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ABSTRACT
This study addresses a central paradox of modern science: despite the global expansion of 
collaborative research, a substantial proportion of scholars continue to pursue individual 
publication strategies. We conceptualize academic coauthorship as an evolutionary game 
shaped by institutional incentives, competition, and hidden conflicts of interest. Large-scale 
scientometric analysis, game-theoretic reasoning, and agent-based modeling are combined 
to investigate strategic publication behavior. Using publication data from 170 Russian research 
organizations (11.8 million publications), authorship patterns are operationalized as three 
strategic types: Solo (≈30-32%), Hierarchical (≈55-60%), and Cooperative (≈9-10% at the 6+ 
authors threshold). Evolutionary dynamics are then simulated under varying institutional 
pressures. Simulations reveal a structural trade-off between individual productivity, network 
visibility, and susceptibility to exploitation. In the absence of external institutional incentives 
that reward publication efficiency alongside citation gains generated by collaborative visibility, 
cooperative strategies are not sustained, and the system converges toward Solo dominance. 
Hierarchical strategies emerge as a resilient intermediate form balancing network benefits 
with control over authorship. The calibrated model reproduces the empirical distribution with 
high accuracy (MSE=0.00058 on an independent 2026 validation sample of 446 organizations). 
Findings are specific to the Russian institutional context and require cross-national replication. All 
170 organizations are weighed equally regardless of publication volume. Future research should 
include longitudinal validation as well as cross-disciplinary analyses of strategic distributions 
within research organizations. Recognizing this strategic plurality is crucial for research evaluation 
policies, which should avoid the uniform promotion of collaboration and instead consider the 
adaptive value of diverse authorship strategies. This paper presents one of the first calibrated 
evolutionary agent-based models of academic coauthorship at the organizational level using 
large-scale Russian scientometric data.

Keywords: Academic co-authorship, Agent-based modeling, Collaboration networks, 
Cooperative strategies, Evolutionary game theory, Scientometrics.

INTRODUCTION

The Persistence of Individual Authorship in 
Collaborative Science
Authorship in academia is traditionally viewed as a form of 
strategic cooperation based on mutual trust, idea exchange, 
and stable collaborations. The collective integration of efforts, 
coauthorship accelerates the production of scientific knowledge, 
increases citation rates, strengthens researchers’ reputations, 

and provides access to new resources. It is not surprising that, as 
early as the second half of the twentieth century, many scholars 
predicted the imminent decline of individual science and the 
triumph of collective work. Derek de Solla Price, in his book 
Little Science, Big Science (Price, 1963), forecasted that by 1980 
single-author publications would completely disappear. Today, 
more than sixty years later, the growth of team publications is 
indeed observed across many disciplines, particularly in the 
natural and quantitative sciences, which require the coordination 
of multiple international laboratories. This trend is especially 
pronounced in leading research centers, including top U.S. 
universities (Wuchty et al., 2007).

Nevertheless, despite the steady increase in the average number 
of coauthors per paper (Adams et al., 2005), the share of 
single-authored publications remains substantial. This share is 
particularly high in the humanities and in theoretical disciplines, 
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where individual contributions continue to play a central role. As 
noted by Leahey (Leahey, 2016), the collectivization of science 
is not a universal process: solo authorship remains prevalent 
in fields that do not depend on extensive infrastructure, costly 
equipment, or large research teams, and where scholarly value 
is determined primarily by originality of ideas and individual 
intellectual style. Thus, a paradox of modern science emerges 
despite the proclaimed superiority of collaboration, a considerable 
proportion of scholars continue to pursue autonomous strategies.

Ethical Dimensions and Informal Practices

Alongside this reluctance to collaborate at all, a growing body of 
evidence suggests that even where collaboration does occur, it 
rarely conforms to the idealized model of equitable, trust-based 
exchange - the structure of coauthorship itself bears the marks of 
strategic behavior. Empirical evidence increasingly reveals a gap 
between officially declared ethical principles and actual practices 
in academic collaboration. Scientific cooperation is embedded in 
social and economic contexts shaped by competition for limited 
resources- grants, positions, and recognition (Stephan 2012; 
Edwards and Roy, 2017) as well as by strong incentives for career 
advancement and the accumulation of scientific capital, such as 
citation-based metrics (Moher et al., 2020). These pressures have 
intensified alongside rising productivity demands.

Extreme manifestations of such pressures have been documented 
in rapidly expanding research systems. For example, investigative 
reporting from China has revealed large-scale authorship 
falsification networks involving thousands of journals and 
substantial financial turnover (Luo and Wang 2024). More broadly, 
analytical studies indicate that inappropriate authorship practices 
are widespread across disciplines and countries. Estimates suggest 
that ghost authorship affects 10-50% of publications (Cronin 
et al., 2003; Marušić et al., 2011; Stretton et al., 2012; Stretton, 
2014), while guest or honorary authorship remains particularly 
prevalent in biomedical fields, sometimes reaching very high 
levels (Gøtzsche et al., 2007; Bosch and Esfandiari, 2021).

These findings challenge the idealized view of coauthorship 
as a purely ethical and norm-governed practice. Like other 
competitive domains, academic collaboration is subject to 
strategic behavior and, at times, deception (Smaldino and 
McElreath, 2016; Grossmann, 2020). From an evolutionary 
perspective, this demystification is not exceptional: complex 
social phenomena-from mate choice and kin altruism to parental 
investment-have long been successfully analyzed as strategic 
adaptations using evolutionary theory and agent-based models 
(Hamilton, 1964; Trivers, 1972; Buss, 2015; Semenova et al., 
2023). Academic cooperation can be examined within the same 
analytical framework (Grossmann, 2020; Akbaritabar et al., 
2021).

Importantly, strategic behavior in coauthorship does not 
necessarily imply overt misconduct. Even ethically sound and 

productive collaborations involve strategic rationality and 
exchanges of scientific capital (Bourdieu, 1975; Cronin, 2001). 
Division of labor within research teams-allocation of analytical, 
writing, or managerial tasks-often reflects not only expertise but 
also investments in reputation, access to resources, and influence 
within the scientific field (Guetzkow et al., 2004; Laudel, 2001).

While such organization can enhance collective efficiency 
(“collaborative intelligence”; Wuchty et al., 2007), it also creates 
opportunities for hidden transactions, including informal 
obligations, hierarchical reinforcement (e.g., authorship order 
conventions), and systematic undervaluation of organizational 
or managerial contributions relative to intellectual (Liu and 
Fang, 2012; O’Brien et al., 2015). This coexistence of cooperative 
benefits and strategic vulnerability makes academic coauthorship 
a particularly informative “natural laboratory” (Fehr and 
Leibbrandt, 2011) for studying how cooperation persists 
under incentives for partial defection, how trust networks are 
maintained, and how institutional norms evolve in response to 
individual strategic behavior (Smaldino and McElreath, 2016; 
Petersen et al., 2014).

Game Theory and the Problem of Cooperation: 
Theoretical Tensions

To understand the reasons behind these patterns, it is useful to 
turn to game theory, which studies strategies of cooperation but 
also faces limitations in its predictions. This interdisciplinary field, 
situated at the intersection of social, biological, and mathematical 
sciences, was initially considered a promising tool for analyzing 
the dynamics of interactions in multi-agent systems. However, 
over the past decades, it has struggled with discrepancies 
between model forecasts and empirical observations. Numerous 
experimental studies of social dilemmas - from the classical 
Prisoner’s Dilemma (Axelrod, 1984) and the Chain Store Game 
(Selten, 1978) to the Hawk-Do 1t is widely believed ve  (Maynard 
Smith and Price, 1973) and Snowdrift (Hauert and Doebeli, 
2004) games, including their iterated forms - have repeatedly 
demonstrated a fundamental gap between theoretical predictions 
and actual human behavior (Camerer, 2003; Rand and Nowak, 
2013; Bear and Rand, 2016). Predictions based on replicator 
dynamics and other analytical models, which assume that Nash 
equilibrium is the inevitable outcome of rational optimization 
(Samuelson,1997; Selten, 1978; Young, 1998), have consistently 
diverged from empirical findings, especially in laboratory settings 
with low stakes (Camerer and Hogarth, 1999; Exadaktylos et al., 
2013). Participants in experiments often displayed behavior that 
appeared “irrational” from the perspective of classical theory 
- for example, a tendency toward cooperation in situations 
where defection was expected to dominate according to Nash 
equilibrium. This discrepancy has called into question the 
universality of mathematical predictions in strategic situations 
(Rand et al., 2012; Bear and Rand, 2016).



Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026 949

Semenova: Strategic Dynamics of Academic Co-Authorship

It is widely believed that human decisions are more strongly 
driven by trust (Apicella et al., 2012), intuition, emotional 
responses (Gigerenzer et al., 2011), or social norms (Capraro 
and Rand, 2018) than by the calculation of expected utility. In 
an attempt to capture these factors, models of cooperation in 
recent decades have incorporated additional variables - such as 
reputation, memory, network structure, information asymmetry, 
and sanctions - which have greatly increased model complexity. 
However, in new contexts, these games often became entirely 
unpredictable and lost their basic universality, raising questions 
about their falsifiability and actual explanatory power (Hilbe 
and Schmid, 2021). Thus, the path of complicating models to 
explain “irrational” behavior created a profound methodological 
paradox (Hilbe and Schmid 2021): while early “simple” models 
were criticized for assuming unrealistically precise calculations 
of payoffs in basic interactions (e.g., in a one-shot Prisoner’s 
Dilemma), newer, extended models effectively require agents to 
possess even more advanced cognitive abilities (Zollman 2021). 
This casts doubt on the very possibility of adequately modeling 
human cooperation within such overly complex paradigms (Bear 
and Rand, 2016; Leahey, 2006).

Academic Coauthorship as a High-Stakes Strategic 
Game

Instead of continually complicating models to explain behavior 
in laboratory games with low stakes, one productive approach is 
to radically shift the focus toward gaming environments where 
payoffs are genuinely equivalent to fitness, that is, where they have 
direct and long-term consequences for survival, reproductive 
success, economic security, or social status (Nettle et al., 2013). 
It is precisely in high-stakes gaming contexts that game theory 
could be closest to its evolutionary prototype (Maynard Smith 
and Price, 1973; Hammerstein, 2003), thereby demonstrating 
its highest predictive power, since agents are forced to act 
strategically to maximize fitness under real risk (Apicella et al., 
2012; Gurven, 2004). In sharp contrast, the vast majority of 
laboratory games typically operate with “stakes” that do not exceed 
a few hours’ wages (Camerer and Hogarth, 1999; Exadaktylos et 
al., 2013). Although such sums may be subjectively significant 
in a short-term experiment, they rarely involve existential losses 
or open life-changing opportunities (Henrich et al., 2010). 
Consequently, they fail to create the necessary incentives or 
cognitive engagement for players to act fully strategically, relying 
on a deep calculation of consequences (Cala et al., 2022; Kiyonari 
et al., 2000). This fundamentally limits the applicability of results 
from such artificial games to long-term social interactions in 
the real world, where decisions have far-reaching, life-critical 
consequences for all agents (Fehr and Leibbrandt, 2011).

Academic coauthorship closely fits the conditions of high-stakes 
interaction. The outcomes of collaborative work are permanently 
recorded in bibliographic databases and directly shape career 
trajectories and scientific influence. At the same time, publication 

opportunities for individual researchers are structurally limited: 
each article represents a scarce “slot” whose allocation affects 
professional status and access to resources.

Producing a scientific article is labor-intensive and often extends 
over months or years (SITA Publishing 2026; Luo and Wang, 
2024; Publons, 2018). Individual publication output varies 
substantially across disciplines and demographic groups (Leahey 
2006; Abramo et al., 2024; National Science Foundation, 2022). 
In many academic systems, formalized bibliometric evaluation 
links career advancement to quantitative publication indicators 
(González et al., 2012; Marzolla, 2015; University of Missouri, 
2020; Wang et al., 2023). For instance, research universities in the 
USA and Canada commonly expect faculty members to produce 
at least two papers per year in high-ranking journals (University 
of Missouri, 2020) - a widely used institutional benchmark that 
we later adopt as the baseline productivity parameter in our 
agent-based model (see Section 2.3.2). Although such systems 
often stimulate measured productivity growth (Akbaritabar et al., 
2021), substantial proportions of researchers remain marginal in 
indexed publication channels.

An additional source of high stakes is the limited duration of 
active scientific careers. Research productivity typically spans no 
more than 30-35 years, with peak output in mid-career followed 
by plateau or decline (Jones, 2010; Jones and Weinberg, 2011). As 
a result, each researcher disposes of a finite and non-renewable 
authorship resource. In the empirical dataset used in this study 
(eLidrary indexed papers), the average number of publications 
per author is approximately 20, underscoring the strictness of this 
constraint.

Under such conditions, including additional coauthors, especially 
without guaranteed reciprocity or proportional contribution - 
becomes a strategic decision. It effectively reallocates part of one’s 
limited “fitness” to potential competitors for positions, grants, and 
recognition (Wuchty et al., 2007; Sekara et al., 2018). Empirical 
studies indicate that a substantial share of scientific collaborations 
fail due to conflict and exploitation (Kale et al., 2002; Smith et al., 
2020). Academic coauthorship thus functions as a high-stakes 
“natural laboratory” (Fehr and Leibbrandt, 2011; Smaldino 
and McElreath, 2016) in which decisions about cooperation or 
exclusion directly affect productivity, career advancement, and 
the accumulation of reputational capital (Li et al., 2019; Petersen 
et al., 2012).

