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7Executive Summary

Executive Summary

T he National Association of Scholars (NAS) published four reports under the 
Shifting Sands: Keeping Count of Government Science project: PM2.5 Regulation 
(2021), Food Frequency Questionnaires (2022), Confounded Errors of Public 

Health Policy Response (2023), and Zombie Psychology, Implicit Bias Theory, and the 
Implicit Association Test (2024). These reports examined how irreproducible science 
affects select areas of government policy and regulation by different federal, state, 
and local agencies:

•	 The first report in 2021 focused on the field of environmental epidemi-
ology, which informs the U.S. Environmental Protection Agency’s (EPA) 
policies and regulations. 

•	 The second report in 2022 focused on the field of nutritional epidemiol-
ogy, which informs the U.S. Food and Drug Administration’s (FDA) policies 
and regulations. 

•	 The third report in 2023 focused on the country’s public health bureau-
crats’ grave mishandling of the federal government’s response to the 
COVID-19 pandemic. This included lapses by the Centers for Disease 
Control and Prevention (CDC) and the National Institutes of Health (NIH).

•	 The fourth report in 2024 focused on Implicit Bias theory, and the Implicit 
Association Test, which have informed a broad range of federal, state, and 
local statutes and regulations.

Government policies should be built on transparent and accountable research, 
typically claims made in papers. Regulations developed from these papers are 
meant to clear a high barrier of proof. The regulations should be based on repro-
ducible scientific research. All the Shifting Sands reports proceeded by applying a 
straightforward statistical examination of scientific studies used to justify govern-
ment policies. 

One statistical approach involved estimating the number of hypotheses tested 
in the studies to assess the potential for Multiple Testing and Multiple Modeling 
(MTMM) problems. The other statistical approach—p-value plotting—was used as 
a severe test to assess the validity (and reproducibility) of research claims made in 
these studies. 
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The Shifting Sands reports found strong evidence that the irreproducibility cri-
sis had affected all these bodies of research. This in turn had led to an irresponsi-
bility crisis of science policy in these agencies. In essence, the EPA, the FDA, the CDC, 
and a host of states and localities all have used irreproducible science to justify 
irresponsible science policy that imposes illiberal and economically burdensome 
regulations or statutes on the American people.

These failures are so widespread that they constitute a crisis of government, 
and not just a crisis of science. We believe that the irresponsibility crisis of science 
policy must be addressed by four categories of reforms, which are explained fur-
ther in the report:

1.	 Federal government agencies must make systematic changes to their 
regulatory and funding practices to remove the irreproducibility crisis 
from American science and the irresponsibility crisis from American 
government. These reforms will provide immediate solutions for the 
technical heart of the irreproducibility crisis and the irresponsibility 
crisis.

2.	 Federal and state policymakers must make systematic changes to 
American K-12 and undergraduate science and math education to ed-
ucate properly a new generation of American scientific professionals 
and informed citizens and policymakers. These reforms are intended 
to improve the training of American scientists to reduce a future gener-
ation’s tendency to engage in slipshod, politicized procedures that fuel 
the irreproducibility crisis.

3.	 Federal and state policymakers must end the arbitrary procedures of 
scientific research and scientific governmental regulation to preserve 
our liberty from arbitrary government. These reforms focus on aspects 
of the irresponsibility crisis that imperil Americans’ liberty, law, and 
self-government.

4.	 Policy institutes must dedicate themselves to science policy as a 
first-order priority, staff their institutes with personnel dedicated to 
science policy, and make science policy a priority. These reforms are 
meant to provide the political infrastructure that will make the other 
reforms possible.

Policymakers and citizens also should aim at major reform of the structure of 
the American university, to the federal government’s indirect cost funding formu-
las for university research, to prohibiting discrimination in the guise of illiberal 
programs and policies such as diversity, equity, and inclusion, and much more.
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The NAS urges America’s citizens, policymakers, and policy institutes to take up 
this challenge. Science and research procedures should be built on the solid rock of 
transparent, reproducible, and reproduced scientific inquiry, not on shifting sands. 
Likewise, science regulatory policy should be built on transparent and accountable 
procedures. Americans must dedicate themselves to the proper government of sci-
ence policy, to assure that they retain self-government.
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Introduction

A merica faces an irresponsibility crisis of science policy. Technocrats and rad-
ical activists embedded in government service have weaponized the pow-
ers delegated to federal science regulatory agencies, as well as the author-

ity accorded to putatively nonpartisan scientific experts. They do so by some mix-
ture of malice, self-righteousness, and self-deception. They advance their policy 
goals without transparency or accountability to elected policymakers or the public.

Radical activists and technocrats do not act solely via the realm of science pol-
icy. They seek to impose their policies by bureaucratic fiat in all aspects of govern-
ment. But science policy is uniquely vulnerable to the ambitions of radical activists. 
Pervasive politicized groupthink and scientists’ reliance on culpably negligent sta-
tistical procedures in their research have created the irreproducibility crisis of mod-
ern science,1 which produces masses of false positive research results.

Activist bureaucrats actively commission these false positive research results 
in a host of scientific and social scientific disciplines to justify the mass production 
of illiberal, radical regulations throughout the range of federal science regulatory 
agencies, as well as to justify state laws and local ordinances. Radical researchers 
and radical bureaucrats work in tandem to subordinate constitutional government 
and democratic accountability to arbitrary, unfounded assertions of scientific au-
thority. Scientific procedures ought to restrain arbitrary, ideological policymaking, 
but the corruptions of politicized groupthink and misused statistics instead facili-
tate it. American citizens, policymakers, and policy institutes must meet this chal-
lenge by means of an urgent program to institute comprehensive, coherent reform 
of American science policy.

The National Association of Scholars (NAS) came to this conclusion slow-
ly. We began by publishing The Irreproducibility Crisis of Modern Science: Causes, 
Consequences, and the Road to Reform (2018), which focused upon the nature of the 
irreproducibility crisis.2 We continued with our four-report project, Shifting Sands: 
Keeping Count of Government Science (2021-24), which examined how irreproducible 
science affects four select areas of government policy and regulation by different 
federal, state, and local agencies.

1	  Randall (2018).
2	  Randall (2018).
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•	 PM2.5 Regulation (2021) focused on irreproducible research in the field 
of environmental epidemiology, which informs the U.S. Environmental 
Protection Agency’s (EPA) policies and regulations.3

•	 Food Frequency Questionnaires (2022) turned to nutritional epidemiology, 
which informs the U.S. Food and Drug Administration’s (FDA) policies and 
regulations.4

•	 Confounded Errors of Public Health Policy Response (2023) analyzed public 
health policy response to the COVID-19 pandemic, which informs the poli-
cies of the U.S. Centers for Disease Control and Prevention (CDC) and the 
National Institutes of Health (NIH).5

•	 Zombie Psychology, Implicit Bias Theory, and the Implicit Association Test 
(2024) evaluated implicit bias research and the Implicit Attitude Test, 
which have informed a broad range of federal, state, and local statute 
and regulation.6

The Shifting Sands reports proceeded by applying a straightforward statistical 
examination of one or more meta-analyses. This process included counting the 
number of statistical hypotheses tests performed in representative papers from 
a meta-analysis and doing a p-value plot of the p-values from the papers used in 
the meta-analysis. The p-value plot is used as a visual check of the heterogeneity 
(dissimilarity) of test statistics (i.e., p-values) addressing the same research ques-
tion. This counting and p-value plotting process is applied to research in these four 
subject areas that had been used to justify government policies. MTMM provides a 
simple way to assess whether any body of research has been corrupted by the irre-
producibility crisis. The four Shifting Sands reports found strong evidence that the 
irreproducibility crisis had affected all these bodies of research. The EPA, the FDA, 
the CDC, and a host of states and localities all had imposed illiberal and economi-
cally burdensome regulations or statutes based upon insufficient scientific support.

These results matter tremendously in themselves. They also indicate a more 
deep-rooted problem. All these areas of science policy—policy informed and justi-
fied by scientific and social scientific research—had been distorted by different 
aspects of the irreproducibility crisis. Above all, researcher degrees of freedom had 
allowed false positive results to be taken for real scientific results and to set in mo-
tion vast governmental initiatives. Researcher degrees of freedoms supercharged 
the irreproducibility crisis in scientific research. Intervention degrees of freedom gave 

3	  Young (2021).
4	  Young (2022a).
5	  Young (2023).
6	  Young (2024).
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regulators the freedom to use easily manufactured false positive results to inter-
vene in any aspect of the economy, society, or culture.

Americans should not trust that regulators achieved good ends by sloppy means. 
The corollary to John Ioannidis’ conclusion that more than half of recently published scien-
tific research contains false conclusions7 is that more than half of government policies based 
on recently published scientific research are unjustified. 

Activist regulators don’t just use intervention degrees of freedom to impose eco-
nomically burdensome regulations via federal agencies such as the Environmental 
Protection Agency (EPA) or the Food and Drug Administration (FDA). They also pose 
severe dangers to American liberty, American law—and, ultimately, to America’s 
system of republican self-government.

Public health policy false positives, combined with the equally arbitrary use of 
mathematical modeling, contributed heavily to a massive and unnecessary lock-
down of the country during the COVID-19 pandemic. The lockdown combined pun-
ishing economic damage with pervasive and severe abridgements of individual lib-
erty at the federal, state, and local levels. Public health policy experts also decided 
that public health policy should include changing public attitudes toward public 
health policy. In other words, government bureaucrats sought to manufacture con-
sent for their policies rather than to submit them to the judgment of the American 
people, and they labeled their technocratic propaganda as “public health policy.” 
The bureaucrats combined authoritarianism with dysfunction. They engaged in 
this end-run around democratic accountability on behalf of scientifically unsub-
stantiated, mistaken, and practically disastrous policies.

Social psychology false positives in the field of implicit bias research, mean-
while, have justified “diversity training programs” that smack of re-education 
camps. Radical advocates have begun to propose initiatives justified by implicit bias 
theory to assault the legal bulwarks of liberty—individual responsibility and the 
presumption of innocence. They are working to impose implicit bias theory on the 
judiciary, juries, court personnel, lawyers, and police, so that every component of 
our judicial and law enforcement systems imposes a prejudgment of “bias” substan-
tiated by nothing more than statistical false positives. They use the same theory to 
try to impose the arbitrary discrimination of “equity” in every aspect of the law.

Intervention degrees of freedom, in other words, means an unaccountable elite’s 
freedom to impose its preferred policies without accountability to the Constitution, 
the law, America’s elected representatives, or the voters. This elite of progressive 
activists and technocratic bureaucrats exploits the irreproducibility crisis by man-
ufacturing false positive results to justify calling their policy goals “scientific.” 

7	  Ioannidis (2005).
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Scientists’ refusal to submit their research to scientific tests of transparency and 
accountability accompanies bureaucrats’ refusal to submit scientific policy to po-
litical tests of transparency and accountability.

Irreproducible science creates unaccountable government.
Careless statistical reasoning also aligns deeply with careless political rea-

soning. Scientists who seek statistical associations, shorn of evidence for direct 
causation, work easily with activists who champion policies based on statistical 
associations, shorn of respect for individual liberty and individual justice. The ir-
reproducibility crisis erodes scientific standards and the policy crisis erodes stan-
dards of liberty. The professional-administrative elite, deeply marinated in pro-
gressive ideology, has fused these crises by its arrogation of power.

And this elite is progressive. Groupthink (“a psychological drive for consensus 
at any cost that suppresses dissent and appraisal of alternatives in cohesive deci-
sion making groups”8) is a central component of the irreproducibility crisis and it is 
progressive political groupthink that has seized control of the scientific world. No 
ideology is immune to political groupthink, but scientists are overwhelmingly pro-
gressive. The groupthink that deforms their scientific conduct therefore includes a 
predilection for government intervention, congenital mistrust of business, environ-
mentalist ideology, radically egalitarian identity politics, and “equity.”

Groupthink includes self-deception, so we cannot tell whether the radical pro-
fessional-administrative elite consciously exploited the irreproducibility crisis to 
achieve its political aims. It does not matter in the end. Consciously or unconscious-
ly, this ideological, irresponsible, and incompetent elite in the universities and the 
government now regularly initiates research programs whose sloppy procedures 
guarantee the false positive results that will justify more government policies that 
harm our prosperity and our liberty. The elite’s motivations do not matter. Their 
actions endanger not only the integrity of scientific research but also our freedom. 
They must be stopped, even if they just act from an incompetence more dangerous 
than malice.

False Positives provides a policy-oriented conclusion to our Shifting Sands reports 
by outlining Policy Recommendations for how to address the irresponsibility crisis 
of science policy. First, however, we will summarize the substance of NAS’s Shifting 
Sands reports—the nature of the irreproducibility crisis, the procedures we used 
to evaluate scientific research that informs government policy, the histories of the 
disciplines and agencies we have investigated, and the results of our investigations. 
The Shifting Sands reports present these results at far greater level of detail. Here 
we provide a digest of their substance to explain and to justify this report’s conclu-
sions and recommendations. 

8	  Janis (1982).



14 Shifting Sands: False Positives

A radical elite’s use of the spurious methods of irreproducible science to dam-
age our prosperity and dismantle our liberty poses a grave challenge to Americans. 
We must pursue these reforms immediately and urgently if we wish to preserve our 
freedom and our welfare. We must free ourselves from arbitrary science to free 
ourselves from arbitrary government.
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The Irreproducibility Crisis

T he validation of scientific truth requires replication or reproduction. 
Replicability, most applicable to the laboratory sciences, most commonly 
refers to obtaining an experiment’s results in an independent study, by a 

different investigator with different data. Reproducibility, most applicable to the 
observational sciences, refers to different investigators using the same data, meth-
ods, and/or computer code to reach the same conclusion.9 Reproducibility includes 
methods reproducibility, results reproducibility, and inferential reproducibility.10 
Scientific knowledge only accrues as multiple independent investigators replicate 
and reproduce one another’s work.

