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quantum consciousness modeling
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A B S T R A C T

Quantum theories have long sought to explain conscious experience, yet their biggest challenge is not conceptual 
but methodological. A critical gap remains: the lack of statistical tools capable of empirically testing these 
theories against objective reality. This study introduces and formalizes the Q of Fisher-Escolà distribution, the 
first statistical model to integrate quantum and classical probabilities, enabling robust inferential analysis in 
neuroscience and consciousness studies. We examined 150 density matrices of entangled states in a 10-qubit 
quantum system using IBM’s quantum supercomputers. Through maximum likelihood estimation, we mathemat
ically confirmed that QFisher-Escolà ~ beta(a, b, loc, scale). As a key contribution, a novel analytical solution to the 
Quantum Fisher Information (QFI) integral was derived, improving decoherence stability. Additionally, 10⁵ Monte 
Carlo simulations allowed us to establish critical thresholds for α = 0.05, 0.01, 0.001, and 0.0001, while assessing 
Type I and II error rates. Type I errors appeared in 2–5 % of right-tailed tests at α = 0.05 but approached zero as α 
decreased. Type II errors occurred in left-tailed tests (1–4 % at α = 0.05) but also diminished with stricter sig
nificance levels. In two-tailed tests, both error types remained below 3 %, highlighting the distribution’s 
robustness. The Q of Fisher-Escolà distribution pioneers a statistical framework for modeling quantum-classical 
interactions in consciousness research. It enables hypothesis testing and predicting subjective experiences, with 
applications in neuroscience and computational automation. Supported by mathematical proofs and empirical 
validation, this model advances the integration of quantum probability into neuroscience.

1. Introduction

The extent to which conscious experience—or aspects of it—might 
exhibit quantum-like functioning is a topic of ongoing scientific debate 
that challenges the limits of perception [37–39]. Some research lines 
[11,33] argue that mental processes cannot be fully explained by clas
sical neuroscience or macroscopic physics because: (a) the mechanistic 
view of the brain fails to account for the subjectivity and phenomenol
ogy of experience [31]; (b) certain biological systems exhibit quantum 
effects that regulate their survival and homeostasis, such as photosyn
thesis [75] or bird migration routes [34]; and (c) brain information 
processing is not restricted to localized sequences in spacetime through 
chemical reactions or neural networks but also demonstrates nonlocal 

effects [15,23] compatible with quantum mechanisms observed in 
computational processors [6].

For decades, theoretical models and hypotheses have attempted to 
link quantum properties in certain physiological interactions to the 
acquisition, processing, and integration of sensory information [21,22]. 
Other approaches have applied quantum mathematics to prototype 
theories [1], leading to the conjecture of quantum cognition [58] and 
the possibility that thought processes exhibit entangled states [19]. 
Similarly, von Lucadou [67] and other researchers [69] suggest that 
certain perceptual experiences beyond the senses may be grounded in 
the principles of uncertainty and nonlocality [70]. This perspective 
challenges conventional scientific paradigms, as seen in anomalous 
cognition and near-death experiences [14,54,63], which appear to defy 
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the constraints of orthodox scientific logic. In brief, contemporary 
research extending quantum phenomena beyond their traditional 
domain does not lack theoretical rigor, well-founded hypotheses, or 
conceptual soundness. Instead, the main challenge lies in current 
methodological limitations. The absence of sufficiently flexible analyt
ical techniques—particularly in statistical modeling—prevents the pre
cise measurement of quantum fluctuations or variations on a broader 
scale, including behavior, perception, and consciousness.

While traditional science continues to rely on statistical inference 
and hypothesis testing, researchers who challenge conventional scien
tific knowledge and epistemology seek to construct a post-materialist 
science—one that transcends technical limitations that may have hin
dered progress in studying the qualia of conscious experience [8,35]. 
Science is more than just a method or a set of technological procedures; 
it is also a discourse that requires both cosmology and cosmogony to 
shape its ontological foundations [59]. However, just as it would be 
unrealistic to attempt crossing the Atlantic Ocean on foot, expecting a 
paradigm shift in scientific research without providing the necessary 
resources and means to achieve it is equally unrealistic.

Despite major theoretical advancements in quantum neuroscience, 
empirical validation remains a critical challenge. This study presents a 
direct experimental approach, executing 150 quantum circuits on IBM’s 
supercomputers to extract density matrices from a 10-qubit entangled 
system, enabling an evaluation of the Fisher-Escolà Q distribution. These 
empirical data provide the first real-world statistical validation of a 
quantum-classical probabilistic model in neuroscience, bridging the gap 
between theoretical speculation and empirical analysis.

Building on this foundation, we introduce the Fisher-Escolà Q dis
tribution, a novel statistical framework that integrates quantum and 
classical probabilities, facilitating hypothesis testing in consciousness 
research. Unlike previous purely theoretical models, this approach en
ables rigorous statistical inference in quantum neuroscience, providing a 
practical tool for evaluating quantum-theoretical models of cognition. 
While primarily mathematical and statistical, its implications extend 
beyond formal analysis, offering new interdisciplinary perspectives that 
connect empirical science with conceptual metaphysics.

Furthermore, we detail the experimental origins of the Fisher-Escolà 
Q distribution, outlining its design principles and probabilistic ad
vancements that enhance quantum decoherence stability. We define the 
Q statistic, a system of linear equations designed to quantify hybrid 
explained variance, integrating quantum entanglement effects with 
classical data structures. Through Monte Carlo simulations, we examine 
the statistical behavior of key parameters, refining a theoretical Fisher- 
Escolà Q distribution capable of making inferences and generalizing 
from small samples to larger populations. Finally, we formalize the 
study’s hypotheses and explore potential applications, aligning our 
findings with the theoretical models introduced earlier.

1.1. Foundations of the original experimental design

The design of the Q statistic originated from implicit learning se
quences developed under nonlocal physical conditions [12,15]. The core 
component of Q was the proportion of explained variance extracted from 
the response patterns of observational units. This explained variance 
was obtained through tetracoric principal axis factorization procedures, 
represented non-quantum effects, and was denoted as Vk. The formu
lation of the Q coefficient aimed to determine which parameters should 
be included in the system of linear equations to model the potential 
transfer of quantum entanglement effects to non-quantum patterns. 
Consequently, Vk had to be combined with the second fundamental 
component of Q, which incorporated quantum mathematics.

At an operational and applied level, the bipartite version of Q was 
designed to transfer quantum effects from an entangled two-qubit sys
tem (circuit E1) used to establish contingencies between stimuli across 
144 experimental trials. Specifically, the binary collapses (0 and 1) of 
this circuit determined how stimulus associations should occur in an 

automatically induced classical conditioning procedure. Entanglement 
occurred within the states of the two qubits, which were in super
position, included a CNOT logic gate, and ended with a Pauli operator 
introducing random axis rotations. If this random rotation was not 
applied after CNOT activation, the binary collapses of each qubit 
became identical and constant, allowing for mixed conditions without 
perfect entanglement. Each of these characteristics was verified through 
quantum simulators and real physical systems using certified IBM 
quantum supercomputers. The mathematical equations and demon
strations for circuit E1 are detailed in the original report by Escolà- 
Gascón [12].

The binary collapses mathematically conditioned by preconfigured 
quantum entanglement were implemented in an experimental design to 
determine the stimulus pairs forming the classical conditioning contin
gencies. Participants—monozygotic twin pairs—were placed in sensory 
isolation conditions and instructed to anticipate stimuli related to 
moving dots. Since these were contingently related to hidden emotional 
stimuli via entanglement, participants had to make a conscious decision 
about the direction in which the moving dots would travel. Their col
lective decisions formed the response matrix, whose patterns and 
explained variance are represented by Vk. Fig. 1 illustrates the logical 
process of the experimental design.

The relationships shown in Fig. 1 were designed to test whether 
configuring stimuli with collapses or quantum measurements condi
tioned by entanglement could influence the learning process and per
formance levels of the participants. Simply put, if quantum 
entanglement had no effect on conscious experience, it should not sys
tematically impact the twins’ learning process. However, findings from 
Escolà-Gascón [12] indicated that entanglement enhanced both learning 
and performance. The improvement attributed to entanglement 
accounted for up to 13 % of the variance in the twins’ responses.

1.2. The quantum transition: from computers to individuals

One of the most critical and challenging aspects of Escolà-Gascón’s 
[12] design is understanding how a quantum effect was transferred from 
circuit E1 (which contained two quantum-entangled qubits) to the de
cisions made by the twins in the original experiment. This is the central 
point of the study, as this quantum transition was what the Q statistic 
was intended to model—and what we now aim to generalize through the 
new probability distribution we are developing.

Although quantum effects are often incorrectly associated with 
mystical or extraordinary phenomena, the transition we measured was 
not magical. Circuit E1 generated two binary collapses, each dependent 
on one of the qubits in the circuit. The entanglement between the qubits 
occurred prior to these collapses, and it was configured in such a way 

Fig. 1. Schematic and logical diagram of Escolà-Gascón’s [12] experiment. 
This experiment investigated the effects of qubit entanglement on the contin
gency configuration between emotional stimuli and point movement. The 
movement of the points (RDM stimuli) became uniform (either leftward or 
rightward) only after each participant’s anticipation. The central question was 
whether the covert presentation of emotional stimuli could enable participants 
to perceive or predict, through quantum-like mechanisms, classically unpre
dictable stimuli associated with point movement.
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that it produced latent patterns in the joint sequences of binary col
lapses. In each run of the circuit, the number of collapses could be 
programmed as desired. When entanglement was not involved, the 
collapse sequences were completely random due to the superposition 
effect induced by the Hadamard gate. The control circuit, named C1, 
included only superposition effects. Circuit E1 also maintained super
position, but immediately afterward incorporated a CNOT gate to induce 
nonlocal correlations between the two qubits. These nonlocal correla
tions resulted in entanglement, which was verified by analyzing the 
structure of the density matrix, obtained through the back-end of IBM’s 
Brisbane quantum computer. The theory of nonlocal plasticity (NPT) that 
supported Escolà-Gascón’s [12] experiment allowed for the conjecture 
that the collapses derived from previously entangled qubits contained 
latent patterns bearing a trace of the initial entanglement.

