rst molar. "is would suggest that 
treatment e&ects may di&er with 
tooth type, representing a poten-
tial explanation for the observed 
heterogeneity. 

It is also possible to formally 
compare subgroups of studies 
to see whether the effect esti-
mates di&er signi#cantly among  
subgroups of studies de#ned by 
surgical protocol, population type, 
and so forth. Such explorations 
can provide useful suggestions for 
further research.

Combining and 
Displaying the Results 
of Individual Studies
After formulating the research 
question, the investigator formal-
izes the hypothesis to be tested and 
selects the appropriate statistical 
measure to reflect that hypoth-
esis. "e research then abstracts 
the estimate of this quantity from 
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each of the various studies identi-
#ed through the search protocol. 

For example, if the intent is  
to compare the effect of two  
treatments, as measured by a quan-
titative outcome, the mean di&er-
ence between treatment responses 
is the e&ect estimate of interest. 
We would require the di&erence in 
sample averages, and its associated 
standard error, obtained as a mea-
sure of variability, for each of the 
component studies. Other types of 
investigations will use other sum-
mary measures. 

Regardless of whether the e&ect 
estimate of interest is the di&er-
ence between treatment responses, 
a measure of risk (such as an odds 
ratio), or a measure of association 
(such as a correlation coe!cient), 

these quantities and their asso-
ciated standard errors must be  
identi#ed accurately and recorded 
from the extant literature. "ey are 
then combined via meta-analytic 
techniques to obtain an overall 
estimate of the e&ect, as well as 
an estimate of the variability of 
this combined estimate, a pooled 
standard error. 

In the absence of heterogene-
ity, a #xed e&ects model may be 
used; when there is evidence of 
heterogeneity in e&ect sizes among 
studies, or if there is reason to sus-
pect heterogeneity, it calls for using 
the methods associated with the 
random e&ects model. However, 
it may be noted that, in practice, 
power to test for heterogeneity 
may be limited, providing further  

argument for the use of the random 
e&ects model. If the data suggest 
little heterogeneity, the random 
e&ects model would be expected to 
give results not too di&erent from 
those of the #xed e&ects model in 
the majority of cases. "e growing 
emphasis on the random e&ects 
approach in the literature may 
re$ect these considerations. 

Whichever model is used, the 
results can be used to obtain con#-
dence intervals, and to formally test 
hypotheses. "e combined results 
are often presented along with the 
results from the individual compo-
nent studies in a graphical display 
known as a forest plot. 

Figure 1 provides such a plot. 
In this example, based on synthetic 
data, the quantitative outcome 

Figure 1. Synthetic data provide an example of a forest plot. 
In this hypothetical example, the quantitative outcome is a score denoting gain of function after injury. Participants in each of the 
eight component studies were randomized to treatment or placebo. The effect estimate of interest is the mean difference in gain of 
function between treatment and placebo, and the value zero corresponds to no mean difference in gain of function between treat-
ment and control. The effect estimates of individual studies are represented by squares, and the bars denote the associated 95% 
confidence intervals (CI). The size of the square is inversely related to the standard error, and reflects the weight given to the study 
in the meta-analysis. The diamond shape at the bottom represents the combined estimate from all available data arrived at through 
meta-analysis. It indicates that on average, the gain in functional score is 16.9 points higher in subjects receiving treatment than in 
those receiving placebo. The forest plot was created using Comprehensive Meta-Analysis, version 2.2.064 (Biostat, Inc.).
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is a measure of gain in function 
after injury. In each of the eight 
component studies, there are two 
independent groups of subjects—
those randomized to the treatment 
group and those randomized to 
receive a placebo. The effect 
estimate of interest is the mean  
difference in outcome (gain in 
function) between treatment and 
placebo, which is calculated as 
(treatment mean—placebo mean) 
and for each study, its estimate is 
denoted by a square. A value of 
zero corresponds to no e&ect of 
treatment relative to placebo. 