Despite these features, coauthorship decisions are rarely modelled 
as a multilevel strategic process, in which individual choices 
aggregate - through an explicit population-level evolutionary 
dynamic - into organization-level authorship distributions. 
One reason may be the normative framing of cooperation 
as an academic virtue associated with fairness and integrity 
(Merton, 1973; Hackett, 2005). Yet practices such as ghost and 
guest authorship reveal that coauthorship also contains strategic 
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and competitive dimensions that can undermine epistemic 
trust (Biagioli, 2022; Shamoo and Resnik, 2009; International 
Committee of Medical Journal Editors [ICMJE, 2026], Gøtzsche 
et al., 2007). This gap between normative framing and strategic 
reality is mirrored in the literature itself: existing models 
of authorship dynamics fall into two largely disconnected 
traditions. Game-theoretic and analytical models formalise 
individual-level incentives for strategic authorship - including 
credit allocation, honorary authorship, and order of names - but 
are rarely calibrated to large-scale publication data (Engers et al., 
1999; Ozerturk and Yildirim, 2025; Lazebnik et al., 2023; Shen 
and Barabási, 2014; Yildirim, 2023). Descriptive and bibliometric 
studies on the other hand document organisational authorship 
patterns - team size (Cook et al., 2015; Kenna and Berche, 2012), 
contributorship (Akbaritabar et al., 2018; Larivière et al., 2016; 
Sauermann and Haeussler, 2017), and institutional composition 
(Fortunato et al., 2018; Wuchty et al., 2007) - yet do not specify 
the evolutionary dynamics through which individual strategic 
choices aggregate into those patterns.

This reliance on game-theoretic reasoning, in turn, speaks to a 
longer-standing methodological debate over whether strategic 
behavior should be modeled as payoff-maximizing at all. In 
evolutionary biology, optimality models have been criticized 
for assuming, rather than testing, that observed traits represent 
selection-driven optima (Gould and Lewontin, 1979); defenders 
of the approach have since distinguished this strong, unfalsifiable 
use from a weaker, testable one, in which an optimality model 
is treated as one hypothesis among others about the selective 
pressures at play (Maynard Smith, 1978; Orzack and Sober, 1994). 
Human behavioral ecology has applied this weaker, testable 
logic productively to precisely the kind of high-stakes domains 
discussed above (Nettle et al., 2013).

The present study adopts the same logic for academic 
coauthorship: rather than assuming maximization, we ask whether 
an individual-level payoff structure, calibrated to institutional 
incentives, reproduces the observed organization-level 
distribution of strategies without invoking bounded rationality 
as an explanatory device, and whether the resulting equilibrium 
generalizes beyond the data used to specify it.

Objectives and Research Questions

The central puzzle motivating this study is straightforward: 
why don’t authors maximize their publication output through 
unconditional mutual coauthorship? Under the prevailing 
scientometric pressure, cooperation appears formally beneficial: 
if every member of a research group maintained a baseline 
publication rate (say, two papers per year) and systematically 
included colleagues from their immediate circle (e.g., their 
department) as co-authors, each participant's nominal 
productivity would grow proportionally to the group size. 

Accordingly, the study addresses four research questions, each 
mapped to a corresponding stage of the analysis.

RQ1: What is the empirical distribution of coauthorship strategies 
across Russian research organizations, and how does it relate to 
per-author productivity and citation impact? - addressed through 
the empirical analysis stage (Dirichlet regression on the elibrary.
ru dataset, reported in Results).

RQ2: Can the observed persistence of Solo and semi-Solo 
strategies be understood as an equilibrium outcome of strategic 
interaction under a correctly specified payoff structure, rather 
than as a departure from payoff maximization attributable to 
bounded rationality or normative constraint? - addressed through 
the game-theoretic modeling stage, in which pairwise strategic 
interactions are formalized as a payoff matrix, introducing 
plausible, empirically motivated payoffs for cooperative, 
non-cooperative, and mixed-strategy publication choices.

RQ3: Can an evolutionary dynamic, calibrated to these payoffs 
and to empirically observed institutional pressures, reproduce 
the polymorphic coexistence of coauthorship strategies observed 
in the real data, and what model specifications are required to 
replicate the observed evolutionary dynamics? - addressed 
through agent-based modeling.

RQ4: Do the simulated ternary strategy distributions converge 
with the empirical distributions when compared directly, 
and where do discrepancies arise? - addressed through the 
comparative simplex analysis (Results: Model Fit Assessment).

METHODOLOGY

Modeling Approach

This study employs exploratory agent-based modeling (Epstein, 
2008), where parameters are calibrated to reproduce empirical 
patterns and mechanisms are analyzed post hoc. We demonstrate 
that strategic payoffs combined with external pressures 
are sufficient to generate observed distributions, following 
established practices in computational social science (Smaldino 
and McElreath, 2016), where models serve as "existence proofs" 
of plausible causal pathways rather than forecasting tools.

Empirical Data

We analyzed the full publication output of 170 Russian 
research organizations as recorded in eLibrary.ru[1] (accessed 
July 10, 2025; 11,840,469 publications total). The coauthor 
distribution data were collected manually per institution via 
the organizational analytics interface, as automated scraping 
is prohibited by the platform's terms of service. Organizations 
were selected via purposive sampling (descending publication 
count, two size-based clusters, n=99 and n=71); full sampling 
criteria, exclusion rationale, and verification procedure 
(repeated extraction for ~10% of organizations, confirming close 
agreement across access dates) are detailed in Appendix A. The 
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resulting organizational-level dataset (elibrary_2025_170_org) is 
deposited in the project repository (osf.io/x523p/files/35ntq) to 
support reproducibility.

Model Fit Assessment

To assess generalizability beyond the calibration sample, we 
compared the model's simulated strategy distributions against 
an independent empirical dataset of 446 Russian research 
organizations (22,165,995 publications total) collected in August 
9-15, 2026 using the same manual extraction protocol and 
descending publication count sampling criteria, applied to a 
newly identified and substantially expanded set of organizations 
(467 identified, 446 retained after excluding those with 
Latin-script names) rather than reusing the 2025 sample. This 
dataset (elibrary_2026_446_org) is likewise deposited in the 
project repository (https://osf.io/x523p/files/arucv).

Implementation

The Agent-Based Model was developed in Python 3.9. Source 
code and additional documentation are available at the project 
repository: osf.io/x523p.

RESULTS

Distribution of the share density of publications in 
the Russian Scientific Electronic Library portal

The obtained distribution demonstrates a substantial share of 
solo authorship, accounting for approximately 30-32% of all 
publications. The frequency of publications decreases with the 
increasing number of co-authors, resulting in a right-skewed 
distribution with a long tail corresponding to large research 
consortia (15+ authors). Notably, the curve exhibits a wide 
shoulder: a pronounced peak around single authorship, 
followed by a wide and prominent second peak corresponding 
to a significant proportion of papers with a median number of 
co-authors (approximately 3-4). This second peak reflects the 
prevalence of intermediate team sizes in the Russian research 
context, while the long descending tail captures the relative rarity 
of very large consortia.

This curve can be conditionally divided into three segments that 
align with the three co-authorship strategies:

The left segment (1 author) corresponds to the Solo strategy, 
including pure single-author papers and cases where established 
solo researchers are included as co-authors in works of their 
students, postdocs, or colleagues.

The central broad segment (2-5 authors) corresponds to the 
Hierarchical strategy, characterized by a dominant peak in 
medium-sized teams.

The right tail (6 or more authors) corresponds to the Cooperative 
strategy, representing a distinct segment of the distribution 

consistent with a qualitative shift from small-group coordination 
to network-level collaboration, dominated by large research 
consortia.

In this study, these three strategies serve as ideal-typical analytical 
proxies rather than directly observable behavioral categories 
and are classified exclusively by team size. We rely on team size 
because it is the only authorship attribute consistently observable 
across the available in this study data. Direct indicators of role 
differentiation, proportional contribution, or collaborative 
intent cannot be recovered from bibliometric records. We fully 
acknowledge that team size alone cannot distinguish genuine 
hierarchical exploitation from genuine equal-footing cooperation, 
nor can it capture authors' underlying motivations.

Processing of Co-authorship Statistics Based on 
publications from the Russian Scientific Electronic 
Library portal
Compositional Data Framework and Strategic Aggregation

Given that authorship strategies are represented as proportions 
that sum to unity (Solo + Hierarchical + Cooperative=1), we treat 
them as compositional data. Standard multivariate methods are 
inappropriate due to the constant-sum constraint, which induces 
spurious correlations. We therefore employ Dirichlet regression-a 
multivariate generalized linear model specifically designed for 
proportional outcomes - to analyze how external performance 
metrics shape strategic composition.

Performance Metrics and Model Specification

Publication strategies were modeled as functions of research 
group structure and external evaluation pressures. We focus on 
two institutional performance indicators:

Citation impact: total citations divided by the number of authors, 
typically highest in organizations engaged in broad collaborative 
networks.

Productivity (Efficiency): total publications divided by 
contributing authors, maximized in organizations dominated by 
individualist strategies.

Strategy proportions ​Y = ​(Solo, Hierarchical, Cooperative)​​ were 
modeled using Dirichlet regression with a log link:

​E​[​Y​ k​​]​ = ​ 
​α​ k​​ _ ​α​ 1​​ + ​α​ 2​​ + ​α​ 3​​

 ​,   log​(​α​ k​​)​ = ​η​ k​​, k = 1, 2, 3​

where ​​η​ k​​ = ​β​ k0​​ + ​β​ k1​​ ​X​ 1​​ + ​β​ k2​​ ​X​ 2​​​, ​​X​ 1​​​ denotes efficiency (publications 
per author) and ​​X​ 2​​​ citation impact (citations per author). Each 
strategy receives its own coefficient vector ​​(​β​ k0​​, ​β​ k1​​, ​β​ k2​​)​​, estimated 
jointly via maximum likelihood (DirichletReg package, Maier 
2014). No zero values were observed in the compositional 
outcomes; observations were not weighted by institution size or 
publication volume - a simplification discussed in the Limitations.
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Statistical Results, Robustness check and 
Interpretation

Defining clear boundaries between the three collaboration 
strategies (Solo, Hierarchical, and Cooperative) is not trivial, 
especially for the transition from hierarchical to truly cooperative 
behavior. While the Solo threshold (1 author) is relatively 
straightforward and discipline-independent, the cutoff separating 
Hierarchical from Cooperative strategies is inherently heuristic 
and may vary across fields. To address this sensitivity, we 
conducted a dedicated robustness analysis by re-estimating the 
Dirichlet regression models under three alternative thresholds 
for the Cooperative category: 5+, 6+, and 7+ authors (Table 1).

Both predictors - publications per author (Efficiency) and citations 
per author (Cit/author) - exhibited pronounced right-skewed 
distributions (skewness=1.22 and 3.02, respectively). We therefore 
perform log-transformed specifications as our primary models; 
this transformation improved model fit substantially over 
linear specifications (e.g., ΔAIC ≈ 51 at the 6+ threshold) while 
preserving the qualitative pattern of associations.

We ultimately adopt the primary model with the 6+ threshold, as 
it yields a mean Cooperative publications share of approximately 
9.3%, a proportion that is neither too small to be negligible nor 
so high as to be theoretically uninformative. This threshold is 
grounded in empirical evidence on typical research group sizes: 
Cook et al (2015), surveying 398 UK principal investigators in the 
biological sciences, reporting a mean group size of 7.3 members 
(SD=4.5). Kenna and Berche (2012), analysing submissions to 
the UK's 2008 Research Assessment Exercise for the Statistics 

and Operational Research unit, report a mean group size of 
13 (30 submissions, group sizes ranging from 2 to 30) and 
estimate a lower "critical mass" of 9±3 members below which 
research groups become vulnerable to underperformance. Taken 
together, these independent estimates suggest that a threshold 
of 6 authors corresponds to at least half, and in some cases the 
full complement, of a typical research group's membership. This 
means a publication is classified as Cooperative only when it 
involves a substantial share - not merely a few - of a typical group's 
members. Setting this threshold at a minimum of 6 co-authors 
strikes a reasonable balance between theoretical meaningfulness 
and empirical realism.

The robustness table reveals several important patterns. 
Log(Efficiency) is negatively associated with the Cooperative 
strategy (β=-1.506, p<0.001), and positively associated with Solo 
(β=0.444, p=0.040), while showing no effect on Hierarchical 
(β=-0.080, p=0.747). This pattern suggests that organizations 
with higher publication output per researcher tend to have 
systematically lower shares of large-group collaborations, 
consistent with the dilution of individual contribution in 
multi-author consortia; the log-transformed specification renders 
this association stronger and more consistent across thresholds 
than the linear specification did. Log(Cit/author) negatively 
predicts both Solo (β=-0.932, p<0.001) and Hierarchical (β=-
0.931, p<0.001) shares, but shows no significant association with 
Cooperative (β=0.012, p=0.932). This indicates that organizations 
dominated by small authorship groups tend to have lower citation 
rates, while the Cooperative share is unaffected - likely due to 

Figure 1:  The curve represents a smoothed empirical distribution of publications by collaboration size, with shaded 
areas indicating 95% confidence intervals.
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high variance in citation outcomes across different types of large 
collaborations.

Appendix B reports full confidence intervals, average marginal 
effects, and a robustness check for the primary model. 
The efficiency-Cooperative association remains essentially 
unchanged when controlling for organization size (β=−1.506 
in both models, p<0.001), and predictor coupling is limited 
(r=0.321 between log(Efficiency) and log(Cit/author)), indicating 
the reported associations are not driven by organization scale or 
multicollinearity.

Modelling Distribution of Empirical data in Simplex 
Space

Figure 2 visualizes the strategic composition of 170 research 
organizations in the ternary simplex. Key patterns emerge:

Concentration along Solo-Hierarchical edge

Most observed points cluster near this axis, indicating that 
purely cooperative strategies are rare in studied Russian research 
organizations.

Citation gradient (green arrows)

Movement toward the simplex center and Cooperative vertex. 
Higher citation impact is associated with collaborative practices 
and network participation. Citation impact exerts a negative 
effect of nearly equal magnitude on Solo (β=−0.932, p<0.001) 

and Hierarchical (β=−0.931, p<0.001) organisations, but this 
effect disappears entirely for Cooperative organizations (β=0.012, 
p=0.932). Consistent with this near-constant slope across Solo and 
Hierarchical, the citation-impact vector traces an approximately 
straight path across the simplex (Figure 2).

