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Collective dynamics behind success

Manuel S. Mariani 1 , Federico Battiston 2, Emőke-Ágnes Horvát3,4,5,
Giacomo Livan6,7,8, Federico Musciotto 9 & Dashun Wang 4,10,11,12

Understanding the collective dynamics behind the success of ideas, products,
behaviors, and social actors is critical for decision-making across diverse
contexts, including hiring, funding, career choices, and the design of inter-
ventions for social change. Methodological advances and the increasing
availability of big data now allow for a broader and deeper understanding of
the key facets of success. Recent studies unveil regularities beneath the col-
lective dynamics of success, pinpoint underlying mechanisms, and even
enable predictions of success across diverse domains, including science,
technology, business, and the arts. However, this research also uncovers
troubling biases that challenge meritocratic views of success. This review
synthesizes the growing, cross-disciplinary literature on the collective
dynamics behind success and calls for further research on cultural influences,
the origins of inequalities, the role of algorithms in perpetuating them, and
experimental methods to further probe causal mechanisms behind success.
Ultimately, these efforts may help to better align success with desired societal
values.

Many key aspects of success in social and economic systems stem from
collective dynamics: millions of interconnected consumers determine
the success of songs, books, and businesses1,2; citizens’ decisions col-
lectively determine the prevalence of socially beneficial behaviors3,4;
online users’ sharing choices drive the virality of content5; networks of
employees and recruiters influence the success of job seekers6; and the
interactions among team members shape a team’s success and failure
in executing complex tasks7,8. In all these cases, whether involving an
idea, product, behavior, individual, or team, success is not an isolated
event; rather, it is the result of the choices and actions by inter-
connected actors at different scales.

The deluge of big data capturing individual behavior and suc-
cesses offers new opportunities to explore quantitative patterns gov-
erning the collective dynamics behind success. These opportunities
have stimulated the emergence of a multidisciplinary community of
scientists who are united in their quest to understand the complex

dynamics behind success across diverse socioeconomic systems, ask-
ing a wide range of fascinating questions. For example, what makes
online content go viral? Why is there such persistence of mis-
information on social media? How soon can we tell if a new idea or
product has sparked serious interest? When do scientists or artists do
their greatest work? How do network structures and interventions
influence the large-scale adoption of new products and behaviors, as
well as the success of individual careers? How is a winning team
assembled?What is the role of gender in recognition and success?And
ultimately, how can people and organizations profit from early failures
to achieve long-term success? Addressing these questions allows
researchers to uncover empirical regularities that govern the collective
dynamics behind success, identify mechanisms responsible for these
patterns, and reveal predictive signals that hold practical implications.
By combining diverse approaches, results from this research program
can lead–and, in several cases, have led–to qualitative shifts in the way
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that new ideas are discovered, talents are identified and nurtured,
excellence is recognized and rewarded, and failure is avoided and
exploited. Here, we review recent progress in this transdisciplinary
research agenda.

Many of these questions have been explored in the psychology,
sociology, and management literature for decades. Research in psy-
chology, for example, has examined the lifecycles of prominent artists
and scientists9,10 and has investigated the various drivers of individual
success11,12 as well as team performance13. Sociologists and manage-
ment scholars have extensively studied the importance of various
structural forces that shape career success14,15 and the proliferation of
new products and behaviors16–18. This review builds on these founda-
tional streams of research while highlighting recent studies that
diverge from traditional approaches by combining quantitative
methods with large-scale datasets drawn from real-world observations
and experiments. This windfall of data comes from a remarkably wide
range of areas, capturing patterns of success across arts, sciences,
business, and more (Fig. 1). As a result, in addition to revealing gen-
eralizable regularities and predictive signals, these efforts have vali-
dated long-standing theories at scale, delimited their boundaries to
validity more accurately, and inspired the development of new the-
ories. Further, rapid advances in fields such as complexity science,
network science, artificial intelligence, econometrics, and experi-
mental sociology have provided powerful empirical tools and meth-
odologies, offering deeper insights into the collective dynamics
behind success.

The collective nature of success
Efforts to harness the newly available data and methodologies to
understand the dynamics of success encounter several core chal-
lenges. First, the definition of success is inherently multifaceted and
varies across individuals, domains, and cultures. The value of a work of
art, for example, is subjective. Quantitative measures, such as auction

prices19–21, museum exhibitions19,22, or textbook features19, are imper-
fect approximations for the success of the artwork. Moreover, differ-
ent artists may have different career aspirations, such that one
measure of artistic success may mean vastly more to a given artist.

Second, behavioral research shows that human judgment is
strongly influenced by a wide range of biases and heuristics23, poten-
tially impairing our ability to understand why some products, indivi-
duals, and teams succeed or fail24. Individuals attempting to predict or
explain success may, for example, become overconfident in their
predictions due to the accuracy of their previous prognostications25;
they may overweight extreme events while overlooking the base rate
for success26; they may fail to notice unfairness from which they
benefited in their success27; they may be influenced by emotionally
satisfying but misleading success stories24; they may believe that suc-
cess was predictable after the fact even when, a priori, it was not28; or
they may selectively look for evidence that confirms their prior beliefs
about success29, among many other biases23.

The emerging strand of literature examines whether these chal-
lenges canbemitigatedwith thenewavailability of substantial datasets
that capture performance and success at a larger scale, higher reso-
lution, and greater level of detail than ever before, improving our
understanding of success. Here, we broadly define success as the
attainment of highly-valued outcomes for an individual, team, or
organization – and for the ideas, products, or behaviors which they
create or adopt. The recent literature focuses largely on collective
dimensions of success, recognizing that, in many cases, success is
shaped by collective dynamics2, both in terms of creation (the pro-
cesses through which an individual, team, or organization acquires
resources and generates new ideas, products, or behaviors) and in
terms of reception (the processes throughwhich a completed product
or a new behavior is potentially adopted by interconnected indivi-
duals). Under this lens, understanding success requires uncovering the
complex processes involving interacting agents which drive the
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Fig. 1 | Success in diverse domains and at different scales. The recent literature
on success has examined subjects across disparate domains and at different scales.
From bottom to top, the subjects involved can be classified as individuals, teams,
or large-scale organizations; these subjects create, adopt, or endorse ideas, pro-
ducts, and behaviors. Recent studies on success often link subjects within scales
(solid lines) and across scales (dashed lines). This reviewpresents several instances
in which these connections predict or influence individuals', teams', and organi-
zations' success. For example, the network of interactions among potential
adopters affects the successful proliferationof new ideas, products, andbehaviors;

the network of interactions between a team’s members affects the team’s success;
and artists' and scientists' early connections with prestigious institutions predict
their success. Each gray box provides examples of individuals, teams, and orga-
nizations of interest at different scales for a given domain (from left to right: arts,
business, online systems, science), as well as examples of the datasets used in the
analysis (blue boxes). Icon credits: The icons representing organizations and teams
have been realized by user Freepik from Flaticon.com; The icons representing
individuals and products have been realized by users Kiranshastry and bsd,
respectively, from Flaticon.com.
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collective adoption of new ideas, products, and behaviors, and,
therefore, shape the success of individuals, teams, and organizations
(see Fig. 1). While this focus on the collective dynamics behind success
necessarily neglects some personal dimensions of success, the shift in
perspective allows researchers to bypass the need to evaluate indivi-
dual beliefs about success and focus instead on collective measures
that are quantifiable in large-scale data sets.

