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ABSTRACT

This study investigates the correlation between the Q-factor, a composite citation-based metric
reflecting research impact, and the likelihood of receiving prestigious scientificawards, specifically
the Nobel and Abel Prizes, to assess the efficacy of citation metrics in evaluating scholarly merit.
A quantitative research design was employed, utilising a dataset of 2,626,068 rows from the Ad
Scientific Index, cross-referenced with Nobel and Abel Prize laureate data from official sources.
Pearson correlation coefficients and maximum likelihood estimation were used to analyse the
relationship between the Q-factor and award receipt, supplemented by Monte Carlo simulations
and scatter plot visualisations. The analysis reveals a moderate positive correlation between the
Q-factor and receipt of the Nobel Prize (r=0.65, 95% Cl: 0.54-0.74) and a weaker correlation with
the Abel Prize (r=0.48-0.59). These results indicate disciplinary differences, with citation metrics
being less predictive of mathematical excellence, as evidenced by cases like Andrew Wiles. The
proposed equation Q=TR (where T is true talent and R represents unrelated factors like visibility)
highlights the influence of non-scientific factors on citation metrics. The findings suggest that
while citation metrics, such as the Q-factor, provide valuable insights into research impact,
they are insufficient as standalone measures of scholarly excellence, particularly in the field
of mathematics. Academic institutions and policymakers can utilise these insights to develop
more nuanced, discipline-specific evaluation frameworks that identify and nurture high-impact
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researchers, thereby ensuring fairer recognition of scientific contributions.

Keywords: Abel prize, Bibliometrics, Nobel prize, Q-factor, Q-index, Scientometrics.

INTRODUCTION

The utility of citation indices for evaluating research impact has
long been a subject of divergent views. While some scholars
argue that citation indices perfectly reflect the value of research
(Lazarev, 2021), others describe them as a cuckoo in a nest
(Lawrence, 2007). Regardless of these differing perspectives,
mathematical models often employ the law of chance to account
for highly cited papers (Simkin & Roychowdhury, 2011). This
study makes an attempt to understand how citation metrics affect
the chances of winning the Nobel or Abel Prize. This analysis has
the potential to offer insights into the contribution of intellectual
or network-based attributes (often captured by the Q-factor) to
ground-breaking achievements. The importance of this study can
be assessed in the following contexts.

The influence S, of a publication a authored by researcher i«
function of the potential impact p_of the paper.
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Identifying common traits among Nobel and Abel Prize winners
that help define what characterizes groundbreaking scientific or
mathematical research.

Informing predictive tools for identifying future high-achieving
researchers based on Q-Factor benchmarks.

Revealing the impact of collaborative networks, mentorship
patterns, and institutional support on research impact.

Highlighting ethical questions relating to whether high
recognition in academic disciplines is based more on network
visibility or the intrinsic merit of the research work.

Nobel and Abel Prizes

In the context of scientometrics, which monitors and examines
scientific outputs and their effects, the Nobel and Abel Prizes are
esteemed international honors that are very valuable. Established
in 1901, the Nobel Prizes honor pioneering work in fields like
economics, physics, chemistry, medicine, literature, and peace. In
a similar vein, the 2001-established Abel Prize only recognizes
outstanding contributions to mathematics. These honors
are important markers of intellectual standing and scientific
brilliance, frequently impacting research funding dynamics,
collaboration networks, and citation trends. These awards serve
as crucial milestones in the assessment and mapping of scientific
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impact across fields, as its recipients often demonstrate a notable
increase in scholarly recognition and influence.

Motivation Behind the Study

The on-going discussion about the fairness and efficacy of citation
metrics in evaluating the worth of research and its influence on
winning renowned prizes like the Nobel or Abel Prize is what
inspired this study. Citation metrics have been questioned for
their possible biases and limits, while being frequently employed
as measures of scholarly influence. Critics compare citation
indices to a "cuckoo in a nest" (Lawrence, 2007), while supporters
contend that they can correctly indicate the importance and
impact of research (Lazarev, 2021). This contradiction begs the
question of whether citation measures accurately reflect the
intrinsic worth of research or if they are largely a reflection of
network-based characteristics and visibility.

There is an opportunity to close this gap by understanding the
function of the Q-factor, a composite measure of influence,
collaboration, and publishing output. Key components
frequently linked to academic success, such as the size of a
researcher's network, the influence of their publications, and
their productivity, are encapsulated in the Q-factor. The study
aims to identify trends and elements that lead to groundbreaking
accomplishments by examining the relationship between the
Q-factor and the probability of receiving renowned prizes.
The practical implications for researchers, institutions, and
policymakers are another important motivator. If specific
attributes, such as publication impact or collaborative networks,
are highly correlated with recognition, this information
could help academic institutions identify and nurture talent,
and policymakers develop initiatives that support research

environments conducive to high-impact work.

Furthermore, the study is driven by more general ethical and
philosophical queries concerning acknowledgment and merit.
The Nobel and Abel Prizes are frequently regarded as the
highest honours in science and mathematics, signifying both
the contributions of the larger academic community as well
as individual brilliance. It may be possible to develop a more
sophisticated understanding of academic success fairness by
investigating if systemic factors, including network advantages or
resource access, disproportionately affect such recognition.

Contribution

This study makes a significant contribution to scientometrics
and search evaluation by empirically investigating the correlation
between the Q-factor-a composite citation-based metric-and
the receipt of prestigious awards like the Nobel and Abel Prizes,
revealing moderate positive associations (0.65 for Nobel and 0.47
for Abel) through Pearson correlation coefficients and maximum
likelihood estimation. It introduces a novel equation, Q=TR,
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where T represents true scientific talent and R accounts for luck
or opportunities provided to the researcher.

For unrelated factors such as networking or visibility, thereby
highlighting the limitations of citation metrics in capturing
intrinsic merit, particularly in mathematics, where correlations
are weaker. By analyzing large datasets from sources such as the
Ad Scientific Index and prize databases, the research highlights
disciplinary differences and advocates for discipline-specific
assessment frameworks. It raises ethical questions about academic
recognition, ultimately informing predictive tools, institutional
policies, and more equitable evaluations of scholarly impact.

Paper Organization

The paper is structured to systematically explore the correlation
between the Q-factor and winning the Nobel or Abel Prize,
ensuring a clear and logical progression of ideas. It begins
with an abstract that summarizes the purpose of the study, the
methodology involved, and the key findings. This is followed by
Introduction that is dedicated to contextualizing the research
in the light of the ongoing debate about the efficacy of citation
metrics in evaluating scholarly impact. The Literature Review
critically examines previous studies on citation-based metrics
and their relationship to prestigious awards, besides highlighting
the gaps and inconsistencies, such as the underrepresentation of
mathematicians like Andrew Wiles in citation rankings. Literature
Review is followed by Conceptual Framework that explains the
Q-model. The section titled Data and Materials describes the data
(2,626,068 rows from the Ad Scientific Index). This is followed
by Methodology section which details the quantitative research
design, and statistical techniques like Pearson correlation
and Monte Carlo simulations. This section also explains the
parameters required for extracting data, as well as the process
of extracting data from the source. The next section presents the
Results. This section includes the correlation coefficients (0.65 for
Nobel and 0.47 for Abel) and discusses their implications through
scatter plots and statistical analyses. The penultimate section
discusses the findings, emphasizing disciplinary differences and
the influence of non-scientific factors. The last section concludes
the study, and includes discipline-specific evaluation frameworks,
supported by a comprehensive reference list.

LITERATURE REVIEW

Studies on Citation Matrix and Scientific Recognition

In their study on the association between the number of citations
and the Nobel Prize, Kosmulski (Kosmulski, 2020) utilized
100,000 scientists compiled by Ioannidis and others (Ioannidis
et al., 2019) as the most cited. The author observed that of the
97 scientists who had been recently awarded the Nobel Prize,
the names of 90 scientists figured in the list. Furthermore, 45
scientists were among the top 6,000 scientists. Regarding the Abel
Prize winners, the dataset (Ioannidis et al., 2019) listed the names
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of 6 of the 22 winners. Surprisingly, the list does not contain the
name of Andrew Wiles, who is credited with proving the Fermat
Theorem. Additionally, among the 60 Fields Medal winners, the
names of 22 winners are listed. A possible cause of this observation
may lie in the fact that papers on mathematics receive fewer
citations than those in other sciences. Although this argument
appears to be true, it is factually incorrect. The list of 100,000
most cited scientists (Ioannidis et al, 2019) contains 1.45% of
all scientists and 0.93% of all mathematicians. This indicates that
mathematicians have a representation that is slightly less than
that of scientists. The fact remains that approximately 900 names
in the list are those of mathematicians.

In their study comparing the h-index of Nobel Laureates
in Chemistry and Economics, Maurya and Kumar (2022)
observed that the h-index has a strong positive correlation
with the likelihood of being nominated for the Nobel Prize.
The h-index is calculated based on the citations that any paper
has received from future researchers. The citation also includes
self-citations where the author cites his/her own work in future
studies. Sinatra and others (Sinatra et al., 2016) have presented
a new citation-based metric referred to as the Q-factor, which is
described in detail in the subsequent section. The authors have
calculated this parameter for approximately 3000 physicists. The
authors have presented their findings using several Receiver
Operating Characteristic (ROC) curves, which demonstrate the
efficacy of the classification model at all classification thresholds.
Any ROC curve has two bounds: True Positive and False Positive.
Interpreting ROC curves can be challenging. On careful analysis
of the curves, it is observed that only five scientists among those
having the highest Q-factor ranking have been awarded the
Nobel Prize. It is also observed that 25 Nobel Prize winners have
a Q-factor rank of more than 700.

Nobel Prizes, according to Hu & Lou (2018) and Hu & Rousseau
(2017), act as catalysts for significant transformations in modern
knowledge ecosystems. These articles demonstrate that not
all transformative contributions are followed by large citation
counts, using the Nobel Prizes as a case study. Mazloumiam et
al. (2011) investigated how new concepts question and progress
conventional wisdom by examining the citation patterns of 124
Nobel Laureates awarded between 1990 and 2009. In a similar
vein, Tong & Ahlgren (2017) employed citation analysis of
chemistry Nobel Prizes to investigate the development of four
thematic themes within the field, with a special focus on the
role of international cooperation. Iwami et al. (2014) conducted
a case study on Shinya Yamanaka's Nobel Prize to demonstrate
the efficacy of evaluating annual in-degree volatility within direct
citation networks. To identify new, significant publications, they
proposed a system that calculates parameters such as the slope,
area, height, and time span of an article's in degree distribution.
To validate their "disruptive index," a statistic designed to measure
an article's impact on scientific attention, Wu et al. (2017) used
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Nobel Prizes as examples. The difference between the percentage
of direct citations to an article and the percentage of co-citations
involving the article and its references is used to compute this
index.

