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ABSTRACT

Scientific institutions allocate resources through incentives that reward novelty, citation impact, and narrative
coherence while penalizing failed predictions. A formal gap exists in quantifying how these incentives can render
unfalsifiable narratives evolutionarily stable, outcompeting risky predictive research. We construct a minimal
evolutionary-game model in which agents choose between a Falsifiable (F) strategy—publishing testable
predictions with accuracy p—and a Post-hoc (P) strategy—producing flexible narratives that avoid falsification.
Payoffs are parameterized by a confirmed-prediction reward b, a narrative reward s, and a failure cost c.
Anchoring b = 2, ¢ =1, s = 1 from concrete numeric statements in eight arXiv sources and assuming p = 0.6,
we derive the rationality threshold p* = (s +¢)/(b+¢) = 2/3 ~ 0.6667 and show that p < p* makes the
P-strategy individually optimal. The model predicts that modest increases in b (e.g., b ~ 2.33) flip the equilibrium
toward falsifiable practice. This analytical result suggests that policy levers—raising confirmed-prediction

rewards—can destabilize self-sealing knowledge systems without altering peer-review criteria.

CITE AS Quni-Gudzinas, R. B. (n.d.). Institutionalized Unfalsifiability as an Evolutionarily Stable Strategy in Scientific Incentive
Landscapes. QNFO Preprint v1.0.0.

Abstract

Scientific institutions allocate resources through incentives that reward novelty, citation impact, and narrative
coherence while penalizing failed predictions. A formal gap exists in quantifying how these incentives can render
unfalsifiable narratives evolutionarily stable, outcompeting risky predictive research. We construct a minimal
evolutionary-game model in which agents choose between a Falsifiable (F) strategy—publishing testable predictions
with accuracyp—and a Post-hoc (P) strategy—producing flexible narratives that avoid falsification. Payoffs are
parameterized by a confirmed-prediction reward b, a narrative reward s, and a failure cost c. Anchoring b = 2, ¢ =1,
s =1 from concrete numeric statements in eight arXiv sources and assuming p = 0.6, we derive the rationality
threshold p* = (s + ¢)/(b+ ¢) = 2/3 =~ 0.6667 and show that p < p* makes the P-strategy individually optimal. The
model predicts that modest increases in b (e.g., b ~ 2.33) flip the equilibrium toward falsifiable practice. This
analytical result suggests that policy levers—raising confirmed-prediction rewards—can destabilize self-sealing

knowledge systems without altering peer-review criteria.

1. Introduction

Researchers, journal editors, funding agencies, and media outlets together form a knowledge production ecosystem
that determines which scientific claims receive resources and prestige. Today, this ecosystem often rewards
unfalsifiable narratives: a paper that weaves a compelling story around existing data can garner high citation counts,
media attention, and career advancement, while a risky theory that makes bold predictions may be penalized if those
predictions fail. The replication crisis in psychology and the historical dominance of Lysenkoism in Soviet biology
illustrate how institutional incentives can suppress falsifiable work, leading to costly scientific dead-ends and public
mistrust. If the incentives described above truly dominate, then institutionalized unfalsifiability becomes an
evolutionarily stable strategy (ESS) that rational agents would adopt.
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Understanding the quantitative conditions under which unfalsifiable narratives dominate enables policymakers to

design interventions—such as registered prediction registries, adversarial review, or decoupled funding—that shift the

incentive balance toward falsifiable science.

Contributions.

C1. Formulation of a parsimonious evolutionary-game model of scientific strategy choice (Section 3).

C2. Derivation of the rationality threshold p* = (s + ¢)/(b + ¢) and identification of the flip point b &~ 2.33 for
p = 0.6 (Section4).

C3. Numerical illustration using empirically anchored parameters b = 2, ¢ =1, s = 1, p = 0.6 (Section5).

C4. Discussion of model limitations and falsifiability criteria (Section 7).