In the real world, multiple causal factors may influence the col-
lective dynamics behind success. At the same time, individual papers
often focus on one or few research questions or hypotheses related to
one effect type (e.g., the role of specific social network structures for

career success), whichmakes it challenging to synthesize the resulting
knowledge into one single framework. Therefore, it is helpful to
identify the effect types which have received wide and cross-
disciplinary attention in the literature. This review identifies four
interrelated types of effects that influence the collective dynamics
behind success both in creation and reception processes: feedback,
temporal, network, and identity effects (see Fig. 2 for a map). For each
type of effect, we review relevant phenomena that concern subjects at
one or more of the vertical scales in Fig. 1. While some of these phe-
nomena primarily concern creation processes (e.g., the importance of
strong and weak ties for career success), other phenomena are related
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Fig. 2 | Types of effects influencing the dynamics behind success for creation
and reception processes. This review explores regularities, mechanisms, and
predictive signals in both creation processes (through which individuals, teams,
and organizations acquire resources and create new ideas, products, or behaviors,
gray boxes) and reception processes (through which a completed product or

a specific new behavior is potentially adopted or endorsed by interconnected
individuals, teams, and organizations, blue boxes). We identify four interrelated
types of effects that influence the collective dynamics behind success for both
creation and reception processes: feedback, temporal, network, and identity
effects. The boxes highlight key themes found in the literature for each effect type.
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to reception processes (e.g., the role of influential nodes in the pro-
liferation of a new product in a social network).

The categorization of different types of effects in Fig. 2 simplifies
the navigation of the broad andmultifaceted literature on success. It is
important to note, however, that the four effect types are inter-
connected. For example, important identity effects that concern gen-
der differences in personal network structures influence women’s
opportunities through network effects. Similarly, in creative careers,
positive feedback can arise from a central position in relevant social
networks through network effects. Moreover, the creation and
reception processes themselves are interconnected, as choices made
during creation affect a product’s reception, and the reception of an
individual’s products affects the individual’s access to resources for
future creation. Consider, for example, the impact of the reception of a
scholar’s work on her future funding and employment opportunities.
This interconnectedness between effect types and the creation and
reception processes points to the complexity of success in socio-
economic systems. We review each of the four effect types below.

Feedback effects
Here we consider processes in which the subject - whether a product,
individual, team, or organization - experiences an initial outcome that
serves as a feedback that might increase their likelihood of future

successful outcomes. We discuss a widely-studied positive feedback
effect ("Success breeds success”), as well as a less intuitive reversal
effect ("Failure breeds success”).

Success breeds success
Many studies on feedbackmechanisms aremotivated by an interest in
explaining the large disparities in success that have been widely
observed both for products and their creators. Vilfredo Pareto
described the disparities he saw in the 19th century with the “80/20
rule": 80% of the total wealth was owned by roughly 20% of the
population30. Since that time, research has documented inequalities in
success across diverse domains, including wealth and income31, sci-
entific citations32,33, online popularity34, and book sales35, among oth-
ers. In many cases, these inequalities have increased steadily over
time32,33,36. Mathematically, this inequality in success is described by a
long-tail distribution, meaning that most ideas or individuals experi-
ence a low level of success, but a non-negligible fraction of outliers
achieves runaway success.

But how does this inequality arise? One possible explanation is
that small differences in performance or quality result in large differ-
ences in success37. Research shows, however, that differences in suc-
cess do not necessarily reflect differences in performance or quality.
Another possible mechanism to explain these observed inequalities is

Fig. 3 | Fitness and success-breeds-success. The concept of fitness was borrowed
from ecology to capture the intrinsic appeal of an idea, product, or behavior.
Empirical data suggest that fitness typically follows bounded distributions (e.g.,
exponential59,61, see panel a for an illustration). In a hypothetical world in which
recognition is purely determined by fitness, success would also follow a bounded
distribution (panel b, red line). However, mechanistic models of success dynamics
indicate that even when fitness follows a bounded distribution, success-breeds-
success mechanisms can generate fat-tailed success distributions (panel b, blue
line) where a few products accrue most endorsements, and many others remain

unnoticed. There is ample empirical evidence of fat-tailed success distributions,
fromwealth and income to scientific citations, fromonline popularity to book sales,
andmore (seemain text). Herewe illustrate: (c) the distribution of the total number
of retweets received by a Twitter user in response to the experimental discovery of
the Higgs boson [dataset made publicly available by 205]; (d) the number of reviews
received by a business in Yelp [dataset made publicly available by 206]; (e) the
number of citations received by a paper published in American Physical Society
(APS) journals [dataset made available by the APS207, version analyzed in ref. 51].
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that success, in fact, breeds more success. In 1968, Robert K. Merton
suggested this idea, defining the Matthew effect as the process
through which highly reputed individuals accrue greater recognition
for theirwork than individualswhohavenot yetmade theirmark38. The
Matthew effect explains how those with initial, potentially arbitrary
advantages may accrue enduring advantages over their competitors
through positive feedback, which can create broad inequalities in
success and raise questions regarding the extent to which great suc-
cess is indicative of exceptional ability39. The Matthew effect–and
closely related concepts like cumulative advantage, the rich-get-richer
phenomenon, or preferential attachment in network science–has
captured sustained attention fromdiverse disciplines38,40,41. Individuals
connected with more prestigious people or institutions early in their
careers may have easier access to more and better resources and
rewards22,42,43. Their established reputations lead to further recogni-
tion, which others may interpret as a proxy for the quality of their
work44. Hence, early connections have been shown to be strong pre-
dictors of success for artists22, DJs45, and researchers46,47, among oth-
ers. The Matthew effect also applies to the success of products, which
is often accurately predicted by various dimensions of the products’
early success, e.g., for online content48, books1, scientific papers and
patents49–52. In addition to the empirical support for the link between
early and subsequent success in observational studies, researchers
have devised laboratory andfield experiments that havedemonstrated
the causal nature of this link53–55.

