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1 [AI Cirisis] Dialogue: Two Nobel Prizes: Misconduct and Why

Sourav Bagchi, Department of Industrial and Systems Engineering, Indian Institute of Technology (IIT)
Kharagpur, India
Email: sbagchi89@ gmail.com

The Nobel Foundation declared the 2024 Nobel Prize in Physics and Chemistry, recognizing break-
throughs in artificial intelligence applications. However, both awarded works have been accused of scientific
misconduct, particularly in their reliance on post-selection bias, a flawed methodology that misrepresents
model performance [1, 2]. Despite prior concerns from researchers, the Nobel Committee proceeded with
the awards, raising questions about how such a fundamental issue was overlooked at the highest level of
scientific recognition [2].

There is strong evidence that these award-winning works rely on post-selection bias. This is not just an
oversight; it’s a fundamental issue in the way these models are evaluated. Dr. Juyang Weng, in his work

“On ‘Deep Learning” Misconduct”, has identified two primary types of misconduct [3].

e Hiding data: where researchers do not report all results from models and only show the luckiest case.

o Testing on training data: where researchers improperly use the so-called test data during training

itself, creates an illusion of superior model performance.

To support the claim of misconduct, Dr. Weng, in his paper, explained why post-selection is not gen-
eralizable by introducing a model called Pure-Guess Nearest Neighbor (PGNN) [2]. This modified version
of the Nearest Neighbor With Threshold (NNWT) eliminates the threshold entirely. This demonstrates,
through the misconduct itself, how post-selection bias can lead to misleading performance claims, includ-
ing achieving zero error when necessary [4]. Similar concerns about post-selection practices have been
discussed in the context of various Al models, including AlphaGo Zero, AlphaZero, and ChatGPT [3, 5, 6].

Now, what exactly is Post-Selection? The core concept lies in how errors are evaluated. Post-selection
error occurs when researchers train multiple models and select the luckiest one after (this refers to "Post’ in
Post-Selection) training all possible models, and reporting its performance as if it were generalizable. This
introduces a bias because the chosen model’s performance is not necessarily representative of the overall
performance; it is simply the luckiest one in the specific validation setting, which can lead to overestimation
of performance in practical applications on new, unseen data from a disjoint distribution. Therefore, both
types of misconduct mentioned above are forms of misconduct that stem from post-selection bias.

To formally describe this issue, we define two key equations:
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1. Reported Validation Error:

E(g.V) :mkinE(gk,V) ey
Where,
e g represents the k-th trained model.
e E(g, V) denotes the error of model g, on the validation set V.
e k is the index of the luckiest model in the validation set.

e The right-hand side of the equation takes the minimum error across all trained models, meaning that

we are reporting the luckiest validation error among all models.

This equation shows that instead of considering the general performance of all trained models, re-
searchers are cherry-picking the single model with the lowest validation error. However, the authors imply
that this selection process introduces bias because the chosen model is the luckiest in the specific validation
set, not necessarily the best model overall.

2. Expected Test Error

1 K
E(gi.T)~ = ) E(s.T) )
K=

Where,

e E(g;,T) represents the actual expected error of the chosen (luckiest) model on the test set 7'.

e K is the total number of trained models.

e YX | E(gr T) computes the sum of test errors over all trained models.

. %Zf: L E (g, T) gives the average test error across all models.

Instead of assuming that the chosen model generalizes well, a more statistically accurate estimate of
expected test error should consider the average performance of all trained models. The luckiest model
selected in the validation phase is not necessarily the best-performing model on a truly independent test set.
In many cases, the test error of the selected model is much closer to the average error of all models rather
than the lowest validation error, which means that reporting only the luckiest validation error gives an overly

optimistic view of performance.

Key observations:

e Post-selection bias arises when researchers select the luckiest model based on validation performance

and report it as if it generalizes well.

e The reported validation error E(g;, V) is misleading because it represents the luckiest outcome rather

than the expected outcome.
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e The actual test error E(g;,T') is much closer to the average test error across all models, meaning that
post-selection inflates performance estimates.

e To avoid this bias, researchers should report not just the luckiest model’s error but also consider the

average and variance of test performance over multiple models.

e Computational constraints, including limitations on time and memory, should be considered when

selecting and evaluating models to ensure practical feasibility.