Despite their value, these earlier methods had several drawbacks.
A waiting period of five to ten years or more is required after an
article's publication to evaluate its quality, due to the inherent
time lag introduced by the reliance on citation information.
Furthermore, because it is based on a small and selective dataset,
concluding the citation patterns of just one or a small number of
Nobel Prizes is not sufficiently convincing. The generalizability
of results is further complicated by the fact that citation patterns
might differ significantly after scientific articles are published. The
limitations of citation-based evaluations are further highlighted
by the fact that some excellent publications receive few or no
citations for a long time after publication (Raan, 2004; Hu & Wu,
2014, 2018).

A critical review of past literature suggests imperfections in
the agreement regarding the opinions of the committees that
award the Nobel, Abel, and Fields prizes and citation rankings.
Additionally, the citation rankings and being nominated for
prizes are not entirely independent. The correlation coefficient is
a statistical method used to describe the strength and direction
of an association between variables. This method is generally
preferred due to the convenience of using a specific number to
describe the association rather than stating the number of Nobel
Laureates whose names figure among the top X highly cited
scientists or among the top Y highly cited scientists.

The calculation of the correlation coefficient would be easy if
the Nobel Committee provided ratings to all the scientists in the
pool. The absence of such ratings makes the task tricky, but not
impossible. We know the ordinal ranks of the Nobel laureates
in the list, organized according to decreasing citation numbers.
Using this data, the correlation coefficient, which is most likely
to Such a pattern can be ascertained. Citation-based indicators,
such as the Field-Weighted Citation Impact (FWCI) and Mean
Normalized Citation Score (MNCS), account for field differences,
publication year, and type, with the FWCI using the All-Science
Journal Classification system for normalization (Purkayastha
et al., 2019). International co-publications, which have steadily
increased over time (Wagner et al., 2015), generally demonstrate
higher citation impacts than national publications, although
exceptions exist depending on the country and context (Glanzel
& Schubert, 2001; Glanzel, 2001). Peer review data also support
the higher quality of international co-publications (Thelwall et
al., 2024). The rising number of co-authors, including those in
hyper-authored papers, further complicates citation analysis.
Hyper-authored publications, often involving hundreds of
authors and multiple countries, exhibit citation impacts twice
the global average (Thelwall, 2020), although they may distort
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national comparisons (Kahn, 2018). Fractionalized methods are
recommended to address disparities caused by co-authorship
and international collaboration (Aksnes et al., 2012; Puuska et
al., 2014). Approaches to normalize citation impacts include
categorizing publications into single-author, national, and
international collaboration groups, as proposed by Adams
et al. (2019) and Potter et al. (2020). Studies also highlight
variations in citation impact based on the number of co-authors
or collaborating countries, emphasizing the need for tailored
analyses for publications involving extensive collaborations
(Adams, 2018).

Studies Expanding the Scope of the Q-factor to
Other Prestigious Awards

While the initial work on the Q-factor by Sinatra et al. (2016) was
related to winning the Nobel Prize, later studies have expanded
the application of the metric to include other awards. The aim
of these studies lies in testing how Q-factor can be generalized
across various academic fields.

Fields Medal

The Fields Medal is awarded to mathematicians having age
less than 40 years. Simkin (2021) used the Q-factor and other
citation indicators to examine the rankings of prize winners.
The study calculated the correlation coefficients by maximizing
the likelihood of the observed rank patterns. A correlation of
approximately 0.59 between composite citation indicator and
winning the Fields Medal was observed. The lower correlation
suggests that while the Q-factor captures some aspect of
mathematical eminence, its effectiveness is structurally limited by
the slower, lower-volume citation culture inherent to mathematics
(Simkin, 2021). The reliance of the Q-factor on citations in the
first 10 years fails to capture the delayed but deep impact that are
often recognized by these mathematical committees.

Turing Award

Turing Award is also called the Nobel Prize of Computing.
Very limited number of studies has assessed the validity of the
Q-factor in predicting the chances of winning the Turing Award.
However, Yuan et al. (2021) have provided an indirect assessment
of the Q-factor's utility in Computer Science (CS). The authors
have observed that neither high productivity nor a high h-index
was the sole indicator for winning this award. The authors have
concluded that as the Q-factor overcomes the bias of the h-index
a metric like the Q-factor would be better suited for evaluating CS
elites than conventional measures. The selection criteria for the
Turing Award highlight breakthrough work having a long-lasting
impact. This criterion aligns with the theoretical goal of the
Q-factor, that measure sustained ability rather than cumulative
output.
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General Awards

In order to analyze scientific excellence across various fields, the
Q-factor has been alternately defined as the ratio of the maximum
achievement to average achievement. Several studies have used the
alternate definition of the Q-factor to analyze citation inequality.
Biswas et al. (2021) have observed that high levels of citation
inequality are associated with winning high-repute prizes across
Physics, Chemistry, and Economics. The authors have argued that
excellence correlates with disparity. This expands the principle of
separating outstanding impact from average performance. This is
the basic idea of the Q-factor which has been applied to a wider
range of high-level awards.

The Superiority of the Q-factor over Traditional
Scientometric Metrics

Sinatra et al. (2016) introduced the Q-factor. This metrics
has brought about a major refinement in assessing scientific
impact. This paper compares the superiority of the Q-factor
over Hirsch Index (h-index), Global Citation Performance Index
(g-index), and Field-Weighted Citation Impact (FWCI). The
basic superiority of the Q-factor is its ability to separate the basic
scientific aptitude of a researcher from his/her productivity and
the stochastic nature of publishing.

Both Hirsch (2005) and Egghe (2006) have observed that the
cumulative metrics, like h-index and g-index, are severely biased.
These metrics depend upon the duration of the career and the
volume of total publications of any scientist. The authors have
further observed that the traditional indices combine quantity
with quality. Any scientist who has published large volumes
of mediocre papers can achieve the same h-index as one who
has published lesser, but innovative papers. These metrics just
summarizes past outputs and have no ability to predict future
potential, making these act as ‘trailing indicators.

In contrast to the characteristics of the traditional metrics
discussed above, the Q-factor owes its origin to a model where
impact is calculated as the product of random chance and a
unique, but time-invariant parameter ‘Q (Sinatra et al., 2016).
Q-factor is not an accruing sum but a persistent property. This
allows Q-factor to equitably compare between early-career
researchers and senior scientists.

As regard Field-Weighted Citation Impact, this metric is an
attempt to standardize impact across disciplines. FWCI is an
average-based metric which is prone to bias. Averages can
obscure the variance, which fails to explain whether success of
any scientist is on account of his/her constant high performance
or a single performance that is a hit (by sheer luck). The Q-factor
model clearly accounts for this variance. The Q-factor treats all
high-impact papers as a combination of luck and ability. Sinatra
et al. (2016) demonstrated that the stability of the Q-parameter
over a considerable period of time provides it the ability to
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offer significantly higher power of prediction for future impact
than citation counts or the h-index. By separating talent from
productivity and luck, the Q-factor provides a more robust and
scientifically grounded proxy for merit.

The Methodological Necessity of the Q-Factor

The necessity of the Q-factor as a Scientometric tool is highlighted
because of the limitations that are characteristic in cumulative
metrics like the H-index. Despite the fact that the H-index
has been used for measuring scholarly impact, it is basically
biased toward length of career and number of publications. The
H-index functions as a trailing indicator of past activity and fails
to account for the real-time measure of inherent quality. The
Q-factor addresses this limitation by isolating the time-invariant
parameter of the ability of a researcher to generate high-impact
work. It separates individual talent from the stochastic nature
of the publishing cycle. By modelling impact through the
equation Q=T.R, researchers can distinguish between true
scientific Talent (T) and external factors (R) such as networking,
marketing, or field-specific visibility. This difference is essential
to identify groundbreaking researchers in fields that have
lower citation densities, like mathematics, where high-merit
works of mathematicians like Andrew Wiles are overlooked
by traditional rankings that favor high-volume experimental
sciences. Consequently, the Q-factor provides a more justifiable
framework that accounts for the Matthew Effect in science. This
ensures that recognition is based on sustained excellence rather
than on cumulative visibility (Merton, 1968).

Improvement of the Q-factor and Emergence of New
Models to Capture Scientific Impact

The growth of scientific impact is a critical part of assessing
scientific impact. The traditional bibliometric indicators have
servedas primary metrics sincelong (Garfield, 1972; Hirsch, 2005).
However, these measures often fail to capture the dimensions
of scholarly contribution. This leads to the development of
sophisticated new models and a renewed focus on isolating the
basic quality factor (Q-factor) of individual researchers.

The Q-factor has been proposed in the Science of Science
framework to differentiate scientists based on their ability to
produce high-impact work consistently (Sinatra et al., 2016).
In this model, the impact of a paper is often postulated as the
product of good research idea (r) and Q-factor (Q).

Impact e r X Q (1)

Improvement of Q-factor involves both undertaking physical
change in a metric and also in accurate determination and
isolation of the intrinsic quality parameter. The aims of the new
models are twofold. While segregating quantity and quality
allows for impartial comparisons between researchers with
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different publication rates or academic ages (Kaur et al., 2015),
normalizing for discipline and time normalizes the citation count
of any paper against the average for papers in the same field
and year of publication. This provides a more field-independent
measure of impact (Bornmann et al., 2013).

The traditional metrics are insufficient to perform what has been
mentioned above. This has led to the emergence of diverse new
models. These models have moved beyond citation counts to
capture the multifaceted nature of scientific contribution. The
new models can be broadly classified as:

Citation-Based Network Metrics

These models use the inter-connected structure of the citation
network to measure the impact. This offers a more granular
perspective than raw citation counts. One such metric is the
Disruption Index (D-metric) which quantifies the extent to
which citations received for previous work is made less relevant
compared to citations received for subsequent work. A high
D-metric suggests a genuine paradigm shift (Funk & Owen-Smith,
2017). The other metric is Network-Based Ranking Algorithms.
These algorithms value citations from highly-cited papers more
than citations from less-cited ones. This provides a measure of
prestige-weighted impact (Bergstrom et al., 2016).

