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Abstract

Forecasting methodologies for novel ecosystems share a structural dependence on prior information: historical
baselines, structural priors about bifurcation neighborhoods, or assumptions of pattern transferability from
training distributions. Ecological novelty does not invalidate these priors uniformly. It erodes them
differentially across dynamical features, and existing frameworks lack a systematic language for expressing
which features remain constrainable under a given novelty profile and which do not. This paper develops
Constraint-Aware Prediction (CAP), a methodological framework that reframes novelty from a property of
predicted outcomes into an informational condition of prediction itself. CAP partitions dynamical features into
three domains. The constrained domain contains features for which predictive distributions contract relative to
priors in a testable manner. The coupled domain contains features governed by cross-scale transmission whose
conductance can be estimated but whose parameters are uncertain under novelty. The emergent domain
contains features arising from interactions among novel species combinations whose specific configurations
cannot be deduced from prior information. For each domain, the framework specifies an operational criterion.
Constraint degree is estimated through Bayesian predictive contraction, cross-condition functional stability,
and network-topological extrapolability. Social processes are modeled not as external scenario inputs but as
structural generators of the constraint set, capable of expanding or compressing the constrained domain
through governance responses, institutional lock-in, and knowledge production. CAP does not aim to eliminate
uncertainty. It aims to make prediction honestly bounded and therefore usable under conditions without
historical precedent. Three testable inferences are derived, and the framework is connected to hierarchical
predictive theories of biodiversity change and to the literature on regime shifts, machine learning
transferability, and social-ecological feedbacks.
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1 Introduction

Novel ecosystems are defined by combinations of species and abiotic conditions that have not previously
occurred within a given biome, and they arise through deliberate or inadvertent human action (Hobbs et al.,
2006). The concept carries two defining features: novelty in species composition and functioning, and human
agency as the generative force (Hobbs et al., 2006; Hobbs et al., 2013; Staples et al., 2025). A working
definition holds that a novel ecosystem is a system of abiotic, biotic and social components that, by virtue of
human influence, differs from those that prevailed historically, has a tendency to self-organize (Zhang, 2014,
2015, 2016b. 2026a-c, 2027a-b) and manifests novel qualities without intensive human management (Hobbs et
al., 2013). Novel ecosystems are distinguished from hybrid systems by practical limitations, combining
ecological, environmental and social thresholds, on the recovery of historical qualities (Hobbs et al., 2013). As
human transformation of the Earth intensifies, these systems increase in importance while remaining relatively
little studied (Hobbs et al., 2006; Zhang and Chen, 2011; Zhang and Liu, 2012).

The predictive challenge posed by novel ecosystems is not simply that extrapolation distances become
longer. The information base on which prediction rests undergoes a structural change. Historical baselines lose
their referential function because the system has moved beyond the threshold separating historical from novel
configurations (Hobbs et al., 2013). Structural priors about the neighborhood of a bifurcation lose their warrant
because the generative processes reorganize species pools and functional relationships (Kerr et al., 2026).
Training distributions lose their coverage because the target conditions have no analogue in the observational
record (Wu et al., 2026; Farchadi et al., 2025).

Existing methodological responses to this challenge cluster into three families, and each carries an implicit
prior. Early warning signal approaches assume that the system resides in or near a bifurcation neighborhood
where critical slowing down produces detectable statistical signatures (Radhakrishnan et al., 2025).
Process-based frameworks assume that the mapping from generative processes to novel outcomes is
identifiable, at least in principle, through measurement of composition, function, abiotic conditions and social
drivers (Kerr et al., 2026). Data-driven approaches assume that structural relationships learned from training
data remain transferable to target conditions, an assumption that machine learning research in ecology has
repeatedly found to be fragile under extrapolation (Wu et al., 2026; Kearney et al., 2026).

