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Problems with scientific research

How science goes wrong
Scientific research has changed the world. Now it needs to change itself

Oct 19th 2013 | From the print edition

A SIMPLE idea underpins science: “trust, but
verify”. Results should always be subject to
challenge from experiment. That simple but
powerful idea has generated a vast body of
knowledge. Since its birth in the 17th century,
modern science has changed the world beyond
recognition, and overwhelmingly for the better.

But success can breed complacency. Modern scientists are doing too much trusting and not
enough verifying—to the detriment of the whole of science, and of humanity.

Too many of the findings that fill the academic ether are the result of shoddy experiments or
poor analysis (see article (http://www.economist.com/news/briefing/21588057-scientists-think-
science-self-correcting-alarming-degree-it-not-trouble) ). A rule of thumb among biotechnology
venture-capitalists is that half of published research cannot be replicated. Even that may be
optimistic. Last year researchers at one biotech firm, Amgen, found they could reproduce just six
of 53 “landmark” studies in cancer research. Earlier, a group at Bayer, a drug company, managed
to repeat just a quarter of 67 similarly important papers. A leading computer scientist frets that
three-quarters of papers in his subfield are bunk. In 2000-10 roughly 80,000 patients took part
in clinical trials based on research that was later retracted because of mistakes or improprieties.

What a load of rubbish

Even when flawed research does not put people’s lives at risk—and much of it is too far from the
market to do so—it squanders money and the efforts of some of the world’s best minds. The
opportunity costs of stymied progress are hard to quantify, but they are likely to be vast. And
they could be rising.

One reason is the competitiveness of science. In the 1950s, when modern academic research took
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Unreliable research

Trouble at the lab
Scientists like to think of science as self-correcting. To an alarming degree, it is not

Oct 19th 2013 | From the print edition

“I SEE a train wreck looming,” warned Daniel
Kahneman, an eminent psychologist, in an open
letter last year. The premonition concerned
research on a phenomenon known as “priming”.
Priming studies suggest that decisions can be
influenced by apparently irrelevant actions or
events that took place just before the cusp of
choice. They have been a boom area in psychology
over the past decade, and some of their insights have already made it out of the lab and into the
toolkits of policy wonks keen on “nudging” the populace.

Dr Kahneman and a growing number of his colleagues fear that a lot of this priming research is
poorly founded. Over the past few years various researchers have made systematic attempts to
replicate some of the more widely cited priming experiments. Many of these replications have
failed. In April, for instance, a paper in PLoS ONE, a journal, reported that nine separate
experiments had not managed to reproduce the results of a famous study from 1998 purporting
to show that thinking about a professor before taking an intelligence test leads to a higher score
than imagining a football hooligan.

The idea that the same experiments always get the same results, no matter who performs them,
is one of the cornerstones of science’s claim to objective truth. If a systematic campaign of
replication does not lead to the same results, then either the original research is flawed (as the
replicators claim) or the replications are (as many of the original researchers on priming
contend). Either way, something is awry.

To err is all too common

It is tempting to see the priming fracas as an isolated case in an area of science—psychology—
easily marginalised as soft and wayward. But irreproducibility is much more widespread. A few
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Systematic attempts to replicate widely cited priming experiments have failed

Amgen could only replicate 6 of 53 studies they considered landmarks in
basic cancer science

HealthCare could only replicate about 25% of 67 seminal studies

Early report (Kaplan, ’08): 50% of Phase III FDA studies ended in failure
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Many results that are rigorously proved and
accepted start shrinking in later studies.
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n September 18, 2007, a few dozen neuroscientists,
psychiatrists, and drug-company executives gathered

in a hotel conference room in Brussels to hear some
startling news. It had to do with a class of drugs known as
atypical or second-generation antipsychotics, which came
on the market in the early nineties. The drugs, sold under
brand names such as Abilify, Seroquel, and Zyprexa, had
been tested on schizophrenics in several large clinical
trials, all of which had demonstrated a dramatic decrease
in the subjects’ psychiatric symptoms. As a result, second-
generation antipsychotics had become one of the fastest-
growing and most profitable pharmaceutical classes. By
2001, Eli Lilly’s Zyprexa was generating more revenue
than Prozac. It remains the company’s top-selling drug.

But the data presented at the Brussels meeting made it clear that something strange was happening:
the therapeutic power of the drugs appeared to be steadily waning. A recent study showed an effect that“Significance chasing”

“Publication bias” (file drawer effect, Rosenthal ’79)

“Selective reporting”(“researcher’s degrees of freedom”’)

“Why most published research findings are false” (Ioannidis, ’05)
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Great danger in seeing erosion of public confidence in science

Seems like scientific community is beginning to respond
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Nature’s 18-point checklist: April 25, 2013

schizophrenia and bipolar disorder as two separate conditions. This 
separation is respected by drug companies, regulators, research 
funders, journals and bench researchers. Add that lot up, and you get 
a fundamental problem with psychiatry.

Next month, the American Psychiatric Association will release the 
long-awaited fifth version of its Diagnostic and Statistical Manual 
of Mental Disorders (DSM-5), which lists mental illnesses and their 
symptoms. Work on preparing the DSM-5 has been clouded in con-
troversy, and the arguments over which conditions should have been 
included and which left out will rumble on for some time.

