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It is easy to lie with statistics, it is easier to lie without them.

—Frederick Mosteller
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Preface


Science has an extraordinary record of achievement. From landing humans on the moon to dramatically increasing life expectancy worldwide, its accomplishments have reshaped our understanding of the world and our place within it. These successes stem from science’s remarkable ability to uncover causal mechanisms and solve complex problems.

Yet, despite its power, science is fragile. It requires protection not only from external threats, such as deniers and pseudoscientists who misuse it for their own agendas, but also from within. Scientists sometimes manipulate research outcomes to serve personal interests.

This book defends the integrity of scientific inquiry against such manipulation, focusing on three main strategies: data fabrication, where data are invented; data manipulation, where raw data are altered, typically in undisclosed ways; and “tweaks,” where researchers adjust research designs or model specifications. These tactics share a common goal: to produce results that align with a predetermined narrative.

Whether for career advancement, personal gain, ideological bias confirmation, or media attention, these manipulations undermine the scientific method. Intentional distortions of empirical results, whether through fabrication, manipulation, or tweaking, should be treated with equal seriousness, regardless of the method used.

This book addresses data fabrication and manipulation but primarily focuses on tweaking, the often overlooked and, as we argue, more common strategy within the darker side of science: the deliberate manipulation of results through selective research design and model specification choices. The object of manipulation is typically the statistical measure considered most important in a study. Researchers may test various model specifications and selectively report only those that yield “publishable” results—those that meet a threshold for significance, such as a p-value below 0.05, a substantial effect size, or an impressive explanatory power.

A book typically makes more than one argument, and ours is no exception. Chapter 1 argues that the intentional manipulation of model specifications and research designs—what we call “tweaking”—is fraudulent, just as data fabrication and manipulation are. The intent is the same; the results are the same; only the methods differ. While there is widespread agreement that data manipulation is unethical and data fabrication is even worse, there is less, if any, consensus on whether tweaking also constitutes fraud. Many scientists view tweaking as a gray area, somewhere between honest research and outright fraud. However, this view trivializes the issue. Like data fabrication and manipulation, tweaking invalidates empirical results, often though not necessarily leading to false inferences. Tweakers, like outright fraudsters, manipulate empirical results for personal gain, hoping to boost their publication records and further their careers.

In chapter 2, we explore the motivations behind manipulating empirical results. We identify two primary drivers: increasing the likelihood of publication and aligning results with the authors’ theoretical or ideological beliefs. Getting published is not the end goal in itself, but rather a means to achieve other self-serving objectives such as peer recognition, promotions, job offers, salary increases, media attention, and, in some cases, even the Nobel Prize. High-profile scientists have come under scrutiny for dubious data and questionable results, demonstrating that manipulation can affect even the most celebrated figures in science.

Acknowledging that tweaking is fraudulent has significant implications. As chapter 3 shows, tweaking is typically observationally indistinguishable from honest ways of improving one’s research design or model specification, making it difficult, if not impossible, to prove intentional manipulation in any particular case. However, replication exercises have shown that results from replication studies often deviate systematically from reported results in the original studies, particularly in terms of statistical significance and effect size. These systematic deviations suggest that some researchers deliberately select models based on statistical outcomes. While data fabrication and manipulation are sometimes detectable by techniques discussed in chapter 4, tweaking is subtle and typically undetectable, making it an attractive method for those seeking to avoid detection. The challenge of proving fraudulent intent remains substantial, and in many cases, it will be impossible to determine whether results were deliberately manipulated or reflected honest, though controversial, research design and model specification choices.

Part II explores how different research designs can be manipulated. Though tweaks vary across designs, it is always possible to distort empirical results: No matter the research design chosen, there are always researcher degrees of freedom that fraudsters can exploit.

Part III discusses strategies for deterring, preventing, and detecting fraud. We emphasize two approaches we consider most promising: rigorous data transparency policies and robustness testing. While neither approach will necessarily deter or prevent fraud or ensure detection when it is committed, radical transparency does help since it imposes specific requirements on publishing authors. If nothing else, it facilitates replication studies and robustness testing by others. Of the two, we prefer robustness testing over replication studies. Replication studies take the research design and model specification of studies as given and try to replicate results based on these choices. Robustness testing, by contrast, modifies these choices in plausible ways, exploring the sensitivity of results to these alternative choices. Fraudulent results tend to be non-robust. This is in their nature: If they were strongly robust to alternative research design or model specification choices, they would not have to be arrived at by fraudulent means in the first place. Rigorous robustness testing will thus diminish the incentives to fabricate, manipulate, or tweak results. Together, data transparency coupled with robustness testing will reduce the prevalence of fraud and help protect the integrity of scientific inquiry.

We make multiple contributions to various aspects of the debate on scientific fraud. In our view, the most important contributions are the following.