The central argument of this paper is that these priors do not fail simultaneously or uniformly. Some
dynamical features, such as response diversity and the dominance of negative feedback, retain constrainability
longer than others, such as the specific configuration of interactions among newly assembled species. The
differential erosion of prior information is the phenomenon that a methodology for novel ecosystem prediction
must address. The first step is not the selection of a more powerful model but the delimitation, for a given
novelty profile, of the boundary of the predictable domain. This delimitation can itself be made a rigorous
methodological object.

The paper proceeds as follows. Section 2 examines how the three families of prediction methods depend on
prior information and why their failure under novelty is layered rather than total. Section 3 develops the
Constraint-Aware Prediction framework, defining constraint degree, the three-domain partition, and the criteria
that operationalize each domain. Section 4 specifies estimation strategies and derives testable inferences.
Section 5 discusses the epistemological stance and the implications for adaptive governance.

2 The Layered Failure of Prior-Dependent Prediction

2.1 Three disguises of the baseline

Equilibrium thinking persists in prediction methodology under three guises. The historical baseline treats a
past state as the reference against which deviation is measured. The statistical baseline treats the training
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distribution as the universe of conditions for which a model is calibrated. The structural baseline treats a
bifurcation neighborhood, or more generally a recognizable dynamical skeleton, as the condition under which
indicators carry information. Novelty compromises all three, but not to the same degree and not through the
same mechanism.

The historical baseline is compromised by definition: novel ecosystems differ from historical ones
precisely in the combinations of species and abiotic conditions they contain (Hobbs et al., 2006). The structural
baseline is compromised when the system is generating its own structure rather than moving within a fixed
structure (Kerr et al., 2026). The statistical baseline is compromised when the mechanisms linking predictors
to responses are themselves altered by environmental change, a condition that violates a fundamental
assumption of supervised learning (Zhang, 2007a-b; Zhang et al., 2008; Wu et al., 2026). A methodology that
does not declare which baseline its predictions depend on, and to what degree, cannot be evaluated under
novelty (Staples et al., 2025).

2.2 Early warning signals and the boundaries of their applicability

Early warning signals rest on critical slowing down, the phenomenon in which a system's response to
perturbation relaxes more slowly as a bifurcation is approached (Radhakrishnan et al., 2025). Variance and
autocorrelation are the canonical indicators, and they have been reported to increase before shifts in
ecosystems, climate, food webs and other dynamical systems (Radhakrishnan et al., 2025; Zhang, 2012, 2018,
2026a-b, 2027a-b). The applicability of critical slowing down is limited to systems experiencing critical
transitions that can be modeled using bifurcation theory (Radhakrishnan et al., 2025). Conventional signals
also struggle to distinguish oscillatory behavior associated with Hopf bifurcations from shifts to a distant
attractor associated with fold bifurcations, and they become less reliable in systems affected by
density-dependent noise (Bury et al., 2021).

The empirical record is sobering. Analyses of multi-trophic planktonic data from lakes worldwide found
few instances of critical transitions, with different trophic levels often expressing different forms of abrupt
change and most indicators performing no better than chance (O'Brien et al., 2023). A machine learning model
applied in the same study performed poorly (O'Brien et al., 2023). The authors concluded that predictive
ecology should move away from the concept of critical transitions and develop methods suitable for predicting
resilience loss not limited to the strict bounds of bifurcation theory (O'Brien et al., 2023). When parameters
change rapidly, early warnings can arrive after the bifurcation point has already been passed, and the fast rate
of parameter change can delay the tipping event, opening a borrowed window for intervention whose duration
depends on the interaction between warning time, prevention action and rate of change (Radhakrishnan et al.,
2025).

These findings do not invalidate early warning signals. They locate their applicable domain. That domain
is bounded by the requirement that the system be close to a recognizable bifurcation type and that the
parameter drift be slow relative to the system's relaxation dynamics. Novel ecosystems that assemble through
species pool reorganization and functional reconfiguration may never satisfy the first requirement, because the
structure within which a bifurcation would occur is itself being generated (Kerr et al., 2026).