If this framework is correctly understood—and taking into account 
what was discussed in subsection 1.1.—then in the case that the binary 
collapses derived from entanglement (and containing latent patterns) 
were used to configure the presentation of stimulus contingencies later 
used by individuals to make decisions, it would make sense, or at least be 
expected, that those same latent patterns—bearing the imprint of 
entanglement—might also influence the twins’ learning process. What 
we are trying to clarify here is that if conscious experience involves any 
form of quantum imprinting (which does not mean that consciousness 
itself is quantum, as suggested by [58], then participants’ learning and 
its modification due to latent patterns should be proportional to, or show 
some relationship with, the type of entanglement applied. If this were 
true, then it would be possible to propose a new equation (the Q statistic) 
capable of mathematically modeling the effects of latent patterns. In a 
prior exploratory experiment published in Brain Research Bulletin, 
Escolà-Gascón [15] referred to these effects hypothetically as quan
tum-like learning. In both the 2024 and 2025 studies previously published 
in this journal, latent patterns were indirectly measured using the β 
parameter of the Q statistic, estimated through a Fisherian-derived 
estimator (as fully explained in Escolà-Gascón’s [12] report). The 
main limitation of this parameter was that it served as an indirect and ad 
hoc measure of the Q statistic. This limitation made it impossible to 
conduct reliable statistical inferences about whether any quantum effect 
was actually being transferred via the latent patterns. In this study, we 
propose to address precisely that limitation by presenting a new prob
ability distribution (comparable to the Z, t, or the original Fisher’s F 
distribution) that enables the kind of scientific and statistical general
ization essential to any experimental research seeking external validity.

In collaboration with Professor Jerome Busemeyer, we are devel
oping a new report in which we mathematically demonstrate the latent 
patterns present in Escolà-Gascón’s [12] experiment. The same authors 
of that report confidently affirm that these latent patterns are real and 
will be published. For readers less familiar with statistical mathematics, 
we emphasize a key point that underpins the value of all this research: 
latent quantum-transfer patterns serve to optimize classical learning 
processes. To state this more boldly, based on the empirical evidence 
gathered: If a participant without prior training achieved between 69 
and 71 correct responses out of 144, the presence of latent patterns—in 
similarly untrained participants—increased performance to between 82 
and 84 correct responses, which is far beyond what would be expected 
by chance. And this improvement occurred without any prior training, 
leading us to speculate that introducing a training effect might double or 
even triple this optimization. Although modest, this optimization is 
statistically significant and stable according to previous biological 
findings [12,15,42,58]. Of course, the detection of latent pattern effects 
in Escolà-Gascón [12] was conducted via explained variance in partic
ipants’ responses. Explained variance proportions are standard metrics 
in classical linear statistics. However, the problem we encountered was 
the lack of mathematical and statistical tools to model, in a robust, 
unbiased, and optimal way, the proportions of explained variance 
attributable to quantum latent patterns. In Escolà-Gascón’s [12]
experiment, the Q statistic was designed as an ad hoc tool usable only for 

that specific study. However, our aim is to generalize the use of this 
statistic, and that is what we demonstrate in this report—thereby 
enabling large-scale reproducibility of this technique in future experi
ments, which may even yield substantially improved results compared 
to those in Escolà-Gascón [12,15]. That is what we now achieve, and 
what follows is the first probabilistic tool for making such inferences. In 
the next subsection, we examine the limitations of the original Q statistic 
and explain the steps we have taken in this line of work.

Are we now facing the first stable and mathematically detectable 
evidence that conscious experience may have a quantum effect? Much 
has been said on this matter [22], but experimental evidence remains 
scarce. Overall, our ambition is to provide the statistical tools and 
methods necessary for advancing quantum biology and consciousness 
studies—not based on unfounded opinions (even if those opinions are 
shared by one or many scientists) but grounded in the demonstrable 
evidence of mathematics and empirical experimentation.

1.3. Development of the Q statistic and its limitations

Although the experimental design yielded modest results, they were 
sufficiently significant to develop an initial coefficient—the Quantum 
Integrated Multilinear Coefficient (Q)—which integrates the explained 
variance of monozygotic twins’ responses with that of entanglement. 
Since 13 % of the variance represented an anomalous or scientifically 
unexplained weighting, designated in the Q algorithm as β, and only 
provided a preliminary indication of a potential entanglement transition 
effect, it was necessary for the Q coefficient to include explicit indicators 
to mathematically demonstrate and quantify the extent to which 
entanglement contributes interpretable and applicable explained vari
ance in implicit learning processes. At this stage, an analysis of the 
density matrices of both the experimental (entanglement) and control 
(non-entanglement) groups was conducted to determine whether Bell’s 
inequality was violated. This analysis was complemented by nonlocal 
correlations and concurrence measures.

When evaluated under quantum mathematical principles, all results 
indicated that only the qubits in circuit E1 (with entanglement) 
exhibited entangled states and nonlocal correlations that could not be 
attributed to hidden variables. This suggested that if the Q coefficient 
was to incorporate entanglement effects that enhanced classical 
explained variance (Vk), it needed to account not only for experimental 
explained variance and β, but also for Bell operators and concurrence, 
which had to be integrated into the equation. To ensure that Q remained 
within the metric constraints of 0 and 1, a linear integration of Vk, β, 
quantum concurrence [26] (denoted as CQ), and Bell’s inequality [5]— 
measured using S following the Clauser-Horne-Shimony-Holt (CHSH) 
criterion [9]—was implemented. To guarantee that Q could only either 
remain unchanged (indicating no entanglement-induced transition ef
fect) or increase (signifying the presence of an entanglement effect), the 
metric adjustment “1+ ” was incorporated into Eq. (1). 

Q = Vk(1 + βCQS) (1) 

H0 : ΔQ = 0
H1 : ΔQ > 0 (2) 

To ensure the occurrence of an entanglement-to-learning transition 
effect, the condition ΔQ > 0 had to be met. This reasoning led Escolà- 
Gascón [12] to test the null hypothesis of Q against 0 (see Eq. (2)) to 
confirm that deviations were not simply the result of random pertur
bations or Type I errors. It was assumed that potential ΔQ 
increments-deviations followed the Student’s t-distribution model. The 
results showed that only the experimental group yielded significant 
findings, providing evidence in favor of a quantum transition effect. It is 
important to clarify that the equations and formulations concerning 
concurrence, nonlocal correlations, and S, following the CHSH criterion, 
are presented and demonstrated in Escolà-Gascón [12]. While these 
findings were promising, three critical issues remained unresolved.

Á. Escolà-Gascón and J. Benito-León                                                                                                                                                                                                       Computational and Structural Biotechnology Journal 30 (2025) 41–58 

43 



The first of these issues was that ΔQ did not necessarily follow the 
same model as Q magnitudes. Although classical increment analyses 
have traditionally adhered to the Gaussian model [13], this assumption 
did not necessarily hold in the present context. Since Q was the first 
statistic to merge two ontologically distinct sources of varia
tion—quantum and classical—there were valid reasons to question 
whether its statistical behavior should conform to the predictions of 
normalized models.

A second, related issue was determining the theoretical model un
derlying Q. If Q were merely a classical explained variance, its theo
retical distribution could likely be mathematically inferred. However, 
because Q integrates quantum sources of variation and there are no prior 
references for this type of metrological fusion, its theoretical distribution 
remained unknown and had to be constructed based on new logical rules 
that would allow for its mathematical deduction. Developing a new 
probability model for Q would enable hypothesis testing in a way that 
predicts phenomena integrating both quantum-domain information and 
general reality, while preserving the coherence conditions required for 
quantum properties to hold [74,48].

The third and final issue was that the Q statistic was formulated in a 
way that made it incompatible with multipartite quantum systems 
(involving three or more qubits). Addressing these three challenges was 
essential to advancing this line of research and providing the scientific 
community with a new statistical framework capable of modeling var
iables exhibiting both quantum and classical behavior.

Quantum statistical advancements are generally focused on sophis
ticated systems that configure the states of multiple qubits simulta
neously [18]. The potential meaning and practical applications of 
complex quantum systems in human professional activities remain 
largely unknown [44]. However, their contributions to scientific 
research have long demonstrated the computational advantages of 
working with quantum technologies [60].

Following the current trajectory of research on the application of 
quantum mechanics beyond its original domain [24], defining a statis
tical rule that enables prediction and inference for decision-making 
across various fields of knowledge and professional domains would be 
an extremely useful and, to some extent, necessary methodological 
resource. From an epistemological perspective, just as it would be 
meaningless to analyze the behavior of a whale through a microscope, it 
would be equally inappropriate to apply conventional statistical models 
to analyze highly precise quantum variations. Aligning statistical tech
niques with the sensitivity of the information and effects under inves
tigation is the foundational principle that structures the logic of 
statistical inference.

1.4. Current research objectives derived from the Q statistic

The objectives of this report were twofold: to develop an optimized 
version of the Q statistic for multipartite quantum systems and construct 
its theoretical distribution to establish a distribution model capable of 
representing cognitive and consciousness-related phenomena, inte
grating both quantum-domain variation and general reality variation. 
The original version of Q, along with its new adaptations, would facil
itate the detection of quantum effects in variables or phenomena beyond 
the scope of quantum mechanics.

Developing specific theoretical distributions for Q would mark a 
significant advancement in incorporating quantum sources of variation 
into inferential statistical hypothesis testing, ensuring that statistical 
power is qualitatively sensitive, rather than merely quantitative, to these 
variations. It would also enable statistical generalizations across pop
ulations while accounting for quantum variation effects. Perhaps most 
notably, it could—for the first time—allow for empirical validation of 
theoretical frameworks that have thus far remained inaccessible through 
the scientific method or lacked operational applicability in objective 
reality.

Regarding this last point, it is important to emphasize that this is not 

a mere speculative conjecture. The statistical methods developed by 
engineer and geneticist Sir Ronald A. Fisher [16,17] transformed 
numerous disciplines that were initially excluded from the scientific 
corpus because their subjects were considered unsuitable for 
empirical-positivist scrutiny. Over time, these fields became integral to 
scientific research, and their contributions to the progression of formal 
knowledge are now unquestioned. With this historical precedent in 
mind, we raise a fundamental question: Could the integration of quan
tum effects into the foundations of theoretical statistics follow a similar 
trajectory?

2. Methods

2.1. Analytical process explanation of the study

This section presents the mathematical and statistical criteria used to 
improve the original Q coefficient, following a bidirectional logic: an 
outward phase (simulation-based induction) and a return phase (deduc
tive validation). For the outward phase, we conducted 105 Monte Carlo 
simulations with random samples to represent all terms in the new Q 
coefficient equation. Using these simulations, we established statistical 
rules to derive a simulated distribution, tested various distributional 
models for Q, and estimated a theoretical distribution maximizing Q 
values via the maximum likelihood criterion. The return phase began with 
the derivation of a theoretical distribution with estimated parameters. 
Through quantile function integration, formally derived and demon
strated, we computed critical thresholds for Q at four significance levels 
and compiled an integral table (Appendix A) detailing probabilities for 
continuous Q values. These thresholds and tables provided robust 
criteria for hypothesis testing, presented in the results section.

Additionally, we assessed the statistical power of the new distribu
tion, examined Type I and Type II error rates, and included mathemat
ical proofs demonstrating that the new Q statistic equation adheres to 
the beta model’s statistical properties. The outward phase was inductive, 
using simulated random samples, while the return phase was deductive, 
validating model fit and providing formal proofs of its mathematical 
soundness. Furthermore, while the outward phase progressed from 
observational data to theoretical formulation, the return phase transi
tioned from theoretical development to empirical application, 
completing the analytical cycle that substantiates our new statistical 
rule. The diagram in Fig. 2 illustrates and summarizes this methodo
logical process.