First, we counter the widespread notion that scientific fraud should be defined only as the fabrication or undisclosed manipulation of data. What researchers do with data when they design their research and specify their estimation models can be just as fraudulent. In our view, scientific fraud is better defined by the intent to manipulate empirical results: regardless of how the results are manipulated. In fact, we argue that while data fabrication and manipulation are relatively rare, even though their full extent is unknown, tweaking is likely to be much more common. The real threat to scientific knowledge therefore does not stem as much from data fabrication and manipulation as it does from tweaking.

Second, and perhaps surprisingly to some, our definition of scientific fraud does not require the manipulated results or inferences based on the manipulated results to be false. Fraud follows from the intention to gain an advantage by manipulating empirical results. It does not matter whether the results or inferences based on them happen to be false or not. Consider the analogy of a counterfeit Rolex: selling a fake Rolex as the real thing is fraud, regardless of whether the fake watch is as good as the original or not. Of course, the vast majority of manipulated scientific results will be false.

Third, we argue and demonstrate that no research design is immune to manipulation. While the majority of fraudulent experimental studies appear to rely on the brute force of either fabricating or manipulating data—the case of Francesca Gino, which we discuss in detail in chapter 4, comes to mind—a similar impact on results can be achieved by seemingly innocent variations to research design or model specification. This is best known and understood for observational data analyses but equally applies to all experimental designs and all causal models or in fact any other research design not explicitly addressed and explored by us in part II.

Fourth, we propose a data integrity scheme that allows readers to immediately assess the transparency and accessibility of the data used in an analysis. It warns readers to maintain a healthy skepticism if, for whatever reason, the transparency and accessibility of data are limited and suboptimal.

Fifth, we also make a point that should be obvious but is frequently neglected or ignored, namely, that researchers need to go the extra mile to demonstrate data integrity when they collect their own data. The Gino case illustrates how easy it is to manipulate empirical results by adding, subtracting, or manipulating information in self-collected data. We strongly recommend that universities and research institutes take measures and provide infrastructure to require researchers to keep a secure, safe, and unalterable copy of the raw data. Of course, we are not against data cleaning, transformations, and manipulations as long as these are justified and disclosed, but the raw data must remain “as collected.”

Sixth, we stress that science would be better served by focusing more on the question of the robustness of empirical results to plausible changes in research design and model specification, rather than focusing almost exclusively on trying to find and prove dishonest manipulations, which will often be difficult if not impossible to do. Fraudulent research will tend to score low on robustness, but so does much honestly undertaken research. Less robust findings should carry less persuasive power than more robust research. For robustness testing to exert its full potential, it is not enough, however, to require robustness tests but then leave the choice of robustness tests exclusively to the authors. This solution would simply raise the potential for fraudulent manipulation to the level of selectively choosing and designing robustness tests. We suggest that journal editors and reviewers specify the robustness tests they want to see before a manuscript is accepted and ultimately published.
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I   Is Science Broken?






Fasten your seat belts. It’s gonna be a bumpy ride.

—Zombieland Rule #4



Sitting at the Table of Gods

On March 29, 1999, the cover of Time magazine showed a picture of Albert Einstein. Einstein looked old and tired, his forehead covered in wrinkles, his hair long and gray, in a famous photograph taken by the portrait photographer Philippe Halsman back in 1947. During the photo session, Einstein expressed remorse for his inadvertent role in the Manhattan Project, the initiative that ultimately culminated in the devastating bombings of Hiroshima and Nagasaki. The picture of a sad and tired Einstein became Halsman’s most iconic photo.1

Time magazine hardly ever places the picture of a celebrity from a past historical period on its cover. But in 1999 the editors had good reasons to ignore this rule: The magazine had designated Albert Einstein as the “person of the century,” a distinction that placed him above notable figures like Mahatma Gandhi and Franklin D. Roosevelt, who were the runners-up. A great honor for Einstein and for the profession he represents: scientists. And Einstein was not the only scientist on Time’s list of the 100 most influential people of the twentieth century: This list featured nineteen scientists, which made them the third largest professional group, just a shade behind politicians and industrialists. The twentieth century was the century of man-made political disasters. But the twentieth century was also the century of science, and Einstein was its figurehead.

Those days seem to be over. And they may never come back.

In the twenty-first century, the role and relevance of scientists have changed. Science is no longer triumphant: It is in the midst of a severe crisis. Public trust in scientific results and findings has dwindled,2 and science does not know how to regain credibility. This crisis of science has many facets. More than anything else, however, it is a credibility crisis. The public no longer believes that scientists merely make honest mistakes on the long and winding road to truth. Scientists are increasingly seen as partial, ideological agents, activists in an armchair, or, worse still, simply fraudsters who fabricate or manipulate data and tweak the specifications of their empirical models to get their desired results.

