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Abstract 
Objective: To develop a mathematically rigorous, four-population evolutionary-game-theoretic (EGT) framework that specifies 
the structural conditions under which patient-centric behavior in generative-AI (GenAI)-augmented telemental health is a 
stable, dominant equilibrium of the joint patient–provider–payer–policymaker system, and to embed this contribution within 
a comprehensive narrative survey of the lineage of evolutionarily-stable-strategy (ESS) theorists, from Fisher's frequency-
dependent selection (1930) through Maynard Smith and Price's 1973 founding, the Taylor–Jonker replicator dynamic, the 
Hofbauer–Sigmund synthesis, the Foster–Young and Nowak finite-population programs, the graph- and structured-population 
theories of Lieberman, Ohtsuki, Hauert, Antal, Tarnita and Allen, and the algorithmic-strategic-interaction work of Hardt, Liu 
and Obermeyer, through to the 2023–2026 reassessment by Leimar–McNamara and Traulsen–Glynatsi.

Design: Theoretical modeling study with structured narrative survey. We construct a 3 × 3 × 3 × 3 asymmetric evolutionary 
game in which patients, providers, payers and policymakers each select among three behavioral strategies, with state-dependent 
payoffs incorporating clinical outcomes, patient-reported experience and outcome measures (PREMs / PROMs), digital-equity 
protection, generative-AI safety incidents specific to mental-health applications, and operational costs. 

Methodology: Strategy is governed by the multi-population replicator–mutator dynamic. We derive evolutionarily stable 
strategy (ESS) conditions in closed form and prove local asymptotic stability of the patient-centric equilibrium via a Kullback–
Leibler-divergence Lyapunov function and LaSalle's invariance principle. Four policy levers are formalized: the outcome-linked 
reimbursement weight β, the equity weight λ, the platform-redesign cost c_p, and the regulatory enforcement intensity τ for 
GenAI mental-health tools. Parameter ranges were calibrated against published telemental-health, AI-safety and value-based-
payment literature (2014–2025). No human subjects were enrolled and no original empirical data were collected.

Setting: Conceptual modeling and narrative review. No clinical setting; no patients enrolled.

Main Outcome Measures: Existence and local stability of the patient-centric ESS E_C; closed-form thresholds (β*, λ*, c*_p, τ*); 
qualitative regime classification (transactional, fragmented, mixed, patient-centric); and ten policy recommendations derivable 
from the threshold inequalities.

Results: The four-population framework yields four qualitatively distinct equilibria: a transactional equilibrium E_T, a 
fragmented equilibrium E_F, a mixed equilibrium E_X, and a patient-centric equilibrium E_C. We prove (Proposition 4) that E_C 
is a strict ESS if and only if β ≥ β*, λ ≥ λ*, c_p ≤ c*_p, and τ ≥ τ*, each threshold expressible in closed form in terms of the underlying 
payoff structure. Under our calibration, β* ≈ 0.45, λ* ≈ 0.30, c*_p ≈ 0.20, τ* ≈ 0.35. A Lyapunov-style argument (Theorem 1) shows 
that trajectories starting in a neighborhood of E_C converge to E_C under the replicator dynamic whenever all four threshold 
conditions hold strictly. 

Conclusions: Patient centricity in GenAI-augmented telemental health is best characterized as a co-evolutionary property of 
patients, providers, payers and policymakers, not as a unilateral attribute of any one actor. The framework yields ten concrete, 
threshold-derived policy recommendations and is intended to guide subsequent empirical estimation, payer contract design, 
and regulatory rule-making.
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Telemental health mental-health care delivered through video, phone or text has grown rapidly since 2020, and generative-
AI tools such as chatbots, vision language models and large language models are now being woven into therapy apps, triage 
workflows and clinical documentation. Almost every health organization claims to be "patient-centered." In practice, patients, 
clinicians, insurance payers and government regulators often want different things. Patients want care that fits their lives; 
clinicians face heavy schedules and unclear rules for using AI; payers reimburse along incentives that often reward visit 
volume rather than outcomes; and regulators are still deciding how to oversee AI in mental health.

This paper builds a mathematical theory—using evolutionary game theory—to ask one precise question: under what 
conditions does patient-centered behavior become the stable, default way of delivering AI-supported telemental health, 
rather than a niche preference? We model the system as four groups (patients, providers, payers, policymakers) that each 
choose among three behavioral strategies, and we calculate when the patient-centered outcome is an equilibrium that 
resists drift back toward less patient-centered alternatives. We identify four "policy knobs" that must all be turned high 
enough at the same time: (1) tying a meaningful share of payment to patient-reported outcomes; (2) weighting equity so 
vulnerable populations are protected; (3) keeping platform-redesign costs manageable; and (4) sustaining a credible level 
of regulatory enforcement for AI in mental health. We derive the threshold value of each knob in closed mathematical form, 
prove a stability theorem, and translate the math into ten specific recommendations for policymakers, payers, and platform 
designers. The paper also surveys nearly a century of evolutionary game theory work, from Fisher's frequency-dependent 
selection in 1930 through to research published in 2024–2026.

1. Introduction
1.1. Telemental Health and the Rise of Generative AI
Telemedicine has moved from a niche modality to a structural feature of healthcare delivery worldwide [1–6]. Within 
telemedicine, telemental health has emerged as one of the most durable post-pandemic survivors: by 2024 video- and 
audio-based mental-health visits accounted for roughly half of all behavioral-health encounters in the United States, with 
comparable trajectories in Europe, Australia and parts of Asia [7-9]. Two converging trends now shape the next decade 
of the field. The first is the integration of generative artificial intelligence (GenAI) large language models, conversational 
agents and multimodal systems into mental-health workflows, ranging from triage chatbots and asynchronous symptom 
screening to ambient documentation, clinical decision support, and patient-facing companions that deliver elements of 
cognitive-behavioral therapy [10-14]. The second is the corresponding expansion of regulatory attention, with the United 
States Food and Drug Administration formalizing pathways for AI/ML-based software as a medical device and the European 
Union enacting the world's first comprehensive AI regulation [15, 16].

In parallel, "patient centricity" has become a near-universal aspirational claim of healthcare organizations, payers and digital-
health vendors [17-19]. Operationalized definitions converge on respect for patient preferences, coordination of services, 
shared decision-making, and outcomes that include patient-reported experience and quality of life rather than biomarkers 
alone [20–25]. The empirical record on whether telemedicine actually improves patient centricity is mixed: reviews report 
gains in access, convenience and chronic-disease self-management, while disparities along the lines of age, race, language, 
rurality and broadband availability remain pronounced [26-33]. For GenAI tools specifically the evidence is even earlier: 
pre-registered randomized trials of therapeutic chatbots are emerging, real-world deployment data show heterogeneous 
adherence and outcome patterns, and the patient-safety, privacy and equity risks are well documented [34-37].

1.2. Why Patient Centricity is Structurally Difficult: Four Mis-Aligned Actors
A central reason for the mixed empirical record is that patient centricity is not a unilateral attribute of any single actor in the 
telemental-health ecosystem. It is a joint outcome of at least four behavioral populations:
•	 Patients: (Engagement, adherence, self-monitoring, willingness to disclose to a machine).
•	 Providers: (Listening, shared decision-making, asynchronous responsiveness, willingness to integrate AI into care).
•	 Payers: (Reimbursement design, parity for asynchronous and audio-only modalities, equity safeguards, platform 

contracting).
•	 Policymakers / Regulators: (Definition of "software as a medical device," audit cadence, enforcement intensity, equity 

reporting requirements, mental-health parity enforcement).	

Each actor faces its own incentives and costs. Patients trade convenience against effort and privacy. Providers face heavy 
schedules, uneven payment rules, and new liabilities around AI use. Payers face the structural pull of visit-volume metrics 
that are easier to measure than outcomes. Policymakers face the political feasibility of enforcement against well-resourced 
platforms and the practical limits of regulatory bandwidth. When these incentives pull in different directions, exhortations 
to "be patient-centered" produce disappointing returns [38, 39].

1.3. Why EGT Framework?
Existing analyses of telemental-health policy are predominantly empirical or descriptive. What is missing is a mathematically 
explicit theory of when patient centricity is structurally feasible—when it is a stable equilibrium that resists invasion by less 
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patient-centric alternatives, and when it is not. Without such a theory, policy debates default to exhortation and incremental 
reforms produce predictable failures [38, 39]. Evolutionary game theory (EGT), introduced by Maynard Smith and Price and 
developed by Taylor and Jonker, Hofbauer and Sigmund, Weibull Sandholm and Nowak, provides the analytical apparatus 
required [40-47]. Unlike classical Nash analysis, EGT does not assume hyper-rational actors; it models how the frequency of 
strategies in a population changes over time as a function of payoff differentials, capturing imitation, learning and boundedly-
rational adjustment [48, 49]. Its central stability concept—the evolutionarily stable strategy (ESS)—asks whether a strategy 
profile resists invasion by small fractions of mutants, which is exactly the question one wants to ask of patient-centric care.

1. 4. Research Questions and Contributions
This paper addresses four questions:
•	 RQ1: Under what structural conditions on reimbursement design, equity weighting, platform-redesign cost, and 

regulatory enforcement intensity is a patient-centric strategy profile an evolutionarily stable strategy in a four-population 
GenAI-augmented telemental-health model?

•	 RQ2: How do those conditions translate into closed-form, policy-relevant thresholds that can be related to observable 
proxy metrics?

•	 RQ3: What does the framework imply about equilibrium selection: which equilibrium does the ecosystem reach when 
conditions are not jointly satisfied, and what does this imply for the sequencing of policy reforms?

•	 RQ4: How does the framework relate to seventy years of game-theoretic work on healthcare, from Nash's foundational 
equilibrium concept through information-economic models of insurance markets, principal–agent models of physician 
payment, public-goods models of vaccination and antimicrobial stewardship, mechanism-design models of organ 
exchange, and emerging AI-policy game-theoretic models?

The paper makes five contributions: (i) a four-population EGT model of GenAI-augmented telemental health, extending the 
three-population analyses found in prior work by adding policymakers as an explicit strategic population; (ii) closed-form 
ESS thresholds for the patient-centric equilibrium in terms of four policy levers; (iii) a local-stability theorem under the 
replicator dynamic with a Lyapunov-style proof; (iv) a comprehensive narrative survey of game-theoretic models applied to 
healthcare since 1950, organized along nine model families; and (v) ten policy recommendations derivable directly from the 
threshold inequalities, addressed to regulators, payers, and platform/provider organizations.

1.5. Roadmap
Section 2 reviews the foundations of patient centricity, telemental-health effectiveness and equity, and the early evidence 
base on GenAI in mental health. Section 3 presents the lineage of ESS and evolutionary-game theorists from Fisher (1930) 
through the 2023–2026 research frontier, in sixteen subsections organized around the principal contributors. Section 4 
develops the formal four-population model. Section 5 presents the analytical methods (ESS conditions, replicator dynamics, 
Lyapunov stability). Section 6 states and proves the main theoretical results. Section 7 interprets the results, derives ten 
policy recommendations grounded in the 2025–2026 GenAI mental-health regulatory landscape, and discusses strengths 
and limitations. Section 8 concludes. Disclosures, AI Use Declaration, Data Availability Statement, Appendix and references 
follow.

2. Background and Related Work
2.1. Patient Centricity: From Concept to Measurement
The modern conceptualization of patient-centered care traces to the Picker / Commonwealth Fund work of the early 1990s 
and was systematized in the Institute of Medicine's Crossing the Quality Chasm report [19, 22]. Subsequent frameworks 
emphasize six dimensions: respect for preferences, coordination, information and education, physical comfort, emotional 
support, and involvement of family and friends [17, 23]. Operationalization typically uses patient-reported experience 
measures (PREMs), patient-reported outcome measures (PROMs) and shared-decision-making metrics [20, 21, 24, 25]. 
We adopt the broader sense of "patient-centric" as whole-system organization around patient outcomes and participation, 
rather than the narrower sense of "patient-centered" provider behavior.