If the success-breeds-success phenomenon were the only driver
of the dynamics of success, then the first individuals, teams, or orga-
nizations to enter a new field would almost invariably be more suc-
cessful than latecomers, resulting in an inevitable first-mover
advantage56. Yet in real-world socioeconomic systems, latecomers
often outperform the very firstmovers in the long run57. To explain the
success of latecomers (e.g., Google58), researchers borrow the concept
of fitness from ecology to capture the intrinsic appeal of an idea or
product1,49,50,57,59,60. The fitness of a product is typically operationalized
as a latent parameter that influences the rate at which the product
accrues new adoptions57,61. The roots of a product’s fitness are, in
general, context-dependent58; For a scientific paper, for example, the
fitness parameter could simultaneously capture its relevance, sound-
ness, visibility, and clarity, which jointly determine its appeal to the
scientific community60. Incorporating the concept of fitness into
models of the success-breeds-success dynamic substantially improves
the predictability of long-run outcomes, from the long-term impact of
scientific papers49 and patents62 to book sales1. These fitness-based
models also show that a narrow distribution of fitness parameters, i.e.,
narrow differences in intrinsic fitness or quality, may manifest in a
long-tail distribution of success (Fig. 3) or broad success inequalities. A
recent experimental study confirms the importanceoffitness, showing
that even when high-fitness products were deceptively presented as
unpopular to participants, the high-fitness products eventually
became more popular than the low-fitness alternatives that were arti-
ficially given an initial advantage63. In choice experiments where there
is a correct answer, recent evidence indicates that earlymistakesmade
by a group self-correct for easy tasks, but not for difficult ones64. At the
same time, more research is needed to fully clarify under which con-
ditions social feedback effects are strong enough to prevent the
highest-fitness products from succeeding63. The interplay between
success-breeds-success, fitness, and the structural factors determining
the relative success of products, ideas, and behaviors remains an
important domain for future research.

Failure breeds success
Given the impact of early success on later positive outcomes, one
might expect that early failures to simply increase the likelihood of
future failures. Recent research, however, has challenged this

paradigm, revealing surprising benefits of early failures for both indi-
viduals and organizations.

There are two simple mechanisms through which early failures
could lead to later success. First, if every attempt has some probability
of success, the probability that multiple attempts all fail decreases
exponentially with the number of attempts. A individual, team, or
organization may, therefore, succeed by chance if enough attempts
are made. Second, individuals, teams, and organizations may even-
tually succeed if their efficiency increases as they perform a task
repeatedly. For example, engineer TheodorePaulWright found in 1936
that the labor cost of producing an airplane decreases as a function of
the total number of airplanes produced, following a power law65. In
general terms, the regularity he found (often referred to as Wright’s
law) suggests that the time needed for an organization to formulate
the n-th attempt, tn, decreases with the number of previous attempts
as a power-law: tn/t1 ~ n−γ, where γ is the learning rate. Since Wright’s
finding, this law has been used to empirically measure performance
improvements in diverse manufacturing processes66.

A recent study67 highlights the importance of learning from fail-
ures by examining successful and unsuccessful attempts across dif-
ferent fields, including grant applications submitted to the National
Institutes of Health (NIH), startups seeking an initial public offering
(IPO), and security settings. In each case, the penultimate attempt
before a success are notably better than the first, indicating that
improvement, not luck, is often at play, which is consistent with the
learning theory.

However, the learning theory is contested by two major obser-
vations. First, Wright’s law only holds for individuals who eventually
succeed. Theperformanceandefficiencyof thosewhodonot succeed,
which includes a substantial portion of the population, do not improve
over time (see Fig. 4). Second, failure streaks are longer than expected,
following a fat-tailed distribution, which suggests that individuals may
get stuck in suboptimal strategies. These surprising empirical obser-
vations can be captured by a one-parameter model in which each new
attempt aims to improve over previous efforts by generating new
components or by borrowing the best-performing components from
previous attempts. The model is amenable to an analytical solution
that unveils a phase transition between a regime of progression, in

Fig. 4 | Early signals of the failure-to-success transition. For successful grant
applicants in the NIH data (blue line), the average inter-event time between two
consecutive failures, Tn, is a decreasing function of the number of early failures, n,
as predicted by Wright’s law. This means that it takes less time for the applicant to
formulate a new attempt, i.e., the applicant is in the progression regime. Unsuc-
cessful applicants, however, do not follow Wright’s law (orange line). The sig-
nificant difference between the two lines can be leveraged to make accurate
success vs. failure predictions in science and entrepreneurship. Data from67.
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which performance improves over time according toWright’s law, and
a regime of stagnation, in which individuals do not learn significantly
from past mistakes and, consequently, their performance score
experiences saturation67. Thismodel allows for accurate out-of-sample
success vs. failure predictions by analyzing only the distribution of
individuals’ inter-event times in the early phase of their careers67.

Despite these findings, our understanding of failure and its rela-
tionship with success remains limited. Researchers have begun to
consider the causal link between early setbacks and future career
outcomes. A recent study finds, for example, that junior NIH grant
applicants whose proposals fell just below an arbitrary funding cutoff
outperformed those whose proposals fell just above it in the long-
run68. One potential explanation of these findings is a screening
mechanism, where early-stage failure may screen out less determined
individuals. But, evidence suggests that the performance boost asso-
ciated with failure appears to go beyond this explanation68, echoing
Friedrich Nietzsche’s adage, “what does not kill me makes me
stronger"69. Empirically, these findings are consistent with patterns
observed in resubmission of rejected manuscripts70 as well as psy-
chology research that shows that failure may teach valuable lessons
that are hard to learn otherwise71 or may motivate individuals to
increase their efforts in future endeavors72.

Overall, these findings substantially inform the ensuing debates
about whether great success truly reflects great
potential2,22,37,38,53,55,63,73,74. Indeed, one of themost consistent findings in
social and behavioral sciences is that past success is a strong predictor
of future success (See above Section: “Success breeds success”). While
these success-breeds-success dynamicsmay channel resources to high
performers, they also typically foster “winner-take-all” systems,
exacerbating inequities. Understanding the link between failure and
achievements therefore has profound implications not only for
resource allocation but also for the nurturing and broadening of
potential talent pools.