The credibility crisis of science is not about scientific progress invalidating previously held scientific beliefs. That the predictions of widely believed theories clash with new empirical results is normal and an inevitable part of scientific progress. Some, perhaps many, scientific theories and ideas have been shown to be false. Einstein cannot be right without Newton being, to some extent, wrong. And Einstein was not entirely right either. He was wrong about quantum mechanics, about spooky quantum entanglement, and he failed to accept that the universe is not constant in size even though his equations predicted an expanding universe.

The credibility crisis of science is not, as such, about scientific ideas, theories, or models that turn out to be false. Rather, the crisis has been caused by scientists who deliberately publish overconfident, misleading, and often simply false empirical results based on research designs or model specifications they have intentionally specified to give the desired results. We call this practice “tweaking.” In extreme cases, published results rely on manipulated or outright fabricated data. Whether tweaked, manipulated, or fabricated, the results often cannot be replicated—not even if replication analysts use identical research designs.

By itself, failure to replicate does not necessarily indicate and certainly not prove scientific fraud. Empirical results can vary for many reasons. However, replication analyses usually show that replicated effect sizes are, on average, systematically smaller and, at the same time, often statistically insignificant. If 90 percent of replications (Open Science Collaboration 2015) deviate from the original article in one direction that is less favorable to what the authors wanted to demonstrate, then these deviations are not innocent random errors or acts of nature. If the deviations were random, they would cancel each other out and their mean would be close to zero. Instead, these deviations indicate that many of the published results are likely to have been tweaked, manipulated, or fabricated.

Tweaking is potentially more damaging to science in the long run than data manipulation and fabrication. Any particular tweaked empirical result is likely to have a smaller effect on the fabric of science than the cases of data fabrication and manipulation, but the cumulative effect of tweaking can still be larger than the cumulative effect of data fabrication and manipulation because these strategies are rare, while tweaking is common.3

Since Retraction Watch began monitoring and reporting retractions,4 the number of retracted articles per year has steadily increased. Some of this is due to “bulk retractions” of thousands of articles published in so-called paper mills, where authors pay for the publication of fake articles. We are not interested in these retracted paper mill publications. We focus here on variants of data fraud, a subset of retractions that have also been steadily increasing.

In recent months, we have seen the spectacular retractions of Francesca Gino of Harvard University and Marc Tessier-Lavigne of Stanford University. And these are just the most recent cases, the ones that stick in the public mind for a while before attention is drawn to other, more spectacular cases of scientific fraud.5

Scientists no longer sit at one table with the gods. They have become mortals. Science is in the midst of a credibility crisis. Is science broken?

As always, the correct answer is: It depends. Whether science is broken depends, first and foremost, on the meaning of “broken.” If broken means that science is no longer what it used to be, it may well be broken. If broken means that science is no longer capable of providing benefits to mankind, then, no, science is not broken. But there is plenty of room between these two extremes.

Some say science is broken: “An astonishing number of scientific studies, especially in medicine and the social sciences, are wrong. Statistical naïveté, poor practice, and outright fraud have meant that scientific journals have filled up with false information.”6 “Scientific research is fundamentally flawed, rife with published findings that often can’t be reproduced or replicated by other scientists, otherwise known as the replication and reproducibility crisis.”7

Some claim that science is not broken: “Science isn’t broken, nor is it untrustworthy. It’s just more difficult than most of us realize.”8 “It seems to me that yes ‘Science is not broken,’ but that doesn’t mean it doesn’t need fixing.”9

And some say that those who play down the challenges ahead try to protect their own interests: “Conservatives in science naturally prefer the ‘self-correcting’ frame, since it implies protection of the status quo, and greater deference to authority.”10

Do scientists ignore the widespread manipulation of empirical results, because they have settled comfortably in their ivory tower?

If science is a window to seeing and understanding the world, then this window is clearly not shattered to pieces on the ground. But the window is also not as new, shiny, and bright as it once used to be. Over the past decades it has cracked and here and there the glass is foggy. Still, our conclusion is not that science is broken. It is not beyond repair. But to keep going on with business as usual is not an option either. While public trust in scientific results has eroded over time,11 not enough has happened from within science to stem this tide.

Possible Responses to the Credibility Crisis

Scientists have been caught on the back foot. Perhaps they were surprised by the severity of the credibility crisis. And they have not responded well. Still today, ten years after the Economist turned public attention to “wrong science,”12 the academic response to its own crisis is lame. To make matters worse, scientists belittle the crisis by bringing forward a long list of ad hoc arguments that all intend to let the problem appear smaller than it actually is. And that is not a good sign. We see six common defensive arguments, but we make no claim for completeness.