For each of the eight studies in 
Figure 1, the e&ect estimate is pro-
vided along with a 95% con#dence 
interval, indicated by a horizontal 
bar. "e interpretation of a such a 
con#dence interval is that there 
is 95% con#dence that the true 
value of the mean difference in 
treatment e&ect for that study has 
been captured within the limits of 
the interval.

We notice that the mean di&er-
ences for the di&erent studies vary 
considerably. In this example, the 
majority of the studies show results 
favoring treatment, but one favors 
placebo, however slightly; another 
shows that, on average, there is 
no di&erence between treatment 
and placebo. In some instances, 
the 95% con#dence interval for 
a particular study straddles the 
zero line, implying there is no evi-
dence of a statistically signi#cant 
di&erence between treatment and  
placebo based upon that particular 
study. "e widths of the con#dence  
intervals also vary considerably, 
re$ecting the precision associated 
with each study. 

Larger studies tend to have 
considerably greater precision and 
thus narrower con#dence intervals, 
compared to smaller studies. 

Finally, the size of the squares 
denoting the e&ect estimate (the 
mean di&erence in functional gain 

between treatment and placebo) 
varies among the studies; the size 
of the square is inversely propor-
tional to the standard error— 
studies with greater precision 
(smaller standard errors) have 
larger squares and more weight 
in the meta-analysis. Studies with 
less precision (greater standard 
errors) have smaller squares and 
are weighted less heavily.

If the formal test of study-
to-study variability is performed 
for the example given in Figure 
1, there is strong evidence of  
heterogeneity among the eight 
component studies, and the ran-
dom e&ects approach is used to 
estimate the combined e&ect size 
and its standard error. At the bot-
tom of the figure, the diamond 
shape conveys information about 
the overall estimate of the mean 
difference in gain in function 
between treatment and placebo. 
The diamond is centered at the 
overall effect estimate and its 
breadth re$ects the correspond-
ing meta-analytic 95% con#dence 
interval, which are both derived 
from the combined information 
from all available studies, weighted 
as just described, based upon the 
random e&ects model. 

In this instance, we see that 
patients receiving treatment had 
greater gain in function than those 
on placebo—an average of 16.9 
points more. "is is our estimate, 
based upon all available data of 
the average e&ect size among this 
population of studies. Its associated 
standard error includes compo-
nents representing both random 
variation and study-to-study  
variability. "e resulting 95% con-
#dence interval for the combined 
estimate is 11.9 to 22.0. "is inter-
val does not include the value zero 
that corresponds to the case where 
there is no difference between 
treatment and placebo. 

"e meta-analysis can also pro-
vide a P-value associated with the 
formal statistical test for treatment 
e&ect, again based on the com-
bined data from the eight studies. 
In this case, P + 0.0001, and this 
very small value provides strong 
evidence that the treatment is  
associated with greater gain in 
function than the placebo. The  
forest plot has provided insight 
into the variation among the 
component studies, as well as a 
representation of the combined 
results of the meta-analysis, which 
strongly supports the superiority of 
treatment relative to placebo.

Meta-analysis  
of Individual 
Participant-level Data
Another context in which meta-
analytic techniques may be applied 
is when a meta-analysis is con-
ducted at the level of the individual 
participant data, rather than based 
upon the aggregate results taken 
from the component studies. "ese 
aggregate results were, of course, 
derived from the individual par-
ticipant data, so, in a sense, the 
meta-analyst is going back to the 
original source material. 

"e goal of the meta-analysis 
remains the same: to answer a par-
ticular question by summarizing 
the available evidence. However, 
the use of the raw, individual level 
data in the meta-analysis may per-
mit adjustment for confounding 
factors, and may increase the power 
to detect differential treatment 
effects for subgroups—provided 
that the necessary information is 
available in the component studies. 
It may provide a way to impose 
consistency in inclusion/exclu-
sion criteria across all studies, and 
provides the opportunity to assess 
the validity of model assumptions 
associated with statistical methods. 
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Further, meta-analysis at the 
individual level allows the analyst 
to use approaches that take account 
of the correlation among multiple 
outcomes, such as when subjects 
are followed longitudinally. (It is 
crucial in such meta-analyses that 
the within-study clustering of the 
data is recognized and retained 
in the conduct of the analysis; it 
would be quite inappropriate to 
simply pool data from all individu-
als and treat them as if they came 
from a single study.)