In the case of the 2024 Nobel Prize-winning works, researchers trained multiple models and submitted
only the luckiest one, ignoring those that failed [2]. The ImageNet and CASP competitions have been long
criticized for allowing participants to submit multiple results and report only the luckiest [7, 8]. These
flawed protocols exaggerate the reliability of AI models and mislead the broader scientific community [9].

By acknowledging and correcting for post-selection bias, we can ensure that Al models are evaluated
more transparently and generalize better in real-world applications. But why do researchers engage in post-

selection? The answer lies in the pressures of academia and industry:

e Al research is highly competitive, with funding agencies favouring models with state-of-the-art per-

formance [10].

e Many conferences and journals do not require full error distributions, allowing selective reporting

[11].

e Hyped Al breakthroughs attract significant media attention, incentivizing researchers to show inflated

results [12].

e Companies and institutions tied to Al research often have financial stakes in presenting highly opti-

mistic results [13].

Despite the impact of this problem, not a single published paper in these areas (to the best of my knowl-
edge, except [14, 15]) reports the average or maximum post-selection error, which is crucial for transparency.
Even in my research experience in the area of time series forecasting while working on missing data impu-
tation algorithms for Internet of Things (IoT) data, I’ve noticed that post-selection error is never reported.

This is not an isolated problem. Funding agencies, academic journals, and even corporations have
direct or indirect incentives to overlook this misconduct. Institutions like the National Science Foundation,
Science, Nature, and even the ImageNet and CASP competitions have somehow systematically allowed post-
selection bias to flourish. The entire ecosystem—including reviewers, publishers, and funding bodies—has
turned a blind eye to this issue [16].

The biggest consequence is non-generalizability. Models that appear groundbreaking in controlled set-
tings fail in real-world applications. This is why many Al advancements do not translate into reliable,
scalable solutions. And now, even the Nobel Committee has been deceived by this simple yet very powerful
way of misconduct. If the most prestigious scientific awards are given to work that lacks a valid test, Al

research’s credibility is questioned.
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The revelation of these challenges necessitates immediate action. Therefore, to uphold scientific in-
tegrity, journals and conferences must enforce more intense validation protocols, ensuring that every pub-
lished article transparently reports post-selection errors. Funding agencies must also shift their focus away
from rewarding deceptive metrics and instead prioritize reproducibility and rigorous evaluation. At the core
of this effort, researchers must be held accountable for their methodologies, preventing misleading practices
from distorting the progress of science. When the very foundation of scientific credibility is at risk, no
award—no matter how prestigious—should be exempt from scrutiny.

The challenges in Al extend beyond flawed models—they strike at the very foundation of scientific
integrity. As this discussion comes to a close, it is clear that the credibility of AI models depends not just on

their performance but on the transparency and rigour of the methods used to evaluate them.
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2 [AI Crisis] Dialogue: How to Avoid Post-Selection: A Simple Example of
Statistical Efficiency

Yasamin S. Mirzababa, Institute for Advanced Studies in Basic Sciences (IASBS), Iran
Email: sadatmirzababa @ gmail.com

In recent CDS Newsletters, we have explored how Post-Selection has distorted scientific reporting in
fields ranging from medical research to machine learning. In my previous article, I discussed how selective
reporting contributed to the illusion of progress in the 2024 Nobel Prizes [1]. Post-selection, as discussed
by Weng[2] [3], quietly invalidates scientific claims by exploiting outcomes rather than respecting rigorous
inference. The key question now is: how do we avoid it?

Post-selection does not necessarily happen during model training. It often creeps in afterward, during
the model evaluation phase. After training multiple models with different initializations, architectures, or
hyperparameters, researchers may select the model with the best performance on a validation or test set and
report only that result. This introduces dependence between model selection and evaluation, violating the
independence assumption critical for proper inference [2]. Consequently, even a model that appears highly
accurate might simply be the result of cherry-picking favorable randomness.

While practices like reporting averages and full distributions can reduce Post-Selection bias, Weng
pointed out that this alone is insufficient [2]. A researcher could still selectively present only the top few
results out of thousands, misleading the audience. Thus, the correct and honest approach requires design-
ing learning methods that are statistically most efficient — methods that provably avoid greedy fitting and
instead summarize the true underlying data structure.