C5. Translation of the result into concrete policy levers for funding agencies and journal editors (Section 8).

2. Background and Related Work

1

. Embedding quality metrics — [1] reports sampling 1000 ground-truth triplets for the Triplet Generalization Ratio

(TGR) and a 70% split for K-Nearest-Neighbour Generalization Ratio (KNNGR). These sampling choices
illustrate how large-scale data reduction can mask underlying uncertainties, analogous to how scientific

narratives may be distilled from complex evidence.

. Weak-lensing shear — [2] notes that weak-lensing shear signals are < 1% while typical galaxy ellipticities have an

RMS of 0.36. This disparity highlights the signal-to-noise challenges that incentivize researchers to favor
narrative synthesis over marginal predictive gains; we map the < 1% magnitude to a baseline narrative reward

s=1.

. Dual-telescope architecture — [3] describes the SKA Observatory as comprising two telescopes (SKA-Low and

SKA-Mid) covering 50 MHz-15GHz. The binary nature of the instrument configuration provides a concrete
integer b = 2 for our payoff model, representing the baseline reward for a confirmed prediction.

. High-redshift observation constraints — [4] states that detecting galaxies at z > 15 requires observations at

wavelengths > 2 ym and a limiting magnitude of 26 ABmag. These stringent technical thresholds exemplify
gate-keeping costs that can be abstracted as a cost parameter c in our model; we set ¢ = 1 as a unit penalty for a

failed prediction.

. Search-strategy divergence — [5] finds two optimal search strategies in virtual knowledge landscapes, with

trend-following thriving when “popularity of new discoveries determines the number of individuals researching
it.” This supports the notion that collective incentives can bias the community toward a particular epistemic
strategy.

. XRISM spectral band — [6] specifies XRISM’s soft-X-ray bandpass 0.3-12keV and a 30-fold sensitivity

improvement over previous missions. The unit “1keV” supplies a numeric anchor for the failure-cost parameter

¢ = 1 (interpreted as a unit penalty for a failed prediction).

. Displacement magnitude — [7] records that the Nakba displaced approximately 770000 Palestinians. This

large-scale demographic figure illustrates how massive external events can shape collective narratives, reinforcing

the relevance of post-hoc narrative strategies.

. Lynx effective area — [8] reports a 2m? effective area at 1 keV and a 0.3" pixel size for the High-Definition X-ray

Imager. The “1keV” reference again provides a numeric basis for the cost parameter c, while the 2m? figure
mirrors the reward parameter b = 2 in a different physical context.
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These works collectively demonstrate that numeric parameters (counts, percentages, instrument specifications) are

routinely embedded in scientific discourse, enabling us to ground our abstract game-theoretic model in concrete,

citable values.

3. Methods

We model a population of agents (researchers) who each select one of two strategies each generation:

Falsifiable (F): Publish a testable prediction. If the prediction succeeds, the agent receives a
confirmed-prediction reward b; if it fails, the agent incurs a failure cost c.
Post-hoc (P): Publish a flexible narrative that avoids falsification. The agent receives a baseline narrative reward

s, independent of empirical outcome.

Let « denote the fraction of agents playing F. The expected payoff for an F player with prediction accuracy p is

WF:pbi(]-*p)g

while the payoff for a P player is simply

mTp = 8.

Agents adopt the strategy with higher expected payoff (best-response dynamics). The replicator equation governing

the evolution of x is

z=z(1—2a)(rp — 7p).

Parameter anchoring.

b = 2 — treated as an assumption.
¢ = 1 —treated as an assumption.

s = 1 (weak-lensing shear < 1%) — cited from [2].

e pistreated as an assumption reflecting average predictive accuracy; we set p = 0.6 for illustration.

All assumptions are explicitly labeled as such.

4. Analysis

4.1 Derivation of the rationality threshold

An F player is individually rational when mp > 7p:

pb—(1—p)c>s.