Temporal effects
This section reviews patterns and mechanisms associated with varia-
tions in success over time, which include temporal changes in the
reception of a product, aswell as changes in the creation and reception
of cultural products over a creator’s career.

Aging of ideas and products
Time plays an important role in the success of both products and
careers. How does success change over time? Howmuch successwill a
product or an idea accrue throughout its lifetime? Can we achieve
accurate early-stage predictions from initial signals? The answers to
these questions are relevant to diverse decision-makers, as early-stage
success predictions for new products and services often inform
resource allocation decisions75. For example, early detection of sig-
nificant technologies is key for firms’ and investors’ R&D investment
decisions76, and early detection of viral content in online domains is
critical to preventing the diffusion of misinformation77.

There is a long history of studying temporal patterns in the col-
lective adoption of new products and technologies in the innovation
diffusion literature17,18. The Bass model17, for example, describes
changes in the success of new products over time and shows that the
adoption of a new product tends to start slow, increase rapidly, and
eventually reach saturation as the entire market is captured, resulting
in an S-shaped diffusion curve17,18. While this seminal model offers a
parsimonious description of diffusion curves, it has unrealistic fea-
tures, which has motivated researchers to leverage large-scale, time-
stampeddata to characterize temporal patterns in the adoption of new
products more accurately.

Recent research focuses onhow the successof ideas andproducts
decays over time, departing from the Bassmodel’s framework1,49,50,59,78.
These studies cover the temporal decay of success for a remarkably

wide range of products, including tweets and memes on Twitter and
similar social media platforms79, YouTube videos80, books1,35, scientific
papers and patents49,59,81, and new technologies82. Most of these works
focus on empirical observation and modeling the aging effect49,59,81,
defined as the tendency of older items to accrue new adoptions at a
slower rate than newer items. Conclusions regarding the functional
shape that best captures the aging effect vary by context, but the
temporal functions that describe how success decays generally con-
verge in the long run, suggesting that it is possible to predict a pro-
duct’s ultimate level of success1,49,60.

Within almost every domain, however, there are notable excep-
tions that defy aging effects and exhibit distinct temporal dynamics. In
science and technology, for example, there are “sleeping beauties"
–papers83 or patents84 – that experience a new surge in citations after a
long hibernation period of weak or moderate attention. These awa-
kenings could be due to interest from a different research community
or, in the case of application-oriented papers, the first citations by
patents85. Analyses of millions of manuscripts indicate that sleeping
beauties are widespread across the sciences, as revealed both by
citation data86 and online attention received by papers87. Exogenous
influences may also affect the temporal patterns of success, causing
bursts and sharp peaks of interest in specific products, as shown in
online domains80, book sales35 and academia88.

Like fitness, temporal effects counterbalance older products’
advantages due to success-breeds-success dynamics. Researchers
have developed flexible models that integrate aging effects with these
fitness and the success-breeds-success dynamics, applying them to
describe the full success lifecycle of products across different
domains, ranging frommarketing18 to science89 and cultural domains1.
These models enable accurate long-term predictions based on early
success trajectories1,49, but this concept remains largely under-
explored, highlighting an interesting direction for future research.

Career lifecycles
Temporal effectsmatter not only for the success of ideas and products,
but also for the success of individual careers. One of the primary
questions related to career success asks when individuals do their
greatest work. This question has important implications for institutions
that aim to select and nurture talent. In academia, for example, early-
stage researcherswhohave not yet produced their highest-impactwork
may be underestimated, which could potentially lead to less funding or
discourage them from continuing on the academic career path.

While the timing of career success is necessarily domain dependent,
research reveals reproducible patterns across a diverse set of careers. It is
commonly held that young minds are most likely to produce ground-
breaking work. In fact, Einstein once remarked, “A person who has not
made his great contribution to science before the age of thirty will never
do so”2. However, younger individuals may lack elements that facilitate
career success, including specialized knowledge that requires time to
acquire90, strong reputations91, social capital47, and experience92. The
economics literature has consistently reported an inverted U-shaped
dependence of an individual’s success on their age. Although the precise
position of the curve’s peak depends on both context and historical
periods93, its presence is ubiquitous across diverse domains93,94.

A pessimistic interpretation of this curve is that individuals
become less likely to produce groundbreakingwork as they age, which
is analogous to the aging effects in new product diffusion described
above. However, recent observational results challenge this perspec-
tive by demonstrating that any piece of work in a given individual’s
creative career–from scientific papers95 to movies, books, and
music20,96–has the same likelihood of becoming their most impactful
work. Dubbed the random impact rule95, this apparent lack of reg-
ularity provides empirical support to previous theories of creativity
and innovation, such as Simonton’s idea9 that creative outputs
throughout a career have equal odds of success. This observation can
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be reconciled with the widely-observed inverted U-shaped relation
between individual success and age by noting that as individuals age,
they tend to become both less successful and less productive.
Productivity–rather than age–may, therefore, drive success: A skilled
individual’s likelihood to create a hit may remain high as they age as
long as they keep producing2,89.

Research also indicates that productivity does not entirely explain
the success of individuals’ works. A recent study finds that an indivi-
dual’s highest-impact works in science, the movie industry, art20, and
social media97 are often clustered in close succession, occuring in a
“hot streak". Reminiscent of the controversial idea of “hot hands" in
professional sports98, these bursts of successful creative activity tend
to be uniformly distributed during a career, consistent with the ran-
dom impact rule, and they are not characterized by increased
productivity20. Yet, hot streaks can be recognized at their onset. In
show business, a supervised machine learning algorithm can capture
signs anticipating an actor’s annus mirabilis–their best career
year–with up to 85% accuracy99.

The ubiquity of the hot streak phenomenon across diverse pro-
fessions has inspired research to determine themechanisms that drive
it. Recent findings on scientific and artistic careers21 indicate that the
onset of hot streaks is associated with detectable patterns of
exploration and exploitation. Before a hot streak, individuals tend to
explore a wide range of topics. Then, at the onset of their hot streak,
they focus on a restricted set of topics and styles21. Moreover, recent
theory hypothesizes that both the timing and the sustainability of
creators’ success may be influenced by their early exploration
patterns100. In particular, the novelty and variety of the products
creators create before their first big hit may positively influence their
likelihood of achieving subsequent hits. High novelty in a creator’s
early works, though, might be associated with a lower likelihood of
generating a first big hit, which suggests an early-stage risk-return
tradeoff associated with novelty. Empirical evidence on US singers
confirmed these hypotheses100, which might be further tested and
refined by future studies in other domains.