2.3 Data-driven prediction and the conditional nature of transferability

Machine learning in ecology faces a spatial transferability bottleneck (Zhang, 2007a-b, 2010; Zhang and
Barrion, 2006; Zhang and Zhang, 2008; Zhang et al., 2007, 2008). Models trained in local environments often
degrade when extrapolated to regional or global scales because ecological relationships are shaped by
site-specific factors such as microclimate and land-use history (Wu et al., 2026). Carbon flux models trained
on local eddy covariance observations can capture local relationships yet lose accuracy across biomes. Soil
property products show low correlations between predicted and observed values in heterogeneous regions
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(Guevara et al., 2018; Tifafi et al., 2017).

In the temporal dimension, the breakdown of stationarity is the central obstacle. Ecological forecasting
increasingly faces situations in which the governing processes are themselves evolving, as climate change,
land-use change, biological invasions and shifting disturbance regimes reshape ecosystem structure and
function and create conditions with no historical analogue (Wu et al., 2026). Relationships learned from
historical observations may no longer remain valid when projected into future scenarios (Dietze et al., 2018;
Reichstein et al., 2019). This challenge extends beyond distribution shift because environmental change can
alter the ecological mechanisms linking predictors and responses, violating a fundamental assumption of
supervised learning (Wu et al., 2026).

Empirical evaluations of cross-validation practice reinforce the point. Random k-fold cross-validation
produced overly optimistic performance estimates compared with more extrapolative validation schemes, and
simpler algorithms such as partial least squares regression were more consistent and outperformed complex
algorithms for the most extrapolative tasks (Kearney et al., 2026). The authors concluded that random k-fold
cross-validation likely produces unrealistically optimistic expectations and could be associated with major
prediction misses when models are used in novel environmental conditions (Kearney et al., 2026). Transfer
learning and meta-learning can draw on data-rich regions or tasks to support predictions in data-sparse
contexts, but their effectiveness depends on the extent to which ecological patterns can be transferred, and they
remain constrained by limited observations in underrepresented areas (Nathaniel et al., 2023).

These results establish that transferability is not a property that can be assumed. It is a conditional property
that must be estimated for each combination of model, training distribution and target novelty profile. Data
integration can improve forecast skill under novel ocean conditions, with model-based integration of diverse
data types outperforming simpler approaches, but performance still declined as environmental novelty
increased across all models tested (Farchadi et al., 2025). Novelty erodes the statistical baseline continuously
rather than switching it off at a threshold (Staples et al., 2025).

2.4 Social processes as externalized drivers

The social dimension of novel ecosystems is acknowledged in the foundational literature. A novel ecosystem
is a system of abiotic, biotic and social components (Hobbs et al., 2013), and human agency is a defining
characteristic rather than a background condition (Hobbs et al., 2006). Governance research has examined how
institutional arrangements could enable adaptive responses to transformative changes such as novel ecosystems,
and has argued for a more inclusive paradigm of collaborative governance drawing on multiple forms of
knowledge (McKelvey et al., 2021; Chaffin et al., 2014).

In prediction methodology, however, social processes are typically handled as external scenario inputs.
Participatory scenario narratives generate storylines about alternative futures, and these storylines are then
translated into driver values that parameterize biophysical models. This architecture leaves the formal structure
of the ecological model unchanged across scenarios. The social process influences the values of driving
variables but not the feedback structure or the feasible state space of the system.

The limitation of this treatment becomes visible when social responses alter the system's constraint
structure. A governance intervention that maintains response diversity expands the set of dynamical features
that remain constrainable. Institutional lock-in that forecloses adaptive options compresses that set.
Social-ecological systems research has developed non-recursive structural equation models that estimate
feedback loops between ecological health, governance and user behavior, and has shown that the same system
can move from a regime in which endogenous management is effective to one in which external climatic
forcing dominates and institutional responses lose their regulatory capacity (Bozzeda and Defeo, 2026). When
such structural shifts occur, a prediction that treats governance as an external driver will misrepresent the
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system at the level of its feedback architecture, not merely at the level of parameter values.

