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a socio-technical decarbonisation pathway for illustration. Together, these extensions support stress-testing,
comparison across storyline or regime assumptions, and exploration of rare or surprising futures, and help
analysts distinguish results that are stable across those assumptions from those that depend on structural
uncertainty about the influence table.

Complexity

1. Introduction

Scenario and pathway analysis is widely used to explore how the
future might unfold under different assumptions. Frameworks such as
the Shared Socioeconomic Pathways provide qualitative narratives that
describe world futures and are combined with quantitative pathways
for integrated assessment (Riahi et al., 2017; O’Neill et al., 2017).
Similar approaches are used in energy and climate context scenarios,
where storylines are built from consistent factor combinations and then
linked to various assessment models (Nakicenovic and Swart, 2000;
O’Neill et al., 2014; Guivarch et al., 2017).

Nevertheless, several dimensions remain underexplored in practice.
These are classified following McCollum et al. (2020). First, the quan-
tification of short-lived departures from equilibrium along pathways
is methodologically underdeveloped. That is, policy analysis would
benefit from knowing how far a pathway is from a stable, self-consistent
state at each step. Second, the exploration of pathways under alterna-
tive structural assumptions such as disruptive drivers or extremes is
often limited. Comparing outcomes under distinct “worlds” or story-
lines is not routinely separated from other sources of variation. Third,
the exposure of rare or overlooked outcomes when the influence struc-
ture is uncertain receives insufficient attention, including tail events
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and what has been termed grey or black swans (Walker et al., 2003;
Lin and Emanuel, 2016; Taleb, 2007).

When scenario work informs policy, a single central trajectory or a
single band of outcomes is often insufficient (Weitzman, 2009; Rosen,
2025). Decision-makers need to understand both how much outcomes
can vary and what kind of cause lies behind that variation. A min-max
band added to a central trajectory shows the range of outcomes when
inputs are varied, but it does not separate the effect of a one-off shock
from the effect of a different storyline or from the effect of uncertainty
about how the system works. The band remains an uninterpretable
range. To the best of the author’s knowledge, existing scenario pathway
and storyline work (including overviews of quantitative scenario tech-
niques (Guivarch et al., 2017)) does not provide a single framework
that separates these influences so that the kind of shock or storyline
or uncertainty behind variation can be identified and communicated
(Lempert et al., 2003; McCollum et al., 2020). The pathway framework
set out in this paper supports such attribution when scenarios are
built as distinct runs, each activating a different combination of shock,
regime, uncertain influence structure, and exogenous disturbances.
Where an illustration bundles several of these, interpretation follows
that joint setup.
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Cross-Impact Balance (CIB) provides a framework in which these
gaps can be addressed. In non-technical terms, CIB represents a system
as a small set of factors (descriptors), each taking one of a few ordered
qualitative states, together with a table of expert judgements on how
each factor’s state pushes the others towards or away from their own
states. This table is the cross-impact matrix (CIM). From a starting
combination of states, factors are repeatedly updated towards the states
best supported by the rest, moving the combination towards a self-
consistent one, and over a sequence of periods this yields a scenario
pathway (Weimer-Jehle, 2006). This multi-period use is common in CIB
applications (Schweizer and Kriegler, 2012; Weimer-Jehle et al., 2020;
Schweizer, 2020).

This paper extends CIB along three dimensions, namely disequi-
librium along pathways (short-lived departures from a stable state),
pathways under distinct regimes or “worlds” (extremes), and unex-
pected outcomes when the influence table (the CIM) is uncertain. The
aim is to provide a single framework in which pathway outcomes can
be attributed to the mechanism that produced them, so that transient
disturbances, regime differences, and influence-structure uncertainty
are each separately visible. Throughout, a storyline is the qualitative
account of how a future unfolds, a “world” is the alternative context
that the storyline describes, and a regime is its formal representation as
a particular cross-impact matrix. A shock is an exogenous disturbance
applied to a pathway, whereas uncertainty refers to incomplete knowl-
edge of that matrix, which is then sampled. These extensions operate
within a known representational constraint, namely that CIB’s natural
unit is a self-consistent scenario on a workshop-sized descriptor set, not
a complete dynamical-systems model of the system being analysed. The
extensions are partial remedies for the epistemic risks that arise from
this, with the full treatment deferred to Section 6.

In this paper, a systematic approach is set out that extends CIB in
this way. Four run types are developed and illustrated, three of which
build on the new extensions and one on existing stochastic exogenous
shocks retained for comparison. Each type addresses a different cause
of variation (transient shock, a joint regime-and-shock specification,
system uncertainty, or random disturbances alone), so that pathways
are explored in four distinct ways and both the extent and the kinds
of causes of variation in outcomes are visible. The distinction is qual-
itative. Each run type is a distinct combination of mechanisms, so
numerical differences between types are not interpretable as the quan-
titative effect of a single factor. The quantification of disequilibrium
along pathways is formalised here and is not provided by other CIB or
scenario pathway methods in this form. Formal disequilibrium metrics
(consistency margin, burden, partial convergence) and pathway-level
sampling from an uncertain CIM are not offered in existing CIB pathway
or scenario overviews (Guivarch et al., 2017).

The four run types comprise runs under a one-off stronger dis-
turbance in a single period (stress-testing and resilience), runs under
a joint regime-and-shock specification (comparison across such joint
specifications), runs under uncertain influence structure (rare or sur-
prising endpoints), and runs with exogenous stochastic disturbances
only (baseline of pure noise). Including this fourth type as a distinct
run provides a baseline against which the added effect of shock, the
joint regime-and-shock specification, and structural uncertainty can
be compared. Together they support stress-testing, comparison across
joint regime specifications, and the identification of rare or surprising
futures.

The three extensions to CIB (disequilibrium, extremes, and un-
expected outcomes) are the main contribution of this paper, which
is, to the author’s knowledge, the first to combine these dimensions
within a single CIB pathway framework. The approach is general and
applicable to any CIB application. For illustration, it is applied here
to a socio-technical pathway based on the data of Ross and Ross
(2026), which uses Al-simulated expert panels for its generation. Each
run type can involve tail-like or rare outcomes in a different sense
(realisation tails, storyline or stress tails, or structural-uncertainty tails).
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The four types together allow one to assess whether results are robust
across joint regime specifications, depend on the chosen joint extremes
specification, or only appear when structural uncertainty is included
(Lempert et al., 2003; Taleb, 2007). Thematically, realisation tails can
also surface rare or disruptive pathway outcomes in the spirit of grey
swans, which are plausible but often neglected (Lin and Emanuel,
2016). The terms “grey-swan-type” and “black-swan-type” are reserved
here for the third run type (structural-uncertainty tails) so that the
cause of rarity remains clearly attributed.

This paper is organised as follows. Section 2 provides further non-
technical detail on the scenario literature, the evidence for the limi-
tation of single-band presentation, and the four run types and their
interpretation. Section 3 outlines the CIB method and the novel ex-
tensions in formal terms. Section 4 describes the simulation scenarios
and points to the Appendix A and the Supplementary Material, which
specify the simulation set-up and notation. Section 5 reports simulation
outcomes for the four run types. Section 6 discusses and concludes.