Efficiency gradient (white arrows)

Movement toward the Solo vertex along the Solo-Hierarchical 
edge reveals a systematic three-stage pattern. The efficiency 
vector originates at the Cooperative vertex and moves sharply 
away from it (β=−1.506, p<0.001), indicating that organizations 
with high per-author output are strongly under-represented 
among large-consortium strategies. As the trajectory continues 
toward the Hierarchical range, the vector's direction flattens and 
loses statistical significance (β=−0.080, p=0.747), consistent with 
efficiency being effectively unrelated to strategy composition at this 
intermediate threshold band. The trajectory then curves further, 
ending with a significant positive association at the Solo vertex 
(β=0.444, p=0.040): organizations with the highest per-author 
efficiency are concentrated there. This three-stage path-strong 
repulsion from Cooperative, a flat and non-significant middle at 
Hierarchical, and positive attraction to Solo-visually reconstructs 
the same three-way threshold structure (5+/6+/7+) used in the 
robustness analysis (Table 1). It thus provides independent, 
geometric confirmation that the boundaries between strategies 
are not arbitrary but track a genuine, continuous underlying 
gradient in organizational behavior.

Strategy Predictor Threshold 5+
β (SE), p

Threshold 6+
β (SE), p

Threshold 7+
β (SE), p

Solo log(Efficiency) 0.505 (0.211) 0.017 0.444 
(0.216)

0.040 0.338 (0.220) 0.124

log(Cit/author) −0.921 
(0.158)

<0.001 −0.932 
(0.161)

<0.001 −0.920 (0.162) <0.001

Hierarchical log(Efficiency) 0.122 (0.241) 0.612 −0.080 
(0.249)

0.747 −0.292 (0.255) 0.253

log(Cit/author) −0.987 
(0.152)

<0.001 −0.931 
(0.155)

<0.001 −0.874 (0.157) <0.001

Cooperative log(Efficiency) −1.219 
(0.250)

<0.001 −1.506 
(0.260)

<0.001 −1.606 (0.264) <0.001

log(Cit/author) −0.193 
(0.147)

0.191 0.012 
(0.147)

0.932 0.122 (0.146) 0.403

Mean Coop share 16.5% 9.3% 6.1%
Log-likelihood 402.7 460.0 506.8
AIC −787.3 −902.1 −995.6

Note. Threshold 5+: Cooperative strategy=5 or more authors; Threshold 6+: Cooperative strategy=6 or more authors (primary model, mean Coop=9.3%, consistent 
with agent-based model equilibrium); Threshold 7+: Cooperative strategy=7 or more authors. Log(Efficiency) negatively predicts Cooperative share across all three 
specifications (β ≈ −1.22 to −1.61, p<0.001), a more consistent pattern than under the linear specification. Log(Cit/author) negatively predicts Solo and Hierarchical 
shares across all three specifications (both p<0.001) and shows no significant association with Cooperative share at any threshold. AIC improves monotonically with 
threshold, reflecting decreasing variance in Cooperative rather than genuine model improvement. Statistically significant results (p<0.05) are indicated in bold.

Table 1:  Dirichlet Regression under varying co-authorship size thresholds for cooperative team, log-transformed predictors (N organizations=170).
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Hierarchical decoupling

Unlike Solo and Cooperative, the Hierarchical share shows no 
reliable association with per-author efficiency at any of the three 
thresholds tested, and the point estimate itself changes sign as 
the threshold rises (β =0.122 → −0.080 → −0.292). This pattern 
is unlikely to reflect insufficient statistical power alone, since 
the coefficient is not merely small but unstable in sign across 
specifications - the signature one would expect from a genuine 
null rather than an underpowered effect. This observation can be 
explained either purely geometrically as an inflection point on a 
single efficiency gradient, or as reflecting a structurally distinct 
mode of authorship formation. For instance, the composition 
of such an authorship cluster may be governed by hierarchical 
relations of subordination, rather than by the pursuit of individual 
efficiency gains. The present data, however, do not allow us 
to adjudicate between this account and the purely geometric 
explanation above.

Trade-off

The two predictors operate in orthogonal dimensions: efficiency 
disadvantages large collaborations, while citation impact 
disadvantages individualist strategies.

Game-Theoretic Approach to the Co-authorship 
Paradox

In a “publish or perish” environment, co-authorship can create the 
appearance of higher individual productivity. When researchers 
routinely include colleagues as co-authors while maintaining their 
own output, the nominal publication count per person increases 
with group size, even without a rise in actual research activity. 
Nevertheless, our data show that solo and semi-solo authorship 
remain widespread, indicating that cooperative strategies coexist 
with more individualistic publication patterns.

Interaction Payoffs

To formalize the strategic interactions between researchers, we 
apply a game-theoretic framework. This allows us to move from 
empirical observations to a mathematical model in which each 
author type (Solo, Hierarchical, Cooperative) interacts with 
others according to defined rules and probabilities. The mutual 
gains and losses from such interactions are presented in Table 2, 
showing the complete payoff structure for all possible pairwise 
interactions. Payoffs reflect the asymmetric costs and benefits of 
different collaboration patterns:

The payoff matrix is asymmetric by design and reflects real 
academic relations of control, dependency, and unequal bargaining 
power. The base payoff is fixed at 2 points, corresponding to a 
justified institutional norm of approximately two publications 
per year (see Introduction). The payoff matrix captures only the 
additional gains and losses arising from pairwise encounters.

All additional payoffs represent deviations from this baseline. 
Inclusion as a co-author in one additional paper yields ​+ 1​ point 
for a focal player, while the loss of a potential publication due 
to collaboration failure yields ​− 1​ point. Full inclusion in all of 
an opponent’s publications corresponds to ​+ 2​ points, reflecting 
extensive access to collaborative output.

Opponent is Solo: No collaboration occurs, as solo authors do 
not initiate joint projects. Consequently, the additional payoff is 
zero.

Opponent is Cooperative: Collaboration is guaranteed. 
Cooperative authors are willing to include others in all of 
their works, granting ​+ 2​ points to the opponent. Hierarchical 
strategists obtain the maximal benefit (​+ 3​ points) by exploiting 
cooperators’ networks, resources, and labor while retaining 
control over authorship and strategic positioning.

Opponent is Hierarchical: In this scenario, interactions are 
strategic and selective. The Hierarchical does not include all group 
members as co-authors. Instead, they strategically choose only 
about half of the researchers, guided by the existing hierarchical 
team structure. As a result, the focal player receives +1 point 
with a probability of p=0.5, reflecting the uncertain and selective 
nature of being chosen as a co-author. And ​− 1​ point when 
collaboration fails due to hidden strategic behavior, including 
opponents' delays, conflicts, or exclusion.

For Cooperative and Hierarchical focal players, the probability 
of failure is higher (k=0.25), reflecting greater vulnerability due 
to deeper engagement in collaborative processes. For Solo focal 
players, the probability of failure (including reputational and 
administrative costs) is lower (r=0.1), consistent with their limited 
involvement in co-authorship and defensive posture. These 
penalty probabilities are empirically grounded. Previous studies 
report that approximately 14-50% of research collaborations fail, 
often due to conflicts, strategic behavior, or authorship disputes 
(Smith et al., 2020; Savchenko and Rosenfeld, 2024). Specific 
forms of misconduct - including authorship misuse, delays, 
sabotage, and exclusion - are documented across disciplines, 
with reported prevalence ranging from 1% to 71%, depending 
on context and definition (Marušić et al., 2011; Majumder, 2016; 
Smith et al., 2020). Thus, the probabilistic structure of the payoff 
matrix is not arbitrary but reflects empirically observed instability, 
conflict, and asymmetry in academic collaboration.

Pairwise Expected Payoffs

Let ​A = ​[​a​ ij​​]​​ denote the expected payoff matrix derived from 
Table  3, excluding the constant baseline payoff. Using ​p = 0.5​, ​
k = 0.25​, and ​r = 0.1​, we obtain:

The expected payoff to strategy ​i​ in a population with frequencies ​
p = ​(​p​ S​​, ​p​ H​​, ​p​ C​​)​​ is
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Pure Strategy Stability
We examine monomorphic populations from the focal-player 
perspective.

All-Solo Population.

All interactions yield zero additional payoffs. Hierarchical and 
Cooperative strategies do not gain a systematic advantage (​u​
(H, S)​ = u​(C, S)​ = 0​). Thus, All-Solo constitutes a weak Nash 
equilibrium.

All-Hierarchical Population.

Expected payoffs are ​u​(H, H)​ = 0.25​, while ​u​(S, H)​ = 0.4​. Solo 
strategies can invade Hierarchical populations.

All-Cooperative Population.

While ​u​(C, C)​ = 2​, Hierarchical agents obtain ​u​(H, C)​ = 3​. Thus, 
Hierarchical strategies invade Cooperative populations.

Incomplete Cyclical Dynamics
Combining these results yields a partial invasion cycle:

​Cooperative→Hierarchical→Solo↛Cooperative.​

Each arrow in this cycle corresponds to a symmetric ​2 × 2​ 
game with weak Prisoner’s Dilemma structure. In the C-vs-H 
interaction, payoffs satisfy ​DC > CC > DD = CD​ (3 > 2 > 
0.25=0.25): defection (H) dominates, but the equality ​DD = CD​ 
implies no unique absorbing equilibrium. The S-vs-H interaction 
has the same structure (0.4>0.25>0=0). The cycle thus represents 
a cascade of two weak Prisoner’s Dilemmas, each sequentially 
eliminating the more cooperative strategy.

The last S-vs-C interaction is degenerate: all payoffs are symmetric 
(​u​(S, C)​ = u​(C, S)​ = + 2​; ​u​(S, S)​ = u​(C, C)​ = 0​), yielding no 
selective gradient between the two strategies. Neither defection 
nor cooperation is favored, breaking the cycle at this link.

Limits of Analytical Prediction
This simplified analysis cannot account for empirically observed 
strategy distributions because it omits (i) external institutional 
incentives, (ii) local interaction structure, and (iii) stochastic 

fitness variance. These elements are introduced in the agent-based 
model, which extends the analysis beyond analytically tractable 
limits.

Agent-Based Modeling
Model Description

Population and Initialization

The model involves a population of ​n = 250​ agents, each adhering 
to one of three strategies:

	 •	 Solo (S): Individualists who publish without co-authors, 
maximizing personal control while bearing high 
individual costs.

	 •	 Hierarchical (H): Strategists who engage in limited 
co-authorship based on status and reciprocity, forming 
strategic alliances with risk of sanctions for unfair 
practices.

	 •	 Cooperative (C): Collaborators who practice broad 
collaboration, maximizing network effects but facing 
high risk of exploitation and free riding.

Temporal Structure and Group Formation

The simulation proceeds through ​T = 80​ generations, 
representing approximately 80 years of academic careers. Each 
generation (year), agents are randomly partitioned into groups 
of ​G = 10​ individuals, simulating departmental or laboratory 
structures. Within each group, agents interact pairwise to 
determine co-authorship outcomes.

Base Productivity

Each agent produces 2 papers annually as a baseline, reflecting 
empirical observations of publication expectations in Russian 
research institutions (see Introduction). This base productivity 
of 2 points provides a consistent foundation for strategic 
interactions.

Strategic Interactions and Payoff Structure
Pairwise Interactions

As formally defined in the previous section and presented in 
Table  3, we initiated agent-based modeling where each agent 
interacts with others according to the specified payoff matrix. 

Focal Opponent

S (Solo) H (Hier.) C (Coop.)
S (Solo) 0 ​+ 1 ​(p)​​ / ​− 1 ​(r)​​ ​+ 2​

H (Hier.) 0 ​+ 1 ​(p)​​ / ​− 1 ​(k)​​ ​+ 3​

C (Coop.) 0 ​+ 1 ​(p)​​ / ​− 1 ​(k)​​ ​+ 2​

Note. Values represent additional payoffs beyond each agent’s baseline productivity of 2 publications per year. Entries show gains or losses from pairwise interactions: 
0 indicates no additional payoff; +1  (p) indicates inclusion as co-author with probability p; -1  (r) or -1  (k) indicates loss due to collaboration failure. Probabilities are set 
as p=0.5, k=0.25, and r=0.1.

Table 2: Payoff matrix for strategic interactions in academic co-authorship.
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Agents engage in pairwise interactions that yield additional points 
beyond base productivity. The probabilistic outcomes (p=0.5, 
k=0.25, r= 0.1) reflect the asymmetry in academic relationships, 
where hierarchical strategists may include or exclude colleagues 
depending on context.

Simulation dynamic and Preliminary Sensitivity 
Analysis

Control simulations reveal a characteristic sequential pattern 
(Figure 3): Cooperative agents decline rapidly due to exploitation 
by Hierarchical strategists (​u​(H, C)​ = 3 > u​(C, C)​ = 2​). 
Hierarchical strategies persist transiently but gradually lose 
their advantage as the cooperative pool diminishes. Solo 
strategies eventually dominate, reflecting structural immunity to 
exploitation (​u​(H, S)​ = u​(C, S)​ = 0​) and superior expected payoff 
against Hierarchical (​u​(S, H)​ = 0.40 > u​(H, H)​ = 0.25​).

Institutional Pressures, Evolutionary Dynamics, and 
Mutation
Academic evaluation systems operate under time-varying 
incentives that shift between productivity- and impact-based 
criteria. Citation impact and efficiency are modeled as exogenous 
institutional pressures - reflecting key performance indicators 
(KPIs) linked to career advancement, remuneration, and 
employment stability - rather than as emergent outcomes of 
collaboration structure.