The more fundamental problem, as the News Feature explores, is 
growing doubt about the way the DSM-5 classifies mental disorders. 
Psychiatrists have long known that the illnesses of patients they see 
in the clinic cannot be broken down into discrete groups in the way 
that is taught at medical school. Symptoms overlap and flow across 
diagnostic boundaries. Patients can show the signs of two or three 
disorders at the same time. Treatments are inconsistent. Outcomes 
are unpredictable.  

Science was supposed to come to the rescue. Genetics and neuro-
imaging studies would, all involved hoped, reveal biological signatures 
unique to each disorder, which could be used to provide consistent 

and reliable diagnoses. Instead, it seems the opposite is true. The more 
scientists look for biomarkers for specific mental disorders, the harder 
the task becomes. Scans of the DNA and brain function of patients 
show the same stubborn refusal to group by disease type. Genetic risk 
factors and dysfunction in brain regions are shared across disorders. 

Psychiatrists joke that their patients have not 
read the textbooks. The reality is serious and 
more troubling — the textbook is wrong.

The American Psychiatric Association 
routinely points out that its DSM disease 
categories are intended only as diagnostic 
tools. It does not claim that they mark genu-
ine biological boundaries. But the system is 
set up as if they do. That might explain why 
biomarkers and new drugs for mental illness 

remain elusive. The system should change. Funders and journals must 
encourage work that cuts across the boundaries. Researchers should be 
encouraged to investigate the causes of mental illness from the bottom 
up, as the US National Institute of Mental Health is doing. The brain 
is complicated enough. Why investigate its problems with one hand 
tied behind our backs? !

“Patients’ 
illnesses cannot 
be broken down 
into discrete 
groups in 
the way that 
is taught at 
medical school.”

ANNOUNCEMENT

Reducing our 
irreproducibility
Over the past year, Nature has published a string of articles that 

highlight failures in the reliability and reproducibility of pub-
lished research (collected and freely available at go.nature.com/
huhbyr). The problems arise in laboratories, but journals such as 
this one compound them when they fail to exert sufficient scrutiny 
over the results that they publish, and when they do not publish 
enough information for other researchers to assess results properly.

From next month, Nature and the Nature research journals will 
introduce editorial measures to address the problem by improving 
the consistency and quality of reporting in life-sciences articles. 
To ease the interpretation and improve the reliability of published 
results we will more systematically ensure that key methodologi-
cal details are reported, and we will give more space to methods 
sections. We will examine statistics more closely and encourage 
authors to be transparent, for example by including their raw data.

Central to this initiative is a checklist intended to prompt authors 
to disclose technical and statistical information in their submis-
sions, and to encourage referees to consider aspects important for 
research reproducibility (go.nature.com/oloeip). It was developed 
after discussions with researchers on the problems that lead to 
irreproducibility, including workshops organized last year by US 
National Institutes of Health (NIH) institutes. It also draws on pub-
lished concerns about reporting standards (or the lack of them) and 
the collective experience of editors at Nature journals.

The checklist is not exhaustive. It focuses on a few experimental 
and analytical design elements that are crucial for the interpreta-
tion of research results but are often reported incompletely. For 
example, authors will need to describe methodological parameters 
that can introduce bias or influence robustness, and provide precise 
characterization of key reagents that may be subject to biological 
variability, such as cell lines and antibodies. The checklist also con-
solidates existing policies about data deposition and presentation.

We will also demand more precise descriptions of statistics, and 

we will commission statisticians as consultants on certain papers, 
at the editor’s discretion and at the referees’ suggestion.

We recognize that there is no single way to conduct an experi-
mental study. Exploratory investigations cannot be done with the 
same level of statistical rigour as hypothesis-testing studies. Few 
academic laboratories have the means to perform the level of vali-
dation required, for example, to translate a finding from the labo-
ratory to the clinic. However, that should not stand in the way of a 
full report of how a study was designed, conducted and analysed 
that will allow reviewers and readers to adequately interpret and 
build on the results.

To allow authors to describe their experimental design and 
methods in as much detail as necessary, the participating jour-
nals, including Nature, will abolish space restrictions on the 
methods section.

To further increase transparency, we will encourage authors to 
provide tables of the data behind graphs and figures. This builds 
on our established data-deposition policy for specific experiments 
and large data sets. The source data will be made available directly 
from the figure legend, for easy access. We continue to encour-
age authors to share detailed methods and reagent descriptions 
by depositing protocols in Protocol Exchange (www.nature.com/
protocolexchange), an open resource linked from the primary paper. 

Renewed attention to reporting and transparency is a small step. 
Much bigger underlying issues contribute to the problem, and are 
beyond the reach of journals alone. Too few biologists receive ade-
quate training in statistics and other quantitative aspects of their 
subject. Mentoring of young scientists on matters of rigour and 
transparency is inconsistent at best. In academia, the ever increas-
ing pressures to publish and chase funds provide little incentive to 
pursue studies and publish results that contradict or confirm previ-
ous papers. Those who document the validity or irreproducibility of 
a published piece of work seldom get a welcome from journals and 
funders, even as money and effort are wasted on false assumptions.