Yet today the scientific process of replication and reproduction no longer works 
properly. A vast proportion of the scientific claims in published literature have not 
been replicated or reproduced. Researchers credibly estimate that a majority of 
these claims cannot be replicated or reproduced—that they are, in fact, false.11 An 
extraordinary number of scientific and social-scientific disciplines no longer reli-
ably produce true results—a state of affairs commonly referred to as the irreproduc-
ibility crisis (reproducibility crisis, replication crisis). A substantial majority of 1,500 
active scientists recently surveyed by Nature called the current situation a crisis. 
52% judged the situation a major crisis and another 38% judged it “only” a minor cri-
sis.12 The increasingly degraded ordinary procedures of modern science display the 
symptoms of catastrophic failure.13

The scientific world’s dysfunctional professional incentives contributed sub-
stantially to this catastrophic failure. University researchers who publish exciting 
new results secure tenure, promotion, lateral moves to more prestigious universi-
ties, salary increases, grants, professional reputation, and public esteem. The same 
incentives affect journal editors, who receive acclaim for their journal, and person-
al reputational awards, by publishing exciting new research—even if they have not 
vetted that research thoroughly.14 Grantors want to fund the same sort of exciting 

9	  NASEM (2016); NASEM (2019); Nosek (2020); Pellizzari (2017).
10	  Goodman (2016).
11	  Halsey (2015); Ioannidis (2005); Randall (2018).
12	  Baker (2016).
13	  Archer (2020); Chawla (2020); Coleman (2019); Engber (2017); Gobry (2016); Hennen (2019); Herold (2018); Ioannidis (2005); 

Manuel (2019); NASEM (2019); Randall (2018); Yong (2018); Young (2018); Zeeman (1976); Zimring (2019).
14	  Ritchie (2020).
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research—and government funders have the added incentive that exciting research 
with positive results also supports the expansion of their organizational mission.15 
American university administrations want to host grant-winning research, from 
which they profit by receiving “overhead” costs—frequently a majority of overall 
research grant costs.16

All these incentives reward published research with new, positive claims—but not 
reproducible research. Researchers, editors, grantors, bureaucrats, university ad-
ministrations—each has an incentive to seek out the exciting new research that 
draws money, status, and power, but they have few or no incentives to double-check 
their work. Above all, they have little incentive to reproduce their research, to check 
that the exciting claim holds up—because if it does not, they will lose money, status, 
and prestige. Each member of the scientific research system, seeking to serve his 
own interest, acts in ways guaranteed to inflate the production of exciting, but false, 
research claims in peer-reviewed publications.

The scientific world’s incentives to publish exciting research rather than repro-
ducible research drastically affect which research scientists submit for publica-
tion. Scientists who try to build their careers on checking old findings or publishing 
negative results are unlikely to achieve professional success. The result is that sci-
entists simply do not submit negative results for publication. Some negative results 
go to the file drawer. Others somehow turn into positive results as researchers, con-
sciously or unconsciously, massage their data and their analyses. Neither do they 
perform or publish many replication studies, since the scientific world’s incentives 
do not reward those activities either.17

We can quantify this skew by measuring publication bias—the skew in published 
research toward positive results compared with results present in the unpublished 
literature.18 A body of scientific literature ought to have a large number of negative 
results, or results with mixed and inconclusive results. When we examine a given 
body of literature and find an overwhelmingly large number of positive results, es-
pecially when we check it against the unpublished literature and find a larger num-
ber of negative results, we have evidence that the discipline’s professional literature 
is skewed to magnify positive effects, or even create them out of whole cloth.19

As far back as 1987, a study of the medical literature on clinical trials showed 
a publication bias toward positive results: “Of the 178 completed unpublished ran-
domized controlled trials (RCTs)20 with a trend specified, 26 (14%) favored the new 

15	  Lilienfeld (2017); Martino (2017).
16	  Cordes (1998); Kaiser (2017); Roche (1994).
17	  Randall (2018); Ritchie (2020).
18	  Olson (2002); Nissen (2016); Randall (2018).
19	  Chambers (2017); Harris (2017); Hubbard (2015); Ritchie (2020).
20	  We use RCTs to refer both to “randomized controlled trials” and to “randomized clinical trials”; both terms are common in 

the literature, and they are roughly equivalent. 
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therapy compared to 423 of 767 (55%) published reports.”21 Later studies provide fur-
ther evidence that the phenomenon affects an extraordinarily wide range of fields, 
including the social sciences generally;22 climate science;23 psychology;24 sociology;25 
research on drug education;26 and research on “mindfulness-based mental health 
interventions.”27 

Publication bias especially leads to a skew in favor of research that erroneous-
ly claims to have discovered a statistically significant relationship in its data. An 
extraordinary number of disciplines have shifted toward depending on statistical 
operations, and research that depends upon statistical operations is peculiarly sub-
ject to p-hacking.

P-hacking involves the relentless search for statistical significance and comes in 
many forms, including multiple testing and multiple modeling without appropriate 
statistical correction.28 It enables researchers to find nominally statistically signifi-
cant results even when there is no real effect; to convert a fluke, false positive into a 
“statistically significant” result.29 Irreproducible research hypotheses produced by 
p-hacking send whole disciplines chasing down rabbit holes. For unscrupulous ad-
vocates and researchers who seek to game the system and secure a published result 
regardless of its truth value, p-hacking is a feature not a bug.

Political groupthink, as mentioned above, compounds the effects of scientific 
professional culture and the careless use of statistical procedures. Political group-
think, the professional culture of modern scientists, and the shift across an extraor-
dinary number of disciplines towards statistical procedures jointly have created 
the irreproducibility crisis. 

We can define the irreproducibility crisis as a professional culture deformed by 
political groupthink whose incentives and slipshod procedures allow the regular 
practice of p-hacking without check or consequence.

21	  Dickersin (1987).
22	  Franco (2014).
23	  Michaels (2008).
24	  Kühberger (2014).
25	  Gerber (2008).
26	  McCambridge (2007).
27	  Coronado-Montoya (2016). Some meta-researchers prefer to regard the current state of affairs as an “irreproducibility chal-

lenge.” Fanelli (2018).
28	  Ellenberg (2014); Hubbard (2015); Chambers (2017); Harris (2017); Streiner (2018).
29	  Boffetta (2008); Ioannidis (2011); McLaughlin (2013); Simonsohn (2014).
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P-value Plotting: A Severe 
Test for Publication Bias, 
P-hacking, and HARKing

A standard form of p-hacking is for a researcher to run statistical analyses 
until a statistically significant result appears—and publish the one (like-
ly spurious) result. When researchers ask hundreds of questions, when 

they are free to use any number of statistical models to analyze associations, it is 
all too easy to engage in this form of p-hacking. In general, research based on multi-
ple analyses of large complex data sets is especially susceptible to p-hacking, since 
a researcher can easily produce a p-value < 0.05 by chance alone.30 Research that 
relies on combining large numbers of questions and computing multiple models is 
known as Multiple Testing and Multiple Modeling.31

The authors of the Shifting Sands reports used p-value plotting, a visual form of 
Multiple Testing and Multiple Modeling (MTMM) analysis, as a way to demonstrate 
weaknesses in different fields and government agencies’ use of meta-analyses.

Government agencies frequently rely on meta-analyses, statistical analyses 
that combine the results of multiple scientific studies. The formal meta-analysis 
process is strictly analytic. It computes an overall statistic for those test statistics 
combined, whereupon scientists make a research claim from the overall statistic. 
The meta-analysis computational method is flawed, given that “if there is some gar-
bage in, then there is only garbage out.”32

Revealing the presence of MTMM identifies a need for statistical corrections 
when large numbers of questions and models are used to analyze data sets. MTMM, 
also referred to multiplicity and multiple comparisons in literature, is a statistical 
analysis strategy that regularly produces large numbers of false positive statistically 
significant results. P-value plotting assesses heterogeneity (dissimilarity) of the test 
statistics combined in meta-analysis to infer whether “garbage” research is pres-
ent. When applied to meta-analyses, MTMM analysis and p-value plotting allows 

30	  Chambers (2017); Glaeser (2006); Harris (2017); Hubbard (2015); Ritchie (2020); Westfall (1993).
31	  Westfall (1993).
32	  Nelson (2018).
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researchers to detect the irreproducible meta-analyses produced from irreproduc-
ible base studies—and, therefore, to provide strong evidence that government regulation 
or statute has been based on scientifically unfounded research. 

P-value plotting can determine by a visual presentation whether a body of lit-
erature is really revealing a null result for a statistical relation between a cause 
and an outcome, which has been cherry picked to justify government regulation or 
statute. P-value plotting also can detect heterogenous p-values—a body of research 
that has been distorted by questionable research practices such as publication bias 
(evidence of “missing papers” in a body of research which would have presented 
negative evidence), p-hacking, and/or HARKing (to hypothesize after the results are 
known—to look at the data first and then come up with a hypothesis that has a sta-
tistically significant result). P-value plotting provides evidence of corrupted base 
studies used in a meta-analysis, which therefore have rendered the meta-analysis 
unreliable.

P-value plotting is not the only means available by which to detect question-
able research procedures. Scientists have come up with a broad variety of statis-
tical tests to account for frailties in base studies as they compute meta-analyses. 
Unfortunately, questionable research procedures in base studies severely degrade 
the utility of the existing means of detection.33 The Shifting Sands authors used p-val-
ue plotting not as the first means to detect HARKing and p-hacking in meta-analy-
ses, but as a better means than alternatives which have proven ineffective.34

Scientists generally are at least theoretically aware of the dangers posed by 
publication bias, p-hacking, and HARKing, but they have done far too little to cor-
rect their professional practices. Stroup et al., for example, provided a proposal 
for reporting meta-analysis of observational studies in epidemiology.35 This pro-
posal is frequently referred to in published literature—16,676 Google Scholar cita-
tions as of November 5, 2021.36 Yet Stroup et al. made no mention of observational 
studies’ MTMM problem and offered no recommendation to control for MTMM. 
Epidemiologists, for example, are usually silent about MTMM, but when they do 
address the subject, they often are adamant that no correction for MTMM is neces-
sary.37 To our knowledge, no epidemiological article, institutional statement, or gov-
ernment regulation has prescribed a MTMM correction for observational studies or 
directed meta-analysis researchers to account for MTMM bias.

33	  Carter (2019).
34	  For a longer explanation of Multiple Testing Multiple Modeling and of statistical significance, see Young (2022a), Appendix 

1 and Appendix 2.
35	  Stroup (2000).
36	  GS (2021).
37	  Rothman (1990).
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Methods to adjust for MTMM have existed for decades. The Bonferroni meth-
od simply adjusted the p-value by multiplying the p-value by the number of tests. 
Westfall and Young provided a simulation-based method for correcting an analysis 
for MTMM.38 The Shifting Sands authors applied this method to disciplines that have 
persistently failed to incorporate these known methods of correction into their 
standard operating procedures.

38	  Benjamini (1995); Westfall (1993).
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Four Distorted Disciplines

T he four Shifting Sands reports investigated environmental epidemiology, nu-
tritional epidemiology, epidemiological public health policy, and psychology’s im-
plicit bias research, and the government entities that have based their poli-

cies on these bodies of research. These four disciplines vary broadly in their subject 
matter and their procedures, but all partake in the statistical revolution. All four 
disciplines, in other words, now establish statistical associations to “prove” a suffi-
cient justification for government action.

Deeper philosophical and methodological critiques pose fundamental ob-
jections to the substitution of statistical association for causal mechanisms. The 
Shifting Sands reports, however, focused on the insufficient controls of this practice. 
Scientists theoretically know that they should apply rigorous controls on statistical 
tests, but in practice researchers in all these disciplines have set up default proce-
dures that facilitate the regular manufacture of false positive results that justify 
assertive government policy.

Here we outline for each of these four disciplines a sketch of how it became 
dominated by statistical methodology, how these methodologies were adopted by 
government agencies, some of the consequences of governmental policy, and the re-
sults of our technical studies into select meta-analyses used to substantiate specific 
government policies. These outlines summarize the four Shifting Sands reports, and 
the published technical studies that formed the basis for the Shifting Sands reports. 

We provide these outlines to orient readers about the history and the nature of 
these disciplines, and to suggest the scope and the stakes of government policy in 
these areas. We also provide these outlines to provide a sufficient justification for 
the reforms we recommend at the conclusion of this report. We have not investigat-
ed every scientific and social scientific discipline that informs government policy, 
nor every one of extraordinarily large number of regulations and laws based on sci-
entific and social scientific research. We believe we have investigated a represen-
tative and significant sample. We provide these four narratives of environmental 
epidemiology, nutritional epidemiology, epidemiological public health policy, and 
psychology’s implicit bias research, and our four specific technical investigations, 
to substantiate our general policy recommendations.
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Environmental Epidemiology: PM2.5 Regulation
A series of local and state regulatory initiatives, particularly in Los Angeles 

and California, led to the establishment in 1963 of a federal regulatory structure 
for environmental protection—The Clean Air Act. This was followed by further 
federal measures, notably the Motor Vehicle Control Act (1965), the Clean Air Act 
Amendments (1966), the Air Quality Act (1967), the Clean Air Act Amendments 
(1970), and the establishment of the Environmental Protection Agency (1970). These 
collectively, but particularly the last two, set the ground rules for the regulatory 
structure that has persisted to the present day.39 

The Environmental Protection Agency (EPA) must develop air quality criteria 
for specific airborne components, informed by expert opinion, and describe their 
effects singly and in combination on the health and welfare of American citizens. 
The EPA must set National Ambient Air Quality Standards (NAAQS), as a yardstick 
by which states and localities can measure their own air quality, and as a legal re-
quirement to enforce reduction of airborne components. The EPA coordinates with 
different federal government departments, such as the Office of Management and 
Budget (OMB) and the Council on Environmental Quality (CEQ), but it plays the lead-
ing role.40

The EPA imposed increasingly restrictive regulations and regularly updated 
NAAQS. These required data accumulation on both air quality and on health effects, 
forwarded by the EPA’s sponsorship of research that would underpin the emerg-
ing regulations. The EPA only shifted from regulation of Total Suspended Particles 
(TSP) to PM10 in 1987. It did not regulate PM2.5 (particulate matter less than 2.5 mi-
crons in width) explicitly until 1997. The EPA is far older than its current particulate 
matter regulatory regime.41

The current regulations depend on statistical analysis. The EPA and environ-
mental epidemiologists, as a discipline, have not established direct causal biological 
mechanisms that link air components and health outcomes42—save for freak condi-
tions such as prevailed in the Meuse Valley (1930), Donora (1948), and London (1952).43 
Rather, they have relied on statistical analyses to discern significant associations be-
tween air components and health outcomes. These associations provide the “proof” 
that an air component, alone or in association with other elements, causes damage 
to health and to the economy. The debate about whether or not the EPA should make 
a particular regulatory decision raises questions central to the irreproducibility 

39	  Bachmann (2007).
40	  Bachmann (2007).
41	  Bachmann (2007); Cao (2013).
42	  CASAC (2019); Cox (2017).
43	  Milloy (2016); Nemery (2001).
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crisis—data accuracy, research protocols, statistical analyses, publication bias, 
sponsorship bias, etc.