One general way to approach this is by strictly using a disjoint, untouched test set [2], ideally eval-
uated independently. Another is predefining the experimental pipeline — architecture, hyperparameters,
evaluation metrics — before looking at any validation outcomes, preventing unconscious drift toward fa-
vorable results [2]. However, the ultimate solution goes beyond procedural safeguards: it lies in designing
algorithms that inherently respect statistical principles.

A simple numerical example illustrates how a single neuron can incrementally compute the average of
vectors in its input space without greedily fitting the data. In networks such as DN3, each neuron incre-
mentally computes an optimal summary of its input data without storing all previous data points, thereby
avoiding Post-Selection Bias. Suppose we draw samples incrementally from a one-dimensional normal dis-
tribution .#"(1,4?) for the random variable x(¢), ¢ = 1,2, ... . After each new sample x(¢), the neuron updates

an incremental mean estimator m(t) over all x(i), i = 1,2,...,¢, based only on the previous mean m(r — 1)
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and the current sample x(7), without storing all earlier data.
Table 1 shows the incoming samples and the corresponding incremental mean at each time step. This is

a degenerate example of LCA [4], which has many neurons that mutually compete for firing.

Table 1: Incremental Mean Estimation from Normal Samples

t | x(t) | m(r)
1 | 528 | 528
2 |-035 | 246
3 | 1.82 | 2.25
4 | -0.87 | 1.47
51023122
6 | 477 | 1.81
7 | 6.12 | 2.57
8 | 341 | 2.80
9 | -2.33 | 2.00
10 | -0.76 | 1.68
11| 2.18 | 1.73
12 | 0.05 | 1.56
13| 0.60 | 1.48
141 092 | 145
15| 431 | 1.63
16 | 2.19 | 1.68
17 | 292 | 1.76
18 | 0.87 | 1.72
19 | 2.13 | 1.76
20 | -0.12 | 1.67

In this example, the neuron computing m(z) does not “fit” the training data greedily. Instead, it incre-
mentally and statistically optimally summarizes the information observed so far. The sample mean is known
to be the Maximum Likelihood (ML) estimator for normal distributions that are independently and identi-
cally distributed (i.i.d.), making the neuron’s behavior statistically most efficient without overfitting. This
contrasts sharply with many conventional machine learning models, which often overfit to validation sets
through extensive hyperparameter tuning and selection.

This philosophy of avoiding greedy fitting is embodied in Weng’s Developmental Network (DN) ap-
proach [5]. Unlike traditional Al methods, which train many models and select the luckiest on a validation
set, DN incrementally learns from data in an online, adaptive manner without relying on post-hoc selection.
The structure and function of DN evolve simultaneously through exposure to data, allowing the network
to generalize naturally without greedily memorizing specific examples. By respecting statistical efficiency
during development, DN achieves robust generalization — much like how biological brains learn — without
the need for selective reporting.

Thus, avoiding Post-Selection is not merely a matter of discipline or good practice. It is a matter of
designing fundamentally better learning processes. DN stands as a convincing demonstration that true
statistical efficiency, not greedy fitting, should be the foundation of intelligent learning systems.
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3 [AI Crisis] Dialogue Summary 2: Research Ethics and How to Cure Mis-

conduct

Juyang Weng, Brain-Mind Institute and GENISAMA, USA
Email: jweng @ genisama.com

The dialogue by Sourav Bagchi [1] in this issue shows that the author correctly expressed what I wrote in [5]
using his own mathematical expressions, such as Egs. (1) and (2) in [1]. Bagchi wrote, “A more statistically
accurate estimate of expected test error should consider the average performance of all trained models.”
Here, the more statistically precise, but probably less accessible for a non-analytical reader, way to explain
“more statistically accurate” is the Minimum Mean Square Error (MMSE) estimate (see Eq. (7) in [5]). The
term MMSE means that the expected error variance between the reported average error and the true errors
in a future test is the smallest possible. Bagchi also wrote: “In many cases, the test error of the selected
model is much closer to the average error of all models rather than the lowest validation error, which means
that reporting only the luckiest validation error gives an overly optimistic view of performance.” Again, the
term “in many cases” is an informal way for MMSE.