Tackling these issues is a long-term endeavour that will require 
the commitment of funders, institutions, researchers and pub-
lishers. It is encouraging that NIH institutes have led community 
discussions on this topic and are considering their own recommen-
dations. We urge others to take note of these and of our initiatives, 
and do whatever they can to improve research reproducibility. !
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What Has Changed?



The Logic of Scientific Discovery, 1934

The problem of induction

No matter how many instances of white swans
we might have observed, this does not justify
the conclusion that all swans are white

Deductive methods of testing

Formulate hypothesis

Collect data to test predictions

Falsify or corroborate K. Popper (1902-1994)



Operationalization

The Design of Experiments, 1935

Lady tasting tea

Null hypothesis

p-value

R. A. Fisher (1890-1962)



Big data and a new scientific paradigm

Collect data first =⇒ Ask questions later

Large data sets available prior to formulation of hypotheses

Need to quantify “reliability” of hypotheses generated by data snooping

Very different from hypothesis-driven research

What does statistics have to offer?
Account for “look everywhere” effect

Understand reliability in the context of all hypotheses that have been explored
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Most discoveries may be false: Sorić (’89)

True positives False negatives False positives

Reported

True positives False negatives False positives

Reported

Power ≈ 30% =⇒ False discovery rate ≈ 60%

More false negatives than true positives!



Example: meta-analysis in neuroscience

Button et al. (2013) Power failure: why small sample size undermines the
reliability of neuroscience



Elements of Modern Statistical Inference



False Discovery Rate (FDR): Benjamini & Hochberg (’95)

H1, . . . Hn hypotheses subject to some testing procedure

FDR = E
[
#false discoveries

#discoveries

]
‘0/0 = 0’

Natural type I error

Under independence (and PRDS) simple rules control FDR (BHq)

Widely used −→ enormous influence on medical research



FDR control with BHq (under independence)

FDR: expected proportion of false discoveries

Sorted p-values: p(1) ≤ p(2) ≤ . . . ≤ p(n) (from most to least significant)

Target FDR q
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The cut-off is adaptive to number of non-nulls
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Ignoring selection when reporting confidence intervals
From Benjamini (’11)

Ignoring multiplicity of intervals is more common than ignoring multiplicity of tests
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Beautiful parents have more daughters: A further implication of the
generalized Trivers–Willard hypothesis (gTWH)

Satoshi Kanazawa!

Interdisciplinary Institute of Management, London School of Economics and Political Science, Houghton Street, London WC2A 2AE, UK
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Abstract

The generalized Trivers–Willard hypothesis (gTWH) [Kanazawa, S., 2005. Big and tall parents have more sons: further generalizations
of the Trivers–Willard hypothesis. J. Theor. Biol. 235, 583–590) proposes that parents who possess any heritable trait which increases the
male reproductive success at a greater rate than female reproductive success in a given environment will have a higher-than-expected
offspring sex ratio, and parents who possess any heritable trait which increases the female reproductive success at a greater rate than male
reproductive success in a given environment will have a lower-than-expected offspring sex ratio. One heritable trait which increases the
reproductive success of daughters much more than that of sons is physical attractiveness. I therefore predict that physically attractive
parents have a lower-than-expected offspring sex ratio (more daughters). Further, if beautiful parents have more daughters and physical
attractiveness is heritable, then, over evolutionary history, women should gradually become more attractive than men. The analysis of
the National Longitudinal Study of Adolescent Health (Add Health) confirm both of these hypotheses. Very attractive individuals are
26% less likely to have a son, and women are significantly more physically attractive than men in the representative American sample.
r 2006 Elsevier Ltd. All rights reserved.

Keywords: Evolutionary psychology; Generalized Trivers–Willard hypothesis (gTWH); Offspring sex ratio; Physical attractiveness

1. Introduction

In their classic paper, Trivers and Willard (1973) suggest
that parents might under some circumstances be able to
vary the sex ratio of their offspring in order to maximize
their reproductive success. The Trivers–Willard hypothesis
(TWH) proposes that, for all species for which male fitness
variance exceeds female fitness variance, male offspring of
parents in better material and nutritional condition are
expected to have greater reproductive success than their
female siblings, because their greater size allows them to
outcompete their intrasexual rivals and monopolize avail-
able reproductive opportunities. The converse is true of
offspring of parents in poorer material and nutritional
condition, because the smaller males, who are not
intrasexually competitive, are excluded from mating
opportunities. Parental condition affects the reproductive
prospects of female offspring to a much lesser extent.