Environmental epidemiological researchers regularly engage in massive hy-
pothesis tests without making Multiple Testing and Multiple Modeling (MTMM) 
statistical corrections. These tests have associated air quality components with a 
remarkable number of possible adverse health effects. 

These possible, but not proven, effects include but are not limited to: all-cause 
mortality; cause-specific mortality; all-cause morbidity; low birth weight; miscar-
riage; COPD exacerbation; inflammation; pulmonary complication; autism; obesity; 
depression; atopic dermatitis; impaired vestibular function (sense of balance); met-
abolic disorders; suicide, mental health and well-being; ADHD (Attention Deficit/
Hyperactivity Disorder); respiratory complication; pneumonia and acute respira-
tory infection; reproductive outcomes; high blood pressure; lung and other cancers; 
and accelerated brain aging.44 

The costs of insufficiently substantiated regulation can become exorbitant. As a 
recent example, consider estimated costs requiring ships to use “cleaner fuel” with 
less sulfur, so as to reduce SO2 emissions.45 The EPA argues that the move to low-sul-
fur ship fuel could save up to 14,000 American and Canadian lives every year. The 
inferred health-related benefits are estimated to be as much as US$110 billion/year 
in 2020. The EU claims these regulations will prevent 50,000 premature deaths. On 
the other hand, the cost of these regulations is estimated at US$3.2 billion/year in 
2020 and may rise to a total of one trillion dollars through the year 2050.46 Yet a 
growing body of research fails to support the EPA and the EU’s mortality claims.47 
This research provides evidence that SO2 in ambient air has no significant associ-
ation with mortality,48 heart attacks,49 asthma,50 or lung cancer.51 Americans may 
be paying up to $1 trillion dollars to satisfy a regulation with no real scientific 
foundation.

The EPA issues an extraordinary number of regulations, which affect every area 
of the economy and constrict everyday freedoms. If the long-term cost of one regu-
lation on one industry amounts to one trillion dollars, the cost of many regulations 
on every industry is uncountable trillions. The EPA should only impose such costly 
regulations using fully reproducible science that has survived a battery of severe 
tests.

44	  Samet (2019).
45	  Cuff (2016); IMO (2020); Tapaninen (2020).
46	  Paris (2020).
47	  Young (2017).
48	  Milojevic (2014); Young (2017).
49	  Young (2019a).
50	  Kindzierski (2021); Young (2019b).
51	  Acharjee (2017); Young (2020).
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We note here a conundrum. By an extraordinary number of indicators, 
Americans’ general health has risen remarkably over the last several generations.52 
The gravest recent harm to Americans’ life expectancy has been the opioid epi-
demic, concentrated among poor Americans—an effect entirely unrelated to the 
remit of the EPA.53 Yet the EPA produces an ever-lengthening catalogue of studies 
of things that harm Americans’ health.54 Feinstein charged as far back as 1988 that 
much of the research suggesting specific health-harms must be the result of misuse 
of statistics and computers, data dredging to produce dire literature of statistical-
ly significant effects that square badly with evidence of general improvements in 
health and life expectancy.55 

More narrowly, the EPA constructed its PM2.5 regulation from 1997 to the pres-
ent day upon a series of studies in the generation from the 1970s to the 1990s that 
sought to establish: 1) significant associations between PM2.5 and various health ef-
fects; and 2) that the health effects were themselves substantial enough to justify 
EPA regulation.56 The regulation from 1997 onward relied on research drawn from 
the famous Harvard Six Cities and American Cancer Society (ACS) studies—whose 
original data, on claimed grounds of privacy and confidentiality, have never been 
made transparently available to other researchers for reproduction or critique.57

We may note here that data for environmental epidemiology is difficult to col-
lect—it is an observational science rather than a laboratory one, and one that re-
quires data sets of hundreds of thousands of individuals, sometimes collected over 
decades, to make any sort of definitive statement. The EPA delayed more rigorous 
regulation of PM2.5 for a generation precisely so as to assemble a data set that they 
thought would justify such regulation. The EPA and its advocates argue that the dif-
ficulty of collecting such data justifies allowing the EPA to base regulation on inac-
cessible data.

However, it is precisely because the data are so difficult to collect that it is vital 
to have access to the one available data set, so that it may be subjected to a battery 
of rigorous tests to see if the analysis is sound. The burden of proof for transpar-
ency and reproducibility lies with the research the EPA uses as the basis for its 
regulations.

When EPA regulation is based on inaccessible data, there are numerous po-
tential weaknesses. We cannot fully account for interaction effects—the effects 
of “confounding” variables on health effects, such as temperature,58 atmospheric 

52	  Woolf (2019).
53	  Gold (2020).
54	  E.g., EPA (2011).
55	  Feinstein (1988).
56	  Cao (2013).
57	  Dockery (1993); Pope (1995); and note especially the critique in Enstrom (2017).
58	  Cox (2012).
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inversion, or varying demographic predispositions to sickness and mortality.59 We 
cannot examine the base information itself for reliability. Death certificates, for 
example, are not entirely reliable sources of information.60 Neither do we possess 
the data that can begin to allow us to determine what are the precise causal mech-
anisms—the biological mechanisms—by which an airborne component actually in-
duces a health risk.61

The Harvard Six Cities/ACS data that underpin the Dockery/Pope research 
on air quality causing premature deaths (mortality) has never been subjected to 
Multiple Testing and Multiple Modeling (MTMM), even though an adjustment for 
MTMM with the widely-used SAS statistical software could easily be applied to the 
data.62 Since Dockery and Pope never made their air quality−death data publicly 
available, no independent, critical researcher can subject the Harvard Six Cities/
ACS data to the severe test of MTMM. Since analysis of newer and much larger data 
sets has found no effects of air quality on mortality, skepticism about the Dockery/
Pope results is warranted.63

Researchers would prefer to analyze the EPA’s PM2.5 policy by scrutinizing the 
data underlying the Harvard Six Cities/ACS studies. Unfortunately, the data’s own-
ers have barred public access on the claimed grounds of privacy and confidenti-
ality. In our first Shifting Sands report, therefore, the authors applied the MTMM 
method to portions of the meta-analyses of research underlying the Environmental 
Protection Agency’s (EPA) PM2.5 regulations—the regulations based upon research 
affirming that particulate matter smaller than 2.5 microns in diameter has a dele-
terious effect on human health. The authors found that there was indeed strong ev-
idence that these meta-analyses had been affected by publication bias, p-hacking, 
and/or HARKing. 

In our first Shifting Sands report, the authors conducted four technical investiga-
tions about associations between fine particulate matter (PM2.5) (and in some cas-
es other air quality components) in ambient air with various health effects. These 
effects include all-cause mortality, heart attacks and two asthma effects— devel-
opment of asthma and asthma attacks. They approached these investigations by 
focusing on meta-analyses that ask the specific question whether inferred exposure 
to PM2.5 (and other air quality components) is associated with increases in all-cause mor-
tality, heart attacks and asthma. P-value plots for all four technical studies revealed 
heterogenous sets of p-values—in visual terms, bilinear patterns.

59	  CASAC (2019).
60	  Goldacre (1993).
61	  CASAC (2019). For more discussion about current status of unanswered PM2.5-mortality causal mechanisms and several 

negative studies that invalidate PM2.5-mortality causation, see Young (2021), Appendix 4: PM2.5−Mortality Causality—In-
complete Evidence. This evidence, drawn from published literature, does not support a PM2.5-mortality causal mechanism.

62	  Westfall (1993).
63	  Greven (2011); Milojevic (2014); Young (2017).
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These results provide strong statistical evidence that the EPA has developed 
policy and regulated PM2.5 based upon a field of epidemiology research substan-
tially affected by some combination of sampling bias, publication bias, p-hacking 
and/or HARKing.6465

The EPA, in other words, may have imposed trillions of dollars of costs on the 
American economy based upon irreproducible science.

Nutritional Epidemiology: Red and Processed 
Meats and Soy Protein

After World War II, and particularly in the aftermath of the Thalidomide scandal 
of the later 1950s and early 1960s, the United States Food and Drug Administration’s 
(FDA) mandate to enforce drug safety prompted it to adopt rigorous requirements 

64	 Orellano (2020), Appendix A, Figure A.5.
65	 Anderson (2013); Young (2022b)
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P-value plots, Six air quality components, Air 
quality−heart attack meta-analysis

P-value plots, Six air quality components, Air 
quality−asthma attack meta-analysis

Note: solid circles (●) are NO2 p-values; open circles (o) are PM2.5 
p-values).
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for study design, centered upon the gold standard of the randomized clinical trial, and 
equally rigorous requirements for statistical analyses of the data. It adopted these 
techniques to fulfil the somewhat vague legislative mandate to assess “substantial 
evidence” by means of “adequate and well-controlled studies.” The FDA chose these 
techniques partly for their technical efficacy and partly because they would pass 
judicial muster when private manufacturers submitted legal challenges to the sci-
entific validity of FDA regulations.66 

Since the 1960s, the FDA has reviewed its study design and statistical analysis 
standards regularly. In collaboration with private industry and academic research-
ers, it has updated them to match the evolving best practices of scientific research.67

The FDA now requires that foods (except for meat from livestock, poultry and 
some egg products, which are regulated by the U.S. Department of Agriculture) be 
safe, wholesome, sanitary, and properly labeled.68 The FDA’s labeling requirements 
include mention of health claims that characterize the relationship between a sub-
stance (e.g., a food or food component) and a health benefit, a disease (e.g., cancer 
or cardiovascular disease), or a health condition (e.g., high blood pressure).69 These 
health claims, whether for good or for ill, must survive an FDA assessment based on 
rigorous study design and valid statistical analysis. The FDA articulates its regu-
latory requirements by means of a lengthy catalog of highly detailed Guidance 
Documents.70 

FDA regulatory requirements necessitate that evidence to support a health claim 
should be based on studies in humans.71 The randomized controlled trial (RCT), 
especially the randomized, placebo-controlled, double-blind intervention study, 
provides the strongest evidence among studies in humans.72 The best RCT certainly 
trumps the best observational study—and one might argue that a very indifferent 
RCT is still superior to the best observational study.73 Yet not all intervention stud-
ies on food and food components are RCTs, and frequently an RCT is unavailable 
and/or impractical. In these cases, the FDA must rely on lower-quality observation-
al studies. It relies especially on cohort studies, dependent on dietary assessments 
based on FFQ analyses, and now pervasive in nutritional epidemiology.74

66	  Junod (2008).
67	  Junod (2008).
68	  U.S. FDA (2021).
69	  Kavanaugh (2007).
70	  E.g., U.S. Food and Drug Administration Guidance Documents (2006); U.S. Food and Drug Administration Guidance 

Documents (2009).
71	  U.S. Food and Drug Administration Guidance Documents (2009).
72	  Schneeman (2007).
73	  Barton (2000). RCTs do not as yet standardly account for the latest research, which is broadening our knowledge of the 

substantial individual and group variation in response to nutritional substances. Cecil and Barton (2020).
74	  Byers (1999); Freudenheim (1999); Prentice (2010); Sempos (1999).
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The discipline of nutritional epidemiology plays a vital role in the FDA’s labeling 
requirements. The FDA uses nutritional epidemiology to provide compelling scien-
tific information to support its nutrition recommendations and more coercive regu-
lations.75 Nutritional epidemiology applies epidemiological methods to the study at 
the population level of the effect of diet on health and disease in humans. Nutritional 
epidemiologists base most of their inferences about the role of diet (i.e., foods and 
nutrients) in causing or preventing chronic diseases on observational studies.

From the 1980s onward, the increase of computing capabilities facilitated the 
application of essentially retrospective self-administered dietary assessment in-
struments—the semi-quantitative food frequency questionnaire (FFQ).76 FFQs, 
which are easy to use, place low burdens on participants, and allegedly capture 
long-term dietary intake, have become the most common method by which scien-
tists measure dietary intake in large observational study populations.77 

Nutritional epidemiology suffers many weaknesses. Critics have long noted 
that nutritional epidemiology relies predominantly on observational data, which 
researchers generally judge to be less reliable than experimental data, and that 
this generally weakens its ability to establish causality.78 The discipline’s research 
findings are also afflicted by frequent alterations of study design, data acquisition 
methods, statistical analysis techniques, and reporting of results.79 Selective re-
porting proliferates in published observational studies; researchers routinely test 
many questions and models during a study, and then only report results that are 
interesting (i.e., statistically significant).80 

FDA Guidance Documents acknowledge the shortcomings of food consumption 
surveys, including FFQs, and generally note that observational studies are less re-
liable than intervention studies—but still allow FFQs to inform FDA regulations.81 
And even published assessments of shortcomings in nutritional epidemiology pro-
cedures82 usually overlook the problems posed by multiple analysis.