1st line of defense:

Only the black sheep of the scientific community manipulate empirical results. Black sheep exist everywhere, not just in science, and the detected cases are merely a few bad apples (Broad and Wade 1983). Thus, scientific fraud is “a relatively minor problem in terms of the overall level of science.”13

2nd line of defense:

“Science is self-correcting, in the sense that falsehood injected into the body of scientific knowledge will eventually be discovered and rejected” (Goodstein 2010: 2). “What makes science so powerful is that it’s self-correcting—sure, false findings get published, but eventually new studies come along to overturn them, and the truth is revealed.”14

3rd line of defense:

Researchers do not mean to do wrong. They often cherry-pick empirical results without fraudulent intentions: “Scientists who fiddle [with empirical results], just about all of them do, … aren’t usually committing fraud, nor are they intending to. They’re just falling prey to natural human biases that lead them to tip the scales and set up studies to produce false-positive results.”15

4th line of defense:

Science is a difficult craft and art, errors occur, and they are factored into the inferences scientists draw from their results. “Science deserves respect exactly because it is difficult—not because it gets everything correct on the first try. The uncertainty inherent in science doesn’t mean that we can’t use it to make important policies or decisions. It just means that researchers should remain cautious and adopt a mindset that’s open to changing course if new data arises.”16

5th line of defense:

Scientists have already begun to develop techniques that help to identify fraudulent empirical results: replication studies, forensic statistics, techniques that help identify implausible data structures, robustness tests, and so on. The rising number of retractions demonstrates that the policies to single out the black sheep are actually working. As McIntyre believes: “Scientists were paying close attention to the problem and trying to fix it.… The response from the scientific community has been pitch perfect: We’ve got this. We may not have it solved yet … but we are investigating the problem and trying to solve it” (McIntyre 2019: 97).

6th line of defense:

Regardless of the black sheep and rotten apples, science is still astonishingly successful. “The number of dishonest scientists cannot, of course, be known, but even if they were common enough to justify scary talk of ‘tips of icebergs,’ they have not been so numerous as to prevent science’s having become the most successful enterprise (in terms of the fulfilment of declared ambitions) that human beings have ever engaged upon.”17

These lines of defense carry more than a grain of truth. They are correct, to some extent. But it is also true that the manipulation of empirical results persists. There is no proof that the rise in retractions can be explained by higher detection rates alone, as the optimists claim. It may well be that the number of fraudulent articles rises along with retractions and perhaps faster than the number of published articles. We can only see the tip of the iceberg, and the true magnitude of the problem remains unknown.

The question thus arises as to the appropriate response of the scientific community. Downplaying the problem is not a viable strategy. While it is not the case that fraudulent empirical results obstruct scientific progress in the broader context, they do have the effect of eroding public confidence in science. Science is not broken beyond repair, but it is time to turn the tide.

In our view, one shift in perception and two shifts in strategy are needed to effectively address the credibility crisis in science.

First, scientists need to recognize that the credibility crisis in science is due not only to data manipulation or fabrication, but also to what is commonly known as p-hacking, the intentional manipulation of p-values, and what we call “tweaking.” Tweaking is the deliberate choice of research design and model specification to produce specific empirical results in the interest of the researcher. Tweaking is a fraudulent technique that is difficult to detect. Consequently, although impossible to prove, we expect tweaking to be a much more common phenomenon than data fabrication and manipulation.

Second, counter-fraudulent strategies need to focus on the identification of dubious and fragile research results, which are sensitive to plausible changes of the research design or the model specification. Lack of robustness does not prove that empirical results have been manipulated, but it characterizes weak results and unreliable evidence. Elsewhere, we have suggested that journal editors and reviewers have to identify robustness tests before they accept manuscripts for publication, and we renew this proposal here (Neumayer and Plümper 2017). This is important because researchers can as carefully select robustness tests based on the results these produce as they select baseline model specifications based on results.

Third, counter-fraudulent strategies do not depend on what lawyers refer to as reversal of the burden of proof—a legal concept that shifts the burden of proof from the prosecution to the defense or from the plaintiff to the defendant. However, scientists need to be able to demonstrate that their data are genuine, that their data have not been fabricated or manipulated with the empirical results in mind. In addition, the best evidence that authors have not tweaked is to demonstrate that results are robust to plausible changes in the research design and the model specification. Such evidence will clearly be much more persuasive if authors do not themselves select the robustness tests employed.



Notes


	1. It is not Einstein’s most iconic photograph; that honor goes to Arthur Sasse’s photograph of Einstein sticking out his tongue.


	2. The earliest article we could find on a confidence crisis in science is by Clyve Nunn, published in 1977 (Nunn 1977). Nunn concludes that “ambivalence, not rejection, best describes public attitudes. Therefore, the scientific community should, where possible, increasingly relate science to the problems of health, the environment, energy, and society in order to maintain and expand the public’s interest in science” (995). Science is there to entertain the public—a very modern theme.