3 Constraint-Aware Prediction: Framework Construction (Fig. 1)

3.1 Constraint degree as a first-order predictive quantity

The central construct of the framework is constraint degree. Let ' denote a novelty profile described across
four dimensions: compositional, functional, abiotic and social. Let D be a set of dynamical features of interest,
such as the persistence of a functional group, the sign of a dominant feedback, or the occurrence of a particular
oscillatory mode. Constraint degree is defined as

C(DlN) = IE:]\f[(Dpl’ior(l))poost(l)|]\f))/Dprior (D)]+

where Dyior is a dispersion functional for the predictive distribution of the feature under the prior information
available before conditioning on system-specific data, Dy is the corresponding dispersion after conditioning,
and the positive part ensures that only genuine contraction counts as constraint. The expectation is taken over
the novelty profile. A feature with C near 1 is strongly constrained by current theory and data. A feature with C
near 0 has a posterior distribution that has not contracted relative to its prior, meaning that the available
information does not discriminate among plausible values.

Fig. 1 Constraint-Aware Prediction: Framework Construction.

This definition makes constraint degree a measurable quantity rather than a qualitative label. It also makes
explicit the dependence on novelty. C is not a property of a feature in isolation but of a feature under a
specified novelty profile. The same feature, such as the response of a functional group to warming, may be
well constrained in a system with historical analogues and poorly constrained in a system whose species pool
has been reorganized. The definition thus relocates novelty from the outcome side of prediction to the
information side.
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3.2 Three domains and their criteria
Constraint degree provides a continuous measure. The framework converts this measure into a three-domain
partition by specifying thresholds that carry distinct methodological consequences.

The constrained domain contains features for which C exceeds a threshold calibrated so that interval
predictions achieve nominal coverage in cross-validation. Within this domain, point or interval predictions
have operational meaning. The criterion is not a fixed numerical cutoff but a calibration requirement: the
predictive interval must have demonstrated coverage under novelty levels comparable to the target. Early
warning signals computed from sufficiently long and stationary time series can fall in this domain when the
structural baseline is approximately satisfied, and functional redundancy measures can fall here when the
mapping from redundancy to function has been validated across a novelty gradient.

The coupled domain contains features whose dynamics are governed by cross-scale transmission. Local
responses propagate through spatial or organizational scales, and the conductance of this propagation can be
estimated, but the parameters of the transmission are uncertain under novelty. The criterion for membership is
that the sign and approximate magnitude of the cross-scale coupling can be estimated with quantified
uncertainty, while the specific response of the receiving scale cannot be predicted without conditioning on the
actual state of the sending scale. A concrete example is the propagation of local drought effects to regional
productivity through dispersal and landscape connectivity. The direction of the effect may be estimable; its
magnitude under a novel species composition may not.

The emergent domain contains features whose values depend on interactions that have not been observed
in the reference set. The criterion for membership is topological: when the modularity of the interaction
network, or the strength of higher-order interactions, exceeds the range that can be extrapolated from historical
or reference networks, the specific configuration of the feature is treated as emergent. Within this domain, the
defensible prediction is a negative existential statement: the system will exhibit a dynamical type that is not
present in the historical record. The specific state cannot be predicted because it is generated by the interaction
structure rather than determined by prior constraints.

The three domains are not ontological categories of nature. They are epistemic categories relative to the
current state of theory, data and monitoring. A feature can migrate between domains as information
accumulates or as the system's constraint structure changes.