2. Conceptual background

The following develops the conceptual basis outlined in the intro-
duction. It adds the scenario and pathway literature, the limitation
of single-band presentation, and the four run types and their inter-
pretation. Section 3 then provides the technical detail. As described
in Section 1, CIB represents a system through descriptors that take
ordered qualitative states, with pairwise expert judgements on how
each descriptor’s state bears on the others collected in the cross-impact
matrix (the influence table). A succession rule then updates each de-
scriptor towards the state best supported by the others in their current
configuration.

The scenario pathways and storylines literature stresses trajectories
over time and narrative assumptions about alternative “worlds” to
explore how the future might unfold. Reviews of scenario techniques
for energy and environmental research emphasise the need to broaden
the capacity to deal with complexity and uncertainty and to combine
qualitative and quantitative elements (Guivarch et al., 2017; Kwakkel
and Pruyt, 2013; Bai et al., 2016). That literature supports compari-
son across narrative assumptions and stress-testing of strategies under
different futures (Lempert et al., 2003).

The gaps outlined in the introduction are reflected in this literature.
McCollum et al. (2020) and Weitzman (2009) suggest that the future
is shaped as much by extremes as by central trends. Work on resilient
climate mitigation, for example, argues for expanded futures analysis
rather than relying on conventional modelling alone (Gambhir and
Lempert, 2023). Broader exploration of the scenario space is supported
by evidence that many scenarios are needed for robust energy system
insights and that single or narrow scenario sets can miss important
outcomes (Frey et al., 2025). Representativeness of scenario sets is
argued to require attention to ‘“unknown unknowns” and to structural
uncertainty in how factors interact (Eriksson et al., 2022; Walker et al.,
2003). The third run type specifically addresses this gap by exposing
endpoints that a central matrix would underweight.

The limitation of presenting outcomes as a single band has been
widely discussed (Lempert et al., 2003; Rosen, 2025). A min-max
band does not separate the effect of a one-off shock from that of a
different storyline or from uncertainty about how the system works.
In risk assessment, nonprobabilistic cross-impact approaches have been
criticised for not guaranteeing conservative risk estimates and for con-
sistency criteria that can admit very few or no scenarios (Salo et al.,
2022). Such simplified approaches are widespread in scenario pathway
practice. McCollum et al. (2020) note that they are (too) common in
energy scenario modelling.

CIB is commonly used for the generation of multi-period scenario
pathways (Schweizer and Kriegler, 2012; Kemp-Benedict et al., 2019;
Schweizer, 2020). Pathways evolve from a cross-impact matrix over
a sequence of periods so that each period yields a scenario. Linked



A.G. Ross

together, these scenarios form a pathway. The approach is used across
many domains, including socio-technical scenarios for net-zero and
other transformation pathways, and supports scenarios that combine
qualitative storylines with quantitative models in plausible societal
contexts for model assessment (Weimer-Jehle et al., 2020; Guivarch
et al., 2017). Existing CIB pathway work has focused on consistency
and multi-scale linking (Guivarch et al., 2017; Kemp-Benedict et al.,
2019).!

Standard CIB pathway work generates scenario sets by identifying
consistent configurations (combinations of factor states in which each
factor is in the state best supported by the others). Each configura-
tion represents a distinct “world”. This paper takes a complementary
approach, running ensembles under each of the four run types and
reporting pathway distributions. The extremes run type is the closest
analogue to a conventional scenario set, producing three regime-based
alternatives, but the output under each regime is a pathway distribu-
tion, not a single consistent configuration. The extensions developed
below add dimensions that this literature does not yet address. Within
this CIB pathway framework, the four run types developed in this paper
serve distinct analytical purposes. The following discusses each in turn.

The first of the four run types addresses what happens when the
system is subjected to a one-off stronger disturbance in a single period.
Its purpose is stress-testing, namely to make visible the response to
a short-lived disruption and to quantify how far the pathway is from
a stable, self-consistent CIB state at each step. The insights are the
resilience or vulnerability of pathways to an amplified event and the
extent of transient disequilibrium along the path. Outcomes can include
rare realisations when shock sequences are extreme (realisation tails).
Decision-makers can use this to identify where buffering or contingency
planning is most needed.

The second type addresses what happens when the analyst assumes
a different underlying storyline (for example a constrained “world”)
and holds it fixed for the whole pathway. Each storyline is represented
by a distinct influence structure (regime). The purpose is to compare
outcomes across storylines and to assess sensitivity to the choice of
storyline. The insights are which outcomes are robust across alternative
regimes or storylines and which depend on the assumed world, which
is useful in contested policy contexts.? This type explores storyline or
stress tails (outcomes under deliberately adverse or “tail” storylines).

The third type addresses what happens when the influence table
is not treated as known but is instead sampled from an uncertain
specification, with uncertainty optionally widening over time and dis-
turbances applied. The purpose is to expose pathway endpoints that
are rare under a single central matrix but plausible under structural
uncertainty, including tail-risk and grey-swan outcomes (Walker et al.,
2003; Lin and Emanuel, 2016; Taleb, 2007). The insight is the share
and identity of such rare but plausible states (endpoints a central matrix
may underweight) when the influence structure is uncertain (structural-
uncertainty tails). The aim is to broaden the set of futures considered
and to avoid overconfidence in a single view.

1 Other cross-impact approaches derive scenario probabilities and integrate
with risk or decision analysis (Salo et al., 2022; Roponen and Salo, 2024), but
typically do not provide pathway-level dynamics, disequilibrium metrics, or
the separation of shock, storyline, and structural uncertainty in a single run
framework (Guivarch et al., 2017). That overview and the CIB developments
it discusses (e.g. linked CIB for multi-scale consistency Kemp-Benedict et al.,
2019) address different dimensions rather than pathway-level disequilibrium
or uncertain-CIM sampling.

2 Robustness means similar outcome distributions under different assumed
regimes or storylines. Material dependence means those distributions differ
across assumptions (Guivarch et al., 2022; Lempert et al., 2006). Structural
shock intensity and other disturbance settings may be specified per regime.
Where they co-vary with the regime matrix, pathway contrasts reflect that
joint specification. Attribution to storyline or influence structure alone requires
that such settings be held fixed across regimes or varied in a separate factorial
design.
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The fourth type uses a single nominal backbone CIM and applies
only exogenous structural and dynamic stochastic disturbances, with-
out uncertain-CIM sampling or regime change (the realised matrix still
varies period-to-period when structural shocks are drawn). Its purpose
is to isolate the exogenous shock channels from matrix-sampling un-
certainty and storyline regimes, and thereby to provide a reference run
type for qualitative contrast with the other three. It can yield realisation
tails when shock sequences are extreme. This run type is outlined in
Ross and Ross (2026) and is therefore not developed further in this
paper. The formal treatment of the four types and their implementation
is given in Section 3.

3. Methods

The following subsections outline the method in sequence. First, the
standard CIB framework and multi-period pathways are presented, and
then the three extensions (disequilibrium, extremes, and unexpected
outcomes), each defined and described in terms of the implementation
within PyCIB (an open-source CIB analysis package) (Ross, 2026). The
purpose and interpretation of each run type, and the distinction be-
tween realisation, storyline, and structural-uncertainty tails, are as set
out in Section 2. The following subsections give the formal definitions
and implementation.