Alternative Metrics (Altmetrics)

The rise of the digital age and social media has led to the
development of Altmetrics. Altmetrics capture the broader
general reach and engagement of research, in real-time. While
Altmetrics track activity across diverse online sources (Priem et
al., 2010), the PlumX Metrics framework categorizes impact into
Usage, Captures, Mentions, social media, and Citations (Haustein
etal., 2014).

Conceptual Framework
The Q-Model

Originally proposed by Sinatra et al. (2016), the Q-model is a
probabilistic model that separates the intrinsic scientific abilities
of any researcher from the stochastic factors that have an
influence on the citation impact of individual publications. While
conventional bibliometric indicators like the h-index, cumulative
citations, and g-index, accumulate throughout the career of
any researcher, the Q-model considers a relatively stable ability
parameter (Q) possessed by researchers. Here, Q represents the
constant capacity to produce influential research. Also, the model
takes into account the fact that even though scientific skills have
their impact-on-impact research, the citation of a single research
paper is subject to many circumstances much outsides of the
scientist's sphere of interests such as a trend in the direction of
the research, timing of the publication, visibility of the article,
journal's reputation factors, etc.
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Let S, denote the observed scientific impact (measured by citation
count) of publication « authored by researcher i. The Q-model
assumes that the observed citation impact is determined jointly
by the researcher's intrinsic ability and the potential impact of the
individual publication (Sinatra et al., 2016):

S5.=Q7p, @

Where,

S, represents the observed citation count of publication (\alpha)
written by researcher (i);

Q, is the latent researcher-specific ability parameter (Q-factor);p,
denotes the latent paper-specific potential impact.

In Q-model, Q stands for the inherent scientific skill (the Q-factor)
of researcher i evaluated independently without considering
publication-relevant randomness. P is the citation potential of
publication a, and actually represents such elements as novelty
of the paper, its visibility, and its research affect. S_is a scientific
impact of publication a that was published by researcher i.

Both Q,and p,, cannot be measured directly, as such these variables
are treated as latent variables. While different bibliographic
databases provide citation counts, the intrinsic scientific ability
of any researcher and the intrinsic potential of individual
publications cannot be measured unambiguously. Consequently,
both parameters must be estimated using statistical methods
using observed citation data.

The multiplicative format of Equation (2) demonstrates the
conceptual belief that highly demanded publications are a result of
the interaction of two separate processes. Initially, the researcher
possesses the necessary knowledge to produce valuable materials.
Furthermore, the publication itself benefits from certain outside
factors like time of research, visibility, citations by other scholars,
as well as cooperation patterns and importance of the topic
undertaken.

The multiplicative nature of equation (2) makes it statistically
inconvenient. To reduce the level of inconvenience, the model is
transformed into an additive form by taking natural logarithm:

10g(Sie) = log(Q) + log(py) (3)

The logarithmic transformation serves several purposes. Firstly,
it converts the multiplicative relationships into linear additive
relationships, which allows for applying conventional statistical
estimation techniques. Secondly, it also ensures that logarithms
of citation counts are independent of right-skewness and are
substantially closer to a normal distribution. This transformation
the assumptions required for likelihood-based
estimation. Thirdly, it also permits independent estimation of
researcher-specific and paper-specific effects while preserving the
original multiplicative interpretation of the model.

satisfies
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In the original Q-model, it is assumed that the logarithmic scales
of the latent variables roughly conform to a normal distribution.
To be precise, log(Q,), log(p,) and log(N,) are estimated to apply
the trivariate normal distribution. In this case, variable N, refers
to the total number of publications by a given researcher i. In
addition, it is assumed that the value of paper-dependent impact
parameter p_is independent of the values of both Q, which
represents the researcher aptitude, and N,, which denotes the
productivity of the author. Therefore, it can be presumed that the
individual papers produced by research foster equal chances of
becoming the "most important” ones for the researcher (Sinatra
et al., 2016).

Since Q, and p, cannot be seen, these are normally assessed
through Maximum Likelihood Estimation (MLE). An estimate
of likelihood function is derived from the citation data and
presumed multivariate normal distribution of log transformed
citation figures. The whole procedure aims to find Q, and p,
in order for the likelihood function to be maximized and the
quality of citation distribution in the dataset be acknowledged.
The process involves several iterations, up to the point when the
desired result is achieved. Consequently the assessed Q-factor
describes an author-specific parameter that is assumed to be
the most accurate explanation of the achieved citation data,
after taking into consideration the differences among various
publications. Unlike cumulative citation measures, the estimated
Q-factor shows much more stability during the time, since it
reflects what is behind someone’s intellectual behavior.

While there is significant variation in citation numbers
between different publications, the estimated Q-factor remains
unchanged, as the variations in the number of citations can be
accounted for through the different impact parameter values of
each publication. This serves as an illustration of the Q-model’s
main purpose, namely to separate the inherent research ability of
the researcher from random and publication-specific factors in
citation performance.

The Q-model has been validated by its applicability within
various fields of creative activity. In the context of Q-model
functioning, the works of art in question are able to demonstrate
constant individual performance despite stochastic variations in
the level of success (Janosov et al., 2020). Unlike other models
that are merely calculating accumulated citations of the work, the
Q-model considers intrinsic ability without using this element as
a basis for its functioning.

The Q-factor and the Abel Prize

The Q-factor has demonstrated high predictive validity for
Nobel Prize laureates in physics and chemistry. However, its
correlation with the Abel Prize which is the highest honor in
mathematics is notably very weak. Empirical analyses indicate
that the correlation coefficient between the Q-factor and the Abel
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Prize is significantly lower than that observed for the Nobel Prize
(Simkin, 2021). Further, studies applying the Q-factor model
often fail to identify top mathematicians. For instance, datasets
used to validate the Q-factor have been shown to capture only 6
out of 22 Abel Prize winners in their high-ranking tiers (Simkin,
2021). This suggests that while the Q-factor successfully captures
scientific impact in high-volume experimental fields, it struggles
to quantify the "intrinsic ability" of mathematicians with the same
precision.

This weak correlation is primarily explained by the Q-factor’s
reliance on citation accumulation over distinct timeframes
(typically the first 10 years, denoted as c10), which misaligns
with the slow-burning nature of mathematical impact. The
Q-factor model assumes that impact is partly driven by a random
potential that generates immediate visibility, a dynamic less
prevalent in mathematics where viral papers are rare (Sinatra
et al., 2016). Consequently, a mathematician with profound but
slowly recognized contributions may have a calculated Q that
underestimates their true standing in the field.

The discrepancy is rooted in the unique epistemological and
sociological nature of mathematical research. Unlike the life
sciences or physics, where research often has a rapid turnover
and high citation density, mathematics is characterized by a
"low-citation culture" and extended publication half-lives (Adler
et al., 2009).

Mathematical proofs do not become obsolete; rather, they serve
as foundational blocks that may not be cited until decades later
when applied to new problems (Behrens & Luksch, 2011).
Additionally, the community of publishing mathematicians is
significantly smaller, naturally capping the total possible citation
counts regardless of a paper's quality (Adler et al.,2009). Therefore,
metrics like the Q-factor, which are calibrated on the faster-paced
publication cycles of natural sciences, inherently disadvantage
mathematicians whose "productivity” and "impact"” manifest on a
timescale that exceeds standard bibliometric windows.

The Q-factor model, proposed by Sinatra et al. (2016), posits that
a paper's ultimate impact (Q) is the product of an individual's
intrinsic ability (R) and a log-normally distributed random
variable (T) representing luck or the zeitgeist of the field: Q=T
times R. The randomness parameter (P or r) is the stochastic
element that determines the immediate appeal or viral success
of a research finding. By separating R (talent) from T (luck),
the model provides a theoretically cleaner measure of scientific
merit than cumulative or average metrics. However, this inherent
reliance on the rapid, high-volume citation dynamic, driven by
the P parameter, is precisely what creates a structural weakness
when applied to the non-experimental, slowly evolving field of
mathematics.

The
differences that differentiate it from research in other fields. This

field of mathematical research has certain structural
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explains why papers in mathematics are generally less cited as
compared to those in other fields. This causes the Q-factor to
underperform. Three factors characterize the impact dynamics
of mathematics.

Low Citation Density and Volume: Adler et al. (2009) have
observed that mathematicians publish less frequently, and the
average number of references per paper is lower than in fields
like biology or medicine. This controls the total potential citation
pool regardless of the significance of the papers.

Extended Citation Half-Life: The mathematical theorems and
proofs that lay the foundation of mathematical research of do
not become obsolete. These theorems and proofs are integrated
into the disciplinary knowledge base and cited decades later. The
Q-factor model typically focuses on citations within the first 10
years (c10). As such, it fails to consider this delayed, long-tail
accumulation of impact (Behrens & Luksch, 2011).

Community Size and Fragmentation: The total number of
active researchers in the field of pure mathematics is small as
compared to other fields. Further, the field of mathematics is
highly fragmented into specialized subfields. This limits the
immediate network of potential citers. In contrast, the large,
fast-paced networks of biomedical research amplify the luck/
randomness parameter. This creates the high citation counts
which are required to score highly on the Q-factor metric. Thus,
the Q-factor, calibrated for fast science, fails to capture the slow
accumulation of profound mathematical influence.

The Q-factor, Citation Metrics, and the Prediction of
Scientific Prizes

The Q-factor is a metric that has been specifically designed to
quantify the talent of a scientist. This metric does not consider
productivity and chance. Q-factor has been thoroughly tested
against prestigious academic awards to determine its predictive
utility. The relationship between the Q-factor and top prizes shows
some degree of correlation, while not being perfectly predictive.
This metric shows significant divergence when comparing the
Nobel Prize and the Abel Prize.