Network effects
The temporal evolution of both career success and new product dif-
fusion necessarily depends on the underlying structure of relevant

social and economic networks. Network effects operate in both crea-
tion and reception processes. In reception processes, the structure of
the relevant social networks of potential adopters affects the large-
scale adoption and success of new ideas, products, and behaviors (see
Section: “Simple vs. complex contagion”). In creation processes, the
structure of the social networks around an individual creator affects
the success of her career (see Section: “Social ties that influence career
success”), and the internal structure of a team influences its success
(see Section: “Team structure and success”).

Simple vs. complex contagion
Success-breeds-success, fitness, and aging effects are powerful con-
cepts for modeling and predicting the aggregate dynamics of success
across diverse domains. The literature indicates, however, that to
engineer the success of new products and behaviors, interpreted here
as achieving their large-scale adoption, modeling and predicting the
aggregate dynamics are insufficient. Social networks of inter-
connected potential adopters also have a significant influence on the
adoption process due to various social contagion mechanisms that
affect how information flows in social networks and how an indivi-
dual’s adoption choices influence peers’ choices, including network
externalities, social learning, normative influence, and direct inter-
personal communication or word-of-mouth (see101–103 for comprehen-
sive reviews). These social contagion mechanisms imply that the
success dynamics of a new product or behavior can be described as a
spreading process through the social networks of potential adopters.
This description motivates multiple policy-relevant questions, includ-
ing: Which network structures facilitate or impede the spread of a new
product, idea, or behavior? In a given social network, which nodes
should be targeted first to initiate the spread of a new product or
behavior?Howcan a fast-growing spreadingprocess, such as the large-
scale spread of dangerous misinformation, be slowed?

Many observers draw analogies between the spreadof viruses and
the spread of ideas, products, and behaviors through social contacts.
This analogy to pathogen contagion, however, has been heavily con-
tested in the literature. The key insight lies in the fundamental dis-
tinction between simple and complex contagions3,104. Biological
viruses spread through simple contagion in which a single exposure to
an agent can be sufficient for transmission to occur58. This mechanism

Fig. 5 | Which network structure favors the large-scale adoption of a new
product or behavior? The right-side, low-diameter network features long ties that
connect otherwisedistant nodes (e.g., the red tie). The presenceofmore long ties is
associated with a lower diameter (i.e., a smaller average distance between the
nodes, which implies the small-world property58) and lower clustering (i.e., lower
tendency of an individual’s social contacts to be connected). By contrast, long ties
are absent in the left-side, high-diameter network. Our intuition and the properties
of epidemic spreading processes108 suggest that an idea, product, or behavior

would spread faster and farther in the right-side network. While this intuition is
correct for simple social contagions, it is not supported for complex social con-
tagions, i.e., adoption processes in which multiple exposures to a new behavior or
product are required before an individual adopts. Complex contagions, such as the
adoption of health-related behaviors, spread more effectively in the left-side net-
work, as demonstrated both theoretically107,119 and experimentally109. Data from
[Centola, D. The spread of behavior in an online social network experiment. Science
329, 1194-1197 (2010). https://doi.org/10.1126/science.1185231].
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also applies to the spread of information (e.g., news, Twitter hashtags,
and memes) concerning conversational topics105, online misinforma-
tion, and fake news5,106. By contrast, complex contagions require social
reinforcement: an individual must have multiple exposures to an idea
or a behavior to adopt it107. Complex contagion more accurately
describes spreading processes that require individuals to make a
substantial personal investment due to the costs or risks involved,
including reputational or social risks (e.g., the riskof being alienatedby
a social circle for adopting a political position), personal risks (e.g., in
social protests), and personal effort3,104. Empirical evidenceof complex
contagion has been found for the adoption of health behaviors, online
social platforms, new technologies, tweets and hashtags related to
political views and controversial political behavior, and social move-
ments and political protests – see104 for an extensive review.

The distinction between simple and complex contagions helps us
understand which network structures may facilitate or impede the
large-scale adoption of a new idea, product, or behavior (Fig. 5). The
spreadof simple contagions is highly effective in small-world networks
where long ("structurally weak") ties reduce the average distance
between pairs of nodes108. By contrast, the spread of complex con-
tagions is more effective in highly clustered networks (where a node’s
social contacts tend to be connected as well), even if the network has a
larger diameter and contains fewer long ties. Low clustering and long
ties, therefore, are only conducive to success for simple contagions;
they can stifle the spread of complex contagions107,109 because clus-
tering is needed to form bridges that are wide enough to enable a
sufficiently fast social reinforcement107,110.

This distinction is also relevant to the “influencemaximization" or
“seeding" problem, i.e., the choice of the best subsets of network
members with whom to initiate the spread of a new idea, product, or
behavior in order tomaximize the likelihoodof large-scale adoption103.
The idea that a few influentials may have a disproportionate effect on
spread has inspired a series of studies on social hubs, trendsetters,
influencers, and influence maximization in computer science111, man-
agement science103,112, and network science113, among others. Across
these diverse domains, researchers have developed various network-
based algorithms to identify effective influencers and, in some cases,
validate them via simulations under different scenarios113 and field
experiments4,112,114. Sometimes, however, greater spread is instead
achieved by building a critical mass of easily influenced people rather
thanby targeting a fewcentral influencers115–117. Recent theory indicates
that for complex contagions, a critical mass can be built not by tar-
geting the social hubs, but by targeting network locations that are
traversed by wide enough bridges, which provide the level of social
reinforcement needed for the transmission of complex contagions118.

Overall, the concept of ideas and behaviors spreading throughout
social network structures is incredibly nuanced. The dichotomy
between simple and complex contagion demonstrates that a network
topology or influence maximization strategy that facilitates the suc-
cess of simple contagion processes can doom complex contagion
processes to failure3. The interdependence of network structure,
contagion type, and diffusion success makes the design of effective
interventions to maximize or prevent spread a formidable challenge.
The persistence of misinformation and the difficulties faced by public
health policies during the COVID-19 pandemic serve as a prime
example of this challenge. Future research may increasingly focus on
network experiments, which could systematically validate theoretical
predictions of spread patterns conditional on network structure and
the underlying contagion mechanism.

Social ties that influence career success
Social networks are relevant not only for the spread of new products
and behaviors, but also for the success of individual careers. This long-
standing realization has motivated several interrelated questions:
Which networkpositions and social ties predict and influence themost

career success? For a given individual, what are advantages and dis-
advantages of different network positions? In what circumstances are
certain network positions preferable?