3.3 Hierarchical transmission and domain migration

The domain partition is dynamic. Monitoring does not merely update parameter estimates within a fixed
domain; it can reveal that a feature has moved from the constrained to the coupled domain or from the coupled
to the emergent domain. The logic of hierarchical transmission is borrowed from predictive theories that
connect organizational levels through explicit mappings. A trait filtering hierarchy connects individual fitness
surfaces, population growth rates, community assembly and regional species pools through a measurable
mapping from environmental states and trait combinations to persistence probabilities (Zhang, 2027a). A
multiscale diversity-stability cascade connects local stability through spatial asynchrony to regional stability
(Zhang, 2027b). In both cases, prediction is not a point estimate at a single scale but a transmitted functional
relationship across levels.

Constraint-Aware Prediction adopts this hierarchical logic but applies it to the epistemic status of features
rather than to their values. A feature that is constrained at one level may enter the coupled domain when its
determinants at a lower level become uncertain, and may enter the emergent domain when the lower-level
interactions are themselves novel. The boundary between domains is therefore a moving front that responds to
both measurement and system change.

3.4 Social processes as structural generators of the constraint set
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The framework treats social processes as endogenous generators of the constraint set rather than as external
drivers. Two pathways are distinguished.

Expansion of the constrained domain occurs when governance, knowledge production or institutional
design maintains or increases the response diversity available to the system. A governance regime that
preserves functional redundancy across scales, or that supports monitoring capable of detecting domain
migration, enlarges the set of features for which predictive contraction can be achieved. The causal pathway
runs through the diversity of responses available to the system (Zhang, 2021a-b), not through the values of
driving variables.

Compression of the constrained domain occurs when institutional lock-in, infrastructure rigidity or the
foreclosure of adaptive options removes response diversity and narrows the range of dynamical behaviors the
system can express. In the language of social-ecological feedback models, when the reactive governance loop
is severed and external forcing dominates, endogenous management efforts are rendered ineffective and the
system's adaptive capacity is reduced (Bozzeda and Defeo, 2026). In constraint terms, features that were
previously constrainable through management-responsive feedbacks pass into the coupled or emergent
domain.

This treatment has a methodological consequence. Social scenarios should not be designed solely to
generate driver trajectories. They should be designed to probe which social responses expand or compress the
constrained domain. A scenario that changes the values of temperature and precipitation while leaving
governance structure fixed explores a different kind of uncertainty than a scenario that changes the feedback
architecture itself. Constraint-Aware Prediction requires the second kind of exploration alongside the first.

4 Operationalization and Testable Inferences
4.1 Estimating constraint degree
Three estimation strategies correspond to the three domains and can be combined in practice.

The first estimation strategy is Bayesian predictive contraction. For a feature of interest, specify a prior
predictive distribution based on available theory and data, then update with system-specific observations to
obtain a posterior predictive distribution. Constraint degree is the relative reduction in a discrete functional
such as predictive variance or interval width. This strategy has the advantage of being applicable to any feature
for which a probabilistic model can be formulated, and it makes the dependence on prior choice explicit. Its
limitation is that the prior itself may be misspecified under novelty, a problem that can be partially addressed
by prior sensitivity analysis across a hierarchy of increasingly weak priors.

The second estimation strategy is cross-condition functional stability. For functional features such as the
relationship between response diversity and the maintenance of a process rate, estimate the relationship in
multiple reference systems spanning a novelty gradient and test whether its sign and approximate magnitude
remain stable. If the relationship retains its direction across the gradient, the feature belongs to the constrained
domain with respect to that gradient. If the relationship weakens or changes sign beyond a threshold of novelty,
the feature has migrated to the coupled or emergent domain. This strategy operationalizes the intuition that
functional redundancy carries information that is partly independent of species identity, while making the
limits of that independence an empirical question.