3.1. Standard CIB and multi-period pathways

At the core of the CIB method is the cross-impact matrix C, the table
of pairwise influence scores between descriptor states. Descriptors are
factors, each with a set of discrete ordinal states. Following Weimer-
Jehle (2006), a scenario z is one state chosen per descriptor (i.e. one
state per factor), and z; denotes the state of descriptor j in scenario z.
For such a scenario, the impact score of target descriptor j in state / is

0,,(2)= Y Cpuy(z,, D), )
i#j

where i runs over descriptors, z; is the state of source descriptor i in

scenario z, I denotes a possible state of descriptor j, and C,_, j(z;,1) is

the impact of source descriptor i in state z; on target descriptor j in

state /.

In regime-aware runs the matrix used in this formula is the active
matrix M, for period ¢ (Section 3.3). Otherwise, it is the single CIM C.
The impact balance for descriptor j is the vector of these scores over all
its states. A scenario is consistent if, for every descriptor j, the chosen
state z; attains the maximum (ties allowed). The implementation treats
a descriptor as inconsistent only if some other state has a strictly greater
score. Equality or near-equality within a small numerical tolerance is
treated as a tie (consistent). That is, for each descriptor j and for every
state / of that descriptor,

0,:,()20;,(z) foralll @

In this application, “consistency” means the CIB rule (Eq. (2), under
which the chosen state attains the maximum impact score), not con-
sistency in the sense of a joint probability distribution over scenarios
satisfying elicited constraints, as in probabilistic cross-impact methods.
When representativeness or scenario-set consistency is discussed in the
broader literature (for example by Eriksson et al. (2022)), that may
refer to transparency, plausibility, or persistence of scenarios. Here the
term is used only in the CIB sense. State shares or proportions reported
in the results (for example in timeline figures) are frequencies over
pathway runs, not scenario probabilities from a single joint distribu-
tion. The present approach does not provide scenario probabilities or
conservative risk bounds in the sense of Salo et al. (2022).

The succession operator produces from a scenario z a successor sce-
nario z’ by setting each descriptor to a state that attains the maximum
impact score given z. That is, for each descriptor j, z;. € argmax, 0, ,(z)
(with a tie-breaking rule when the maximum is not unique).
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Starting from an initial scenario, succession is applied repeatedly.
If after some number of steps the scenario equals its successor, a
fixed-point attractor has been reached. If the successor was already
encountered at an earlier step, a cycle attractor is identified, namely a
finite repeating sequence of scenarios. Formally, a fixed point satisfies
7 = z. A cycle is a list of scenarios (z(V,...,z(") such that the
successor of z™ is z(I). The succession dynamics described here are
related to the Markov chain formalisation of Schweizer et al. (2023),
which characterises pathway transitions between socio-economic states
with probabilistic diagnostics and information-theoretic measures. The
extensions developed in this paper address transient disequilibrium,
regime-based extremes, and uncertain-CIM sampling rather than the
stationary properties of the transition process.

The implementation may cap within-period iteration at a maximum
of K.« steps. When that cap is applied and neither a fixed point nor
a cycle has been reached within K,,,, steps, the last scenario zKmax) is
taken as the period outcome (partial convergence). That scenario need
not satisfy Eq. (2). In this analysis, the succession operator is local in
that one descriptor is updated per step (the one with the largest gap
between current and maximum impact score), so each step counts as a
single-descriptor update.

In “dynamic” runs,® a time grid T of periods is defined (e.g. T =
{t;,....txy}). An element r € T is referred to as a period (Ross and
Ross, 2026). A pathway is the sequence of scenarios (z(7)),cr realised at
each period. Within each period, the model applies succession from the
current state (or from an initial scenario in the first period), optionally
after cyclic transitions for selected descriptors and threshold-based
modifications to the active matrix.

The threshold-triggered CIM changes and cyclic descriptors (state in
the current period dependent on the previous period) are implemented
in PyCIB in line with the non-linear transformation pathway approach
of Vogele et al. (2019), among others. In that approach, a tree of
consistent scenarios is built per sub-period. Here an ensemble of single-
path simulations is run, with disequilibrium, regimes, and uncertain
CIM added. Structural and dynamic shocks (random perturbations to
the CIM and to impact scores during succession, respectively) are
described in Section 3.5 and are used alongside these extensions in this
analysis.

3.2. Disequilibrium

This extension formalises the quantification of short-lived depar-
tures from equilibrium along pathways (Section 2). The following
metrics define the implementation. Disequilibrium is defined here as
the situation in which the realised scenario at a period is not fully
characterised by a single equilibrium condition under the active matrix.
That is, the state actually produced may be transiently inconsistent, in
that at least one descriptor is not in the state that maximises impact
balance for that period’s matrix. For a scenario z and descriptor j, the
consistency margin (the margin by which the chosen state leads or lags
the best alternative) is

Hj(2) =0;;.(2) - max 0;,(2), 3)

3 Dynamic CIB is not dynamics in the sense economists validate against
data. Used honestly, it is structured expert judgement stepped through time
on a thin cross-impact scaffold for exploration and stress-testing. It is not
a state-space model with identified propagation, micro-founded adjustment,
or projections that assume a validated mapping from states to observations.
Mistaking elicitation for identification, or treating these trajectories as policy-
grade outputs, overstates what the scaffold can bear. Parts of the CIB literature
have also pushed the method towards structural policy appraisal and similar
uses where the elicited layer cannot carry the burden. Where the same artefacts
are presented as quantitative dynamic analysis of real adjustment, that use
is inadmissible by ordinary standards for structural dynamics and policy
appraisal.
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where 0, ,(z) is the impact score defined in Eq. (1). The global consis-
tency margin is

u(z) = mjin ui(2). C)

If descriptor j has only one state, the set {/ # z;} is empty. In that
case y;(z) is taken as zero (and such descriptors are included in the
minimum in Eq. (4)). The scenario is consistent under the active matrix
if and only if x(z) > 0. When within-period succession is capped (partial
convergence), the period outcome may have u(z) < 0.

The implementation quantifies disequilibrium further using dis-
tances and a time-to-consistent measure. The Hamming (1950) distance
between two scenarios z and z’ (same descriptor set) is the number of
descriptors in which they differ (hence dy; is integer-valued, and the
implementation may report it as a float):

dy(z,2) = Y 1z, # 2], (5)
J

For a scenario z and the active matrix, the distance to the nearest
attractor is the minimum of dy(z, z*) over all scenarios z* that are fixed-
point attractors or belong to a cycle attractor. When exact enumeration
of attractors is infeasible, the implementation reports the Hamming dis-
tance from z to the attractor reached by succession from z (rather than
the minimum over all attractors). The distance to the consistent set is
the minimum of dy(z, z¢) over all scenarios z¢ that satisfy Eq. (2). When
exact enumeration of consistent scenarios is infeasible (e.g. in this
application, 31° scenarios), the implementation reports the Hamming
distance from z to the first consistent scenario reached by succession
from z.

The time to the consistent set is the smallest number of succession
steps k > 0 such that the scenario reached after k steps is consistent.
If no such k exists within the iteration cap, the quantity is undefined.
The implementation reports this quantity as “time to equilibrium” in
the pathway diagnostics. The same diagnostics may label the Hamming
distance to the attractor reached by succession as “distance to equilib-
rium” (distinct from the distance to the consistent set). The cumulative
disequilibrium burden along a pathway is

B((z0)er) = ), max(0, —u(z(1)). (6)
teT

These metrics (margins, distances, time to consistent set, burden) are

computed per period from the realised scenario and the active matrix

and reported alongside the realised pathway.