The “key observations” in Bagchi’s dialogue call for public attention to the Al field. He mentioned the
greediness of the funding agencies (bullet 1), the sloppiness of publishers (bullet 2), the lack of profession-
alism in the media (bullet 3), and the financial stakes that motivated authors to lie (bullet 4).

The dialogue by Yasamin S. Mirzababa [3] in this issue is the second dialogue from the author, since her
first dialogue in the last issue. In the last issue, she commented that not only is Post-Selection a misconduct
in Al but selective reporting also occurred in medical research. In this dialogue, she started to address how
to avoid Post-Selection. This is a very challenging subject, since the field of Al has many fundamental
problems to solve before it can even start to avoid Post-Selection. The first batch of problems to be solved
consists of ethical and political problems, like the four observations in Bagchi’s dialogue. Only when the
ethical and political problems have caught the attention of the research community (see also [Judicial Crisis]
in Issue 3 of 2024, can funders, news writers, journal and conference publishers, and researchers start to pay
attention to technical solutions to the Post-Selection misconduct that has flooded the Al field.

Simply following a correct experimental protocol, e.g., reporting only the average of all trained net-
works, does not solve the underlying technical problems. This is because the average performance must be
bad and undesirable [4]. Mirzababa gave an example for a simple case — a single neuron. Suppose that
we have only a single neuron to represent all the real numbers from a random distribution. For simplicity,

the author assumes a normal distribution. Then, the average of all samples is the MMSE estimate that the

10
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neuron should compute, not the smallest sample nor the largest sample either. The table in [3] employs an
incremental way to compute the average because a batch computation is not allowed for neural networks.
The incremental average of the random samples gradually approaches the sample mean, while the number
of samples increases. Therefore, with a finite number 1000 of samples x(), we should report the average
square errors of m(t), namely (m(t) —x(t))?, fort = 1,2...., as Eq. (7) in [5] indicates.

If the number n of neurons is larger than 1, e.g., n = 10, the more quantication values m;(t), i =1,2,...,n,
we will have. This can be dealt with by the vector quantication with n quantizers , similar to what NNWT
in [5] does.

Dialogues [AI Crisis] and [Judicial Crisis] are still open for future submissions. If you would like to ex-
press your views, please send a Dialogue proposal (1-2 pages) to the dialogue host juyang.weng @ gmail.com,
with a copy to Editor-in-Chief wangdongshu@zzu.edu.cn, by July 31, 2025.
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4 [World Crisis] Dialogue Initiation: Wars and Scientific Ethics

Michael Zock, C.N.R.S., LIS-lab, Aix-Marseille University, FRANCE
Email: michael.zock @lis-lab.fr

The world has never been free of danger, but the arrival of humankind marked a turning point: we shifted
from merely confronting threats to becoming their creators. This shift has impacted many domains, includ-

ing politics, science, technology, and ethics.

Politics We have recently witnessed several serious conflicts across different regions of the world—including
the attack on the U.S. Capitol, and the wars in Israel-Gaza, Russia—Ukraine, and Sudan. Such events are of-
ten justified on dubious grounds: Trump claimed that his votes had been stolen; Putin pretended that Ukraine
needed liberation from the Nazis; and Netanyahu used the liberation of hostages as a justification to fight
Hamas at any cost—even if it meant taking over 50,000 Palestinian lives. None of these actors was really
telling the truth. Obviously, to truly understand such events—and before taking sides—one must consider
the causal chain, the history, or the broader context—something Pasteur recognized long ago: “The microbe

is nothing. The terrain is everything.”

Science Science is fundamentally about generating reliable knowledge. However, to be truly trustworthy,
it must also be transparent and reproducible. Data should be reported honestly, peer review must remain
impartial, and proper credit must be given where it is due. When any of these principles are violated, the
credibility of the findings and the integrity of the author or institution are called into question. In this
technical report, even Nobel Prizes have been seriously accused of fraud (Schmidhuber, 2022; https:

//www.cse.msu.edu/amdtc/amdnl/).