This design introduces the working assumption that one year 
of activity within a research institution and its constituent 
departments corresponds to one generation in our ABM; points 
accumulated over a generation correspond to the number 
of published papers an agent receives through within-group 
interaction rounds (here, each agent serves as a proxy for an 
author who can act strictly within one of the three defined 
strategies).

Figure 2:  Distribution of co-authorship strategies across 170 Russian research organizations. Strategies are defined by authorship thresholds: Solo (1 author 
publications), Hierarchical (2-5 authors publications), Cooperative (6 or more authors publications). Color scale reflects the density of organizations in the 
simplex space (purple=maximum concentration, yellow=minimum concentration). White vectors indicate the direction of increasing log-transformed efficiency 

(publications per author); forest-green vectors indicate the direction of increasing log-transformed citation outcome (citations per author).
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We model two exogenous oscillating pressures with period ​T = 10​ 
generations: efficiency pressure ​​P​ eff​​​(t)​​, rewarding publication 
volume, and citation pressure ​​P​ cite​​​(t)​​, rewarding visibility and 
impact. The two pressures are phase-shifted by ​π / 2​, producing 
alternating regimes of efficiency and citation dominance. 
Strategies differ in their sensitivity to these pressures: Solo agents 
respond primarily to efficiency incentives, Cooperative agents to 
citation rewards, and Hierarchical agents balance both.

The period and phase shift of the oscillation are calibrated 
parameters rather than values derived from a specific empirical 
cycle. The fact of cyclicality itself, however, is substantively 
motivated: unlike individual publication output, institutional 
performance cannot be meaningfully assessed on a one-year 
basis - evaluating it requires a longer observation horizon, 
typically on the order of 5-10 years (e.g., accreditation cycles, KPI 
revisions, or changes in leadership). This motivates the choice of 
T=10 generations (quasi-years) as a plausible order of magnitude 
for such institutional cycles, rather than a precise empirical 
estimate. Similarly, the π/2 phase shift between efficiency- and 
citation-oriented evaluation periods reflects the substantive 
assumption that the peaks of these two evaluation regimes do not 
coincide in time, but the specific magnitude of the shift is not tied 
to measured data and is chosen illustratively.

Agent i’s total payoff in generation t is:

where u(si,sj) is the pairwise interaction payoff (Table 3) and 
the constant term represents baseline individual productivity. 
Evolution follows fitness-proportional selection - a discrete-time 
analogue of replicator dynamics - in which higher-scoring 
strategies are reproduced more frequently via weighted sampling:

where pk denotes the population share of strategy k,  its mean 
payoff, and  the population mean. A mutation rate μ=0.02 is 
applied at each generation. Following the replicator update, 
each agent independently mutates with probability μ=2%, 
independently of payoff; a mutating agent is reassigned to one of 
the two alternative strategies with equal probability, guaranteeing 
an actual strategy change rather than a resampling that could 
reproduce the agent’s current strategy. This continuously 
reintroduces all three strategies regardless of their current fitness, 
so that Solo dominance in the main model approaches but never 
reaches strict fixation - sustained by the constant entry of new 
Cooperative agents into the game. In substance, μ represents 
the continuous renewal of research personnel - doctoral 
students completing their training, researchers moving between 
institutions, and new hires entering established teams - each 
entering the system with a strategy not predetermined by the 
payoffs their predecessors received.

At the start of each generation (quasi-year), the population of 250 
agents is randomly reassigned into new groups (“departments”) 
of 10 - this is group reshuffling. It prevents any single department 
from remaining in the same fixed composition over time: without 
it, a given group could by chance settle into a homogeneous 
composition (e.g., all Cooperative agents) and go years without 
encountering agents of other strategies. Reshuffling ensures 
that, over several generations, every agent interacts with a 
representative cross-section of the whole population rather 
than the same randomly frozen local environment. This step 
determines who interacts with whom in a given round and, 

Figure 3: Control simulation without external pressures. Cooperative strategies decline rapidly; Hierarchical persist transiently; Solo 
eventually dominates.
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accordingly, how many quasi-papers and points each agent earns 
in that quasi-year.

At the end of each round - in our case, each quasi-year period, every 
agent’s points (quasi-papers) are tallied, and the three strategies 
begin competing for representation in the next generation at the 
level of the entire population of 250 agents. This is precisely the 
procedure of strategy reproduction: the probability that an agent’s 
strategy is “copied” into the next generation is proportional to 
how well that strategy performed on average across the whole 
population in the past year. Strategies that accumulated more 
points (quasi-papers) in that round become proportionally more 
numerous institute-wide, while less successful ones shrink. Only 
after this are agents reshuffled into new groups for the following 
quasi-year.

Sensitivity analysis of the open model with mutation and 
institutional pressure across all game and pressure parameters 
(Appendix D) shows that two additions jointly allow Cooperative 
agents to survive where they previously went extinct: a 
mutation rate μ=0.02, and oscillating institutional pressures, 
which periodically advantage Cooperative agents during 
citation-dominant phases. At the same time, the cooperative share 
stabilizes within 6-8% regardless of parameter configuration, 
never reaching the empirical target of 9.3% as a stable mean.

Exploratory modeling approach

The persistent gap between the simulated cooperative share 
(never exceeding 8%, see Appendix D) and the empirically 
observed 9.3% motivated a calibration exercise in the spirit of 
exploratory modeling (Epstein, 2008; Smaldino and McElreath, 
2016). Rather than treating the model as a predictive tool, we used 
it as a diagnostic device: by identifying parameter combinations 

capable of reproducing the observed strategy distribution, we 
reason backwards about the institutional mechanisms that sustain 
real-world co-authorship patterns.

We calibrated the model to approximate the empirical distribution 
(∼30-32% Solo, 55-60% Hierarchical, ∼9-10% Cooperative). 
Following the Dirichlet regression results Table 2), we modulated 
the efficiency response weight for Solo agents  and 
suppressed overall efficiency pressure  to prevent Solo 
dominance, while strengthening the citation response weight for 
Cooperative agents , consistent with the empirical 
finding that citation impact does not penalize Cooperative 
organizations Table 2), and with the theoretical assumption 
that KPI-based rewards for citation visibility disproportionately 
benefit broadly collaborative research.

The calibration also motivated an increase in the oscillation 
period from T=10 to T=20: longer cycles produce higher peak 
amplitudes for the Cooperative share and greater cross-sectional 
variance, both more consistent with the empirical distribution. 
The introduction of oscillating pressures prevents cooperation 
from collapsing into a mutation-drift residual and, in some 
parameter regimes, allows the cooperative share to reach levels 
consistent with the data (Figure 3).

Figure 4 illustrates that despite successfully approaching the 
empirical target, the mean cooperative share stabilizes at 
approximately 9-10% regardless of parameter configuration. The 
empirically observed 9.3% thus lies near the structural ceiling of 
what the open-system model can sustainably maintain - a limit 
that persists even when all available calibration levers (mutation 
rate, oscillation period, citation weight) are pushed in favor of 
cooperation.

Table 3: A cascade of two weak Prisoner’s Dilemmas interactions with payoff matrixes.

Matrix 1. Cooperative vs Hierarchical

  C H
C +2 +0.25
H +3 +0.25

Matrix 2. Hierarchical vs Solo

  H S
H +0.25 0
S +0.40 0

Matrix 3. Solo vs Cooperative

  C S
C +2 0
S +2 0

Note. Pairwise Expected Payoff Matrices for Selected Strategy Pairs. Values show expected additional payoffs beyond baseline productivity of 
2 publications per year; rows=focal strategy, columns=opponent.E[S vs H]=p-r=0.5-0.1=+0.40; E[H vs H]=E[C vs H]=p-k=0.5-0.25=+0.25. 
Baseline  per agent applies independently. p=0.5, k=0.25, r=0.1.
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Model Fit Assessment
Figure 5 compares the simulated strategy distribution with 
empirical data from 446 Russian research organizations (2026 
sample), not used in model calibration, in the ternary simplex. 

To assess generalizability beyond the calibration sample, we 
compared the model’s simulated strategy distributions against 
an independent empirical dataset of 446 Russian research 
organizations collected in 2026 from an independently 
and separately identified, substantially expanded sample of 
organizations, disjoint in time period from the 2025 calibration 
sample.

The simulated distribution (Solo=27.8%, Hierarchical=59.9%, 
Cooperative=12.3%) closely tracks the independent 2026 
empirical distribution (Solo=31.0%, Hierarchical=59.2%, 
Cooperative=9.8%), with absolute differences of 3.2, 0.7, and 2.5% 
points, respectively. The Mean Squared Error between simulated 
and empirical mean strategy shares is 0.00058, indicating that the 
model’s prediction of central tendencies generalizes closely to an 
independent sample not used in calibration. 

Distributional similarity, assessed via Kullback-Leibler 
divergence, varies across strategies: Solo=0.48, Hierarchical=0.74, 
Cooperative=0.46. The comparatively low divergence for 
Cooperative strategies - alongside the smallest absolute mean 
difference for Hierarchical (0.7 points) suggests the calibration 
target reflects a genuine, generalizable pattern rather than 
sample-specific noise. The elevated divergence for Hierarchical 
strategies, despite near-identical simulated and empirical means 
(59.9% vs. 59.2%), indicates that while the model correctly 

predicts the average prevalence of Hierarchical strategies, it 
underestimates the variance in Hierarchical strategy adoption 
across organizations - a limitation not visible from mean-based 
fit alone.

DISCUSSION

A Central Analytical Finding and Its Interpretations: 
Game-Theoretic and Agent-Based Perspectives

Under “publish or perish” conditions, cooperation appears formally 
advantageous. If all members of a research group maintained 
baseline output (two papers per year) and systematically included 
colleagues as coauthors, nominal productivity attributed to 
each participant would increase proportionally with group size. 
Empirical evidence from our data, however, reveals persistent 
prevalence of solo and semi-solo authorship patterns alongside 
cooperative strategies. 

To examine this puzzle, we integrate large-scale empirical analysis 
(across 170 Russian research organizations among 11.8 million 
publications), evolutionary game-theoretic reasoning, and 
agent-based modeling to examine strategic patterns of academic 
coauthorship. The novelty of the framework lies in its explicit two 
level structure: we model strategic choices at the individual level - 
where authors decide whether to include colleagues as coauthors 
- and then aggregate these choices through an evolutionary 
dynamic to generate organization level authorship distributions. 
This design allows us to link micro level strategic mechanisms to 
macro level institutional patterns that are directly observable in 
bibliometric data. 

Figure 4: Evolutionary dynamics of strategy frequencies under oscillating institutional pressures. Solo strategies 
peak under efficiency dominance; Cooperative strategies peak under citation dominance; Hierarchical strategies 

remain comparatively stable across regimes.
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Within a game-theoretical approach first introduced logically 
motivated payoffs for individual pairwise interactions among the 
three ideal typical strategies - Cooperative, Hierarchical, and Solo 
- calibrated to approximate publication outcomes (approximately 
two papers per year) in which players, depending on their strategy, 
either included or did not include colleagues as coauthors. We 
then analysed the outcomes of these games both analytically, 
through pairwise payoff comparisons, and computationally, 
using an agent based model. In both approaches, the consistent 
finding is that Cooperative strategies decline systematically, and 
the system converges toward Solo dominated equilibria - unless 
additional mechanisms are introduced to sustain polymorphism.

We further examined various parameter configurations and 
alternative payoff bonuses for Hierarchical-Cooperative 
interactions. All other pairwise interactions were predetermined 
by the definitions of the strategies themselves - solo authorship, 
by definition, excludes cooperation, while cooperative inclusion 
entails symmetric inclusion - and therefore did not permit 
variation in the resulting payoffs. These restrictions are analytical 
simplifications imposed for tractability, and do not reflect the 
full range of context dependent behaviours observed in real 
world collaborations. Under all tested specifications, the ABM 
consistently reproduced the absence of Cooperative agents 
across configurations, demonstrating that convergence toward 
Solo-dominated equilibria within the model is not a boundary 
artefact of a specific parameter configuration (Appendix C). 

We consider at least two theoretical interpretations of this 
outcome. First, the payoff matrix encodes a non reciprocal chain 
rather than a closed loop. Within the modeled payoff structure, 
Solo agents receive authorship credit from Cooperative partners 
without a reciprocal contribution. Unlike symmetric games such 
as rock paper scissors, the system contains a structural sink: 
resources flow toward Hierarchical and Solo strategies and do not 
circulate back. Within this payoff structure, Cooperative agents 
systematically receive less than their interaction partners at both 
ends: they earn nothing from encounters with Solo agents, who 
gain the full payoff, and only a reduced expected return from 
encounters with Hierarchical agents, who receive a comparatively 
higher payoff.

Second, the cascade structure of three sequential games makes 
this outcome robust to any reparameterisation. Once Cooperative 
agents are eliminated by Hierarchical exploitation, the H-C 
payoff becomes irrelevant - there is no one left to exploit. The final 
equilibrium is determined entirely by the H versus S game, where 
Solo’s advantage is set by the difference between two penalty 
terms (p − r=0.40 against p − k=0.25) and is independent of the 
H-C payoff. No adjustment of the H-C payoff can alter this gap 
(Appendix C). Paradoxically, Solo emerges as the most resilient 
strategy not through competitive superiority, but through 
structural immunity - abstaining from exchange entirely. This 
outcome aligns with classical Prisoner’s Dilemma logic: when 
the risk of exploitation is high and the cost of defection is low, 
withdrawal becomes dominant (Table 3).