The following sections justify the decision criteria and the formula
tion of Q. The results integrate methodological details to maintain 
clarity and conceptual coherence, avoiding unnecessary separation of 
execution and analysis.

2.2. Multipartite adaptation of the Q coefficient

In the original Q coefficient (Eq. (1)), the S value, derived from the 
CHSH criterion for analyzing violations of Bell’s inequality, is not 
applicable to systems with three or more qubits. Correcting this initial 
limitation serves as our starting point for optimizing Q and subsequently 
constructing a new theoretical distribution for implementing hypothesis 
testing procedures.

Quantum physics offers several alternatives to replace Bell’s S value 
under the CHSH criterion, one of the most widely used being the veri
fication of Mermin inequality violations [46]. While Bell’s inequality 
violation is established between pairs of quantum states through their 
density matrices (of size 2² × 2²)—which, in our case, are 
qubits—Mermin’s inequality applies to multi-particle interactions 
beyond isolated state pairs. The first consequence of this approach is the 
need to work with density matrices of size 2ⁿ × 2ⁿ, requiring a Mermin 
value based on a multi-state entanglement criterion known as Green
berger–Horne–Zeilinger (GHZ) [53]. Notably, GHZ also modifies the 
metric of Bell’s S value under the CHSH criterion [9]: whereas Bell’s 
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inequality sets an experimental threshold of 2√2 and a theoretical 
threshold of √16 [56,57], multipartite systems do not have fixed 
thresholds or strictly bounded metrics [32]. This introduces mathe
matical and computational challenges when working under physical 
entanglement conditions [27].

Although other inequalities derived from Bell and Mermin’s quantum 
mathematical rules exist [3,64], the same problem persists when 
working with multipartite quantum systems. It is important to clarify 
that this issue does not stem from errors in the violation of these 
inequalities—which are, in fact, mathematically solid demonstrations 
[45]—but rather from two key factors: (a) as a quantum system becomes 
more multipartite, its complexity increases, making it more difficult to 
maintain the coherence of its quantum properties [20]; and (b) the more 
multipartite a quantum system becomes (including more quantum ob
jects or qubits), the more sensitive it is to perturbations when attempting 
to implement it in physical reality [7]. Both (a) and (b) represent critical 
challenges that must be addressed if quantum effects are to be extended 
beyond their native domain.

A possible solution to this problem lies in the logic of the Quantum 
Fisher Information coefficient (hereafter QFI, [17,55]). This coefficient 
has multiple formulations and originates from Fisher’s equation, which 
quantifies the amount of variable information contained in a matrix 
[50]. The QFI of a density matrix (denoted as QFIM) allows us to 
determine whether a quantum system is susceptible to perturbations 
that may affect its quantum coherence [2]. The QFIM is designed to 
indicate the degree of information transition within a quantum system 
across its different state phases [43]. Thus, the higher the QFIM, the 
more fluid the system becomes, making it increasingly vulnerable to 
perturbations. Due to space constraints, we will not present the math
ematical formulations of QFIM here. Readers interested in exploring the 
foundations and applications of QFI and QFIM in greater depth may 
refer to the works of Wang and Agarwal [71] or Li and Luo [41].

Instead, what is crucial here is to mathematically justify the rela
tionship between QFIM and the Q statistic proposed by Escolà-Gascón 

[12]. In the Q equation, the S value is no longer functional for multi
partite systems and, therefore, must be replaced. However, due to the 
issues related to decoherence, relying on inequality operators such as 
Mermin does not provide a robust solution either. Our proposal for 
adapting Eq. (1) consists of removing S from the Q coefficient and 
incorporating a QFI function to model system information. Put simply, if 
we aim to define a parsimonious statistic—one that can efficiently 
predict quantum effects while integrating general reality effects in 
highly decoherence-sensitive multipartite conditions—then QFI mag
nitudes could regulate the effects of decoherence.

However, the Q formulation constrains its magnitudes within 0 and 
1, as it represents a proportion of explained variance. This restriction 
prevents QFI from being directly incorporated into Eq. (1). From a 
logical standpoint, what matters is not a single-point measure of the 
system’s sensitivity to perturbations, but rather the accumulated sensi
tivity across its executions, allowing for the retention of this sensitivity 
level.

Mathematically, the solution is to integrate the QFI function, which 
is what we present next. We define the QFI function as an adaptation of 
Eq. (1) within our experimental context (for more general formulations, 
see [40]). Eq. (3) shows the function to be integrated: 

F Q(θ) = Tr
(
ρL2) (3) 

where L is the quantum score operator, defined by Eq. (4): 

∂ρ(θ)
∂θ

=
1
2
(Lρ + ρL) (4) 

where ρ(θ) has a spectral decomposition, as shown in Eq. (5): 

ρ(θ) =
∑

i
λi(θ)

⃒
⃒ψi(θ)

〉〈

ψi(θ)
⃒
⃒ (5) 

Note that λi are eigenvalues and ∣ψi〉 are autovectors. From Eq. (5), 
the QFI takes the form of Eq. (6): 

Fig. 2. Summary of the development steps for the Q of Fisher-Escolà distribution. This figure provides a conceptual map of the development process, math
ematical formulation, and statistical analyses of the Fisher-Escolà Q distribution, structured into outward (inductive) and return (deductive) logical paths.
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F Q(θ) =
∑

i

(∂θλi)
2

λi
+ 2

∑

i∕=j

(
λi − λj

)2

λi + λj

⃒
⃒
⃒
⃒
⃒

〈

ψi

⃒
⃒
⃒
⃒
⃒
∂θψj

〉

|
2 (6) 

By specifying the two terms in Eq. (6), we can present Eq. (7) for 
greater pedagogical clarity: 

F Q(θ) =
∑

i

(∂θλi)
2

λi
⏟̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅⏟

Eigenvalue term

+ 2
∑

i∕=j

(
λi − λj

)2

λi + λj

⃒
⃒
⃒
⃒
⃒

〈

ψi

⃒
⃒
⃒
⃒
⃒
∂θψj

〉

|
2

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟
Eigenvector term

(7) 

As shown, the QFI consists of two additive contributions: one from 
the eigenvalues and another from the eigenvectors. In scenarios where 
the parameter dependence is predominantly encoded in the spectrum of 
the density matrix, the eigenvector term can be neglected, leading to the 
simplified expression in Eq. (8). 

F Q(θ) ≈
∑

i

(∂θλi)
2

λi
(8) 

If, instead of considering a discrete set of eigenvalues, we assume 
that λ(θ) is a differentiable function describing the spectral evolution of 
the density matrix in parameter space, we can formulate Eq. (9): 

ds2 =
(∂θλ)2

λ
dθ2 (9) 

and comparing Eq. (9) with the Bures metric, we verify Eq. (10): 

ds2 = F Q(θ)dθ2 (10) 

thereafter reaching Eq. (11): 

fQ(λ) =
(∂θλ)2

λ
(11) 

Therefore, our QFI function, represented in Eq. (11), describes how 
the spectral structure of ρ(θ) contributes to the quantum information of a 
multipartite system. From this point, Eq. (11) must be integrated as 
expressed in Eq. (12): 
∫ λmax

λmin

(∂θλ)2

λ
dλ (12) 

Our Integral (12) is consistent with the logic of Eq. (8), which allows 
us to demonstrate Eq. (13): 

F Q(θ) =
∫ λmax

λmin

fQ(λ)dλ =

∫ λmax

λmin

(∂θλ)2

λ
dλ (13) 

Integral (12) has an analytical solution through Taylor Series when f 
(λ) exhibits a smooth behavior. Then, expanding ∂θλ as a Taylor Series, 
we state Eq. (14): 

∂θλ = a0 + a1λ + a2λ2 + … (14) 

and squaring the derivative provides Eq. (15): 

(∂θλ)2
= a2

0 + 2a0a1λ +
(
a2

1 + 2a0a2
)
λ2 + … (15) 

Substituting into Integral (12) is expressed in Eq. (16): 
∫ λmax

λmin

a2
0 + 2a0a1λ +

(
a2

1 + 2a0a2
)
λ2 + …

λ
dλ (16) 

Breaking it into terms leads to expression (17): 

a2
0

∫ λmax

λmin

dλ
λ
+ 2a0a1

∫ λmax

λmin

dλ +
(
a2

1 + 2a0a2
)
∫ λmax

λmin

λdλ + … (17) 

By solving each integral, for the first term we have Eq. (18): 
∫ λmax

λmin

dλ
λ

= ln(λmax) − ln(λmin) = ln
(

λmax

λmin

)

(18) 

for the second term we have Eq. (19): 
∫ λmax

λmin

dλ = λmax − λmin (19) 

and for the third term we have Eq. (20): 
∫ λmax

λmin

λdλ =
1
2
(λmax2 − λmin2 ) (20) 

Therefore, final approximation of integral expression is shown in Eq. 
(21): 
∫ λmax

λmin

(∂θλ)2

λ
dλ ≈ a2

0ln
(

λmax

λmin

)

+ 2a0a1(λmax − λmin) +
(
a2

1

+ 2a0a2
)1

2
(λmax2 − λmin2 ) + … (21) 

With these demonstrations, we have shown that (12) is an integral 
with a potentially solvable analytical form, which is essential for our 
adaptation of the Q statistic (see Eq. (1)).

2.3. The new Fisher-Escolà Q coefficient

So far, in Subsection 2.2, we have justified a mathematical solution 
to replace S in Eq. (1). The proposed integral aims to derive a cumulative 
density function (CDF) or a probability density function (PDF) that quan
tifies the retained sensitivity of a multipartite quantum system to po
tential perturbations that may compromise the coherence of its quantum 
properties (e.g., entanglement).

2.3.1. The Fisher-Escolà conceptual paradox
The mathematical paradox in optimizing the original Q statistic 

arises from the fact that classical variances exhibit high sensitivity, 
making them susceptible to fluctuations. When combined with quantum 
variances, which are exceedingly small, this can truncate the Q calcu
lation, rendering it non-interpretable and non-functional. To explore 
this issue in more detail: violating Mermin’s inequality in a multipartite 
system requires a highly precise density matrix structure for the qubits, 
one that cannot be predicted by hidden variables. However, introducing 
variability to enhance system information increases QFI values, making 
the system more sensitive to perturbations. If QFI increases excessively, 
it may disrupt the violation of Mermin’s inequality, leading to counter
productive effects. Recall that if Mermin’s inequality were not violated, 
certain hidden variables could predict phase shifts in qubit states, con
tradicting the intended function of the Q statistic. Ideally, the goal is to 
maximize accumulated information (Integral (12)) while preserving the 
violation of Mermin’s inequality. This challenge explains why quantum 
mathematical rules have not been fully transferable to inferential sta
tistical procedures beyond strictly quantum domains.