The distance to the nearest attractor, tracked here as a period-by-
period diagnostic, is related to tipping-distance ideas in the complexity-
science literature. Campfens et al. (2025) apply related attractor-basin
reasoning in the energy transition context, using feedback loop analysis
with succession to identify intervention points from which cascades
towards desired attractors can be initiated.

3.3. Extremes

As outlined in Section 2, pathways can be run under different as-
sumed regimes. The extension is implemented as regime-aware dynam-
ics. The model admits multiple cross-impact matrices in this setting.
The user defines a set of named regimes, each associated with its own
CIM, so there are as many distinct CIMs as regimes.

A regime is a named structural mode. Each regime r has a base
matrix Mé;)se (or uses a shared fallback) and an optional ordered list of
modifiers. The active matrix M, for regime r is obtained by applying
those modifiers in sequence to the base matrix.

Mr:((pLo...O(pl)(M(r) ), L>1;

— -
e M, =M when L=0. (7)
Here o denotes functional composition, so that (¢ o¢,_;)(M) is the
matrix obtained by applying ¢,_; to M and then ¢, to the result,
with modifiers applied in order ¢;, then ¢,, ..., then ¢;. For each

period r € T, the model uses the active matrix of the current regime for
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impact scoring and succession, and all consistency and disequilibrium
measures for that period refer to M,. In the simplest configuration,
the run is assigned an initial regime r;, and the regime is held fixed for
the whole pathway, with r(r) = r( for all t € T, so the pathway answers
the question of what happens when the world follows that regime’s
influence structure.*

Defining extremes as regime-based storylines (alternative CIMs)
rather than as events or as diversity bounds under a single CIM sup-
ports comparison of robustness versus storyline-dependence and makes
stress-testing under adverse influence structures a distinct, interpretable
run type in principle. As Ross and Ross (2026) note, in much existing
CIB work that refers to extremes, the term denotes either extreme
events (such as droughts, floods, or other rare high-impact occurrences)
or the maximally diverse scenarios that bound the scenario space under
one matrix. Regime-based extremes as a run type are not modelled
in that way. The approach taken here is therefore clearly distinct
from that literature. In the general formalism, regime (fixed CIM),
structural shocks, and uncertain-CIM sampling are separate optional
layers (Sections 3.4 and 3.5).

3.4. Unexpected outcomes

The influence table can be treated as uncertain (Section 2), so
that many plausible matrices are tried across runs and the full range
of pathway endpoints, including rare or surprising ones, is visible.
Unexpected outcomes are pathway endpoints or trajectories that arise
when the matrix is sampled from an uncertain specification (Walker
et al., 2003; Kwakkel and Pruyt, 2013).

Structural uncertainty is implemented by sampling the CIM and
running pathways, in contrast to approaches that resolve expert in-
consistency via optimisation to a single consistent distribution (Salo
et al., 2022; Roponen and Salo, 2024).> When the matrix supports sam-
pling (e.g. from judgement distributions with an explicit uncertainty or
confidence encoding), each matrix cell is drawn independently from a
distribution around a point estimate.

A cell is indexed by the source descriptor, source state, target
descriptor, and target state. The point estimate for that cell is ¢, and
the scale parameter for its confidence code ¢ (e.g. derived from expert
confidence or from a prior) is ¢(c). An optional multiplicative scale A,
which may depend on run or period (e.g. A(t)), scales the spread of
that distribution. In the implementation used here, the period schedule
is linear in the period index, A(t;) = 1 +i for i = 0,..., N — 1 (periods
indexed from zero). The sampled value for the cell is then

¢ =clip(N(Z, (6(c) * ), Cmins Cmax)» (8)

where N'(¢, (6(c) - 1)%) denotes the normal distribution with mean ¢ and
variance (o(c) - 4)> (standard deviation o(c) - 4), and clip(-, ¢pin» Cmax)
denotes clipping to the admissible CIM score range [cyi,, ¢ax] (When
the score range is unbounded, clipping may be omitted). The full
sampled matrix C is built by drawing every cell in this way (with a
specified random seed or stream for reproducibility). A fresh matrix can
be drawn once per run (so the whole pathway uses one sampled CIM)
or once per period (so the influence structure may change from period
to period). In the unexpected-outcomes run type, the latter is used, re-
sampling each period with period-specific A(r). With the implemented
schedule A(#;) = 1 + i, uncertainty widens over time.

4 Alternatively, a regime transition rule can be supplied. At each period the
rule may depend on the current scenario and path history to select r(r), so the
pathway may switch between regimes and hence between CIMs over time. The
implementation records the active regime and matrix provenance per period
so that results can be attributed to the chosen regime.

5 In those approaches, a “consistent distribution” is a single joint probabil-
ity distribution over all scenarios that satisfies the elicited constraints. Here,
uncertainty is represented by sampling many CIMs and running pathways, with
no single joint distribution over scenarios.
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Different runs therefore realise different influence structures. Com-
bined with succession and optional regime or shock mechanisms, this
produces an ensemble of pathways whose distribution may include
states that would be rare under the central matrix. Here the source
of tail risk is uncertainty in the influence structure (Section 2), so
the ensemble can expose grey- and black-swan-type outcomes (Lin
and Emanuel, 2016; Taleb, 2007). Reporting is at pathway level. The
analyst inspects the distribution of endpoint states or of full trajectories
across runs to quantify the share of runs that realise each outcome.
Structural and dynamic shocks (additive perturbations to the matrix
and to impact scores during succession) can be combined with sampled
matrices for stress-testing.

3.5. Exogenous stochastic shocks

This analysis uses two kinds of exogenous stochastic shocks that
are implemented and outlined in Ross and Ross (2026). Structural
shocks are random perturbations applied to the cross-impact matrix.
The influence table is additively (or otherwise) disturbed, then used
for scoring and succession in that period or run. Structural shocks
thus represent unexpected changes to the system’s influence structure.
Dynamic shocks, by contrast, perturb the balance for each descriptor
when computing the successor scenario (e.g. by a draw from an au-
toregressive process over periods), so that the step-by-step dynamics
are disturbed rather than the matrix itself.

The perturbation at each descriptor-state and period follows the
AR(1) process 1, = pn,_y + u, with u, ~ N'(©0,(1 — p*)7?), so that the
long-run standard deviation is 7. Both shock types serve to stress-test
pathways under random disturbances. In this analysis, structural and
dynamic shocks are used where appropriate alongside the three exten-
sions described in the preceding subsections, and the extensions add
complementary diagnostics and scenario dimensions that the shocks do
not themselves provide.