The FDA does acknowledge some dangers from multiplicity analysis, notably 
in its Multiple Endpoints in Clinical Trials Guidance for Industry.83 Yet nutritional epi-
demiology suffers from the type of flawed statistical analysis that predictably and 
chronically inflates claims of statistical significance by failing to adjust for MTMM 

75	  Kavanaugh (2007).
76	  Boeing (2013).
77	  Boeing (2013); Satija (2015).
78	  Satija (2015). Causal criteria in nutritional epidemiology include consistency, strength of association, dose response, plau-

sibility, and temporality. Potischman (1999).
79	  Boffetta (2008); NASEM (2016); NASEM (2019); Randall (2018); Sarewitz (2012).
80	  Gotzsche (2006); also see Byers (1999).
81	  E.g., U.S. Food and Drug Administration Guidance Documents (2006); U.S. Food and Drug Administration Guidance 

Documents (2009).
82	  E.g., Liu (1994); Kristal (2005); Shim (2014).
83	  U.S. Food and Drug Administration Guidance Documents (2017).
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and by allowing researchers to search for results that are “statistically significant”. 
Scientists have made these points repeatedly in professional and popular venues.84 

The FDA’s health claim reviews examine factors including whether studies are 
controlled for bias and confounding variables, appropriateness of a study popula-
tion, soundness of the experimental design and analysis, use of appropriate statisti-
cal analysis, and estimates of intake.85 These “reviews” do not address the MTMM prob-
lem. Nor do they compare the given analysis to a protocol analysis.

Nutritional epidemiologists have done far too little to correct their professional 
practices.86 Scientists also have warned their peers about the particular dangers of 
multiple testing of cohort studies.87 

The stakes of these shortcomings are substantial. Inaccurate labels can mislead 
consumers, not least by encouraging them to adopt fad diets that present health 
risks.88 Furthermore, every company in the food sector, which involved $6.22 tril-
lion dollars in annual sales in 2020,89 depends for its livelihood on accurate labeling 
of food products. Mislabeling health benefits can give a company a larger market 
share than it deserves.

To take a more concrete example, the Code of Federal Regulations declares that 
“The scientific evidence establishes that diets high in saturated fat and cholesterol 
are associated with increased levels of blood total- and LDL-cholesterol and, thus, 
with increased risk of coronary heart disease,” and allows companies to make cor-
ollary health claims about reducing the risk of heart disease.90 The FDA duly notes 
on its Interactive Nutrition Facts Label that “Diets higher in saturated fat are asso-
ciated with an increased risk of developing cardiovascular disease.”91 

Yet recent research concludes that “Numerous meta-analyses and systematic 
reviews of both the historical and current literature reveals that the saturated-fat 
diet-heart hypothesis was not, and still is not, supported by the evidence. There ap-
pears to be no consistent benefit to all-cause or CVD mortality from the reduction 
of dietary saturated fat.”92 The law rather than the FDA’s approach to statistics was 
at issue here, but the financial consequences have been enormous: consumers have 
redirected billions of dollars toward producers of foods with less saturated fats, for 
a diet that may have no discernible health benefit.93 

84	  See Byrnes (2001); Støvring (2007); Gotzsche (2006); Gullberg (2009); Kmietowicz (2014). For the Brian Wansink scandal, 
see Hamblin (2018); Randall and Welser (2018).

85	  Schneeman (2007).
86	  Aschwanden (2016); Chambers (2017); Harris (2017); Head (2015); Hubbard (2015); Ruxton (2016); Schoenfeld (2013).
87	  Bolland (2014).
88	  D’Souza (2020); Marks (2011); Schutz (2021).
89	  Blázquez (2021).
90	  CFR (2020).
91	  INFL (n.d.).
92	  Gershuni (2018).
93	  And see Peretti (2013).
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In our second Shifting Sands report, the authors conducted two technical inves-
tigations about associations between red and processed meats and negative health 
outcomes, and soy protein and cardiovascular disease risk reduction, and found 
persuasive circumstantial evidence that the scientific literature (in general) and 
statistical practices (specifically) had been distorted. The flawed statistical practic-
es centered around the use of the semi-quantitative Food Frequency Questionnaire 
(FFQ).

The authors evaluated one meta-analysis of red meat and processed meat that 
used observational base studies94 and one meta-analysis of soy protein that used 
RCT base studies95 as representative of nutritional epidemiologic work in this area. 
Most nutritional epidemiologists now believe that red and processed meat are as-
sociated with severe health effects.96 The International Agency for Research on 
Cancer (IARC), the cancer research agency of the World Health Organization, has 
classified red meat as probably carcinogenic to humans and processed meat as cer-
tainly carcinogenic to humans.97 Some researchers, however, have challenged the 
nutritional epidemiologists’ consensus on other grounds. For example, Vernooij et 
al. argue the base observational studies are unreliable.98 The popular press, rather 
than deferring to a professional consensus, also has pushed back against this par-
adigm—not least by citing popular low-carbohydrate and high-meat diets (Atkins, 
etc.) that do not seem to have imposed ill effects on their practitioners.99 The nutri-
tional epidemiologists’ consensus on the carcinogenic effects of red and processed 
meats does not possess full authority with either professionals or the public.

The Johnston research group (Vernooij et al.) has provided some of the strongest 
arguments to date against the nutritional epidemiologists’ consensus. Their large-
scale systematic review and meta-analysis of the 105 base study papers studying 
the health effects of red and processed meats has provided strong evidence that the 
base study papers, generally observational studies, provided low- or very-low-cer-
tainty evidence100 according to GRADE criteria.101 

94	  Vernooij (2019).
95	  Blanco Mejia (2018).
96	  For example, see Battaglia (2015); Ekmekcioglu (2018).
97	  WHO (2015).
98	  Delgado (2021).
99	  Bueno (2013); Castellana (2021); Taubes (2021).
100	 Vernooij (2019).
101	 Guyatt (2008).
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P-value plots for meta-analyses of health effects of red and processed revealed 
heterogenous sets of p-values—in visual terms, bilinear patterns. 

P-value plots for meta-analyses of health effects of soy protein also revealed 
heterogenous sets of p-values. 

These results provide strong statistical evidence that the field of nutritional ep-
idemiology research has been substantially affected by some combination of sam-
pling bias, publication bias, p-hacking and/or HARKing. 

We wish to emphasize here that these results partly argued against FDA poli-
cy and partly supported it—these results supported the FDA’s preliminary decision 
to revoke the 1999 health claim that links soy protein to heart health. The Shifting 
Sands procedures will not disprove the grounds for all existing scientifically in-
formed regulation; they will provide firm support for some portion of our existing 
regulatory structure. Our procedures, and the policy reforms we suggest, will re-
form and improve our existing regulatory structure, not just overturn it.

We also wish to emphasize that these results also provided suggestive evidence 
of research integrity violations. The p-value plot of the randomly selected base 
studies of the soy protein study also produced a bilinear pattern, even though they 
were RCTs. The authors discovered 13 p-values below 0.05 supporting an effect and 
37 above, supporting no effect. One of these small p-values—0.02037—is for an ‘in-
crease’ (instead of decrease) in LDL cholesterol. The usual attention to control of 
MTMM of RCTs as compared with observational studies renders it less likely than 
that such a bilinear pattern could have emerged from randomness or negligence. 
The authors’ methods and conclusions cannot by themselves prove individual or 

P-value plot for meta-analysis of the asso-
ciation between soy protein intake and LDL 

cholesterol reduction from Blanco Mejia et al.
P-value plots for meta-analysis of six health 

outcomes from Vernooij et al.
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systematic research integrity violations, but they do provide circumstantial evi-
dence of widespread research integrity violations in the scientific community.

We wish to have confidence in the good faith of all scientific researchers. This 
research result, however, leads us to make general policy recommendations to im-
prove research integrity procedures. While most scientific researchers may be act-
ing in good faith, the misconduct of a few is sufficiently important to require chang-
es in the practices of all scientists. 

Public Health Policy: COVID-19: Masks and 
Lockdowns

The Centers for Disease Control and Prevention’s (CDC) shift of focus from 
communicable diseases to environmental health depended upon a parallel shift 
towards statistical methodology. While the CDC used elementary statistics from 
its inception, it began to incorporate statistics far more intensively from the late 
1950s. The CDC’s shift toward statistics relied upon the development of computer 
hardware and software. Statistics done by hand is intensely time-consuming and 
the CDC, as every other private and public entity, could not use statistics intensively 
until computers automated statistical calculation. The successive adoption of pro-
grammable calculators, mainframe computers, punch-card technology, and micro-
computers each vastly facilitated the CDC’s use of statistics. In 2024, the CDC’s em-
phasis on intensive statistical computation using sophisticated computer hardware 
and software was not yet forty years old.102

The CDC’s adoption of ever more sophisticated statistical methods has accom-
panied, and driven, an increase in its technical capacities and a transformation of 
the way it conceives of disease. Its basic shift in focus from communicable diseases 
to environmental health ultimately has depended upon the adoption of a statistical 
framework, which seeks statistical associations between predictors and medical 
outcomes rather than biological mechanisms. So, for example, “the use of NHANES 
data combined with data on lead in gasoline from the U.S. Environmental Protection 
Agency [made it possible] to develop a model to predict human blood lead levels.” 
Further statistical methodological developments that allowed the CDC to operate 
with increased sophistication include logistic regression models, back-calculation 
methods, time series analysis, a general integration of surveillance data and epi-
demic detection and control, work on detection of statistical aberrations, changes 
in patterns of data over time, cluster investigations, statistics for rare events and 
small areas, statistics for public health decisions, complicated designs and data 

102	 Bauer (2017); Stroup (2011).
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structures, methods for decisions in uncertainty, use of multi-source data, map-
ping prevalence data, special analysis—and, above all and generally, mathematical 
modeling.103

Mathematical modeling for infectious disease epidemiology possesses its own 
long history, tracing back to John Graunt’s compilation of mortality data in Natural 
and Political Observations made upon the Bills of Mortality (1662), Daniel Bernoulli’s 
1766 analysis of the effects of smallpox variation, and Ronald Ross’ use of mathemat-
ical models both to analyze malaria transmission and to evaluate the effectiveness 
of malaria prevention methods. The latest generations of epidemiological modeling 
include innovations such as sophisticated use of compartmental models, which dis-
tinguish between population subgroups, the use of partial differential equations, 
and network models.104 In the late twentieth century, the CDC and the field of ep-
idemiological statistics as a whole began to merge their efforts with mathemati-
cal modeling—to supplement, to hybridize with, and even to replace, mechanical 
models of disease transmission with statistical models. Indeed, statistical methods 
became necessary simply to determine how to assess samples of data drawn from 
endless well of Big Data. Epidemiological mathematical modeling became heavily 
dependent upon statistical models.105

This shift in method brought with it a shift in mission. Mathematical modeling, 
even more than infectious disease epidemiology, was concerned with public health 
interventions—not simply to learn how disease was transmitted, but to reduce its 
incidence. Ross’s work on malaria, we should underline, used mathematical mod-
els both to understand how malaria was transmitted and to make sure it could be 
eradicated. Mathematical epidemiology was always a tool of the state as it sought to 
improve public health—and we may note that the health of the public thus always 
implied the health of the state. 

But the combination of mathematical modeling, statistics, and environmental 
health necessarily brought with it an enormous increase of scope for such public 
health measures. The target was no longer a mosquito or a bacterium, but every 
aspect of the environment, including individual and collective human behavior, that pos-
sessed a statistical association with a medical outcome. The discipline in consequence 
became interdisciplinary, as it drew in data from fields such as microbiology, the 
social sciences, and the clinical sciences.106

Infectious disease epidemiology, statistical methodology, and mathematical 
modeling transformed the mission of public health. It was no longer content to 

103	 Stroup (2011).
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assess every individual and collective human behavior that possessed a statistical 
association with a medical outcome. It now sought to alter them, and to engage in 
real-time analysis of these strategies so as to improve their efficacy. Sieber cautions 
that, “Use of multisource data and further development of record linkage tech-
niques to extract maximal information from existing data sources also will require 
addressing privacy and confidentiality concerns, as well as appropriate methods 
of communication of important public health findings to the nation.” This caution 
seems remarkably understated.107

Public health has been pioneering the methodologies of the surveillance state—
and, since every individual and collective behavior conceivably can influence 
health, the scope of its methodologies has covered a remarkably broad range of be-
havior. Its ambitions should provoke concern among Americans who wish to pre-
serve individual liberties from the government.

The COVID-19 epidemic has made the limitations of such public health mod-
els crystal clear. The CDC and other epidemiologists used mathematical modeling 
throughout to estimate transmission, risks, and the effects of different public health 
interventions.108 Neil Ferguson’s first COVID-19 model proved spectacularly misguid-
ed—and spectacularly influential, not least from the nightmare scenario it painted 
of COVID-19 response absent social distancing: “At one point, the [Ferguson] model 
projected over 2 million U.S. deaths by October 2020.” But even though models are 
supposed to be evaluated by their usefulness, scientists’ enthusiasm for Ferguson’s 
model was not dampened by its failure: “This model proved valuable not by showing 
us what is going to happen, but what might have been.”109 Even this encomium would 
appear to be misguided, since Ferguson’s model also predicted a nightmarishly high 
level of deaths, even with full lockdown policies enacted.