Pioneering work by Granovetter14 shows that people are more
likely to find higher-level managerial jobs through personal contacts
than through advertisements or job applications. And surprisingly, the
contacts most useful for finding a job are not one’s strong ties – close
friends or family. Rather, they are acquaintances – the more distant
relationships known asweak ties.While strong ties tend to have similar
knowledgebases and thoughtpatterns,weak ties canprovide access to
novel information by bridging otherwise disconnected social spheres.
Burt’s structural hole theory is tightly related to this idea. It posits that
“broker” or “bridge" individualsmay benefit fromoccupying structural
holes to connect otherwise disconnected communities15 (see Fig. 6).
This position allows them to potentially provide these communities
with more diverse and locally-scarce information, placing them in a
unique position to recombine existing knowledge and develop inno-
vative ideas15,119.

Managing the opportunities provided by weak ties and bridging
positions, however, comes at a cost. Because of the additional effort
needed to bridge disparate groups, serving as a broker can be a risky
and time-consuming endeavor120. Moreover, weak ties are not neces-
sarily more effective than strong ties in achieving information advan-
tages and successful outcomes. For example, strong ties are often
more effective for transmitting complex knowledge121, e.g., through
mentor-protégé ties122,123; stronger ties tend to carry more influence
than weaker ties124,125; and ties of intermediate strength may be most
effective ones for information transfer126. Strong ties embedded in a

Robert

James

Fig. 6 | Which network position favors individual success? Consider the illus-
trative social network structure depicted here, where the nodes represent indivi-
duals and the gray lines represent their social ties. According to Burt’s structural
hole theory120, Robert (rednode) ispositioned asabroker, ashe connects otherwise
disconnected network communities through structurally weaker ties (i.e., ties to
people with whom he shares relatively few social contacts). James' ties (orange
node) are structurally stronger and embedded within a cohesive community.
Recent works have leveraged large-scale datasets and digital experiments to
understand the circumstances in which weak or strong ties are more beneficial to
the individuals' information advantages and economic outcomes, and to measure
the causal effects of tie strengths on successful job transmission (see main text).
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cohesive network, then, may also lead to the success of individuals,
teams, and organizations124,127.

Recent studies6,128,129 have explored the conditions under which
we can expect weak vs. strong ties to offer individuals the greatest
benefit in terms of information advantages and economic outcomes,
such as project completion128, landing new jobs6, and achieving eco-
nomic prosperity130. These works find that information from structu-
rally weak (or long) ties–those that connect people who share few
mutual social contacts–is more diverse and locally-scarcethan infor-
mation from structurally strong ties129. This information, though, also
arrives at slower rates, as the frequency and volume of interactions
with weak ties tend to be lower128 (see130 for exceptions). This “diver-
sity-bandwidth tradeoff"128 raises questions concerning the novelty of
the information that strong and weak ties deliver over time. Recent
theory and observational findings suggest that the answer depends on
properties of the information ecosystem in which the individual
operates. Weak ties are more beneficial in environments with fewer
topics, slowly-changing information, and high heterogeneity in the
information individuals possess128. Here, the definition of novelty
matters, as well. Strong ties delivermore novel information in terms of
diversity and non-redundancy, but weak ties tend to deliver more
unique information (i.e., information that is more distinct from that
delivered by other social contacts)129. In terms of economic outcomes,
recent population-scale observational evidence indicates that indivi-
duals who exhibit structurally weak ties with high bandwidth tend to
have higher levels of economic prosperity130.

While these studies rely on observational data, a recent experi-
mental study6 provides the first causal link between tie strength and an
individual-level economic outcome: successful job transmission.
Transmission is assumed to occur when a user reports working for a
company where their social contact (established more than a year
before) has already reported working for more than a year. Multiple
large-scale randomized experiments on LinkedIn reveal that moder-
ately weak ties–not the structurally weakest or the strongest ties–lead
to the highest job transmission probability6.We expect future research
to include more experimental studies to systematically validate theo-
retical predictions regarding the relative advantages of weak vs. strong
ties and other characteristics of an individual’s network for informa-
tion advantages as well as various performance and labor market
outcomes.

Team structure and success
Network structures affect not only individuals’ career success, but also
the whole network’s success. Research on team success illustrates this
point particularly well. A team can be viewed as a network of indivi-
duals that achieves certain performance outcomes through a group
interaction process13. In the wisdom of the crowd literature, for
example, participants team up to solve estimation tasks131; in science
and R&D teams, researchers team up to solve scientific and techno-
logical problems89. The resulting collective dynamics of interactions
can lead to the emergence of a collective intelligence – as first pro-
posed by Spearman at the beginning of the 20th century132 – which
does not correlate with the average or maximum intelligence test
scores of the team’s individual members, but is associated with reci-
procity, social sensitivity, and the presence of women133. Importantly,
viewing the team as a network of interacting members suggests that
structural features of the interactions network could predict team
performance, which is observed in contexts as diverse as sports134, task
solving135, and management136.

Is there an optimal team network structure? In the early 40s,
seminal experiments by Leavitt135 provided evidence that centralized
network structures outperformdecentralized structures in task solving.
Yet, subsequent studies showed that for success dimensions related to
complex problems and environments (e.g., financial trading perfor-
mance and scientific innovation), decentralized networks tend to

outperform centralized networks3,8,131,137,138. Centralized structures favor
rapid, top-down communication and can be highly effective for solving
simple tasks131. But for solving complex tasks, such informationally-
efficient networks tend to converge rapidly on good solutions but not
optimal ones. In informationally-inefficient networks (e.g., high-dia-
meter, high-clustering networks, see Fig.-5), the team members have
lesser exposure to the ideas and solutions developed by others. Con-
sequently, they explore the solution spacemore widely and, as a result,
are more likely to discover optimal solutions, as demonstrated both
theoretically139 and, more recently, experimentally8. Similarly, in colla-
borative creative environments, informationally-efficient small-world
structures can be beneficial to promote creative flows between indivi-
duals and positively affect financial and artistic success in collaborative
tasks, but only up to a threshold beyond which the effect is reversed140.

Interactions’ specifics and characteristics can also affect team
performance. For example, a recent experimental study on collective
estimation tasks7 found that two adaptive interaction mechanisms,
namely network plasticity (i.e., whether a given team’s members are
allowed to alter their connections) and feedback (i.e., whether the
participants receive feedback on the accuracy of their own and others’
estimates) can improve team performance. The emotional load of
interactions can alsoplay a role, as revealed by a recent study on teams
in escape rooms141. The relative importance of teams’ structural and
interaction-level properties for team success is a promising direction
for future research, which could benefit not only from traditional
network analysis131,134, but also from novel methods to characterize
higher-order network interactions142.