4. Simulation scenarios

The general method (Section 3) is independent of the choices below
and would apply to any cross-impact matrix. The illustrative example
here focuses on socio-technical decarbonisation pathways and uses data
sourced from Ross and Ross (2026). Germany’s socio-technical energy
transition to net zero by 2050 is the subject of that storyline. The
15 descriptors comprise policy stringency, EU policy alignment, re-
newables deployment, grid development, permitting pace, technology
costs, investment availability, fossil fuel prices, energy security, public
acceptance, land-use availability, electrification pace, hydrogen’s role,
and demand-side factors, with Decarbonisation Outcome as the timeline
descriptor. The baseline pathway is initialised in 2025 at a state of
medium policy ambition and a lagging grid. That is, the starting con-
figuration reflects moderate policy commitment and underdeveloped
grid infrastructure. Thereafter, a period of demand adjustment and
fossil-price pressure is traversed, whilst the decarbonisation outcome
remains at a medium level. A net-zero-aligned state is subsequently
reached, supported by strong renewables deployment and expanded
grid capacity. The consolidation phase is characterised by declining
technology costs, strong policy stringency, and ample investment. The
pathway concludes in 2050 at a net-zero-aligned endpoint with some
residual grid and public acceptance constraints. The full and detailed
pathway storyline, of which the foregoing is a condensed qualitative
account, is provided in Ross and Ross (2026).

The technical simulation specification adopted in this paper is de-
scribed next. Impact scores are defined on a bounded scale and, in this
application, that scale is the interval [-3,+3] (as per the underlying
data). Any sampled or perturbed cell value is clipped to this range.
The uncertain-CIM variant uses confidence-coded expert judgements
(Ross and Ross, 2026). Each cell has a point estimate ¢ and a con-
fidence code ¢ that maps to a standard-deviation scale o(c), so that
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Fig. 1. Structural view of the cross-impact matrix under four contrasts (same layout and node-size scale, out-strength from the base CIM; edges in the upper
quartile by weight, i.e. at or above the 75th percentile, are shown). a, Structural-shock illustration: mean absolute confidence-calibrated structural shock per
directed edge (over state pairs), one draw; edge width and darkness show magnitude. b, Extremes: absolute impact difference between constrained-transition
and smooth-transition regimes, |constrained-transition — smooth-transition|. ¢, Regime spread: range of mean-absolute impact across smooth-transition, turbulent-
transition, and constrained-transition CIMs. d, Unexpected: standard deviation of impact strength across samples from the uncertain matrix (same edge width and

darkness convention as a).

the sampled value for the cell is drawn from N'(Z, (6(c) - 4)?) and then
clipped to [-3,+3]. Three regimes are used in the extremes run type,
referred to throughout as the smooth-transition, turbulent-transition,
and constrained-transition regimes. The smooth-transition regime uses
the unmodified nominal CIM paired with the lowest structural shock
scaling. The turbulent-transition regime uses a pro-transition amplified
CIM with an intermediate shock scaling. The constrained-transition
regime uses a constraint-scaled CIM with the highest shock scaling, so
convergence is slowest under this regime. Each regime is paired with a
regime-specific structural shock scaling « (see Appendix A).°

The simulation runs four workflows. The full set of parameter and
run-type choices, including the data source, time grid, initial scenario,
run count, partial convergence and succession settings, structural and
dynamic shock parameters, regime definitions, and the unexpected-
outcome threshold, together with notation and assumed values, are
given in Appendix A and in the Supplementary Material (S1). Specifi-
cally, Table S1 defines the notation used in the main text and in Ap-
pendix A and, where applicable, gives the simulation assumed values.

5. Results

Outcomes from four run types are reported in this section, each cor-
responding to a distinct combination of assumptions and disturbances.
A selection of the results is presented in two figures. Fig. 1 provides
a structural view of the cross-impact matrix. All descriptors and their
pairwise influences are shown in a single layout, with four panels, each
showing a different contrast derived from perturbations of the cross-
impact matrix. The descriptors are not standalone, in that they interact
through the cross-impact matrix, so that the state of each descriptor
influences the impact balance of others, and succession updates the
scenario step by step. The system is therefore changing over time
along each pathway. Fig. 2 focuses on a single descriptor, the timeline
descriptor (Decarbonisation Outcome), and shows how the ensemble
share of each of its three states evolves over time across pathway runs.
In each panel, one line is plotted per run family (with three lines for the
extremes), so that pathway outcomes under the different assumptions
can be compared across the time horizon.”

¢ In the empirical pathways reported here, the regimes each use a fixed
regime-specific CIM and a fixed regime-specific structural shock scaling «
(Table S1 in the Supplementary Material). Differences among those three
ensemble lines therefore jointly reflect storyline-style changes to the matrix
and changes in shock intensity, and should be read with that design in view.

Outcomes differ between run types because each combines a differ-
ent set of mechanisms. These concern whether the influence structure
is sampled as uncertain, held to a fixed regime-specific backbone, or
held to a single nominal backbone subject to structural and dynamic
shocks, together with which shock types and amplification rules are
applied. Each of the four run types can be put in the form of a simple
question (e.g. “What if one year is stressed much more strongly than the
others?” versus ‘“What if alternative joint regime-and-shock specifica-
tions are contrasted, for example a smoother transition against stronger
headwinds?” versus “What if the strength with which factors affect
one another is only partly known?” versus “What if a single nominal
influence picture is assumed, whilst structural and dynamic shocks keep
perturbing pathways?”). In order, these questions map to the run types
named in the legend of Fig. 2, namely Disequilibrium, Extremes, Unex-
pected, and Exogenous. This yields outcome distributions that are inter-
pretable, in that differences between run types can be qualitatively at-
tributed to the combination of mechanisms in play, and both the extent
of outcome variation and the scenario logic that produced it are visible.

Fig. 1 shows where variation arises in the influence structure.
In this visualisation, each descriptor is a coloured node and each
directed cross-impact is an edge, where edge width and darkness
encode the quantity described for each panel, and only edges in the
upper quartile by weight are shown. Node size encodes out-strength
from the base CIM (the sum of absolute impact strengths on outgoing
edges from each descriptor). Panel (a) shows edges most affected by a
calibrated structural-shock draw (an illustration that matches the dise-
quilibrium run type in structure but not in parameter values). Panel (b)
shows where the constrained-transition regime differs from the smooth-
transition regime. Panel (c) shows where regime spread is largest across
the three regime specifications (smooth-transition, turbulent-transition,
and constrained-transition). Panel (d) shows where impact strengths
are most sensitive to CIM sampling under uncertainty.

Fig. 2 compares pathway outcomes across run types. The three
panels give the ensemble share of each state of the timeline descriptor

7 The Extremes (Smooth transition, Turbulent transition, and Constrained
transition) legend labels identify the three extremes regimes by their influence
structure and shock intensity. The three states of the Decarbonisation Outcome
descriptor, High emissions, Medium emissions, and Net-zero aligned, are the
outcomes tracked on the vertical axis of Fig. 2. The two sets of terms are
distinct.
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Fig. 2. Pathway ensemble shares for the timeline descriptor (Decarbonisation Outcome): one state per panel (a—c), all run types overlaid. a, High emissions;
b, Medium emissions; ¢, Net-zero aligned. Lines: Disequilibrium (nominal backbone CIM, structural shocks, amplified event period); Extremes (three extremes
regimes: fixed regime-specific CIM paired with regime-specific scaling «; no sampling, no switching); Unexpected (uncertain CIM, per-period re-sampling with
A(t), dynamic and structural shocks); Exogenous (nominal backbone CIM, structural and dynamic shocks; no regime or sampling uncertainty). Lines are ensemble
proportions; shaded bands are derived from 99% Wilson score intervals at each period (n = 500 runs per type), with a fixed half-width of 0.08 applied for visual

legibility, drawn as nested layers.