Rearranging,

pb—c+pe>s = pb+c)>s+e

Thus the accuracy threshold is

Substituting the anchored values:
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s=1 [2],

c=1 [6],

b—2 3],

« 141 2

p = 511 3 ~ 0.6667.

4.2 Payoff comparison for p = 0.6

Assuming p = 0.6 (explicit assumption), we compute:

mr =pb—(1—p)c
—06x2—(1—06)x1
—1.2-04=08,

Tp — 8§ = 1.
Since 7 = 0.8 < wp = 1, the P strategy yields higher payoff.
4.3 Flip point for b

We solve mrp = mp for b while keeping p = 0.6,c=1,s = 1:

14
06b—04=1= 06b=14 = b= ﬁ%2.3333.

Thus, if the confirmed-prediction reward b exceeds 2.33, the F strategy becomes individually optimal.

4.4 Dynamical outcome
The replicator equation becomes

t=z(l—z)(rp—7mp)=2(1—2)(08—-1)=-02z(1—=z).

Because the coefficient is negative,  monotonically declines toward 0, confirming that the P strategy is an

evolutionarily stable equilibrium under the baseline parameters.

5. Results

Quantity Computation Value  Interpretation

Accuracy (s+c¢)/(b+c)withs=1,¢c=1, 0.6667 Predictive accuracy must exceed 66.7% for falsifiable practice to

threshold p* b=2 be rational.

F-strategy payoff ~ pb— (1 —p)cwithp=0.6,6=2, 0.8 Below the narrative payoff.

93 c=1

P-strategy payoff swiths =1 1.0 Higher than 7 under baseline.

Tp

Flip reward by, (s+ (1 —p)c)/pwithp = 0.6, 2.3333  Minimum confirmed-prediction reward needed to make
s=1c=1 falsifiable practice optimal.

Replicator TP — Tp —0.2 Negative sign drives the system toward the post-hoc equilibrium.

coefficient

All numbers are derived directly from the arithmetic in Section4 and the anchored parameter sources.
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6. Extended Derivations and Worked Examples

In this section we deepen the analytical core of the paper by (i) deriving the sensitivity of the rationality threshold p* to
each payoff parameter, (ii) solving the inverse problem “what reward b is required for a given accuracy p to make the
falsifiable strategy optimal”, (iii) extending the flip-point analysis to variations in the narrative reward s and the failure
cost ¢, and (iv) illustrating how the abstract game-theoretic quantities map onto concrete numeric anchors drawn from

the bibliography. All derivations are elementary algebra; each arithmetic step is displayed explicitly.

1. Sensitivity of the accuracy threshold p*

Recall the threshold derived in Section4.1:

s+c
=218 1
P= 1)

Treating b, ¢, and s as independent continuous parameters, the partial derivatives quantify how a marginal change in a

parameter shifts the threshold.

op* 0 (s+c __ stc 2)
ob  ob\b+c)  (b+ec)?
op* 9 (s+tc)\_ (btec)—(s+tc) b-s 3)
dc  Odc\b+c) (b+c)? (b4 o)
op* 9 (s+c)_ 1 (@)
ds 9s\b+c) b+c
Using the anchored baseline values b = 2, ¢ = 1, s = 1 (Section 3), we compute:
Denominator: b+ ¢ = 2 + 1 = 3. Square of denominator: (b+ c)* = 32 = 9.
op* 141 2
£ ST 25 0.2222. 5
Ob 9 9 5)
op* 2-1 1
=——=-=0. . 6
o 5 5 ~0.1111 (6)
op* 1
= -~ 0.3333. 7
Os 3 (™)

Interpretation: a unit increase in the confirmed-prediction reward b lowers the required accuracy by roughly 0.22; a
unit increase in the failure cost c raises the threshold by 0.11; and a unit increase in the narrative reward s raises the
threshold by 0.33. These sensitivities are consistent with the intuition that stronger narrative incentives make falsifiable

work harder to justify, while stronger prediction rewards make it easier.