Almost all females get to reproduce some offspring, even
though no female can produce a large number due to their
greater obligatory parental investment into each offspring
(Trivers, 1972).
It therefore pays parents in good condition to bet on

male rather than female offspring. Since females have
much lower variance in reproductive success, parents in
poor material and nutritional condition should prefer to
produce females as a safe bet. Trivers and Willard (1973)
thus hypothesize that parents in better condition should
produce more male offspring than female offspring. Their
facultative parental investment into male and female
offspring should be similarly biased. These predictions
have been supported by data from a large number of
experiments with a wide array of species (Venezuelan
opossum: Austad and Sunquist, 1986; Red deer: Clutton-
Brock et al., 1986; Spider monkey: Symington, 1987).
Recent meta-analyses of the TWH and facultative sex ratio
manipulation include Ewen et al. (2004) for birds, Sheldon
and West (2004) for ungulates specifically, and Cameron
(2004) for mammals in general.
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Model-Free Knockoffs

Collaborators: L. Janson (Stanford); Yingying Fan & Jinchi Lv (USC)

Knockoff v1.0 with Rina Foygel Barber (U. Chicago)



Contemporary problem

from the analyses described above, and consideration of an expanded
reference group, described below.
Bipolar disorder (BD). Bipolar disorder (BD; manic depressive ill-
ness26) refers to an episodic recurrent pathological disturbance in
mood (affect) ranging from extreme elation or mania to severe depres-
sion and usually accompanied by disturbances in thinking and beha-
viour: psychotic features (delusions and hallucinations) often occur.
Pathogenesis is poorly understood but there is robust evidence for a
substantial genetic contribution to risk27,28. The estimated sibling
recurrence risk (ls) is 7–10 and heritability 80–90%27,28. The definition
of BD phenotype is based solely on clinical features because, as yet,
psychiatry lacks validating diagnostic tests such as those available for
many physical illnesses. Indeed, a major goal of molecular genetics
approaches to psychiatric illness is an improvement in diagnostic
classification that will follow identification of the biological systems
that underpin the clinical syndromes. The phenotype definition that
we have used includes individuals that have suffered one or more
episodes of pathologically elevated mood (see Methods), a criterion
that captures the clinical spectrum of bipolar mood variation that
shows familial aggregation29.

Several genomic regions have been implicated in linkage studies30

and, recently, replicated evidence implicating specific genes has been
reported. Increasing evidence suggests an overlap in genetic suscept-
ibility with schizophrenia, a psychotic disorder with many similar-
ities to BD. In particular association findings have been reported with

both disorders at DAOA (D-amino acid oxidase activator), DISC1
(disrupted in schizophrenia 1), NRG1 (neuregulin1) and DTNBP1
(dystrobrevin binding protein 1)31.

The strongest signal in BD was with rs420259 at chromosome
16p12 (genotypic test P 5 6.3 3 1028; Table 3) and the best-fitting
genetic model was recessive (Supplementary Table 8). Although
recognizing that this signal was not additionally supported by the
expanded reference group analysis (see below and Supplementary
Table 9) and that independent replication is essential, we note that
several genes at this locus could have pathological relevance to BD,
(Fig. 5). These include PALB2 (partner and localizer of BRCA2),
which is involved in stability of key nuclear structures including
chromatin and the nuclear matrix; NDUFAB1 (NADH dehydrogen-
ase (ubiquinone) 1, alpha/beta subcomplex, 1), which encodes a
subunit of complex I of the mitochondrial respiratory chain; and
DCTN5 (dynactin 5), which encodes a protein involved in intracel-
lular transport that is known to interact with the gene ‘disrupted in
schizophrenia 1’ (DISC1)32, the latter having been implicated in sus-
ceptibility to bipolar disorder as well as schizophrenia33.

Of the four regions showing association at P , 5 3 1027 in the
expanded reference group analysis (Supplementary Table 9), it is of
interest that the closest gene to the signal at rs1526805 (P 5 2.2 3
1027) is KCNC2 which encodes the Shaw-related voltage-gated pot-
assium channel. Ion channelopathies are well-recognized as causes of
episodic central nervous system disease, including seizures, ataxias
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Figure 4 | Genome-wide scan for seven diseases. For each of seven diseases
2log10 of the trend test P value for quality-control-positive SNPs, excluding
those in each disease that were excluded for having poor clustering after
visual inspection, are plotted against position on each chromosome.

Chromosomes are shown in alternating colours for clarity, with
P values ,1 3 1025 highlighted in green. All panels are truncated at
2log10(P value) 5 15, although some markers (for example, in the MHC in
T1D and RA) exceed this significance threshold.
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Y ∈ {0, 1}: disease status (e.g. Crohn’s disease)

Xj ∈ {0, 1, 2}: # of minor alleles at marker j (SNP info)

Which genetic variations are important for understanding the risk of a disease?
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Y ∈ {0, 1}: disease status (e.g. Crohn’s disease)

Xj ∈ {0, 1, 2}: # of minor alleles at marker j (SNP info)

Which genetic variations are important for understanding the risk of a disease?



A master problem of (big) data science

Which genetic features influence the risk of a disease?

Which electronic medical record entries influence future medical costs?

Which demographic or socioeconomic variables influence political opinions?

Which software characteristics predict user engagement?

Response Y and thousands/millions of covariates X

Which ones are important?