The original research that introduced the Q-factor model
established a clear, non-coincidental relationship between the Q
parameter of a scientist and chances of winning a Nobel Prize. The
Q-factor, which models the impact of a research paper asa product
of individual ability and a log-normally distributed randomness
parameter, is an effective long-term predictor. Sinatra et al.
(2016) showed that unlike cumulative metrics like the h-index,
the Q-factor separates the characteristics that help in sustaining
high-impact research over a career. Subsequent analyses aimed at
estimating the correlation coefficient between the Q-factor and
Nobel Prize laureates found a robust relationship between the
two (Simkin, 2021). This correlation suggests that the Q-factor
can capture the measurable aspect of scientific excellence that are
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highly valued by Nobel committees. This is because the Nobel
Prize is awarded in fields that are characterized by high citation
volume and rapid diffusion of knowledge (Sinatra et al., 2016).

In contrast to the Nobel Prize, studies applying the Q-factor to
mathematics, particularly through the lens of the Abel Prize,
reveal a much weaker correlation. Simkin (2021) estimated the
correlation coefficient between composite citation indicators
and the Abel Prize at 0.47. This finding suggests that the reliance
of Q-factor on high-volume, relatively quick accumulation of
citation is a major limitation when assessing mathematical talent.

The weak correlation is not coincidental. It arises from the
essential difference in the citation patterns:

The impact of foundational mathematical work takes decades to
be fully recognized and cited. Since the Q-factor model typically
weighs early-career citations to determine the constant Q value,
it systematically underestimates the influence of mathematicians
whose contributions are long-lived and slowly integrated
(Behrens & Luksch, 2011).

Mathematics has smaller researcher communities and lower
average reference counts per paper (Adler et al, 2009). The
randomness parameter in the Q-factor model, which accounts
for the rapid viral success seen in experimental science, is
structurally mismatched with the slow, deliberate pace of citation
in pure mathematics. This leads to the Q-factor failing to capture
many top Abel laureates in its highest ranks (Simkin, 2021).

The Q-factor offers substantial predictive power for the Nobel
Prize in experimental sciences. This validates its ability to quantify
sustained impact. However, the correlation with the Abel Prize is
weaker, which demonstrates that no single, citation-based metric
can transcend the unique sociological and temporal dynamics of
all academic disciplines.

In contrast to the Nobel Prize, studies applying the Q-factor to
mathematics, particularly through the lens of the Abel Prize,
reveal a much weaker correlation. Simkin (2021) estimated the
correlation coefficient between composite citation indicators
and the Abel Prize at 0.47. This finding suggests that the reliance
of Q-factor on high-volume, relatively quick accumulation of
citation is a major limitation when assessing mathematical talent.

The weak correlation is not coincidental. It arises from the
essential difference in the citation patterns:

The impact of foundational mathematical work takes decades to
be fully recognized and cited. Since the Q-factor model typically
weighs early-career citations to determine the constant Q value,
it systematically underestimates the influence of mathematicians
whose contributions are long-lived and slowly integrated
(Behrens & Luksch, 2011).

Mathematics has smaller researcher communities and lower
average reference counts per paper (Adler et al., 2009). The
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randomness parameter in the Q-factor model, which accounts
for the rapid viral success seen in experimental science, is
structurally mismatched with the slow, deliberate pace of citation
in pure mathematics. This leads to the Q-factor failing to capture
many top Abel laureates in its highest ranks (Simkin, 2021).

The Q-factor offers substantial predictive power for the Nobel
Prize in experimental sciences. This validates its ability to quantify
sustained impact. However, the correlation with the Abel Prize is
weaker, which demonstrates that no single, citation-based metric
can transcend the unique sociological and temporal dynamics of
all academic disciplines.

Data and Materials

The dataset utilized in this study has been collected from https://
www.adscientificindex.com/h-index-rankings/ and comprises
2,626,068 rows and 42 columns. These columns encompass a
wide range of information, including but not limited to: author
names, institutional affiliations, country of origin, number of
publications till 2025, year of first and most recent publication,
citation ranks, total citations during the specified period, h-index
and h-index as of 2025, counts of single authored, single +
first-authored, and single + first + last-authored papers, total
citation counts, composite scores and associated rankings,
number of distinct citing papers, citation-to- citing-paper ratio,
and percentage of self-citations. For the purpose of this study,
the following information has been used: (i) Full Name, (ii)
Institutional Affiliation (iii) Country of Affiliation (iv) Field of
Research/Expertise (v) h-index (vi) i10-index (vii) Total Citations
and (viii) Q-Factor.

The Q-Factor, as defined by the Ad Scientific Index, is a composite
metric that integrates the h-index, i10-index, and total citation
counts to provide a holistic measure of a researcher's scientific
impact. It is designed to overcome some limitations of individual
bibliometric indicators by providing a more comprehensive and
field-adjusted reflection of a researcher's influence. Additionally,
data on Nobel and Abel Prize laureates were obtained from:
(i) NobelPrize.org, the official Nobel Foundation website.
(ii) Abel-Prize.no, the official website for the Abel Prize in
Mathematics. This allowed for cross-referencing laureates with
the Ad Scientific Index database to determine their corresponding
Q-Factor values.

Data were obtained using the WebPlotDigitizer program for
quantifying graphical data from published figures where the
original numerical statistics are not available. The extracted data
were then validated and used in the statistical analysis.

METHODOLOGY

This study employs a quantitative research design to investigate
the relationship between the Q-Factor-a composite bibliometric
indicator of scientific influence and the likelihood of winning
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prestigious scientific awards, specifically the Nobel and Abel
Prizes (Borgohain et al., 2023). The research utilizes secondary
data collected from publicly accessible databases and applies
statistical techniques to test for the existence and strength of
correlations between the variables of interest.

Pearson’s Correlation (Pearson’s r)

Pearson Correlation Coeflicient or Pearson’s r (PCC) is used to
measure the linear correlation between two sets of data. Each
set of data contains two continuous variables, X and Y. PCC
quantifies the strength and direction of the linear relationship
between these variables.

Pearson's r is the covariance of the two variables divided by the
product of their standard deviations. It is a normalized measure
of covariance. It ensures that the value lies between -1.0 and +1.0.
Pearson’s r is calculated using the formula:
_ I xi- D)

JT G 02 [T 01 922
The results of Pearson’s Correlation Coefficient are interpreted as
under:

r ()

r> 0 means a perfectly linear positive relationship. The value of
variable Y increases with increase in the value of X.

r< 0 means a perfectly linear negative relationship. The value of
variable Y increases with decrease in the value of X.

r=0 means there is no relation between the variables.

Pearson’s Correlation Coefficient assumes that the relationship is
linear. A value of r=0 does not imply absence of relationship. It is
used to mean the absence of a linear relationship (Freedman et
al., 2007).

Maximum Likelihood Estimation (MLE)

Maximum Likelihood Estimation (MLE) is a highly flexible and
widely used statistical method. It is used to estimate the unknown
parameters (6) of an assumed probability distribution using a set
of observed data.

MLE works by defining a likelihood function L(6%), which is
the or probability density of observing the given data x under a
specific set of parameters 0. Unlike probability, which predicts
data given parameters, likelihood measures how probable the
observed data is given a specific parameter set.

The objective of MLE is to find the values of the parameter (8)
that maximize this likelihood function. Intuitively, MLE selects
the parameter values that make the observed data most probable
under the assumed statistical model.

It is assumed that the logarithmically converted residuals follow
a normal distribution, and the formulation of likelihood function
is denoted by

L(6) = 1—[ L —(logSq — logQ; — logp.)?
- . V2mo? P
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Using iterative procedures of numerical maximization of
log-likelihood, the parameter vector 0=(Q, p, o) was determined.

MLE is calculated using the following steps:

The first step lies in assuming a probability distribution. It can be
either a Normal probability distribution or a Bernoulli probability
distribution.

The second step involves constructing the likelihood function.

In the third step, the likelihood function is maximized. The
general method of maximizing is taking the derivative with
respect to each parameter, followed by setting the result to zero
(the score equations), and solving for the optimal parameter
values (9).

Under general conditions, the Maximum Likelihood Estimator
converges to the true value as sample size increases and achieves
the lowest possible variance among unbiased estimators (Casella
et al., 2002).

Monte Carlo Simulation (MCS)

The Monte Carlo Simulation (MCS) is a broad class of
computational algorithms that rely on repeated random sampling
to obtain numerical results. It is primarily used for modeling and
analyzing systems with a high level of uncertainty or in solving
complex problems that are time-consuming to solve analytically.

This technique, which was developed by Ulam and von Neumann
during the Manhattan Project, owes its name to Monte Carlo
Casino in Monaco. The reason for this is the fact that the
technique resembles casinos which are dependent on chance and
randomness.

Monte Carlo Simulation technique does not use fixed input
values. It assigns probability distributions to the uncertain input
variables.

MCS is calculated using the following steps:

The first step establishes a mathematical or physical model that
links the input variables to an output variable.

Table 1: Monte Carlo Sensitivity Analysis Results.

Measure Nobel Prize  Abel Prize
Number of bootstrap iterations 1,000 1,000
Mean Pearson's correlation -0.0177 -0.0164
95% CI of correlation (-0.0477, (-0.0456,
0.0117) 0.0095)
Mean logistic coefficient (B1\  -0.1843 -0.3010
beta_1p1)
95% CI of coeflicient (-0.4970, (-0.8498,
0.1278) 0.1877)
Mean AUC-ROC 0.562 0.617

95% CI of AUC (0.496, 0.657) (0.498, 0.811)
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In the second step, the probability distribution for each uncertain
input variable is specified.

The third step involves running the simulation through numerous
iterations. Each time a new random variable is drawn for each
input variable from its specified distribution.

The fourth step collects and analyzes the results of all simulations.
The final result is not a single number but a distribution of
possible outcomes (Fishman, 2001).

Binary Logistic Regression Analysis

Both the Nobel Prize and the Abel Prize have been treated as
binary variables. Although Pearson correlation analysis gives
information on the strength and direction of the association
between the Q-factor and prestigious scientific awards, it fails to
provide an estimate of the likelihood of winning an award. Thus,
an additional statistical method, Binary Logistic Regression, was
used to determine whether a researcher’s Q-factor is a significant
predictor of the chances of winning the Nobel Prize or the Abel
Prize.

In our analysis, the dependent variable was coded as 1 in the case
of prize winners and as 0 in the case of non-prize winners. The
Q-factor was the main independent variable in the analysis, and
while other bibliometric indicators like the h-index, total number
of citations, and number of publications were used, they mainly
served for comparison with the Q-factor.