(Decarbonisation Outcome) over time for each run type, with 99% Wil-
son score intervals (confidence intervals for binomial proportions that
remain well-behaved near zero or one) over 500 runs. Stress-testing is
reflected in the disequilibrium and exogenous ensembles. The former
includes one amplified event period (2030), so the transient response
to a stronger perturbation is visible. The latter shows structural and
dynamic shocks about a nominal backbone CIM without uncertain-CIM
sampling or regime change.

The sharp 2030 increase in Net-zero aligned ensemble share visible
across all run types reflects a common baseline dynamic. All share the
same initial condition (middle ordinal state per descriptor), the same
period grid and succession settings, and are anchored in a baseline
CIM whose attractor structure is pro-transition (Appendix A). It follows
that early-period movement is broadly aligned, whereas the workflow-
specific mechanisms (event amplification, regime-specific CIM and a,
uncertain-CIM sampling, and dynamic shocks) primarily determine the
extent of spread, persistence, and tail outcomes thereafter. The same
shared pull also helps explain why High emissions remains near zero in
most workflows. Under the common initialisation and succession setup,
trajectories are directed towards the dominant pro-transition basin. In
this calibration, non-zero High-emissions mass is concentrated in the
unexpected-outcomes workflow as a small late tail, whilst the others
remain at or near zero.

The three extremes ensembles correspond to the smooth-transition,
turbulent-transition, and constrained-transition regimes, as defined in
Section 4. Each ensemble combines a regime-specific CIM with regime-
specific structural scaling a. The CIMs are the unmodified nominal
matrix, a pro-transition amplified copy, and a constraint-scaled copy.
These ensembles do not isolate storyline effects alone. Divergence
among the lines reflects joint change in influence structure and shock
intensity. Where the three lines diverge, outcomes are sensitive to that
joint extremes specification. Close alignment, by contrast, indicates that
outcomes do not vary materially across those three regimes. The three
ensembles do not correspond to a design in which structural scaling «
is held fixed whilst only the storyline matrix changes.

The unexpected-outcomes scenario (uncertain CIM, re-sampled per
period with period-widening A(f), plus dynamic and structural shocks)
yields a distribution of final states across the ensemble. In the final
simulation period, 2.8% of pathways end in High emissions, which is
the only final state classified as unexpected in this ensemble (empirical
final-state share below 0.15 and strictly positive). Here “unexpected”
means rare in this Monte Carlo ensemble under that threshold, not
an externally validated tail probability under the central matrix. That
share is non-negligible and supports discussion of tail risk and of

endpoints that a single point-estimate matrix would underrepresent
once sampling and shocks are active.

The three-way distinction (robust across the three extremes regimes
vs. sensitive to that joint specification vs. uncertainty-driven) can thus
be read from the figure and from the unexpected-outcomes classifica-
tion, bearing in mind that sensitivity to the joint extremes specification
mixes CIM variant and structural scaling «. Under partial convergence,
the disequilibrium run exhibits transient disequilibrium in 43% of
period outcomes (initial period included), with a mean cumulative dise-
quilibrium burden of 16.5. The cumulative disequilibrium burden is the
sum over periods of the negative consistency margin when inconsistent
(Eq. (6)), so this value indicates cumulative stress along pathways and
confirms that the within-period cap prevents full convergence in many
periods.

The four run types represent distinct transition scenarios, each
reflecting a different underlying system, which can be qualitatively
described as follows. In the disequilibrium scenario, an amplified crisis
hits in 2030, throwing multiple factors out of alignment simultane-
ously, with elevated technology costs, slower permitting, and mount-
ing land-use pressures the main sources of friction, before the tran-
sition recovers and reaches net zero in subsequent periods. In the
smooth-transition world, policy commitment delivers grid expansion
and renewables deployment, technology costs fall steadily, and land-
use conflict remains the principal unresolved tension by 2050. In
the turbulent-transition world, the drive towards decarbonisation is
stronger than in the smooth-transition world, but greater system turbu-
lence partially offsets this advantage, leaving the transition fractionally
less advanced by 2050, particularly in how large a part hydrogen
comes to play. In the constrained-transition world, the forces work-
ing against the transition are strengthened, with grid limitations and
investment shortfalls bearing more heavily on outcomes, policy direc-
tion present but unable to deliver at the pace required, and one in
four pathways remaining in medium-emissions states by 2050. The
unexpected-outcomes scenario describes a world in which how strongly
each aspect influences the others is itself uncertain and grows over
time, generating a small but noticeable share of high-emissions path-
ways that a more certain assessment would not reveal. In the exogenous
scenario, the transition faces shocks of various kinds throughout the
period rather than in a single acute event, and nearly all pathways
nonetheless reach net zero.

The same initial scenario, time grid, run count, baseline structural
ogruct> and convergence settings are held constant across run types,
whilst selected shock settings are run-type-specific by design, so that
differences in the plotted outcome distributions reflect the run type



A.G. Ross

(mechanism) under a controlled setup. The distinction drawn in the
results between the four run types is qualitative. The numerical dif-
ference between two run types, however, is not interpretable as the
quantitative effect of a single factor. Each run type differs in several
respects at once, so the difference is a compound of all of them. In
particular, the three extremes lines differ in both CIM and « simultane-
ously. Furthermore, many parameter choices (e.g. structural « values,
event period and multiplier, dynamic shock parameters, unexpected
threshold, storyline scaling factors for the transitions and regime CIMs)
are conventional or illustrative. Results and any comparison across run
types are conditional on those choices and are not asserted to be robust
to re-parameterisation. Full specification and brief notes on parameter
sources and sensitivity are given in Appendix A.

6. Discussion and conclusions

This paper has introduced three extensions new to CIB pathway
analysis, namely formalising disequilibrium along pathways, compar-
ing pathways across regimes represented by alternative cross-impact
matrices (the extremes illustration uses a joint regime-and-shock setup),
and surfacing rare endpoints by sampling from an uncertain matrix
specification. These are organised together with exogenous shocks into
four run types in one framework. The types line up with different
notions of tail or rare outcomes in the sense discussed in the results.
Used together, they make both the spread of outcomes and the storyline
behind each run easier to discuss, but they do not by themselves deliver
a quantitative attribution of differences to a single lever. Unknown
unknowns are addressed here only within the current descriptor set and
influence structure, so that endpoints that a central matrix may under-
weight can still be examined. Exploring missing factors or relations (e.g.
omitted descriptors or interactions) is outside the scope of this paper.®

This combination is not available in one place in the existing sce-
nario and CIB pathway literature. It comprises four run types in a single
framework, pathway-level disequilibrium diagnostics, and sampling
from an uncertain matrix to expose rare trajectories or endpoints, plus
the three-way reading of tails used in the illustration (robust across
the joint extremes specification, sensitive to it, or driven by structural
uncertainty). The implementation can be applied and extended to other
cross-impact matrices and CIB applications.

For analysts, the main benefit is transparency of design. Instead of
one band that mixes shocks, competing storylines, and doubt about
how factors interact, the types differ in the mechanisms included in
each run, making those distinctions explicit in interpretation. Stress-
testing is explicit. Comparison across the three extremes lines and the
unexpected-outcomes classification supports discussion of robustness
and of tails without relying on a single central run. The disequilibrium
and exogenous run types show response to an amplified period and
to ongoing shocks. Where partial convergence applies, pathway-level
diagnostics such as cumulative disequilibrium burden and the fraction
of periods inconsistent summarise transient stress alongside ensemble
outcomes. In the illustration, regime matrices and structural scaling
move together. Separating storyline from shock intensity would mean
holding one fixed whilst varying the other in a further design.