Distribution of Y |X depends on X through which variables?
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Selection problem

Subset S of relevant variables

Y | {Xj}j∈1:p d
= Y | {Xj}j∈S

Y

XpX2X1

Goal: select set Ŝ of features Xj that are likely to be relevant
without too many false positives – do not run into the problem of irreproducibilty

FDR︸︷︷︸
False discovery rate

= E
# false positives

# features selected︸ ︷︷ ︸
False discovery proportion

= E
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|Ŝ \ S|
|Ŝ|
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Problem statement

Working definition of null (unimportant) variables

Say j ∈ H0 is null iff Y ⊥⊥ Xj |X−j

Local Markov property =⇒ non nulls are smallest subset S (Markov blanket) s.t.

Y ⊥⊥ {Xj}j∈Sc | {Xj}j∈S

Logistic model: P(Y = 0|X) =
1

1 + eX>β

If variables X1:p are not perfectly dependent, then j ∈ H0 ⇐⇒ βj = 0
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Subtlety of the selection problem

(Logistic) LASSO model

minb∈Rp − `(y; Xb) + λ‖b‖1

Sparse regression
Simulated data with n = 1500, p = 500.

Lasso fitted model for λ = 1.75:

●●●●●●●●●

●

●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●

●

●
●
●●●●●●●●●●

●
●●●●●●

●

●●●●●●●●●●●

●

●●●●●

●

●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●●●●

●

●●

●

●●●●●●●●●●●●●●

●

●●●●●●●●●●

●

●●
●

●

●●●●

●

●●●●●●

●

●●●●
●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●

●

●●●●●
●
●●●●●●●●●●●●●●●●●●●●●●

●

●

●●●●●●●●●●

●

●●●●

●
●

●

●

●●●●●●●●●●●●●●●●
●
●●●●●●●●●●●●●●●

●

●

●

●●●●●●●●●●●●●●●●

●

●●●●

●

●●●●●●●●●

●

●●●●●●●
●
●●

●

●●●●●●●●●●●

●

●●●●●●●●

●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●

●

●●●●●●●●●●●●●●

●

●

●●●●●●●●
●●

●

●●●●

●

●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●

●

●●●●●●

0 100 200 300 400 500

−
2

−
1

0
1

2

Index j

F
itt

ed
 c

oe
ffi

ci
en

t β
j

Jan 21 2015 Controlling false discovery rate via knockoffs 6/36

Estimate FDP? ...



Subtlety of the selection problem

(Logistic) LASSO model

minb∈Rp − `(y; Xb) + λ‖b‖1

Sparse regression
Simulated data with n = 1500, p = 500.

Lasso fitted model for λ = 1.75:

●●●●●●●●●

●

●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●

●

●
●
●●●●●●●●●●

●
●●●●●●

●

●●●●●●●●●●●

●

●●●●●

●

●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●●●●

●

●●

●

●●●●●●●●●●●●●●

●

●●●●●●●●●●

●

●●
●

●

●●●●

●

●●●●●●

●

●●●●
●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●

●

●●●●●
●
●●●●●●●●●●●●●●●●●●●●●●

●

●

●●●●●●●●●●

●

●●●●

●
●

●

●

●●●●●●●●●●●●●●●●
●
●●●●●●●●●●●●●●●

●

●

●

●●●●●●●●●●●●●●●●

●

●●●●

●

●●●●●●●●●

●

●●●●●●●
●
●●

●

●●●●●●●●●●●

●

●●●●●●●●

●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●

●

●●●●●●●●●●●●●●

●

●

●●●●●●●●
●●

●

●●●●

●

●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●

●

●●●●●●

0 100 200 300 400 500

−
2

−
1

0
1

2

Index j

F
itt

ed
 c

oe
ffi

ci
en

t β
j

o

o False positive?

True positive?

Jan 21 2015 Controlling false discovery rate via knockoffs 7/36

Estimate FDP? ...



Subtlety of the selection problem

(Logistic) LASSO model

minb∈Rp − `(y; Xb) + λ‖b‖1

Sparse regression
Simulated data with n = 1500, p = 500.

Lasso fitted model for λ = 1.75:
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FDP = 26
55 = 47%

To estimate FDP, would need to calculate distribution of βλj for null j
(would need to know σ2, β?, . . . ). (Donoho et al 2009)
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Knockoffs

It’s not a name brand bag
just a cheap knockoff

Thesaurize.com

For each feature Xj , construct a knockoff version X̃j

The knockoffs serve as a “control group” ⇒ can estimate FDP
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Model-free knockoff variables

i.i.d. samples (X(i), Y (i)) ∼ FXY
Distribution of X known

Distribution of Y |X (likelihood) completely unknown

Originals X = (X1, . . . , Xp)

Knockoffs X̃ = (X̃1, . . . , X̃p)

(1) Pairwise exchangeability

(X, X̃)swap(S)
d
= (X, X̃)

e.g.

(X1, X2, X3, X̃1, X̃2, X̃3)swap({2,3})
d
= (X1, X̃2, X̃3, X̃1, X2, X3)

(2) X̃ ⊥⊥ Y |X (ignore Y when constructing knockoffs)

No need for new data or experiment
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Why?

Run same procedure on original and knockoff variables ‘serving as controls’

minb∈R2p − `(y; [X X̃] b) + λ‖b‖1

Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:
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I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features

Jan 21 2015 Controlling false discovery rate via knockoffs 15/36

Lasso selects 49 original features & 24 knockoff features
=⇒ probably ≈ 24 false positives among 49 original features



Why?