More precisely, Ferguson’s model failure, and the failures of other COVID-19 
models, did not dampen enthusiasm among a large part of the professional commu-
nity of epidemiological statisticians and modelers.110 This part of the professional 
community, which dominates the CDC and peer institutions, takes model failure to 
be a temporary shortcoming, data to be used to improve the next generation of mod-
els. Such professionals make carefully delimited suggestions for methodological re-
form: “It has been observed previously for other infectious diseases that an ensem-
ble of forecasts from multiple models perform better than any individual contrib-
uting model.”111 They note the rationales for models whose simplicity led to profound 
policy errors, e.g., that modelers frequently prefer simple, parsimonious models, 

107	 Sieber (2006).
108	 Adiga (2020); Biggerstaff (2022); Brauer (2017); Ferguson (2006); GAO (2020); Kretzschmar (2009).
109	 Adiga (2020); GAO (2020).
110	 E.g., Colbourn (2020); Pachetti (2020); Prem (2020); Verity (2020); Walker (2020).
111	  Adiga (2020).
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particularly to allow policy interventions to proceed quickly.112 Their retrospective 
on the history of COVID-19 modeling is one of bland, technocratic success.113

The policies that these researchers so blandly endorsed, meanwhile, were as-
tonishingly and troublingly open-ended. In April 2020, for example, the WHO rec-
ommended that governments continue lockdowns until such time as they could 
achieve a set of six conditions alternately arbitrary or implausibly rigorous.114 These 
conditions seemed to imply that governments should continue lockdowns until such 
time as the citizenry’s “fully educated” views and behavior coincided in all respects 
with the recommendations of public health experts. A technical model submitted 
to the public for judgment should not have the alteration of the public’s judgment as 
a component—much less hold the public hostage to continued lockdowns until they 
assent to supporting the lockdown policies.

Another part of the professional community has highlighted COVID-19 models’ 
methodological flaws, and their basic failure to predict events—presumably a sine 
qua non in a model.115 Collins and Wilkinson conducted a systematic review of 145 
COVID-19 prediction models published or preprinted between January 3 and May 
5, 2020, and discovered pervasive statistical flaws. Different models suffered from 
small sample size, many predictors, arbitrarily discarded data and predictors, 
overfitted models, and a general lack of transparency about how they were created. 
These flaws frequently overlapped. In sum, “all models to date, with no exception, 
are at high risk of bias with concerns related to data quality, flaws in the statistical 
analysis, and poor reporting, and none are recommended for use.”116

The public ought to be able to do more than simply take the word of one scientist 
or another. Unfortunately, the very complexity of models makes it extraordinarily 
difficult to provide a standard by which to hold them accountable—aside from the 
common-sense standard, did they predict well? Then, too, while models are consid-
ered sufficiently solid to inform policy immediately, they are tentative enough in 
their claims that a disproven model can always be disclaimed with a shrug and a re-
ply that we updated the data. The failure of one parameter informs a new parameter-
ization, not a skepticism of parameters in general. The failure of one prediction can 
be ignored with resort to the general and the counterfactual: if you hadn’t followed 
our advice generally, millions would be dead. To say that a model failed is to invite the 
inevitable riposte, we’re doing it better now.

112	 Bertozzi (2020).
113	  Biggerstaff (2022).
114	  Chappell (2020).
115	 For critiques of lockdown recommendations see Bendavid (2021); Chin (2021); Ioannidis (2021); Melnick (2020).
116	 Collins (2021); and see Chin (2020); Howick (2022); Ioannidis (2022a); Levitt (2022a); Levitt (2022b); Nixon (2022); Zavalis 

(2022).
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In our third Shifting Sands report, the researchers’ technical studies focused on 
two aspects of nonpharmaceutical intervention response to the COVID-19 pandem-
ic: lockdowns and masking, which were both meant to reduce COVID-19 infections 
and fatalities. They used p-value plotting to assess specific claims made about the 
benefit to public health outcomes of these responses.

The researchers found persuasive circumstantial evidence that lockdowns and 
masking had no proven benefit to public health outcomes. 

The technical studies suggest a far greater frailty (failure) in the system of epi-
demiological modeling and policy recommendations. That system, generally, gross-
ly overestimated the potential effects of COVID-19 and, particularly, overestimat-
ed the potential benefit of lockdowns and masking. The technical studies support 
recommendations for policy change to restructure the entire system of government 
policy based on epidemiological modeling, and not simply to apply cosmetic reforms 
to the existing system.
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P-value plot (p-value versus rank) for Herby et al. (2022) meta-analysis of the effect of 
COVID-19 quarantine (stay-at-home) orders implemented in 2020 on mortality. Symbols (cir-

cles) are p-values ordered from smallest to largest (n=20).

Meta-analysis p-value plots, masks: (a) 15 RCT base studies (Jefferson et al. 2020), (b) 7 RCT 
base studies (Xiao et al. 2020)
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Psychology: Implicit Bias Research and the 
Implicit Association Test

Psychology as a discipline embraced statistics early. Psychologists back to the 
nineteenth century, who aspired to make psychology a science, sought to use quanti-
tative methods to make universal statements in the study of the mind. Psychologists 
therefore early seized on statistics, as a means of quantification that offered a way 
to make bold scientific arguments that acknowledged the inescapable fact that hu-
man minds varied.

Yet even beyond the fundamental critique that the ambition to make such uni-
versal statements may have no real-world foundation,117 psychology’s statistical rev-
olution has been troubled. Psychologists played a prominent role in the unwieldy 
marriage of R. A. Fisher’s approach to statistics and the “frequentist” approach de-
rived from the work of Jerzy Neyman and Egon Pearson. Theoretical inconsistency 
about how to treat p-values fueled a “practical” ability to design psychological-sta-
tistical experiments. Psychology suffers as a discipline from running experiments 
with small sample sizes, and hence low statistical power—a low probability of a sig-
nificance test detecting a true effect. The irreducible difficulties in defining men-
tal characteristics, much less in establishing their comparability from individual 
to individual, limit the discipline’s ability to conduct rigorous statistical experi-
ments. It also embraces the loose definition of statistical significance at p ≤ 0.05, 
rather than the tighter definitions embraced by other disciplines—some branches 
of physics, for example, use the “five sigma” standard of p ≤ 0.00005. The social 
psychology subdiscipline appears to be unusually subject to politicized groupthink. 
Psychology, and especially social psychology, for all these reasons has been unusu-
ally afflicted by the irreproducibility crisis. Any psychological research conclusion 
based upon statistical techniques warrants especially close scrutiny of its method-
ological foundations.118

Implicit bias theory draws upon a series of pivotal psychology articles in the 
1990s, above all the 1995 article of Anthony Greenwald and Mahzarin Banaji that 
first defined the concept of implicit or unconscious bias.119 These articles argued, 
drawing upon the broader theory of implicit learning,120 that individuals’ behav-
ior was determined regardless of their individual intent, by “implicit bias” or “un-
conscious bias.” These biases significantly and pervasively affected individuals’ 
actions, and were irremovable, or very difficult to remove, by conscious intent. 

117	  Staddon (2019).
118	 Danziger (1990); Lamiell (2019); Nuttgens (2023); Randall (2018); Smedslund (2021); Stigler (1992); Vankov (2014); Yong (2018).
119	 Greenwald (1995); WIPR (2020); Greenwald (2006).
120	 Reber (1989).
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Notably, researchers measured such biases in terms of race and sex—the categories 
of identity politics that fit with radical ideology, and which were at issue in antidis-
crimination law.

Greenwald and Banaji also promoted the Implicit Association Test as a way to 
measure implicit bias. The IAT is one a series of attempts by psychologists since ca. 
1970 to find a way to avoid false self-report and assess “true” individual bias. The 
IAT was meant to supersede the known frailties of earlier techniques, although it 
seems rather to have recapitulated them.121

Mitchell judges that “A review of the public record leaves little doubt that the 
seminal event in the public history of the implicit prejudice construct was the intro-
duction of the IAT in 1998, followed closely by the launching of the Project Implicit 
website in that same year.”122 This publicity continued over the decades, notably in-
cluding Banaji and Greenwald’s popularizing 2013 book, Blindspot: Hidden Biases of 
Good People.123 Greenwald et al. explicitly have sought to use their research to affect 
the operations of the law: “The central idea is to use the energy generated by re-
search on unconscious forms of prejudice to understand and challenge the notion 
of intentionality in the law.” These researchers, and others of their colleagues, have 
acted in legal education, as expert witnesses, promoting diversity trainings, pro-
moting paid consulting services by Project Implicit, Inc., collecting federal grant 
money, and more. In so doing, they made bold but unsubstantiated claims about 
the solidity of implicit bias research and the importance of the effect. Acolytes have 
disseminated their arguments to audiences including the police, public defenders, 
human resource advisors, and doctors.124

All this has happened even as the intellectual underpinnings of implicit bias 
theory came under sustained and devastating assault. Implicit bias never acquired 
consensus support from psychologists—some published articles arguing for its va-
lidity, while others then critically examined the evidence and the theory. As it so 
happens, an increasing number of psychologists have provided evidence for dev-
astating problems with implicit bias theory.125 A further scholarly literature re-
views the evidence critiquing implicit bias theory.126 Other scholars have provided 
extensive critiques of the Implicit Association Test (IAT).127 Yet more scholars have 

121	 Blanton (2023).
122	 Mitchell (2017).
123	 Banaji (2013).
124	 Mitchell (2017).
125	 For critiques of implicit bias research, see Andreychik (2012); Arkes (2004); Cone (2017); Corneille (2020a); Corneille 
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critiqued interventions based on implicit bias theory.128 A further scholarly litera-
ture reviews the evidence critiquing the IAT.129

Jussim (2020b) notes the real-world context of implicit bias research and the 
IAT:

•	 The coiners of implicit bias made public claims far beyond the scientific 
evidence.

•	 Activists find implicit bias and implicit bias trainings politically useful, 
as associated consultants find it financially lucrative, and bureaucrats 
find it useful as a way to address rhetorical and legal accusations of 
discriminatory behavior.

•	 Scientific and activist bias overstates the power and pervasiveness of 
implicit bias.130

Machery (2022) scathingly concludes that,

We do not know what indirect measures measure; indirect measures are 
unreliable at the individual level, and people’s scores vary from occasion to 
occasion; indirect measures predict behavior poorly, and we do not know in 
which contexts they could be more predictive; in any case, the hope of mea-
suring broad traits is not fulfilled by the development of indirect measures; 
and there is still no reason to believe that they measure anything that makes 
a causal difference. These issues would not be too concerning for a budding 
science; they are anomalies for a 30-year-old research tradition that has 
been extremely successful at selling itself to policy makers and the public 
at large.131

On the whole, the defenders of implicit bias theory and the IAT simply have not 
responded to the full implications of these critiques. Such defenses as they have 
made are not very persuasive: one defense of the IAT and implicit bias theory, for 
example, is that “it doesn’t follow from a particular measure being flawed that the 
phenomenon we are attempting to measure is not real.”132 Greenwald et al. in 2022 
summarized their sense of implicit bias theory, and included responses to some, al-
though not all, of the critiques presented above. While they indeed have provided 
counter-arguments for some of these critiques, their response is far from adequate 
or persuasive.133

128	 Lai (2023); Paluck (2021).
129	 Blanton (2008); Blanton (2023); Jussim (2020a); Jussim (2020b); Jussim (2023); Lai (2021); Meissner (2019).
130	 Jussim (2020b).
131	 Machery (2022a); and see Machery (2022b).
132	 Payne (2018); Sulzer (2022).
133	 Greenwald (2022).
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Yet implicit bias theory has fueled a series of policy changes, completed and 
proposed, in the law, medicine, the Equal Employment Opportunity Commission, 
science, court personnel, the police, the jury system, and education. All of these 
policies, many of which center on required “implicit bias trainings” or “diversity 
trainings,” subject an ever-expanding number of Americans to training in a con-
cept which does not exist, to support imaginary charges of “systemic racism” or 
“systemic sexism,” using a measure (IAT) that does not work. In the legal realm, 
adopting the implicit bias standard would allow lawyers to seize on the law stating 
that a “hostile environment” is an actionable offense under antidiscrimination law. 
Implicit bias raises any inequity, not least those detected by a statistical study, to be 
evidence of implicit bias, and hence a hostile environment. To adopt an implicit bias 
standard would replace individual intent with statistical associations—disparate 
impact—in anti-discrimination law. 

It is dubious that such a thing as implicit bias even exists, and if there is such 
a thing, it is unlikely to be so hard-edged and pervasive as its proponents claim. 
Nor does the IAT, the tool that is supposed best to measure implicit bias, appear to 
measure it accurately or reliably. Policies devised to reduce implicit bias, moreover, 
seem to be either ineffective or counterproductive.

In our fourth Shifting Sands report, the researchers’ technical studies used 
p-value plotting to assess the validity of the Implicit Association Test (IAT) by re-
viewing claims for IAT−real-world behavior correlations relating to race and sex. 
The researchers found persuasive circumstantial evidence that there was no asso-
ciation between IAT measures and real-world behavior or real-world perception, 
either for race (white behavior toward and perception of blacks) or for sex (effects 
of implicit bias upon womens’ achievement in high-ability careers). 

The second study also examined the role of confounders—unexamined variables 
that affect the analyzed variables, and which, when accounted for, alter their puta-
tive relationship—that implicit bias theory should have considered, and which fur-
ther weaken that theory’s evidentiary basis. P-value plotting of differing male-fe-
male vocational interests (personal interests and behaviors), for example, revealed 
a statistically significant correlation that the proponents of implicit bias theory 
ought to have considered.

The technical studies provide further evidence that there is no scientific sup-
port for implicit bias theory. The technical studies support recommendations to re-
scind all laws, regulations, and private initiatives based upon implicit bias theory. 
Policymakers should give priority to rescinding laws and regulations that affect the 
personnel involved in executing law and order, such as judges, lawyers, and police-
men, as well as medical personnel. Private institutions and enterprises should be 
encouraged by public opinion to rescind all activities, such as diversity trainings, 
based on implicit bias theory.
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Race: P-value plot of 87 correlations between 
IAT results and real-world microbehaviors.

Race: P-value plot of 75 correlations between 
IAT results and real-world person perception 

measures.