The third one is network-topological extrapolability. For features determined by interaction structure,
estimate the modularity and higher-order interaction strength of the interaction network (Zhang, 2012, 2016b,
2018) and compare these quantities to the range observed in the reference set. When modularity or
higher-order strength exceeds the reference range, the feature is assigned to the emergent domain. The
threshold is not arbitrary: it is the upper bound of the reference distribution, and it can be updated as the

IAEES WWW.iaees.org



Computational Ecology and Software, 2027, 17(3): 124-137 131

reference set grows. This strategy connects the framework to network-based approaches in ecology that
formalize the relationship between interaction structure and dynamical behavior (Zhang, 2015, 2016a-b, 2018).
4.2 Monitoring as domain-boundary detection

The operationalization changes the function of monitoring. In a conventional forecasting architecture,
monitoring generates data for parameter estimation and forecast verification. In Constraint-Aware Prediction,
monitoring also generates evidence about whether the constraint structure itself has shifted.

A monitoring program designed for domain-boundary detection tracks indicators of constraint degree
alongside the features being predicted. When constraint degree for a feature falls below the calibrated
threshold, or when a network-topological indicator crosses the reference upper bound (Zhang, 2016a), the
appropriate response is not to update a parameter within the existing model but to switch the prediction mode.
The feature moves from the constrained to the coupled domain, or from the coupled to the emergent domain,
and the output of the predictive system changes accordingly: from an interval prediction to a conditional
scenario spectrum, or from a scenario spectrum to a negative existential statement.

This architecture has an important consequence for the interpretation of forecast error. In the conventional
architecture, a large forecast error is evidence that the model is wrong. In Constraint-Aware Prediction, a large
forecast error may be evidence that the domain assignment was wrong, which is a different kind of information.
The two diagnoses call for different responses: model revision in the first case, domain reassignment in the
second.

4.3 Social-ecological scenarios as constraint-space exploration

Scenario methods can be redesigned to serve constraint-space exploration. Instead of asking stakeholders to
describe plausible future driver values, the exercise asks which social responses would change the feedback
structure of the system. A governance intervention that creates a new monitoring capacity, or that removes a
legal barrier to adaptive management, expands the constrained domain. A decision that locks in a particular
infrastructure pathway compresses it. The scenario output is not a set of driver trajectories but a map of which
social choices move which features across domain boundaries.

This redesign connects the framework to adaptive governance research. Governance arrangements that
maintain experimental capacity, reversibility and response diversity are not only normatively attractive; in
constraint terms they preserve the predictable residual of the system (McKelvey et al., 2021; Chaffin et al.,
2014). A system whose governance forecloses adaptive options loses constrainability along with adaptive
capacity, and the loss is measurable through the constraint-degree indicators described above.

4.4 Testable inferences

The framework yields three inferences that can be evaluated against data:

(1) Under high novelty, functional predictions based on response diversity and redundancy should exhibit
greater cross-condition stability than predictions based on species composition. The rationale is that response
diversity encodes backup capacity that is partly independent of species identity, whereas composition-based
predictions depend on the historical mapping from species to function. The inference can be tested by
comparing the transferability of composition-based and redundancy-based models across a novelty gradient.
(2) Models that treat social processes as generators of the constraint set should outperform models that
externalize social processes when predicting system trajectories after management interventions. The rationale
is that interventions change feedback structure, and a model that holds feedback structure fixed across
scenarios will misrepresent the post-intervention dynamics. The inference can be tested using structural
equation models that estimate feedback loops and comparing their out-of-sample performance against models
with exogenous social drivers.

(3) When interaction-network modularity exceeds the reference range, the calibration error of point predictions
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should increase systematically (Zhang, 2016a), while the hit rate of negative existential predictions, statements
that a dynamical type absent from the historical record will appear, should exceed the hit rate of specific state
predictions. The rationale is that beyond the topological threshold, the specific configuration is generated
rather than constrained. The inference can be tested in systems with sufficient time-series data to estimate both
calibration error and the occurrence of previously unobserved dynamical types.