2.2. Telemental Health: Effectiveness and Equity
Telemental health has been studied across modalities (video, asynchronous messaging, remote symptom monitoring), 
conditions and settings. Systematic reviews indicate non-inferior or superior outcomes for telepsychiatry across major 
depressive disorder, anxiety disorders, PTSD and substance-use disorders, with effect sizes comparable to in-person care 
for many conditions [7, 50]. Videoconferencing psychotherapy specifically shows therapeutic-alliance ratings comparable 
to in-person therapy in randomized trials [50]. Cochrane reviews of interactive telemedicine more broadly report modest 
but reproducible effects on clinical outcomes across conditions [51]. Equity findings are more concerning. Studies during 
and after the COVID-19 surge document substantial disparities in telehealth access by age, race, language, rurality and 
broadband availability [30–33]. Older adults, patients with limited English proficiency and patients in low-broadband 
regions disproportionately receive audio-only rather than video visits, which historically were reimbursed at lower rates 
[30–33]. These findings motivate the explicit equity weight λ in our payoff structure (Section 4).
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2.3. Generative AI in Mental Health: Early Evidence and Structural Concerns
Two streams of evidence on GenAI in mental health are now emerging. First, randomized and quasi-randomized trials of 
conversational agents have begun to appear. The Therabot trial of a generative-AI therapy chatbot reported reductions in 
depressive and anxiety symptoms relative to waitlist at four and eight weeks [34]. Earlier rule-based or hybrid systems 
such as Woebot and Wysa showed signals of benefit in pragmatic deployments, though with substantial heterogeneity in 
adherence and effect size [35, 36]. Sharma and colleagues demonstrated that human–AI collaboration can increase empathic 
response quality in peer-to-peer mental-health support, with effect sizes comparable to those produced by trained human 
responders [52].

Second, a parallel literature documents structural concern. De Choudhury and colleagues catalogue benefits and harms 
of large language models in digital mental health, including risks of inaccurate crisis-detection, reinforcement of harmful 
self-talk patterns, and privacy leakage [37]. Lawrence and colleagues formalize the opportunity–risk trade-off and propose 
safety guardrails [14]. Bickman's fifty-year retrospective on mental-health services research places GenAI tools within a 
longer trajectory of measurement-based and precision approaches to mental-health care, and Torous and colleagues survey 
the broader digital-psychiatry field [53, 54]. Stade and colleagues propose a framework for responsible development and 
evaluation of large language models in behavioral healthcare [13]. Algorithmic-fairness concerns specific to clinical AI are 
also well documented: Obermeyer and colleagues showed how a widely deployed risk-prediction algorithm systematically 
under-identified Black patients with high care needs, an empirical anchor for the equity-weighting term in our model [54].

2.4. Regulatory and Governance Context
The regulatory environment for GenAI in mental health is heterogeneous and rapidly evolving. The U.S. FDA has issued 
action plans for AI/ML-based software as a medical device but has not yet finalized a comprehensive rule for generative 
systems [15]. The European Union's AI Act, in force from 2024, classifies certain healthcare AI applications as "high-risk" and 
imposes obligations around risk management, data governance, transparency and human oversight [16]. Audit frameworks 
for large language models have been proposed but not standardized. Governance frameworks specific to generative AI in 
clinical decision support emphasize audit cadence, equity safeguards and standardized incident reporting. The enforcement 
intensity τ in our model (Section 4) is the abstract variable corresponding to the credibility and frequency of this regulatory 
apparatus.

2.5. Game Theory in Healthcare: A Pointer to the Comprehensive Survey
Game-theoretic analyses of healthcare span insurance markets, physician payment, hospital competition, antimicrobial 
stewardship, vaccination behavior, organ allocation and emerging AI-policy interactions. To our knowledge, no prior work 
models GenAI-augmented telemental-health patient centricity as a four-population evolutionary game. The closest works 
are single-population EGT models of patient adherence and two-player static games of provider–platform interaction [55]. 
We provide a comprehensive narrative survey of the field in Section 3 before developing our framework in Section 4.

3. A Lineage of ESS and Evolutionary Game Theorists, 1930–2026
This section traces the people and ideas that built evolutionary game theory (EGT) from its statistical-genetic precursors 
in the 1930s to the structured-population, finite-size, and human-cooperation theory of the present decade. The framing is 
deliberate: rather than centering Nash's 1950 existence theorem as the prime mover, we treat Nash's contribution as one 
tributary that fed into a much wider river. The wider river is the one Maynard Smith and Price tapped in 1973 and that—
through Taylor, Jonker, Zeeman, Selten, Friedman, Hofbauer, Sigmund, Weibull, Sandholm, Foster, Young, Kandori, Mailath, 
Rob, Schlag, Nowak, Sasaki, Fudenberg, Lieberman, Ohtsuki, Hauert, Antal, Tarnita, Traulsen, Allen, Szabó, Perc, Bauch, 
Galvani, Fu, Bowles, Gintis, Rand, Adami, Hintze, Leimar, McNamara, and many others—has carried the theory to where it 
stands in 2026. The aim is to give EGT the substantive intellectual treatment it deserves and to position the present four-
population framework precisely within that lineage.

3.1. Precursors: Fisher, Lewontin, Hamilton (1930–1967)
Although evolutionary game theory is conventionally dated to 1973, its conceptual scaffolding was being assembled 
four decades earlier. R. A. Fisher's Genetical Theory of Natural Selection introduced frequency-dependent selection as a 
foundation of evolutionary biology and gave the sex-ratio argument in which what is optimal for an individual depends 
on what the rest of the population is doing—the prototype of a game-theoretic argument in evolution [56]. Fisher did not 
invoke game theory by name, but the logic he applied to sex allocation is recognizably the logic that Maynard Smith and 
Price would formalize four decades later. Richard Lewontin's 1961 paper, sharing the title "Evolution and the Theory of 
Games" with Maynard Smith's later book, made the first explicit attempt to use game theory in evolutionary biology [57]. 
Lewontin modeled populations as playing games against "nature" (variable environments) and applied minimax reasoning 
to polymorphism as adaptation. The framing—population versus environment rather than individual versus individual—
turned out to be the wrong one for most biological problems, and by the mid-1960s Lewontin had largely abandoned the 
program. Yet his attempt established a vocabulary, and when Maynard Smith reconceived the problem as one of individuals 
competing within a population, Lewontin's earlier work was both negative example and prepared ground. Lewontin himself 
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contributed a mixed-strategy ESS existence proof during a 1972 visit to Maynard Smith at Sussex, even as his published 
reviews remained skeptical.

W. D. Hamilton's 1967 paper on extraordinary sex ratios was the first to use explicitly game-theoretic language ("unbeatable 
strategy") in an evolutionary biology argument [58]. Hamilton's unbeatable strategy in the local-mate-competition setting is 
essentially the same object as Maynard Smith and Price's ESS, six years earlier. Hamilton's kin-selection inequality, developed 
in parallel, supplied another piece of the strategic infrastructure: it identified the precise conditions under which apparently 
altruistic behavior is in fact a best response in an extended game that includes relatives. Hamilton, Maynard Smith, and 
Price became the second wave of evolutionary game theorists in the 1960s and 1970s, applying game theory at the level of 
individual phenotypes rather than against environments.

3.2. The 1973 Founding: Maynard Smith and Price
Maynard Smith and Price's 1973 paper "The Logic of Animal Conflict" is the conventional foundation. The biological problem 
was specific: why do intraspecific animal contests rarely escalate to lethal violence? Classical Darwinian reasoning struggled 
here, since if escalation paid in any single contest, escalators should outcompete non-escalators. Maynard Smith and Price's 
insight was that a strategy's payoff depends on the frequencies of strategies in the rest of the population. In a population 
of all hawks (always escalate), expected payoffs are low because injury costs swamp victory benefits, whereas a rare dove 
(display only) does relatively well by avoiding fights. The result is a stable mixed equilibrium whose composition depends 
on the ratio of victory benefit to injury cost.

Maynard Smith's 1974 follow-up paper and his 1982 book Evolution and the Theory of Games worked out the apparatus 
[59, 41]. The book established ESS analysis as a standard method in theoretical biology and is still the canonical reference. 
Formally, σ* is an ESS if, for every alternative σ ≠ σ*, either (i) the expected payoff of σ* against σ* strictly exceeds that of σ 
against σ*, or (ii) payoffs are tied at σ* but σ* strictly outperforms σ against σ. The first clause is the strict Nash condition; 
the second clause—about the response to the mutant itself—is what makes ESS strictly stronger than Nash and what gives it 
its dynamic content. George Price's contribution was both technical and conceptual; Price's tragic biography (suicide in 1975 
after his work on his eponymous equation and on altruism) is part of the field's cultural memory.

Two features of the ESS are routinely missed in applied work. First, every strict Nash equilibrium of a symmetric two-
player game is an ESS, but not every ESS is a strict Nash equilibrium of the underlying one-shot game; the ESS concept is 
intrinsically about populations playing many independent contests. Second, the ESS as Maynard Smith defined it is a static 

3.3. The Replicator Dynamic: Taylor, Jonker, Zeeman, Bishop, Cannings
Taylor and Jonker introduced the replicator equation in 1978 [42]. With x_i(t) the frequency of strategy i and f_i(x) the 
expected payoff in state x, the replicator dynamic is

Strategies that earn above-average payoff grow in frequency; those that earn below-average shrink; total frequency 
is preserved. The Taylor–Jonker equation is the canonical dynamic for a well-mixed asexual population in which fitness 
translates into reproductive success, and it is also equivalent—under mild assumptions—to the simplest model of imitation 
learning in human populations. The same equation governs biological reproduction and social imitation, which is why 
EGT travels so easily between disciplines [44, 60, 61]. Three properties of the dynamic deserve emphasis: (i) the simplex 
Δ^(n−1) is forward-invariant; (ii) pure-strategy vertices are fixed points, but only some are stable; and (iii) by a coordinate 
change, the replicator equation is equivalent to the Lotka–Volterra equations of mathematical ecology, importing the entire 
mathematical literature on predator–prey and competitive-exclusion dynamics.

E. C. Zeeman classified the phase portraits of three-strategy replicator dynamics geometrically in 1980, identifying eight 
qualitatively distinct types of behavior on the 2-simplex [62]. The list includes stable interior equilibria, heteroclinic cycles 
(the rock–paper–scissors structure), saddle–node configurations, and equilibria on the boundary that attract from the 
interior—each with a recognizable interpretation in applied work. Bishop and Cannings's "generalised war of attrition" 
developed mixed-ESS analysis for asymmetric contests and continuous strategy spaces, supplying machinery that recurs in 
biological modeling of waiting games and territorial disputes [63].

3.4. Asymmetric Games and the ESS–Nash Connection: Selten and Friedman
Reinhard Selten's 1980 paper on ESS in asymmetric animal conflicts proved a sharp and consequential result: in a two-
population asymmetric game, an ESS must be a strict Nash equilibrium of the underlying game [64]. In pure-strategy terms 
this rules out mixed equilibria as ESSes of asymmetric games. The four-population framework we develop in Section 4 
inherits this property—which is why our central result (Proposition 4) concerns the strict-ESS character of the pure patient-
centric profile E_C rather than some mixed configuration. Selten, who also developed subgame perfection in classical non-
cooperative theory and shared the 1994 Nobel with Nash and Harsanyi, occupies the unusual position of being a major 
contributor to both classical and evolutionary game theory.

concept—a payoff-inequality test—and does not by itself specify how a population reaches that 

equilibrium. Bridging the static-to-dynamic gap was the next intellectual step. 
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Daniel Friedman's 1991 Econometrica paper, "Evolutionary Games in Economics", was a major reception event for EGT outside 
biology [65]. Friedman established that for a wide class of "compatible" dynamics that generalize the replicator equation—
including the best-response dynamic, the logit dynamic, and the Smith dynamic—every ESS is a locally asymptotically stable 
rest point. This robustness result is the licence for using the replicator dynamic as the working model while interpreting 
predictions as approximately valid under a broader family of plausible adjustment mechanisms. Friedman's paper helped 
move EGT from a biological subspecialty into mainstream economics, where it now anchors the literature on bounded 
rationality, learning, and evolution of preferences.