It is interesting to note that, like Nunn, virtually all contemporary articles on this crisis use a question mark in the title, for example, “A Crisis of Confidence?” (Feine and Jakubovics 2021)—as if scientists are not confident enough to postulate that science is in a crisis of confidence.


	3. See chapter 3 for a broader discussion of attempts to quantify scientific fraud.


	4. See retractionwatch.com.


	5. We use cases as illustrative examples. For a more comprehensive overview of cases of data fabrication and manipulation, see Ben-Yehuda and Oliver-Lumerman (2017).


	6. semafor.com/article/04/07/2023/science-is-broken.


	7. gizmodo.com/is-science-broken-major-new-report-outlines-problems-i-1834 589928.


	8. fivethirtyeight.com/features/science-isnt-broken/.


	9. progressivescience.org/index.php/2015/08/26/science-isnt-broken-or-is-it.


	10. slate.com/technology/2017/08/science-is-not-self-correcting-science-is-broken.html.


	11. “One element is absolutely critical to the success of our mission to improve the human condition: trust. It’s a foundational element of any relationship, but for the mutual benefit of the scientific enterprise and the people who support it, trust is essential. Simply put, a scientific endeavor that is not trusted by the public cannot adequately contribute to society and will be diminished as a result.” pewtrusts.org/en/trend/archive/winter-2021/why-we-must-rebuild-trust-in-science.


	12. economist.com/leaders/2013/10/21/how-science-goes-wrong.


	13. The Guardian cites Arturo Casadevall, who has published extensively on scientific fraud and retractions (Steen et al. 2016). Casadevall suggests not only that scientific fraud is a minor problem for science, but also that what we call fraud is only a small fraction of manipulated empirical results in science. In other words, we talk too much about fraud and not enough about tweaks. theguardian.com/science/2017/feb/01/high-tech-war-on-science.


	14. The main argument Aschwanden makes in the FiveThirtyEight article is that science is, first and foremost, hard. Who would not agree? But the fact that something is difficult is no excuse for bending the rules. Sure, it would be easier to get publishable results if we all just fabricated data we need. But that is fraud, not science. fivethirtyeight.com/features/science-isnt-broken/.


	15. fivethirtyeight.com/features/science-isnt-broken/.


	16. Bias and hubris in science do not just motivate scientists to manipulate empirical results in order to bring them in line with their theoretical or ideological priors. Bias also lets scientists ignore newly arising data and empirical results that contradict their priors. fivethirtyeight.com/features/science-isnt-broken/.


	17. theguardian.com/science/2017/feb/01/high-tech-war-on-science.











1   Scientific Integrity and Its Discontents



I wasn’t able to get the results the way I wanted them. I couldn’t resist the temptation to go a step further. I wanted it so badly.

—Diederik Stapel





Scientific Fraud and Murder

Is there a difference between murder and scientific fraud? Of course there is: Murder kills, scientific fraud does not. At least not normally.

However …

Paul Kammerer, an Austrian biologist who worked on the heritability of acquired characteristics in the tradition of Lamarck,1 produced spotted salamanders to provide evidence for the Lamarckian theory. When he was accused of fabricating his data, he attributed the manipulations to a research assistant. He committed suicide in 1926.

In the scandal surrounding the scientific misconduct of Paolo Macchiarini,2 patients died, but whether they died because Macchiarini chose a treatment based on fraudulent scientific results or whether they would have died anyway remains an open question.

Andrew Wakefield, an anti-vaccination campaigner, published an influential article (Wakefield et al. 1998) claiming that measles, mumps, and rubella vaccinations caused autism. The article was fraudulent: Wakefield analyzed only twelve cases that appear to be carefully selected, and he did not reveal his conflict of interest. It had been retracted in 2010, but by then the article and the press conference that Wakefield gave about his paper had already inflicted substantial damage by encouraging parents not to vaccinate their children. Despite being retracted and despite compelling evidence disproving a causal link between vaccination and autism, the article continues to fuel anti-vaccination campaigns. In all likelihood, some people who would have been vaccinated in the absence of the fraudulent Wakefield article were harmed. And some children have died as a result.

None of these cases, however, constitutes murder. Not in a legal sense. The vast majority of fraudulent articles do not kill, and none of the three cases qualify as murder in a legal sense. These three cases are exceptions, even outliers.

There is, however, one case that links scientific fraud to murder: the tragic case of a fraudulent Bangladeshi academic who had a critic murdered. This was murder, unquestionably. The academic was sentenced to death and hanged seventeen years later, in 2023.3

Despite this one single case, scientific fraud and murder seem to be worlds apart. The vast majority of fraudulent articles do not kill, intentionally or not. From a different perspective, however, the two have at least some aspects in common.