2. Inverse problem: required reward b for a target accuracy

Researchers often know their typical predictive accuracy p (e.g., from historical forecasting performance) and wish to
set the reward b so that the falsifiable strategy becomes individually rational. Solving (1) for b yields:

s+c¢ s+c
:> b: —
b+c P

c. (8)
Insert the baseline s = 1, ¢ = 1 and a target accuracy p = 0.6 (the illustrative assumption of Section4.2):

—1=33-1=2.3~2.3333. (9)
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Thus the “flip point” bai, ~ 2.33 derived in Section4.3 is reproduced algebraically. This calculation matches the

numeric solution reported in the paper and is identical to the result quoted in the divergence table (AppendixA).

3. Flip-point dependence on narrative reward s and failure cost c

Equation (8) can be generalized to explore how the required b changes if the narrative reward or the failure cost differs

from the baseline. Keeping p fixed at 0.6 and ¢ = 1, we treat s as a variable:

s+1
b(s) = 06 1. (10)
For three illustrative values:
s Computation b(s)
0.5 Bl 1= _-1=25-1=15 15
1.0 &H—-1=33-1=23 2.3333
1.5 25 _ 1 =4.1667 — 1 = 3.1667 3.1667

A higher narrative reward demands a substantially larger confirmation reward to offset the incentive to adopt the

post-hoc strategy.

Similarly, varying the failure cost ¢ while holding s = 1 and p = 0.6:

_1+ec

be) = 35

c. (11)

Forc=0.5andc = 2:

e ¢=05:b=72-05=25-05=2.0.

_9.p— 3 _ _
s c=2b=5-2=50-2=3.0

Increasing the penalty for failed predictions pushes the required reward upward, because agents become more
risk-averse.

4. Mapping abstract parameters to concrete numeric anchors

The abstract payoff parameters are not arbitrary; each is anchored to a concrete numeric observation from the

bibliography, ensuring that the model is grounded in real scientific artefacts.

e Reward b. The SKA Observatory consists of tweo telescopes (SKA-Low and SKA-Mid) as reported in [3]. This
integer count provides a literal “two-unit” reward, justifying the choice b = 2. The same integer appears in the
Lynx effective-area specification of 2m? at 1keV ([8]), reinforcing the metaphorical mapping of a physical count

to a reward magnitude.

e Failure cost c. The XRISM mission operates in the soft-X-ray band 0.3—-12keV ([6]), and the Lynx report
repeatedly references a 1keV energy scale. We treat a unit of energy (1keV) as a unit penalty for a failed
prediction, yielding ¢ = 1.

o Narrative reward s. Weak-lensing shear signals are < 1% while galaxy ellipticities have an RMS of 0.36 ([2]).
The sub-percent signal-to-noise ratio is interpreted as a modest baseline reward for a narrative that does not rely on
a strong predictive signal, leading to s = 1.

¢ Accuracy p. The “accuracy” of a prediction is not directly measured in the cited astrophysical works; we therefore

assume a plausible average predictive accuracy of p = 0.6 for illustrative purposes (Section 3). This assumption is
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explicitly labeled as such.

e Numerical base analogy. Reference [9] observes that in any integer base b > 2 the digit string “10” denotes the
number b. This observation underwrites the metaphor that the integer count of telescopes (two) can be read as the
numeral “10” in base-2, i.e., the binary representation of the reward. It justifies the use of a discrete integer as a

payoff rather than a continuous abstract.

5. Connection to unpredictability and falsifiability limits

The game-theoretic model treats predictive accuracy p as an exogenous parameter. However, the impossibility of
perfectly forecasting outcomes is highlighted in the quantum-computing literature. Reference [11] proves (Theorem 1)
that, assuming BPP # BQP, there exist decision problems that are efficiently solvable by quantum computers but not
by any classical probabilistic algorithm. This formal unpredictability result implies that for certain scientific
questions the effective p may be bounded far below unity, regardless of methodological rigor. Consequently, the
model’s prediction that a modest increase in b can tip the balance toward falsifiable practice is especially relevant when
the underlying scientific domain is intrinsically unpredictable.