3.5. The Hofbauer–Sigmund Synthesis and the Textbook Era: Weibull, Sandholm, Nowak
Josef Hofbauer and Karl Sigmund consolidated the mathematical theory in two reference works: the 1998 monograph 
Evolutionary Games and Population Dynamics and the widely cited 2003 Bulletin survey "Evolutionary game dynamics" [43, 
44]. Two contributions we use directly in Section 6 originate here. First, Hofbauer and Sigmund established the Kullback–
Leibler-divergence Lyapunov technique we deploy in Theorem 1: for many replicator systems V(x(t)): = D_KL (x* ‖ x(t)) 
from a candidate ESS x* is monotonically decreasing along trajectories. Second, they showed that the replicator–mutator 
equation—obtained by adding a uniform mutation term μ (1/n − x_i)—is a special case of the quasispecies equation from 
molecular evolution, importing yet another mathematical literature into the EGT toolbox.

Jörgen Weibull's 1995 textbook Evolutionary Game Theory introduced the field to a generation of economists [45]. William 
Sandholm's 2010 monograph Population Games and Evolutionary Dynamics, together with his earlier encyclopedia article, 
remains the most thorough modern treatment, covering deterministic and stochastic dynamics, potential games, and the 
geometry of best-response and logit dynamics [46, 66]. Martin Nowak's 2006 book Evolutionary Dynamics connected EGT 
to evolutionary biology proper through finite-population stochastic methods (Section 3.6 below), and through the program 
of "five rules for the evolution of cooperation" that has organized much of the subsequent literature on cooperation [47].

3.6. Stochastic Evolutionary Game Dynamics: Foster, Young, Kandori, Mailath, Rob
The replicator dynamic is a deterministic, large-population approximation. In finite populations, or in any population 
subject to noise, strategies that the deterministic dynamic identifies as stable can still be displaced. Dean Foster and Peyton 
Young introduced the concept of stochastic stability in 1990: in a population subject to small mutation noise, the long-run 
distribution of play concentrates on the equilibria that minimize a particular potential function, which may differ from the 
equilibria the deterministic dynamic selects [67]. Michihiro Kandori, George Mailath and Rafael Rob's 1993 Econometrica 
paper showed that in 2 × 2 coordination games the risk-dominant equilibrium is selected by stochastic stability, even when 
the payoff-dominant equilibrium is a strict Nash equilibrium of the unperturbed game [68]. The same selection principle 
was independently developed by Young's school and refined throughout the 1990s.

Karl Schlag's 1998 paper provided a microfoundational result of considerable importance to anyone applying EGT to human 
populations: proportional imitation—copying the strategy of a randomly sampled neighbor with probability proportional 
to the payoff difference—yields exactly the replicator dynamic at the population level [69]. The cognitive demands of EGT, 
on Schlag's microfoundation, are minimal: not Bayesian rationality, not common knowledge of rationality, just enough 
comparison to a sampled neighbor to imitate when it pays. This is one reason EGT is the right modeling language for health-
policy populations, where agents satisfy this minimal demand with room to spare. Lorens Imhof, Drew Fudenberg and Martin 
Nowak developed the analysis of evolutionary cycles of cooperation and defection in finite populations, extending Foster–
Young stochastic stability to richer games [70]. Arne Traulsen and Christoph Hauert's chapter "Stochastic Evolutionary Game 
Dynamics" is the standard reference for the finite-population apparatus [71].

3.7. Finite Populations: Nowak, Sasaki, Taylor, Fudenberg, and the 1/3 Law
Nowak, Sasaki, Taylor and Fudenberg's 2004 Nature paper "Emergence of cooperation and evolutionary stability in finite 
populations" proved one of the most consequential results of modern EGT: the celebrated 1/3 law. In a finite population 
of size N evolving under a Moran process with weak selection, a strategy A is more likely to invade a population of B's 
than vice versa if and only if A is a best response to a population playing B with frequency at least 1/3 [60]. The 1/3 law 
identifies a regime in which evolutionary dynamics in small populations diverge qualitatively from the infinite-population 
replicator analysis. For healthcare modeling the implication is direct: in regional health systems, specialty practices, or pilot 
programs, finite-population effects matter, and ESS conclusions based on the infinite-population deterministic dynamic must 
be checked against the corresponding finite-population stochastic dynamics. We address this caveat explicitly in Section 7.4.

3.8. Spatial and Graph-Structured EGT: Nowak, May, Lieberman, Ohtsuki, Hauert, Szabó, Perc
Nowak and Robert May's 1992 Nature paper "Evolutionary games and spatial chaos" launched the study of spatial 
evolutionary games [72]. Placing agents on a lattice and updating them by imitation of best-performing neighbors produces 
qualitatively new behavior, including stable coexistence of cooperators and defectors in the Prisoner's Dilemma—an 
outcome impossible in the well-mixed setting. Erez Lieberman, Christoph Hauert and Martin Nowak's 2005 Nature paper 
"Evolutionary dynamics on graphs" generalized the analysis from regular lattices to arbitrary graphs and characterized the 
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conditions under which graph structure amplifies or suppresses selection [73]. Hisashi Ohtsuki, Hauert, Lieberman and 
Nowak's 2006 Nature paper derived a simple rule for the evolution of cooperation on graphs: cooperation is favored when 
the benefit-to-cost ratio exceeds the average number of neighbors [74]. György Szabó and Gábor Fáth's 2007 Physics Reports 
survey catalogues the entire literature on evolutionary games on graphs, and Matjaž Perc and Attila Szolnoki's review of 
coevolutionary games tracks the parallel development in which network structure itself co-evolves with strategy [75, 76].

The graph-EGT literature reached a milestone with Benjamin Allen and colleagues' 2017 Nature paper "Evolutionary 
dynamics on any population structure", which derived closed-form fixation probabilities for arbitrary weighted networks 
under weak selection [77]. The result subsumes a generation of partial results and establishes graph-structured EGT as a 
complete theory rather than a collection of special cases. Deterministic theory of evolutionary games on temporal networks—
where the network itself changes in real time—is a 2024–2026 frontier active at the time of writing.

3.9. Beyond Graphs: Phenotype, Set, and Group-Structured Populations (Antal, Tarnita)
Tibor Antal, Hisashi Ohtsuki, John Wakeley, Peter Taylor and Martin Nowak's 2009 paper introduced evolutionary games 
in phenotype space, in which individuals interact preferentially with phenotypically similar others [78]. The framework 
explains a class of cooperation outcomes that neither well-mixed nor graph-structured models predict and is one of the 
principal generalizations of Hamilton's kin-selection logic to arbitrary phenotypic traits. Corina Tarnita, Antal, Ohtsuki and 
Nowak's companion paper developed evolutionary dynamics in set-structured populations, in which individuals belong to 
overlapping sets and interact only within shared sets [79]. The set-structured framework provides a natural model of multi-
affiliation organizations—exactly the structure of healthcare systems, in which patients, providers, payers and policymakers 
operate across overlapping institutional and jurisdictional sets. Although we do not use the set-structured formalism in the 
present analysis, it is the natural extension for future work on multistate telemental-health regulation.

3.10. EGT in Human Cooperation: Bowles, Gintis, Rand, Nowak
A substantial post-2000 literature has used EGT to understand human cooperation specifically, with explicit attention to 
social-norm enforcement, reputation, and institutional incentives. Samuel Bowles and Herbert Gintis's a Cooperative Species 
synthesizes the experimental, anthropological and theoretical evidence for an evolutionary account of human prosociality, 
with EGT as the central mathematical language [80]. David Rand and Martin Nowak's Trends in Cognitive Sciences review 
catalogues the experimental findings on human cooperation in public-goods games, prisoner's dilemmas, and trust games, 
all interpreted through the EGT lens [81]. The substantive lessons of this literature—that humans cooperate more than 
narrow self-interest predicts; that conditional cooperation, punishment, and reputation are the principal mechanisms; that 
institutional design matters enormously—are the empirical motivation for treating patient and provider populations not as 
fully selfish but as boundedly rational imitators of payoff-superior strategies.

3.11. Computational and Agent-Based EGT: Adami, Hintze
As analytical methods reached their natural limits, computational and agent-based approaches expanded the reach of EGT to 
settings where strategies are themselves complex (encoded as finite-state machines, neural networks, or genomes). Christoph 
Adami, Jory Schossau and Arend Hintze's 2016 Physics of Life Reviews paper surveys the agent-based-EGT literature and 
identifies the conditions under which computational simulation yields conclusions consistent with—and where it diverges 
from—analytical replicator-dynamic results [82]. For healthcare, agent-based EGT is the natural extension when strategy 
spaces are too rich for analytical tractability, such as when GenAI platform behaviors are themselves learned and adaptive.

3.12. EGT in Disease, Vaccination, and Healthcare Behavior
Direct EGT applications to healthcare have concentrated in three substantive domains. The flagship is vaccination behavior. 
Chris Bauch and David Earn's 2004 paper "Vaccination and the theory of games" showed that under self-interested decision-
making equilibrium vaccination coverage falls short of the social optimum because herd immunity allows free-riding [83]. 
Alison Galvani, Timothy Reluga and Gretchen Chapman demonstrated empirically that long-standing U.S [84]. influenza-
vaccination policy is consistent with individual self-interest but not the utilitarian optimum. Feng Fu, Daniel Rosenbloom, 
Long Wang and Nowak extended the analysis to imitation dynamics on social networks [85]. Reluga and Galvani developed 
the general population-game framework [86]. Zhen Wang and colleagues' Physics Reports review on the statistical physics of 
vaccination is the comprehensive reference, with Cardillo and colleagues on network effects and Jun Tanimoto's monograph 
on the broader sociophysics of evolutionary games and epidemics [87-89]. The methodological lessons—replicator dynamics, 
ESS analysis, network-structured imitation, and the coupling between epidemic and behavioral dynamics—translate directly 
into our framework.

The second domain is antimicrobial stewardship, where antibiotic prescribing has the structure of a tragedy-of-the-
commons: each prescription confers a private benefit and contributes to the population-level externality of resistance. Klaus 
Kaier and Uwe Frank developed the explicit pharmacoeconomic model of this externality, and subsequent EGT analyses 
have examined when stewardship policies, peer-comparison feedback, and reimbursement adjustments shift prescribing 
populations toward narrower-spectrum strategies [90]. The third domain is patient adherence and treatment dynamics. 
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Khan, Khan and Zia-Ul-Haq developed a single-population EGT model of patient adherence in chronic disease, finding that 
adherence is co-determined by clinical effectiveness, regimen complexity, and peer-imitation effects [55]. EGT has also been 
applied to tumor evolution under treatment, modeling drug-sensitive and drug-resistant cancer-cell subpopulations as a 
strategic interaction—methodologically parallel to the present framework, substantively distinct. The unifying observation 
is that wherever a population of agents (cells, patients, providers, payers, policymakers) responds to differential payoffs 
through imitation, reproduction or learning, EGT supplies the natural mathematical language.

3.13. Algorithmic Strategic Interaction (2016–Present): Hardt, Liu, Obermeyer
A new and policy-relevant family analyzes strategic interaction in the presence of algorithmic decision-making. Moritz Hardt, 
Nimrod Megiddo, Christos Papadimitriou and Mary Wootters's "strategic classification" framework model’s agents who 
manipulate their features in response to a known classifier, producing equilibria in which classifier accuracy is degraded by 
gaming [91]. Lydia Liu and colleagues formalize delayed impact of fair machine learning, showing that interventions designed 
to satisfy short-run fairness criteria can produce welfare-reducing dynamics over longer horizons [92]. Ziad Obermeyer 
and colleagues' empirical study of racial bias in clinical risk-prediction algorithms supplied the canonical empirical anchor 
in healthcare [54]. This family is directly relevant to GenAI in mental health: patients, providers and platforms respond 
strategically to each other, and our framework incorporates the dynamic by treating regulatory enforcement intensity τ and 
platform-redesign cost c_p as policy levers that condition the population-level response.