Addressing Concerns 
about Bias
"e possibility of publication bias 
is a serious threat to the validity of 
a meta-analysis. Studies showing 
no e&ect of treatment, or no di&er-
ence between treatments, are less 
likely to be published, particularly 
when such “negative” studies have 
limited sample sizes. Even when 
such studies do come to publica-
tion, it may be in the form of a 
shorter, less-detailed communica-
tion, which may or may not contain 
su!cient information to permit 
inclusion in a meta-analysis. 

How can one claim to rep-
resent the whole of the research 
evidence that has been produced 
if a proportion of that evidence 
never gets to publication? A num-
ber of methods, both analytic and 
graphical (e.g., funnel plots), have 
been developed to try to identify 
publication bias. It may, however, 
be di!cult to apply them when 
the number of publications in the 
relevant literature is limited. 

Meta-analysts also strive to 
address the potential problem of 
publication bias by searching for 
relevant abstracts, scrupulously 
including articles in any language, 
and directly contacting authors to 
try to #ll in gaps in the published 
literature. They may also look 
for relevant information in the  

so-called “gray literature”—lit-
erature outside the traditional  
publishing and distribution chan-
nels. Examples might include 
theses and dissertations, techni-
cal reports, unpublished studies, or 
studies published outside broadly 
available mainstream journals.

It is similarly important to 
consider the possibility of other 
types of bias, including bias in the 
component studies contributing 
to the meta-analysis. Suboptimal  
conduct of research may lead to 
bias—for example, because of dif-
ferential attrition among treatment 
groups, biased selection of sub-
jects, inadequate randomization 
protocols, or not masking sub-
jects or evaluators with respect to 
which treatment was assigned. "e 
quality of the component studies  
is critical to the validity of the 
meta-analysis.

The Movement 
Toward Quality 
Assessment
In recent years, there has been an 
increasing emphasis on quality 
assessment—in terms of both the 
quality of the meta-analysis itself, 
and the quality of the component 
studies. Both have bearing on the 
validity and usefulness of the meta-
analysis. A number of checklists 
intended to address quality of the 
meta-analysis have been developed 
for use by authors, editors, review-
ers, decision-makers—and readers! 

These checklists are worth  
consulting by the reader of the sci-
enti#c literature, since they provide 
a useful guide to the characteristics 
possessed by a sound and well-
conducted meta-analysis.

Typically, a checklist will include 
items to help assess the qual-
ity and rigor associated with the  
different phases of the meta- 
analysis—the search protocol, 
selection of inclusion criteria, 

abstraction procedures, analytic 
approach, and e&orts to avoid pub-
lication bias. One such checklist 
is Preferred Reporting Items for  
Systematic reviews and Meta-
Analyses (PRISMA), which has 
27 items targeting aspects rang-
ing from the formulation of 
the research question through  
the methodology and synthesis  
of results. 

Other checklists are speci#cally 
tailored to assist in evaluating either 
meta-analyses of clinical trials, such  
as QUOROM (Quality of Report-
ing of Meta-analyses), or those 
intended for use with observational 
studies, such as Meta-analysis Of 
Observational Studies in Epidemi-
ology (MOOSE). 

Equally important is the qual-
ity of the component studies. For 
this reason, increasing scrutiny 
has been brought to bear on the 
conduct of these contributing 
studies. In the case of a clinical 
trial, appropriate questions to ask 
include: Was the study random-
ized? Was the person assessing the 
clinical outcome blinded about 
the treatment applied? Were there 
any con$icts of interest? 