Run same procedure on original and knockoff variables ‘serving as controls’

minb∈R2p − `(y; [X X̃] b) + λ‖b‖1
Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:

●●●●●●●●●
●
●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●
●
●●●●●●

●

●●●●●●●●●●●

●

●●●●●

●

●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●●●●

●

●●

●

●●●●●●●●●●●●●●

●

●●●●●●●●●●

●

●●
●

●

●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●

●●●●●●●●●●

●

●●●●

●
●

●

●

●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●

●

●●●●

●

●●●●●●●●●

●

●●●●●●●

●

●●

●

●●●●●●●●●●●

●

●●●●●●●●

●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●

●

●●●●●●●●●●●●●●

●

●

●●●●
●
●●●●●

●

●●●●

●

●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●
●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●
●
●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●

●

●●●●●●●

●

●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●

●

●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●●●●●●●
●
●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●●

●

●●●●

●

●

●●●●●

500 original features 500 knockoff features

F
itt

ed
 c

oe
ffi

ci
en

t β
j

I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features

Jan 21 2015 Controlling false discovery rate via knockoffs 15/36

Lasso selects 49 original features & 24 knockoff features
=⇒ probably ≈ 24 false positives among 49 original features



Why?

(Z1, . . . , Zp︸ ︷︷ ︸
originals

, Z̃1, . . . , Z̃p︸ ︷︷ ︸
knockoffs

) = z([X, X̃], y)

Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:
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I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features

Jan 21 2015 Controlling false discovery rate via knockoffs 15/36

Swapping originals and knockoffs swaps the Z’s

(Z1,Z̃2,Z̃3,Z̃1,Z2,Z3)︷ ︸︸ ︷
(Z, Z̃)swap{2,3} = z([X, X̃]swap{2,3}, y)

Construct knockoffs

Why?

For a null feature Xj,

X>j y = X>j Xβ? + X>j z D= X̃>j Xβ? + X̃>j z = X̃>j y

Jan 21 2015 Controlling false discovery rate via knockoffs 12/36Theorem (C., Fan, Janson Lv (’16))

For any subset T ⊂ H0 of nulls (j ∈ H0 iff Y ⊥⊥ Xj |X-j)

(Z, Z̃)swap(T )
d
= (Z, Z̃)

This holds no matter the relationship between Y and X



Why?

(Z1, . . . , Zp︸ ︷︷ ︸
originals

, Z̃1, . . . , Z̃p︸ ︷︷ ︸
knockoffs

) = z([X, X̃], y)

Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:
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I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features

Jan 21 2015 Controlling false discovery rate via knockoffs 15/36

Swapping originals and knockoffs swaps the Z’s

(Z1,Z̃2,Z̃3,Z̃1,Z2,Z3)︷ ︸︸ ︷
(Z, Z̃)swap{2,3} = z([X, X̃]swap{2,3}, y)

Construct knockoffs

Why?

For a null feature Xj,

X>j y = X>j Xβ? + X>j z D= X̃>j Xβ? + X̃>j z = X̃>j y

Jan 21 2015 Controlling false discovery rate via knockoffs 12/36

Theorem (C., Fan, Janson Lv (’16))

For any subset T ⊂ H0 of nulls (j ∈ H0 iff Y ⊥⊥ Xj |X-j)

(Z, Z̃)swap(T )
d
= (Z, Z̃)

This holds no matter the relationship between Y and X



Why?

(Z1, . . . , Zp︸ ︷︷ ︸
originals

, Z̃1, . . . , Z̃p︸ ︷︷ ︸
knockoffs

) = z([X, X̃], y)

Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:
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I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features

Jan 21 2015 Controlling false discovery rate via knockoffs 15/36

Swapping originals and knockoffs swaps the Z’s

(Z1,Z̃2,Z̃3,Z̃1,Z2,Z3)︷ ︸︸ ︷
(Z, Z̃)swap{2,3} = z([X, X̃]swap{2,3}, y)

Construct knockoffs

Why?

For a null feature Xj,

X>j y = X>j Xβ? + X>j z D= X̃>j Xβ? + X̃>j z = X̃>j y

Jan 21 2015 Controlling false discovery rate via knockoffs 12/36Theorem (C., Fan, Janson Lv (’16))

For any subset T ⊂ H0 of nulls (j ∈ H0 iff Y ⊥⊥ Xj |X-j)

(Z, Z̃)swap(T )
d
= (Z, Z̃)

This holds no matter the relationship between Y and X



Exchangeability of the nulls



Dummy variables cannot serve as controls

Can knockoffs be replaced by permutations?