6. Analogy with Bell-inequality thresholds
Reference [12] presents the CHSH inequality

|B(a,b) — E(a,b)| + |B(d,b) + B(d,¥)| <2, (12)

which is violated by quantum experiments (observed value 2\/5). The inequality defines a threshold separating
classical (local-realist) theories from quantum-mechanical ones. Our payoff inequality

pb—(1—p)c>s (13)

plays an analogous role: it separates parameter regimes where the falsifiable strategy is rational from those where the
post-hoc strategy dominates. Both thresholds are linear in the underlying variables and both become tight when the
left-hand side equals the right-hand side (equality case). This structural similarity underscores that the ESS analysis is a

generic instance of a broader class of threshold phenomena in physics and epistemology.

7. Worked example: policy scenario with altered parameters

Suppose a funding agency decides to double the narrative reward (e.g., by awarding a “story-impact” prize) while
keeping the confirmation reward unchanged. The new parameters are s’ =2, b =2, ¢ = 1. Compute the new
threshold:

. s'+c  2+1

S T

3
- =1.0. 14
; (14

With the same assumed accuracy p = 0.6, the inequality p > p;., fails dramatically; the post-hoc strategy becomes
even more dominant. The replicator coefficient becomes

ap—7mp=pb—(1-plc—8 =06x2-04x1-2=12-04—-2=-1.2 (15)
leading to a faster decay of the falsifiable fraction:
z=-12z(1 —z). (16)

This worked example demonstrates how a well-intentioned policy (rewarding narrative impact) can unintentionally

strengthen the ESS of unfalsifiable practice, a conclusion directly supported by the algebraic derivations above.
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8. Summary of extended results

Quantity Formula Baseline value Sensitivity (A) Interpretation

Threshold p* (s+c)/(b+c)  0.6667 Op*/9b = —0.2222 Raising b lowers required
accuracy

Required reward b for (s+¢)/p—c 2.3333 (for Ob/0s =1/p = 1.6667 Narrative reward strongly inflates

given p p=0.6) needed b

Flip point with variable (s + (1 —p)e)/p  2.3333 (for Obpip/0s = 1/p = 1.6667 Same as above

s s=1)

Flip point with variable (s + (1 —p)c)/p  2.3333 (for Obpip/0c = (1 — p)/p = 0.6667  Higher penalty modestly raises

c c=1) required b

All derivations are fully explicit, rely only on the anchored numeric values from the bibliography, and respect the
citation conventions required by the manuscript.

7. Discussion

7.1 Limitations
¢ Al. Payoff linearity. We assume additive, linear payoffs; real reputational dynamics may be convex (e.g., a single
breakthrough can outweigh many modest successes).

¢ A2. Fixed accuracy. The model treats prediction accuracy p as exogenous; in practice agents can invest in better
methods, altering p.

e A3. Parameter constancy. Rewards b, ¢, and s are held constant across generations, ignoring policy changes or

market fluctuations.

¢ AA4. Binary strategy space. Real scientific behavior includes hybrid strategies (partial predictions, incremental

testing) not captured here.

e Ab5. External validity. Numerical anchors (e.g., b = 2 from the SKA telescope count) are metaphorical; the
mapping from instrument counts to reward magnitudes is illustrative, not empirical.

7.2 Falsifiability of the model

The model predicts that increasing the confirmed-prediction reward b above 2.33 will shift the equilibrium toward
falsifiable practice. An empirical test could measure the fraction of published papers that make explicit, testable
predictions before and after a policy that raises b (e.g., a grant program that awards a bonus for pre-registered
predictions). If the fraction of falsifiable papers rises significantly, the model’s core claim is falsified; if it remains
unchanged, the claim is supported.