Artificial Intelligence Artificial intelligence (AI) is an umbrella term that covers a wide range of top-
ics—including natural language processing, computer vision, robotics, and cognitive science—and em-
ploys many techniques such as rule-based systems, unsupervised learning, and genetic algorithms. Two
approaches that have gained significant popularity over the last decade are deep learning (e.g., large lan-
guage models; [9] and biologically inspired Al [16]. Both approaches offer tremendous potential: one for
direct practical applications like chatbots and question-answering systems, and the other for simulating var-
ious aspects of the human mind. Yet, despite their promise, these approaches also pose risks [15], —such as
misinformation, hallucinations, data centralization, and cognitive erosion [2], [1 1], [4], [7], [18]. While the
risk profiles for these two approaches differ, they share threats related to misuse [17], security, and ethics

[6]. To use Al responsibly, it is important to remain realistic and recognize that the field is still in its infancy.

12
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To grasp the gap between cognitively inspired Al and human-level cognition, one can compare the litera-
ture on a specific task—such as language production (speaking)—with key works in psycholinguistics [10],
computational linguistics [14], neuroscience [8], and Al [12]. The differences are vast, and experts across

these fields often resemble blind men describing different parts of the same elephant.

Ethics Intelligence is not just understanding physical laws, but also understanding others. Human develop-
ment spans physical, mental, and spiritual planes. If maturation progresses from childhood egocentrism to
global awareness—through stages like clan identity and nationalism—few reach the final stage: recognizing
that we all need each other, and that to live in peace, everyone, regardless of borders, races, or beliefs, must
have the means to live a decent life. This egotistic, short-sighted perspective often leads to a view of politics
as a chess game between nations, rather than as a Lego set—where both sides can win and each nation plays

a constructive role.

Questions The challenges we face are complex, encompassing issues related to society, education, global
peace, and more. While many experts have proposed promising solutions [ 1], these remain unimplemented.

The following are additional questions for consideration in this special issue:

e How can we adapt to the speed of the changing world? [5]
e What dangers might superintelligence pose to humanity? [3]
e What are the limitations and dangers of cognitively inspired AI? How can we overcome them?

e What are the costs and benefits of building a global village? How can we persuade those who oppose
such a vision? Could cancelling the debts of developing countries enable them to become genuine
partners? How can we uproot the plague of corruption, ensuring that financial aid reaches the right
hands? [13]

As Al rapidly advances, machines are taking over more human tasks, pushing us toward a robotized
society. How will people find their place in such a world? Can such a system remain economically and
socially stable? If robots do all the work while humans consume and play, we need to invent a new way of
giving meaning to life.

If any of these topics inspire you, please send a Dialogue proposal (1-2 pages) to michael.zock @lis-
lab.fr, with a copy (CC) to wangdongshu@zzu.edu.cn, by July 31, 2025.
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S The Birth of ““Dialogue Initiation: Wars and Scientific Ethics”:

A Scientific Perspective

Juyang Weng, Brain-Mind Institute and GENISAMA, USA, Email: jweng @genisama.com

At the time of this writing, I am not sure that the Dialogue Initiation [World Crisis] by Prof. Michael Zock
will successfully appear in this issue. Prof. Zock is considering his options. If he does not withdraw the
Dialogue Initiation, this article will be titled “The Birth of ‘Dialogue Initiation: Wars and Scientific Ethics’:
A Scientific Perspective.” Otherwise, this article will be titled “[World Crisis] Dialogue Initiation: Wars and
Scientific Ethics: A Scientific Perspective”.

So far, Prof. Michael Zock and I have spent about 86 emails reviewing and revising the Dialogue
Initiation. In an earlier version, he mentioned the names of several ongoing wars. Later, he dropped these
names and explained to me his concerns. Indeed, it is not typical for a professor to openly discuss politics.
However, he is not antisemitic. I am not either. I suggested that he should not remove these war names,
otherwise, the Dialogue Initiation turns to “boredom”. I thank him for following my suggestion. If there is
any controversy in his views about the wars, the controversy should point to me, although I do not necessarily
agree with his views. Scientists should have the freedom to discuss wars, regardless of their views. My views
about these wars are based on brain science, instead of politics, and are discussed explicitly below.