3.14. Mechanism Design as the Constructive Inverse
Mechanism design—the constructive inverse of game theory—is also part of the lineage. Alvin Roth, Tayfun Sönmez and 
Utku Ünver's kidney-exchange papers and Roth and Elliott Peranson's redesign of the National Resident Matching Program 
together established mechanism design as a healthcare-relevant engineering discipline [59, 93, 94]. The framework's 
lesson—that institutions should be designed with strategic agents in mind, not against them—is the spirit in which we cast 
our four policy levers (Section 4) as a designed environment within which the patient-centric ESS becomes attainable.

3.15. The 2023 Fiftieth-Anniversary Reassessment and Open Problems Through 2026
Olof Leimar and John McNamara's 2023 Philosophical Transactions paper, "Game theory in biology: 50 years and onwards", 
and Arne Traulsen and Nikoleta Glynatsi's companion survey "The future of theoretical evolutionary game theory" frame 
the fiftieth-anniversary stock-taking of the field [95, 96]. Three open problem areas they identify—and that frame our 
contribution—deserve specific mention. Multi-population asymmetric games beyond two populations. The theory of two-
population asymmetric games is well developed; the theory of three or more populations is substantially less so. ESS conditions 
in n-population games are a system of inequalities (one per population), and the basin-of-attraction structure under multi-
population replicator dynamics can be intricate. Our four-population analysis (Sections 4–6) contributes a concrete case in 
which closed-form thresholds can be derived; the broader theory of which classes of n-population asymmetric games admit 
clean threshold characterizations remains active. Coupling between dynamics on multiple timescales. Patient strategies 
adjust on months; provider strategies on years; payer contracts on multi-year cycles; regulatory regimes on years to decades. 

The standard replicator analysis assumes a single timescale. Slow–fast decomposition methods are available [46], but 
applying them to four-population health-policy games is non-routine. We use a single-timescale formulation in this paper, 
with explicit acknowledgment of the limitation (Section 7.4). Stochastic perturbations and incident-driven shocks. Real health 
systems experience rare, high-salience events—a publicized AI safety incident, a malpractice verdict, a policy reversal—that 
act as large stochastic shocks rather than the small mutation noise of standard stochastic-stability theory. Modeling such 
shocks formally is an open methodological problem; the November 2025 FDA Digital Health Advisory Committee meeting 
and the 2025 state laws discussed in Section 7 are real examples of exactly this category of perturbation.

3.16. What is Missing, and what this Paper Supplies
The lineage just traced—from Fisher's frequency-dependent sex-ratio argument through Hamilton's unbeatable strategy, 
Lewontin's first explicit attempt, Maynard Smith and Price's 1973 founding, the Taylor–Jonker replicator dynamic, Zeeman's 
geometric classification, Selten's asymmetric-ESS theorem, Friedman's reception into economics, the Hofbauer–Sigmund 
synthesis, the Weibull and Sandholm textbooks, the Foster–Young and Kandori–Mailath–Rob stochastic-stability program, 
Schlag's microfoundation, the Nowak–Sasaki–Taylor–Fudenberg finite-population law, Nowak and May's spatial games, the 
Lieberman–Hauert–Ohtsuki–Allen graph-structured theory, the Antal–Tarnita phenotype- and set-structured extensions, the 
Bauch–Galvani–Fu–Wang–Tanimoto vaccination literature, the Hardt–Liu–Obermeyer algorithmic-strategic literature, and 
the 2023 Leimar–McNamara and Traulsen–Glynatsi reassessments—has produced a remarkably complete mathematical, 
empirical and computational toolkit. What none of these contributors built, and what this paper supplies, is a unified four-
population evolutionary framework that (i) treats patients, providers, payers and policymakers symmetrically as strategic 
populations, (ii) derives closed-form ESS thresholds in terms of recognizable policy levers, (iii) embeds the specific structural 
features of GenAI-augmented telemental health (algorithmic-safety incidents, equity-weighting, enforcement-intensity 
asymmetries), and (iv) is testable in principle by empirical estimation of the payoff parameters from administrative data. 
Table 1 summarizes the lineage and its relationship to the present framework.
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Period and contributors Principal contribution Relationship to present framework
Precursors (1930–1967): Fisher 
[111]; Lewontin [112]; Hamilton 
[113]

Frequency-dependent selection; first 
explicit population-game model; 
"unbeatable strategy" as proto-ESS

Establish strategic vocabulary; 
motivate population-level analysis

1973 founding: Maynard Smith & 
Price [47]; Maynard Smith [48, 72]

ESS concept; hawk–dove logic; 
Evolution and the Theory of Games

Direct intellectual parent of patient-
centric-ESS analysis

Replicator dynamic (1978–1980): 
Taylor & Jonker [49]; Zeeman [50]; 
Bishop & Cannings [60]

Replicator equation; phase-portrait 
classification; war-of-attrition 
machinery

Supplies the dynamic apparatus used 
in Section 5

Asymmetric games (1980, 1991): 
Selten [45]; Friedman [46]

Asymmetric-ESS = strict Nash; 
robustness across compatible 
dynamics

Justifies pure-strategy focus and 
replicator-dynamic robustness in 
Section 6

Modern synthesis (1995–2010): 
Hofbauer & Sigmund [51, 52]; 
Weibull [53]; Sandholm [54]; 
Nowak [55]

KL-divergence Lyapunov methods; 
replicator–mutator; textbook 
consolidation

Lyapunov technique used in Theorem 
1; standard reference frame

Stochastic & finite-population 
(1990–2009): Foster & Young 
[61]; Kandori–Mailath–Rob [62]; 
Schlag [63]; Nowak–Sasaki–Taylor–
Fudenberg [56]; Imhof–Fudenberg–
Nowak [64]; Traulsen & Hauert 
[65]

Stochastic stability; risk dominance; 
imitation microfoundation; 1/3 law

Caveats around small populations and 
stochastic shocks (Section 7.4)

Spatial / graph EGT (1992–2017): 
Nowak & May [114]; Lieberman–
Hauert–Nowak [115]; Ohtsuki–
Hauert–Lieberman–Nowak [116]; 
Szabó & Fáth [119]; Perc & Szolnoki 
[120]; Allen et al. [121]

Spatial games; evolutionary dynamics 
on graphs; closed-form fixation on 
arbitrary networks

Natural extension of our well-mixed 
model to provider networks and payer 
cohorts

Phenotype & set structure (2009): 
Antal et al. [117]; Tarnita et al. 
[118]

Phenotype-space and set-structured 
population games

Native model of multistate telemental-
health regulation (Section 7.5)

EGT in human cooperation (2011–
2013): Bowles & Gintis [122]; Rand 
& Nowak [123]

Experimental and theoretical 
synthesis of human prosociality 
through EGT lens

Empirical motivation for bounded-
rational, imitative agents

Computational / agent-based EGT 
(2016): Adami–Schossau–Hintze 
[124]

Simulation methods for complex 
strategy spaces

Natural extension when GenAI 
strategies are themselves learned and 
adaptive

Vaccination & stewardship (2004–
2019): Bauch & Earn [66]; Galvani 
et al. [69]; Fu et al. [67]; Wang et 
al. [70]; Tanimoto [76]; Reluga & 
Galvani [78]; Kaier & Frank [44]

Voluntary-vaccination games; 
statistical physics of vaccination; 
antimicrobial-resistance externalities

Methodological template for replicator 
dynamics in healthcare populations

Algorithmic strategic interaction 
(2016–2019): Hardt et al. [105]; Liu 
et al. [106]; Obermeyer et al. [86]

Strategic classification; delayed 
impact of fair ML; documented 
algorithmic bias

Motivates policymaker population R 
and enforcement intensity τ

Mechanism design (1999–2007): 
Roth, Sönmez, Ünver [72, 73]; Roth 
& Peranson [74]

Kidney exchange; NRMP redesign Frames four policy levers as designed 
environment for patient-centric ESS

2023 reassessment & 2024–2026 
frontier: Leimar & McNamara 
[125]; Traulsen & Glynatsi [126]

Fiftieth-anniversary stock-taking; 
open problems in stochastic, multi-
population, temporal-network EGT

Frames the present framework within 
current research agenda

Table 1: Major Contributors to Evolutionary Game Theory and their Relationship to the Present Four-Population 
Framework
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4. The Four-Population Conceptual Framework
We model the GenAI-augmented telemental-health ecosystem as a four-population asymmetric evolutionary game Γ = (P, S, 
Π, Φ), where P is the set of populations, S is the joint strategy space, Π is the payoff structure and Φ is the strategy-update 
dynamic. The crucial extension relative to prior three-population work [original framework, ref. internally] is the inclusion 
of policymakers as an explicit fourth population whose strategy variable captures regulatory enforcement intensity for 
GenAI mental-health tools.

4.1 the four populations and their strategies
4.1.1 Population 1 — Patients (P)
Each patient adopts a strategy s_P ∈ S_P = {P_1, P_2, P_3}:
•	 P_1 — Passive recipient: episodic visits, low self-monitoring, no asynchronous communication, no use of GenAI tools.
•	 P_2 — Selective engager: uses telemental-health when convenient; moderate self-monitoring; partial use of patient 

portals; occasional GenAI-companion use.
•	 P_3 — Co-producer: routine self-monitoring, active portal use, shared decision-making, asynchronous escalation of 

concerns, integration of GenAI tools as scaffolding for between-session reflection.

4.1.2 Population 2 — Providers (D)
Each provider adopts a strategy s_D ∈ S_D = {D_1, D_2, D_3}:
•	 D_1 — Throughput-oriented: short slots, minimal asynchronous follow-up, standardized scripts, minimal use of AI in 

care planning.
•	 D_2 — Hybrid: mix of throughput and selective personalization, moderate asynchronous engagement, ad-hoc use of AI 

for documentation.
•	 D_3 — Patient-centric AI-augmented: shared-decision protocols, robust asynchronous communication, PROM/PREM 

tracking, deliberate integration of AI scribes and decision-support tools with explicit clinical oversight.

4.1.3 Population 3 — Payers (Y)
Each payer adopts a strategy s_Y ∈ S_Y = {Y_1, Y_2, Y_3}:
•	 Y_1 — Volume-aligned: fee-for-service reimbursement; visit-volume nudges; minimal outcome reporting.
•	 Y_2 — Mixed: partial outcome-linked reimbursement; balance of throughput and engagement metrics; modest equity 

reporting.
•	 Y_3 — Outcome-aligned: substantial outcome-linked reimbursement weight; PREM/PROM and equity dashboards; 

parity for audio-only and asynchronous modalities; explicit AI-safety contracting.

4.1.4 Population 4 — Policymakers / Regulators (R)
Each policymaker adopts a strategy s_R ∈ S_R = {R_1, R_2, R_3}:
•	 R_1 — Permissive: minimal AI oversight; voluntary guidelines; weak parity enforcement; little equity-disparity 

reporting.
•	 R_2 — Selective: rule-issuing but inconsistent enforcement; partial equity-disparity reporting; mental-health parity 

enforced post hoc rather than continuously.
•	 R_3 — Active-stewardship: credible audit cadence for GenAI mental-health tools; mandatory equity-disparity reporting; 

continuous mental-health parity enforcement; standardized AI-incident reporting.

The joint pure-strategy space has |S| = 3 × 3 × 3 × 3 = 81 profiles.

4.2 Population state

4.3. Payoff Structure
4.3.1. Patient Payoff
A patient using strategy P_i when other populations have frequency vectors y, z, w obtains

where ω_{ijkℓ}^P encodes clinical and experiential value to the patient under joint profile (P_i, D_j, Y_k, R_ℓ); c_i^P is patient 
effort cost (zero for P_1, increasing with engagement); e_i(y, z, w) ∈ [0, 1] measures digital-equity protection enjoyed by 
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4.3.2. Provider Payoff
A provider using strategy D_j obtains

where ω_{ijkℓ}^D encodes professional satisfaction, panel outcomes and continuity value; c_j^D(z, w) is operational cost 
depending on payer support and on policymaker compliance requirements; R_j(x, z) is the outcome-linked reimbursement 
bonus to strategy D_j; β ∈ [0, 1] is the global outcome-linked reimbursement weight (a policy lever); and σ_j^D(w) is the 
expected liability and reputational cost from AI-related adverse events under enforcement intensity w.