One instrument that tries to 
look at the potential impact of such 
features in a systemic manner is the 
Cochrane Collaboration tool for 
assessing risk of bias in random-
ized trials. "ese considerations are 
paramount, since one can hardly 
expect a meta-analysis, however 
carefully and conscientiously  
conducted, to overcome the de#-
ciencies and biases of the studies 
that contribute to it. 

Consensus?
Not everyone is entirely enamored 
of meta-analysis. Titles in the  
literature addressing meta-
analysis include phrases such as 
“statistical alchemy” and even “meta- 
analysis/shmeta-analysis.” Clearly, 
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as discussed, the meta-analyst 
cannot expect to be a magician,  
transcending all shortcomings of 
the studies in the extant literature. 

Nevertheless, provided that 
the potential pitfalls of meta- 
analysis—such as poorly conducted 
component studies and the risk of 
publication bias—are recognized, 
meta-analysis can be trusted and 
useful. It can provide a quantitative 
synthesis of the existing literature 
with a measure of objectivity. In 
many cases, being armed with the 
additional power of its combined 
sample sizes will not only provide 
consensus and resolve con$icts in 
the published literature, but may 
even make it possible to answer 
questions that cannot be addressed 
by any of the single studies, such as 
inferences related to subgroups, or 
dose-response e&ects. 

For all of these reasons, meta-
analysis has become a fundamental 
tool in e&orts to attain evidence-
based clinical practice. Finally, even 
in relative failure, where consensus 
is not reached or the painstaking 
methodology of meta-analysis 
reveals a less-than-pretty state of 
the current science, meta-analysis 
has its contributions to make: It 

makes us cognizant of the failings 
of the available evidence, whether 
through de#ciencies in sample size, 
design or execution. Where evi-
dence is scant and there are gaps in 
the literature, it provides sugges-
tions for next steps.   
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Picture this: You design an 
ordinary least squares 
(OLS) regression model 

and run it. Based on the results of 
that first model, you drop the sta-
tistically insignificant regressors 
and re-run. You repeat multiple 
times until you finally arrive at a 
model in which all the regressors 
(or the ones you care about) are 
statistically significant. 

You can find strategies like 
this being used all over the place. 
Stepwise regression, an automated  
variant of this approach #rst pro-
posed in 1960, returns more than 
half a million hits on Google, 
including lecture materials from 
university courses and a number 
of instructional websites, and the 
phrase appears in tens of thousands 
of academic articles published in 
the past decade. The Wikipe-
dia page for stepwise regression 
includes a criticism section, but 
is on balance neutral to positive, 
and functions for different ver-
sions of stepwise estimation exist 
in all of the major statistical pack-
ages. Beyond the use of speci#c 
automated techniques, evidence 
from the literature indicates that 
selective presentation of regres-
sions with statistically signi#cant 
coe!cients is widespread in many 
areas of academia. 

Top 10 Reasons Not to Drop 
Insignificant Regressors:  
A Statistical Listicle 
Chris Rohlfs

Despite its ubiquity in practice, 
those who are most knowledge-
able about the subject discour-
age researchers from using this 
approach to regression. "e Ameri-
can Statistical Association recently 
published a statement recommend-
ing against using explicit thresholds 
for statistical significance. Many 
statisticians and economists criti-
cize the overemphasis on statistical 
signi#cance and the misapplication 
of the concept in discussing and 
designing regression models; in the 
top echelons of these disciplines, 
automated stepwise regression is 
rarely used or even discussed. 

The aim of this article is to 
explain, for people who aren’t  
statistics or economics professors, 
why regression analysis of this 
form is misguided. Here are the 
top 10 reasons not to drop insig-
ni#cant regressors. 

10. Those Standard 
Errors Don’t Mean 
What You Think  
They Do
Whether you’re p-hacking or not, 
the standard errors produced by 
OLS are a little unreliable. "ey 
only give correct measures of the 
variability in your estimates if your 
residuals are independent and iden-
tically distributed, but that is rarely 

the case. It is possible to use modi-
#ed standard error formulas that 
relax those assumptions; however, 
these require their own sometimes-
restrictive assumptions about how 
di&erent observations’ residuals are 
correlated with one another. If you 
use a formula that is based upon 
the wrong set of assumptions, then 
your estimated standard errors will 
be incorrect, and you will be wrong 
about which regressors are statisti-
cally signi#cant. 