Figure 5: Ternary plot comparing simulated and independent empirical (2026) distributions of coauthorship strategies across research organizations - out-of-
sample validation.
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Hierarchical agents can dominate Solo only when the cost of 
non participation in collaborative structures equals or exceeds 
the cost of participation - formally, when r ≥ k. This condition 
could in principle be satisfied through several qualitatively 
different institutional mechanisms that would be mathematically 
equivalent within the model: for example, a direct penalty on Solo 
authors, a reputational cost potentially arising from gatekeeping 
or delayed review, or a collective boost to Cooperative agents 
through citation-weighted evaluation. We do not test these 
specific mechanisms empirically; they illustrate the class of 
real-world processes that our institutional-pressure model is 
intended to formally approximate. All of these translate into the 
same structural shift: raising r relative to k. It is this family of 
mechanisms - not the payoff matrix itself - that the institutional 
pressure model is designed to capture. The specific empirical 
proxies we use (publication efficiency cycles, citation per author 
oscillations, whose incorporation into the calibrated model 
we discuss below) represent one plausible instantiation; grant 
allocation patterns, promotion criteria, and peer review dynamics 
could in principle serve the same function.

Calibrating the Model to Empirical Distributions: 
Mutation and Oscillating Institutional Pressure as 
Model-Level Conditions for Cooperative Persistence

To assess whether the evolutionary dynamic could reproduce 
the empirically observed polymorphism, we calibrated the ABM 
to match the empirical strategy distribution (∼30-32% Solo, 
∼55-60% Hierarchical, ∼9-10% Cooperative).

The calibration was guided by two associations identified in the 
Dirichlet regression reported in Table 1. Log (Efficiency - number 
of publications per author) was positively associated with Solo 
share and negatively associated with Cooperative share among 
the examined Russian organizations, with no reliable association 
with Hierarchical share. Log (number of citations per author) 
was negatively associated with both Solo and Hierarchical shares 
(both p<0.001), with no significant association with Cooperative 
share at any threshold tested. These are cross-sectional statistical 
associations and should not be read as evidence of a causal 
mechanism acting on individual researchers.

Guided by these associations rather than derived from them 
directly, we specified two oscillating institutional pressures in 
the model: an efficiency pressure disproportionately rewarding 
Solo strategies (with only marginal benefit to Cooperative 
ones), and a citation pressure disproportionately rewarding 
Cooperative strategies. Hierarchical strategies were assigned 
moderate, non-negligible response weights to both pressures, 
while Solo strategies were specified as largely insulated from 
citation-pressure fluctuations in either direction. The oscillation 
period was set to T=20 (quasi-years), longer than the exploratory 
value of T=10 initially considered, to better align with the 
cross-sectional variance observed across organizations; this 

remains a calibrated rather than independently estimated 
parameter. The model incorporates mutation at rate μ=0.02, 
which continuously reintroduces strategies regardless of their 
current fitness. Substantively, this mechanism conditionally 
represents the renewal of research personnel - doctoral students, 
postdocs, and new hires entering the collective - whose strategic 
disposition is not predetermined by the payoffs their predecessors 
received. Mathematically, it guarantees that at every generation 
all three strategies, including Cooperative, are reproduced at 
some minimal rate - the very strategy that, under the baseline 
payoff structure alone, is subject to exploitation and progressive 
extinction.

Under this calibration, the model reproduces the empirical 
distribution of co-authorship patterns across Russian 
eLibrary-indexed publications with high accuracy (MSE=0.0009 
for the 2025 calibration sample; MSE=0.00058 for an independent 
2026 validation sample), indicating that the central-tendency 
predictions generalize beyond the data to which the model was 
originally tuned.

We interpret this result as consistent with - though not direct 
evidence for - a broader dynamic in which evaluation criteria 
in real institutions may shift between productivity-oriented 
metrics (papers per author) and impact-oriented metrics 
(citations, H-index). If efficiency pressure were to dominate, as in 
productivity-focused evaluation systems (Wang et al., 2023), the 
model suggests Solo and semi-solo strategies would gain a relative 
advantage; if citation pressure were to dominate, as under H-index-
based evaluation (Marzolla, 2015), Cooperative strategies would 
be disproportionately favored. Hierarchical strategies, carrying 
intermediate response weights to both pressures, remain adaptive 
across both regimes in the model - a pattern that may plausibly 
help explain their high empirical prevalence (∼60%), though this 
remains a model-based conjecture rather than a tested causal 
claim. One possible interpretation is that Hierarchical strategies 
could be advantageous not because they are intrinsically more 
productive, but because they may reduce exposure to exploitation 
while preserving partial access to cooperative gains; whether this 
mechanism operates among real researchers is not tested here 
and would require independent empirical work.

Within this interpretive frame, oscillating institutional incentives 
in the model help sustain strategic diversity by periodically 
offsetting risks associated with cooperation - loss of control, 
exploitation, coordination costs - rather than eliminating strategic 
tensions outright. If a comparable dynamic operates in real 
evaluation systems, it would suggest they can act as stabilizing 
mechanisms against convergence to purely individualistic 
equilibria while preserving strategic heterogeneity; we do not 
test this correspondence directly, and our Conclusion’s caution 
against one-size-fits-all measures should be read as a policy 
implication of this model-level finding, not as an assessment of 
whether current systems already achieve this balance.



Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026962

Semenova: Strategic Dynamics of Academic Co-Authorship

At the same time, the modeled pressures (efficiency and citation 
rewards) are analytically convenient idealized proxies rather than 
exhaustive drivers of collaboration behavior. In reality, academic 
co-authorship is shaped by a much richer set of mechanisms, 
including leadership, compelling research ideas, mentorship, 
informal norms of reciprocity, and intrinsic motivation to work 
together (Iglič et al., 2017; Bozeman and Corley, 2004; Savchenko 
and Rosenfeld, 2024). These factors may reinforce cooperative 
strategies beyond the minimal structural conditions captured in 
our formal model. Results should be interpreted with caution: 
the examined agent-based model is exploratory rather than 
predictive. Parameters were calibrated to reproduce the 2025 
empirical pattern rather than derived independently from first 
principles or external measurement (Epstein, 2008; Grimm et al., 
2005). The 2026 validation merely tests whether these calibrated 
parameters generalize to new data. The model’s contribution is 
therefore best understood as a mechanistic demonstration - 
that strategic payoffs combined with mutation and oscillating 
institutional pressure can jointly generate a stable polymorphism 
resembling the cross-section of organizations sampled at 
different phases of an institutional cycle - while acknowledging 
that alternative, untested mechanisms could produce a similar 
empirical pattern (power dynamics, reputational economies, and 
asymmetric payoffs in team production; Al-Herz et al., 2014; 
Alexi et al., 2024; Bengiat et al., 2026; Razzaq et al., 2022).

Alignment with the High-Stakes Hypothesis

The empirical distribution of authorship patterns shows limited 
prevalence of unconditional cooperation, consistent with - though 
not itself demonstrating - complex strategic choice in academic 
environments characterized by scarce and highly valuable 
authorship ‘slots’. Our simulations corroborate this pattern: 
under conditions where publication opportunities are costly 
and rewards are tightly linked to individual output, cooperation 
persists but does not become universal. Instead, intermediate and 
conditional strategies prevail.

This finding is particularly relevant in the context of contemporary 
bibliometric incentive systems, which formally promote 
collaboration. Under uncertainty and competition, actors may 
plausibly be inclined toward partial cooperation or selective 
defection rather than full cooperative engagement - a pattern our 
model formalizes without directly testing the underlying decision 
process. In settings of intense competition and limited authorship 
capacity, short-term incentives for retaining credit, avoiding 
unequal workloads, or minimizing exposure to opportunistic 
behavior may outweigh the benefits of long-term cooperative 
engagement (Stephan 2012; Smaldino and McElreath, 2016). In 
our model, even strong citation-based institutional pressure does 
not eliminate Solo strategies, which persist as a substantial share 
of the population. This persistence need not indicate a failure 
of institutional pressure to shape behavior; within the model, 

it instead reflects a stable strategic niche rather than a purely 
opportunistic departure from cooperation.

Our model is deliberately specified as an open, non-zero-sum 
system: collaboration is assumed to generate collective benefit 
rather than merely redistributing a fixed payoff. This assumption 
is grounded in the empirical data, which include publications 
co-authored with researchers from other organizations - evidence 
that collaboration expands the total publication pool rather 
than simply reallocating a fixed set of authorship credits. This 
open-system design reflects the general intuition that collaboration 
can expand the total publication pool beyond what any individual 
agent could produce alone - for instance through shared ideas, 
preliminary findings, or citation network effects - though the 
model does not distinguish between these specific mechanisms 
and represents their combined effect only as an aggregate payoff 
gain. The tension thus lies not only in cost of distribution but also 
in preventing situations where strategic self-interest undermines 
collective output, as in the classic Prisoner’s Dilemma. The 
pairwise payoff analysis presented in Section 3.3.5 reveals that 
this logic operates not once but twice: both the Cooperative-vs-
Hierarchical and the Hierarchical-vs-Solo interactions exhibit 
weak Prisoner’s Dilemma structure, forming a cascade in which 
defection sequentially eliminates the more cooperative strategy 
at each level. Analytically, this predicts Solo dominance as the 
absorbing outcome - a prediction consistent with, though not 
uniquely confirmed by, the observed empirical distribution of 
authorship patterns. Nevertheless, we take this correspondence 
between analytical prediction and empirical calibration as 
supporting the high-stakes hypothesis: when publication stakes 
are genuinely high, the aggregate distribution of authorship 
strategies aligns more closely with game-theoretic equilibrium 
predictions than is typically reported in laboratory experiments 
with low-stakes games, where cooperation systematically exceeds 
Nash equilibrium predictions (cf. Axelrod 1984; Fehr and 
Gächter, 2002; Fehr and Leibbrandt, 2011).

Disciplinary Variation and Epistemic Cultures

The strategic patterns observed in this article likely vary between 
disciplines due to authorship conventions and epistemic 
cultures (Parish et al., 2018). Prior work suggests that natural 
and biomedical sciences increasingly favor large teams and 
distributed credit, reflecting infrastructure-intensive research, 
while humanities and social sciences have been characterized as 
emphasizing individual authorship, intellectual autonomy, and 
personal accountability - a contrast our dataset does not directly 
test.

These qualitative differences are broadly compatible with model 
logic, even though the model itself does not parameterize 
discipline directly. Fields with modular task division may favor 
Cooperative and Hierarchical strategies, as transaction costs are 
offset by clear coordination routines. Disciplines emphasizing 
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individual interpretation and authorial voice may favor Solo 
strategies, where broad collaboration entails higher coordination 
costs.

CONCLUSION

This study, combining large-scale empirical analysis (170 Russian 
organizations, 11.8 million articles) and agent-based modeling, 
provides evidence consistent with academic coauthorship 
functioning as strategic behavior under limited resources, 
institutional pressure, and unstable cooperation. We propose 
a stylized game-theoretic model with three strategies - Solo, 
Hierarchical, and Cooperative - and a logically motivated payoff 
structure for their pairwise interactions. In the empirical data, 
these strategies heuristically correspond to persistent shares: 
Solo (30%), Hierarchical (60%), and Cooperative (10%). This 
agent-based model reproduces these empirical distributions 
with high accuracy (MSE=0.00058) once oscillating institutional 
pressures and mutation are introduced; without these additions, 
Cooperative strategies do not persist in the model at all. However, 
its contribution should be understood as identifying plausible 
mechanisms rather than definitive causal explanations.

Based on these premises, we conclude academic coauthorship 
in observed eLibrary publications can be usefully modeled as a 
non-zero-sum evolutionary game in which dominant strategies 
depend on external incentives - and plausibly, though untested 
here, on disciplinary norms and cultural expectations. Within 
the specified payoff structure, Solo emerges as the most resilient 
strategy through its structural immunity to exploitation. The 
persistence of Solo and semi-Solo strategies in the model can be 
understood as an equilibrium outcome of strategic interaction, 
while Cooperative strategies collapse - a pattern consistent 
with strategic equilibrium rather than with bounded rationality 
or normative resistance to self-interested behavior. Only once 
mutation, citation pressure, and efficiency pressure are jointly 
introduced do Cooperative agents accumulate a competitive 
payoff - apparently driven by the direct citation bonus combined 
with mutually reinforcing C-C interactions among surviving 
Cooperative agents, rather than by any advantage in direct 
pairwise exchange with Solo or Hierarchical partners. In a 
calibrated model, Hierarchical strategies occupy an intermediate 
position, balancing network inclusion with authorship control, 
and are the most stable across the range of institutional conditions 
we simulated.

These model-based patterns suggest caution toward policies 
that unconditionally promote cooperation: individual strategies 
retain value under specific conditions in our simulations, 
indicating that a purely cooperation-maximizing approach may 
overlook this heterogeneity. If this heterogeneity extends to real 
research settings, evaluation systems may benefit from avoiding 
one-size-fits-all measures and accounting for strategic diversity 

- though this remains a policy implication drawn from the 
model rather than a tested recommendation. Future work should 
examine temporal dynamics, disciplinary differences, status 
factors, and digital platforms.

A promising direction involves exploring “shadow” interactions 
invisible to traditional scientometrics: parasitic authorship 
inclusion and failed collaborations. Agent-based modeling 
could (1) estimate their scale, (2) identify breakdown scenarios, 
and (3) analyze factors hindering collaboration realization, 
complementing existing data on successful cooperation by 
analyzing the “negative space” of scientific interaction. A 
theoretically important extension would model the reputational 
capital that Solo agents contribute when included as co-authors - 
closing the resource loop and potentially generating rock-paper-
scissors dynamics absent from the current open-system 
architecture.

LIMITATIONS

This study has several limitations stemming from data constraints 
and model simplifications.

Empirical data

Manual collection from eLibrary.ru was necessary due to 
copyright restrictions on automated scraping. Additionally, no 
complete dataset on inter-organizational co-authorship exists. 
The present study relies on aggregated co-authorship statistics as 
reported by eLibrary.ru. Article-level data with individual author 
affiliations could be accessible only via a commercial API license, 
which requires institutional procurement and was not available 
for this study. We treat the reported distributions as the best 
available approximation given current data access constraints.