Rank-ordered p-values computed for 27 ICC 
(implicit−criteria measure) correlations from 

the Kurdi et al. and Kurdi and Banaji me-
ta-analysis dealing with sex.

Rank-ordered p-values computed for 11 differ-
ent vocational interest dimensions reported by 

Su et al.

Note: (▼) vocational interest dimension favoring females; (▲) 
vocational interest dimension favoring males.

Note: p-values were computed from mean correlation coeffi-
cient (r) values for each study.

Note: black circle (●) ≡ +ve correlation, i.e., IAT result is positively correlated with micro-behavior; triangle (▼) ≡ −ve correlation, 
i.e., IAT result is negatively correlated with micro-behavior.
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Policy Conclusions

T he Shifting Sands authors provide strong evidence that federal, state, and 
local governments have enacted policy based on false positive research 
results in four distinct areas: environmental epidemiology, nutritional ep-

idemiology, public health epidemiology, and social psychology (implicit bias theo-
ry). Irreproducible research in all four areas has prompted extensive regulation at 
the federal level (EPA, FDA, CDC) and statutes and ordinances among the states and 
localities. These regulations and statutes are both economically burdensome and 
detrimental to Americans’ individual liberty.

These authors’ research reveals massive deformation of American scientific 
practice. It also reveals that this deformation in turn has deformed American reg-
ulatory practice. While there are many commenters on the irreproducibility crisis 
who advocate for voluntary changes of scientific practice, we do not believe that this 
is a realistic or adequate solution. America needs far greater changes to address the 
irreproducibility crisis—and the larger danger revealed by the irreproducibility 
crisis, the irresponsibility crisis of science policy. These failures are so widespread 
that they constitute a crisis of government, and not just a crisis of science.

We believe that the irresponsibility crisis of science policy must be addressed 
by four categories of reforms.

1.	 Federal government agencies must make systematic changes to their 
regulatory and funding practices to remove the irreproducibility 
crisis from American science and the irresponsibility crisis from 
American government.

Scientists will not change their practices unless the federal government 
credibly warns them that it will withhold government grant dollars until 
they adopt stringent reproducibility reforms. Nor will federal regulators 
adopt stringent new tests of science underlying regulation unless policy-
makers explicitly require them to do so. Federal government agencies must 
make systematic changes to their regulatory and funding practices to re-
move the irreproducibility crisis from American science and the irresponsi-
bility crisis from American government.
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2.	 Federal and state policymakers must make systematic changes to 
American K-12 and undergraduate science and math education to ed-
ucate properly a new generation of American scientific professionals 
and informed citizens and policymakers.

American science’s problems begin long before researchers acquire PhDs 
and start to apply for government grants. American K-12 and undergraduate 
science and mathematics education require systematic overhaul. American 
students, both those seeking STEM careers and those we prepare to be in-
formed citizens and policymakers, need a proper education in statistics, 
experimental design, and the irreproducibility crisis. Indeed, they need a 
more rigorous preparation in general in mathematics and science. Above all, 
they need a depoliticized STEM education, which will not introduce polit-
icized groupthink into basic science education, nor educate students from 
the beginning to believe that the point of science is (radical) policy activism. 
Federal and state policymakers must make systematic changes to American 
K-12 and undergraduate science and math education to educate properly a 
new generation of American scientific professionals and informed citizens 
and policymakers.

3.	 Federal and state policymakers must end the arbitrary procedures of 
scientific research and scientific governmental regulation so as to pre-
serve our liberty from arbitrary government.

The scientific weaknesses of American government, academia, and K-12 ed-
ucation articulate aspects of a far graver challenge. Radical activists per-
meating the body of American scientists and government regulators have 
weaponized the irreproducibility crisis. Wittingly or unwittingly, they now 
manufacture false positive research results as part of a sustained campaign 
to achieve their political goals via specious claim to scientific authority, the 
powers policymakers have delegated to regulatory authorities, and illiberal 
laws based on hollow science. Researcher degrees of freedom lead to inter-
vention degrees of freedom. Intervention degree of freedom not only burden 
American prosperity but also, and more consequentially, erode American 
liberty, law, and republican self-government. Americans must recognize the 
coherent and extensive challenge that weaponized, politicized pseudo-sci-
ence poses to American liberty. We must reform science policy as a coherent 
whole, to preserve our liberty from this radical, technocratic elite. We must 
put an end to both the arbitrary procedures of scientific research and the 
arbitrary powers of scientific governmental regulation.
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4.	 Policy institutes must dedicate themselves to science policy as a 
first-order priority, staff their institutes with personnel dedicated to 
science policy, and make science policy a priority.

Policy institutes must alert policymakers and the public to this danger—and 
they have not. They do not properly staff their institutes with personnel 
dedicated to science policy, they do not make science policy a priority, and 
they do not appear to be even aware that science policy exists as a coher-
ent entity, which requires comprehensive policy solutions. Policy institutes 
must dedicate themselves to science policy as a first-order priority. Policy 
institutes must address not only the irresponsibility crisis of science policy 
but every aspect of science policy, with policy solutions for each discipline 
and each regulatory agency.

Americans must engage in linked, systematic reforms of Federal government 
agencies’ regulatory and funding practices, state and local laws and regulations, and 
K-12 and undergraduate STEM education. They must do so by means of a coherent 
reform of science policy that aims to preserve our liberty by ending the arbitrary 
procedures of scientific research and arbitrary powers of scientific governmental 
regulation. To make this possible, policy institutes must dedicate themselves to sci-
ence policy as a first-order priority, staff their institutes with personnel dedicated 
to science policy, and make science policy a priority, with policy solutions for each 
discipline and each regulatory agency.

Policymakers and citizens also should aim at major reform of the structure of 
the American university, to the federal government’s indirect cost funding formu-
las, to prohibiting discrimination in the guise of programs and policies such as di-
versity, equity, and inclusion, and much more. But they should start by reforming the 
twin crises of the irreproducibility crisis of modern science and the irresponsibility 
crisis of modern science policy.
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Policy Recommendations

W e make four different categories of policy recommendations: 
Government, STEM Education, Liberty, and Policy Institutes. We provide 
the most specific recommendations in Government; our recommenda-

tions for each category are at increasing levels of generality. While we do not suggest 
a priority order, our suggested Government reforms will provide immediate solu-
tions for the technical heart of the irreproducibility crisis and the irresponsibility 
crisis. Our suggested STEM Education reforms are intended to improve the training 
of American scientists in the long run, and (among other goals) reduce a future gen-
eration’s propensity to engage in the slipshod, politicized procedures that fuel the 
irreproducibility crisis. Since our suggested Government recommendations should 
do much to defend Americans’ prosperity from unfounded regulation, our suggest-
ed Liberty reforms focus on those aspects of the irresponsibility crisis that imperil 
Americans’ liberty, law, and self-government. Our suggested Policy Institutes re-
forms are meant to provide the political infrastructure that will make these other 
reforms possible. We need policy institutes to dedicate themselves to science policy 
to make sure that the public and policymakers make these policy recommendations 
a priority, and to translate these policy recommendations into programmatic detail 
and statutory language.

Government
In our Shifting Sands reports, the authors made precise recommendations to the 

EPA, the FDA, and the CDC. Here we collate and synthesize those recommendations 
and apply them to all government agencies. All these recommendations are intend-
ed to bring federal agency methodologies up to the level of best available science, as 
per the mandate of The Information Quality Act.134

(Policymakers also should look at the overlapping suggestions in the National 
Association of Scholars’ Model Science Policy Code: https://www.nas.org/policy/
model-science-policy-code.)

We direct these recommendations partly to the personnel within those agencies, 
partly to the federal legislators who oversee these federal agencies, and partly to the 

134	 IQA (2000); OMB (2019).
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executive branch personnel who may draft executive orders that apply to all federal 
agencies. All these individuals, as well as the broader world of policy institutes and 
American citizens, will need to work together to conclude how best to apply these 
recommendations in detail to each agency and each professional discipline.

These recommendations assume that policymakers largely preserve the exist-
ing structure of federal science regulation and funding. We make these recommen-
dations to give policymakers an outline for immediate science policy reform. We 
emphasize, however, that these reforms should be considered a beginning, not an 
end.

We specify that federal science regulatory agencies should adopt these recom-
mendations—but so too should state and local regulatory agencies. If the federal 
EPA should be reformed, so too should California’s. State policy institutes should 
consider how to adapt these policy recommendations to the state and local level.

1.	 Federal agencies should reform the statistical procedures by which 
they assess research.

a.	 Federal agencies should adopt resampling methods (Multiple 
Testing and Multiple Modeling) as part of their standard battery of 
tests applied to research.

This resampling-based multiple testing procedure already has been in-
corporated into a variety of disciplines, including genomics135 and eco-
nomics,136 and has been shown to be optimal for a broad class of testing 
problems.137 Any discipline using statistics can incorporate these proce-
dures into their regular tests. Every government agency that relies on 
scientific research should require the use of such procedures to test sci-
entific research, before it is used to justify regulation, or qualify as best 
available science. 

All federal science regulatory agencies, in other words, should only rely 
on base studies and meta-analyses that use a resampling methodology 
(MTMM) to correct their results. The agencies also should subject all 
such research to independent MTMM analyses.

b.	 Federal agencies should take greater cognizance of the difficulties 
associated with subgroup analysis.

Groups and individuals vary sufficiently in their responses to the same 
substances that it is conceivable that federal science regulatory agencies 

135	 Ge (2003).
136	 Jones (2019a); Jones (2019b); and see Romano (2016).
137	 Cox (2008); Meinshausen (2011).
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should not be attempting to give general advice to the public. Scientists 
and regulators therefore rightly aim to consider whether particular 
substances have different effects on different subgroups, defined by cat-
egories such as race and sex. Yet subgroup analysis multiplies the num-
ber of statistical operations and therefore multiplies the possibility of 
producing false positives. Federal agency policies for MTMM correction 
should include explicit and detailed consideration of how to apply them 
to subgroup analysis.138

c.	 Federal agencies should require all studies that do not correct for 
MTMM be labeled “exploratory.”

Research that does not correct for MTMM is exploratory rather than 
confirmatory and should be labeled clearly as such.139 Federal science 
regulatory agencies should follow up on this reform either by ruling that 
their regulatory decisions cannot rely on exploratory research or, as a 
second best, by requiring regulators to explain in detail why they in-
clude exploratory research in their weight-of-evidence assessments.

2.	 Federal agencies should reform their procedures generally to address 
the irreproducibility crisis and the irresponsibility crisis.

a.	 Federal agencies should report the proportion of positive results 
to negative results in the research they fund.

Federal science regulatory agencies’ bureaucratic self-interest—and its 
mandate—will always incline their employees, consciously or uncon-
sciously, to fund research that supports regulation. Federal agencies 
must make a conscious effort to ensure that the research they fund does 
not put a thumb on the scales of a field’s research as a whole—that it does 
not fund an overabundance of false positive results and then say that the 
“weight of evidence” justifies regulation. Federal agencies should report 
the proportion of positive to negative results in the research they fund, 
with data reported for every program and discipline. Any program or 
discipline that reports more than 65% positive results in the research it 
funds should initiate a reform of its granting program, to counter the ef-
fects of bureaucratic self-interest and groupthink.

b.	 Federal agencies should place greater weight on reproduced 
research.

138	 Cf. Van der Laan (2011).
139	 Even an observational study corrected for multiple testing ultimately is only exploratory. Further policy reform might 

expand our recommendation here to apply to all observational studies, including those that do correct for multiple testing.
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Improved statistical techniques will reduce the effects of the irreproduc-
ibility crisis in different scientific field. But such statistical tests cannot 
catch every sort of questionable research procedure. Indeed, research 
that passes every statistical test might still be a false positive. Federal 
science regulatory agencies therefore should increase the weight they 
assign to research that is not only reproducible, but also reproduced—
and decrease the weight they assign to research that has not yet been 
reproduced.

c.	 Federal agencies should constrain the use of “weight of evidence” 
to take account of the irresponsibility crisis.

The “weight of evidence” principle generally facilitates arbitrary judg-
ments as to what science should inform regulation. Self-interest will in-
evitably incline scientists and regulators, consciously or unconsciously, 
to weigh more heavily research that facilitates regulation. Groupthink 
redoubles the effects of consensus-thinking, which too easily discards 
research that fails to endorse the consensus. Wherever possible, feder-
al science regulatory agencies should substitute transparent rules for 
“weight of evidence” judgments, in particular the rules for accepting 
or rejecting papers to be used in a meta-analysis. Federal agencies also 
should require regulators to elaborate in detail whenever they apply a 
“weight of evidence” judgment, by means of a coherent argument which 
can be falsified by independent critique.

3.	 Federal agencies should reduce regulatory reliance on research that 
uses questionable research procedures, HARKing, and p-hacking.

a.	 Federal agencies should require preregistration and registered 
reports of all research that informs regulation. 

Preregistration and registered reports, using the procedures and re-
sources of organizations such as the Center for Open Science (https://
www.cos.io), will constrain the ability of scientists to HARK, and 
generally inhibit p-hacking and questionable research procedures. 
Preregistration and registered reports are not cures. Determined scien-
tists in time undoubtedly will devise methods to undermine the effec-
tiveness of these precautions. But preregistration and registered reports 
will substantially improve the reliability of research used by federal 
science regulatory agencies. Federal agencies should stipulate that all 

https://www.cos.io/
https://www.cos.io/
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preregistration and registered reports must detail the MTMM methods 
that will be used to assess results.

b.	 Federal agencies should require public access to all research data 
used to justify regulations. 