Luckily, you can put more of 
your trust in the coe!cients them-
selves. Your residuals can all have 
di&erent distributions with di&er-
ent shapes, and any of them can be 
correlated positively or negatively 
with any others. As long as the 
relationship you are estimating is  
linear and there is no omitted 

[Taking a Chance in the Classroom]
Dalene Stangl and Mine Çetinkaya-Rundel

Column Editors

P-hacking is the process of cherry-picking 
models to obtain statistically significant results. 
The arguments against p-hacking as presented 
here apply to automated approaches such as 
stepwise regression and to informal trial-and-
error. Even when researchers do not admit 
to p-hacking, its effects can be seen through 
publication bias, where statistically significant 
findings are more common in academic journals 
than would be expected due to random chance.
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variable bias, your coe!cient esti-
mates will be right on average 
across repeated samples. If your 
model selection process is guided 
by significance tests, which rely 
upon the standard errors, you 
lose this robustness, and your 
estimated coe!cients—and even 
your speci#cation itself—will have 
the same sensitivity to ancillary 
model assumptions that plagues 
your standard errors. 

9. It’s Just  
Plain Wrong
A standard error is supposed to say 
how much your coe!cient esti-
mates are likely to move if you 
re-run your statistical procedure on 
an entirely new sample. If you have 
been running regression models, 
changing the speci#cations, and re-
running, the standard errors from 
the #nal regression speci#cation 
tell you how much your estimates 
would move if you re-ran that #nal 
estimation step on a new sample, 

ignoring all the testing that you did 
to get that speci#cation. However, 
things could have gone wrong in  
a lot more steps than just the  
#nal estimation. 

"ose results are more sensitive 
to the data—and are more likely to 
move around from one sample to 
another—than you are admitting. 
As empirical researchers, we always 
run the risk that the relationships 
we identify exist only in our sample 
and not generally; we use stan-
dard errors and signi#cance tests 
to gauge how likely that event is. If 
the standard errors, t-statistics, and 
p-values that you present ignore 
the model search process, then you 
are overstating your level of con#-
dence in your #ndings. Do it too 
often, and you will be accused of 
crying wolf. 

Wait, you say. How do you know 
I didn’t just come up with the sig-
ni#cant regressors from the start? 
What if I’m just really lucky or 
know how to pick winners? Why 
would a lucky person get to take 

credit for those statistically signi#-
cant coe!cients, but I don’t? 

"e problem with this logic is 
that, lucky or not, a solid study 
relies on credible assumptions. By 
leaving out certain potential pre-
dictors, you are assuming a priori 
that they have zero e&ect on your 
outcome variable. You might have 
justi#cations for excluding them, 
but the stories you are telling 
cannot be too convincing. If they 
were, you would not have wasted 
your own time considering those  
candidate predictors in your model 
search process. 

8. Get Your  
Priorities Straight 
A common mistake in data work 
is to confuse statistical signifi-
cance with materiality or economic 
importance. Statistical signi#cance 
depends upon both the magnitude 
of the estimated coe!cient and 
the level of precision with which 
it is estimated. Regressors some-
times have large but statistically 
insigni#cant coe!cients, so your 
best guess is that the variable is 
an important predictor—possibly 
the most important determinant 
of the outcome variable—but you 
are uncertain about whether that 
is true. 

"is problem is magni#ed when 
you have two or more important 
regressors that are correlated  
with one another, as illustrated 
in Figure 1. Suppose that we are  
running a regression to predict 
workers’ earnings (not shown), and 
two of the predictors being consid-
ered are IQ test scores and years of 
education. Most of the people in 
our data who achieved high levels 
of education also have high scores 
on the IQ test, and most of the 
people with lower levels of educa-
tion perform poorly on the IQ test. 