Model simplifications

Strategies are discrete (Solo, Hierarchical, Cooperative), whereas 
researchers often combine approaches and shift over time. The 
model omits disciplinary differences (humanities vs. natural 
sciences), seniority hierarchies, institutional status, international 
migration, and career trajectory dynamics-all factors substantially 
shaping authorship patterns. Additionally, all 170 organizations 
contribute equally to the Dirichlet regression regardless of 
publication volume, which may overweight smaller institutions.

The current model simulates departmental structures through 
fixed-size interaction groups (G=10), but the composition of 
the group is randomly reshuffled each generation, removing 
stable ties - persistent laboratory membership, advisor-student 
relations, and cumulative advantage - that characterize real 
academic environments. A network variant incorporating 
fixed interaction graphs or preferential attachment would more 
realistically capture these dynamics, particularly for Hierarchical 
strategies, and remains a priority for future work.
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The model operates as an open system in which Hierarchical 
agents can accrue authorship credits from outside the local 
group. A more realistic closed-system extension - incorporating 
endogenous surplus accumulation across multiple evolutionary 
cycles and feedback between authorship allocation and strategy 
selection - remains a theoretically important direction for future 
work (Appendix C).

Validation pathways

Future work could also strengthen claims through: (1) temporal 
prediction using time-series data to forecast strategy shifts 
following policy reforms; (2) cross-institutional validation testing 
generalizability across countries and disciplines - the present 
findings are grounded in the Russian research system, where 
institutional incentives, evaluation criteria, and collaboration 
norms may differ substantially from other national contexts, and 
general-purpose claims require cross-national replication; (3) 
model comparison against alternative mechanisms (preferential 
attachment, cultural transmission) to adjudicate strategic vs. 
non-strategic explanations.

Additional constraints

Classification into S/H/C categories relies on heuristic 
team-size thresholds, introducing subjectivity, particularly for 
interdisciplinary works. Discrepancies between simulation and 
data may reflect omitted institutional barriers (authorship norms, 
disciplinary traditions, informal restrictions) and cultural/
administrative context beyond rational strategic logic. Finally, 
productivity and citation metrics capture only one dimension of 
research performance; quality, originality, practical applicability, 
and cultural significance remain unmodeled.

ACKNOWLEDGEMENT

The study published in accordance with the research plan of 
the Institute of Ethnology and Anthropology RAS (“Human 
ultrasociality: biosocial and cross-cultural aspects”).

ABBREVIATIONS

ABM: Agent-Based Model; KPI: Key Performance Indicator; 
MSE: Mean Squared Error; AIC: Akaike Information Criterion; 
RAS: Russian Academy of Sciences.

CONFLICT OF INTEREST

The author declares that there is no conflict of interest.

DATA AVAILABILITY

The empirical data used in this study are publicly available through 
the Russian Scientific Electronic Library portal: https://elibrary.
ru/orgs.asp. The specific datasets constructed and analyzed for 
this study are available at the following Open Science Framework 

(OSF) repositories: https://osf.io/x523p/files/arucv. The coauthor 
distribution data presented in this study were collected manually; 
the authors retain intellectual property rights over this compiled 
dataset as an original work of data curation, distinct from the 
underlying platform data. Any reuse of this compiled dataset for 
further research beyond verification of the claims made in this 
manuscript requires the author’s permission.

MATERIALS AVAILABILITY

The data sources in Appendix A. The Data Entry Protocol is 
available at https://osf.io/x523p/overview?view_only=b44eff2bb
a1240f3850cccc79ecbcba0. 

CODE AVAILABILITY

The source code of the agent-based model developed in this study 
is available at: https://osf.io/x523p/overview?view_only=b44eff2
bba1240f3850cccc79ecbcba0.

REFERENCES
Abramo, G., D’Angelo, C. A., & Di Costa, F. (2024). Do research assessment systems 

have the potential to hinder scientists from diversifying their research pursuits? 
Scientometrics, 129(10), 5915-5935.

Adams, J., Black, G., Clemmons, R., & Stephan, P. (2005). Scientific teams and institutional 
collaborations: Evidence from U.S. universities, 1981-1999. Research Policy, 34(3), 
259-285.

Akbaritabar, A., Bravo, G., & Squazzoni, F. (2021). The impact of a national research 
assessment on the publications of sociologists in Italy. Science and Public Policy, 
48(5), 662-678.

Akbaritabar, A., Casnici, N., & Squazzoni, F. (2018). The conundrum of research productivity: 
A study on sociologists in Italy. Scientometrics, 114(3), 859-882.

Alexi, A., Lazebnik, T., & Rosenfeld, A. (2024). The scientometrics and reciprocity underlying 
co-authorship panels in Google Scholar profiles. Scientometrics, 129(6), 3303-3313.

Al-Herz, W., Haider, H., Al-Bahhar, M., & Sadeq, A. (2014). Honorary authorship in biomedical 
journals: How common is it and why does it exist? Journal of Medical Ethics, 40(5), 
346-348.

Apicella, C. L., Marlowe, F. W., Fowler, J. H., & Christakis, N. A. (2012). Social networks and 
cooperation in hunter-gatherers. Nature, 481(7382), 497-501.

Axelrod, R. M. (1984). The evolution of cooperation. Basic Books.
Bear, A., & Rand, D. G. (2016). Intuition, deliberation, and the evolution of cooperation. 

Proceedings of the National Academy of Sciences, 113(4), 936-941.
Bengiat, A., Lazebnik, T., Mayr, P., & Rosenfeld, A. (2026). Bi-national academic funding and 

collaboration dynamics: The case of the German-Israeli foundation. Scientometrics, 
131, 6881–6908.

Biagioli, M. (2022). Ghosts, brands, and influencers: Emergent trends in scientific 
authorship. Social Studies of Science, 52(3), 463-487.

Bosch, X., & Esfandiari, B. (2021). Guest authorship as an unethical practice: Analysis of an 
Iranian case study. Accountability in Research, 28(1), 29-39.

Bourdieu, P. (1975). The specificity of the scientific field and the social conditions of the 
progress of reason. Social Science Information, 14(6), 19-47.

Bozeman, B., & Corley, E. (2004). Scientists’ collaboration strategies: Implications for 
scientific and technical human capital. Research Policy, 33(4), 599-616.

Buss, D. M. (2015). Evolutionary psychology: The new science of the mind (5th ed.). 
Routledge.

Cala, P., Havránek, T., Havránková, Z., Matousek, J., & Novak, J. (2022). Financial incentives 
and performance: A meta-analysis of economic evidence (IES Working Paper No. 
27/2022). https://www.econstor.eu/bitstream/10419/286323/1/wp-2022-27.pdf

Camerer, C. (2003). Behavioural studies of strategic thinking in games. Trends in Cognitive 
Sciences, 7(5), 225–231. 

Camerer, C. F., & Hogarth, R. M. (1999). The effects of financial incentives in experiments: 
A review and capital-labor-production framework. Journal of Risk and Uncertainty, 
19(1-3), 7-42.

Capraro, V., & Rand, D. G. (2018). Do the right thing: Experimental evidence that preferences 
for moral behavior, rather than equity or efficiency per se, drive human prosociality. 
Judgment and Decision Making, 13(1), 99-111.

Cook, I., Grange, S., & Eyre-Walker, A. C. (2015). Research groups: How big should they be? 
PeerJ, 3, e989. https://doi.org/10.7717/peerj.989



Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026 965

Semenova: Strategic Dynamics of Academic Co-Authorship

Cronin, B. (2001). Hyperauthorship: A postmodern perversion or evidence of a structural 
shift in scholarly communication practices? Journal of the American Society for 
Information Science and Technology, 52(7), 558-569.

Cronin, B., Shaw, D., & La Barre, K. (2003). A cast of thousands: Coauthorship and 
subauthorship collaboration in the 20th century as manifested in the scholarly 
journal literature of psychology and philosophy. Journal of the American Society for 
Information Science and Technology, 54(9), 855-871.

Edwards, M. A., & Roy, S. (2017). Academic research in the 21st century: Maintaining 
scientific integrity in a climate of perverse incentives and hypercompetition. 
Proceedings of the National Academy of Sciences, 114(1), 54-61.

Engers, M., Gans, J. S., Grant, S., & King, S. P. (1999). First-author conditions. Journal of 
Political Economy, 107(4), 859-883.

Epstein, J. M. (2008). Why model? Journal of Artificial Societies and Social Simulation, 
11(4), 12.

Exadaktylos, F., Espín, A. M., & Brañas-Garza, P. (2013). Experimental subjects are not 
different. Scientific Reports, 3(1), 1213.

Fehr, E., & Gächter, S. (2002). Altruistic punishment in humans. Nature, 415(6868), 137-140.
Fehr, E., & Leibbrandt, A. (2011). A field study on cooperativeness and impatience in the 

tragedy of the commons. Journal of Public Economics, 95(9-10), 1144-1155.
Fortunato, S., Bergstrom, C. T., Börner, K., Evans, J. A., Helbing, D., Milojević, S., ... & Barabási, 

A. L. (2018). Science of science. Science, 359(6379), eaao0185.
Gigerenzer, G., Hertwig, R., & Pachur, T. (Eds.). (2011). Heuristics: The foundations of 

adaptive behavior (1st ed.). Oxford University Press.
González, C., Liu, Y., & Shu, X. (2012). The faculty promotion and merit system in China and 

the United States: The cases of Wuhan University and the University of California, 
Davis (Technical Report CSHE.13.12). Center for Studies in Higher Education, 
University of California, Berkeley. https://cshe.berkeley.edu/sites/default/files/
publications/rops.gonzalez_et_al.faculty_promotion.10.1.2012.pdf

Gøtzsche, P. C., Hróbjartsson, A., Johansen, H. K., Haahr, M. T., Altman, D. G., & Chan, A. 
W. (2007). Ghost authorship in industry-initiated randomised trials. PLoS Medicine, 
4(1), e19.

Gould, S.J., Lewontin, R.C. (1979). The spandrels of San Marco and the Panglossian 
paradigm: a critique of the adaptationist programme. Proceedings of the Royal 
Society of London B, 205, (1161) 581-598.

Grimm, V., Railsback, S. F., Bundschuh, M., Güntner, A., Lytinen, S. L., (2005). Pattern-oriented 
modeling of agent-based complex systems: Lessons from ecology. Science, 
310(5750), 987-991.

Grossmann, I. (2020). Strategic authorship in science: How and why researchers game 
authorship order. Accountability in Research, 27(2), 77-105.

Guetzkow, J., Lamont, M., & Mallard, G. (2004). What is originality in the humanities and the 
social sciences? American Sociological Review, 69(2), 190-212.

Gurven, M. (2004). To give and to give not: The behavioral ecology of human food transfers. 
Behavioral and Brain Sciences, 27(4), 543-583.

Hackett, E. J. (2005). Essential tensions: Identity, control, and risk in research. Social Studies 
of Science, 35(5), 787-826.

Hamilton, W. D. (1964). The genetical evolution of social behaviour. Journal of Theoretical 
Biology, 7(1), 1-52.

Hammerstein, P. (Ed.). (2003). Genetic and cultural evolution of cooperation. MIT Press.
Hauert, C., & Doebeli, M. (2004). Spatial structure often inhibits the evolution of 

cooperation in the snowdrift game. Nature, 428(6983), 643-646.
Henrich, J., Ensminger, J., McElreath, R., Barr, A., Barrett, C., Bolyanatz, A., et al. (2010). 

Markets, religion, community size, and the evolution of fairness and punishment. 
Science, 327(5972), 1480-1484.

Hilbe, C., & Schmid, L. (2021). The evolution of deliberate ignorance in strategic interaction. 
In R. Hertwig & C. Engel (Eds.), Deliberate ignorance: Choosing not to know (pp. 
139-152). MIT Press.

International Committee of Medical Journal Editors. (2026). Recommendations for the 
conduct, reporting, editing, and publication of scholarly work in medical journals. 
https://icmje.org/recommendations/

Iglič, H., Doreian, P., Kronegger, L., & Ferligoj, A. (2017). With whom do researchers 
collaborate and why? Scientometrics, 112(1), 153-174.

Jones, B. F. (2010). Age and great invention. The Review of Economics and Statistics, 92(1), 
1-14.

Jones, B. F., & Weinberg, B. A. (2011). Age dynamics in scientific creativity. Proceedings of 
the National Academy of Sciences, 108(47), 18910-18914.

Kale, P., Dyer, J. H., & Singh, H. (2002). Alliance capability, stock market response, and 
long-term alliance success: The role of the alliance function. Strategic Management 
Journal, 23(8), 747-767.

Kenna, R., & Berche, B. (2012). Statistics of statisticians: Critical masses for research groups. 
Significance, 9(6), 22-25.

Kiyonari, T., Tanida, S., & Yamagishi, T. (2000). Social exchange and reciprocity: Confusion or 
a heuristic? Evolution and Human Behavior, 21(6), 411-427.

Larivière, V., Desrochers, N., Macaluso, B., Mongeon, P., Paul-Hus, A., & Sugimoto, C. R. 
(2016). Contributorship and division of labor in knowledge production. Social 
studies of science, 46(3), 417-435.

Laudel, G. (2001). Collaboration, creativity and rewards: Why and how scientists 
collaborate. International Journal of Technology Management, 22(7-8), 762-781.

Lazebnik, T., Beck, S., & Shami, L. (2023). Academic co-authorship is a risky game. 
Scientometrics, 128(12), 6495-6507.

Leahey, E. (2016). From sole investigator to team scientist: Trends in the practice and study 
of research collaboration. Annual Review of Sociology, 42, 81–100.

Li, W., Aste, T., Caccioli, F., & Livan, G. (2019). Reciprocity and impact in academic careers. 
EPJ Data Science, 8(1), 20.

Liu, X. Z., & Fang, H. (2012). Fairly sharing the credit of multi-authored papers and its 
application in the modification of h-index and g-index. Scientometrics, 91(1), 37-49.