Much of the methodological literature on dynamic CIB has avoided
an explicit acknowledgement of a structural tension, namely that dy-
namics are layered onto a representation whose natural unit is a

8 That dimension could be pursued by eliciting or discovering additional
descriptors (e.g. via horizon scanning, stakeholder workshops, or scenario
discovery on quantitative models), by testing alternative or sparse influence
structures to see which relations materially change pathway outcomes, or by
extending uncertain-CIM sampling so that candidate descriptors or links are
included in some runs and excluded in others. Such extensions are left for
future work. Nevertheless, given the contribution of Ross and Ross (2026),
the cost of generating additional expert-elicited data has decreased, making
such potential extensions feasible.
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self-consistent scenario on a small, workshop-sized factor list. In that
sense, dynamic CIB can force trajectory-like behaviour onto a scaf-
fold that was never intended to encode a complete state space or
governing equations for the real system. Adding uncertainty aspects,
shocks, or regimes does not remove that constraint. Nor does the period
grid resolve the temporal dimension (a gap common to all dynamic
CIB approaches). Outputs are therefore best read as coherence and
propagation of expert-structured judgements over those coordinates.

In complexity-science terms, the attractors identified by CIB are
structural coherence conditions rather than emergent properties. That
is, they are descriptor combinations that are mutually reinforcing under
the expert-elicited interaction structure and logically entailed by the
cross-impact matrix. Strong emergence, where system-level properties
are not reducible to the lower-level interactions that produced them
Anderson (1972) and Chalmers (2006), is outside what the framework
claims to model. The attractor and basin-of-attraction analysis devel-
oped here draws on dynamical systems concepts. The disequilibrium
metrics track a pathway’s distance from the nearest attractor at each
step, a quantity that maps to tipping-distance ideas from that liter-
ature (Section 3.2). A formal step in this direction is taken in Ross
et al. (2026), which applies Green-Kubo Linear Response Theory to the
CIB drift matrix as a framework for deriving macroscopic properties
from microscopic dynamics. Fuller integration with complexity science
would require an adaptive matrix whose interaction strengths update
as the pathway evolves. That extension is not pursued here. Developing
it would be a substantive step towards complexity-science integration
of CIB. The complexity-science vocabulary used here (attractors, basins
of attraction, tipping distances) is accordingly best read as diagnostic
language for characterising pathway outputs on the elicited scaffold,
not as a claim that CIB models emergent system dynamics. The attractor
structure is a property of the cross-impact matrix, not of the underlying
socio-technical system.

Subject to that reading, the disequilibrium diagnostics and run-type
contrasts described in Sections 3.2 and 5 are the appropriate objects
for reporting. They support transparent discussion of mechanism and
tails on the elicited scaffold, and they ground claims about transient
stress in the formal state space and update rules rather than in a
complete dynamical-systems representation. They do not substitute for
expanding the descriptor set or for model linkage where important
mechanisms are absent from the formal coordinates.
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Appendix A

This appendix specifies the parameter and run-type choices used in
the simulation. Notation follows Section 3, with symbols and assumed
values given in Table S1 in the Supplementary Material. As in Section 4,
the admissible CIM score range [¢yin. ¢max] (the clip interval in Eq. (8))
is [-3,+3], and sampled or perturbed cell values are clipped to this
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Table A.1

Simulation run types and main options.
Option Disequilibrium Extremes Unexpected Exogenous
CIM sampling No No Yes® No
Regimes No Yes® No No
Structural shocks Yes® Yes¢ Yes® Yes*
Dynamic shocks No No Yes Yes
Partial convergence Yes Yes Yes Yes

2 One uncertain specification per run, with the active CIM re-sampled each period
using A(7).

b Three extremes ensembles, no regime switching, each pairing a regime-specific CIM
with regime-specific structural scaling.

¢ Structural shocks use multiplicative-magnitude scaling with baseline « = 0.3 (with
one amplified event period in the disequilibrium run type).

4 For Extremes, structural scaling is regime-specific.

range. The exact values and code are available from the repository
referenced in the Data statement. Where a value is derived from the
CIM data (e.g. o, from confidence codes) or from the CIM structure
(e.g. K. initial scenario), this is noted in the relevant paragraph that
follows, whilst other numerical choices are conventional or illustrative.
The caveat in the Results (Section 5) applies. Results and comparisons
are conditional on these choices and are not asserted to be robust to
re-parameterisation.

Table A.1 summarises the four run types (CIM sampling, regimes,
structural and dynamic shocks, and partial convergence). The rows
should be read alongside the parameter descriptions in this appendix
and with Table S1 (in the Supplementary Material) for symbols and
numerical values.

The illustrative empirical application uses CIM data from Ross and
Ross (2026). The matrix C (Section 3.1, Eq. (1)) has 15 descriptors
with three ordered states per descriptor, covering policy, technology,
infrastructure, and demand-side dimensions, and score and confidence
columns (point estimate ¢ and confidence code ¢ mapping to scale o(c)
in Eq. (8)) are used. The baseline structural shock strength o, (the
standard-deviation scale of the random perturbation applied to the CIM
in structural shocks, Section 3.5) is derived from the CIM confidence
codes using the median of the confidence-derived standard deviations.
The timeline descriptor used for the ensemble share of each of its states
over time across pathway runs and for defining unexpected final states
of the pathway (z(?)),cr (i.e. the descriptor whose state at the last pe-
riod is used for unexpected-outcome classification) is Decarbonisation
Outcome. Each cell supplies an impact score on the scale [-3, +3] and
a confidence code mapping to a scale o(c), so that both the baseline
structural shock strength and the uncertain-CIM sampling (Eq. (8))
reflect the experts’ stated uncertainty.

Pathways are defined over a discrete set of periods and require a
starting scenario. The time grid T (Section 3.1) consists of six periods
ty,...,ty at five-year intervals (2025, 2030, 2035, 2040, 2045, 2050).
The initial scenario (the starting scenario for the pathway (z(1))er»
i.e. the scenario from which succession is applied in the first period)
is defined as the middle ordinal state of each descriptor under the
predefined descriptor-state ordering used in the implementation (Ross
and Ross, 2026).

So that transient disequilibrium and path diversity can be observed
along pathways, within-period succession is capped rather than run to
full convergence (Section 3.1). The within-period iteration cap K,
(the maximum number of succession steps per period before the period
outcome is taken as z(Kmax)) is set to max(1, [y /2]), where | x| denotes
the floor of x (greatest integer not exceeding x). When equilibrium
relaxation is applied, a separate iteration limit of 1000 steps is used
(relaxation towards a scenario satisfying Eq. (2)). Local succession is
applied, updating one descriptor per step within each period (the most
inconsistent, i.e. the one with the largest gap between its current and
maximum impact score).
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Given this structure, under attractor analysis, the baseline CIM ex-
hibits a single dominant fixed-point attractor (the pro-transition state,
Net-zero aligned with Strong grid and High investment) with a large
basin share (the fraction of scenarios in that attractor’s basin of at-
traction, i.e. that converge to that attractor under succession). Under
full within-period convergence, most periods would therefore end at
that scenario and pathway diversity would be limited. The within-
period cap therefore ensures that many periods stop before reaching
an attractor.