4.3.3. Payer Payoff
A payer using strategy Y_k obtains

where ω_{ijkℓ}^Y encodes payer revenue and reputational value; c_p · 𝟙[k =  3] is the redesign /  alignment cost for adopting 
an outcome-aligned strategy (a policy lever); and ρ_k(x, y, w) is a regulatory-risk term penalizing equity violations, growing 
with the share of vulnerable patients inadequately served and with the share of active-stewardship policymakers.

4.3.4 Policymaker payoff
A policymaker using strategy R_ℓ obtains

where ω_{ijkℓ}^R encodes political and welfare-aligned value to the policymaker (e.g., re-election probability, institutional 
reputation, public trust); τ · A_ℓ is the cost of enforcement, with τ ≥ 0 the global enforcement-intensity lever and A_ℓ ≥ 0 
the audit-effort multiplier for strategy R_ℓ (A_1 = 0, A_2 < A_3); μ_ℓ · W(x, y, z) captures the welfare gain attributable to 
enforcement strategy ℓ given the population state (the welfare function W is increasing in x_3, y_3 and z_3); and π_ℓ · I(x, y) 
is the political-cost term for high-profile AI-incident events I, which is larger under permissive strategies.
The enforcement-intensity lever τ is conceptually parallel to β, λ and c_p but operates on the policymaker population 
specifically. It captures the credibility of the audit cadence for GenAI mental-health tools, the frequency of equity-disparity 
reporting, and the enforcement of mental-health parity rules.

4.4 Standing assumptions
We collect the assumptions used throughout.
• Assumption 1 (Bounded payoffs). All payoff entries ω_{ijkℓ}^α are bounded: |ω_{ijkℓ}^α| ≤ W for some W < ∞ and all α 
∈ {P, D, Y, R} and all i, j, k, ℓ. All cost terms are non-negative and bounded.
• Assumption 2 (Monotonicity in patient centricity). For each population α, the interaction payoff ω_{ijkℓ}^α is non-
decreasing in any one index when the other indices are at their largest values, i.e., the joint patient-centric profile (P_3, D_3, 
Y_3, R_3) produces the highest interaction value in each population.
• Assumption 3 (Cost structure). Patient effort cost satisfies c_1^P < c_2^P < c_3^P. Provider operational cost c_j^D(z, w) 
is non-increasing in z_3 for j ∈ {2, 3} and constant in z for j = 1; it is non-decreasing in w_3 for j = 1 (active stewardship raises 
documentation and compliance burdens for throughput providers) and non-increasing in w_3 for j = 3 (active stewardship 
reduces liability uncertainty for patient-centric providers). Payer redesign cost c_p applies only to Y_3. Policymaker audit-
effort A_ℓ is strictly increasing in ℓ.
• Assumption 4 (AI-safety incident structure). The patient AI-safety harm σ_i^P(y, w) is non-decreasing in y_1 and non-
increasing in w_3; the provider AI-related liability σ_j^D(w) satisfies σ_1^D(w) > σ_2^D(w) > σ_3^D(w) for any w with w_3 > 
0, and σ_1^D(e_3) ≥ σ_1^D(e_1)·(1 + κ) for some κ > 0 (the liability premium for throughput AI use is amplified under active 
stewardship).
• Assumption 5 (Equity term). The patient equity-protection function e_i(y, z, w) is increasing in y_3, z_3 and w_3; e_3(y, z, 
w) ≡ 1 for all (y, z, w); and e_1(y, z, w) is strictly less than e_3(y, z, w) whenever any of y_3, z_3, w_3 is below 1.
Assumption 2 reflects empirical evidence that joint patient-centric configurations produce the highest clinical and 
experiential value [7, 11, 10, 14]; Assumptions 3–5 reflect that engagement, shared decision-making, platform redesign, and 
active regulatory stewardship are all costly absent supporting infrastructure but produce reinforcing complementarities at 
joint patient-centric profiles [16, 23, 3, 87, 95]. 

5. Methods
5.1. Replicator Dynamics
We adopt the standard continuous-time replicator dynamic [55, 56] for each population. Let ū^P(ξ): = Σ_i x_i u_i^P (y, z, w) 
denote the population-mean patient payoff; define ū^D(ξ), ū^Y(ξ), ū^R(ξ) analogously. The joint dynamics are
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election probability, institutional reputation, public trust); τ · A_ℓ is the cost of enforcement, 

with τ ≥ 0 the global enforcement-intensity lever and A_ℓ ≥ 0 the audit-effort multiplier for 

strategy R_ℓ (A_1 = 0, A_2 < A_3); μ_ℓ · W(x, y, z) captures the welfare gain attributable to 

enforcement strategy ℓ given the population state (the welfare function W is increasing in x_3, 
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credibility of the audit cadence for GenAI mental-health tools, the frequency of equity-disparity 

reporting, and the enforcement of mental-health parity rules. 

 

4.4. Standing Assumptions 

5.1. Replicator Dynamics 

We adopt the standard continuous-time replicator dynamic [55, 56] for each population. Let 

ū^P(ξ): = Σ_i x_i u_i^P (y, z, w) denote the population-mean patient payoff; define ū^D(ξ), 

ū^Y(ξ), ū^R(ξ) analogously. The joint dynamics are 

x_i = x_i [u_i^P (y, z, w)   ū^P(ξ)], i = 1, 2, 3, 

ẏ_j = y_j [u_j^D (x, z, w)   ū^D(ξ)], j = 1, 2, 3, 

ż_k = z_k  u_k^Y(x, y, w)   ū^Y(ξ)], k = 1, 2, 3, 

ẇ_ℓ = w_ℓ  u_ℓ^R (x, y, z)   ū^R(ξ)], ℓ = 1, 2, 3. 

 

Lemma 1 (Forward Invariance of the Simplex) Under the replicator system above, the joint 

simplex Δ = Δ² × Δ² × Δ² × Δ² is forward invariant. Proof. For any i, if x_i = 0 then ẋ_i = 0, so 

the boundary of each component simplex is invariant. Summing components, Σ_i ẋ_i = Σ_i x_i 

u_i^P − ū^P Σ_i x_i = ū^P − ū^P = 0, so Σ_i x_i = 1 is preserved. Identical arguments apply to y, 

z and w, completing the proof.  For robustness analyses we use the replicator-mutator extension, 

in which a small uniform mutation rate μ ∈ (0, μ_0) is added: ẋ_i = x_i [u_i^P − ū^P] + μ (1/3 − 

x_i), and analogously for y, z, w [98]. For all qualitative results below, we take μ → 0^+; the 

replicator-mutator dynamic is used only when discussing structural robustness. 

 

5.2. Solution Concept 

 Definition 1 (Multi-population Nash Equilibrium) 

A profile ξ* = (x*, y*, z*, w*) ∈ Δ is a Nash equilibrium of Γ if, for each population α ∈ 

{P, D, Y, R} and each strategy s in the support of the corresponding component of ξ*, 

u_s^α(ξ*) ≥ u_{s’} ^α(ξ*) for all alternative strategies s'. 

 Definition 2 (Strict ESS, Multi-Population) 

A profile ξ* is a strict evolutionarily stable strategy (ESS) if (i) it is a Nash equilibrium of 

Γ, and (ii) for every nearby profile ξ' ≠ ξ* with ‖ξ' − ξ*‖ < ε for some ε > 0, there exists at 

least one population α in which the post-perturbation mean payoff to incumbents strictly 

exceeds that to mutants [46, 61]. 

 Definition 3 (Patient-Centric ESS) 
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Lemma 1 (Forward invariance of the simplex). Under the replicator system above, the joint simplex Δ = Δ² × Δ² × Δ² × Δ² 
is forward invariant.
Proof. For any i, if x_i = 0 then ẋ_i = 0, so the boundary of each component simplex is invariant. Summing components, Σ_i ẋ_i 
= Σ_i x_i u_i^P − ū^P Σ_i x_i = ū^P − ū^P = 0, so Σ_i x_i = 1 is preserved. Identical arguments apply to y, z and w, completing 
the proof. 
For robustness analyses we use the replicator-mutator extension [57], in which a small uniform mutation rate μ ∈ (0, μ_0) is 
added: ẋ_i = x_i[u_i^P − ū^P] + μ(1/3 − x_i), and analogously for y, z, w. For all qualitative results below we take μ → 0^+; the 
replicator-mutator dynamic is used only when discussing structural robustness.

5.2 Solution concept
• Definition 1 (Multi-population Nash equilibrium). A profile ξ* = (x*, y*, z*, w*) ∈ Δ is a Nash equilibrium of Γ if, for each 
population α ∈ {P, D, Y, R} and each strategy s in the support of the corresponding component of ξ*, u_s^α(ξ*) ≥ u_{s'}^α(ξ*) 
for all alternative strategies s'.
• Definition 2 (Strict ESS, multi-population). A profile ξ* is a strict evolutionarily stable strategy (ESS) if (i) it is a Nash 
equilibrium of Γ, and (ii) for every nearby profile ξ' ≠ ξ* with ‖ξ' − ξ*‖ < ε for some ε > 0, there exists at least one population 
α in which the post-perturbation mean payoff to incumbents strictly exceeds that to mutants [54, 58].

• Definition 3 (Patient-centric ESS). The profile E_C := (P_3, D_3, Y_3, R_3), identified with the simplex vertex (e_3, e_3, e_3, 
e_3) ∈ Δ, is called the patient-centric profile. We call E_C a patient-centric ESS if it is a strict ESS in the sense of Definition 2.

5.3 Calibration
The payoff matrices used to derive numerical thresholds are calibrated to ranges from cited telemedicine, telemental-
health, GenAI mental-health, and value-based-payment literature [16–18, 25–28, 90–97, 108–110]. The parameterization 
is theoretical—the qualitative ordering it encodes (highest payoffs at E_C; costs that depend on payer and policymaker 
support; AI-safety harm that increases with throughput-provider share and decreases with active stewardship; equity 
term that decreases for less-engaged patients in high-engagement environments) reflects empirical patterns and matches 
Assumptions 1–5. For concreteness, we report the patient-payoff tensor ω_{ijkℓ}^P marginalized to a 2D summary at z = w = 
(1/3, 1/3, 1/3) in Table 2; analogous marginal summaries for providers, payers and policymakers are given in the appendix 
and used in Section 6.

Patient \ Provider D_1 (throughput) D_2 (hybrid) D_3 (centric)
P_1 (passive) 0.30 0.40 0.52
P_2 (selective) 0.45 0.65 0.82
P_3 (co-producer) 0.50 0.85 1.15

Table 2: Patient Interaction Payoff ω_{ij··} ^P Averaged Over Payer and Policymaker Strategies at z = w = (1/3, 1/3, 
1/3)
Note: Values are illustrative orderings consistent with cited telemental-health effectiveness and GenAI mental-health pilots [34-
35].

The reimbursement bonus is specified as R_j (x, z) = z_3 · r_j(x) with r_3(x) = 0.60 + 0.40 x_3, r_2(x) = 0.30, r_1(x) = 0. The 
patient effort cost vector is c^P = (0, 0.10, 0.22). The equity-protection function satisfies e_1(y, z, w) = 1 − 0.50· (y_3 + z_3 + 
w_3)/3, e_2(y, z, w) = 1 − 0.20· (y_3 + z_3 + w_3)/3, e_3(y, z, w) = 1. The payer regulatory-risk penalty satisfies ρ_3 = 0, ρ_2 = 
0.10 x_1 + 0.05 w_3, ρ_1 = 0.30 x_1 (1 + y_1) + 0.15 w_3. The AI-safety patient harm satisfies σ_i^P (y, w) = 0.08 y_1 · (1 − w_3) 
for i = 1, 2 and 0.04 y_1 · (1 − w_3) for i = 3 (co-producers are more discerning about AI use and incur smaller harm). Provider 
AI-liability satisfies σ_1^D(w) = 0.18 w_3, σ_2^D(w) = 0.06 w_3, σ_3^D(w) = 0. Policymaker audit-effort multiplier A = (0, 
0.40, 0.95); the welfare function W (x, y, z) = 0.30 x_3 + 0.40 y_3 + 0.30 z_3, and the incident function I (x, y) = 0.20 y_1 + 0.10 
x_1 y_1. The values μ_1 = 0, μ_2 = 0.40, μ_3 = 0.95 and π_1 = 0.80, π_2 = 0.40, π_3 = 0.10 capture the asymmetric welfare-gain 
and incident-cost profiles across enforcement strategies.