Luo, Y., & Wang, J. (2024, July 03). Up or out: The ruthless tenure race for young Chinese 
scholars. Sixth Tone. https://www.sixthtone.com/news/1015445

Maier, M. J. (2014). DirichletReg: Dirichlet regression for compositional data in R 
(Research Report Series/Department of Statistics and Mathematics, No. 125). Vienna 
University of Economics and Business. https://research.wu.ac.at/ws/portalfiles/
portal/17761231/Report125.pdf

Majumder, K. (2016, January 8). Foul play in scientific publishing: The phenomenon of 
academic papers being held hostage. Editage Insights. https://www.editage.com/
insights/foul-play-in-scientific-publishing-the-phenomenon-of-academic-pape
rs-being-held-hostage

Marušić, A., Bošnjak, L., & Jerončić, A. (2011). A systematic review of research on the 
meaning, ethics and practices of authorship across scholarly disciplines. PLoS ONE, 
6(9), e23477.

Marzolla, M. (2015). Assessing evaluation procedures for individual researchers: The 
case of the Italian national scientific qualification. arXiv preprint, arXiv:1507.04720. 
https://doi.org/10.48550/arXiv.1507.04720

Maynard Smith, J. (1978). Optimization theory in evolution. Annual Review of Ecology and 
Systematics, 9, 31-56. https://doi.org/10.1146/annurev.es.09.110178.000335

Maynard Smith, J., & Price, G. R. (1973). The logic of animal conflict. Nature, 246(5427), 
15-18.

Merton, R. (1973). The sociology of science: Theoretical and empirical investigations (N. W. 
Storer, Ed.). University of Chicago Press.

Moher, D., Naudet, F., Cristea, I. A., Miedema, F., Ioannidis, J. P., & Goodman, S. N. (2020). 
Assessing scientists for hiring, promotion, and tenure. PLoS Biology, 18(3), e3000932.

National Science Foundation. (2022). Science & engineering indicators 2022: Publication 
output by country, region, or economy and scientific field. https://ncses.nsf.gov/
pubs/nsb20214/publication-output

Nettle, D., Gibson, M. A., Lawson, D. W., & Sear, R. (2013). Human behavioral ecology: 
Current research and future prospects. Behavioral Ecology, 24(5), 1031-1040.

O’Brien, K. R., Scheffer, M., van Nes, E. H., & van der Lee, R. (2015). How to break the cycle of 
low workforce diversity: A model for change. PloS one, 10(7), e0133208.  doi:10.1371/
journal.pone.0133208

Orzack, S.H., Sober, E. (1994). Optimality models and the test of adaptationism. American 
Naturalist, 143(3), 361-380.

Ozerturk, S., & Yildirim, H. (2025). Who gets the credit? Credit attribution, spillovers, and 
inefficiency in teams. Games and Economic Behavior, 154, 246-266. https://doi.
org/10.1016/j.geb.2025.09.005

Parish, A. J., Boyack, K. W., & Ioannidis, J. P. A. (2018). Dynamics of co-authorship and 
productivity across different fields of scientific research. PLoS ONE, 13(1), e0189742.

Petersen, A. M., Fortunato, S., Pan, R. K., Kaski, K., Penner, O., Rungi, A., et al. (2014). 
Reputation and impact in academic careers. Proceedings of the National Academy 
of Sciences, 111(43), 15316-15321.

Petersen, A. M., Riccaboni, M., Stanley, H. E., & Pammolli, F. (2012). Persistence and 
uncertainty in the academic career. Proceedings of the National Academy of 
Sciences, 109(14), 5213-5218.

Price, D. J. de S. (1963). Little science, big science. New York Chichester, West Sussex: 
Columbia University Press. https://doi.org/10.7312/pric91844

Publons. (2018). Global state of peer review 2018. https://publons.com/static/ 
Publons-Global-State-Of-Peer-Review-2018.pdf

Rand, D. G., & Nowak, M. A. (2013). Human cooperation. Trends in Cognitive Sciences, 
17(8), 413-425.

Rand, D. G., Greene, J. D., & Nowak, M. A. (2012). Spontaneous giving and calculated greed. 
Nature, 489(7416), 427-430.

Razzaq, S., Malik, A. K., Raza, B., Khattak, H. A., Moscoso Zegarra, G. W., & Zelada, Y. D. (2022). 
Research collaboration influence analysis using dynamic co-authorship and citation 
networks. International Journal of Interactive Multimedia and Artificial Intelligence, 
7(3), 103-116.

Samuelson, L. (1997). Evolutionary games and equilibrium selection. MIT Press.
Sauermann, H., & Haeussler, C. (2017). Authorship and contribution disclosures. Science 

advances, 3(11), e1700404.
Savchenko, E., & Rosenfeld, A. (2024). Authorship conflicts in academia: An international 

cross-discipline survey. Scientometrics, 129(4), 2101-2121.
Sekara, V., Deville, P., Ahnert, S. E., Barabási, A. L., Sinatra, R., & Lehmann, S. (2018). The 

chaperone effect in scientific publishing. Proceedings of the National Academy of 
Sciences, 115(50), 12603-12607.

Selten, R. (1978). The chain store paradox. Theory and Decision, 9(2), 127-159.
Semenova, O. V., Brazhnikov, A. A., & Butovskaya, M. L. (2023). Evolution of parental roles 

in phase portraits of bimatrix asymmetric games. Frontiers in Ecology and Evolution, 
11, 930795. https://doi.org/10.3389/fevo.2023.930795.



Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026966

Semenova: Strategic Dynamics of Academic Co-Authorship

Shamoo, A. E., & Resnik, D. B.  (2009). Responsible conduct of research (2nd ed.). Oxford 
University Press.

Shen, H. W., & Barabási, A. L. (2014). Collective credit allocation in science. Proceedings of 
the National Academy of Sciences, 111(34), 12325-12330.

SITA Publishing. (2026, February 2). The research paper timeline: How to write, edit, and 
publish faster. https://sita-pub.com/cn/1/465/1/465

Smaldino, P. E., & McElreath, R. (2016). The natural selection of bad science. Royal Society 
Open Science, 3(9), 160384.

Smith, E., Williams-Jones, B., Master, Z., Larivière, V., Sugimoto, C. R., & Resnik, D. B. (2020). 
Misconduct and misbehavior related to authorship disagreements in collaborative 
science. Science and Engineering Ethics, 26(4), 1967-1993.

Stephan, P.  E. (2012). How economics shapes science. (Vol. 1). Cambridge, MA: Harvard 
University Press.

Stretton, S. (2014). Systematic review on the primary and secondary reporting of the 
prevalence of ghostwriting in the medical literature. BMJ Open, 4(7), e004777.

Stretton, S., Bramich, N. J., Keys, J. R., et al. (2012). Publication ethics and the ghostwriting 
problem. Medical Journal of Australia, 196(7), 458.

Trivers, R. L. (1972). Parental investment and sexual selection. In B. Campbell (Ed.), Sexual 
selection and the descent of man (pp. 136-179). Aldine.

University of Missouri. (2020). 3.31 promotion and tenure publication expectations 
[Archived webpage]. https://web.archive.org/web/20201001123456/
https://communication.missouri .edu/policy/331-promotion-and-tenur
e-publication-expectations

Wang, J., Halffman, W., & Zhang, Y. H. (2023). Sorting out journals: The proliferation 
of journal lists in China. Journal of the Association for Information Science and 
Technology, 74(10), 1207-1228.

Wuchty, S., Jones, B. F., & Uzzi, B. (2007). The increasing dominance of teams in production 
of knowledge. Science, 316(5827), 1036-1039.

Yildirim, H. (2023). Who fares better in teamwork?. The RAND Journal of Economics, 54(2), 
299-324.

Young, H. P. (1998). Individual strategy and social structure: An evolutionary theory of 
institutions. Princeton University Press.

Zollman, K. J. (2021). The theory of games as a tool for the social epistemologist. 
Philosophical Studies, 178(4), 1381-1401.

Cite this article: Semenova OV. Strategic Dynamics of Academic Co-authorship: An Evolutionary and Empirically Grounded Modeling Approach. J 
Scientometric Res. 2026;15(3):947-72.



Journal of Scientometric Research, Vol 15, Issue 3, Sep-Dec, 2026 967

Semenova: Strategic Dynamics of Academic Co-Authorship

APPENDIX A

Data Source availability and  Sampling Procedure
Data Source

Data format presented in a study as a set of distribution tables 
(number of coauthors × number of publications), transcribed 
for each of the 170 organizations from the platform www.
elibrary.ru - Russian Scientific Electronic Library. The coauthor 
distribution data presented in this study were collected manually 
by the authors through direct interaction with the elibrary.ru 
organizational analytics interface. The authors retain intellectual 
property rights over this compiled dataset as an original work of 
data curation, distinct from the underlying platform data.

The organizational-level dataset (publication counts per 
organization by number of coauthors, as recorded in July 2025) 
is deposited in the project OSF repository (elibrary_2025_170_
org, osf.io/x523p/files/35ntq) to support reproducibility. Data 
collection included double-check verification via repeated 
extractions: for a subset of approximately 10% of the 170 
organizations, the coauthor distribution table was independently 
re-extracted at a later date and compared against the original entry. 
Given that eLibrary.ru’s index is continuously updated as new 
publications are added, exact numerical agreement across access 
dates was not expected; however, the repeated extractions showed 
close agreement with the original entries, with no evidence of 
systematic discrepancies attributable to manual-extraction error. 

Additional indirect support for the reliability of the manual 
collection procedure comes from the independently and separately 
collected 2026 validation sample (N=446): the strategy-share 
distributions observed in this later, larger sample closely match 
those of the 2025 sample rather than diverging in ways one 
would expect from systematic manual-extraction error (Solo/
Hierarchical/Cooperative Kullback-Leibler divergence from the 
calibrated model=0.48/0.74/0.46; see Model Fit Assessment in 
the main text).

The presented data are sufficient to verify the empirical claims of 
the manuscript - namely, the shape of the coauthor distribution 
across Russian academic institutions - and are additionally 

independently reproducible by any reader through direct access 
to the elibrary.ru website, as described above.

Sampling Procedure
As of 2026, elibrary.ru lists over 123,000 registered organizations. 
Full manual coverage was not feasible. Organizations were 
selected by descending publication count from the www.elibrary.
ru publication ranked list, beginning with the most productive 
institution (Lomonosov Moscow State University) and proceeding 
downward, yielding two sampling clusters:

Cluster 1 - Large Multidisciplinary Universities (N=99). 
Publication output: approximately 40,000-407,000 publications 
per organization (as recorded in elibrary.ru at the time of data 
collection). These are predominantly large federal and national 
research universities with mixed disciplinary profiles spanning 
humanities, social sciences, natural sciences, and engineering. 
Their multidisciplinary character reduces discipline-specific 
bias in the aggregate coauthor distribution and provides broad 
coverage of the Russian academic landscape.

Cluster 2 - Medium-Sized Specialized Institutes (N=71). 
Publication output: approximately 14,000-20,000 publications 
per organization. These include Russian Academy of Sciences 
(RAS) institutes and specialized universities with pronounced 
disciplinary focus - natural sciences, medicine, agriculture, 
engineering, law, and humanities. Their inclusion allows partial 
observation of discipline-specific co-authorship patterns, though 
formal discipline-level disaggregation is deferred to future work.

Exclusion Criteria: Foreign (non-Russian, non-CIS) institutions 
were excluded. Small organizations (fewer than approximately 
14,000 publications) were not included for two reasons: (1) 
manual collection across the full range of small organizations 
listed in eLibrary.ru - numbering in the tens of thousands - was 
not feasible; (2) the ABM presented in this study operates with 
num_agents=250, calibrated to represent a mid-sized academic 
organization. Including institutions with substantially fewer 
active authors would risk misalignment between the empirical 
distribution and model parameters, potentially biasing the 
calibration. Systematic coverage of small institutions is identified 
as a priority for future research, contingent on API access.
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Table S2:Average Marginal Effects on Predicted Strategy Shares.

Predicted change in strategy share (percentage points) for a one-SD increase (in log-units) in each predictor, holding the other predictor at its sample 
mean.

Predictor (Δ) Strategy Δ Share (pp)
log(Efficiency) (+1 SD=0.352 log-units) Solo +5.26
log(Efficiency) (+1 SD=0.352 log-units) Hierarchical −1.60
log(Efficiency) (+1 SD=0.352 log-units) Cooperative −3.66
log(Cit/author) (+1 SD=0.577 log-units) Solo −1.88
log(Cit/author) (+1 SD=0.577 log-units) Hierarchical −3.65
log(Cit/author) (+1 SD=0.577 log-units) Cooperative +5.52

Note. Effects computed by comparing model-predicted shares at the sample mean versus mean + 1 SD of the focal log-transformed predictor, with the other predictor 
fixed at its mean. A +1 SD change in log-units corresponds to a multiplicative increase in the original (untransformed) predictor of approximately e^0.352 ≈ 1.42× for 
Efficiency and e^0.577 ≈ 1.78× for Cit/author.

Table S1: Dirichlet Regression Coefficients with 95% Confidence Intervals. 

Model: Y (Solo, Hierarchical, Cooperative shares) ~ log(Efficiency) + log(Cit/author). N=170 organizations. Cooperative threshold: 6+ authors (primary 
model).

Strategy Predictor Estimate SE 95% CI p
Solo Intercept 4.573 0.673 3.253, 5.893 <0.001

log(Efficiency) 0.444 0.216 0.021, 0.867 0.040
log(Cit/author) −0.932 0.161 −1.247, −0.617 <0.001

Hierarchical Intercept 6.781 0.672 5.464, 8.099 <0.001
log(Efficiency) −0.080 0.249 −0.567, 0.407 0.747
log(Cit/author) −0.931 0.155 −1.236, −0.627 <0.001

Cooperative Intercept 5.202 0.734 3.764, 6.641 <0.001
log(Efficiency) −1.506 0.260 −2.015, −0.997 <0.001
log(Cit/author) 0.012 0.147 −0.275, 0.300 0.932

Note. Efficiency=mean publications per author; Cit/author=mean citations per author; both log-transformed. Confidence intervals computed as Estimate ± 1.96×SE 
(Wald).