Identity effects
At the heart of most research on success lies the sobering recognition
that our societies present many departures frommeritocracy. Identity
and demographic characteristics impact success, and this effect can, in
turn, influence outcomes at the scale of groups and institutions. The
literature on the link between success and identity faces the puzzling
dilemma that diversity is essential for solutions to the complex pro-
blems that knowledge-based economies face143–147, and yet identity
effects are typically taxing for under-represented individuals. For
example, while experiments have found that the presence of women is
associated with increased group intelligence133 and gender diversity is
linked to improved team performance146, women still face a pay
gap148,149. Moreover, a longitudinal study in Britain, Germany and
Switzerland has suggested that this disadvantage in earnings can
trickle down to penalize entire domains where women are in the
majority150. A recent survey of US professionals in science, technology,
engineering, and mathematics (STEM) indicates that several intersec-
tional gender, race/ethnicity, sexual identity, and disability status
categories are often further disadvantaged, achieving less social
inclusion, fewer career opportunities, and reduced rewards than both
heterosexual men and women without disabilities151. Substantially
more work is, therefore, needed to uncover the impact of various
aspects of identity suchas race andethnicity152–154, sexual orientation155,
and disabilities156 on success.

A new body of research investigates the role of gender in success,
making this aspect of identity arguably the best understood to date
and a cornerstone in providing methodologies for studying identity
effects more broadly. Research shows that women receive less
recognition for their achievements157,158, which may further penalize
them, especially during hiring processes that may already be char-
acterized by a subtle gender bias159. Women scholars have been shown
to receive fewer awards, such as Nobel Prizes160. When women do
receive an award, the prize may be associated with less money and
prestige, as has been documented in the biomedical domain161. These
large-scale empirical findings complement seminal work on the so-
called “Matilda effect",whichdescribes a hesitance to acknowledge the
achievements of women scientists and a tendency to credit men
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instead162. Women employees163 and scholars164 are less likely to be
promoted than men, often facing a glass ceiling in success. These
disparities hold in traditionally male-dominated areas, such as STEM
fields and upper management, as well as in areas with relatively better
female representation, such as physiology, language and behavioral
sciences164. Inequalities in recognition persist in online spaces as well –
e.g., in the online dissemination of scientificwork165,166 – indicating that
new platforms and intelligent technologies will not level the playing
field without additional system-level interventions.

Complex environments, imbalanced representation, and the need
for unique success strategies are likely reasons why women perceive
failure more negatively, as found by a survey study with academics153.
This study shows that scientists across four intersecting categories of
gender and race/ethnicity receive unprofessional peer review com-
ments equally often. However, traditionally underrepresented groups
in STEM fields are most likely to perceive the negative impacts of such
feedback on scientific aptitude, productivity, and career
advancement153. While this research focused on the perception of
negative feedback, other works investigated women’s perception of
negative stereotypes. Beliefs that raw talent is required for success can
make women vulnerable to negative stereotypes, which could explain
why academic fields believed to require brilliance have lower female
representation167. More alarmingly, stereotypes regarding men’s bril-
liance are familiar even to six- and seven-year-olds168, indicating that
misguided ideas about the intellectual abilities ofmen andwomenmay
hold back girls’ aspirations and future success.

Some gender inequalities, such as the gap in productivity, dis-
appear once career length is taken into account169–171. Women are
typically active in the workforce for shorter periods than men, which
explains their lower output. However, these shorter careers are, in
many cases, not driven by personal choice. Women age out of the
movie and music industries, for example, faster than men99,172. This
insight highlights the importance of understanding the factors that
could better embed women in the workforce and position them for
long-term success.

Differences in productivity and prominence can also be explained
by collaborations173, making professional networks key for success.We
have described above how networks can help individuals access new
information and resources, which could improve career possibilities.
However, women face unique challenges in networked labor markets.
Empirical evidence from the US film industry indicates that when
women work in dense, cohesive networks, they have lower chances of
career success thanmen174. The same study also shows that this gender
disadvantage is not present when women are allowed to cooperate,
throughout their career, in more open and diverse networks. A pos-
sible reason is that in cohesive networks, women are more likely to be
constrained by gender-homophilous ties (i.e., connections with other
women)174. This homophily is typical both in traditional organizational
networks and platform-mediated collaborations175–177. However,
induced homophily (due to structural or institutional segregation) and
choice homophily (due to personal preferences), are associated with
different success outcomes for women178. Since women typically hold
lower-status positions and have less access to key decision-makers,
induced gender homophily canparticularly disadvantage them174,179. At
the same time, choice homophily can be helpful in providing gender-
related tacit knowledge as long as it is supplemented by diverse weak
ties spreading job market information180.

Given these intricacies in group dynamics, women leverage their
team memberships differently. Gender-balanced teams often outper-
form gender-homogeneous ones, as shown by field experiments on
management tasks146, observational data from academia147, and
laboratory experiments on diverse tasks133. Proposed reasons why the
presence of women can improve team performance include their
greater social sensitivity, interpersonal orientation, and egalitarian
behaviors, which together improve the team’s collective

intelligence133,181. Notwithstanding this evidence, extensive manage-
ment literature documents difficulties with leveraging gender-
diversity in teams when in-group bias exists182. Additionally, biased
self-assessmentmay influence the likelihoodof success. For example, a
survey study in a governmental agency found that gender and racially
diverse teams rated their performance less favorably than homo-
geneous teams, even when ratings by external examiners showed no
significant difference183. Overall, empirical evidence indicates that the
effect of gender diversity on team performance depends on both the
organizational context and personal perceptions181,183, which points to
the importance of building inclusive work environments184,185.

Teamwork can also involve an unequal allocation of credit among
members. Empirical evidence from the academic field of economics
indicates that while men and women who solo-author most of their
papers exhibit similar career outcomes, co-authored papers are more
strongly associated with successful career outcomes for men than for
women157. Experimental evidence suggests that this effect might be
due to stereotyped credit attribution186. Further, articles written by
female authors are more likely to be omitted from a reference list187.
Taken together, the above findings indicate that women must often
navigate a more complicated landscape to achieve success.

Inequalities in success and their structural underpinning in net-
works and teams suggest that the gender gap in success is unlikely to
close in the near future. In fact, the COVID-19 pandemic reversedmany
of the earlier advances thatmade the playing fieldmore level. After the
pandemic, millions of women dropped out of the workforce
globally188, with the greatest numbers among women with young
dependents189. More research and interventions are needed to bring
greater awareness to this challenge. Identity-based disparities in suc-
cess outside of binary cisgender norms and in terms of race, ethnicity
and disability are likely to be evenmore pronounced, calling for future
work in this critical area.