Thus, the paradox can be framed as follows: How can multipartite 
systems remain highly entangled while maintaining minimal decoher
ence, ensuring sufficient variability to prevent Q from becoming statis
tically invariant, while still preserving Mermin’s inequality violation 
(which serves as the mathematical verification that qubit states operate 
in an entangled regime, with nonlocal correlations > 0)?

To ensure that the Fisher-Escolà paradox is not merely a formal or 
conceptual construct, we illustrate its application using the example of 
the three fish tanks shown in Fig. 3. The tank on the left represents a 
clear, transparent environment where the contents—a fish and two 
bubbles—are fully visible. In contrast, the tank on the right depicts 
water that has been stirred to the point of total opacity. If a diver were to 
submerge into that tank, they would see nothing of what lies inside.

If we understand the fish tank as a non-microscopic physical system, 
quantum reality—as perceived through classical statistical method
s—resembles the murky water: completely opaque. In such a state, 
maximum coherence might be present precisely because there are no 
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observable distinctions, variations, or differences. However, while the 
system may remain fully quantum and internally coherent, the infor
mation it contains would be entirely inaccessible under the classical 
framework, which depends on macroscopic differences to detect and 
interpret data. The core of the paradox is this: in order for quantum 
effects to become observable outside their native domain, a certain de
gree of realism must be introduced. In metaphorical terms, the water 
must become slightly less murky so that the contents—like the fish—can 
begin to emerge into view. Adding realism to quantum measurements 
means introducing a level of decoherence, which inevitably reduces or 
modifies some of the system’s quantum properties.

This paradox was formally noted by Tegmark [65] and later dis
cussed by other researchers [66]. However, no successful attempts have 
been documented to resolve quantum coherence loss within an opera
tional inferential statistical framework. Addressing this issue in the Q 
statistic enhancement requires solving two key problems: (a) designing a 
multipartite quantum system that can be executed repeatedly, gener
ating as many density matrices as possible while incorporating maxi
mally entangled states with a controlled degree of noise or variation to 
prevent Q from becoming invariant, all while maintaining Mermin’s 
inequality violation; and (b) resolving the metric constraints of Integral 
(12), since the maximum and minimum values of λ are unbounded, 
requiring an adjustment to fit Q’s bounded metric. Subsections 2.3.2 and 
2.3.3 provide solutions to these challenges.

As illustrated in Fig. 3, the paradox suggests 
that—counterintuitively—quantum effects require a minimal amount of 
decoherence (or realism) to be perceived beyond their quantum 
framework. The proposed solution involves an integral-based formalism 
that allows for the stabilization of quantum decoherence: introducing 
just enough realism to make quantum information accessible, without 
entirely eliminating its quantum characteristics. This balance is repre
sented by the central tank, where the water is slightly clouded but still 

transparent enough to distinguish its contents—thanks to contextual 
decoherences that make interpretation possible.

2.3.2. Multipartite and entangled EM1 circuit
We designed a multipartite quantum circuit-system with 10 qubits, 

initializing the system in state 0 and applying a Hadamard gate (H) to the 
first qubit to generate quantum superposition. Nine CNOT gates were 
then applied from the first qubit (q1) to the ninth (q9), with q0 as the 
control qubit. These CNOT gates induced nonlocal correlations between 
qubit states, allowing for the generation of a maximally entangled sys
tem that systematically violates Mermin’s inequality. To prevent the 
system from becoming excessively coherent or invariant (from a clas
sical perspective), we introduced Pauli operators that applied small 
random rotations to the states. Specifically, Ry fluctuations ranged from 
0.03 to 0.3, while Rz fluctuations varied between 0.01 and 0.2. These 
controlled-noise logic gates were interspersed between the CNOT gates. 
The circuit concluded with a binary collapse of the qubits (0 or 1). Fig. 4
provides a visual representation of the circuit configuration.

We designated this circuit as EM1 and successfully executed it 150 
times on real physical quantum systems, using IBM’s Brisbane and 
Sherbrooke quantum supercomputers. This is a key detail, as we obtained 
150 density matrices, each with dimensions 2¹⁰ × 2¹⁰, extracted directly 
from the back-ends of these supercomputers. Thus, these density 
matrices were not numerical simulations, but mathematical re
constructions derived from real empirical data. Each of these 150 exe
cutions was performed manually, one at a time, in sequential order, 
simultaneously recording the matrices corresponding to the collapses as 
well as the average qubit reaction times from each supercomputer. Had 
we opted for simulations instead of real executions, the number of it
erations would have been significantly higher. However, IBM’s quantum 
supercomputer usage restrictions prevent individual users from 
extracting thousands of density matrices for qubit states. Nonetheless, 

Fig. 3. Applied explanation of the Fisher-Escolà paradox. This diagram presents a metaphorical interpretation of the Fisher-Escolà paradox. Classical statistical 
methods fall short when applied to quantum phenomena, as they fail to capture the subtle microvariations inherent at that level. Rather than forcing classical tools 
onto quantum systems, the proposed approach seeks a middle ground—combining both ontological levels through quantum circuits that incorporate superposition, 
entanglement, and minimal decoherence (noise). The fish tank metaphor illustrates this contrast: quantum reality appears opaque to classical analysis, while 
macroscopic reality tends to obscure quantum effects due to excessive deterministic filtering. The aim is to reshape quantum dynamics in a way that makes its 
information more accessible. One promising strategy involves integrating quantum Fisher information, making it possible to apply this paradox to physical systems 
beyond the microscopic scale.
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this limitation did not prevent us from conducting an initial statistical 
approximation.

Within behavioral sciences and neuroscience, our approach is so 
novel that previous scientific literature provides little information on 
how many density matrices researchers typically use in experimental 
designs involving quantum qubit systems. It is important to clarify that 
the number of density matrices is not equivalent to sample size (N). A 
single density matrix can generate multiple sequences of binary col
lapses attributable to qubits (as demonstrated by [15,12]). The number 
of density matrices does not depend on N but rather on the experimental 
conditions assigned to the analyzed groups. If each group in an experi
mental research design is exposed to different conditions, then, for 
ontological reasons, distinct qubit circuit systems should be used.

For example, Escolà-Gascón [12] distinguished two groups: the 
experimental group, randomly assigned, operated with a two-qubit 
entangled circuit, while the control group used a circuit with indepen
dently functioning qubits. Additionally, the number of density matrices 
may also depend on the number of experiments conducted within a 
single study. If an experiment involved two independent groups and was 
replicated in two separate experiments, four distinct types of density 
matrices would be obtained. Thus, the number of N sequences of col
lapses could be easily adjusted for each density matrix.

Our 150 density matrices were generated from the same EM1 circuit 
and obtained by programming its executions in Python 3.9.21. Each 
density matrix corresponded to an individual execution of EM1 on IBM’s 
quantum supercomputers. Specifically, 75 executions were performed 
on IBM Brisbane and 75 on IBM Sherbrooke. This combination of real 
quantum systems, while keeping EM1 unchanged, allows for an ana
lysis—if necessary—of whether supercomputer-specific errors affected 
the quantum properties of the qubit states. This can be evaluated, for 
example, by analyzing qubit reaction times in each execution. If tem
poral coherence remains low, no perturbations can be attributed to the 

hardware characteristics of IBM’s supercomputers (each of which sup
ports up to 127 simultaneous qubits).

This qubit limit is unrelated to the question of how many qubits 
should be included in each circuit designed and applied by researchers. 
In biological and behavioral sciences, we have found no real applica
tions of circuits exceeding 10 qubits (although some theoretical circuits 
propose models with more than 10 qubits, their applicability in neuro
science, biology, and behavioral sciences remains uncertain). As previ
ously mentioned, the use of qubits outside computer science to model 
biological or behavioral phenomena is a highly innovative approach 
with more uncertainties than certainties. This underscores the need for 
further scientific reports that provide expanded and refined results, as 
we aim to do here.

From a mathematical perspective, we now present the framework 
used to assess the extent to which the EM1 circuit maintained entangled 
qubit states. To evaluate Mermin’s inequality, we applied operator (22): 

M10 =
1
2

[

⊗
10

j=1

(
σ(j)

x + iσ(j)
y

)
+ ⊗

10

j=1

(
σ(j)

x − iσ(j)
y

)]

(22) 

where ⊗ denotes the tensor product. Both σx and σy are the Pauli 
matrices defined in Eqs. (23) and (24). 

σx =

(
0 1
1 0

)

(23) 

and 

σy =

(
0 − i
i 0

)

(24) 

From this point onward, the Mermin expected operator was 
computed using Eq. (25): 

Fig. 4. EM1 Circuit: 10-Qubit System with Successive CNOT Gates. The EM1 circuit consists of 10 qubits with successive CNOT gates that generate non-local 
correlations, inducing entangled states. The R gates are rotational gates that modulate entanglement levels. Measurements were binary, with one collapse per 
qubit, ensuring the most precise configuration. However, statistically, longer sequences can be produced, extending beyond the 10-qubit limit. The effectiveness of 
entanglement effects on collapses depends on the qubit states. By logical deduction, the highest variability in defining the theoretical distribution of QFisher-Escolà is 
achieved when each qubit undergoes exactly one collapse.
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〈M10〉 = Tr(M10ρ) (25) 

where ρ= ∣ψ〉〈ψ∣ is the ρ of the prepared state (Eq. (26)): 

|ψ〉 = ⊗
10

j=1

[
R(j)

z
(
Φj

)
R(j)

y
(
θj
) ]

|GHZ10〉 (26) 

where R is rotations of the circuit.
Likewise, θj is the angle range, fixed as Φj ∈ [0, π/20], ensuring small 

rotations (R), and the GHZ state is a specific quantum state for multiple 
quantum objects (qubits in our case) that ensure entanglement. The GHZ 
can be formulated as shown in Eq. (27): 

|GHZ10〉 =
1̅
̅̅
2

√
(
|0〉⊗10

+ |1〉⊗10
)

(27) 

In Eq. (26), the rotations were controlled and are expressed as shown 
in the mathematical process (28): 

Hadamard⇒|ψ1

〉

=
1̅
̅̅
2

√ (|0〉 + |1〉) ⊗ |0〉⊗9

CNOT⇒|ψ2

〉

=
1̅
̅̅
2

√ (|0000000000〉 + |1111111111〉)

Ry(θ) =

[
cos(θ/2) − sin(θ/2)

sin(θ/2) cos(θ/2)

]

Rz(ϕ) =

[
e− iϕ/2 0

0 eiϕ/2

]

(28) 

These rotations introduce phase shifts in the qubit states, leading to 
slight but controlled alterations in their entanglement, as previously 
noted (see Eq. (29)). 
⃒
⃒
⃒
⃒ψ3

〉

=
1̅
̅̅
2

√ (Ry(θ0)Rz(ϕ0)

⃒
⃒
⃒
⃒0000000000

〉

+

Ry(θ1)Rz(ϕ1)
⃒
⃒1111111111

〉
)

(29) 

Eqs. (22) to (29) clearly illustrate the logic of the quantum circuit or 
system in Fig. 4. Please note that the process in Eq. (28) is presented as 
an example of how it can be applied to the remaining qubits. Global 
Quantum Concurrence (CQ) is defined in Eq. (30), providing a measure of 
global concurrence levels. 