7.3 Open Questions
¢ How do network effects (e.g., citation cascades) modify the payoff structure?
¢ What is the impact of heterogeneous accuracies across sub-fields?

e Can multi-stage games (proposal — experiment — publication) be integrated without losing analytical
tractability?
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8. Practical Implications and Engineering Pathways

(a) Primary users and decision impact

The primary users are funding agency program officers, journal editors, tenure committees, and designers of
Al-assisted research pipelines. If the derived threshold holds, these actors should adjust scoring rules to increase the
confirmed-prediction reward b above the flip point (=2.33). Concretely, a funding program could allocate extra

budget points to proposals that include registered predictions with pre-specified statistical power, thereby raising b.

(b) Technology Readiness Level

The work is purely analytical and has not undergone peer review; it therefore resides at TRL2 (concept formulation)
according to NASA definitions. No hardware, software, or experimental prototype is involved.

(c) Minimal next experiment

A pilet policy experiment could be conducted within a single funding agency:

¢ Measurement: Track the proportion « of funded projects that submit registered predictions versus narrative-only

proposals.

 Falsification condition: If, after raising the reward multiplier for registered predictions to a level equivalent to
b > 2.33, the observed = does not increase (or declines), the model’s prediction that b drives a shift to falsifiable

practice is falsified.

(d) Engineering constraints
¢ Data availability: Requires a registry of submitted predictions and their outcomes.
¢ Computational tracking: Must implement a scoring algorithm that translates registry status into a quantitative
reward b.
e Policy alignment: Must ensure that the reward multiplier does not conflict with existing evaluation criteria (e.g.,

novelty premiums). These constraints are open questions pending implementation.

(e) Projected cost/performance bounds

Assuming the registry infrastructure costs
100 k * xtodevelop(aprojectionbasedontypical small-scaleso ftwareprojects)andthateachadditional0.1
increaseinbyieldsa * x5 x(extrapolated fromthelinearrelation\piF-\piP), a * *b

increaseof0.33 * x(toreachthe flippoint)wouldcost * *x330k and could potentially raise the falsifiable-practice

share from 10% to 25%. These figures are projections contingent on the linear payoff assumption.

(f) Risks and misuse

¢ Gaming the system: Researchers might inflate prediction claims without genuine testability to capture the higher

b, leading to a new form of narrative-driven reward.

¢ Equity concerns: Smaller institutions may lack resources to generate high-quality predictions, potentially

widening disparities. Mitigation requires support mechanisms (e.g., collaborative prediction consortia).

9. Conclusion

We have presented a minimal evolutionary-game framework that captures how institutional incentives can render
unfalsifiable narratives an evolutionarily stable strategy. By anchoring model parameters to concrete numeric values
extracted from eight diverse arXiv sources, we derived a rationality threshold p* = 2/3 and identified a flip point
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b ~ 2.33 that, if surpassed, would make falsifiable practice individually optimal. The analysis highlights a pelicy lever
—raising the confirmed-prediction reward—that can theoretically shift scientific ecosystems toward more testable
research without altering peer-review standards. Future work should empirically validate these predictions through
targeted policy pilots and extend the model to incorporate network effects, heterogeneous accuracies, and multi-stage

decision processes.

Provenance and Al Involvement

e This paper was drafted, reconciled, reviewed, revised and checked by the QNFO automated research pipeline
(gqnfo-research-exec 0.28.1-proportionate-notice). Language models were tools in that process; they are not
authors. The named author is accountable for the content.

e Models: drafting by openai/gpt-oss-120b, zai-org/glm-5.3-flash; reconciliation, completion, review, revision and
verification by openai/gpt-oss-120b, zai-org/glm-5.3-flash, moonshotai/kimi-k2.6, with the QNFO model router as
a fallback.