In (:_ipi) = Bo+ B1Qi+ B2Hi + BsCi+ BaN; (5)

The logistic regression model estimates the probability that
researcher i is a prize winner as

1
1+exp[—(Bo+ B1 Qi+ BzHj+ B3 Ci+ BaNp]

R=PY;=1)= (©)

Where,

P=P(Y, =1) denotes the probability that researcher 1 wins a Nobel
or Abel Prize

Y, denotes the prize status of researcher i (= 1 for prize winners
and 0 otherwise)

Q, is the estimated Q-factor;

H, represents the h-index;

C, denotes the total citation count;

N, represents the total number of publications;

B, is the intercept; and

B, B, B, B,are the regression coefficients.

The coefficients of regression were calculated by means of the
Maximum Likelihood Estimation (MLE) process. The Wald
test was used to determine whether the various predictors were
significant, and the alpha level was set at 5%. The performance
of the model was evaluated in terms of the likelihood ratio test,
the pseudo-(R?) (Cox-Snell, Nagelkerke), the Hosmer-Lemeshow
Goodness-of-Fit test, and classification accuracy.

The estimated odds ratios show the change in the chances of
winning a Nobel Prize or Abel Prize corresponding to a one-unit
increase in each predictor while keeping the other factors
constant. According to the findings, if the odds ratio is more than
one, it indicates that the greater the values of the predictor are, the
better the chances of winning a Nobel or Abel Prize.

To test the robustness of the results, a Probit regression model
was applied. Since logistic regression as well as Probit regression
is designed for handling the binary dependent variable, the
consistent signs of coefficients and significance of the two models
serve as evidence supporting the reliability of the findings.

Robustness and Sensitivity Analysis

Robustness and sensitivity analyses were performed to determine
the stability of the empirical results. In particular, the robustness
of the relation between the Q-factor and prestigious awards was
assessed by comparing the results of Pearson correlation analysis
and Binary Logistic Regression analysis. Sensitivity was measured
through Monte Carlo Simulation which involved multiple
estimations of the model under different sampling conditions.
The stabilization of the direction and statistical significance of the
estimated relationships across these analytical approaches shows
that the results are robust and not dependent on one statistical
technique. The results of the Monte Carlo Sensitivity Analysis are
presented in Table 1.

RESULTS

Pasachoff (2009) has noted that producing eminent scientists
capable of winning prizes and recognitions runs in the genes of
some rare families. Also, Andrew Wiles has failed to make his
presence felt in the list of the top 100,000 scientists who have
received the highest number of citations, showing that Q value
fails to reflect a mathematical talent. Further, the fact that several
winners of the Nobel and Abel prize are highly cited, the number
of citations is not entirely unrelated. We, therefore, propose a new
equation to calculate the value of Q, taking into account the true
talent or the achievement that has been accurately evaluated by

Table 2: Summary Table.

Prize Type Method
Nobel Likelihood
Abel Conditional Probability Method

Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026

Estimated r 95%ClI
0.63-0.65 0.54-0.74
0.48 Not estimated
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the Nobel or the Abel committees (T) and the unrelated factor of
talent or achievement (R).

Q=TR (7)

The nature of R can be totally random, or it can be marketing,
acting, writing, singing talent. In short, R has no correlation with
scientific talent. Application of logarithm to the above equation
yields the following equation.

logQ=1log T +logR (8)

The above equation shows that log Q has a normal distribution
as suggested by Sinatra and others (Sinatra et al., 2016). Further,
Simkin (2021) has hypothesized that logT and logR also have a
normal distribution. The most common method of using Pearson
Correlation r to calculate two normally distributed variables x
and y (having a mean value of zero mean and variance of unity)
lies in using the relation containing a variable that has a normal
distribution (s) with a mean value of zero and a variance of 1 and
having no correlation with x.

y=rx+ V=715 9

We may consider x, y; and s as being normalized to have the value
of mean equal to zero and variance equal to 1 and having values
logT, logQ, and logR respectively. The above equation, therefore,
leads to the joint probability distribution of x and y (Pearson,
1907).
-1 2 2
pey) = et g
Now the values of x are the highest among the winners of the
Nobel Prize. The distribution of y for the winners of the Nobel
Prize is a conditional probability distribution having the
condition x > x . The distribution of y can be calculated using the
mathematical relation:
ieiéyz J’ffie%tz dt
plx > x) = i N ay
olre

Application of data digitizer (Rohtagi, 2020) to the data set
containing 100,000 highly cited scientists leaves behind 2887
scientists, of which 25 have been awarded the Nobel Prize. This
implies that Nobel Laureates are ranked amongst 0.991 percentile
according to their talent. The use of inverse cumulative normal
distribution yields = 2.38. The value of x_ is substituted in the
above equation and the value of is calculated for each Nobel

Laureate, k in the sample based on the Q-factor rating. To cite
an example, let us consider a Nobel Laureate who has a Q-factor
rating equal to 4. This rating puts the Nobel Laureate at 0.999
percentile level. The application of inverse cumulative normal
distribution gives y, = 3.00. Maximization of the likelihood
function yields

L= [T prx>x) (12)

Numerical maximization of the above equation yields the value
of r at r=0.65.

Numerical computation of the value of L for the range r and the
use of Bayesian inference shows that with a probability of 95%, the
value of r lies in the open interval 0.54 to 0.74. Mathematically,
the value of r can be expressed as, 0.54 < r < 0.74. This value of r
is the correlation that exists between the Q-factor and the rating
that the Nobel Committee has given to the scientists.

Another method of calculating the correlation between the
Q-factor and the rating of Nobel Laureates lies in calculating
the expected fraction of the Nobel Laureates among the top M
Q-factor scientists. This is done using the relation

P> Yx > xy = | D> xdy (13)

Here p(y|x >) is calculated using equation (vi) and is calculated
using M. An ideal value of M is the number of Nobel Laureates in
the given data set, when = . Using the data set comprising 2887
scientists, of which 25 are Nobel Laureates, the most probable
coefficient of correlation that produces this result is that which
gives p(y >y |x > X y= 0.2. Solving this for r using equations (vi)
and (viii) yields r = 0.63, which is very close to the value or r as
calculated by the previous method.

There is yet another method to calculate the correlation between
the Q-factor and the rating of Nobel Laureates. This method is
generally referred to as Monte-Carlo simulation. This technique
finds application as it is independent of the size of the sample,
while the previous methods as mentioned in preceding
paragraphs are accurate for infinite data sets. Correlation of the
data set containing 2887 scientists using equation (i) and running
the simulation for different values of r with a step of 0.01 using
10,000 samples for each of the values of r, yielded a value of r at
0.63.

Table 3: Binary Logistic Regression Results.

Award Logistic Regression Equation

Nobel Prize In i = —4.7554 — 0.17801og(Q)
(1-P))

AbelPrize \  Pr o 61973-03057 log(Q)
(IT=P,

P =probability of winning Nobel Prize, P, =probability of winning Abel Prize.
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AUC-ROC Classification Accuracy (%)
0.549 99.13
0.599 99.79
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At this stage we try to calculate the correlation between the
composite citations indicators prepared by Ioannidis and others
(Ioannidis, Baas, KLa- vans and Boyack, 2019) and Abel Prize.
The composite citations indicator is calculated by adding six
different terms. The presence of data showing only few of the
topmost percentage of the scientists makes categorizing the data
as being normally distributed very difficult. However, the fact that
the range that is made available in the list is consistent with being
normally distributed has made us use the same technique that
has been previously used to calculate the correlation coefficient
between Q-factor and the ratings of the Nobel Laureates. As
has been stated above, the data set containing the list of 100,000
scientists who have been highly cited includes the names of
898 mathematicians. The mathematicians whose names have
been included in the list are among the 96,619 mathematicians
counted by Ioannidis. Unlike the Nobel Laureates whose ranks
can be ascertained, the citation rankings of the Abel Prize winners
cannot be ascertained because the names of the majority of the
Abel Prize winners have not been included in the list.

Despite what has been mentioned above, we would use the
technique that has led to framing of equation (viii). It is calculated
that out of 96,619 mathematicians, 22 mathematicians have been
awarded the Abel Prize. Any of the 22 Abel Prize winners belong
to 99.98 percentile level. As such, = 3.51. Further, considering
that these 22 Abel Prize winners are among the 898 most cited
mathematicians, they are put at 99 percentile level, where = 2.35.
As 6 winners of the Abel Prize have registered their names on the
list of most cited mathematicians, p(y >|x >) = 6.22. On solving
the relation for the coefficient of correlation, we calculate the
value of r as r = 0.48.

The summary table of the above calculations has been tabulated
in Table 2:

Log{Q-Factor)

The results show a slight positive association for Abel Prize
winners and a relatively significant positive correlation for Nobel
Prize winners between the citations-based Qfactor and real
scientific recognition. While the figures for Abel Prize winners
reflect discipline-specific characteristics where citation counts are
less accurate, real skill accounts for about 42% of the variance in
Q-factor in case of Nobel Prize winners.

Figure 1 shows a scatter plot of Nobel and Abel Laureates with
log(Talent) versus log(Q-factor). While the x-axis represents the
normalized "true talent" or achievement of each scientist, the
y-axis represents the citation-based Q-factor, which is influenced
by talent and several unrelated factors. Each point in the scatter
diagram corresponds to one scientist from the dataset. With
an estimated correlation coefficient of roughly 0.65 for Nobel
Laureates and 0.48 for Abel Laureates, the scatter plot clearly
demonstrates a positive connection between log(Talent) and
log(Q-factor), which is in line with the design of the under-
lying model. The plot's upper-right quadrant is dominated by
Nobel Laureates, indicating both great citation impact and high
scientific competence. Abel Laureates, on the other hand, are
more evenly distributed throughout the curve, indicating a lesser
correlation between citation metrics and actual scientific success
in mathematics. Interestingly, a number of non-Laureates hold
spots in the upper-right quadrant as well. This result emphasizes
the impact of unrelated elements, which are represented by the
model's R component. It also shows that a high Q-factor by itself
does not always indicate acknowledged scientific achievement or
talent.