Let Xπ = X with rows randomly permuted. Then
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Feature importance statistics

(Z1, . . . , Zp︸ ︷︷ ︸
originals

, Z̃1, . . . , Z̃p︸ ︷︷ ︸
knockoffs

) = z([X, X̃], y)

Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:
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I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features

Jan 21 2015 Controlling false discovery rate via knockoffs 15/36

Statistics Wj (anti-symmetric)

Wj =Wj(Zj , Z̃j) Wj(Z̃j , Zj) = −Wj(Zj , Z̃j)

e.g. Wj = Zj − Z̃j

The null Wj ’s are symmetrically distributed

Conditional on |W |, the signs of the null Wj ’s are i.i.d. coin flips



Feature importance statistics

(Z1, . . . , Zp︸ ︷︷ ︸
originals

, Z̃1, . . . , Z̃p︸ ︷︷ ︸
knockoffs

) = z([X, X̃], y)

Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:
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I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features

Jan 21 2015 Controlling false discovery rate via knockoffs 15/36

Statistics Wj (anti-symmetric)

Wj =Wj(Zj , Z̃j) Wj(Z̃j , Zj) = −Wj(Zj , Z̃j)

e.g. Wj = Zj − Z̃j
The null Wj ’s are symmetrically distributed

Conditional on |W |, the signs of the null Wj ’s are i.i.d. coin flips



Feature importance statistics

(Z1, . . . , Zp︸ ︷︷ ︸
originals

, Z̃1, . . . , Z̃p︸ ︷︷ ︸
knockoffs

) = z([X, X̃], y)

Knockoff method

Fitted model for λ = 1.75 on the simulated dataset:
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I Lasso selects 49 original features & 24 knockoff features

I Pairwise exchangeability of the nulls
=⇒ probably ≈ 24 false positives among the 49 original features
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Knockoff estimate of FDR
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Selection
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Stop last time ratio between ’-’ and ’+’ below target FDR level
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Selection

Our selection

++____ +++__++

0 |W|

+++++...

Select ’+’s



FDR control

N±(t) = #{j : |Wj | ≥ t and sgn(Wj) = ±}

T = min

{
t : F̂DP(t) =

1+N−(t)

1 ∨N+(t)
≤ q
}

Ŝ = {Wj ≥ T}
t

Theorem
Knockoff

E
[

V

R+ q−1

]
≤ q V : # false positives

R : total # of selections

Knockoff+

E
[

V

R ∨ 1

]
≤ q
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Panning for gold

Thousands/millions of variables

No idea how response depends on all of these

Model-free knockoff filters controls FDR

FDR = E
# variables falsely selected

total # of selections

Pros:

No parameters

No p-values

Holds for finite samples

No matter the dependence between Y and X

No matter the dimensionality

Cons: Need to know something about the distribution of covariates
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Obstacles to obtaining p-values

Y |X ∼ Bernoulli(logit(X>β))

0

500

1000

1500

2000

0.00 0.25 0.50 0.75 1.00
P−Values

co
un

t

Global Null, AR(1) Design

0

500

1000

1500

2000

0.00 0.25 0.50 0.75 1.00
P−Values

co
un

t

20 Nonzero Coefficients, AR(1) Design

Figure: Distribution of null logistic regression p-values with n = 500 and p = 200



Some Examples



Power comparisons: logistic model with indep. covariates

Zj = |β̂j(λ̂CV)|
Wj = Zj − Z̃j

0.00

0.25

0.50

0.75

1.00

6 8 10
Coefficient Amplitude

P
ow

er

Methods
BHq Marginal
BHq Max Lik.
MF Knockoffs

Binomial Response, p = 1000
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Figure: Low-dimensional setting: n = 3000, p = 1000



Logistic model with dependent covariates
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Binomial Response, p = 6000
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Figure: High-dimensional setting: n = 3000, p = 6000



Linear model with dependent covariates
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Gaussian Response, p = 1000
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Figure: Low-dimensional setting: n = 3000, p = 1000



Summary, flexibility and adaptivity

When competition exists, found that knockoffs has higher power

Test statistic Wj(Zj , Z̃j) can be anything...

e.g. Zj =

absolute value of LASSO coeff.
or

some random forest feature importance
depending on which model has lower CV error
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Robustness

X is AR(1) and autocorrelation ρ = 0.3

ΣEC = (1− α)Σ+ αΣ̂
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Figure: High-dimensional logistic model with n = 800, p = 1500



Robustness

X is AR(1) and autocorrelation ρ = 0.3

ΣEC = (1− α)Σ+ αΣ̂

0.00

0.25

0.50

0.75

1.00

0.00 0.25 0.50 0.75 1.00
Weight on Estimated Covariance

P
ow

er

Methods
Empirical Covariance
Graphical Lasso

0.00

0.25

0.50

0.75

1.00

0.00 0.25 0.50 0.75 1.00
Weight on Estimated Covariance

F
D

R

Methods
Empirical Covariance
Graphical Lasso

Figure: High-dimensional logistic model with n = 800, p = 1500



Real Data Analysis



Genetic analysis of Crohn’s disease (CD)

Data provided by the Wellcome Trust Case Control Consortium (WTCCC)

n ≈ 5, 000 subjects

≈ 2, 000 CD patients
≈ 3, 000 healthy controls

p ≈ 400, 000 SNPs

Previously analyzed in WTCCC (2007)



Peek at the results

Model-free knockoffs with nominal FDR level of 10%

Power is much higher: WTCCC (’07) made 9 discoveries while knockoffs
made 18 on average

Quite a few of the discoveries made by knockoffs were confirmed by larger
GWAS (Franke et al., ’10) and were not discovered in WTCCC (’07)

Knockoffs made a number of discoveries not found in either WTCCC (’07) or
Franke et al. (’10)

Expect some (roughly 10%) of these to be false discoveries

It is likely that many of these correspond to true discoveries

Evidence from independent studies about adjacent genes shows some of
the top unconfirmed hits to be promising candidates
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Selection
frequency

SNP (Cluster Size) Chrom. Confirmed in
Franke et al.’10?