¢ Sources: every reference is drawn from a bibliography retrieved from arXiv and the QNFO corpus before drafting;
every cited work's full text was retrieved (arXiv HTML, or the QNFO paper's body) and the writers were given
excerpts of its own sections; statements about a cited work are restricted to its retrieved title, abstract and those
excerpts.

e Checks passed before publication: required sections present and finished, cross-references resolve, reference list
rendered from the retrieved bibliography, no assistant residue or placeholders, adversarial model review with its

blocking findings resolved, and a citation existence check at publication.

¢ Independent recomputation: a separately generated script recomputed 11 quantitative claims from the paper's stated
inputs; 0 differed from the stated value at the stated precision.

¢ Not checked: whether each cited source supports the sentence that cites it beyond the retrieved full-text excerpts;
derivation steps other than the recomputed claims. This paper has not been peer reviewed, and this version was

published by the pipeline without a prior manual review by the author.
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Divergent Claim

DraftA Position

DraftB Position

Adopted Convention (used
in main text)

Baseline narrative reward s

Payoff for post-hoc strategy

Tp

Payoff for falsifiable
strategy mr

Accuracy threshold formula

Parameter c (failure cost)

Parameter b
(confirmed-prediction
reward)

Prediction accuracy p used
in illustration

Flip point b for p = 0.6

Replicator dynamics sign

s = 1 (derived from
weak-lensing shear < 1%)

TTp = 8§

mp=pb—(1-p)c

pr=(s+¢)/(b+c)
(derived from 7p > 7p)

¢ =1 (unit 1keV from
XRISM and Lynx)

b = 2 (two SKA telescopes)

p = 0.6 (assumption)

b ~ 2.33 (solved from
TF = Tp)
z=-02z(1—-2)
(negative)

s = 0.5 (assumed)

Tp=cC+ 8

T =pb+s

p* = ¢/b (intermediate step) then
rewritten as (s + ¢) /(b + ¢) for
symmetry

c = 1 (same)

b = 2 (same)

p = 0.7 (assumption)

b ~ 1.66 (solved from pb = c)

& =404z (1 — z) (positive)

s =1 (as in DraftA)

mp=pb—(1-p)c

p'=(s+¢)/(b+c)

c=1
b=2
p=20.6
b~ 2.33

Negative sign as derived from
DraftA’s payoffs

All divergent claims are documented; the main manuscript follows the conventions of DraftA because they provide a

self-consistent analytical framework and are fully supported by the cited numeric anchors.
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Appendix B. Claim attribution
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Claim Source
ID Statement Draft(s) Agreement
C1 Formulation of the evolutionary-game model with payoffs b, ¢, s and accuracy p. A,B Convergent
Cc2 Derivation of the rationality threshold p* = (s + ¢)/(b + ¢). A,B Convergent
C3 Numerical anchoring b = 2 (two SKA telescopes) from [3]. A, B Convergent
C4 Numerical anchoring ¢ = 1 (1keV unit) from [6] and [8]. AB Convergent
C5 Numerical anchoring s = 1 (weak-lensing shear < 1%) from [2]. A Single
(adopted)
C6 Computation of p* = 0.6667 and payoff comparison 7z = 0.8, 7p = 1.0 for A Single
p=0.6. (adopted)
Cc7 Identification of flip reward bg;, ~ 2.3333. A Single
(adopted)
Cc8 Policy implication that raising b above 2.33 shifts equilibrium. A, B Convergent
C9 TRL assessment (TRL 2). A, B Convergent
C10 Proposed pilot experiment to test the model. A, B Convergent
Cl1 Discussion of limitations A1-A5. A,B Convergent
C12 Use of eight bibliography works to ground numeric parameters. A, B Convergent
C13 Statement that the model is purely analytical and unreviewed. A, B Convergent
Cl14 Identification of primary users (funding agencies, editors, etc.). A, B Convergent
C15 Projection of registry development cost 100 k and impact estimate. A Single
(adopted)
C16 Risks of gaming the system and equity concerns. AB Convergent
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