Outlook
Taken together, this review highlights how key dimensions of success
can be understood as collective phenomena emerging from interac-
tions of interconnected individuals. By viewing success through a
complex systems lens, we can better understand its dynamics and
underlying mechanisms. While our focus has been on aspects of suc-
cess linked to collective dynamics, as illustrated in Fig. 2, other areas—
such as individual psychology and performance, consumer psychol-
ogy, and qualitative research in management science—remain outside
the scope of this review. Future research could integrate this vast body
of literature with the effects reviewed here.

This review details remarkable regularities and predictive insights
that, in some cases, can be generalized across domains. It also high-
lights studies that have challenged the generality of long-standing
paradigms by revealing important contextual factors that delimit their
validity boundaries. For example, the canonical view that social hubs
facilitate the large-scale adoption of new products and behaviors–in
the same way that they act as superspreaders of infectious
diseases–does not hold for complex contagions that require social
reinforcement115,118. The informational advantages from both weak and
strong social ties are more nuanced than they first appeared and
depend on the context in which the individual is embedded6,128,129.
Similarly, the common belief that early successes are more likely than
early failures to lead to later success does not always hold, especially
when individuals learn from failure and improve their efforts67,68. The
contextual factors in these examples challenge the notion that there
might be some universal recipes for success. This realization does not
imply that no useful theories can be built, but – akin to other social
phenomena190 – it calls for more research on understanding the scope
and boundary conditions for various theories of success.

Among the contextual factors that affect success, cultural and
geographical differences may be important to explore in future
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research. Marketing scholars have long understood that the spread
of new products and behaviors varies significantly among countries
– even for the same products – which has been explained by both
cultural factors and economic factors101. In a different stream,
organizational behavior research find that cultural differences
affect individuals’ definitions of career success191, as well as the
correlates of career success192. The managerial literature on multi-
cultural teams reports that cultural diversity improves team crea-
tivity and problem-solving ability even though it may also cause
misunderstanding, undermine trust, and increase conflict193. Future
research could integrate cultural considerations into the insights
reviewed here.

Other essential directions for future research include work on
inequality, interventions, and algorithms. While strong regularities
such as success-breeds-success effects and systematic biases may
facilitate accurate predictions, these phenomena may also lead to
greater inequality and undermine the relationship between success
and merit. We need additional research on inequality to learn more
about the link between success and demographic differences, includ-
ing gender, race, ethnicity, nationality, age, and class, in various set-
tings where these factors could play a role. Future research could
further improve our understanding of the economic and ethical
importanceof tackling issues of social inequality, whichwill help frame
discussions aimed at bringing pressing, inequality-related problems to
policymakers. For instance, we need to systematically uncover biases
against ideas that primarily benefit historically disadvantaged
groups194. A great deal of work also remains on developing approaches
to mitigate social inequality in traditional as well as AI-mediated
settings.

Interventions present another promising avenue for research on
success, raising key questions: Canweuseour research insights to help
ideas, people and organizations succeed? Can we apply our insights
about success through large-scale field experiments to facilitate better
outcomes for individuals and teams and for the ideas and products
they create? Although such experiments pose logistical challenges and
carry potentially significant ethical concerns due to unintended con-
sequences, the benefits could be substantial. Indeed, these experi-
ments could not only improve the causative interpretations ofmany of
the insights about success reviewed in this article, but also facilitate the
design of more diverse, inclusive, and sustainable social systems in
which individuals have the same opportunities to succeed regardless
of their gender and socioeconomic status; sustainable behaviors
constitute established social norms; and ideas are judged based on
their merit and not the prestige of their creators and their institutions.
Research progress in this direction could especially help traditionally
underrepresented groups and those in developing regions of
the world.

More research is also needed on algorithms and their long-term
implications. Increasingly, success is shaped by algorithms across
many domains, and these algorithms are growing more and more
sophisticated. Algorithms can introduce new biases that are difficult
to detect. We need to better understand how algorithms influence
success to ensure fairness and inclusion195. Algorithm sophistication
is not the only problem. In performance evaluation and ranking, even
simple metrics, when applied acritically, may cause unintended
strategic behavioral responses by individuals. In academia, for
example, the use of citation-basedmetrics in research evaluation has
been associated with questionable practices196,197, such as self-
citations by individuals196 and journals198, citation cartels199, and
predatory publishing197. Behavioral responses to the deployment of
metrics for decision-making can not only invalidate the metrics as
good proxies for individuals’, teams’ and organizations’ perfor-
mance, as predicated by Goodhart’s law200, but they can also stifle
originality and collective progress201. Understanding ways to prevent
the unintended consequences of quantitative evaluation algorithms

represents a complex research challenge, which requires further
cross-disciplinary efforts.

Finally, this review has focused primarily on well-established
dimensions of success, driven by the overall direction of the literature.
It has not addressed the normative question of how success ought to
be defined for individuals and society more broadly. In academia, for
example, publication in leading journals is viewed by some as a mea-
sure of success. Yet, evidence from academic papers in political sci-
ence finds that leading journals publish women-dominated topics at
lower rates than they do for man-dominated ones202. Further, data on
US PhD recipients between 1980 and 2010 indicates that women
studying topics associated with women have fewer career
opportunities203. While reducing gender biases represents an impor-
tant step toward a more equitable society, aligning success with merit
remains challenging, partly because the quantification ofmerit is often
elusive. Definitions of merit based on an individual’s talents and skills
may neglect the extent to which the individual uses her talents for
actions that have positive consequences for the system204. On the
other hand, definitions based on the outcomes of an individual’s
actions depend on evaluations of success and failure, which do not
always reflect societal values and can potentially perpetuate
inequalities204. Some studies have already started identifying the con-
ditions under which we see a decoupling of merit and success–e.g.,
through agent-basedmodels and experiments53,63– suggesting ways to
prevent those conditions. These studies, however, rely on simplified
scenarios in which a single dimension of merit is clearly identifiable,
which is rarely the case in real social systems. More research is needed
to understand how to align success, merit, and societal values, ulti-
mately creating more equitable societies.

In the long run,we envision that these effortswill shift the focus of
success research from understanding and predicting success to
designing more effective, sustainable, diverse, and inclusive social
systems. Achieving this vision will require researchers from diverse
fields to collaborate and integrate a wide range of ideas and meth-
odologies. Such collective work could pave the way toward social
systems where success better reflects quality, talent, and societal
values–and where everyone has equal opportunities to flourish,
regardless of their backgrounds.
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