Further, people with higher-than-expected Q-factor scores
but modest or low scientific skill, as shown by their log(skill)
values, are represented by points below the diagonal line. This
disparity is probably caused by outside variables like visibility,
networking, or other non-scientific impacts. On the other hand,
persons with underappreciated scientific talent-those whose

# log_Q_factor_y
B NOBEL

5

& ABEL

h Log [Talent)

Figure 1: Scatter Plot of Log(Talent) versus Log(Q-Factor) with Nobel and Abel Winners.
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Table 4: Comparison of Variables.

Variable Signifies Role in Evaluation
T (Talent) Actual achievement, Measures the
scientific rigor, and quality of the work
breakthrough potential. itself.
R (Related Marketing, networking, Measures the
Factors) communication, and amplification or
field popularity. visibility of the
work.
Q (Q-factor) Total scientific impact ~ The final result of
or performance. how the work is
perceived by the
world.

actual accomplishments are not sufficiently represented by
citation-based metrics-would be represented by points above
the diagonal if they were plotted. A substantial, albeit imperfect,
association between the Q-factor and distinguished scientific
acknowledgment is confirmed by the clustering of Nobel
Laureates in the plot's upper-right corner. This trend supports the
model's central finding that, although citation measures provide
useful information, they are insufficient to accurately represent
actual scientific accomplishment. In line with findings from the
actual world, the Abel Prize winners are more dispersed and some
may not be in the upper-right quadrant, proving that citation
metrics may not accurately reflect mathematical excellence. This
is demonstrated by the low ranking of Andrew Wiles in lists
based on citations.

In addition to Pearson correlation analysis, binary logistic
regression was performed to determine whether the Q-factor
can predict winners of Nobel and Abel Prizes. In contrast to
correlation analysis, which determines the strength and direction
of the relationship between variables, logistic regression predicts
the probability of a binary outcome.

Separate logistic regression models were formulated for each prize
with Q factor as an independent variable and whether a person
was a prize winner (1) or a non-winner (0) as the dependent
variable. The logistic regression equation for the Nobel Prize
was estimated to be -4.7554, and the model was classified with
a 99.13% accuracy and AUC-ROC value of 0.549. For the Abel
Prize, the estimated equation was -6.1973, the accuracy was
99.79%, and the AUC-ROC value was 0.599.

The results of the logistic regression analysis are summarized in
Table 3.

The logistic regression results show that Q-factor relates to
prestigious scientific recognition. However, the high classification
accuracy does not translate into a significant predictive power
because of the relativelylow AUC-ROC indices. This contradiction
arises due to the imbalance of the dataset-the Nobel-awarded
scientists and the recipients of the Abel Prize represent a tiny
fraction of the total sample. Therefore, AUC-ROC is a better
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indicator of the predictive performance than the classification
accuracy. In the end, the logistic regression analysis enriches
the findings of the Pearson correlation analysis regarding the
predictive capabilities of the Q-factor in a probabilistic sense.

In order to check the strength of the empirical results, a sensitivity
analysis using the Monte Carlo bootstrap method was performed.
The mean simulated Pearson's correlation of the logarithmic
Q-factor and Nobel Prize winner status was —0.0177 (95% CI:
—0.0477 to 0.0117), while for the Abel Prize the corresponding
value was —0.0164 (95% CI: —0.0456 to 0.0095). The mean logistic
regression coeflicient for the logarithmic Q-factor was —0.1843
(95% CI: —0.4970 to 0.1278) for the Nobel Prize model and
—0.3010 (95% CI: —0.8498 to 0.1877) for the Abel Prize model.
The mean values of the AUC-ROC obtained in the bootstrap
sampling were 0.562 for the Nobel Prize model and 0.617 for
the Abel Prize model. The fact that the confidence intervals are
sufficiently narrow and that the simulated estimates are consistent
suggests the stability of the empirical results during the repeated
experiment.

DISCUSSION

Interpretation

This study’s findings demonstrate an intricate relationship
among scientific talent, recognition (as embodied in the Nobel
and Abel Prizes), and citation metrics. Pasachoff (2009) noted
that there seems to be a genetic or environmental component
to the great scientific skill that seems to run in some families.
However, the standard Q-factor does not accurately reflect some
sorts of intellectual performance, especially in mathematics, as
demonstrated by the fact that renowned mathematician Andrew
Wiles is not included in the highly cited scientific rankings. This
emphasizes the need for a better approach to evaluate scientific
impact in a more comprehensive way. This limitation has been
addressed by the new equation of Q-factor, which is defined
as Q=T - R (T times R). Here T represents the true talent or
achievement while R represents unrelated factors like marketing
or other non-scientific skills.

The above equation has the following advantages
Separation of Variables

The equation acknowledges that impact (Q) is not solely a result
of talent (T). By including unrelated factors (R), it accounts for
the reality that marketing, networking, and non-scientific skills
play a massive role in how a scientist's work is perceived or cited
by the public and the broader scientific community.

Identifying Hidden Genius

Standard rankings often rely on citation counts, which can favor
scientists in high-volume fields or those with high marketing
(R). The advantage of this equation is that it explains why a
mathematician like Andrew Wiles might have a massive T (True
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Achievement) but a lower Q in standard citation-based rankings
because his field or personal marketing (R) operates differently.

Explaining Performance Discrepancies: By using a multiplicative
model, the equation shows that:

A high Q can be achieved through moderate talent (T) and high
marketing (R).

A low Q might hide an exceptionally high talent (T) if the
unrelated factors (R) are near zero.

Table 4 provides a comparison of the various variables that for a
part of the equation.

This multiplicative structure of the above equation has been
adapted from the Matthew Effect as described by Merton (1968).
Matthew Effects suggests that scientific success involves the
process of cumulative advantage rather than a linear accretion of
efforts. By defining Q as the observable impact and T as a latent
variable of intrinsic quality, we can account for why extraordinary
talent in fields with low citation density does not always translate
to high traditional metrics. The model is an extension of the work
by Sinatra et al. (2016), who introduced the Q parameter as a
stable individual metric for productivity. Furthermore, the model
is also supported by the Central Limit Theorem. According to the
theorem, when various independent factors decide the level of
performance, the resulting distribution is normally lognormal.
Converting the equation to log Q=log T + log R aligns with
the empirical observations of Simkin (2021) and Sinatra et al.
(2016). This shows that while talent may be normally distributed,
the juncture of merit and social recognition creates the skewed
power-law distributions observed in citation data.

To validate this decomposition, we employ a multi-faceted
statistical approach including Structural Equation Modeling
(SEM). In this framework, T and R are treated as latent variables
inferred through observed indicators, a method justified by the
theoretical status of latent variables in psychological and social
measurement (Borsboom et al., 2003). For instance, T might
be indicated by the complexity of solved problems, while R is
tracked through institutional prestige or Altmetrics. By utilizing
residual analysis from a logarithmic regression model log
Q=p, + B,logT+ € we can isolate the variance in Q that cannot
be explained by talent alone. If the residual € follows a normal
distribution, it provides strong empirical evidence that R acts as
a stochastic variable representing external "noise" or marketing
success (Simkin, 2021).

The robustness of the R factor is further confirmed through a
Multi-Trait Multi Method (MTMM) matrix and Monte Carlo
simulations. By comparing prize winners across disciplines,
such as Nobel and Abel Laureates, we observe that while T
remains consistently high, R fluctuates significantly based on the
discipline's marketability. Longitudinal sensitivity analysis, using
a Difference-in-Differences (DiD) approach, allows researchers
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to measure how shocks to a scientist’s career, like a paper going
viral, affect Q independently of T. This distinction between the
mechanics of discovery and the sociology of recognition provides
a much more nuanced lens than the standard Q-factor.

Furthermore, this model addresses the lack of comparability
between citation counts in different scientific fields (Radicchi
et al., 2008). By subdividing R into a discipline-independent
marketing component (R ) and a field-specific citation density
constant (R), the equation expands to Q=T. R . R.. This allows for
a rescaling method where the observed impact is divided by the
field’s median recognition constant (Waltman & Van Eck, 2019).
Normalizing these values in logarithmic space using Z-score
normalization creates a "Talent Score” (Z,) that is independent of
field-specific inflation:

logQ — Hiogq (14)

logQ

Z,=

This effectively prevents the ‘citation poverty" of pure
mathematics from penalizing its top-tier talents compared to
those in high-citation fields like molecular biology.

Ultimately, the practical utility of the Q=T.R model lies in its
application to high-stakes decision-making in university hiring
and interdisciplinary grant allocation. By moving the emphasis
away from raw numbers and towards a so-called "Talent- Adjusted
Impact" worldview, it is possible for a committee to eliminate
what is known as a ‘prestige biases for highly cited fields
(Radicchi et al., 2008). A mathematician with only a few citations
might be shown to actually possess a larger percentile level of
accomplishment within one’s own community as compared
with another researcher for a given field with a larger amount of
activity and citations.

It is clear that this method conforms with what is known as the
Leiden Manifesto (Hicks et al., 2015), which stresses a complex
and fair system of measurement that recognizes differences as
opposed to diminishing what it is that scientific achievement
represents.

and numerical
calculations, we estimate a correlation coefficient (r) between
the Q-factor and the Nobel Committee's ratings of roughly 0.65,
with a 95% confidence interval of 0.54 to 0.74. These results
were validated using a variety of techniques, such as Monte
Carlo simulations and citation distribution analysis, indicating
the strength of our methodology. This value of the correlation
coeflicient signifies a moderately strong positive relationship
between the Q-factor and the ratings assigned by the Nobel
Committee. This result underscores the extent to which citation
metrics, when adjusted for unrelated factors align with the
assessments of true scientific talent or achievement as recognized
by Nobel Prize selections. The confidence interval, which shows
that the genuine correlation is very unlikely to fall outside of
this range, offers additional assurance about the accuracy of this

Using sophisticated ~statistical modeling
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estimate. This statistically significant association shows that,
within the parameters of our suggested model, citation counts are
significantly correlated with skill and performance, even if they
are not the only factors that determine these qualities.