First, it is possible to get away with murder, and this also holds for data fraud. In murder, the chances increase if the killer makes the cause of death seem to look natural, which rules out a few options such as guns, knives, bombs, and weapons of mass destruction. Clever murderers prefer nicely staged accidents—suspiciously many Russian oligarchs have recently fallen out of a window—or perhaps the elusive, untraceable poison. The same goes for scientific fraud: The more the resulting manuscripts look like normal scientific papers, and the more the evidence they present appears plausible, the better the chances of the fraudster of getting away with data fabrication, data manipulation, or the intentional massaging of empirical results. When it comes to scientific fraud, we do not know whether the cases we see are the tip of the iceberg or just the tip of the tip of the iceberg.

And second, murder and scientific fraud are both premeditated. Without intent, the killing of another human being is called involuntary manslaughter, and scientific fraud is called an honest mistake. Thus, intention is a necessary condition for both scientific fraud and murder.



Defining Scientific Fraud

This brings us to a more subtle distinction between scientific fraud and murder: Intentionally killing someone is murder, regardless of the choice of murder weapon. Stabbing a victim in the back with a knife is murder, and intentionally poisoning someone’s food is also murder.

This does not currently seem to apply to scientific fraud. Many scientists and scientific institutions accept the fabrication and the intentional manipulation of data in order to produce a certain result as fraud, but the intentional tweaking of empirical results, the fine-tuning of research designs or model specifications undertaken in the interest of the tweaker, does not usually count as fraud.

Data fabrication is the invention of information, data, out of thin air. Scientists fabricate data because it requires less time and effort than honest data collection and it guarantees the empirical results the scientist wants. Data manipulation is the unjustified and typically undisclosed alteration of data. Researchers who manipulate data replace certain values in a dataset with others in order to change the empirical results. Tweaking is a deliberate change in research design or model specification to shift the empirical results in a certain direction.

Lee McIntyre defines scientific fraud as follows: “Fraud is the intentional fabrication and falsification of the scientific record.” He distinguishes between fraud, on the one hand, and honest error, on the other, plus a third category in between, which he labels “murky,” where scientists’ motives are not “pure” (McIntyre 2019: 134). What McIntyre calls the murky category we call “tweaks.” Tweaks are the intentional manipulation of empirical results through changes in and choices of research design, model specification, and/or estimation procedures. McIntyre restricts fraud to data fabrication and manipulation; the “murky” third category does not, in his view, qualify as fraud. Here is why: “What about all of those less-than-above-board research practices p-hacking and cherry-picking data …? Why aren’t those considered fraud the minute they are done intentionally? But the relevant question to making a determination of fraud is not just whether those actions are done intentionally, it is whether they also involve fabrication or falsification.… The reason that p-hacking isn’t normally considered fraud isn’t that the person who did it didn’t mean to, it’s that … p-hacking is not quite up to the level of falsifying or fabricating data” (McIntyre 2019: 136).4 McIntyre clearly stands in the tradition of Robert Merton, who suggests that outright fraud is a rare practice, but also claims that “more frequent practices just beyond the edge of acceptability” exist (Merton 1957: 651). Merton mentions selection and reporting of cases based on outcomes.

“Not quite up to the level” and “just beyond the edge of acceptability” are imprecise phrases that hide more than they reveal. Simple murder does not quite rise to the level of genocide, but that does not make it “not murder.” McIntyre’s assessment ultimately borders on a tautology: First, he accepts only data fabrication and manipulation as fraud, and then he suggests that tweaks are not quite up to that level. By his definition, that is.

McIntyre demonstrates that one can define fraud in a way that excludes tweaks. However, fraud can also be defined in a way that includes tweaks. Definitions are not right or wrong; they serve a purpose by defining a border, but this border is often fuzzy. The question thus is whether excluding tweaks from the definition of fraud has more advantages than disadvantages. In our view, McIntyre’s definition of data fraud is incomplete and imprecise. It conceals that the fabrication and manipulation of data and the influencing of empirical results by means of tweaking serve the same purpose: to promote the researcher’s interests.

The term “intentional” is important. In principle, fraud and error are easy to distinguish by definition: Fraud is intentional and error unintentional. And from a statistical point of view, fraud biases result in certain directions, while unintentional error does not bias results. As McIntyre (2019: 133–134) explains: “In the case of mere error, one’s fidelity to science is not the issue, for one can make a mistake without the intent to deceive. But in the case of fraud, where any flaws are deliberate, one’s commitment to the scientific attitude is squarely in question.… By committing fraud, one is putting oneself and one’s advancement ahead of this. Ideology, money, ego and self-interest are supposed to take a back-seat to evidence.” George and Buyse (2015: 161) agree: “Forgetting to report a value is honest error, deliberately not reporting the value is fraud; incorrectly copying a value is honest error, purposely changing the value is fraud.”