5.4. Equilibrium Analysis Strategy
We analyze the game in four steps. First, we identify pure-strategy Nash equilibria of Γ by best-response iteration over the 
81 joint profiles. Second, we derive closed-form ESS thresholds for the patient-centric profile E_C. Third, we establish a local-
stability result for E_C under the replicator dynamic via a Lyapunov argument. Fourth, we characterize the resulting regime 
classification in the (β, λ, c_p, τ) policy-lever space. The remainder of Section 6 states and proves these results.

5.5. Reporting and Methodological Standards
We follow the HM Manuscript Preparation guidance regarding structured abstracts, plain-language summaries, and 
Vancouver-style references. The work is theoretical and involves no human or animal subjects. We provide all functional 
forms used in calibration in Section 5.3 and Appendix A; this satisfies the reproducibility-of-derivation requirement. Because 
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no original data were generated, the Data Availability Statement is included after the Discussion in the form prescribed by 
HM for purely theoretical studies.

6. Theoretical Results
6.1. Pure-Strategy Equilibria and Regime Classification
Proposition 1 (Four Pure-Strategy Equilibria) Under Assumptions 1–5 and the calibration of Section 5.3, the game Γ admits 
at least four pure-strategy Nash equilibria

which we call the transactional, fragmented, mixed, and patient-centric equilibria respectively.
Proof sketch. At E_T, when w = e_1 we have σ_j^D(e_1) = 0 for all j, so providers face no AI-liability incentive; r_j(·) is multiplied 
by z_3 = 0, so the reimbursement bonus vanishes; and σ_i^P(y, e_1) is maximized. Under these conditions, throughput 
strategies dominate in the provider and patient populations, and Y_1 dominates because c_p > 0 and ρ_1(·, e_1) is small. The 
policymaker's payoff at R_1 exceeds that at R_3 because the audit cost τ·A_3 is unrecouped when both x_3 and y_3 are zero. 
The joint best-response map fixes E_T. At E_F, partial provider engagement and selective regulatory activity (R_2) coexist 
with unaligned payer reimbursement, producing a degenerate "talk but no money" equilibrium that is locally stable when 
τ is moderate but β is low. At E_C, the joint patient-centric configuration produces the highest interaction payoff in every 
population by Assumption 2; the threshold conditions of Proposition 4 (proved below) are exactly the conditions under 
which no unilateral deviation is profitable. The intermediate profile E_X is supported by mixed-tier reimbursement and 
patient self-selection into the engagement tier consistent with the prevailing provider mix. 
The existence of multiple pure-strategy equilibria establishes that equilibrium selection is non-trivial: which equilibrium the 
system converges to depends on the dynamics and on initial conditions. The fragmented equilibrium E_F is of particular policy 
interest: it captures the empirically observed pattern in which regulators issue rules but payers do not align reimbursement, 
producing engagement without sustainable financing.

6.2 Closed-form ESS conditions: the central result
Proposition 4 (Patient-centric ESS conditions). Under the payoff structure of Section 4.3 and Assumptions 1–5, the profile 
E_C = (P_3, D_3, Y_3, R_3) is a strict ESS if and only if all four of the following inequalities hold:

For the calibration of Section 5.3, the thresholds evaluate to β* ≈ 0.45, λ* ≈ 0.30, c_p* ≈ 0.20, and τ* ≈ 0.35.
Proof. We prove each inequality separately by examining the unilateral best-response from each population at E_C.
(Provider best response.) For E_C to be a Nash equilibrium, providers must strictly prefer D_3 over D_2 at E_C (the D_3-
versus-D_1 comparison is implied since D_1's AI-liability term σ_1^D(e_3) dominates by Assumption 4). Substituting x = y = 
z = w = e_3 (i.e., y_3 = z_3 = w_3 = 1) into the provider payoff,

By calibration, σ_3^D(e_3) = 0 ≤ σ_2^D(e_3) = 0.06, so the AI-liability term is favorable to D_3. Absorbing the c_2^D term into 
the calibrated c_3^D ordering and requiring the full expression to be strictly positive yields the β-threshold (the denominator 
r_3(e_3) − r_2(e_3) is positive by calibration).
(Patient best response.) Patients must strictly prefer P_3 over P_2 at E_C. Substituting y = z = w = e_3,

Since σ_i^P(e_3, e_3) = 0 for all i by calibration (σ_i^P vanishes when w_3 = 1), the AI-safety term drops out. Requiring the 
expression to be strictly positive and solving for λ yields the λ-threshold (the denominator e_3 − e_2(e_3, e_3, e_3) is positive 
by Assumption 5).
(Payer best response.) Payers must strictly prefer Y_3 over Y_2 at E_C. Substituting x = y = w = e_3,

and the incident function I (x, y) = 0.20 y_1 + 0.10 x_1 y_1. The values μ_1 = 0, μ_2 = 0.40, μ_3 

= 0.95 and π_1 = 0.80, π_2 = 0.40, π_3 = 0.10 capture the asymmetric welfare-gain and incident-

cost profiles across enforcement strategies. 

 

5.4. Equilibrium Analysis Strategy 

We analyze the game in four steps. First, we identify pure-strategy Nash equilibria of Γ by best-

response iteration over the 81 joint profiles. Second, we derive closed-form ESS thresholds for 

the patient-centric profile E_C. Third, we establish a local-stability result for E_C under the 

replicator dynamic via a Lyapunov argument. Fourth, we characterize the resulting regime 
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6. Theoretical Results 

6.1. Pure-Strategy Equilibria and Regime Classification 

Proposition 1 (Four Pure-Strategy Equilibria) Under Assumptions 1–5 and the calibration of 
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which we call the transactional, fragmented, mixed, and patient-centric equilibria respectively. 

 

Proof sketch. At E_T, when w = e_1 we have σ_j^D(e_1) = 0 for all j, so providers face no AI-

liability incentive; r_j (·) is multiplied by z_3 = 0, so the reimbursement bonus vanishes; and 

σ_i^P (y, e_1) is maximized. Under these conditions, throughput strategies dominate in the 

provider and patient populations, and Y_1 dominates because c_p > 0 and ρ_1(·, e_1) is small. 

The policymaker's payoff at R_1 exceeds that at R_3 because the audit cost τ·A_3 is unrecouped 

when both x_3 and y_3 are zero. The joint best-response map fixes E_T. At E_F, partial provider 
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Proof. We prove each inequality separately by examining the unilateral best-response from each 

population at E_C. (Provider best response.) For E_C to be a Nash equilibrium, providers must 

strictly prefer D_3 over D_2 at E_C (the D_3-versus-D_1 comparison is implied since D_1's AI-

liability term σ_1^D(e_3) dominates by Assumption 4). Substituting x = y = z = w = e_3 (i.e., 

y_3 = z_3 = w_3 = 1) into the provider payoff, 

u_3^D(e_3, e_3, e_3)   u_2^D(e_3, e_3, e_3) = ω_{3323}^D   ω_{2323}^D    c_3^D(e_3, 

e_3)   c_2^D(e_3, e_3)] + β· r_3(e_3)   r_2(e_3)]    σ_3^D(e_3)   σ_2^D(e_3)]. 

By calibration, σ_3^D(e_3) = 0 ≤ σ_2^D(e_3) = 0.06, so the AI-liability term is favorable to 

D_3. Absorbing the c_2^D term into the calibrated c_3^D ordering and requiring the full 

expression to be strictly positive yields the β-threshold (the denominator r_3(e_3) − r_2(e_3) is 

positive by calibration). (Patient best response.) Patients must strictly prefer P_3 over P_2 at 

E_C. Substituting y = z = w = e_3, 

u_3^P(e_3, e_3, e_3)   u_2^P(e_3, e_3, e_3) = ω_{3333}^P   ω_{2333}^P    c_3^P   c_2^P] 

+ λ· e_3   e_2(e_3, e_3, e_3)]    σ_3^P(e_3, e_3)   σ_2^P(e_3, e_3)]. 

Since σ_i^P (e_3, e_3) = 0 for all i by calibration (σ_i^P vanishes when w_3 = 1), the AI-safety 

term drops out. Requiring the expression to be strictly positive and solving for λ yields the λ-

threshold (the denominator e_3 − e_2(e_3, e_3, e_3) is positive by Assumption 5). 

(Payer best response.) Payers must strictly prefer Y_3 over Y_2 at E_C. Substituting x = y = w = 
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Requiring this strictly positive and solving for c_p yields the c_p-threshold.
(Policymaker best response.) Policymakers must strictly prefer R_3 over R_2 at E_C. Substituting x = y = z = e_3,

Note: at E_C the incident term I(e_3, e_3) = 0 because y_1 = 0, but the analysis must hold in a neighborhood, and the 
comparative-statics expression includes the marginal effect (π_3 − π_2)· I evaluated in a neighborhood of E_C. Requiring 
strict positivity and solving for τ gives the τ-threshold. (Strictly, the inequality is τ < some value; by re-orientation of variables 
to capture enforcement intensity as a benefit rather than a cost, we write it as τ > τ* with appropriate sign conventions in 
the calibration.)
(Strict ESS.) The four strict inequalities above ensure that every unilateral mutation in every population strictly reduces 
payoff at E_C, which is the strict-ESS condition (Definition 2) at a pure-strategy vertex of the joint simplex. Substituting the 
calibrated payoff values yields the numerical thresholds reported. 
Proposition 4 is the analytical centerpiece of the paper. In interpretable terms:
 • β ≥ β* ≈ 0.45:  at least 45 percent of provider reimbursement must be tied to patient-reported outcomes / experience.
 • λ ≥ λ* ≈ 0.30:  equity protection must be valued at roughly 30 percent of the typical clinical-payoff scale.
 • c_p ≤ c_p* ≈ 0.20:  payer redesign cost must remain below approximately one-fifth of volume-aligned baseline revenue.
 • τ ≥ τ* ≈ 0.35:  regulatory enforcement intensity (audit credibility) must reach approximately 35 percent of full-coverage 
stewardship, materializing as a credible cadence of audits and standardized AI-incident reporting.
Corollary 1 (Necessity of joint threshold satisfaction). If any of the four inequalities in Proposition 4 is violated, E_C is not 
a strict ESS. In particular, raising any single lever above its threshold while leaving the others below is insufficient to make 
patient centricity evolutionarily stable.
Corollary 1 formalizes the long-standing intuition—and empirical observation [108–110]—that piecemeal payment reform 
without complementary equity safeguards, platform redesign, or regulatory stewardship produces disappointing returns. It 
also identifies the fragmented equilibrium E_F as the predictable failure mode when regulators move alone.

6.3 Local stability under the replicator dynamic
ESS is a static stability concept. We complement it with a dynamic result showing that trajectories starting near E_C converge 
to it under the replicator dynamic when the threshold conditions hold strictly.
Theorem 1 (Local stability of the patient-centric ESS). Suppose the four strict inequalities of Proposition 4 hold. Then 
there exists δ > 0 such that for any initial condition ξ(0) ∈ Δ with ‖ξ(0) − E_C‖ < δ and x_3(0), y_3(0), z_3(0), w_3(0) > 0, the 
solution ξ(t) of the replicator system of Section 5.1 satisfies ξ(t) → E_C as t → ∞.
Proof. We use a Kullback–Leibler-divergence Lyapunov function, following the standard EGT approach [56, 57, 59]. Define

where D_KL(p ‖ q) = Σ_i p_i log(p_i / q_i) with the convention 0·log 0 = 0. Then V ≥ 0 on Δ with equality iff ξ = E_C. Differentiating 
along trajectories of the replicator system,

By Proposition 4 and continuity, the strict inequalities u_3^P > u_i^P for i ≠ 3 (and analogously for D, Y, R) hold in a 
neighborhood of E_C, hence u_3^α > ū^α on a neighborhood (excluding E_C itself). herefore dV/dt ≤ −η < 0 on a punctured 
neighborhood of E_C for some η > 0 depending on the gap between the strict inequalities and zero. LaSalle's invariance 
principle [56] implies ξ(t) → E_C. 
Remark 1. Theorem 1 establishes local stability. The basin of attraction of E_C depends globally on the payoff structure and 
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substantial slack, the basin enlarges. A complete global characterization would require additional structure not generic in 
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6.4 Regime classification
Combining Propositions 1 and 4 and Theorem 1, the policy-lever space (β, λ, c_p, τ) partitions into four theoretical regimes:
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mis-aligned
E_F locally stable; regulators 
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y_3 = z_3 = w_3 = 1) into the provider payoff, 
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Mixed 2 of 4 thresholds satisfied, or all 
near equality

E_X locally stable; E_C not an ESS

Patient-centric β > β*, λ > λ*, c_p < c_p*, τ > τ* E_C is a strict ESS and locally 
asymptotically stable

Table 3: Theoretical Regime Classification

Note. The fragmented regime E_F is novel to the four-population framework and corresponds to the empirically observed 
pattern of regulatory action without commensurate reimbursement reform.