Federal science regulatory agencies should require that all research 
used to justify regulation must provide public access to the underlying 
research data. Scientists often claim that analysis data sets cannot be 
made public because they must prevent the disclosure of the identity 
of human subjects. This claim is not persuasive, since we now possess 
standard methods such as micro-aggregation that can prevent such 
disclosures.140 Scientists should be expected to use such procedures as 
standard practices. Federal agencies should direct all necessary fund-
ing to ensure de-identification of human data.141 and provide an adequate 
means to address all privacy and confidentiality concerns. But these are 
challenges that the federal government can and must meet, not conve-
nient obstacles that prevent public access.142

c.	 Federal agencies should fund data set building and data set analy-
sis separately. 

Researchers who combine data collection and data analysis possess an 
incentive to selectively adjust data to improve results of their analyses. 
Federal science regulatory agencies should separate these two functions, 
to remove this incentive. They also should require researchers to pro-
vide a hold-out data set to a trusted third party before analysis, so that 
analysis claims can be tested independently using the hold-out data set.

d.	 Federal agencies should rely for regulation exclusively on me-
ta-analyses that use severe tests for endemic questionable re-
search procedures, HARKing, and p-hacking.

When federal science regulatory agencies use meta-analyses or a sys-
tematic review to justify regulation, they should rely only on meta-anal-
yses that conduct rigorous tests to detect whether a field’s base studies 
have been affected by questionable research procedures, HARKing, and 
p-hacking. Since so many base studies are unreliable, the meta-analyses 

140	 El Emam (2009).
141	 For a beginning, see Gal (2014); Kushida (2012).
142	 Cecil and Griffin have noted how an agency can insulate its actions from public scrutiny by funding a grant for controver-

sial research and then basing its action on those findings. As long as the agency does not take possession or control of the 
records, FOIA requests—or other procedures to facilitate public oversight—will not assist those who wish to challenge the 
findings the agency relies on to justify its actions. Cecil (1985). The requirement for public access to research data also will 
ensure that federal agencies do not undertake maneuvers of this nature.
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which collate these base studies likewise have become unreliable—
Garbage In, Garbage Out. While we will not prescribe further particular 
methods here, we state that existing tests are not sufficient.143 Federal 
agencies should adopt tests substantially more stringent than those they 
currently accept.

4.	 Federal agencies should reform their use of mathematical modeling.

a.	 Federal agencies should reconceive of modeling as measuring 
uncertainty.

Gelman has severely criticized the use of the term confidence interval, 
which gives unwary researchers the mistaken impression that a statis-
tical operation can and should be used to establish sufficient knowledge. 
He prefers the term uncertainty interval, although Greenland prefers 
compatibility interval. These changes in nomenclature are intended to 
reinforce the truth that statistics can and should aim at measuring un-
certainty rather than establishing certainty.144 This concept also should 
be applied to modeling, especially where it depends upon statistical op-
erations. As Briggs puts it, “The goal of probability models is to quanti-
fy uncertainty in an observable Y given assumptions or observations X. 
That and nothing more.”145 Federal science regulatory agencies should 
formulate guidelines that make explicit that modeling is meant to quan-
tify uncertainty, and that models should communicate to policymakers 
a quantification of the uncertainties of action rather than a prescription 
of certainty to justify action.

b.	 Federal agencies should require preregistration of mathematical 
modeling studies.

Federal science regulatory agencies should formulate rules requiring 
the pre-registration of mathematical modeling studies, including pro-
spective validation practices; pre-specified, agreed-upon rules for judg-
ing success and/or the need for recalibration; registries of existing past 
models; data, code, and software sharing and reporting transparency; 
and unbiased reporting and complete documentation of past model 
performance.146

143	 Carter (2019).
144	 Gelman (2019).
145	 Briggs (2018); and see Briggs (2016).
146	 Ioannidis (2022b).
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c.	 Federal agencies should require mathematical modeling transpar-
ency and reproducibility. 

Federal science regulatory agencies should formulate rules requiring 
greater reliance on unbiased data and less reliance on theoretical specu-
lation; transparent release of underlying data and models, to allow any-
one to analyze model input data, model predictions, and model outcome 
data; division of data set construction from data set analysis; modeling 
the entire predictive distribution, with a particular focus on accurately 
quantifying uncertainty; continuously monitoring the performance of 
any model against real data and either re-adjusting or discarding mod-
els based on accruing evidence; avoiding unrealistic assumptions about 
the benefits of interventions; using up-to-date and well-vetted tools and 
processes that minimize the potential for error through auditing loops 
in the software and code; maintaining an open-minded approach and 
acknowledging that most forecasting is exploratory, subjective, and 
non-pre-registered research; and articulating efforts to avoid selective 
reporting bias.147 Federal agencies also should limit and require articu-
late defenses of all arbitrary “weight of evidence” judgments that inform 
mathematical models.148

5.	 Federal agencies should reform their funding to researchers and orga-
nizations to address the irreproducibility crisis and the irresponsibil-
ity crisis.

a.	 Federal agencies should not fund or rely on research claims of oth-
er organizations until these organizations adopt sound scientific 
practices.

Federal science regulatory agencies often fund external organizations, 
such as the World Health Organization (WHO), the International Agency 
for Research on Cancer (IARC), and the Health Effects Institute (HEI). 
These organizations are effectively beyond the reach of effective over-
sight. Federal agencies should not fund or rely on research claims of 
other organizations until these organizations adopt the best available 
science methodologies we recommend here.

b.	 Federal agencies should only fund research that adopts sound sci-
entific practices.

147	 Ioannidis (2022a); Young (2021).
148	 Cox (2020).
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Federal science regulatory agencies provide the largest single source 
of science funding in the world, and hence possess vast power over the 
conduct of scientific research. Federal science granting agencies should 
establish procedures to require grantees to adopt the best available sci-
ence methodologies we recommend here.

c.	 Federal agencies should increase funding to investigate direct 
causal biological links between substances and health outcomes.

Epidemiology, both environmental and nutritional, depends on estab-
lishing statistical associations in default of establishing direct causal 
biological links between substances and health outcomes. The EPA’s and 
FDA’s reliance on association rather than causation weakens the justifi-
cations of its regulations. Federal science regulatory agencies should re-
direct grant funding toward investigating direct causal biological links 
between substances and health outcomes, to minimize their reliance on 
statistical associations. Federal agencies also should place substantially 
greater weight on negative results in research to establish direct causal 
biological links. They should also establish a set procedure by which a 
sufficient number of such negative results preclude regulation absent re-
search that proves statistical association to a substantially higher stan-
dard of rigor than at present required.

6.	 Federal agencies should seek regulatory stability as they put more rig-
orous science standards into effect.

Federal science regulatory agencies should not overturn previous regula-
tions arbitrarily as they put more rigorous science standards into effect. 
Regulatory stability is an important goal for the Federal government, and 
indeed for any system of laws and regulations. American enterprises have 
invested substantial resources in regulatory compliance, and their invest-
ments should not casually be set at naught.149 These reforms should be intro-
duced via the federal agencies’ regular, planned regulatory reviews, which 
will allow the reform of procedures to enact new regulations to proceed in 
an orderly manner.150 But these regulatory reviews should not exempt ex-
isting regulations. We should not grandfather bad science forever—or even 
very long.

149	 Randall (2020).
150	 Randall (2020).
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For a highly relevant example, consider the Harvard Six Cities/ACS stud-
ies that are cited in support of current PM2.5 regulation.151 The government 
should announce that it will cease using the Harvard Six Cities/ACS studies, 
and similarly irreproducible data sources, by some reasonably near date, 
unless the underlying data have been made publicly available. As the same 
time, the government should immediately begin to fund a high-priority pro-
gram to create a new, substitute data set, with born-open, publicly acces-
sible data and built-in de-identification to address any privacy concerns. 
These data will then be available for the EPA to use once it ceases using the 
Harvard Six Cities/ACS studies and similarly irreproducible data sources. If 
the new data do not justify the regulations, then the regulations can be with-
drawn in an orderly manner. If the new data do justify the regulations, then 
the regulations can be continued. This multi-part reform should maximize 
reproducibility reforms and regulatory stability.
Similarly crafted multi-part reforms, enacted throughout the federal agen-
cies’ remit, ought to maximize the twin goods of good science and stable 
regulation.

7.	 Federal agencies should establish systematic procedures to inhibit 
research integrity violations.

Federal science regulatory agencies should establish systematic proce-
dures to inhibit research integrity violations. We may phrase this positively 
as a call for the federal agencies to mandate a system of Good Institutional 
Practices (GIP) for all recipients of federal research money, and for all re-
search that informs federal regulatory decisions.152 GIP should include prac-
tices such as:

a.	 annual training for principal investigators and students in applying 
research ethics to data analysis (e.g., lessons to avoid bad practices 
such as p-hacking and HARKING);

b.	 random audits of laboratory note books;
c.	 whistleblower systems for research integrity violations;
d.	 real consequences for delinquent researchers, including bars on 

grant applications, lost lab space, and bars on accepting new mem-
bers into their research groups;

e.	 annual reporting requirements by institutions receiving federal 
research funds;

151	 Dockery (1993); Pope (1995).
152	 Begley (2015).
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f.	 real consequences for institutions that fail to enforce GIP in their in-
stitutions, including institutional loss of eligibility for government 
funding; and

g.	 established procedures within the federal government to ensure 
compliance with GIP guidelines.

8.	 Federal policymakers should establish an Irreproducibility Crisis 
Commission.

Federal policymakers should charter a commission to advise federal science 
regulatory agencies how to achieve the recommendations we have outlined 
in this section. This commission should include experts such as William M. 
Briggs, Andrew Gelman, and John Ioannidis, as well as regulatory drafts-
men who can articulate these recommendations in a form that they can be 
used at once to reform federal regulatory procedure. These recommenda-
tions should be articulated in an appropriate manner for each individual 
science regulatory agency.

9.	 Federal policymakers should appoint mission-oriented personnel to 
carry out these reforms.

The existing cadre of federal government personnel created or has grown 
familiar and attached to the procedures that have created the irresponsi-
bility crisis. Too many are activists who actively foment that crisis to pursue 
their political ends. Policymakers and the public must expect that the bulk 
of existing federal personnel will work to cripple these reforms. Federal pol-
icymakers must appoint to every relevant federal agency a new body of mis-
sion-oriented administrators and experts, dedicated to carrying out all the 
Government policy recommendations enumerated above. This final reform 
is essential to put all the previously listed statutory and regulatory reforms 
into effect.

STEM Education 
The irreproducibility crisis and the irresponsibility crisis derive in good mea-

sure from weaknesses in America’s existing STEM education. STEM education 
throughout should focus on instruction in statistics and experimental design, to ed-
ucate future scientists to avoid the procedures that lead to these twin crises, and to 
educate future citizens and policymakers to be aware of and detect irreproducible 
research and irresponsible policy. STEM education also must be depoliticized, to 
prevent groupthink—and to prevent the emergence of a generation of scientists who 
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believe that the point of scientific research is to forward (radical) political activism 
rather than to discover the truth.

1.	 K-12 Education

K-12 science education has been softened and politicized by misguided ed-
ucation school pedagogy, by the effect of Common Core mathematics stan-
dards and Next Generation Science Standards, and by licensure standards 
that allow unqualified education school majors to teach science and prevent 
qualified science majors from teaching. K-12 science education should be re-
formed by:

a.	 replacing the Next Generation Science Standards (NGSS) with 
rigorous and depoliticized science standards (such as the National 
Association of Scholars’ and Freedom in Education’s The Franklin 
Standards: Model K-12 State Science Standards, https://www.nas.
org/reports/the-franklin-standards);

b.	 requiring basic instruction in the history of science, statistical lit-
eracy, risk analysis, the scientific method, experimental design, and 
the irreproducibility crisis;

c.	 strengthening subject matter requirements and removing 
education school requirements from K-12 science teacher li-
censure and professional development (Education Licensure 
Certificate Act, National Association of Scholars, https://
www.nas.org/policy/model-education-licensure-code/
education-licensure-certificate-act);

d.	 drafting model professional development courses for science teach-
ers that include advanced training in the history and philosophy of 
science, statistical and mathematical numeracy, the major branches 
of the natural sciences and how they differ in practice and philoso-
phy, and how science can constructively serve public interests;

e.	 ensuring that high school graduates know enough mathematics and 
statistics to equip them for science majors and science careers.

2.	 Undergraduate Education

Undergraduate science and social science education should be reformed by: 

a.	 strengthening General Education Requirements in the history of 
science, statistical literacy, the scientific method, experimental de-
sign, and the irreproducibility crisis;

https://www.nas.org/reports/the-franklin-standards
https://www.nas.org/reports/the-franklin-standards
https://www.nas.org/policy/model-education-licensure-code/education-licensure-certificate-act
https://www.nas.org/policy/model-education-licensure-code/education-licensure-certificate-act
https://www.nas.org/policy/model-education-licensure-code/education-licensure-certificate-act
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b.	 strengthening departmental major and minor requirements, in the 
sciences and the social sciences, in the history of science, statistical 
literacy, the scientific method, experimental design, and the irre-
producibility crisis;

c.	 removing politicized science and social science courses from 
General Education Requirements and departmental major and mi-
nor requirements.

3.	 Graduate Education

Federal grants have transformed graduate science education into a qua-
si-feudal structure, where university professors who receive grants in turn 
fund cohorts of graduate students who learn to defer to their paymaster 
rather than to cultivate an ethic of free and independent inquiry. Federal 
research support has subsidized the overproduction of science graduates, 
independent of the nation’s employment needs; has enabled the imposition 
of discriminatory practices in recruitment of young scientific talent; and 
has undermined merit-based criteria in identifying promising scientific tal-
ent. Policymakers should establish a Portable Graduate Fellowship (PGF) to 
replace the existing dysfunctional model of graduate science education. The 
PGF should:

a.	 Make awards to individual graduate students, not to institutions or 
tied to specific research grants. PGFs will go where the student goes, 
as does the award money for National Science Foundation’s existing 
Graduate Research Fellow Program.153

b.	 Base awards upon evaluation of demonstrable promise of scientific 
talent. Awards will include both salary and tuition support, as well 
as funds for conducting research.

c.	 Ensure that awards will allow the recipient to enroll in a university 
graduate program, in a commercial research and development lab-
oratory, or in a government agency with a legitimate research inter-
est, such as military or national security research.

d.	 Require that the award recipient, and those the recipients work 
with, adhere to government protocols for open science, reproduc-
ibility, and research integrity. 