5 Discussion

5.1 Not an abandonment of prediction

A predictable objection holds that Constraint-Aware Prediction lowers the ambition of ecological forecasting
by conceding large domains to unpredictability. The objection misreads the framework's epistemic target. The
target is not precision but warranted credibility allocation. Under novelty, a prediction that declares a feature to
be in the emergent domain, and therefore declines to specify its value while asserting that it will belong to a
dynamical class absent from the historical record, can be more informative than a point prediction with
unacknowledged and violated priors. The choice is not between prediction and no prediction. It is between
prediction that misrepresents its own basis and prediction that states its basis and its limits.

This argument aligns with calls to move beyond the strict bounds of bifurcation theory in predictive
ecology (O'Brien et al., 2023) while retaining the aspiration to anticipate change. It also aligns with the
observation that forecasting performance of complex nonlinear models is context-dependent, with the best
performance on chaotic and oscillating time series and weaker performance elsewhere (Buckner et al., 2026).
A framework that specifies the conditions under which a method performs well is more useful than a method
that performs well on average and fails unpredictably.

5.2 Relation to hierarchical predictive theories and constraint-first methodology

The framework has a structural affinity with a family of predictive theories that place constraints before
mechanisms. The Niche-Energy-Time hypothesis treats thermodynamic, structural and historical constraints as
irreducible determinants of species diversity patterns (Zhang, 2026b-c). The trait filtering-diversity dynamics
hierarchy formalizes the mapping from environmental states and trait combinations to persistence probabilities
through a filtering operator that can be estimated with hierarchical Bayesian models, structural causal models
and interpretable machine learning (Zhang, 2027c). The multiscale diversity-stability cascade connects local,
spatial and regional stability through explicit transmission relationships (Zhang, 2027b). The critical transition
framework unifies radiations and mass extinctions as behaviors of the same complex adaptive system on either
side of a threshold (Zhang, 2026a). The self-organized criticality framework places ecosystem phase
transitions under the control of energy fluctuation variables (Zhang, 2026b).

Constraint-Aware Prediction inherits three features from this tradition. It treats constraint as first-order
information rather than a residual category. It organizes prediction hierarchically, with transmission between
levels. It insists on operationalizing qualitative concepts into measurable quantities. Its distinctive contribution
is to apply this logic to the epistemic status of prediction itself rather than to the values of ecological quantities.
Constraint degree, domain membership and domain migration are properties of the predictive situation, not of
the ecosystem alone. This reflexive move is what allows the framework to address novelty directly: novelty
changes the predictive situation, and the framework's first task is to describe that change.

5.3 Implications for adaptive governance

If the predictable residual of a system depends on the size and stability of its constrained domain, then
managing the constraint set becomes a governance function. Maintaining response diversity, preserving
experimental capacity and avoiding irreversible institutional commitments are strategies for keeping features in
the constrained domain. Foreclosing adaptive options compresses the constrained domain and reduces the
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system's predictable residual along with its adaptive capacity.

This implication connects constraint-aware prediction to the literature on governance of novel ecosystems.
Governance research has argued that novel ecosystems require collaborative, adaptive arrangements that draw
on multiple knowledge systems and can respond to constant change (McKelvey et al., 2021; Chaffin et al.,
2014). Constraint-Aware Prediction supplies a methodological rationale for this argument. Adaptive
governance is not only a response to normative commitments or to irreducible uncertainty. It is a strategy for
preserving the informational conditions under which prediction remains possible.

5.4 Limitations

Several limitations bound the current formulation. The calibration of constraint-degree thresholds requires
empirical work across diverse systems, and the thresholds may prove to be scale-dependent or system-specific.
The domain boundaries are treated as sharp for operational purposes, but in reality they are likely fuzzy, and a
fuzzy-set formulation may be more adequate. The network-topological criterion for the emergent domain relies
on the availability of interaction-network estimates, which are difficult to obtain in species-rich systems
(Zhang, 2016a). The formal modeling of social processes as constraint generators remains underdeveloped; the
framework specifies the pathways through which social processes act but does not yet provide a general
dynamic model of how governance and knowledge production alter the constraint set. These limitations define
a research agenda rather than undermining the framework's core logic.