 When you run a regression that 
includes both variables as predic-
tors, the estimates of each variable’s 

Common alternatives to the default OLS standard errors are 
robust or White standard errors that relax the identical distribution 
assumption, Newey-West standard errors that allow for correlation 
between nearby observations in a time-series, and clustered 
standard errors that allow you to specify groups of observations 
that might be correlated with one another (for instance, survey 
respondents from the same household).

Figure 1. Sample size by IQ and education (hypothetical data). 



CHANCE

53

contribution are driven primarily 
by the people in the data who have 
unusually high or low IQ scores 
relative to their levels of education, 
as in the upper-left and lower-right 
boxes of Figure 1. 

"e sample sizes in these seg-
ments of the population are small, 
so we are likely to arrive at impre-
cise estimates of the e&ects of both 
IQ and education. We might know 
that at least one of the two predic-
tors is important, but cannot say 
with con#dence that it is IQ or 
that it is education. As a result, the 
coe!cients on both variables could 
be statistically insigni#cant. 

If you design your regression 
speci#cation by #ltering out sta-
tistically insigni#cant predictors, 
you could end up dropping both 
of these potentially important con-
tributors to earnings, or you could 
pick one as the key driver based 
upon the arbitrary “horse race” of 
statistical signi#cance—and you 
would end up overstating your level 
of con#dence in that decision. 

It is well-known that models 
with correlated regressors can pro-
duce volatile and unstable coe!-
cient estimates, but if, a priori, you 
did not have an economic ratio-
nale for dropping one or more of 
those predictors, then this volatility 
re$ects true uncertainty about the 
appropriate model. That uncer-
tainty is correctly signaled to the 
reader in the form of large standard 
errors on your coe!cients, sup-
posing that you’ve speci#ed your 
standard errors in the right way 
(see reason 10). 

7. You Are  
Not Helping 
What do you have to gain by drop-
ping insigni#cant regressors? Not 
much, really. "ey are not causing 
any bias in your other estimates. 
"ey are not hurting anyone. In 
fact, those insigni#cant coe!cient 
estimates provide information 

about what variables are not e&ec-
tive at explaining movements in the  
outcome variable or have e&ects 
that are hard to measure precisely. 
For the sake of parsimony, you 
might exclude a regressor that you 
believe a priori to be unimportant. 
You might also exclude a regressor 
if you do not want it held constant as 
other regressors in your model vary. 

Selecting an appropriate set 
of predictors requires applying 
domain knowledge and common 
sense, and that is your primary task 
as a modeler, but if you are not 
already excluding a regressor for 
those reasons, obtaining a statisti-
cally insigni#cant coe!cient is no 
reason to drop it. 

6. Slow Down  
There, Buddy
If you are trying to choose what to 
eat for breakfast or what clothes to 
wear in the morning, it helps to be 
decisive, but if you are studying a 
question that has implications for 
medicine, safety, public policy, or 
business, you want to convey the 
risks correctly. One of the most 
valuable assets you can have as a 
researcher is a reputation as some-
one who uncovers general truths 
about the world—and one of the 
greatest threats to this reputation 
arises when another researcher 
tries to replicate your work and 
discovers that your findings are 
sensitive to slight variations in the 
way you set up your model. 

To demonstrate how con#dent 
readers should feel about your 
forecasts, you can perform this  
replication yourself and explore the 
robustness of your results to dif-
ferent speci#cations. "ere is more 
than just one way to think about 
whatever problem you are study-
ing. If you want to tell the whole 
story, show us how your results 
change when you use di&erent sen-
sible sets of predictors. 

5. … It’s complicated
One of the advantages of OLS 
regression is that it is simple and 
can be performed with a single 
line of code or a few mouse clicks. 
If you drop insigni#cant regres-
sors and re-run, you add a layer of 
complication to this process and 
another step where something 
could go wrong and where criti-
cal readers can raise concerns—
and you make your research  
less transparent. 