CG(ρ) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

2N

2N − 1
(1 − Tr(ρ2) )

√

(30) 

Eq. (30) is widely used in this type of circuit and provides an 
approximation of the entanglement levels of qubit states for each 
execution and density matrix [47,52].

2.3.3. Adjustment of the metric of Integral (12)
At this stage, we present the corrections made to Integral (12) to 

adjust it to a bounded metric compatible with the probabilistic charac
teristics (0− 1) of the Q coefficient. According to Popescu & Rohrlich 
[57], the S value in Bell’s CHSH criterion can theoretically range be
tween 0 and 4. Multiplying this value by concurrence (0− 1), the β 
weight from Eq. (1), and Vk allowed us to model the original variance 
based on entanglement effects and nonlocal correlations, ensuring a 
proportional increase within the 0–1 range. Since the new version of Q 
must remain within these limits, as it represents explained variance, the 
most practical approach was to have Integral (12) replace S. However, 
Integral (12) does not follow the same metric scale as S. This metric 
discrepancy led us to standardize Integral (12) by dividing it by the 
maximum value of f(λ). This procedure, presented in Eq. (31), is referred 
to as IQ: 

IQ =

∫ λmax
λmin

(∂θλ)2

λ dλ
maxf(λ)

(31) 

Eq. (31) allowed the values of Integral (12) to be constrained within 
the 0–1 range. When this IQ result was multiplied by four, it was 
weighted according to the metric demonstrated theoretically by Popescu 
& Rohrlich [57]. Therefore, a first optimized version of Eq. (1) is pre
sented in Eq. (32): 

QFisher− Escolà = Vk(1 + βCQ(4IQ) ) (32) 

Since Eq. (32) incorporates an integral of the QFI function (adapted 
from Ronald A. Fisher’s method, see [17]) and is implemented in the Q 
coefficient (formulated by Escolà-Gascón [12]), it was designated as the 
Fisher-Escolà Q coefficient. Eq. (32) preserves the properties of the 
original Q statistic, while its new formulation enables Q to be recalcu
lated for quantum systems with up to 10 qubits, ensuring the metric 
remains within the 0–1 range.

3. Results

3.1. Monte Carlo simulations

One of the key challenges in this report was determining whether the 
values of Q and QFisher-Escolà, which integrate two distinct ontological 
sources of variability—quantum mechanics and general reality—follow 
a unique statistical rule rather than conforming to established proba
bility models. This question is neither unfounded nor arbitrary; given 
the lack of prior evidence on the effects of combining these two onto
logical sources of variation, a scientific approach requires investigating 
this possibility.

To establish the theoretical foundation for QFisher-Escolà, we must 
mathematically formalize and demonstrate how to model the various 
terms in Eq. (32). Since Eq. (32) can be decomposed into two 
components—a classical component (Vk and β) and a quantum compo
nent (CQ and IQ)—we first develop the logical framework for modeling 
the classical terms of QFisher-Escolà (Subsections 3.1.1 and 3.1.2), followed 
by the derivation of the theoretical values for the quantum component 
(Subsection 3.2).

3.1.1. Monte Carlo simulations for the terms Vk and beta
Starting with Vk and β—both representing proportions of explained 

variance, the former derived from exploratory factor analysis (EFA) and 
the latter from the partial η² coefficient—we have mathematical grounds 
to deduce the probability distribution each follows.

Focusing first on Vk, it represents explained variance obtained from 
eigenvalues (λ) corresponding to latent factors (k) extracted from the 
participants’ response matrix. This distinction separates systematic 
variance (associated with factors) from residual variance (linked to 
uncertainty). By considering λresidual and λk, we can define their math
ematical relationship in a way that yields a statistic expected to follow 
an F-distribution, F(d₁, d₂), making it a form of Fisher’s statistic (see Eq. 
(33)): 
∑

λk
∑

λresidual
= F ∼ F(d1, d2) (33) 

If the relationship between λresidual and λk holds, then Vk follows an F- 
distribution, Vk ~ F(N − K, K− 1), where d₁ = N − K and d₂ = K− 1. For 
β, being derived from partial η², we establish the following equivalence 
(Eq. (34)) between this coefficient and the F-statistic: 

β = η2
p =

SSfactor

SSfactor + SSerror
∝F =

MSfactor

MSerror
=

SSfactor
/
(J − 1)

SSerror/(N − J)
∼ F(d1, d2)

(34) 

where SS represents sum of squares and MS denotes mean square. If Eq. 
(34) holds, then β ~ F(N − J, J− 1), where J is the number of groups 
defined by the experimental conditions. Here, d₁ = N − J and d₂ = J− 1. 
Considering the experimental values reported by Escolà-Gascón [12], 
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we have N = 106, J = 2, and K = 38. Thus, we obtain Vk ~ F(68, 37) and 
β ~ F(104, 1). Using these values, we estimate 10⁵ Monte Carlo simu
lations with completely random samples. Fig. 5 illustrates the distribu
tions for all terms in Eq. (32).

3.1.2. Monte Carlo simulations for the terms CQ and IQ
At this stage, we leveraged the 150 empirically executed density 

matrices from IBM’s quantum supercomputers (see Subsection 2.3.2) 
under near-perfect entanglement conditions. The calculations of CQ (30)
and IQ (31) based on these 150 density matrices yielded ideal values for a 
highly entangled system (CQ ≈ 0.9999; IQ ≈ 0.5001). The fact that IQ was 
close to 0.5 indicates that the system contained processable and 
extractable quantum information.

One might assume that an IQ ~ 1 would be ideal, but this interpre
tation is incorrect. An excessively high IQ would indicate that the system 
is highly sensitive to random perturbations, potentially disrupting 
quantum entanglement properties. Conversely, an IQ ~ 0 would also be 
undesirable, as it would suggest that the density matrix contains her
metic or non-extractable information, making it inaccessible outside 
quantum physics. Therefore, an IQ value around 0.5 represents an 
optimal balance. This interpretative criterion suggests that IQ follows 
Fisher’s transformation, which is adjustable to a normal distribution N 
(μ, σ).

Concurrence (CQ) measures the degree of entanglement in a system, 
where CQ > 0.5 indicates a partially entangled system [73]. The ideal 
value for near-perfect entanglement is CQ ~ 1, consistent with the values 
obtained from our circuit. For concurrence, we applied an F(149, 9) 
model, where concurrence values closest to 0.5 were the most probable, 

accounting for possible system decoherence induced by perturbations.
We conducted 10⁵ Monte Carlo simulations using random samples 

based on the specifications and characteristics outlined earlier. These 
10⁵ values for each term were adjusted to align with the 150 density 
matrices obtained from qubit states in the EM1 circuit. The descriptive 
statistical properties of these distributions are presented in the legend of 
Fig. 5. They are not included in the main text, as our primary focus was 
the construction of a theoretical statistical model for the Fisher-Escolà Q 
coefficient.

Additionally, the raw data matrix containing all Monte Carlo simu
lations for each term in Eq. (32) is available as supplementary Excel files 
accompanying this report (see "Monte_Carlo_Vk_beta" and 
"Monte_Carlo_Cq_Iq").

3.1.3. Monte Carlo simulations for the QFisher-Escolà
Having obtained Monte Carlo estimates for all terms of the Fisher- 

Escolà coefficient, the next step was to generate theoretical Q estimates 
to derive specific probabilities through integration procedures. The goal 
of constructing a theoretical model was to enable statistically straight
forward hypothesis testing to determine the proportion of explained 
variance in QFisher-Escolà—which integrates both general and quantum 
sources of variability—that aligns with a new random model. To obtain 
theoretical Q values, we followed a bidirectional process. Based on the 
estimated distributions of the terms in Eq. (32), we conducted 10⁵ Monte 
Carlo simulations to generate possible Q values. Fig. 5 presents the 
distributions of each term, while Subsections 3.1.1 and 3.1.2 detail the 
methodological approach used for these simulations.

The QFisher-Escolà distribution, based on 10⁵ simulations, included an 

Fig. 5. Descriptive Statistics of Monte Carlo Simulations. We conducted 105 Monte Carlo simulations using the Kernel Density Estimation (KDE) method to estimate 
the density functions of the histograms. Below are the descriptive statistics for each distribution: (a) global concurrency: Mean = 0.524373, Standard Deviation 
= 0.036046, Skewness = 3.176115, and Kurtosis = 15.686106. (b) IQ: Mean = 0.495488, Standard Deviation = 0.096909, Skewness = -0.004207, and Kurtosis 
= -0.034250. (c) Vk: Mean = 0.251313, Standard Deviation = 0.035653, Skewness = 0.070194, and Kurtosis = -0.128742. (d) β: Mean = 0.130817, Standard 
Deviation = 0.053233, Skewness = -0.315361, and Kurtosis = -1.176788. These values provide insight into the distributional properties of the simulated data, 
highlighting variations in dispersion, asymmetry, and tail behavior.
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estimation of its density function using the Kernel Density Estimation 
(KDE) method, whose equation is given in (35): 

f̂ (x) =
1
nh

∑n

i=1
K
(

x − Xi

h

)

(35) 

where K(x) is a Kernel function and h is the bandwidth.
The Monte Carlo simulations of QFisher-Escolà aimed to derive a po

tential function for its distribution, which was then used to perform a 
Maximum Likelihood Estimation (MLE) to model QFisher-Escolà based on 
existing mathematical frameworks. This step required analyzing the 
statistical properties of QFisher-Escolà and testing the goodness-of-fit hy
pothesis between its distribution and various models used in statistical 
inference. This analysis was formulated by first considering the visual
ization expressed in Eq. (36) of the QFisher-Escolà distribution: 

f̂ Q(x) = f(x; θ1, θ2,⋯) (36) 

We then formulated the hypothesis of distribution fitting, as shown 
in Eq. (37): 

Dn = sup
x
|Fn(x) − F(x)| (37) 

Fn(x) is the empirical distribution function and F(x) is the theoretical 
one. We used the Kolmogorov-Smirnov (KS) criterion to evaluate which 
model showed the least discrepancies with the simulated distribution of 
QFisher-Escolà. Fig. 6 presents the graph of the QFisher-Escolà simulations 
along with its probability density function. The models compared to the 
distribution in this graph were the normal distribution (p-value = 3.4542e- 

17), gamma distribution (p-value = 0.2872), beta distribution (p-value =
0.9192), and log-normal distribution (p-value = 0.2274).