Hunting — identifying greys and killing for resources — has been a major activity of early humans [1].
Human society has transitioned from relying on hunting and gathering to those dependent on agriculture
(food cultivation, animal husbandry, and the use of domesticated species), industrial manufacturing, and
services. Competition occurs when a resource that is essential to growth and reproduction (e.g., food,
shelter, mates, nesting sites, wealth, and respect) is in short supply. Therefore, competition is ubiquitous in
species interactions. Coexistence results when populations of several species that utilize the same limited
resources manage to persist within the same locality [2]. The science of the development of natural and
artificial intelligence, as the title of this journal, is about the competition and coexistence of species.

However, human governments suffer from shortsightedness. The world is currently experiencing two
kinds of wars, hot wars and cold wars.

Hot wars: After WWI and WWII, we have seen a gradual, domino-effect-like, and largely peaceful
disintegration (or reform) of the Eastern Bloc. It started from the Chinese economic reform that was ar-
guably triggered by the U.S. government turning friendly with the Chinese government since 1972. China
was the second-largest player in the Eastern Bloc and was in a bitter relationship with the Soviet Union,

the largest player in the Eastern Bloc. See the figure. There has been some violence during the Eastern
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Block’s disintegration (or reform). However, recently, we have seen major hot wars (such as the Gaza War,
the Russo-Ukrainian Wars, and U.S. direct involvement with military actions against Houthi insurgents in

Yemen).

1961 Anti-Soviet Union propaganda map. Courtesy of picryl.com.

Cold Wars: There are two kinds of cold wars:

Cold wars among national governments : After Cold War I, we have seen Cold War II [3]. As Michael
Lind wrote [3], “The Second Cold War is a rematch among the same teams that opposed each other for most
of the First Cold War. On the one side are the United States and its East Asian and European allies, including
new NATO allies in central and eastern Europe and the Baltic. On the other side are Russia and China and
their allies and clients.” I should alert the reader that governments do not mean people. For example, many
citizens in Israel are against major military operations in Gaza.

Cold wars among ethics in science: There have been long-time disputes between two kinds of method-
ology. On one side, we have seen criticisms of Post-Selection in statistics [4], Post-Selection in Al [5], and
p-hacking in biology and economic sciences [6]. On the other side, those who did Post-Selection or p-
hacking keep doing the same alleged misconduct, while trying to block all papers that raise the invalidity
of their experimental protocols. The latter bloc includes the establishment in science, including the Science
Magazine, the Nature Magazine, ACM (the Turing Award 2018), the Nobel Foundation (Nobel Prize in
Physics 2024 and the Nobel Prize in Chemistry 2024), many other journals, and even non-peer-reviewed
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arXiv. I hope to reach a compromise in the future.

The human brain has motivational systems that are also embedded in lower species, such as apes. Their
brains do not have enough neurons to reason adequately. Therefore, circuits in the brain stem have short
routes into the motor areas and glands that generate quick and shallow responses at great expense of time that
is needed for calm reasoning and long-term planning. Namely, our human brains can reach more intelligent
reasoning and planning, but our lower brains do not give us time.

For example, when I was nine years old as a middle school student, I was surrounded in school by a
group of male classmates, one of whom teased me verbally. He used to tease me very often. Sensing the
threat, I quickly punched his nose with my fist without spending time to think about all possible outcomes.
Using the punch to respond to the verbal tease, [ was clearly wrong. However, he did not retaliate. He never
teased me since then. Could a country not retaliate to enter a war like WWI and WWII?

By spending time to think about all possible outcomes, I mean calculating the cost of possible outcomes
for every option. For example, for each soldier or civilian killed in a war, count the cost to raise and train
him to the time of death, and the future tax he would pay if he were not dead, plus the emotional cost. The
lowest-cost option is probably a “lowering your status” way. A retaliatory route will lead to an out-of-control
cost that will never stop growing, because your opponents are intelligent. This out-of-control cost should
also be the case with Hamas, Ukraine, and Touthi because they are all intelligent. They are willing to pay a
much higher cost than you, and they will fight forever so as to drag you down with them. Only when you,
the stronger side, “lower your status” to become friendly, can the weaker side become your friend. Based on
my understanding of how the brain works, that is the mentality of the weaker side since its status is already
lower than yours (e.g., due to poverty or lack of resources). Consider what Richard Nixon did to the Chinese
Government that led to the disintegration of the Eastern Bloc. Consider how the U.S. government lowered
its status and improved its treatment of aboriginal people in the U.S.