"at process also involves judg-
ment calls. You could opt to use 
an automated stepwise regression 
procedure, in which case you would 
have to select among forward 
selection, backward elimination, 
bidirectional elimination, or other 

Perfect multi-collinearity arises when one of the 
regressors is an exact function of the others, so 
you cannot estimate all the coefficients in the 
regression equation. Partial multi-collinearity 
arises when one of the regressors is a partial 
function of the others, so you can produce 
estimates, but the standard errors are larger 
than you might have expected, because it is 
hard to figure out which predictors are the more 
important ones. There is no real solution to 
partial multi-collinearity, except to recognize that 
the estimates would be more precise if you had 
more data (which is always true).

You have to make all sorts of judgment calls 
when you perform a statistical study, such 
as what data set to use and what outcome 
variables and predictors to include in your 
model. In some cases, the decisions are fairly 
arbitrary; in others, reasonable people might 
disagree about the best way to do it. If you 
experiment with lots of different combinations 
of these judgment calls and they all lead to the 
same general statistical result, then that result is 
robust.
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approaches. You also might choose 
the informal approach of running 
regressions, checking the results, 
and modifying the speci#cations 
in whatever way you like. 

"is toxic combination of a lack 
of transparency and the need for 
judgment calls means that readers 
will have trouble understanding 
what you did and why. "e more 
jaded among us will suspect you 
of using your discretion to twist 
the data into producing a certain 
result—and then using the compli-
cation of the procedure to hide it. 

4. A False Sense  
of Simplicity
Occam’s razor suggests that we 
should favor simple models over 
more-complicated ones. Having  
a small number of predictors,  
however, does not necessarily make 
a model simple. What makes a 
model simple is that its assump-
tions are obvious—they are basi-
cally the same as ones we are 
already using in other contexts, so 
the model does not require us to 
rethink how the world works. 

Figure 2, for instance, illustrates 
a model that would be simpli#ed 

by adding another parameter.  
Suppose that you wanted to esti-
mate how much calorie consump-
tion causes people to gain weight, 
and your potential predictors 
include calories from protein, car-
bohydrates, and fat. 

A simple model would say 
that the type of calorie should 
not matter, so we would expect 
similar-sized positive coe!cients 
on all three predictors. If you were 
dropping statistically insigni#cant 
regressors, you could arrive at the 
model shown in Figure 2, which 
excludes one of the three types  
of calories. 

Although this new model 
includes fewer predictors, it is more 
complicated in the sense that it 
is counterintuitive. It would be a 
deviation from how we think about 
the way the body works, and any-
one looking at the model would 
ask why you left out the third type 
of calorie. If you construct an ini-
tial regression speci#cation with a 
large number of potential predic-
tors, that model could be simple 
or complicated, depending upon 
the assumptions under which you 
derive the speci#cation. Dropping 
some of those regressors based 
upon statistical signi#cance may 
make your model look simpler, but 
the choice of predictors will no 
longer be guided by intuition. 

As a result, you might have 
to resort to convoluted explana-
tions for why some predictors are 
included in the model while other 
equally defensible ones are not. 

3. Think Outside  
the Data 
"e reason you develop a model 
and test it with data is to derive 
general principles about biological 
systems, the economy, or whatever 
application you are considering. If 
you use a data-driven model selec-
tion approach such as dropping 
insigni#cant regressors, then you 

Figure 2. Incomplete model of body weight. 

Figure 3. Generalizing effect of age on blood pressure (hypothetical data). 
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are likely to arrive at an entirely 
di&erent #nal speci#cation when 
you try to replicate your process on 
a new sample. If you cannot rely on 
your model to be the same when 
you change your data set, how can 
you use it with con#dence on real 
world applications? 