4.	 Legal and judicial education

153	 NSF (n.d.).
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Federal and state policymakers should mandate that law schools, continu-
ing legal education, and continuing judicial education provide courses for 
lawyers and judges on the irreproducibility crisis, science and social science 
research, and best legal and judicial practices for assessing science and so-
cial science research and the testimony of expert witnesses.

Liberty
Researchers and government officials attempt to subsume a remarkably large 

number of subject matters under “public health,” including secondary (“perimet-
ric”) boycotts of institutions funded by tobacco companies,154 fossil fuel divest-
ment,155 Independence Day fireworks,156 so-called “anti-racism,”157 the anti-Israel 
Boycott, Divest, and Sanction (BDS) movement,158 and “social policy” generally.159

With such a wide remit, Americans well may fear that researchers and govern-
ment officials will abridge free speech in the name of public health, while using 
public health techniques. Twitter, for example, already has blacklisted dissent-
ers from the government’s COVID-19 policy to reduce the influence of their skepti-
cism.160 Even broader interventions are more than plausible. Outside the realm of 
epidemiology, for example, machine-learning experts have been exploring how to 
remove what they call “hate speech.”161

Epidemiology already concerns itself with “surveillance” in the health con-
text. It is reasonable to worry about the conflation of public health modeling and 
the parallel work by computer scientists to establish a broader surveillance state, 
to fear the marriage of the epidemiological model with the computer science algo-
rithm. Meme transmission can be modeled; so can “public health” efforts to inhibit 
the reproduction of memes.

Policymakers need to act broadly to protect liberty from the challenges of arbi-
trary policymaking, using the techniques of epidemiology and modeling.

1.	 Federal agencies should reduce intervention degrees of freedom. 

Federal science regulatory agencies should formulate rules to reduce inter-
vention degrees of freedom. These rules will overlap with those for pre-reg-
istration, transparency, and reproducibility, but they should be framed 
explicitly to reduce regulatory bureaucrats’ degrees of freedom to enact 

154	 Offen (2005).
155	 Cooper (2019).
156	 Mousavi (2021).
157	 Blanding (2021).
158	 BNC (2021).
159	 Terris (2011).
160	 Hart (2022); Nelson (2022).
161	 Vishwamitra (2021).
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policy without full transparency and accountability to policymakers and 
the public.

2.	 Federal policymakers should establish a Liberty Commission.

Congress and the president should jointly convene an expert commission, 
drawing upon noted defenders of civil liberties such as Greg Lukianoff and 
Glenn Greenwald, as well as epidemiological experts in different agencies 
and professions, to delimit the areas of private life which may be subject 
to public health interventions. This commission also should draft rules ar-
ticulating the principles it has drafted as detailed guidelines limiting what 
public health interventions, or research regarding health interventions, any 
federal government may fund, conduct, or allow.

a.	 Define Scope of Public Health Interventions.

The Liberty Commission’s rules should limit explicitly the scope of 
public health interventions to physical health, narrowly and careful-
ly defined, and explicitly define public health not to include any aspect 
of concepts such as mental health, environmental health, or social health. 
Public health authorities should be prohibited from intervening in mat-
ters that properly should be decided freely by individuals or by their 
elected policymakers.

b.	 Define Scope Narrowly.

The Liberty Commission’s rules should limit explicitly and narrowly 
how public health interventions may change individual and collective 
behavior, and that all such public health interventions be required to 
receive explicit sanction from both houses of Congress. Above all, public 
health interventions should not be allowed to aim to alter public judg-
ment of a public policy. Public judgment should determine public health 
policy, not vice versa.

3.	 Federal policymakers should establish a COVID-19 Commission.

Federal policymakers should commission a full-scale report on the origins 
and nature of COVID-19, as well as of public health policy errors committed 
during the response to COVID-19. Errors to be investigated should include 
every instance of politicization of COVID-19 public health policy, and cen-
sorship of discussion of COVID-19 policy, as well as the role of public and pri-
vate entities (e.g., social media companies) in forwarding politicization and 
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censorship.162 This commission should be empowered to subpoena data from 
all relevant government agencies and private entities and to publicize it. It 
should also present concrete suggestions for reforms to prevent the recur-
rence of policy errors, politicization, and censorship.
While such a commission should include articulate defenders of what the 
government did correctly, it also should include large numbers of profession-
al critics of government policy, such as John Ioannidis, Jay Bhattacharya, 
and Martin Kulldorf. This commission, moreover, should be directed not to 
require a consensus report, but to welcome divisions of opinion, with major-
ity and minority reports. The public should welcome, and be accustomed to, 
the idea that experts disagree.

4.	 Federal policymakers should establish a Computer Science 
Commission.

Public health modeling naturally aligns with the use of computer science 
algorithms. Social media censorship of COVID-19 policy discourse depend-
ed on both. Public health modeling is well suited to provide a plausible 
justification for using computer science algorithms to limit public debate—
and, despite all its methodological flaws, may provide useful techniques 
for censorship that abrogates Americans’ First Amendment rights. When 
public health defines the transmission of ideas as a communicable disease 
that threatens public health, it has a broad arsenal of tools to inhibit such 
transmission. Federal policymakers also should establish a commission to 
provide guidelines for federal funding, conduct, and regulation of the use of 
computer science algorithms, particularly as they are used by the federal 
government and by social media companies. This commission, moreover, 
should provide guidelines to ensure that artificial-intelligence program-
ming is not similarly subverted to inhibit liberty.

5.	 Federal, state, and local policymakers should rescind all laws, regula-
tions, and programs based on implicit bias theory.

Implicit bias theory and the IAT have no scientific validity. No Americans 
should be subject to policy based on nonsense—much less policy intended to 
promote radical identity politics ideology. Policymakers should give priority 
to rescinding regulations that affect the personnel involved in executing law 
and order, such as judges, lawyers, and policemen, and medical personnel. 
Private enterprises should be encouraged by public opinion to rescind all 
activities, such as diversity trainings, based on implicit bias theory.

162	 Editorial Board (2021); Hart (2022); Kulldorff (2020); Mosher (2022); Nelson (2022); Wittkowski (2022).
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6.	 Federal policymakers should establish a Social Sciences Commission.

Federal agencies such as the NIH or the EPA have procedures for requiring 
that regulations be founded on substantial scientific research. The proce-
dures may not yet take due account of the irreproducibility crisis, but they 
exist. Generally, no equivalent exists to guide, for example, the invocation 
of implicit bias by the U.S. Department of Education’s Guiding Principles: A 
Resource Guide for Improving School Climate and Discipline (2014).163 Social 
sciences such as psychology are not conceived to be as rigorous as phys-
ics or chemistry, and a resource guide does not have the immediate effect 
of an EPA regulation. Nevertheless, some procedures need to be applied to 
all publications by the federal government, including both regulations and 
resource guides, to determine whether research that invokes concepts such 
as implicit bias has sufficient scientific justification. Federal policymakers 
should establish a Social Sciences Commission to determine general guide-
lines, with due weight given to transparent data, preregistration, proper 
statistical controls, publication bias, politicized groupthink, and all the as-
pects of the irreproducibility crisis. Each individual department and agency 
should then be required to apply the commission’s guidelines to their own 
procedures and publications.

7.	 Federal and state legislators should establish committees to oversee 
social scientific support for proposed laws and regulations.

Federal and state legislatures should establish dedicated committees to 
investigate and provide judgment on all bills and new laws that use social 
science research to justify their policies. Permanent committees, with per-
manent staff, will be able to provide informed judgment on all such bills 
and new laws. These committees should have the power to inform their fel-
low policymakers and the public about the social scientific support, or lack 
thereof, for new bills and new laws. Other committees should have the op-
tion to send a new bill to these social science committees for their judgment, 
although they should not be required to do so.

8.	 Federal and state legislators should pass resolutions that state guid-
ing principles for the judicial system, legal education, and the opera-
tion of the law.

Federal and state legislators should pass resolutions that state guiding prin-
ciples for the judicial system, legal education, and the operation of the law. 

163	 USDE (2014).
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These resolutions should state that individual behavior and events, and the 
first principles of due process, the presumption of innocence, and individu-
al responsibility, should govern the operations of the law and determine the 
course of justice; and that no argument or policy based on statistical dispar-
ities should have any role in the operations of the law. This principle should 
apply at least to:

a.	 The education of judges, jurors, policemen, court personnel, and any 
other state employee involved in executing law and order;

b.	 The training, work requirements, and promotion requirements for 
judges, jurors, policemen, court personnel, and any other state em-
ployee involved in executing law and order;

c.	 Police enforcement of the law;
d.	 Jury selection;
e.	 Jury verdicts; and
f.	 Judicial decisions.

Policy Institutes
America faces an extraordinary challenge to its ideals and institutions of liber-

ty and republican self-government—and only a few, uncoordinated champions work 
to oppose this onslaught. The vast majority of scientists, and government experts 
employed to judge scientific research, either are on the political left, hence naïve 
or Machiavellian practitioners of political groupthink, or do not wish to jeopardize 
their chances of receiving government grants by opposing the politicized majority. 
A scattering of scientists in every discipline speak up against the false consensuses 
imposed by radical activists, but they lack the institutional support to defend rigor-
ous science or constitutional liberty.

Policy institutes ought to provide an institutional network to substitute for the 
weakness of scientific dissent in the academy—but they do not. Since 2016, for ex-
ample, the Heritage Foundation, arguably the most influential traditional-minded 
policy institute, has published only four reports on science policy.164 The American 
Enterprise Institute likewise devotes limited resources to science policy and largely 
produces op-ed pieces, not policy papers.165 The Cato Institute’s Center for the Study 
of Science was largely focused on climate change, and it was shut down in 2019.166 
The Competitive Enterprise Institute focuses on select aspects of science policy, but 

164	 Heritage (n.d.).
165	 AEI (n.d.).
166	 Waldman (2019).
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not on science policy as a whole.167 The New Atlantis (https://www.thenewatlantis.
com) provides a home for intelligent journalism on science policy, but it is a journal 
seeking to influence the culture rather than to achieve programmatic reform of sci-
ence policy.

Policy institutes do not provide dedicated personnel or an institutional focus on 
science policy; hence neither policymakers nor the public make science policy a pri-
ority. Indeed, policymakers, policy institute personnel, and members of the public 
are scarcely aware that science policy as a coherent whole exists. Much less do they 
realize that progressive activist science policy as a whole poses a clear and present 
danger to Americans’ liberty and republican self-government, and that they need 
urgently and immediately to create a new range of coherent science policy initia-
tives to ward off the danger presented by radical activists camouflaged as scientists.

Policy institutes should re-articulate their mission to include a coherent focus 
on science policy. They also should declare that this focus is a first-order priority. 
They should implement these statements by funding permanent personnel to ar-
ticulate and publicize science policy, and by establishing websites and journals 
dedicated to science policy reform. Federal policy institutes should focus on federal 
regulations and the federal judicial system, while state policy institutions should 
focus on public K-12 and undergraduate education, as well as state judicial systems.

The NAS strongly urges that policy institutes dedicate themselves at once to ful-
fil this new mission.

167	 CEI (n.d.).

https://www.thenewatlantis.com
https://www.thenewatlantis.com
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Conclusion

P olicy that seeks to restrict freedom must justify itself against the null hy-
pothesis of a free republic—that it is better for government to do nothing 
and for the republic’s citizens to exercise their freedoms untrammeled. 

This has long been the spirit of American science policy. Our policymakers, repre-
senting the American people, long ago decided that science regulations must justify 
themselves with the best available science—that is, science that has passed the sever-
est tests. They used this phrase to defend liberty, not to facilitate its abrogation; to 
restrict regulation to the least necessary and not to facilitate the expansion of gov-
ernment regulation. Best available science was meant to restrict government bureau-
crats, not to authorize them to build regulatory empires.168

That principle has been reversed in practice. Activists and technocrats jointly 
use science regulation to advance their policy goals. The irreproducibility crisis of 
modern science, fueled above all by scientific researchers’ shift to statistical proce-
dures, provides the occasion for the mass production of false positive research re-
sults, to forward the mass production of illiberal, radical regulations. The activists 
and technocrats in government service are not accountable to policymakers or the 
public. The irreproducibility crisis of modern science is the irresponsibility crisis 
of modern science policy.

The NAS builds upon its research in The Irreproducibility Crisis and its Shifting 
Sands reports to suggest a wide variety of reforms to address this crisis—reforms 
to government regulation and funding, reforms to science education, reforms to de-
fend liberty coherently from government science policy, and reforms to focus the 
attention of policy institutes on science policy. These reforms must be enacted if 
we are to defend American liberty from the arbitrary exercise of power by radical 
activists acting in the name of science.

These reforms are only part of what must be done. The universities must be re-
formed. The illiberal groupthink of diversity, equity, and inclusion must be banished 
from American science. The fanatics, the money-grubbers, the power-mad bu-
reaucrats, and the pliable time-servers must be removed from America’s scientific 

168	 Buchanan (2004).
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establishment. The spirit of American science must be rekindled, devoted to the 
discovery and free communication of scientific truth.

The NAS urges America’s citizens, policymakers, and policy institutes to take up 
this challenge. Science and research procedures should be built on the solid rock of 
transparent, reproducible, and reproduced scientific inquiry, not on shifting sands; 
and science regulatory policy likewise should be built on transparent and account-
able procedures. Americans must dedicate themselves to the proper government of 
science policy, to assure that they retain self-government. We have been inattentive 
for too long to what is done in the name of science. We must, forthwith, take respon-
sibility for the world of science policy.
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