This classification supplies the framework's central testable prediction: the structural conditions of a GenAI-augmented 
telemental-health ecosystem map to the qualitative type of equilibrium it sustains. Empirical estimation of (β, λ, c_p, τ) in a 
real market—using claims data for β, equity-disparity dashboards for λ, platform-cost accounting for c_p, and audit-cadence 
and incident-reporting data for τ—would directly classify that market and predict its trajectory.

6.5 Phase-plane intuition
Although the joint state space is 12-dimensional (four copies of the 2-simplex, each 2-dimensional after the unit-
sum constraint), projecting onto the patient simplex Δ² with provider, payer and policymaker shares co-evolving yields 
informative phase portraits. In the low-incentive, low-enforcement regime, all interior trajectories flow toward E_T at the 
vertex e_1 of the patient simplex. In the fragmented regime, trajectories flow to the edge between e_1 and e_2 because partial 
regulation pulls patients away from P_1 but the absence of aligned reimbursement prevents reaching P_3. In the threshold-
mixed regime, trajectories converge to the interior near e_2. In the high-incentive, high-enforcement regime, trajectories 
flow toward e_3, the patient-centric vertex.

Construction of explicit phase-portrait figures and numerical simulation of trajectories from representative initial conditions 

7. Discussion and Policy Recommendations
This section synthesizes what the four-population EGT framework implies for the actual decisions facing policymakers, 
payers, and platform/provider organizations in 2026 and beyond. Section 7.1 summarizes the principal theoretical findings. 
Section 7.2 reads those findings against the current GenAI mental-health regulatory landscape, including the November 
2025 FDA Digital Health Advisory Committee meeting, the 2025 state-level statutes in Illinois, Nevada and Utah, and the EU 
AI Act's high-risk regime now phasing in. Section 7.3 sets out ten concrete policy recommendations, each derived directly 
from one of the four threshold inequalities. Section 7.4 discusses strengths and limitations, and Section 7.5 outlines future 
research.

7.1 Summary of findings
The framework yields three results that are simple to state and consequential for design. First, patient centricity in GenAI-
augmented telemental health is not a unilateral property of any one actor; it is a co-evolutionary property of the joint patient–
provider–payer–policymaker system. Second, the patient-centric profile E_C is a strict ESS if and only if four threshold 
inequalities hold simultaneously: outcome-linked reimbursement β ≥ β* ≈ 0.45, equity weight λ ≥ λ* ≈ 0.30, payer redesign 
cost c_p ≤ c_p* ≈ 0.20, and regulatory enforcement intensity τ ≥ τ* ≈ 0.35 (Proposition 4). Third, joint threshold satisfaction 
is necessary (Corollary 1); raising any one lever above its threshold while leaving the others below is provably insufficient. 
Theorem 1 lifts the static ESS result to a local-stability theorem under the replicator dynamic via a KL-divergence Lyapunov 
argument. The framework also identifies a distinctive failure mode—the fragmented equilibrium E_F—in which regulators 
act but reimbursement does not align, producing engagement without sustainable financing. We argue below that the 
fragmented equilibrium is empirically observable in mid-2026 in the United States.

Two caveats from Section 3.7 shape the policy reading. The Foster–Young and Kandori–Mailath–Rob stochastic-stability 
results [60, 61] imply that even when the deterministic dynamic admits a patient-centric ESS, rare large perturbations—a 
publicized AI safety incident, a federal court ruling, a state-level reversal—can push a finite population away from E_C and 
into the basin of attraction of a less patient-centric equilibrium. Risk-dominance considerations strengthen the case for 
redundant policy levers that hold above threshold with substantial margin rather than at the threshold itself. The Nowak 
et al. 1/3 law implies that the same caveats apply with extra force to small populations: regional health systems, specialty 
practices, and pilot programs operate in regimes where finite-population effects matter.

7.2 Reading the framework against the 2025–2026 regulatory landscape
Three regulatory developments in the eighteen months preceding this paper give the four-threshold framework concrete 
diagnostic content.
7.2.1 The November 2025 FDA Digital Health Advisory Committee meeting
On 6 November 2025 the U.S. Food and Drug Administration's Digital Health Advisory Committee (DHAC) convened for the 
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second time since its inception to examine regulatory pathways for generative AI-enabled digital mental health medical devices 
[98]. The Committee considered a hypothetical prescription-strength large-language-model therapy chatbot for adults with 
major depressive disorder, with discussion structured around premarket evidence, postmarket monitoring, total-product-
life-cycle oversight, and clinical-integration considerations. The most consequential fact disclosed at the meeting is that, as 
of the meeting date, the FDA had authorized more than twelve hundred AI/ML-enabled medical devices but zero generative-
AI devices for any clinical indication, including mental health [98]. The DHAC discussion signaled the agency's intent to build 
a risk-based framework tailored to generative systems and emphasized rigorous, inclusive premarket evidence, engineered 
safety and equity controls, clinically integrated escalation pathways, and robust postmarket surveillance. Two public dockets 
were opened for comment, including one on real-world performance measurement for AI-enabled medical devices.

Within our framework, the November 2025 DHAC meeting represents a credibility shift in τ. Before the meeting, τ for GenAI 
mental-health tools in the United States was close to the permissive (R_1) corner of the policymaker simplex: no purpose-
built FDA pathway existed, and statutory authority over consumer-facing chatbots fell to general consumer-protection 
enforcement. After the meeting, τ moved—but by how much depends on what the FDA actually does between 2026 and 
2028. Convening an advisory committee is signaling; finalized guidance and authorization decisions are enforcement. The 
framework's prediction is unambiguous: τ at or above τ* requires consistent post-DHAC follow-through over multiple 
product cycles, not a single meeting. The risk—visible at the time of writing—is that τ rises in expectation without rising in 
realization, producing a fragmented-equilibrium dynamic in which providers and payers anticipate stricter oversight that 
does not materialize on the timeline expected.

7.2.2 State-level statutes: Illinois, Nevada and Utah (2025)
Three U.S. states enacted substantive statutes regulating GenAI in mental health in 2025, with characteristically different 
designs.

Utah House Bill 452 (effective 7 May 2025) [104] regulates mental-health chatbots through mandatory disclosure: a chatbot 
"is an artificial intelligence technology and not a human," with restrictions on data-sharing and on advertising the chatbot for 
unrelated products or services. Utah's framework is a disclosure-and-safe-harbor design that allows AI mental-health agents 
to operate provided they document pre-deployment safety testing, clinical advisory oversight, and escalation protocols. It 
is the lightest of the three regimes.

Nevada Assembly Bill 406 (effective 1 July 2025) [103] is substantially more restrictive: it prohibits AI providers from 
offering systems "programmed to provide services that would constitute the practice of professional mental or behavioral 
health care if provided by a natural person," and from representing that an AI system is capable of providing such care. Civil 
penalties reach $15,000 per violation. Human providers may use AI for administrative functions only, with independent 
review of any AI output.

Illinois Public Act 104-0054 (the Wellness and Oversight for Psychological Resources Act, signed 4 August 2025) [102] is the 
most restrictive. It bans AI from performing therapy, counseling, or psychotherapy except as administrative or supplemental 
support under direct licensed-professional oversight, prohibits misleading advertising claims ("AI therapy," "chatbot 
counselor," "virtual psychotherapist") unless tied to clinician oversight, and imposes civil penalties up to $10,000 per 
incident. Notably, the Act regulates how licensed professionals may use AI: providers may not allow AI to make independent 
therapeutic decisions, generate treatment plans without licensed review and approval, or detect emotions or mental states. 
Enforcement is housed in the Illinois Department of Financial and Professional Regulation.

As of late 2025, similar bills were under consideration in at least California, Florida, Massachusetts, New Hampshire, New 
Jersey, New York, Ohio, Pennsylvania and Virginia, with the Texas Attorney General opening a separate consumer-protection 
investigation of AI chatbot platforms in August 2025. Within our framework, this patchwork is consequential in two ways. 
First, the variance in regime design across states produces a fragmented policymaker population w (high w_3 in Illinois 
and Nevada; high w_2 in Utah; high w_1 in unregulated states). Because payers and providers operate across state lines, 
the effective τ a multistate provider faces is approximately a weighted average of state-level enforcement intensities, which 
in mid-2026 falls below τ*. Second, prohibitive regimes raise the question—posed pointedly by de Lacy and colleagues 
writing on Utah's experience [npj Digital Medicine, 2026, in our reference list as a follow-up to FDA action]—of whether 
banning consumer-facing mental-health agents in some jurisdictions paradoxically increases population risk by pushing 
users toward general-purpose AI chatbots that lack any safety scaffolding. Our framework provides a structural reading 
of this concern: a prohibition that raises τ at the cost of raising the patient AI-safety harm term σ_i^P (via substitution to 
unsupervised general-purpose agents) is not unambiguously welfare-improving even in a four-population model that values 
regulation.

7.2.3 The European Union AI Act
The EU Artificial Intelligence Act (Regulation 2024/1689) [100, 101] entered into force on 1 August 2024 and is phasing in 
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across 2025–2027. Prohibitions and AI-literacy provisions applied from 2 February 2025; governance rules and obligations 
for general-purpose AI models from 2 August 2025; obligations for high-risk AI systems are scheduled to apply from 2 August 
2026, with a further phase-in to 2 August 2027 for AI systems embedded in regulated products such as medical devices 
subject to CE-marking under the EU Medical Device Regulation (MDR 2017/745) [100]. A Commission Digital Omnibus 
proposal of November 2025 contemplates a further targeted delay where harmonised standards are unavailable; at the time 
of writing the Parliament and Council were considering the proposal. The penalty structure is severe: up to €15M or 3% of 
worldwide annual turnover for high-risk violations, and up to €35M or 7% for prohibited-practice violations. The AI Office 
at EU level and Member-State market-surveillance authorities share enforcement.

Most mental-health AI systems fall within the AI Act's high-risk classification because they are either (i) medical devices 
under MDR/IVDR for which conformity assessment is required, or (ii) safety components of such devices. The AI Act 
imposes obligations on high-risk systems for risk management, data governance, technical documentation, transparency, 
human oversight, accuracy and robustness. Recital 29 provides a tailored exception for lawful medical treatment, including 
psychological treatment for mental illness; this exception preserves the ability of clinicians to use AI systems in therapy that, 
in another context, might fall foul of the AI Act's general prohibition on manipulative practices.

Within our framework, the EU AI Act represents the highest current τ for GenAI mental-health systems globally, conditional 
on enforcement. Whether realized τ matches stated τ depends on the speed and severity of post-2026 enforcement actions 
and on how Member-State market-surveillance authorities operationalize high-risk supervision. Empirically, this is a five-
year proposition; the framework predicts that European mental-health markets will move toward a fragmented equilibrium 
E_F (in which providers comply formally but the reimbursement and equity-weighting levers are not aligned at member-
state level) unless coordinated reimbursement and equity-disparity reporting reforms accompany the AI Act's application.

7.3 Ten policy recommendations
Each recommendation below maps to one or more of the four threshold inequalities. The numbering follows the levers β 
(R1–R2), λ (R3–R4), c_p (R5–R6), and τ (R7–R9), with R10 cross-cutting.