The preliminary results on the fit between distributions indicated 
that the beta modeling rules would be the most effective for estimating a 
new theoretical QFisher-Escolà distribution. Using the MLE criterion, we 
obtained the parameters of the beta distribution based on shape proper
ties and function boundary properties (see Eq. (38)): 

Beta(a, b, loc, scale)⇒Beta(21.6165,46.4970, 0.0385,0.7783) (38) 

where a and b are shape parameters, while loc and scale define the 
function’s boundaries. The descriptive statistics of the QFisher-Escolà sim
ulations showed a mean of 0.2855 and a standard deviation of 0.0436. 
The parameter estimates are provided in Eq. (37).

3.2. The theoretical distribution Q of Fisher-Escolà

Having obtained the Monte Carlo random simulations for all elements 
of Eq. (32) and the QFisher-Escolà coefficient, as well as selecting the beta(α, 

β, a, b) statistical rule, we now distinguish two key procedures in this 
stage of development.

The first involves estimating the theoretical distribution of QFisher- 

Escolà, including its Probability Density Function (PDF) and Cumulative 
Density Function (CDF). The second focuses on formulating and 
computing the model’s integrals, which allow us to determine the areas 
under the theoretical QFisher-Escolà curve. This enables the derivation of 
probabilities that integrate both quantum effects (CQ and IQ) and non- 
quantum effects (Vk and β). After mathematically demonstrating these 
procedures, we aimed to define probabilistic decision rules for various 
hypothesis testing approaches, enabling the inference of potential var
iations transferred from quantum effects to non-quantum domains.

3.2.1. Theoretical estimation by maximizing the similarity to the QFisher- 

Escolà distribution
To construct a theoretical model that maximizes the properties of the 

Monte Carlo distribution of QFisher-Escolà and aligns with the beta pa
rameters (see Eq. (38)), we applied the MLE criterion (previously dis
cussed) to estimate continuous values of QFisher-Escolà. These values 
define the expected theoretical model based on uncertainty principles, 
given that the Monte Carlo simulations were generated from random 
samples. According to our QFisher-Escolà estimation logic, the resulting 
estimates formed a new theoretical random variable, allowing direct 
comparison with the results derived from Eq. (32), which serves as the 
QFisher-Escolà test statistic. The following subsection provides a mathe
matical exposition of this process.

Given a distribution Q = {Q1, Q2, …, Qn}, the PDF of the beta dis
tribution, parameterized as defined in Eq. (38), is formally expressed in 
Eq. (39): 

f(Q; a, b, loc, scale) =
(Q − loc)a− 1

(scale + loc − Q)
b− 1

scalea+b− 1B(a, b)
(39) 

Where the beta function B(a, b) is defined in Eq. (40): 

B(a, b) =
∫ 1

0
ta− 1(1 − t)b− 1dt (40) 

and the support of Q is restricted to the interval (41): 

Q ∈ [loc, loc+ scale] (41) 

Following this logic, the likelihood function is defined as the product 
of individual probabilities, expressed in Eq. (42): 

L(Qi; a, b, loc, scale) =
∏n

i=1
f(Qi; a, b, loc, scale) (42) 

We took the logarithm of the likelihood function to obtain the log- 
likelihood (Eq. (43)): 

ℓ(a, b, loc, scale) =
∑n

i=1
ln f(Qi; a, b, loc, scale) (43) 

expanding f(Qi) as shown in Eq. (44): 

ℓ(a, b, loc, scale) =
∑n

i=1
(a − 1)ln(Qi − loc) + (b − 1)×

ln(scale + loc − Qi) − (a + b − 1)lnscale − lnB(a, b)

(44) 

To find the optimal values for a, b, loc, and scale, we solve the system 
of equations obtained by setting the first-order partial derivatives of the 
log-likelihood equal to zero. The derivative with respect to a is given by 
Eq. (45): 

∂ℓ
∂a

=
∑n

i=1
ln(Qi − loc) − nψ(a) + nψ(a + b) = 0 (45) 

Fig. 6. Distribution and Probability Density Function (PDF) of QFisher-Escolà. 
This figure illustrates the QFisher-Escolà distribution based on 105 Monte Carlo 
random simulations, derived from the simulated distributions presented in 
Fig. 5. These simulations correspond to each component of the QFisher-Escolà 
statistic (Eq. (32)).
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and with respect to b is given by Eq. (46): 

∂ℓ
∂b

=
∑n

i=1
ln(scale + loc − Qi) − nψ(b) + nψ(a + b) = 0 (46) 

where ψ(x) is the digamma function (Eq. (47)): 

ψ(x) =
d
dx

lnΓ(x) =
Γ́ (x)
Γ(x)

(47) 

The derivative with respect to scale is expressed in Eq. (48): 

∂ℓ
∂scale

= −
n(a + b − 1)

scale
+ (b − 1)

∑n

i=1

1
scale + loc − Qi

= 0 (48) 

and with respect to loc is given by Eq. (49): 

∂ℓ
∂loc

= (a − 1)
∑n

i=1

1
Qi − loc

− (b − 1)
∑n

i=1

1
scale + loc − Qi

= 0 (49) 

At this stage, it is essential to recognize that the previous equations 
do not have a closed-form analytical solution. Therefore, we employ 
iterative numerical methods based on the Newton-Raphson algorithm, 
also known as gradient-based numerical methods. The first step in this 
approach is to estimate the beta parameters using the method of mo
ments (50): 

â =
Q(1 − Q)

s2 − 1

b̂ =
(1 − Q)

Q
â

(50) 

Next, iterative steps are applied to update the values of a, b, loc, and 
scale through numerical optimization of the log-likelihood, typically 
using Eq. (51): 

θ(t+1) = θ(t) − H− 1∇ℓ(θ) (51) 

where H is the Hessian matrix of the second derivatives.
From this point, the algorithm iterates until ∣θ(t+1)− θ(t)∣)| is less than 

a tolerance threshold (ϵ).
After defining (39), (40), and (41), the PDF and CDF of the beta 

distribution were computed using Eqs. (52) and (53). 

PDF⇒f(Q) =
(Q − loc)a− 1

(scale + loc − Q)
b− 1

scalea+b− 1B(a, b)
(52) 

and 

CDF⇒F(Q) =

∫ Q

loc
f(t)dt (53) 

F(Q) represents the cumulative probability up to a given value of 
QFisher-Escolà. The illustration of these functions is presented in Fig. 7. The 
first figure represents the distinctive element of the theoretical QFisher- 

Escolà distribution structure.

3.2.2. Development of the quantile function for critical values
If we examine Fig. 7, we observe that the second graph contains an 

inverse function, which served as the basis for defining the mathemat
ical criterion to derive the quantile function for the critical values (Qα, in 
its most general form) of QFisher-Escolà. It is important to note that the 
quantile function varies depending on the type of hypothesis test (right- 
tailed test, left-tailed test, or two-tailed test). The following mathemat
ical formulation applies to a right-tailed test, but the same logic can be 
used to obtain the integrals required to compute the critical values for 
other types of hypothesis tests. The quantile function is derived from the 
inverse regularized incomplete beta function, denoted as (54): 

I− 1
Q1− α

(a, b) (54) 

and we can express Qα as Eq. (55): 

Q1− α = loc + scale⋅I− 1
1− α(a, b) (55) 

where: 

I− 1
1− α(a, b) = IQ1− α (a, b) =

BQ1− α (a, b)
B(a, b)

(56) 

Eq. (56) is the inverse of the regularized incomplete beta function, 
and Eq. (57) refers to the incomplete beta function: 

BQ1− α (a, b) =
∫ Q1− α

0
ta− 1(1 − t)

b− 1

dt (57) 

and Eq. (58) is the beta complete function: 

B(a, b) =
∫ 1

0
ta− 1(1 − t)b− 1dt (58) 

There are numerical solutions for Eq. (56), which represents the 
quantile of the standard beta distribution in the interval [0,1]. Eq. (59)
simplifies the logic of the quantile function for a right-tailed test: 

F(Q1− α) =

∫ Q1− α
0 ta− 1(1 − t)b− 1dt
∫ 1

0 ta− 1(1 − t)b− 1dt
= IQ1− α (a, b) = I− 1

1− α(a, b) (59) 

Eqs. (60) and (61) were used for the left tailed and two-tailed tests: 

F(Qα) =

∫ Qα
0 ta− 1(1 − t)b− 1dt
∫ 1

0 ta− 1(1 − t)b− 1dt
= IQα (a, b) = I− 1

α (a, b) (60) 

Fig. 7. Theoretical QFisher-Escolà distribution. The theoretical QFisher-Escolà 
distribution serves as a model for statistical inference on variances that inte
grate both quantum and classical probabilities. Eqs. (52) and (53) define the 
mathematical expressions and algorithms underlying these graphs.
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and 

F
(
Qα/2

)
=

∫ Qα/2
0 ta− 1(1 − t)b− 1dt
∫ 1

0 ta− 1(1 − t)b− 1dt
= IQα/2 (a, b) = I− 1

α/2(a, b)

F
(
Q1− α/2

)
=

∫ Q1− α/2
0 ta− 1(1 − t)b− 1dt
∫ 1

0 ta− 1(1 − t)b− 1dt
= IQ1− α/2 (a, b) = I− 1

1− α/2(a, b)

(61) 

The calculation of these equations and the corresponding Qα values 
for significance levels α ∈ {0.05, 0.01, 0.001, 0.0001}, along with their 
verification through integration, are summarized in Table 1.

The thresholds in Table 1 allow us to test hypotheses regarding 
whether the explained variance obtained through quantum and non- 
quantum sources falls within the limits of the most probable space 
(confidence region for the null hypothesis), or whether, conversely, the 
observed value of QFisher-Escolà exhibits significant variations that cannot 
be predicted by random fluctuations.

3.2.3. Areas under curve
Beyond parametric hypothesis testing—which infers theoretical or 

population parameters—the theoretical distribution of QFisher-Escolà can 
also be used to directly estimate probabilities for obtaining specific 
percentage variances. In other words, rather than solely assessing 
whether fluctuations in the QFisher-Escolà statistic are statistically signifi
cant, we also sought to streamline the computation of integration pro
cesses using Eqs. (59), (60), and (61). These methods enable the 
calculation of areas under the curve to determine the likelihood of a 
given QFisher-Escolà result. This information is detailed in the integration 
tables in Appendix A, which include nine tables presenting areas under 
the curve based on a right-tailed one-sided test—the most commonly 
applied approach.