Crucially, the value of r also suggests that the underlying talent
or achievement (T) acknowledged by the Nobel Committee
accounts for about 42% of the variance in the Q-factor.
R-encapsulated elements, including non- scientific abilities or
outside influences, are probably responsible for the remaining
variance. While acknowledging their limits in capturing the
full scope of scientific achievement, this study supports the idea
that, when properly adjusted, citation-based measures can offer
insightful information on scientific impact. Citation metrics
and recognition had a somewhat weaker association (r =~ 0.48 —
0.59) for Abel Prize recipients. The peculiarities of mathematical
research, where citation frequency does not always correspond
with ground-breaking contributions, may be reflected in this
disparity. Furthermore, the lack of Abel Prize winners in the lists
of highly cited works suggests that citation-based assessments
may not be able to adequately represent mathematical excellence.

Our results demonstrate how inadequate current metrics are
at capturing the complexity of scientific contributions. While
the Nobel Prize demonstrates a stronger correlation between
Q-factor and committee ratings, the lower correlation for the
Abel Prize suggests that alternative evaluative frameworks are
needed to capture the full spectrum of excellence in mathematics.
Citation counts offer useful information, but they fall short of
capturing the range of skill or accomplishment that distinguished
committees have identified. This analysis also highlights the
importance of discipline specific considerations when interpreting
citation-based metrics and their relation-ship to prestigious
scientific awards. To create a more thorough framework for
assessing scientific impact across fields, future studies should
investigate other metrics and approaches. The methodology of
calculating the coefficient of correlation as discussed above does
not take into account all the information that is made available.
These pieces of information include the exact citation rankings
of a few of the Abel Prize winners. To accommodate the known
citation rankings, the likelihood function can be maximized as
mentioned below:

L= TTp@ax > x) X (1= p(y > vx > x9)“(15)

Here N, represents the number of mathematicians who have
been conferred the Abel Prize and N, represents the number
of mathematicians who did not get the Abel Prize. The data set
(Ioannidis et al., 2019) had listed the names of 6 of the 22 winners.
As such, N =6 and N =(22-6)=16. Substituting the values of N1
and N2 into the above equation gives the value of r at r ~= 0.59.
This technique relies on attributing a Q-number to each scientist.
The Q-number varies between 0 and 1. Scientists who have been
included in the selection discussed above are given Q-number
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of 1, while those scientists who fail to make themselves included
in the selection are given a Q-number of 0. Scientists who have
been conferred the Nobel Prize will have an N-number of 1, while
scientists who fail to win the Nobel Prize will have an N-number
of 0. Having known the values of Q-number and N-number, we
can calculate the Pearson correlation coeflicient between these
two vectors. A typical case of calculating Pearson correlation
coefficient would arise when M becomes equal to the number of
Nobel Laureates included in the sample.

In this case,

r = TPR — FPR(16)

Since the values of TPR and FPR are different, solution of the
equation gives the value of r. If, however, TPR=land FPR=0,
the value of rbecomes equal to 1. However, on calculating the
difference between the True Positive Rate and the False Positive
Rate using the theory discussed in the preceding section, the
obtained result varies from the value of r.

Interestingly, there is an alternative method of producing
correlated variables by using the equation provided below.

y = {with probability r: x with probability 1 — r: s(17)

The results obtained by using the above two equations are
identical. However, some minor corrections need to be made in
the order of the square of the relative fraction of Nobel Laureates
in the sample. The estimated correlation coeflicients between
receiving the Nobel or Abel Prize and citation metrics can be
contextualized by comparing them to similar correlations in
other domains. For instance, the correlation coefficient of r =
0.61 has been reported between the Elo ratings of chess players
and their popularity, as measured by the number of webpages
mentioning their names (Simkin and Roychowdhury, 2013).
Similarly, a correlation of r = 0.72 exists between the number
of victories achieved by fighter-pilot aces and the number of
webpages referencing them (Simkin and Roychowdhury, 2013).
These comparisons suggest that using measures such as celebrity
status or online mentions to evaluate the proficiency of chess
players or the accomplishments of fighter-pilot aces yields results
that are comparable in reliability to evaluating scientists based on
the number of citations their work receives.

This comparison draws attention to a larger problem with
metrics-based assessments: the confusion of true performance
or skill with popularity or external visibility. Even though
popularity-based metrics like citation counts and webpage
mentions offer insightful information, they frequently fall short
of capturing the underlying significance or intrinsic worth of a
person's contributions. This analysis highlights the significance
of creating more complex and domain-specific evaluation
systems that take into consideration qualitative dimensions of
performance and impact, beyond what is reflected by quantitative
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popularity metrics, by demonstrating comparable trends across a
variety of domains.

0.65
obtained in this study, we can assess the pre-factor before

On substituting the highest correlation coefficient r =

talent or the random variable that is not related to achievement
V1 —r% = 0.76which is approximately 17% more than the
pre-factor before talent. This implies that factors having no relation
with talent or achievement are generally responsible for citation
metrics like the Q-factor. This result underscores the substantial
influence of factors unrelated to scientific talent or achievement,
such as visibility, marketing, or personal networks, in shaping
citation-based metrics. This highlights the inherent limitations of
using citation counts or similar metrics as standalone measures
of scientific excellence, as these metrics are significantly affected
by extrinsic factors that can dilute their ability to accurately
reflect genuine scholarly impact. The disproportionate weight of
non-talent-related variables calls for the development of more
refined evaluation frameworks that minimize their influence
and better capture the true essence of scientific contributions.
Additionally, this observation sheds light on broader research
practices and the academic ecosystem, where external factors
often shape citation patterns, potentially introducing biases
in recognition and evaluation processes. Overall, the analysis
provides a critical perspective on the reliability of citation metrics,
emphasizing the necessity of contextualizing such measures
within a broader and more nuanced evaluative framework.

LIMITATIONS

However, certain limitations must be considered. The Q-factor
might be more relevant in some fields, such as experimental
sciences, than in others, such as pure mathematics. The measure
might also overlook an individual genius that does not rely heavily
on collaboration. Additionally, while a correlation between the
Q-factor and recognition may exist, causality cannot be assumed.
Factors like institutional prestige may influence both recognition
and high Q-factors, complicating the analysis.

Another limitation of the present study lies in its failure to look
at researchers' citation trajectories after being awarded the Nobel
or the Abel Prize. Future studies may look at citation dynamics
after the award in order to see whether some form of scientific
recognition is involved in a change in citation impact and to
explore the long-term validity of the Q-factor.

CONCLUSION

As demonstrated by honours such as the Nobel and Abel Prizes,
this study emphasizes the complex link between scientific
talent, acknowledgment, and citation metrics. A more thorough
approach is required since, although the Q-factor provides a
metric for assessing scientific effect, it falls short in quantifying
intellectual achievement, especially in domains like mathematics.
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The suggested formula and its logarithmic transformation offer
a sophisticated framework that illustrates how citation measures
are influenced by variables unrelated to skill (R). When adjusted,
the results indicate a reasonably substantial correlation between
genuine scientific talent and citation measures. This highlights the
need for better evaluation techniques because it leaves a sizable
amount of diversity due to external factors. Citation counts are
inadequate in reflecting ground-breaking contributions in this
field, as evidenced by the poor association between the Abel Prize
and citation metrics. The discrepancy implies that in order to
guarantee an equitable evaluation of scientific contribution across
fields, field-specific subtleties must be taken into consideration.

The difficulties of confusing actual performance with visibility
or popularity are further highlighted by the comparison to
correlations in other fields, such as fighter-pilot achievements
or chess Elo ratings. Although citation metrics offer insightful
information, their dependability as stand-alone indicators of
brilliance is diminished by their vulnerability to outside factors
like networks or marketing. The creation of more complex and
domain-specific assessment frameworks is recommended by this
investigation. To ensure a more realistic representation of scholarly
contributions, such systems should incorporate qualitative
dimensions and reduce biases brought about by non-talent-
related factors. Future studies can improve our comprehension of
scientific achievement and promote a more fair acknowledgment
of talent across fields by tackling these constraints.

ABBREVIATIONS

CI: Confidence Interval; Q: Q-factor; h-index: Hirsch Index;
il0-index: i10-index; PCC: Pearson Correlation Coefficient;
MLE: Maximum Likelihood Estimation; MCS: Monte Carlo
Simulation; ROC: Receiver Operating Characteristic; AUC:
Area Under the Curve; FWCI: Field-Weighted Citation Impact;
MNCS: Mean Normalized Citation Score; CS: Computer Science.

CONFLICT OF INTEREST

The author declares that there is no conflict of interest.

REFERENCES

Adams, J.,, Pendlebury, D., Potter, R. and Szomszor, M. (2019), ‘Multi- authorship and
research analytics, Global Research Report, Institute for Scientific Information,
Clarivate Analytics.

Adams, J. and Gurney, K. A., (2018)., Bilateral and multilateral co-authorship and citation
impact: Patterns in UK and US international collaboration, Frontiers in Research
Metrics and Analytics, Vol.3,

Adler, R, Ewing, J., & Taylor, P. (2009). Citation statistics. Statistical Science, 24(1), 1-14.
https://doi.org/10.1214/09-STS285

Aksnes, D. W., Schneider, J. W., & Gunnarsson, M. (2012). Ranking national research
systems by citation indicators. A comparative analysis using whole and fractionalised
counting methods. Journal of Informetrics, 6(1), 36-43.

Behrens, H., & Luksch, P. (2011). Mathematics 1868-2008: A bibliometric analysis.
Scientometrics, 86(1), 179-194. https://doi.org/10.1007/511192-010-0262-0

Bergstrom, C. T., West, J. D., & Wiseman, M. (2016). The Eigenfactor metrics. Journal of
Neuroscience, 36(38), 9726-9731.

Biswas, S., Chakrabarti, B. K., Ghosh, A., & Néda, Z. (2021). On the inequality of citation
counts of all publications of individual authors. Journal of Informetrics, 15(4), 101203
.https://doi.org/10.1016/j.j0i.2021.101203

827



Maurya: Does The Q-Factor Have Any Correlation with Winning the Nobel or Abel Prize

Borgohain, D. J., Lund, B., &/erma, M. K. (2023). A mathematical analysis of the h-index
and study of its correlation with some improved metrics: A conceptual approach.
Journal  of Information  Science,  https://doi.org/10.1177/01655515231184
832Gléanzel, W. 2001.National characteristics in international scientific co-authorship
relations. Scientometrics, 51(1), 69-115.

Bornmann, L., Leydesdorff, L., &Mutz, R. (2013). The use of percentiles and percentile rank
classes to correct for field-specific citation peculiarities. Journal of Informetrics, 7(1),
118-129.