To illustrate one type of prob-
lem with this approach, consider 
the example in Figure 3, which 
considers age as a predictor of 
blood pressure. If the sample only 
includes college students, we are 
likely to obtain a statistically insig-
nificant coefficient, because the 
di&erences in age in the sample 
are too small for their e&ects to 
be estimated precisely. Within our 
sample, there may be little direct 
e&ect of including or ignoring age 
as a predictor. However, what if we 
want to generate out-of-sample 
predictions, and what if the popu-
lation we want to apply our results 
to includes people in their 50s  
and 60s? 

Someone who was simply 
mining the data might look at the 
clump of observations in Figure 3 
(or the statistical results they would 
generate) and rule out age as a pos-
sible predictor. A careful researcher, 
though, who was taking domain 
knowledge into account would  
recognize the shortcomings of 
such out-of-sample estimation—
that a predictor that might not look 
important in the original sample 
could be very important when gen-
eralizing to a di&erent population. 

Reasonable solutions to this 
problem might be to collect new 
data or to explain to the reader 
how data limitations make it dif-
#cult to obtain precise estimates. 
One of the worst solutions to this 
problem is to leave age out of the 
model entirely, e&ectively ignoring 
its e&ects and claiming with con#-
dence that they are zero.

2. Be a Control Freak 
Some regressors are less important 
for their direct e&ects on the out-
come variable than for the ways 
they interact with other predictors. 
A classic example is control vari-
ables. Consider the example shown 
in Figure 4, where we are trying 
estimate the e&ects of receiving 

a scholarship on the likelihood 
of #nishing college. Suppose that 
scholarships are given to a frac-
tion of the students who did well 
in high school and to none of 
the students who did poorly in 
high school. If we only measured 
the di&erence in college comple-
tion rates between scholarship 
recipients and non-recipients, our  

An increasingly popular way to make estimates more generalizable 
is to separate the data set into a training sample on which the 
coefficients or other model parameters are estimated, a validation 
sample that is used to judge which of the different estimated 
models has greater forecasting accuracy, and a test sample that 
is used to assess the predictive power of the final selected model. 
While the formal properties of this approach are not known, it has 
been applied with great success in the field of machine learning.

Figure 4. Scholarships and college completion (hypothetical data). 

Omitted variables bias arises when one of the regressors correlates 
with an important predictor that you left out of the equation. When 
this happens, instead of estimating the true causal effect of your 
regressor, your estimates provide some combination of the effect 
of the regressor and the effect of the confounding variable. You 
can solve this problem by including the confounder as a control 
variable in the regression or by using an experiment or  
natural experiment.
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estimates would su&er from omit-
ted variables bias. 

"at is, we would measure some 
mixture of the e&ect of receiving 
the scholarship and the e&ect of 
doing well in high school, as shown 
by the slope of the dashed line. 
If we want to estimate the true 
causal effect of the scholarship, 
then we need to control for the 
e&ects of high school performance, 
and we would arrive at the slope 
of the solid line. Even if the coef-
#cient on high school performance 
(our control variable) is statisti-
cally insigni#cant, leaving it out of 
our regression speci#cation would 
bias our estimate of the e&ect of  
the scholarship. 

1. The 1970s Called …
"at’s right: "e 1970s called, and 
they want their statistical proce-
dure back. 

Since the 1970s, there have 
been enormous advances in the 
ways that researchers think about 
data and regression. Computer sci-
entists and statisticians have devel-
oped machine learning approaches 
to replicate complex systems for 
classification and prediction, as 
well as methods for working with 
enormous data sets. In the eco-
nomics world, researchers have 
refined practices for measuring 
causal relationships, dedicating 
greater resources to randomized 
trials and devising new techniques 
for simulating experimental envi-
ronments with observational data. 

"is means that dropping insig-
ni#cant regressors and re-running 
your model—whether through 
an informal iterative approach or 
using stepwise regression—takes 
time and energy that you could 
spend on these other promising 
avenues of research or simply 
#nding better data, improving the 
research design by learning more 
details about your data set and 
the factors that cause the regres-
sors to vary across observations, or 
performing sensitivity testing on  
the model. 
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