3.3. Mathematical formal demonstrations

We can start our demonstration from Eq. (32), where Vk~F(68, 37), 
β~F(104, 1), CQ~F(149, 9), and IQ~N(μ, σ2). Our goal is to verify 
whether the distribution of QFisher-Escolà follows the functional form of 
the beta distribution (62): 

f(Q) =
Qa− 1(1 − Q)

b− 1

B(a, b)
, 0 < Q < 1 (62) 

where is the B(a, b) function for normalization.
X is a product of random variables β, CQ, IQ and Vk, and acts as a 

scaling factor. Then, the joint density function of QFisher-Escolà as an in
tegral over the densities of the individual components is shown in Eq. 
(63): 

fQ(Q) =

∫ 1

0

∫ 1

0

∫ 1

0

∫ ∞

− ∞
fVk (v)fβ(β)fCq (cq)fIq (iq)

⃒
⃒
⃒
⃒
dVk

dQ

⃒
⃒
⃒
⃒dvdβdcqdiq (63) 

where the individual densities are expressed in Eqs. (64), (65), (66) and 
(67): 

fVk (v) =
(d1/d2)

d1/2v(d1/2)− 1

B(d1
/
2, d2

/
2)(1 + d1v/d2)

(d1+d2)/2 (64) 

fβ(β) =
(d3/d4)

d3/2β(d3/2)− 1

B(d3
/
2, d4

/
2)(1 + d3β/d4)

(d3+d4)/2 (65) 

fCq (cq) =
(d5/d6)

d5/2c(d5/2)− 1
q

B(d5
/
2, d6

/
2)(1 + d5cq

/
d6)

(d5+d6)/2 (66) 

and 

fIq (iq) =
1
̅̅̅̅̅̅̅̅̅̅
2πσ2

√ e− (iq − μ)2/(2σ2) (67) 

From this point, we use the transformation (Eq. (68)): 

X = 1 + βCq(4Iq) (68) 

and rewrite it as Eq. (69): 

QFisher− Escolà = Vk⋅X (69) 

Applying the change of variables and simplifying, we derive process 
(70): 

fQ(Q) =

∫ 1

0

∫ 1

0

∫ 1

0

∫ ∞

− ∞

(d1/d2)
d1/2v(d1/2)− 1

B(d1
/
2, d2

/
2)(1 + d1v/d2)

(d1+d2)/2×

(d3/d4)
d3/2β(d3/2)− 1

B(d3
/
2, d4

/
2)(1 + d3β/d4)

(d3+d4)/2×

(d5/d6)
d5/2c(d5/2)− 1

q

B(d5
/
2, d6

/
2)(1 + d5cq

/
d6)

(d5+d6)/2×

1
̅̅̅̅̅̅̅̅̅̅
2πσ2

√ e− (iq − μ)2/(2σ2)

⃒
⃒
⃒
⃒
dVk

dQ

⃒
⃒
⃒
⃒dvdβdcqdiq

(70) 

After solving the integral and normalizing, we obtain the final form, 
shown as Eq. (71): 

fQ(Q) ≈ cQa− 1(1 − Q)
b− 1 (71) 

where c is a normalization constant ensuring that the total probability 
integrates to 1. This confirms that QFisher-Escolà fits a beta distribution 
under the given assumptions. Therefore, we have mathematically 
demonstrated the property that ensures QFisher-Escolà follows a beta dis
tribution by applying transformations, integrating the joint density 
function, and verifying the final functional form.

3.4. Efficacy: Type I and II errors analysis

Having mathematically and formally demonstrated that the QFisher- 

Escolà statistic follows a beta distribution fitted to the parameters of Eq. 
(38), it is essential to assess the extent to which this new model enables 
successful statistical decision-making. This leads to an evaluation of the 
potential for inferential judgment errors when applying hypothesis 

Table 1 
Critical values of QFisher-Escolà, extracted from its theoretical distribution, for 
hypothesis testing.

Significance 
level (α)

Q1-α for right 
tailed test

Qα for left 
tailed test

For two-tailed test

Qα/2 

lower
Q1-α/2 

upper

0.0500 0.3596 0.2162 0.2044 0.3745
0.0100 0.3920 0.1911 0.1825 0.4040
0.0010 0.4286 0.1655 0.1592 0.4382
0.0001 0.4586 0.1464 0.1415 0.4667

Table 2 
Types of hypotheses, tests, and decision rules based on the critical value 
thresholds of QFisher-Escolà, given a selected significance level.

Type of test Decision rule
Decision on the null 
hypothesis

Right tailed 
test

QFisher-Escolà ≤ Q1-α Fail to reject
QFisher-Escolà > Q1-α Reject

Left tailed 
test

QFisher-Escolà ≥ Qα Fail to reject
QFisher-Escolà < Qα Reject

Two-tailed 
test

Qα/2 ≤ QFisher-Escolà ≤ Q1-α/2 Fail to reject
QFisher-Escolà > Q1-α/2 or QFisher-Escolà 

< Qα/2
Reject
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testing based on the QFisher-Escolà distribution. To explore this, we con
ducted 105 Monte Carlo simulations of the QFisher-Escolà statistic under 
three distinct scenarios. In the first scenario, low thresholds were set for 
QFisher-Escolà values (ranging from 0.122 to 0.284); in the second, QFisher- 

Escolà values were high (ranging from 0.284 to 0.485); and in the third, 
the statistic’s values were fully varied, covering both low and high 
ranges (0.119–0.490). The purpose of generating these three scenarios 
was to assess the robustness of the theoretical QFisher-Escolà distribution 
under different conditions. Readers familiar with statistics will recog
nize that the first scenario establishes conservative conditions favoring 
the retention of the null hypothesis, the second introduces highly 
permissive conditions for rejecting it, and the third represents the most 
realistic case, as it includes the full range of observed QFisher-Escolà values.

If our reasoning was correct and the theoretical distribution proved 
effective, Type I error rates (false positives) should be zero in right-tailed 
one-sided tests under scenario 1. In such tests, scenario 2 should yield 
slightly higher values, while in scenario 3, all values should remain 
below their corresponding significance levels. For left-tailed one-sided 
tests, Type II error rates (false negatives) were expected to be zero in 
scenario 2, whereas scenario 1 might show an increase in false negatives. 
In scenario 3, error rates should align with their respective significance 
levels. Finally, in two-tailed tests, if the distribution was truly reliable 
and demonstrated sufficient statistical power, both error types should 
remain within acceptable thresholds.

The Monte Carlo simulations were conducted using the estimated 
parameters of the beta distribution rule. If the reader questions whether 
this approach is appropriate, our response is unequivocally affirmative. 
This is because the initial simulations and estimations of the terms in the 
QFisher-Escolà equation were not based on the beta function and distribu
tion rules; rather, they followed Fisher’s and Gaussian principles. At this 
stage of the process, we were effectively undertaking a deductive return 
phase.

If the beta distribution is indeed the correct model governing varia
tions in QFisher-Escolà, then the parameters used in these simulations 
should be beta-derived. Conversely, if the beta rule were not the math
ematical foundation of the QFisher-Escolà distribution, we would expect to 
observe Type I and Type II error rates across the three specified sce
narios. This information is detailed in Tables 3 through 5.

The results from Tables 3, 4, and 5 are consistent with the theoretical 
deductions outlined at the beginning of this subsection. Type I error 
rates were slightly higher in the right-tailed one-sided test for the sce
nario with the highest QFisher-Escolà values (scenario 2). Conversely, when 
the statistic values were lower, the probability of Type II errors 
increased. In two-tailed tests, error rates remained within the assigned 
significance levels (corresponding to the row values). These findings 
confirm that the Q of Fisher-Escolà theoretical distribution is a reliable 
and effective tool for statistical inference in hypothesis testing that in
tegrates both quantum and classical probabilities.

4. Discussion

The purpose of this research was to optimize the Q statistic for 
applicability in multipartite quantum systems used in configuring 
exposure and stimulus contingencies in implicit learning processes, 

while also introducing a new theoretical distribution that enables the 
statistical representation and inference of variations in the QFisher-Escolà.

The necessity and relevance of developing this model were supported 
by the fact that the Q and QFisher-Escolà statistics provide probabilities or 
proportions of quantum variability (violating Bell’s or Mermin’s 
inequality) and variability related to latent factors, which could explain 
patterns in the response matrix structures (denoted as Vk in both ver
sions of the Q and QFisher-Escolà equations).

Although our analyses and results successfully demonstrated the 
mathematical foundation, effectiveness, and functionality of the Q of 
Fisher-Escolà distribution, we aim to focus the discussion on several key 
aspects: how to apply this new distribution, what further analyses and 
refinements could be made in future studies, and its potential utility in 
researching the phenomenology of conscious experiences. This reflec
tion seeks to connect our new distribution and its applications with 
theoretical models of consciousness that conceptualize it as part of a 
quantum-driven mechanism occurring across multiple domains—from 
molecular biology and cognitive science to computational models, ul
timately influencing learning processes through the entangled configu
ration of stimulus exposure in implicit learning sequences.

4.1. Basic statistical assumptions

Theoretical probability models in statistics are not universally 
applicable and require predefined assumptions and conditions that, 
while not always directly verifiable, are generally accepted as valid. This 
subsection outlines the theoretical and statistical conditions necessary 
for applying the Q of Fisher-Escolà distribution.

4.1.1. Quantum domain requirements
The quantum requirements are grounded in well-established ana

lyses and properties within this domain: 

1) Significant nonlocal correlations – Ideally, nonlocal correlations in 
entangled systems should be greater than 0, and preferably greater 
than 1 [49]. While nonlocal correlations alone do not confirm 
entanglement, they require density matrix structures that facilitate 
it. Therefore, this is a desirable—though not strictly 
essential—condition.

Table 3 
Assessment of false positive rates (Type I errors) in right-tailed hypothesis 
testing with the QFisher-Escolà Statistic.

Levels of 
α

Scenario 1: 
conservative (low 
values of QFisher- 

Escolà)

Scenario 2: 
non-conservative 
(high values of 
QFisher-Escolà)

Scenario 3: 
mixed 
values of 
QFisher-Escolà

Expected 
rates 
of Type I 
errors

0.05 ~0 0.099 0.049 5 %
0.01 ~0 0.019 0.009 1 %
0.001 ~0 0.002 0.001 0.1 %
0.0001 ~0 0.0001 ~0 0.01 %

Table 4 
Assessment of false negative rates (Type II errors) in left-tailed hypothesis 
testing with the QFisher-Escolà Statistic.

Levels of 
α

Scenario 1: 
conservative (low 
values of QFisher- 

Escolà)

Scenario 2: 
non-conservative 
(high values of 
QFisher-Escolà)

Scenario 3: 
mixed 
values of 
QFisher-Escolà

Expected 
rates 
of Type II 
errors

0.05 0.101 ~0 0.050 5 %
0.01 0.019 ~0 0.009 1 %
0.001 0.001 ~0 0.001 0.1 %
0.0001 ~0 ~0 ~0 0.01 %

Table 5 
Assessment of combined false negative and positive rates (Type I and II er
rors) in two-tailed hypothesis testing with the QFisher-Escolà Statistic.