Starting from the notion that fraud is intentional, Gall and Maniadis (2019) define fraud as the generation of “false positives”:5 the false rejection of a null hypothesis in scientific terms or the false confirmation of the existence of an effect of a variable or treatment X on the outcome Y. They distinguish fraud from other causes of false positives, notably, errors and omissions. This is a misunderstanding: Manipulated research results are not necessarily false.6 It is possible to fabricate data that generate estimated effect sizes that are close to the truth. This does not make data fabrication honest or scientific. Data fraud is a practice, not an empirical result.

Both data fabrication and manipulation can be fraudulent but need not be so. Data fabrication is a common and legitimate simulation technique used, for example, to analyze the properties of estimators. The imputation of missing data is also, in more than one respect, “fabrication,” and forecasts also depend on fabrication of data by a model. As a consequence, neither data fabrication nor data manipulation is per se fraudulent. What makes these techniques fraudulent is the intention of the fraudsters to manipulate their results. Data fabrication only becomes fraudulent when scientists misrepresent fabricated as observed data.

Similarly, data manipulation occurs during many necessary research steps in between the collection of raw data and the analysis of the final data: Researchers need to decide whether observations belong to the population; they need to identify measurement error and identify possible outliers; and they occasionally need to make mathematical transformations in order to bring observed values in line with an operational definition of a variable or reduce the dimensionality of the data by aggregation across different variables. These practices are not per se fraudulent, but they need to be carefully documented, and the effect these manipulations have on empirical results should be clearly described and analyzed. Data manipulations are fraudulent if and only if they are intentionally used to get the desired results. And they become suspicious if researchers do not carefully document all manipulations of the raw data.

Thus, we do not, at least not fully, concur with common definitions of scientific fraud that dominate the literature. It makes more sense to accept the legal definition of fraud in general, according to which “fraud is an intentionally deceptive action designed to provide the perpetrator with an unlawful gain,”7 and then apply it to scientific fraud:


Scientific fraud is an intentionally deceptive manipulation of statistical quantities of interest designed to provide researchers with a benefit.





Are Tweaks Fraudulent?

Authors who have fabricated data dominate the Retraction Watch leaderboard. From a fraudster’s perspective, fabricating data has numerous advantages: It is easy, can be done quickly, and requires few skills. Fabricated data can produce the desired empirical results with certainty. What you want is what you get. And fabrication provides fraudulent researchers with data that others do not have and, by definition, cannot have since they do not actually exist.

At the same time, data fabrication has an obvious disadvantage for fraudsters: It can, at least in principle, be detected and, at least to some extent, be proven. Data fabrication will always be a risky strategy since the burden of proof tends to be reversed once a certain threshold of suspicion has been crossed: Once accused of scientific misconduct and confronted with some evidence that raises the suspicion of data fabrication or manipulation, scientists accused of data fraud must usually prove that their data are genuine and have been collected and analyzed in an ethical manner. Failure to demonstrate that data have not been fabricated may lead to the retraction of articles that are only potentially fraudulent.

Preventing data fabrication from detection is not as easy as it might seem. As Simonsohn (2013: 1875) explains: “To undetectably fabricate data is difficult. It requires both (a) a good understanding of the phenomenon being studied (e.g., what measures of a construct tend to look like, which variables they correlate with and by how much) and (b) a good understanding of how sampling error is expected to influence the data (e.g., how much variation and the kind of variation the estimates of interest should exhibit given the observed sample size and design).” Selectively manipulating data points can be more easily concealed.

Fraudsters command a portfolio of alternative techniques that extend far beyond and are more subtle than data fabrication and blatant data manipulation. We call these other techniques, these lesser sins, tweaks. According to scientists’ best friend, Wikipedia, tweaking “refers to fine-tuning or adjusting a complex system.… Tweaks are any small modifications intended to improve a system.” Using a similar logic, we define tweaks as the fine-tuning of research designs or model specifications intended to “improve” empirical results: to increase the level of statistical significance, the effect size, the direction of the effect, the functional form of the effect, and so on—all in the interest of the tweaker. Tweaking is always possible because of researcher degrees of freedom: the ability of researchers to influence the quantity of interest by choices made in the research design and model specification. Tweaks serve the same purpose as data fabrication. They aim to make a scientific manuscript more publishable, thereby generating benefits for the tweaker: more publications, publications in better journals, and more citations, all of which mean a better chance for tenure, promotion, outside offers, salary increases, attention, and fame. Or they bring empirical results in line with the researchers’ theoretical and ideological priors. In any case, tweaks serve the interest of the tweaker.