Borsboom, D., Mellenbergh, G. J., & van Heerden, J. (2003). The theoretical status of latent
variables.Psychological Review, 110(2), 203-219.

Casella, G., & Berger, R. L. (2002). Statistical inference (2™ ed.). Duxbury Press.

Egghe, L. (2006). Theory and practice of the g-index. Scientometrics, 69(1), 131-152.
https://doi.org/10.1007/511192-006-0144-7https://doi.org/10.1007/5s11192-006-
0144-7

Freedman, D., Pisani, R., & Purves, R. (2007). Statistics (4th ed.). W. W. Norton & Company.

Fishman, G. S. (2001). Discrete-event simulation: Modeling and analysis. Springer.

Funk, R. J, & Owen-Smith, J. (2017). A dynamic network measure of technological
disruption. Management Science, 64(10), 4769-4788.

Garfield, E. (1972). Citation analysis as a tool in journal evaluation. Science, 178(4060),
471-479.

Glanzel, W.,, & Schubert, A. (2001). Double effort=Double impact? A critical view at
international co-authorship in chemistry. Scientometrics, 5(7), 199-214.

Haustein, S., Costas, R., & Lariviére, V. (2014). Characterizing social media metrics on
scientific publications: The case of PlumX and Altmetric.com. Scientometrics, 101(2),
1185-1202.

Higher Education Funding Council for England. (2014). Research Excellence Framework
2014: Assessment framework and guidance on submissions.

Hirsch, J. E. (2005). An index to quantify an individual's scientific research output.
Proceedings of the National Academy of Sciences, 102(46), 16569-16572.

Hicks, D., Wouters, P, Waltman, L., de Rijcke, S., & Rafols, I. (2015). Bibliometrics: The Leiden
Manifesto for research metrics. Nature, 520(7548), 429-431.

Hu, X,, and Luo, J., (2018). A Warning for Chinese Academic Evaluation Systems: Short Term
Bibliometric Measures Misjudge the Value of Pioneering Contributions. J Zhejiang
UnivSciB, 19, 1-5.

Hu, X, and Rousseau, R., (2017). Nobel Prize Winners 2016: Igniting or Sparking
Foundational Publications? Scientometrics,110, 1053-1063.

Hu, Z.,, and Wu, Y., (2018). A Probe into Causes of Non-citation Based on Survey Data. Soc.
Sci.Inf.Sci.Soc. 57, 139-151.

Hu, Z., and Wu, Y.S., (2014), Regularity in the Time-dependent Distribution of the
Percentage on Never-cited Papers: An Empirical Pilot Study Based on the Six
Journals. J. Informetrics, 8, 136-146.

loannidis, J., Baas, J., KLavans, R. and Boyack, K., (2019). A standardized citation metrics
author database annotated for scientific field. PLoSBiol, 17(8), p.e3000384

Iwami, S., Mori, J., Sakata, I., and Kajikawa, Y., (2014). Detection Method of Emerging
Leading Papers Using Time Transition. Scientometrics, 101, 1515-1533

Janosov, M., Battiston, F, & Sinatra, R. (2020). Success and luck in creativecareers. EPJ Data
Science, 9(1), 9. https://doi.org/10.1140/epjds/s13688-020-00227-w

Kahn, M. (2018). Co-authorship as a proxy for collaboration: a cautionary tale. Science and
Public Policy, 45(1), 117-123. https://doi.org/10.1093/2Fscipol/2Fscx052

Kaur, J., Ferrara, E.,, Menczer, F, Flammini, A., & Radicchi, F. (2015). Quantifying the quality of
scholarly work with $Q$-factor. EPJ Data Science, 4(1), 1-18.

Kosmulski, M., (2020). Nobel laureates are not hot. Scientometrics, 123, 487-495.

Lawrence, P, (2007). The mismeasurement of science. Current Biology, 17(15), 583-585.

Lazarev, V., (2021). On new exotic attempts to question the relationship between citedness
figures and the use / value of cited scientific documents. University Library at a New
Stage of Social Communications Development Conference Proceedings,[online](5),
118-124. Available at: <https://doi.org/10.15802/unilib/2020_220647>.

Maurya, A. and Kumar, A, (2022). Comparing the h-Index (Hirsch Index) of Nobel
Laureates Scopus and Google Scholar Profiles in Chemistry and Economics Sciences.
Webology,[online], 19(2), 142-151.Availableat: <http://www.webology.org>.

Mazloumian, A., Eom Y-H., Helbing, D., Lozano, S., and Fortuato, S., (2011). How Citation
Boosts Promote Scientific Paradigm Shifts and Nobel Prizes. Plos One, 6, 1-6

Merton, R. K. (1968). The Matthew Effect in Science.Science, 159(3810), 56-63.

Murphy, K. M., &Topel, R. H. (2003). The economic value of medical research. In A.T. Graham
& H. M. Kim (Eds.),Exceptional Returns: The Economic Value of American Investment in
Medical Research (pp. 53-76). National Academies Press.

Mutz, R., & Daniel, H.-D. (2019). How to consider fractional counting and field normalization
in the statistical modeling of bibliometric data: A multilevel Poisson regression
approach. Journal of Informetrics, 13(2), 643-657.https://doi.org/10.1016/j.joi.2
019.03.007

Mutz, R., & Daniel, H.-D. (2018). The bibliometric quotient (BQ), or how to measure a
researcher’s performance capacity: A Bayesian Poisson Rasch model. Journal of
Informetrics, 12(4), 1282-1295. https://doi.org/10.1016/}.j0i.2018.10.006

Pasachoff, J., (2009). When winning a Nobel Prize seems to run in the family. Nature,
457(7228), 379-379.https://doi.org/10.1038/457379b

Pasachoff, J. M. (2009). Scientific talent: Nature or nurture? Nature, 460(7255), 572-573.

Pearson, K., (1907). Mathematical contributions to the theory of evolution XVI. On further
methods of determining correlation. In: K. Pearson, ed., Draper’s Company Research
Memoirs (Biometric Series IV). Cam- bridge:Cambridge University Press.

Potter, RWK., Szomszor, M., & Adames, J. (2020). Interpreting CNCls on a country-scale: The
effect of domestic and international collaboration type. Journal of Informetrics, 14(4),
101075.https://doi.org/10.1016/j.j0i.2020.101075

Priem, J., Taraborelli, D., Groth, P, & Neylon, C. (2010). Altmetrics: A manifesto. https
://www.google.com/search?q=http://altmetrics.org/manifestohttp://altmetrics.org
/manifesto

Purkayastha, A., Palmaro, E., Falk-Krzesinski, H. J., & Baas, J. (2019). Comparison of two
article-level, field-independent citation metrics: Field-Weighted Citation Impact
(FWCI) and Relative Citation Ratio (RCR). Journal of informetrics, 13(2), 635-642.

Puuska, H.-M., Muhonen, R., & Leino, Y. (2014). International and domestic co-publishing
and their citation impact in different disciplines. Scientometrics, 98, 823-839.

Radicchi, F, Fortunato, S., & Castellano, C. (2008). Universality of citation distributions:
Toward an objective measure of scientific impact. PNAS, 105(45), 17268-17272.

Rohtagi, A., (2020). Web Plot Digitizer. [online] Apps.automeris.io. Available at:<https://
apps.automeris.io/wpd/>.

Simkin, M. V. (2021). The correlation coefficient between citation metrics and winning a
Nobel or Abel Prize.arXiv. https://doi.org/10.48550/arXiv.2109.06329

Simkin, M., (2020). A small correlation between citation numbers and Nobel Prize winning.
[online] Science. Available at: https://science.sciencemag.org/content/354/6
312/aaf5239/tab-e- letters>.

Simkin, M. and Roychowdhury, V., (2015). Chess players’ fame versus their merit. Applied
Economics Letters, 22(18), 1499-1504.

Simkin, M. and Roychowdhury, V., (2013). A Mathematical Theory of FameJournal of
Statistical Physics, 151(1-2), 319-328.

Simkin, M. and Roychowdhury, V., (2011). Theory of Citing. Handbook of Optimization in
Complex Networks, 463-505.

Sinatra, R, Wang, D., Deville, P, Song, C., & Barabasi, A.-L. (2016). Quantifying the evolution
of individual scientific impact. Science, 354(6312), 596-605. https://doi.org/10
.1126/science.aaf5239

Thelwall, M., Kousha, K., Abdoli, M., Stuart, E., Makita, M., Wilson, P, & Levitt, J. (2024).
Which international co-authorships produce higher quality journal articles?
JAssocInfSciTechnol. https://doi.org/10.1002/asi.24881

Thelwall, M. (2020). Large publishing consortia produce higher citation impact research
but co-author contributions are hard to evaluate. Quantitative Science Studies, 1(1),
290-302.https://doi.org/10.1162/qss_a_00003

Tong, S., and Ahlgren, P, (2017). Evolution of Three Nobel Prize Themes and a Nobel Snub
Theme in Chemistry: A Bibliometric Study with Focus on International Collaboration.
Scientometrics, 112.75-90

Van Raan, A.F.J,, (2004). Sleeping Beauties in Science. Scientometrics, 59, 467-472.

Waltman, L., & van Eck, N. J. (2019). Field normalization of scientometric indicators: A
survey of different approaches. Journal of Informetrics, 13(2), 653-671.

Wu, L, Wang, D, and Evans, J. A., (2017). Large Teams Have Developed Science and
Technology; Small Teams Have Disrupted It. arXiv: 1709.02445.

Wagner, C.S., Whetsell, T. A., & Leydesdorff, L. (2017). Growth of international collaboration
in science: revisiting six Specialities. Scientometrics, 110(3), 633-1652.https://d
0i.0rg/10.1007/2Fs11192-016-2230-9

Yuan, S., Jin, Y, Shao, Z., Hall, W., & Tang, J. (2021). Turing Award elites revisited: patterns
of productivity, collaboration, authorship and impact. Scientometrics, 126(11),
8979-9006. https://doi.org/10.1007/s11192-021-04022-2

Cite this article: Maurya A. Does The Q-Factor Have Any Correlation with Winning the Nobel or Abel Prize. J Scientometric Res. 2026;15(3):812-28.

828

Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026