APPENDIX B

Supplementary Statistical Tables - 2025 Sample (N=170), Log-Transformed Predictors

Table S3: Model Diagnostics and Robustness to Organization Size.

Robustness check adds log(total publications) as a covariate to test whether the efficiency - Cooperative association reflects organization size rather 
than a genuine compositional effect.

Diagnostic Value
Predictor correlation (log-efficiency vs. log-cit/author) r=0.321

Likelihood-ratio test vs. null model χ²(6)=190.65, p<0.001
Pseudo-R² (McFadden-style) 0.207
Base (log) model AIC / BIC −902.1 / −873.9

Size-controlled model AIC / BIC (+ log(total publications)) −900.2 / −862.6
log(Efficiency) → Cooperative, base model −1.506 (p<0.001)

log(Efficiency) → Cooperative, controlling for organization size −1.506 (p<0.001)
Organization size (log total publications) → Cooperative 0.164 (p=0.114, n.s.)

Note. The log(Efficiency) → Cooperative association is unchanged after controlling for organization size (−1.506 in both models), and organization size itself is not a 
significant predictor of Cooperative share (p=0.114) once efficiency and citation impact are accounted for. The size-controlled model does not improve fit over the base 
model (AIC −900.2 vs. −902.1), indicating organization size does not confound the reported associations.
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APPENDIX С

Robustness Check: Closed-Group Model and H-C 
Payoff Sensitivity
C 1 Model’s specification 

In the current simplified strategy-game design, Cooperative 
agents are modelled as categorically inclusive: they cannot 
withhold co-authorship from colleagues. Solo agents, by 
definition, do not initiate collaborative exchanges; their payoffs 
are therefore structurally fixed and cannot be used as a free 
parameter. The H-C payoff, by contrast, is the only entry in the 
matrix that plausibly reflects empirical variation in Hierarchical 
extraction capacity, and the only one for which alternative values 
are theoretically meaningful. We test it across the following range:

Lower bound (H-C=+2, closed-group specification). In a closed 
group of ten agents, each limited to two publications per year, 

producing a fixed total of 20 papers per year, the H-C payoff of +3 
cannot be sustained as a constant: there is no external network to 
draw on. The base component of +2 reflects authorship inclusion 
in C's own papers.

Upper bound (H-C=+5, inflated extraction scenario). We also 
test a specification in which the Hierarchical payoff against 
Cooperative opponents is increased to +5 - a value that maximally 
favours Hierarchical agents beyond any empirically motivated 
bound - to verify whether Solo fixation persists even under 
conditions that strongly advantage Hierarchical agents.

All parameters in the examined models are identical to the main 
simulation (N=250 agents, group size=10, r=0.1, p=0.50, k=0.25, 
200 generations). 

C 2 Results
Table F1: Sensitivity analysis: mean strategy frequencies over the last 20 generations across H-C payoff specifications and parameter values (20 runs 

per point). Highlighted rows indicate conditions satisfying R ≥ k, the analytical threshold for Hierarchical dominance.

Parameter varied Value Solo Hierarchical Cooperative

H-C payoff +2 (closed, only internal publication)
r 0.0 1.00 0.00 0.00

0.05 0.99±0.03 0.00±0.00 0.01±0.03
0.1 0.99±0.02 0.00±0.00 0.01±0.02
0.2 0.81±0.31 0.04±0.09 0.16±0.27
0.3 0.12±0.30 0.79±0.32 0.09±0.16

k 0.1 0.50±0.38 0.29±0.29 0.21±0.33
0.25 0.96±0.10 0.00±0.00 0.04±0.10
0.4 1.00±0.00 0.00±0.00 0.00±0.00

p 0.25 0.99±0.05 0.00±0.00 0.01±0.05
0.5 0.98±0.07 0.00±0.01 0.02±0.07
0.75 1.00±0.00 0.00±0.00 0.00±0.00

Group size 6 0.85±0.30 0.01±0.03 0.13±0.30
10 0.92±0.25 0.00±0.00 0.08±0.25
16 1.00±0.00 0.00±0.00 0.00±0.00

H-C payoff +3 (main model)
r 0.0 1.00±0.00 0.00±0.00 0.00±0.00

0.05 1.00±0.00 0.00±0.00 0.00±0.00
0.1 1.00±0.00 0.00±0.00 0.00±0.00
0.2 0.75±0.44 0.25±0.44 0.00±0.00
0.3 0.00±0.00 1.00±0.00 0.00±0.00

k 0.1 0.05± 0.16 0.95±0.16 0.00±0.00
0.25 1.00±0.00 0.00±0.00 0.00±0.00
0.4 1.00±0.00 0.00±0.00 0.00±0.00

p 0.25 1.00±0.00 0.00±0.00 0.00±0.00
0.5 1.00±0.00 0.00±0.00 0.00±0.00
0.75 1.00±0.00 0.00±0.00 0.00±0.00
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Group size 6 0.99±0.02 0.01±0.02 0.00±0.00
10 1.00±0.00 0.00±0.00 0.00±0.00
16 1.00±0.00 0.00±0.00 0.00±0.00

H-C payoff +5 (inflated)
r 0.0 1.00±0.00 0.00±0.00 0.00±0.00

0.1 0.90±0.31 0.10±0.31 0.00±0.00
0.2 0.68±0.46 0.32±0.46 0.00±0.00
0.3 0.00±0.00 1.00±0.00 0.00±0.00

k 0.1 0.02±0.09 0.98±0.09 0.00±0.00
0.175 0.80±0.41 0.21±0.41 0.00±0.00
0.25 1.00±0.00 0.00±0.00 0.00±0.00
0.325 1.00±0.00 0.00±0.00 0.00±0.00

p 0.25 1.00±0.00 0.00±0.00 0.00±0.00
0.5 1.00±0.00 0.00±0.00 0.00±0.00
0.75 0.95±0.22 0.05±0.22 0.00±0.00

Group size 6 0.95±0.22 0.05±0.22 0.00±0.00
10 1.00±0.00 0.00±0.00 0.00±0.00
16 1.00±0.00 0.00±0.00 0.00±0.00

Note:  - reputational toll and coordination costs for Solo agents co-authoring with Hierarchical colleagues;  - probability of inclusion as co-author by Hierarchical 
agent;  - probability of obstruction or delay in H-H and H-C interactions. Bold=baseline parameter values (r=0.1, k=0.25, p=0.5, group size=10). For H-C=+3 and +5, 
Cooperative agents reach zero frequency across all tested configurations; at the minimal bound (H-C=+2), Cooperative agents persist non-trivially (see F.3).

C 3 Interpretation

The results are robust across both directions of the H-C payoff 
range, though not in the same way. Under baseline parameters 
(k > r, i.e., k=0.25, r=0.1), Solo wins regardless of the magnitude 
of the Hierarchical-from-Cooperative payoff - at +2, at +3, and 
at +5. Reducing the payoff to the minimum value characteristic 
of a group closed to external publications (+2) does not rescue 
Cooperative agents and does not produce Hierarchical dominance 
under baseline settings. 

Raising the payoff to its maximum (+5) reflects a scenario in 
which the Hierarchical agent draws an even larger share of credit 
from external, cross-institutional collaborative publications - an 
even more generous version of the same mechanism already 
built into the baseline payoff of +3. But, contrary to what one 
might intuitively expect, this does not lead to an increase in 
the Hierarchical share. Nor does it rescue cooperation - like 
the reduction to +2, only far more severely: at +5, Cooperative 
agents go fully extinct across the entire tested range of r. Once 
Cooperative agents disappear, the H-C payoff becomes irrelevant. 

The equilibrium is determined entirely by the H versus S game, 
where Solo holds a structural advantage of k − r=0.15. This 
outcome is robust at H-C=+3 and +5. At the minimal bound 
(+2), the same threshold operates in the same direction, but 
with substantially greater stochastic variance and incomplete 
fixation - at r =0.3 or k =0.1 (cases where r ≥ k), Hierarchical can 

overtake Solo even at +2. For instance, in the closed-group bound 
(H-C=+2), where the scoring system is constrained entirely by 
the group's own publication output and the Hierarchical payoff 
from Cooperative co-authors is small, Cooperative agents retain 
something to gain or lose from one another: the C frequency 
rises with r up to the point where r approaches k, then declines as 
Hierarchical dominance emerges.

In the opposite case - under the inflated payoff (H-C=+5), where 
part of the Hierarchical agent's score comes from external, 
cross-institutional publications beyond the baseline level - 
Hierarchical extraction from Cooperative agents becomes strong 
enough that increasing R no longer matters: Cooperative agents 
go extinct regardless of r.

At the same time, it is paradoxically the openness of scientific 
collectives - the continuous influx of new personnel through 
turnover, doctoral recruitment, and cross-institutional mobility 
- that is the key mechanism preventing Hierarchical extinction in 
the main model, by allowing Cooperative agents to be repeatedly 
replenished. The empirically observed Hierarchical dominance 
therefore exists not despite the open-system assumption, but 
because of it.

Accordingly, we suggest that the condition for Hierarchical 
dominance (r ≥ k) can be satisfied through qualitatively different 
but mathematically equivalent institutional mechanisms: a 
direct penalty on Solo authors for failing to contribute to joint 
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projects; a reputational cost imposed by Hierarchical agents 
through gatekeeping, delayed reviews, or restricted career 
advancement; or a collective boost to Cooperative agents through 
citation-weighted evaluation cycles that indirectly disadvantages 
those outside collaborative networks. All of these translate into 
the same structural shift - raising r relative to k.

C 4 Planned extension

We note that the closed-group specification presented here is 
a deliberate simplification. A fully closed model with realistic 
publication dynamics would require a substantially more 
complex architecture - three coupled feedback loops governing 

surplus accumulation, authorship allocation, and evolutionary 
selection separately - in which no publications arise from outside 
the group budget and surplus accumulated by Cooperative agents 
carries over across periods to drive the availability of second 
manuscripts. This is a theoretically well-motivated extension 
that we intend to pursue in future work, but it lies beyond the 
scope of the present manuscript and the reviewer's request for a 
robustness check.

APPENDIX D

Sensitivity analysis of the open model with mutation 
and institutional pressure

Parameter Value Solo Hierarchical Cooperative
r 0.00 0.68  0.04 0.26  0.03 0.06  0.01
r 0.05 0.65  0.07 0.29  0.06 0.06  0.01
r 0.10 0.52  0.09 0.42  0.09 0.06  0.01
r 0.20 0.19  0.06 0.75  0.06 0.07  0.01
r 0.30 0.06  0.01 0.87  0.02 0.07  0.01
p 0.250 0.58  0.06 0.36  0.05 0.05  0.01
p 0.375 0.53  0.07 0.40  0.06 0.06  0.01
p 0.500 0.55  0.05 0.38  0.04 0.06  0.01
p 0.625 0.45  0.08 0.48  0.07 0.07  0.02
p 0.750 0.45  0.08 0.47  0.07 0.08  0.01
k 0.100 0.11  0.02 0.82  0.02 0.07  0.02
k 0.175 0.27  0.09 0.66  0.08 0.07  0.01
k 0.250 0.54  0.10 0.39  0.08 0.06  0.02
k 0.325 0.66  0.05 0.28  0.05 0.06  0.01
k 0.400 0.72  0.02 0.22  0.02 0.06  0.01
Aeff 0.5 0.56  0.08 0.37  0.08 0.06  0.01
Aeff 1.0 0.57  0.09 0.37  0.08 0.06  0.01
Aeff 1.8 0.56  0.05 0.39  0.05 0.05  0.01
Aeff 2.5 0.49  0.07 0.44  0.06 0.07  0.01
Aeff 3.5 0.46  0.07 0.47  0.06 0.07  0.01
Acite 0.5 0.46  0.07 0.47  0.07 0.07  0.01
Acite 1.0 0.53  0.06 0.41  0.05 0.07  0.01
Acite 1.2 0.55  0.04 0.39  0.04 0.06  0.00
Acite 2.0 0.61  0.06 0.34  0.05 0.06  0.01
Acite 3.0 0.66  0.07 0.28  0.07 0.07  0.01

0.5 0.51  0.08 0.42  0.08 0.07  0.01

1.0 0.52  0.07 0.41  0.07 0.07  0.01

1.5 0.53  0.06 0.41  0.06 0.06  0.01

2.5 0.52  0.05 0.41  0.05 0.07  0.00

Sensitivity analysis of the open model with mutation and institutional pressure. Mean ± SD over 10 runs, 200 generations, N=250, group size=10, 
mutation rate=0.02.
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4.0 0.53  0.07 0.40  0.06 0.07  0.01

0.2 0.62  0.07 0.32  0.07 0.06  0.01

0.5 0.63  0.07 0.31  0.06 0.06  0.01

0.8 0.53  0.05 0.40  0.05 0.07  0.01

1.5 0.36  0.07 0.56  0.06 0.07  0.01

2.0 0.26  0.04 0.67  0.04 0.07  0.01
 
Note:  - reputational toll for Solo agents co-authoring with Hierarchical;  - probability of inclusion as co-author by Hierarchical agent;  - probability of obstruction or 
delay in H-H interactions;  - amplitude of efficiency pressure oscillation;  - amplitude of citation pressure oscillation;  - citation pressure weight for Cooperative agents;  
- efficiency pressure weight for Solo agents. Bold=baseline parameter values (, , , , , , ). Cooperative share remains stable (-) across all configurations, consistent with 
mutation-drift equilibrium and below the empirical target of 9.3% at threshold 6+. Solo-Hierarchical balance is most sensitive to  and ; shifts the balance substantially 
at high values; institutional pressure amplitudes have moderate monotonic effects.