Structural shocks (Section 3.5, random perturbations applied to
the CIM) use multiplicative-magnitude scaling. The perturbation is
scaled by a factor a. Under this mode, the effective shock magnitude
is the draw multiplied by 1 + «|¢|/c., Where ¢ is the cell point
estimate and c,,,,, = 3 normalises to the CIM score range. The baseline
structural scaling a (the multiplier applied to the shock magnitude,
Table S1) is 0.3 for the disequilibrium, unexpected-outcomes, and
exogenous-shocks run types. One designated period 7 (2030) is given
an amplified structural o, (the scale of the random perturbation,
multiplier 4.5 on o, ) so that a transient event is visible in the dise-
quilibrium ensemble. For the extremes run type, the structural scaling
a takes the values 0.20 (smooth-transition regime), 0.50 (turbulent-
transition regime), and 0.60 (constrained-transition regime), chosen so
that the three regime ensembles differ clearly in pathway spread. No
descriptor-specific or state-specific scaling is applied.

Dynamic shocks (Section 3.5, random perturbations applied to the
impact scores 6;,(z) during succession) are used in the unexpected-
outcomes and exogenous-shocks run types. They are applied and dis-
cussed in Ross and Ross (2026). In this calibration, dynamic-shock
settings are run-type-specific, with = = 0.36 and p = 0.65 for unexpected
outcomes, and 7z = 0.50 and p = 0.20 for exogenous shocks (Table S1).
The innovation distribution is normal.

In the unexpected-outcomes run type (Section 3.4), one uncertain
matrix (specification) is used per run. The active CIM is re-sampled
each period from that specification with multiplicative scale A(¢), using
the implemented linear schedule A(f;) = 1 + i (equivalently: base 1.0
and additive increment 1.0 per period), so that uncertainty widens
over time. Each cell is drawn as in Eq. (8). An outcome is classified as
unexpected when the empirical share of pathways ending in that final
state (of the timeline descriptor) is below 0.15 and strictly positive (the
final-state share threshold in Table S1), a conventional cut-off for “rare”
in this application). A near-miss threshold ¢ = 0.25, a conventional
cut-off for reporting outcomes just above that range, is used where
applicable.

For the extremes run type (Section 3.3), three regimes r define three
separate pathway ensembles (Table S1). There is no regime switching,
and each run stays in one regime for the whole pathway, so r(t) = r,
for all 7 € T. In this empirical illustration, the extremes runs use fixed
regime-specific CIMs (no sampling) together with regime-specific struc-
tural shock scaling, which is consistent with common storyline-style
implementations in the existing scenario literature. This configura-
tion is illustrative rather than exhaustive. The technical framework,
however, treats regime choice, structural-shock scaling, and uncertain-
CIM sampling as separable optional layers, so implementations can
instead hold one layer fixed whilst varying another (e.g. fixed scaling
across regimes, fixed regime CIM across scaling levels), or allow regime
switching over time. This layer-separable implementation extends com-
mon storyline-style implementations in the current literature, even
though the specific empirical configuration shown here is intentionally
consistent with them.

In the present setup, each regime’s matrix is supplied as a fixed
M]g;)se with no further runtime composition of modifiers (L = 0 in
Eq. (7)). The turbulent-transition and constrained-transition matrices
are deterministic multiplicative scalings of the baseline cells (Table S1),
not new elicitations. The turbulent-transition matrix strengthens im-
pacts involving policy stringency, electrification pace, and renewables
deployment (as source or target). The constrained-transition matrix
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strengthens involvement of the Decarbonisation Outcome descriptor,
weakens impacts that target grid development and investment avail-
ability, and applies an additional down-weighting to impacts towards
selected pro-transition target states so that the constrained-transition
attractor can dominate for illustration. A separate robustness evaluation
in the implementation operates on the uncertain matrix specification
and is not the same object as these deterministic regime CIMs, and only
the pathway figures in the main text use this deterministic extremes
setup.

Parameters derived from the CIM or its structure include oy,
(median of confidence-derived scales from the CIM), the score range
[-3,43] and clip interval, the descriptor set and timeline descriptor,
and the initial scenario (middle ordinal state per descriptor under the
predefined ordering). The within-period cap K, = max(l, |nges./2])
is a design choice to allow transient disequilibrium, since larger K,
would allow more convergence and typically reduce pathway diversity.
The remaining numerical choices (e.g. baseline a, event period and
multiplier, run-type-specific = and p, A(r) growth, unexpected-outcome
threshold, run count) are conventional or illustrative.

No full sensitivity analysis is conducted. The focus of the paper
is on pathway mechanisms (disequilibrium, regime-based extremes,
uncertain influence structure, and exogenous disturbances) and on
illustrating how each can be implemented and read from ensemble
outputs, rather than on calibrating a single “best” parameter set or
on quantifying robustness of numerical magnitudes across the full
input space. Nevertheless, the qualitative implications of changes in
the main illustrative parameters are straightforward. A larger structural
a or a higher event multiplier would increase pathway spread and
transient stress, a higher final-state share threshold would classify more
states as unexpected, stronger A(r) growth would widen uncertainty
over the horizon, and different = or p would change the persistence
and magnitude of dynamic shocks. As noted in Section 5, results and
comparisons are conditional on these choices and are not asserted to
be robust to re-parameterisation.

A fuller treatment of parameters could nonetheless connect selected
numerical settings to evidence, when the analyst wishes to tighten
plausibility or to conform to a given stress-test protocol. This might
be done by using structured expert judgement for shock severity and
for cut-offs that operationalise “rare” outcomes, by adopting stress-
test templates from policy or risk practice, or by checking qualitative
consistency with stylised facts or with reference projections from other
models. None of this claims that the CIB pathway specification is
identified from a likelihood. Structural shock intensity, dynamic shock
persistence, and widening matrix uncertainty can trade off in producing
similar ensemble dispersion, so reporting ranges or scenario suites
can dominate the search for a single “best” parameter vector. Such
extensions are left for subsequent work. This paper focuses on the
mechanism taxonomy and on a transparent baseline specification.

A focused robustness protocol is recommended to accompany the il-
lustrative baseline. First, convergence-policy sensitivity could be
checked by re-running all run types under strict within-period con-
vergence (no partial cap) and comparing endpoint shares, cumulative
disequilibrium burden, and timeline trajectories against the capped set-
ting, where materially different outcomes indicate convergence-policy
dependence. Second, the unexpected-outcome classification could be
stress-tested by a threshold sweep (e.g. 0.05, 0.10, 0.15, 0.20) and by
Monte Carlo size checks (larger run counts) to ensure that rare-state
labels are not artefacts of sampling noise. Third, to improve attribution,
a factorial design could separate uncertainty channels by varying one
layer at a time (regime matrix, structural scaling «, uncertain-CIM
sampling, dynamic shocks). These checks do not replace the mechanism
taxonomy proposed here, but make its empirical interpretation more
robust and transparent.

Appendix B. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.techfore.2026.124893.
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Data availability

Code and data supporting the simulations and figures in this paper
are available at https://doi.org/10.5281/zenodo.19364824.
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