Selected in
WTCCC ’07?

100% rs11805303 (16) 1 Yes Yes

100% rs11209026 (2) 1 Yes Yes

100% rs6431654 (20) 2 Yes Yes

100% rs6601764 (1) 10 No No

100% rs7095491 (18) 10 Yes Yes

90% rs6688532 (33) 1 Yes No

90% rs17234657 (1) 5 Yes Yes

90% rs3135503 (16) 16 Yes Yes

80% rs9783122 (234) 10 No No

80% rs11627513 (7) 14 No No

60% rs4437159 (4) 3 No No

60% rs7768538 (1145) 6 Yes No

60% rs6500315 (4) 16 Yes Yes

60% rs2738758 (5) 20 Yes No

50% rs7726744 (46) 5 Yes Yes

50% rs4246045 (46) 5 Yes Yes

50% rs2390248 (13) 7 No No

50% rs7186163 (6) 16 Yes Yes

Table: SNP clusters discovered to be important for CD over 10 repetitions of knockoffs.
Clusters not found in Franke et al. (’10) represent promising sites, especially rs6601764
and rs4692386, whose nearest genes have been independendently linked to CD



Data analysis issues

(1) Covariance estimation

(2) Highly correlated SNPs

(3) Computational issues (knockoffs construction)

Covariance estimation

Methodology of Wen and Stephens (2010)

Shrink off-diagonal entries of empirical covariance matrix using genetic
distance info estimated from the HapMap CEU population

Second-order knockoffs assuming Σ̂ as population covariance
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High correlations

Hard to choose between two or more nearly-identical variables if the data supports
at least one of them being selected

SNPs



Clustering

SNPs

Cluster SNPs using estimated correlations as similarity measure and
single-linkage cutoff of 0.5
 settle for discovering important SNP clusters among 71,145 candidates

Cluster variables? Choose a representative SNP from each cluster
 approximate null: cluster rep ⊥⊥ Y | other reps

Which rep? Most significant SNP as computed on 20% of the samples

Safe data re-use (optimize power) as in Foygel Barber and C. (2016)
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represents 10 6= models with 6= X’s and Y ’s
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Selection
frequency

SNP (Cluster Size) Chrom. Confirmed in
Franke et al. ’10?

Selected in
WTCCC ’07?

100% rs11805303 (16) 1 Yes Yes

100% rs11209026 (2) 1 Yes Yes

100% rs6431654 (20) 2 Yes Yes

100% rs6601764 (1) 10 No No

100% rs7095491 (18) 10 Yes Yes

90% rs6688532 (33) 1 Yes No

90% rs17234657 (1) 5 Yes Yes

90% rs3135503 (16) 16 Yes Yes

80% rs9783122 (234) 10 No No

80% rs11627513 (7) 14 No No

60% rs4437159 (4) 3 No No

60% rs7768538 (1145) 6 Yes No

60% rs6500315 (4) 16 Yes Yes

60% rs2738758 (5) 20 Yes No

50% rs7726744 (46) 5 Yes Yes

50% rs4246045 (46) 5 Yes Yes

50% rs2390248 (13) 7 No No

50% rs7186163 (6) 16 Yes Yes

Table: SNP clusters discovered to be important for CD over 10 repetitions of knockoffs.
Clusters not found in Franke et al. (2010) represent promising sites, especially rs6601764
and rs4692386, whose nearest genes have been independendently linked to CD
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Gaussian knockoffs (X, X̃)swap(S)
d
= (X, X̃)

X ∼ N (µ,Σ)

=⇒ X̃ ∼ N (µ,Σ)

Possible solution

(X, X̃) ∼ N (∗, ∗∗) ∗ =
[
µ
µ

]
∗ ∗ =

[
Σ Σ− diag{s}

Σ− diag{s} Σ

]

s such that ∗∗ � 0

Given X, sample X̃ from X̃ |X (regression formula)

Different from knockoffs of Foygel Barber and C. (2015)

Must always have
EX = E X̃ Cov(X, X̃) = ∗∗

Knockoffs obeying this only −→ second-order knockoffs
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A general knockoff construction
(X, X̃)swap(S)

d
= (X, X̃)

Algorithm: Sequential Conditional Independent Pairs

j = 1 while j ≤ p do
Sample X̃j from law of Xj |X-j , X̃1:j−1
j = j + 1

end

e.g. p = 3

Sample X̃1 from X1 |X−1
Joint law of X, X̃1 is known

Sample X̃2 from X2 |X−2, X̃1

Joint law of X, X̃1:2 is known

Sample X̃3 from X3 |X−3, X̃1:2

Joint law of X, X̃ is known and is pairwise exchangeable!
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