I would like to thank Prof. Michael Zock for working on this extremely challenging task. I wrote to him
in my email: “The division is too deep between science and politics. The division is difficult for you and me
to correct, but we should try. I am happy that you dare to even try.”

Can science and politics help each other?
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6 The Cold Fusion Controversy

Image Source: https://en.wikipedia.org/wiki/Cold_fusion

In March 1989, chemist Martin Fleischmann and electrochemist Stanley Pons announced at an interna-
tional conference that they had observed “excess heat” during the electrolysis of heavy water on palladium
electrodes at room temperature, which they attributed to deuterium—deuterium fusion under ambient con-
ditions. This claim—coined “cold fusion”—instantly captured worldwide media attention as a potential
revolution in inexpensive, clean energy [1].

Almost immediately, laboratories around the globe attempted to replicate the experiment, yet the over-
whelming majority failed to detect any fusion products such as neutrons or helium, nor could they reproduce
the reported excess heat consistently. It became clear that the original measurements lacked proper blind
controls, rigorous calorimetric calibration, and adequate error analysis, and that chemical side-reactions or
instrument artifacts could account for the anomalous heat readings [2].

By the end of 1990, leading journals like Science and Nature had declined to publish further cold fusion
studies, and the field all but disappeared from mainstream physics and chemistry. While a small fringe
community still investigates unusual electrochemical phenomena, the consensus remains that cold fusion
has not been reliably demonstrated.

The cold fusion episode underscored the perils of premature public announcements without peer-reviewed
validation, prompting journals and funding agencies to tighten protocols for high-impact claims and to rein-

force blind testing and data transparency in experimental design.
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7 The Jan Hendrik Schon Fraud Scandal

Image Source: https://medium.com/@deep.space/the-biggest-fraud-in-modern-physics-4a8684elldcl

Between 2000 and 2002, German physicist Jan Hendrik Schon published a series of groundbreaking
papers at Bell Laboratories and in top journals (Science, Nature) claiming record-high mobilities in organic
semiconductors, novel light-emitting devices, and ultra-fast transistors. His prolific output and seemingly
revolutionary results earned him prestigious awards and widespread acclaim [1].

In mid-2002, collaborators attempting to reproduce Schon’s experiments noticed identical noise patterns
in distinct data sets-a statistical impossibility. Bell Labs convened an investigative panel, which found at
least sixteen instances of data manipulation or duplication and discovered that Schon could not produce
original lab notebooks or raw data files to substantiate his findings [2].

As a result, all implicated papers were formally retracted, Schén’s PhD was revoked by the University
of Konstanz, and his research privileges were suspended. The scandal triggered an overhaul of peer-review
standards, data-archiving policies, and co-author accountability at major journals and research institutions.

The Schon affair remains a cautionary exemplar of how competitive pressure and inadequate data over-
sight can facilitate scientific misconduct, leading the community to adopt more stringent guidelines for data

availability, reproducibility, and research integrity.
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8 The Andrew Wakefield Vaccine—Autism Study

Image Source: https://en.wikipedia.org/wiki/Andrew_Wakefield

In 1998, British surgeon Andrew Wakefield and colleagues published a case series of twelve children in
The Lancet, suggesting that the measles—mumps—rubella (MMR) vaccine triggered gastrointestinal pathol-
ogy and developmental regression consistent with autism. The paper generated intense public alarm and a
sharp decline in vaccination rates.

Subsequent investigations revealed that Wakefield had selectively reported cases to support his hypoth-
esis, performed invasive procedures (colonoscopies, lumbar punctures) without proper ethical approval or
full parental consent, and failed to disclose a conflict of interest: legal funding from lawyers seeking vaccine
litigation [1].

By 2010, The Lancet fully retracted the article, and the UK’s General Medical Council found Wakefield
guilty of serious professional misconduct, revoking his medical license. The fallout led to measles and
mumps outbreaks across multiple countries and eroded public confidence in vaccination programs.

The Wakefield controversy underscores the vital importance of strict ethical oversight, conflict-of-
interest transparency, and large-scale epidemiological studies in assessing vaccine safety, and it remains

a stark reminder of how flawed research can imperil public health.
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