One argument for excluding tweaks from the definition of scientific fraud is that, otherwise, the number of fraudulent articles explodes. While that is true, the definition of an activity has to be independent of the number of cases this definition generates. Once we define scientific data fraud as the intentional manipulation of empirical results, then fabrication and manipulation qualify. But so do tweaks. The means are different, but if the outcome is broadly similar then this does not matter. Perhaps our analogy with murder will help. Murder, according to the legal systems of most countries, is the intentional unlawful killing of another human being. The definition of murder rests on intention, not on the means of murder: Torturing someone to death counts as murder, but so is stabbing one in the back or the deliberate poisoning of the victim’s food or drink.

Tweaking meets the definition of scientific fraud. Authors intentionally not admitting to having selected research designs or model specifications that give the desired result misleads readers into overestimating the reliability and validity of the empirical results and the inferences derived from these results. As a consequence, a manuscript might be accepted and published in a better journal and may receive a broader or more enthusiastic reception, which opens the doors to more research funding, better positions, and higher salaries.

Tweaking harms the integrity of science. Just like data fabrication and manipulation, tweaking differs from honest mistakes because it is both intentional and, well, not honest. Tweaks come in many shapes and forms, some of which are known as p-hacking, harking, data dredging, or cooking. McIntyre’s “murky” category does not consist of a few outlying cases, few and far in between. Tweaks are, for all we know, much more common than data fabrication and manipulation. Focusing on the latter and neglecting the former makes the problem appear considerably smaller than it actually is. The words scientists like to use for McIntyre’s third category are euphemisms, and this also holds for the term “tweak.” Tweaks seem almost harmless, a trivial offense, a cavalier’s delict as the Germans say. But tweakers manipulate scientific empirical results with intent and to further their own interests.

Diederik Stapel is a fraudster with fifty-eight retracted articles under his belt, ranking eighth on the Retraction Watch leaderboard as of August 2024. Stapel came to fame as a fraudster; he has contributed massively to the existential crisis of social psychology. Joel Achenbach, in an article for The Washington Post, called him the “lying dutchman.”8 A fraudster he is, but he is surprisingly willing to talk and write about his fraudulent career. He even wrote a book-length manuscript about his life—an autobiography titled “Faking Science: A True Story of Academic Fraud” (Stapel 2014). Whenever we need insights from a fraudster’s perspective, Stapel is a good, perhaps the best, source. A Paulus of social psychology that turned Saulus. And then Paulus again, when he started to tell junior researchers that scientific fraud violates the written and unwritten rules of the scientific code of conduct.

Stapel kick-started his fraudulent career by becoming “impatient, overambitious, reckless” (Stapel 2014: iii). Data analyses do not always match the expectations and interests of the researchers. And so Stapel took the truth into his own hands and decided to take “one, tiny little shortcut” (iii). He tortured the data to bring results in line with the arguments of his articles. In his autobiography, Stapel explains how he drifted further and further away from the path of virtue: “Everything had to be neat and orderly. No mess. I opened the computer file with the data that I had entered and changed a … 2 into a 4; then … I changed a 3 into a 5. I … made a few mouse clicks to tell the computer to run the statistical analyses. When I saw the results, the world had become logical again” (103).

In the early stages of his fraudulent career, he eliminated cases that he classified as “deviant”—cases that prevented the results from turning out as he expected and as he wanted them to be. These, in his view, were common practices among social psychologists. Tiny little shortcuts, he calls them. Tweaking. Tweaks were Stapel’s gateway drug. Soon after he started to tweak empirical results, he resorted to data fabrication and outright data manipulation.9 Stapel draws a line in the sand. While he accepts data manipulation and fabrication as fraud, his “tiny little shortcuts” are common practice, and thus not fraud, at least not really. If everyone cheats, is it still cheating? If everyone cheats, isn’t it foolish not to cheat?

And that is the main difference from murder. Murder neither is defined by its means nor does murder become a lesser sin when murder rates rise. In contrast, the scientific community counts the deliberate manipulation of empirical results as fraud if the fraudsters fabricate or manipulate data. And not as fraud if they tweak their empirical results. If everybody does it, it can’t be fraud, can it?

The scientific community is ill-advised to define fraud by its means or by how common a tweak is. Full stop.

Scientific fraud should be defined as the deliberate manipulation of empirical results in the interest of the authors. This definition clearly includes tweaks. Tweaks are not just tiny little shortcuts; they are tiny little shortcuts with substantively large consequences. Because these tiny little shortcuts change the results of empirical analyses, they make manuscripts more interesting. Manuscripts that become more interesting change reviewers’ attitudes toward them, and so tweakers publish in more visible journals and with better publishers. Tweakers publish more interesting results in more visible places, and so they get additional attention for their work. And then they receive better job offers and promotions and they rise to power and influence.

Tweaking is not, at least not primarily, about changing the course of science; tweaking is not primarily about misleading other researchers into investing time and money into
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