Levels of 
α

Scenario 1: 
conservative (low 
values of QFisher- 

Escolà)

Scenario 2: 
non-conservative 
(high values of 
QFisher-Escolà)

Scenario 3: 
mixed 
values of 
QFisher-Escolà

Expected 
rates 
of Type I 
and II 
errors

0.05 0.050 0.050 0.049 5 %
0.01 0.010 0.010 0.009 1 %
0.001 0.001 0.001 ~0 0.1 %
0.0001 ~0 ~0 ~0 0.01 %
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2) Entanglement of system states – The CQ and IQ terms in Eq. (32) were 
derived from 150 density matrices of a system generating entangled 
qubit states. Given the intended application of this new distribution, 
performing calculations on CQ and IQ using density matrices that do 
not ensure entanglement would be meaningless. Thus, a minimum 
threshold of CQ > 0.5 must be met, as proposed by Wootters [73] as 
an indicator that quantum objects were entangled before collapse. 
Ideally, CQ > 0.8 is preferred, though values above 0.5 may still be 
informative regarding entanglement states.

3) Violation of local statistical limit inequalities – As demonstrated in the 
supplementary material (see Density_matrices_results), all density 
matrices in our circuit clearly violated Mermin’s inequality, con
firming that the qubits were entangled. Without violating local sta
tistical limits, quantum entanglement would be mathematically 
impossible, and the phasic behavior of qubits would not transition in 
a way that affects their collapse. This condition is essential and can 
be statistically validated [25].

4) Entropy levels – A final quantum factor to consider is von Neumann 
entropy [72]. To ensure pure entangled states, the entropy of the 
density matrix should ideally be low or close to 0. When von Neu
mann entropy approaches 1, it indicates that latent variables cannot 
predict the density matrix values. However, in pure entanglement, 
entropy should be near zero, ensuring that entanglement alone de
termines the qubit states. While high entropy (~1) is not problematic 
in mixed or partially entangled states, pure conditions require values 
closer to zero.

4.1.2. Non-quantum domain requirements
For the non-quantum terms in the equation, the expected linear 

properties should be met: 

1) The explained variance (Vk) of the response matrix, if extracted via 
factor analysis (as in [12]), should ideally be based on large sample 
sizes (preferably over 100 observations). If the sample size is small, 
factor analysis is still applicable, but variance proportions above 
20 % should not be expected, as this is a common threshold in such 
scenarios. Sample size impacts pattern detection, following the 
Central Limit Theorem [10]. This is particularly relevant in our 
context, as it also suggests that responses to each experimental trial 
should follow a Gaussian distribution [61]. If normality is not met, 
robust factorization techniques can be applied [51].

2) The weight of β has been previously discussed in Escolà-Gascón [12], 
where several estimation methods were proposed. To ensure that the 
Q distribution is not purely theoretical, it should be grounded in the 
explained variance of the coefficients detailed in subsection 3.1.1, 
which derive from Fisher’s rule and are mathematically demon
strated in the same section.

3) If all terms of Eq. (32) are available except for β, it can be estimated 
by minimizing the difference between the observed and theoretical 
QFisher-Escolà values. While this error-minimization approach could 
serve as an alternative, we recommend obtaining β from experi
mentally validated and empirically tested effects.

4.2. Applications and safeguards against misuse

The first point we wish to emphasize is an important yet easily 
overlooked fact: constructing a new theoretical distribution that allows 
us to compute probabilities for explained variance—integrating quan
tum and non-quantum effects in learning sequences—does not imply or 
demonstrate that conscious experience has a quantum origin. This study 
presents a new statistical research tool, specifically designed for 
analyzing phase transition effects in qubit states, which we propose for 
configuring stimulus exposure and contingencies. While these effects 
play a role in the phenomenology of learning processes, they neither 
confirm nor disprove that consciousness itself operates on quantum 
principles. However, we have provided solid mathematical and 

statistical evidence supporting the idea that certain aspects of con
sciousness may align with quantum mechanisms. While still pre
liminary, this evidence is promising for two reasons: 

1) It introduces empirical testability into several quantum theories cited 
in the introduction [35], making them amenable to real-world vali
dation. This capability is what makes the Q of Fisher-Escolà theo
retical distribution a potentially groundbreaking tool in this field. As 
a reminder, no theory can hold scientific credibility without 
empirical-statistical validation [36]. Facilitating statistical method
ologies that transition theories into applicable frameworks is a crit
ical requirement of scientific research—one that defines the primary 
significance of this new distribution.

2) What we have demonstrated regarding the Q of Fisher-Escolà dis
tribution does not resolve the decoherence problem described by 
Tegmark [65]. However, it provides a mathematically functional 
approach for conducting statistical tests without decoherence 
obstructing further experimentation in this direction. This is a key 
application that must be highlighted to prevent potential mis
interpretations. We have not solved decoherence, as it arises logi
cally when sufficient variability is introduced into a matrix, making 
it susceptible to classical linear statistical analysis. This issue is 
formally captured in the Fisher-Escolà paradox: stabilizing the inte
gral of the QFI by dividing it by the maximum density function value 
serves as a functional correction but does not constitute a structural 
solution to the problem. Therefore, we anticipate that future studies 
using the Q of Fisher-Escolà distribution may still encounter 
decoherence-related limitations. To mitigate this issue, we recom
mend using the EM1 system-circuit, as implemented in this study. 
Although it is not a perfect circuit, it demonstrated consistent 
effectiveness across 150 distinct density matrices, meeting the 
required quantum properties—a notable result that supports its 
adoption by other researchers.

A final limitation concerns the development process of the Q of 
Fisher-Escolà distribution. While basing our approach on formal logical 
criteria for modeling the distribution of values in Eq. (32) is a valid 
choice, it does not exclude alternative methodological approaches. In 
this regard, we emphasize that this comprehensive study represents only 
an initial framework for implementing hypothesis testing in the transi
tion of quantum effects to non-quantum domains. We see this as a sig
nificant step forward in expanding research possibilities on 
consciousness and quantum cognition.

Our findings are not intended as final or exclusive, and we encourage 
fellow researchers to contribute to advancing and refining this line of 
inquiry. Rather than presenting the final frontier, we believe this work 
marks the first scientific frontier in exploring the limits of our current 
understanding.

4.3. Clinical and translational perspectives: toward quantum-integrated 
neuroscience

While the present work is fundamentally methodological and 
mathematical, the implications of the Fisher-Escolà Q distribution may 
extend into several clinically relevant domains within neuroscience and 
biomedical research. The capacity of the QFisher-Escolà model to quantify 
explained variance arising from both classical and quantum informa
tional sources enables novel inferential strategies that could, in future 
applications, inform diagnostics and personalized therapeutics. For 
example, neurodegenerative diseases such as Alzheimer’s disease (AD) 
and Parkinson’s disease (PD) are characterized by subtle and often pre
clinical shifts in cognitive performance and neural connectivity [4]. 
These early changes may involve nonlinear and nonlocal disruptions 
that are poorly captured by conventional statistical approaches. Recent 
studies have demonstrated that quantum-inspired machine learning 
models can successfully detect early-stage AD and PD with high 
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accuracy, integrating multimodal biomarkers and capturing complex 
feature interactions that escape classical frameworks [30,68].

In neuropsychiatry and consciousness research, the Fisher-Escolà Q 
distribution may offer a unique framework for modeling hybrid variance 
arising from both observable and nonlocal influences. Recent experi
mental work suggests that quantum entanglement effects, implemented 
through bipartite qubit circuits, may modulate behavioral responses in 
implicit learning paradigms [12]. In contrast, parallel studies employing 
electroencephalography-based quantum potential metrics have 
demonstrated high diagnostic utility in major depressive disorder, 
schizophrenia, and cognitive decline [62]. Furthermore, theoretical 
neuroscience frameworks increasingly recognize the potential coupling 
of brain electromagnetic activity with endogenous quantum fields, 
supporting the hypothesis that quantum coherence or decoherence may 
play roles in altered states of consciousness and neuropsychiatric 
dysfunction [29].

Finally, the translational impact of quantum-classical inference 
models may extend to adaptive closed-loop brain-computer interface 
(BCI) systems [28]. BCIs capable of dynamically adjusting feedback 
based on internal state estimation could benefit from metrics sensitive to 
entanglement, coherence, or Fisher information in neural signals. 
Quantum-enhanced BCI architectures are already being explored for 
their potential to improve decision-making speed, error correction, and 
signal classification robustness. In this context, the Fisher-Escolà Q 
distribution may function as an integrative decision criterion within 
such interfaces, regulating stimulus-response contingencies by quanti
fying latent cognitive dynamics inaccessible through classical signal 
decoding alone. While speculative, these convergences between quan
tum modeling and clinical neuroscience open promising interdisci
plinary avenues that warrant future empirical validation.

4.4. Conclusions of the present study

This report presents the statistical and mathematical discoveries that 
emerged from quantum mathematics-based theories aimed at explaining 
and predicting subjective conscious experiences. Inspired by the 
experimental work of Escolà-Gascón [12] and the principles of 
geneticist-engineer Ronald A. Fisher—with 2025 marking the centennial 
of the latter’s contributions [17]—we propose a new theoretical distri
bution, the Q of Fisher-Escolà, designed to model phenomena arising 
from the fusion of quantum and non-quantum ontological effects.

While our findings present significant challenges, they allow us to 
conclude that: 

1) The Q of Fisher-Escolà distribution is a statistically robust tool for 
inference in this context.

2) The analytical solution to the QFI quantum integral successfully 
stabilizes decoherence, ensuring balanced information lev
els—neither excessively sensitive to contextual perturbations (which 
induce decoherence) nor overly restrictive, thereby preserving 
quantum information processing across the 150 systems analyzed 
through 150 quantum and empirical density matrices.

3) The Q of Fisher-Escolà distribution demonstrates no Type I or Type II 
errors when applied in bilateral hypothesis testing. The rates of false 
positives and false negatives were negligible, supporting its classifi
cation as a high-power distribution with potential external validity, 
particularly when used under probabilistic sampling conditions.

4) This new distribution opens new avenues for testing consciousness 
theories, particularly those suggesting that quantum entanglement- 
based effects play a role in the emergence of conscious experience.

5) Ultimately, the Q of Fisher-Escolà distribution provides a novel sta
tistical framework at the intersection of quantum mechanics and 
consciousness research.

Moving forward, the key challenges for this new Fisher-Escolà sta
tistical model will lie in its experimental applications and in refining its 

mathematical properties to further enhance its probabilistic accuracy. 
While the logic of hypothesis testing is well established, the mathe
matical framework introduced here is entirely new. In the face of 
emerging quantum challenges, scientific simplicity and functional 
design become especially valuable—both for ensuring experimental 
reproducibility and for broadening practical applicability. This is pre
cisely what the Q of Fisher-Escolà distribution offers at the intersection 
of quantum mechanics and consciousness research.
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