6 Conclusion

Novel ecosystems challenge prediction at the level of its information base, not merely at the level of model
choice. The failure of prior-dependent methods under novelty is layered: some dynamical features leave the
constrained domain earlier than others, and a methodology that treats novelty as a uniform degradation of
predictability will either overstate or understate what can be said. Constraint-Aware Prediction responds to this
condition by defining constraint degree as a first-order predictive quantity, partitioning dynamical features into
constrained, coupled and emergent domains with explicit criteria, treating domain boundaries as dynamic and
responsive to monitoring, and modeling social processes as structural generators of the constraint set. The
framework does not promise to predict the specific configurations that novel ecosystems will assume. It
promises something more defensible: a systematic account of which features remain constrainable under a
given novelty profile, which have passed into the domain of cross-scale transmission with uncertain
parameters, and which must be addressed through negative existential prediction rather than point forecasting.
In the Anthropocene, the ambition of predictive ecology should be to state, with warranted confidence, what
can still be said, and to mark honestly where speech must give way to monitored silence.

Appendix: Computational Details

A.1 Bayesian predictive contraction

Let & denote the parameter vector of a model for feature d €D. Let p(6|7,) be the prior distribution reflecting
information available before system-specific data, and let p(6]7,,y) be the posterior after observing data Y.
The prior predictive distribution for d is p(d|7,) = [p(d|@)p(6|7,)dé. The posterior predictive distribution is
p(d|70,y) = Ip(di@)p(6|T,y, y)db. The discrete functional is taken as the width of the central 90 percent
predictive interval, Wogo(-). Constraint degree for feature d is estimated as C(d) = max{0, [Woo(p(d|7y)) -
Woo(p(d|To, ¥)))//Wooe(p(d]|Ty))}. This quantity is computed for each feature and each novelty profile. Prior
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sensitivity is assessed by repeating the calculation under a hierarchy of priors with increasing variance and
comparing the resulting ¢ values. A feature whose ¢ remains above the calibrated threshold across the prior
hierarchy is assigned to the constrained domain. The threshold is calibrated by simulation: synthetic systems
with known domain membership are generated, ¢ is computed, and the threshold that maximizes
classification accuracy is selected.

A.2 Cross-condition functional stability

For a functional relationship F between an indicator r (such as response diversity) and a process rate g,
estimate the relationship in K reference systems ordered by a novelty index. For system k, fit gx= ax + Sl + €.
Compute the sign stability Sggn = (1/K) Sid[sign(B,)=sign(B,')] for all pairs (k, k") and the magnitude
consistency Smag = 1 - CV(|Aﬁk|), where CV is the coefficient of variation. If Ssq, exceeds a threshold (for
example 0.8) and Sy €xceeds a threshold (for example 0.5), the relationship is classified as constrained with
respect to the novelty gradient. If sign stability is high but magnitude consistency is low, the relationship is
classified as coupled. If sign stability is low, it is classified as emergent. The thresholds are calibrated on
simulated systems with known stability properties.

A.3 Network-topological extrapolability

For an interaction network with adjacency matrix A (Zhang, 2016b, 2018), compute modularity Q using a
community detection algorithm such as Louvain or Leiden. Compute higher-order interaction strength H as the
proportion of variance in node-level growth rates explained by terms involving three or more nodes beyond
what is explained by pairwise terms, estimated through a regression of growth rates on pairwise and
higher-order interaction terms. For the reference set of historical networks, compute the empirical distribution
of Q and H. The upper reference bounds are Qmax and Hmax, taken as the 95th percentiles. A target network
with Q > Qmax Or H > Hpax is classified as emergent for features whose dynamics depend on interaction
structure. The choice of the 95th percentile is a calibration decision that trades false positives against false
negatives and should be sensitivity-tested.
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