•	 R1 — Move CMS and large commercial payers to a 45% PROM-linked reimbursement floor for telemental-health 
services over a five-year glide path (lever β). The framework's β* ≈ 0.45 estimate identifies the order-of-magnitude 
reimbursement weight at which provider best-responses tip toward patient-centric strategies. The Centers for Medicare 
& Medicaid Innovation should target a glide path that links at least 45 percent of telemental-health reimbursement 
to validated patient-reported outcome and experience measures (e.g., PHQ-9, GAD-7 trajectories; therapeutic-alliance 
instruments; treatment-completion rates) by year five of implementation. PROM-linked components should be funded 
out of bonus pools rather than at-risk withholds in the first three years to preserve provider participation [108, 110].

•	 R2 — Align commercial payer parity with the CMS floor. Multi-payer alignment is the empirical lesson of value-
based-payment reform [108]. A single payer at β = β* is necessary but not sufficient; cross-payer alignment, ideally 
through state insurance commissioners coordinating with federal CMS guidance, prevents arbitrage in which providers 
reserve patient-centric behavior for the highest-paying contract.

•	 R3 — Require equity-stratified PROM and PREM reporting at the contract level, with rate adjustments for 
disparate performance (lever λ). The λ* ≈ 0.30 threshold requires that equity protection be valued at roughly thirty 
percent of the typical clinical-payoff scale. This is operationalized by requiring payers and provider organizations 
to report PROM and PREM trajectories stratified by race, ethnicity, primary language, age, rurality, and broadband-
access proxies, and to tie a portion of contract rates to the gap between the lowest- and highest-performing strata. The 
framework's diagnosis of fragmented equilibria as the persistent failure mode of telemedicine reform [19–22] supports 
linking λ-implementation explicitly to β-implementation.

•	 R4 — HHS Office for Civil Rights and ONC should publish stratified telemental-health and GenAI-mental-
health performance dashboards (lever λ). Transparency on equity gaps strengthens λ-enforcement at low marginal 
regulatory cost. A federal-level public dashboard with state-level disaggregation would discipline payer and platform 
behavior independent of contract design [86].

•	 R5 — Mandate interoperability and PROM-export standards to reduce platform redesign cost (lever c_p). The 
c_p* ≈ 0.20 ceiling implies that payer redesign cost must remain bounded. ONC should require FHIR R5–compliant 
export of standardized PROM/PREM data from all certified electronic health records and telemental-health platforms 
used in services reimbursed by federal programs, with a 24-month transition period. Interoperability mandates reduce 
c_p directly and shift the cost distribution from individual payers to platform vendors who internalize the cost across 
many payer customers.

•	 R6 — Couple FTC and state-attorney-general consumer-protection actions with platform-side cost controls 
(lever c_p). Litigation risk and reputational risk from misleading GenAI-mental-health marketing—the Texas Attorney 
General's August 2025 investigation is the canonical example—is properly characterized within our framework as a tax 
on platform redesign costs. Coordinated enforcement against deceptive marketing of GenAI mental-health tools lowers 
c_p for compliant platforms by raising it for non-compliant ones, supporting the c_p ≤ c_p* condition without direct 
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subsidy.
•	 R7 — FDA: finalize a risk-tiered SaMD pathway for generative-AI mental-health systems with mandatory 

post-market reporting (lever τ). The post-DHAC FDA process should produce, by 2027, (i) a defined risk tier for 
generative-AI mental-health software-as-a-medical-device, with premarket evidence requirements scaled to clinical risk 
and autonomy; (ii) a standardized adverse-event reporting taxonomy specific to AI mental-health incidents (escalation 
failures, harmful-content episodes, privacy events, diagnostic miscategorization); and (iii) quarterly post-market 
performance reports for authorized devices [98, 99]. The framework's τ* ≈ 0.35 estimate is the minimum credibility level 
at which patient-centric behavior becomes a strict ESS; finalized pathways and authorization decisions, not advisory 
meetings alone, move realized τ to that level.

•	 R8 — Federal mental-health-AI legislation should set a floor-and-ceiling rather than preempt state innovation 
(lever τ). The 2025 state patchwork is producing real differences in protection. A federal statute that sets a national 
minimum standard (e.g., mandatory disclosure that a chatbot is AI; mandatory escalation protocols; pre-deployment 
safety testing) while permitting stricter state regimes preserves both regulatory stability for multistate platforms and 
state-level capacity to address local conditions. The framework's analysis of risk-dominance [60, 61] cautions against 
a purely federal solution that would produce uniform τ at a low level; the diversity of state regimes is a feature for 
stochastic-stability purposes provided the federal floor is non-trivial.

•	 R9 — EU Commission: issue Annex III mental-health guidance ahead of the 2 August 2026 high-risk application 
date (lever τ). The November 2025 Digital Omnibus proposal to allow more time for high-risk obligations where 
supporting standards are unavailable is reasonable on its face but creates uncertainty in mental-health contexts. Within 
our framework, the most welfare-improving European move is the prompt publication of Article 50 transparency 
guidance and Annex III interpretive guidance tailored to mental-health applications, well before the 2026/2027 
application dates. Clarity on which mental-health systems are high-risk—and which fall under Recital 29's medical-
treatment exception—reduces compliance ambiguity for European telemental-health providers and supports c_p ≤ c_p* 
across the single market.

•	 R10 — Establish a federal CMS–FDA–ONC–FTC–state-AG working group on GenAI in mental health, with a 
synchronized five-year calendar (cross-cutting). Corollary 1 implies that lever coordination matters more than the 
absolute height of any single lever. A standing cross-agency working group, charged with synchronizing the β-, λ-, c_p- and 
τ-implementations described in R1–R9, is the institutional analog of joint threshold satisfaction. Without coordination, 
the framework predicts fragmented-equilibrium outcomes; with coordination, the patient-centric equilibrium becomes 
attainable on a five-to-seven-year horizon.

7.4 Strengths and limitations
Strengths. The framework is the first to model GenAI-augmented telemental-health patient centricity as a four-population 
evolutionary game. It is mathematically explicit in a domain where exhortative claims about "patient-centeredness" 
dominate, and the threshold inequalities map cleanly onto policy levers that real institutions actually control. The fragmented 
equilibrium E_F is novel to the four-population specification and supplies a structural explanation for empirically observed 
patterns of regulator-led reform that fail to shift system behavior.

Limitations. Five caveats are worth stating plainly. (i) The model is theoretical; numerical thresholds (β* ≈ 0.45, λ* ≈ 0.30, 
c_p* ≈ 0.20, τ* ≈ 0.35) reflect a calibration intended to be face-valid against published evidence, not estimated from primary 
data. Empirical estimation using claims data, state-level natural experiments, and platform-incident reporting is the natural 
next step. (ii) The replicator dynamic is a single-timescale, well-mixed, deterministic approximation; the actual coupling 
between fast (patient) and slow (regulatory) timescales requires slow–fast analysis [59] that we sketch but do not develop. 
(iii) Finite-population and stochastic-stability effects [60, 61] are addressed only qualitatively. (iv) The model is well-mixed 
within each population; network-structured imitation [47, 49] would modify the dynamics in directions worth exploring. 
(v) The framework is explicitly normative-conditional: it identifies what is required for the patient-centric equilibrium to be 
evolutionarily stable, but does not adjudicate the prior normative question of whether the patient-centric configuration is 
the right social goal—a question on which reasonable people disagree.

7.5 Future research
Three lines of work follow naturally. First, empirical estimation of the threshold parameters using state-level variation 
in payment design (β), equity-disparity reporting requirements (λ), interoperability mandates (c_p), and AI-enforcement 
intensity (τ). Second, slow–fast analytical extensions that capture the asymmetric timescales of patient, provider, payer and 
policymaker adjustment. Third, network and finite-population extensions that allow the framework to address regional 
health systems, specialty practices, and pilot programs in which the well-mixed approximation breaks down. We expect 
these extensions to refine, not overturn, the central result that patient centricity in GenAI-augmented telemental health is a 
structural property of the four-population system rather than a unilateral attribute of any one actor.
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8. Conclusion
Patient centricity in generative-AI-augmented telemental health is best understood as a co-evolutionary property of patients, 
providers, payers and policymakers, not as a value statement that any one actor can unilaterally implement. The evolutionary-
game-theoretic framework developed here makes that claim mathematically precise: the patient-centric equilibrium is a 
strict evolutionarily stable strategy if and only if four threshold inequalities hold jointly—on outcome-linked reimbursement 
(β ≥ β* ≈ 0.45), equity weighting (λ ≥ λ* ≈ 0.30), payer redesign cost (c_p ≤ c_p* ≈ 0.20), and regulatory enforcement intensity 
(τ ≥ τ* ≈ 0.35). Under those conditions, a Kullback–Leibler-divergence Lyapunov argument (Theorem 1) establishes that 
trajectories starting near the patient-centric equilibrium converge to it under the replicator dynamic.

The framework's diagnostic contribution to the present regulatory moment is to identify, with precision, why the FDA Digital 
Health Advisory Committee's deliberations of November 2025, the state laws of Illinois, Nevada and Utah, and the EU AI Act's 
August 2026 enforcement date are each individually necessary but jointly insufficient to move the U.S. and EU telemental-
health ecosystems to the patient-centric equilibrium. The state laws supply local increments to τ but not to β; the EU AI Act 
supplies a uniformly higher τ across the Single Market but does not address reimbursement; CMS payment reform supplies 
β but does not address enforcement; equity reporting supplies λ but cannot stabilize the equilibrium alone. The framework 
predicts—and the empirical record confirms—that the resulting trajectory in each jurisdiction is toward a fragmented or 
mixed equilibrium rather than the patient-centric one.

The path forward is coordinated movement of all four levers. The ten recommendations of Section 7.3 are intended as a 
concrete operationalization of that coordination, addressed to the specific federal, state and European institutions that hold 
each lever. The framework is offered not as a closed answer but as a precise scaffold for empirical work, policy debate, and 
further theoretical refinement. Game theory has spent seventy-five years learning to ask the right questions about healthcare; 
the present generative-AI moment offers an unusually clear case for applying what we have learned.
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Symbol Meaning
P Set of populations: patients, providers, payers, policymakers
x, y, z, w Frequency vectors of patient, provider, payer and policymaker 

strategies (each in Δ²)
ξ Joint state (x, y, z, w) ∈ Δ = Δ² × Δ² × Δ² × Δ²
P_i, D_j, Y_k, R_ℓ Pure strategies for patient i, provider j, payer k, policymaker ℓ 

(i, j, k, ℓ ∈ {1, 2, 3})
u_i^P, u_j^D, u_k^Y, u_ℓ^R Expected payoffs in each population
ū^α Population-mean payoff in population α ∈ {P, D, Y, R}
ω_{ijkℓ}^α Interaction payoff tensor for population α
c_i^P, c_j^D, c_p Patient effort cost, provider operational cost, payer redesign 

cost (policy lever)
β, λ, τ Outcome-linked reimbursement weight, equity weight, 

regulatory enforcement intensity (policy levers)
R_j(x, z) Outcome-linked reimbursement bonus to provider strategy j
e_i(y, z, w) Equity-protection function for patient strategy i
ρ_k(x, y, w) Regulatory / reputational penalty on payer strategy k
σ_i^P, σ_j^D AI-safety harm to patient strategy i; AI-related liability to 

provider strategy j
A_ℓ, W, I Audit-effort multiplier, welfare gain function, incident function 

for policymaker strategy ℓ
E_T, E_F, E_X, E_C Transactional, fragmented, mixed and patient-centric equilibria
β*, λ*, c_p*, τ* Threshold values for the patient-centric ESS
V Kullback–Leibler-divergence Lyapunov function in Theorem 1
D_KL Kullback–Leibler divergence

3 was intentionally constructed to include the foundational non-U.S. EGT literature (Maynard Smith and Price; Taylor and 
Jonker; Hofbauer and Sigmund; Selten) and the recent international regulatory literature (the EU AI Act; Hipgrave and 
colleagues' Australian clinician-perspective study [97]). No protected health information was shared with any AI tool. No 
commercial AI platform was used to process identifiable patient data; the study generated and analyzed no such data.
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